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Exploring the Relationship between Urbanization and
Eco-Environment Using Dynamic Coupling Coordination
Degree Model: Case Study of Beijing–Tianjin–Hebei Urban
Agglomeration, China
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lxyan@jlu.edu.cn (X.L.)
* Correspondence: yanjunzhang@jlu.edu.cn

Abstract: The continuous and rapid development of global urbanization has brought great pressure
to eco-environments. It is particularly serious in mega urban agglomerations, which determine the
development process of urbanization in the world and affect the international competitiveness of
countries. Taking the mega urban agglomerations with few research cases as the research area to ex-
plore the relationship between urbanization and eco-environment is vital to realize global sustainable
development and optimize the development direction and trend of world urbanization. It is of great
significance to assume the historical task of shifting the center of the world economy and the main
position of the “Belt and Road” construction for China, and enhance its international competitiveness,
as well as accelerate China’s high-quality development of new urbanization and the realization of
ecological civilization. Previous studies mostly used the static coupling coordination degree (SCCD)
model, which has limitations in describing complex interactions. This study used the dynamic
coupling coordination degree (DCCD) model to analyze relationships in Beijing–Tianjin–Hebei urban
agglomeration (BTH) from 2003 to 2019, which is one of China’s mega urban agglomerations. For
the first time, we explain the progressiveness of the DCCD model from the construction concept,
theoretically analyze the rising and falling laws of DCCD in break-in development stage, and pro-
pose the concepts of “benign transition” and “non-benign transition” when DCCD changes from
break-in development to utmost development. Results show that BTH’s urbanization increased in
fluctuation, with significant regional differences. The eco-environment was relatively good, but there
are potential risks. The DCCD showed an S-shaped curve. Break-in development was the main type
of DCCD. Moderate urbanization development and small degree of eco-environment sacrifice were
necessary for “benign transition”. After the “benign transition” is realized, the high-level symbiosis
of DCCD and the mutual promotion can be achieved through technical improvement. According to
the identification results of the main controlling factors, the DCCD can be regulated by subsystems.

Keywords: sustainable development; dynamic coupling coordination degree; mutual promotion
of urbanization and eco-environment; mega urban agglomerations; Beijing–Tianjin–Hebei
urban agglomeration

1. Introduction

The 2018 Revision of World Urbanization Prospects indicated that global population
could add another 2.5 billion people to urban areas by 2050 [1]. Of this, China will add
255 million urban dwellers [1], accounting for 10.2% of the global growth. The development
of global urbanization is advancing rapidly. The eco-environment is facing great pressure.
It is very acute in China, which is urbanizing rapidly. Especially, BTH is facing more serious
pressure on resources and eco-environment, as one of China’s mega urban agglomerations.
Balancing the relationship between urbanization and eco-environment will determine

Land 2024, 13, 850. https://doi.org/10.3390/land13060850 https://www.mdpi.com/journal/land1
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the world urbanization development process, affect the international competitiveness
of countries, and is vital to realizing the United Nations 2030 Agenda for Sustainable
Development. It is of great significance to assume the historical task of shifting the center
of gravity of the world economy and the main position of the “Belt and Road” construction
for China, and enhance its international competitiveness as well as accelerate China’s
high-quality development of new urbanization and the realization of ecological civilization.
However, there are three shortcomings in the existing research on urbanization and eco-
environment. (1) Insufficient attention has been paid to changes in the leading factors of
urbanization and eco-environment. The analysis of the internal driving factors of CCD is
not deep enough. (2) More studies use the SCCD model to quantify the relationship of
urbanization and eco-environment [2–5]. In fact, their relationship is an open, unbalanced,
dynamic fluctuation system with nonlinear interaction and self-organizing ability [6,7].
The interactions are extremely complex [8–10]. The SCCD model has some limitations
in describing this relationship. (3) There are few case studies on the interaction between
urbanization and eco-environment in mega urban agglomerations, and it is urgent to carry
out research to meet the needs of the world and the countries.

Research on the relationship between urbanization and eco-environment has emerged
since the 1990s. At present, a circular path of “empirical research–law summary–theory
construction–empirical research” has been established [2,11]. The subjects involved include
ecology, geography, management, economics, and environmental science. The research area
is mainly ecologically fragile, urbanized, and metropolitan, covering multiple scales includ-
ing world, national, provincial, urban, and regional [12]. And the research pays more atten-
tion to the coercion impact of urbanization on the eco-environment. The important achieve-
ments in theoretical research mainly include “Environmental Kuznets curve” [13–15],
“Ecological Footprint Theory” [16–19], and “Eco-environment Pressure-State-Response
model”. The empirical research includes the single-dimension research of eco-environment
protection and governance in the process of urbanization, the coupling and coordination
research of urbanization and eco-environment, the coupling law disclosure, the coordi-
nation relationship evaluation, the simulation analysis, and the prediction analysis. It is
generally accepted that there is an extremely complex interaction and stress relationship
between urbanization and eco-environment. The main performance is that urbanization
has a coercive or promoting effect on the eco-environment through population growth,
economic development, energy consumption, technological progress, urban management,
and construction land expansion. And the eco-environment has a restrictive or carrying
effect on urban development through resource carrying, environmental capacity, ecosystem
services, environmental equity, and policy intervention [8,20]. That is, the development
of urbanization is inevitably accompanied by the change of eco-environment, which is
comprehensive and phased [7,21]. In the early stage of urbanization development, the
comprehensive quality of eco-environment deteriorated, including the excessive consump-
tion and destruction of atmosphere, water, land, organisms, resources, and energy. It even
induced structural variation and functional loss of the entire ecosystem. In the middle
and later stages of urbanization development, the quality of eco-environment improved.
Meanwhile, the eco-environment, as the carrier and support of human activities, provides
the material basis for the development of urbanization. Its material quantity and carrying
capacity restrict the development of urbanization. The relationship between urbanization
and eco-environment has received extensive attention.

The coupling coordination degree (CCD) model is the mainstream method to study
the relationship between urbanization and eco-environment, accumulating many research
results. Wu et al. found that the urbanization development in line with the eco-environment
carrying capacity can avoid their mutual detriment, in their study on urbanization and
eco-environment CCD [22]. Tian et al. found that there is an inverted U-shaped curve of
CCD between urbanization and eco-environment [23]. Liu et al. found that urbanization
hindered the further improvement in CCD [24]. There are many studies that have reached
similar conclusions [14,25–27].
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From 1978 to 2019, China’s urbanization rate has increased from 17.92% to 60.60% [28],
and is expected to reach 76.0% by 2050 [29]. In the past few decades, China’s traditional
urbanization development has successfully solved the problem of “fast or not fast” [30].
However, the attention given to eco-environment was not enough, and a series of eco-
environment problems appeared, such as soil degradation and desertification [31,32], water
and energy shortage [33–35], climate warming [36–38], loss of biological habitat [39–41],
air pollution [42–44], and so on. In the new era, China’s urbanization development is
in the transition period from the rapid growth stage to the quality improvement stage
in the late stage, with the emphasis on high-quality development [30]. The high-quality
development of China’s urbanization will not only determine the future of China, but also
determine the development process of global urbanization. “Efficient, low-carbon, ecologi-
cal, environmental protection, conservation, innovation, wisdom and safety” is the specific
path to promote the high-quality development of new urbanization [30,45]. Accelerating
the construction of urban agglomerations and improving their development quality is an
important carrier for high-quality development of new urbanization [30,45,46]. The Central
Urbanization Work Conference, the Party’s “19th National Congress” report meeting and
so on have clear instructions on this. As a highly developed spatial integrated urban form,
urban agglomeration represents the advanced stage of industrialization and urbanization.
In China, the urbanization development in the past decades at the cost of eco-environment
has made it a high incidence area of ecological and environmental problems. Among them,
mega urban agglomerations are the representative. Their development presents unsustain-
able high-density agglomeration, high-speed expansion, high-intensity pollution, and high
risk of resource and environmental protection threats [45]. Mega urban agglomerations
are the strategic core area of national economic development and the main area of national
new-type urbanization. They bear the historical responsibility of carrying the shift of the
center of gravity of the world economy. As the hub for China to enter the world and
the gateway for the world to enter China, it is profoundly affecting China’s international
competitiveness and will determine the new pattern of world politics and economy in the
21st century. China’s mega urban agglomerations have low levels of development, low
levels of resource and environmental protection, low regional economic aggregate, heavy
environmental pollution, and prominent ecological problems, compared to the world’s
most developed megacities. It is not yet able to take up the historic task of shifting the
center of the world economy and building the main position of the “Belt and Road” [45].
There are few case studies on the interaction between urbanization and eco-environment in
mega urban agglomerations, and it is urgent to carry out research to meet the needs of the
world and the countries [45]. The BTH, the Yangtze River Delta urban agglomeration, and
the Pearl River Delta urban agglomeration are the three major mega urban agglomerations
in China. These regions have the most dynamic economy, the highest degree of openness,
the strongest innovation capacity, and the largest number of foreign population, and their
comprehensive development level is in an absolute advantage. Among them, the BTH is
facing more serious resource and eco-environment stress pressure. Focusing on the BTH,
in-depth analysis of the urbanization and eco-environment development and their CCD
status is of great significance to assume the historical task of shifting the center of gravity
of the world economy and the main position of the “Belt and Road” construction for China,
and enhance its international competitiveness, as well as accelerate China’s high-quality
development of new urbanization and the realization of ecological civilization.

This paper took BTH from 2003 to 2019 as the research area. Firstly, we constructed
the evaluation index system of urbanization and eco-environment. Secondly, we used the
DCCD model rather than the SCCD model to analyze their relationship. We analyzed the
spatial–temporal changes of urbanization, eco-environment, and DCCD. We paid attention
to the impact of subsystems on urbanization and eco-environment. We analyzed the char-
acteristics changes of DCCD emphatically. Combined with the analysis of urbanization,
eco-environment, and DCCD, we explored the possibility of realizing the benign interaction
of urbanization and eco-environment by adjusting the subsystems. This study has some
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features. (1) We further developed the DCCD model on urbanization and eco-environment.
(2) We analyzed the urbanization, eco-environment, and DCCD in depth from the subsys-
tems level. (3) We clarified the existing problems of BTH. (4) We identified the weaknesses
and strengths of the urbanization and eco-environment subsystems. (5) We made up for
the deficiencies of existing research. We provide reference for the sustainable development
of mega urban agglomerations and regional cities, and alleviate the contradiction between
urbanization and eco-environment.

This paper verifies the scientificity and advancement of the DCCD model in the study
of the relationship between urbanization and eco-environment from two dimensions of
construction concept and empirical case. It further promotes the application of the DCCD
model in the research field of the relationship between urbanization and eco-environment.
Based on the evaluation results of the DCCD model, two new theoretical concepts of the
relationship between urbanization and eco-environment are proposed: “benign transition”
and “non-benign transition”. Meanwhile, this paper deeply explores the relationship
between urbanization and eco-environment from the subsystems level. The key to realizing
the mutually promoting relationship between urbanization and eco-environment is found.
This study provides a more scientific and accurate research idea for the related research
on the relationship between urbanization and eco-environment. The research results have
important reference significance for the study of the relationship between urbanization and
eco-environment, and have important practical significance for the realization of benign
interaction between the two.

2. Methods

2.1. Study Area

BTH is located at the intersection of the longitudinal axis of the “coastal channel”
and the “Beijing–Harbin and Beijing–Guangzhou Channel” in China’s “two horizontal
and three vertical” urbanization strategy pattern. The geopolitical relationship between
BTH and the two major newly industrialized countries, Japan and South Korea, and
the strategic position of the core region of Northeast Asia formed there are very impor-
tant. BTH is an important part of China’s economic core region and the core region
leading China’s participation in global economic competition. Including Beijing, Tianjin,
Shijiazhuang, Tangshan, Qinhuangdao, Handan, Xingtai, Baoding, Zhangjiakou, Chengde,
Cangzhou, Langfang, and Hengshui, altogether there are 13 cities. The core areas are
Beijing and Tianjin. As the capital of China, Beijing is one of the most dynamic and open
regions in the world, as well as the political, cultural, international exchange, and tech-
nological innovation center of China. Tianjin is an international port city, an ecological
city, and a northern economic center. The total area of BTH is 217,156 km2. The terrain
is high in the northwest and low in the southeast, and the main landform types include
plateaus, mountains, and plains. The eco-environment in plateau, mountainous, and hilly
areas is relatively fragile, and the plain area is one of China’s important grain-producing
areas (Figure 1).

As one of the three major urban agglomerations leading the high-quality develop-
ment in China, BTH shoulders the dual mission of balanced north–south and coordinated
development within the region. Its historical development went through four stages [47].
(1) Since the Liao and Jin Dynasties, the Gyeonggi region with Beijing as the core developed
as a whole. (2) Since modern times, the Gyeonggi region with Tianjin as the economic
center of the north has developed as a whole. (3) After the founding of new China, the
industrialization and administrative economy formed a pattern of regional competition.
(4) Since 2014, BTH collaborative development has become a national strategy, opening
up a new situation of regional cooperation and development. At present, the driving
role of BTH in the hinterland of the north is limited, the development gap between the
north and the south continues to widen, and the degree of collaborative development of
BTH is still in the stage of further deepening. In terms of policy and system, from the
1980s to now, the cooperation policy of the three places of Beijing, Tianjin, and Hebei has
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gradually evolved into a formal system integration [48]. There are four stages. (1) The
preliminary stage of cooperation led by the informal cooperation agreement between the
governments of the three places (from 1980s to 2014). (2) The initial stage of coordinated
development with formal systems such as the top-level planning of central ministries as the
main, and local policies as the auxiliary (2014–2017). (3) In-depth coordinated development
stage of continuous improvement in supporting policies at the executive level (2017–2022).
(4) High-quality coordinated development phase of cross-regional cooperation supporting
policies for advantageous driving forces (2022 to present). Judging from the historical
development and institutional evolution of BTH, it is urgent for BTH to accelerate the
benign interaction between urbanization and eco-environment at present, and it is also a
key period of its development.

Figure 1. Spatial distribution map of study area.

2.2. Construction of Index System and Data Sources

Different disciplines have different definitions of urbanization, but it is generally
believed that the connotation of urbanization mainly includes population change, economic
development, spatial expansion, and social culture [21]. Therefore, this paper divided the
urbanization into population, economic, spatial, and social urbanization. The concept
of eco-environment varies greatly in different scenarios. This paper studies the urban
eco-environment; most of its problems are related to human activities. It mainly means
the summation of natural factors that affect human development and survival, including
water, land, gas, resources, energy, etc. This paper divided the eco-environment into
resources, environment load and ecological civilization construction. Then, combined with
the data availability, development status, and strategic positioning of BTH, we carried out
the principal component and independence analysis of the indicators in existing research.
We selected relatively independent indicators with rich connotation to form an indicator
system for urbanization and eco-environment and used the entropy weight method to
ascertain the index weight (Tables 1 and 2).
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Table 1. Evaluation index system and weight of urbanization.

System Subsystem Weight Indicators Unit Attribute Weight

Urbanization

Population urbanization 0.2276

Natural population growth rate ‰ + 0.3669

Proportion of employees in the
secondary industry % + 0.3056

Proportion of employees in the
tertiary industry % + 0.3276

Economic urbanization 0.2755

Per capita GDP CNY + 0.2294

Proportion of the secondary
industry output in GDP % + 0.2106

Proportion of the tertiary
industry output in GDP % + 0.2631

Consumer price index (CPI) % + 0.2969

Social urbanization 0.2886

Per capita total retail sales of
consumer goods CNY + 0.2365

Disposable income of urban
residents Per capita CNY + 0.2511

Buses per 10,000 people number Vehicle + 0.2553

Practicing (assistant) doctors per
10,000 number Person + 0.257

Spatial urbanization 0.2083

Built-up area per capita m2 + 0.3341

Road area per capita m2 + 0.3435

City population density Person/km2 − 0.3224

Table 2. Evaluation index system and weight of eco-environment.

System Subsystem Weight Indicators Unit Attribute Weight

Eco-environment

Resources 0.3114

Coverage rate of green space in
built-up area % + 0.363

Per capita total grain output kg + 0.3441

Park green area per capita m2 + 0.2929

Environment load 0.4074

Industrial wastewater discharge
per capita t − 0.3298

Industrial sulfur dioxide
emissions per capita t − 0.3391

Household electricity
consumption per capita KW·h − 0.3312

Ecological civilization
construction

0.2812

Wastewater treatment rate % + 0.2619

Comprehensive utilization rate
of general industrial solid waste % + 0.2883

Artificial afforestation area ha + 0.4497

The research data come from China Urban Construction Statistical Yearbook, China
Cities Statistical Yearbook, China Price Statistics Yearbook, China Forestry Statistical Year-
book, China Statistical Yearbook and, China Regional Economic Statistics Yearbook, China
Environment Statistical Yearbook, China Population and Employment Statistics Yearbook,
and statistical bulletins of economic and social development of each city.
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2.3. Construction of DCCD Model

Urbanization and eco-environment systems change as a nonlinear process [7,48,49].
Combined with Lyapunov’s first approximation theorem, to ensure the stability of nonlinear
system development, the general function of the urbanization and eco-environment system
change process can be approximately expressed as Equations (1) and (2) [48].

f (U) = ∑n
i=1aixi, i = 1, 2, 3 · · · , n (1)

f (E) = ∑n
j=1ajxj, j = 1, 2, 3 · · · , n (2)

The relationship of urbanization and eco-environment is a complex interactive force.
It is a complex system composed of the urbanization system f (U) and the eco-environment
system f (E). Combined with the general system theory [50], the evolution equations of
this system can be described as (3) and (4):

A =
d f (E)

dt
= α1 f (E)+α2 f (U), VA =

dA
dt

(3)

B =
d f (U)

dt
= β1 f (E)+β2 f (U), VB =

dB
dt

(4)

In Equations (3) and (4), U and E are the urbanization and eco-environment level.
Table 3 shows the classification criteria of U and E. A and B are the evolution states
of urbanization and eco-environment. α1 and α2 are the influence coefficients of eco-
environment and urbanization on the evolution state of the urbanization system. β1 and β2
are the influence coefficients of eco-environment and urbanization on the evolution state of
the eco-environment system. VA and VB are the evolution speed of the two. The evolution
speed of the composite system is the function of VA and VB, so V = f (VA, VB). Therefore,
taking VA and VB as control variables, the DCCD is explored by analyzing the changes
of V.

Table 3. Classification standard of urbanization and eco-environment.

Value 0–0.5 0.5–0.6 0.6–0.7 >0.7

U/E type Weak Genera Developing Developed

The evolution of the composite system conforms to the S-type development
mechanism [49]. The dynamic coupling coordination relationship between urbanization
and eco-environment changes periodically, and the change of V is caused by VA and VB.
The evolution trajectories of VA and VB can be projected on a two-dimensional plane
(VA, VB) for analysis (Figure 2). The ellipse is the evolution trajectory of V, and the angle θ

between VA and VB can be expressed as Equation (5).

θ = arctg
(

VA
VB

)
(5)

θ is the DCCD. According to the θ, we divide the evolution state and DCCD of the
composite system into four types: low-level symbiosis; break-in development; utmost
development; and high-level symbiosis.

(1) Low-level symbiosis: −90◦ < θ ≤ 0◦. The urbanization development is slow. The
eco-environment does not restrict the urbanization. The urbanization influence on
eco-environment is marginal.

(2) Break-in development: 0◦ < θ ≤ 90◦. Along with the urbanization development rate
increase, the stress on the eco-environment begins to appear. The eco-environment in-
creasingly restricts the urbanization. The contradiction between the two has appeared,
but it is not serious.
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(3) Utmost development: 90◦ < θ ≤ 180◦. Rapid urbanization has resulted in huge
consumption of resources and eco-environment deterioration. The eco-environment
obviously limits the urbanization. The contradiction between the two is prominent.
This contradiction will be alleviated with the technical improvement.

(4) High-level symbiosis: −180◦ < θ ≤ −90◦. The relationship of urbanization and
eco-environment gradually turns from mutual coercion to mutual promotion.

 
Figure 2. Coordination coupling process of urbanization and eco-environment.

Overall, the DCCD model regards urbanization and eco-environment as a composite
system. First, it fully considers the nonlinear change process of urbanization and eco-
environment, and the stability of the nonlinear system movement process. It can highlight
the complex development and interaction of them. Second, it fully considers that the
evolution of urbanization and eco-environment are determined by their own and external
influences. DCCD model results are more sensitive to the changes of various factors and
their interactions. Third, according to the urbanization and eco-environment evolution
speed, rather than their development status, it analyzes the composite system changes,
and then studies the coupling coordination relationship of them. It can better reflect
their dynamic relationship. Fourth, the composite system evolution meets the combined
S-shaped development mechanism. The DCCD model assumes that the urbanization and
eco-environment relationship presents periodic changes. The results can better reflect the
phased and periodic characteristics of the DCCD. The DCCD model is a more advanced
model that can consider the dynamic, stage, and periodic characteristics [51,52]. The
development and application of the DCCD model bring the coupling relationship research
to a new height.

2.4. Geographic Detector

Geographic detector is a tool used to detect spatial differentiation and reveal driving
factors [53,54]. It is less restricted by data conditions, has no linear assumption, and has
clear physical meaning. Therefore, it is widely used in many fields such as natural and
social sciences. This paper analyzes the influence of urbanization and eco-environment
subsystems on DCCD by using the geographic detector. The formula is as follows [54]:

q = 1 − 1
nσ2

m

∑
i=1

niσ
2
i (6)

where q represents the influence of subsystems on DCCD, q ∈ [0, 1], and the larger the
value is, the greater the influence of the subsystem. n is the sample number; σ2 is the
discrete variance of DCCD; and when σ2 �= 0, the model holds.
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3. Results

3.1. Analysis of Urbanization and Eco-Environment

From 2003 to 2019, the urbanization level of BTH showed a fluctuating upward
trend, with significant regional differences. In 2003, the starting point of urbanization
among cities was different (0.23–0.39). The higher the starting point, the smaller and more
stable the urbanization growth. By 2019, there were only two cities with an urbanization
level of developed type, seven cities with general type, and four cities with developing
type. The development of the four subsystems was unbalanced. The leading factor of
urbanization has changed to social urbanization; it started with population urbanization
(Figure 3, Table 3).

Figure 3. Changes in urbanization and its subsystems during 2003–2019.

Population urbanization and social urbanization development could be divided into
two stages. Spatial urbanization development was different among cities. The economic
urbanization development was consistent with the urbanization, and had little impact on
the urbanization.

For population urbanization: The boundary of Shijiazhuang, Handan, Xingtai, Zhangji-
akou, and Chengde was 2007, and the boundary of the other cities was 2010. In the first
stage, population urbanization development occurred in advance, which drove the rapid
development of urbanization. In the second stage, population urbanization gradually
lagged, and the restriction effect on urbanization emerged.

For social urbanization: The boundary of Langfang was 2015, while the boundary of
the other cities was 2012. In the first stage, social urbanization was seriously backward. It
was the main factor hindering the high-quality urbanization development. However, the
social urbanization had received much attention. Its growth rate has gradually accelerated.
In the second stage, social urbanization level continued to increase, becoming the most
important factor to promote the urbanization.

The spatial urbanization in Tianjin, Tangshan, Chengde, and Cangzhou was coordi-
nated with urbanization. The spatial urbanization in other cities had stage characteristics,
which could be divided into two stages. The boundary of Beijing and Hengshui was

9



Land 2024, 13, 850

2009, Handan and Xingtai was 2011, Langfang was 2016, and Shijiazhuang, Qinhuangdao,
Baoding, and Zhangjiakou was 2014. In the first stage, spatial urbanization was developing
in advance; it was the primary factor driving the urbanization development. In the second
stage, with China paying more and more attention to the conservation and intensive and
efficient use of land, the disorderly expansion of urban land was seriously curbed. The
spatial urbanization of BTH has declined significantly. By 2019, the spatial urbanization in
Beijing, Qinhuangdao, Handan, Baoding, Zhangjiakou, and Hengshui lagged significantly.
The spatial urbanization in other cities was highly coordinated with urbanization.

From 2003 to 2019, the eco-environment level of BTH showed a fluctuating upward
trend, with a large increase and fast growth rate. Especially since 2012, its rise was particu-
larly obvious. By 2019, its eco-environment was generally good. There were 11 cities with
an eco-environment level of developed type and 1 city with general type and developing
type, respectively (Figure 4, Table 3).

Figure 4. Changes in eco-environment and its subsystems during 2003–2019.

The resources subsystem in Beijing fluctuated around the eco-environment, and had
no obvious influence on eco-environment. The development of resource subsystem in
Tianjin mostly lagged behind the eco-environment. However, Tianjin’s ecological civi-
lization construction level was relatively high, which could fully eliminate the negative
impact of environment load and resources subsystem. After 2016, its coordination with
environment load, ecological civilization construction, and eco-environment was signifi-
cantly improved. The resources subsystem in other cities experienced a “low–high–low”
development process. Firstly, the development of resources subsystem was lower than
that of environment load, ecological civilization construction, and eco-environment. It
was the primary factor limiting the improvement in eco-environment. Secondly, the de-
velopment of resources subsystem was significantly higher than that of environment load,
ecological civilization construction, and eco-environment, which drove the rapid rise of
eco-environment. Then, the development of resources subsystem in Tangshan, Xingtai,
Zhangjiakou, Chengde, Cangzhou, Langfang, and Hengshui was relatively coordinated
with eco-environment and other subsystems. The development of resources subsystem
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in Shijiazhuang, Qinhuangdao, Handan, and Baoding lagged behind seriously, with an
obvious downward trend.

The environment load in Beijing was mostly higher than resources, ecological civi-
lization construction, and eco-environment. Especially after 2012, the environment load
increased significantly and the ecological civilization construction was weak. Beijing has
become the city with the worst eco-environment among BTH. The environment load in
Tianjin was slightly lower than the eco-environment, and its negative impact was small.
The environment load in other cities changed from backward to advanced. Before 2016,
the environment load obviously lagged behind resources, ecological civilization construc-
tion, and eco-environment. Its negative impact on eco-environment could be basically
eliminated. After 2016, the environment load grew rapidly and obviously advanced. The
eco-environment had a certain degree of decline.

The ecological civilization construction in Tianjin, Shijiazhuang, Tangshan,
Qinhuangdao, Handan, Xingtai, and Baoding was higher than eco-environment, which had
a positive impact on the eco-environment improvement. Ecological civilization construction
lagged behind the eco-environment, and needs to be strengthened in other cities.

Further analysis showed that the development of resources, environment load, and
ecological civilization construction in Tianjin was relatively balanced. Its coordination
with the eco-environment was relatively high. In other cities, it is necessary to curb the
rise of environment load and strengthen the ecological civilization construction so as to
drive the development of resources subsystem and improve the resilience and quality of
eco-environment.

3.2. Analysis of DCCD

We used OriginPro 9.1 to solve the urbanization and eco-environment curve fitting.
The fitting results are shown in Table 4. Combining Equations (3)–(5) obtained the DCCD of
urbanization and eco-environment (Figure 5). The results showed that there was a dynamic
coupling and coordination relationship between urbanization and eco-environment, and
the DCCD showed an S-shaped curve. Meanwhile, the DCCD in BTH was significantly
different among cities.

Figure 5. The evolution of DCCD during 2003–2019.
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Table 4. Curve fitting of urbanization and eco-environment.

City Urbanization R2 Eco-Environment R2

Beijing U = −2 × 10−5x4 + 0.0008x3 − 0.01x2 +
0.0514x + 0.3447

0.52 E = 7 × 10−6x5 − 0.0003x4 + 0.0042x3 −
0.0224x2 + 0.0586x + 0.3041

0.84

Tianjin U = −0.0007x2 + 0.0391x + 0.2028 0.93 E = 0.0004x3 − 0.0102x2 + 0.0794x + 0.2229 0.89

Shijiazhuang U = 0.2554x0.2903 0.71 E = 0.0005x2 + 0.0165x + 0.3139 0.82

Tangshan U = 0.2013x0.3868 0.9 E = −0.0018x2 + 0.0577x + 0.279 0.77

Qinhuangdao U = 7 × 10−5x4 − 0.0027x3 + 0.0322x2 −
0.1242x + 0.4973

0.63 E = 0.0021x2 − 0.018x + 0.4211 0.72

Handan U = 6 × 10−6x5 − 0.0002x4 + 0.003x3 −
0.017x2 + 0.0579x + 0.3038

0.82 E = 7× 10−6x4 − 0.0004x3 + 0.0064x2 +
0.0103x + 0.1723

0.96

Xingtai U = 0.2935x0.2458 0.76 E = 4 × 10−5x4 − 0.001x3 + 0.0098x2 −
0.0271x + 0.3716

0.94

Baoding U = −0.0014x2 + 0.0441x + 0.1967 0.78 E = 0.0005x2 + 0.0229x + 0.2668 0.89

Zhangjiakou U = −0.0003x2 + 0.0202x + 0.2956 0.73 E = 0.0019x2 − 0.0025x + 0.348 0.93

Chengde U = −0.0002x2 + 0.0284x + 0.2229 0.89 E = 0.0021x2 − 0.0162x + 0.4559 0.81

Cangzhou U = 0.2538x0.3173 0.85 E = 0.0004x3 − 0.0087x2 + 0.06x + 0.3742 0.72

Langfang U = 0.2834x0.2728 0.83 E = 0.0005x3 − 0.0122x2 + 0.1001x + 0.288 0.69

Hengshui U = 2 × 10−5x4 − 0.0004x3 + 0.0009x2 +
0.0349x + 0.2517

0.75 E = 0.0017x2 − 0.0004x + 0.3852 0.81

The DCCD of urbanization and eco-environment in BTH has three types: low-level
symbiosis; break-in development; and utmost development. There was no high-level
symbiosis. The occurrence frequency of low-level symbiosis was low, only Qinhuangdao
(2012–2018) and Baoding (2018–2019) had this type. Break-in development was the main
type of DCCD in BTH. The utmost development was found in Beijing (2014–2019), Tianjin
(2009–2012), Tangshan (2018–2019), Qinhuangdao (2005–2006), Chengde (2003–2005), and
Cangzhou (2008–2010). By 2019, only Beijing and Tangshan were the utmost development
type. Tianjin, Chengde, and Cangzhou were break-in development type, and the DCCD
decreased gradually. The DCCD in Qinhuangdao experienced a changing process of utmost
development, break-in development, low-level symbiosis, and break-in development. It
showed that the utmost development of DCCD in BTH was relatively low in sustainability.

When the DCCD was transitioning from break-in development to utmost develop-
ment, the urbanization and eco-environment of Beijing, Tianjin, Tangshan, Qinhuangdao,
Chengde, and Cangzhou were in small-speed reverse development. That is, relatively
stable development speed and small-degree urbanization or eco-environment sacrifice were
necessary to achieve utmost development. The DCCD of Handan, Zhangjiakou, Langfang,
and Hengshui approached 90◦ in 2017–2019, 2003 and 2010. However, the transition from
break-in development to utmost development was not achieved. The main reason was
the high rate of urbanization or eco-environment change (Figures 3 and 4). This further
supported the above research conclusions.

For the rise and fall of DCCD in the break-in development stage, urbanization and
eco-environment were in a state of simultaneous rise or decline. On this premise, the
development of urbanization and eco-environment can be divided into two situations.
(1) The development rate of urbanization was lower than that of eco-environment. With
the gradual increase in the extent that the urbanization development rate was lower than
that of eco-environment, the DCCD decreased and approached 0◦. On the contrary, the
DCCD increased and approached 45◦. (2) The development rate of urbanization was higher
than that of eco-environment. With the gradual increase in the extent that the urbanization
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development rate was higher than that of eco-environment, the DCCD increased and
approached 90◦. On the contrary, the DCCD decreased and approached 45◦.

Theoretical analysis showed the following: (1) When urbanization and eco-environment
are both in a rising state and the DCCD approaches 90◦, the DCCD will realize the transfor-
mation from break-in development to utmost development if urbanization development
maintains a steady rising trend and eco-environment quality declines slightly. (2) When
urbanization and eco-environment are both in a declining state and the DCCD approaches
90◦, the DCCD will realize the transformation from break-in development to utmost de-
velopment if urbanization keeps a steady downward trend and eco-environment quality
rises slightly. This paper called the first state “benign transition”, and called the second
state “non-benign transition”. In fact, the coordinated development of DCCD in BTH was
a “benign transition”. That is, when the utmost development of DCCD was realized, its
urbanization development was in a steady upward trend, and the eco-environment quality
was slightly declining.

The above analysis results show that it is not advisable to blindly emphasize urbaniza-
tion or eco-environment development. To realize the “benign transition” of DCCD from
break-in development to utmost development, a moderate and steady advance develop-
ment of urbanization and a small degree of eco-environment quality sacrifice are necessary.
Therefore, determining how to grasp the degree of advance development of urbanization
and sacrifice of eco-environment quality, and realize and maintain the relatively coordi-
nated and stable development of urbanization and eco-environment are the key to realize
the utmost development of DCCD. Only when the utmost development is realized is it
possible to achieve the high-level symbiosis of DCCD through technological improvement
and realize the mutual promotion of urbanization and eco-environment.

3.3. Identification of Main Driving Factors

This paper detected the driving force of urbanization and eco-environment subsystems
on DCCD by geographic detector (Table 5). In the calculation results, the factor detector
module automatically outputs independent variable values p and q, which are data ran-
domness probability and factor influence value, respectively. This paper holds that when
p ≤ 0.01 and q ≥ 0.5, the factor is the main control factor of the DCCD.

Social urbanization was the common factor that affected the DCCD in BTH. The
influence value of social urbanization was particularly prominent, ranking second in
Beijing, Tangshan, and Qinhuangdao, and first in the other ten cities. This showed that
the changes of DCCD were closely related to the social urbanization. The urbanization
development of BTH has entered the social urbanization leading stage.

The influence scope of spatial urbanization was relatively wide. Seven cities’ main
control factors included the spatial urbanization, namely, Beijing, Qinhuangdao, Handan,
Baoding, Zhangjiakou, Cangzhou, and Hengshui. Cangzhou’s spatial urbanization devel-
opment was relatively moderate from 2003 to 2019. When the spatial urbanization was in
advance or lagged behind, its level could be adjusted in time, and the spatial urbanization
was consistent with the urbanization development. Therefore, spatial urbanization was one
of the main controlling factors of DCCD in Cangzhou. Spatial urbanization was the main
control factor of DCCD in the other six cities, mainly because their spatial urbanization
changed from significantly advanced to seriously lagged. The spatial urbanization of these
cities had seriously restricted the improvement in urbanization. Ensuring the economical
and intensive use of space, appropriately improving the spatial urbanization level was
conducive to the optimization of DCCD. The economic urbanization was the main control
factor of DCCD in Beijing and Cangzhou. This was because the economic urbanization
of these two cities maintained a state of advanced development from 2003 to 2019. It was
one of the main driving factors for the urbanization development. The DCCD of Beijing
and Cangzhou was sensitive to the changes of economic urbanization. The influence of
population urbanization on DCCD in BTH was not significant. This is mainly because
BTH is an important part of China’s economic core region, its population urbanization has
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a high coordination with urbanization, and there is no long-term or serious advance or
lag development.

Table 5. Detection results of main control factors of DCCD.

City Index
Population

Urbanization
Economic

Urbanization
Social

Urbanization
Spatial

Urbanization
Resources

Environment
Load

Ecological
Civilization
Construction

Beijing q 0.68 0.76 0.82 0.86 0.79 0.35 0.73

p 0.02 0.01 0.01 0.00 0.02 0.49 0.02

Tianjin q 0.49 0.64 0.90 0.48 0.43 0.48 0.61

p 0.50 0.09 0.00 0.15 0.25 0.10 0.05

Shijiazhuang q 0.13 0.75 0.79 0.10 0.46 0.79 0.58

p 0.97 0.04 0.01 0.91 0.28 0.02 0.15

Tangshan q 0.08 0.61 0.87 0.50 0.75 0.11 0.92

p 0.92 0.04 0.00 0.14 0.17 0.88 0.00

Qinhuangdao q 0.24 0.18 0.73 0.92 0.10 0.66 0.40

p 0.75 0.75 0.01 0.00 0.93 0.06 0.48

Handan
q 0.27 0.56 0.88 0.87 0.73 0.67 0.80

p 0.46 0.14 0.00 0.00 0.05 0.04 0.01

Xingtai q 0.22 0.44 0.85 0.33 0.82 0.18 0.65

p 0.61 0.31 0.00 0.36 0.00 0.76 0.07

Baoding q 0.09 0.51 0.93 0.78 0.74 0.67 0.51

p 0.93 0.18 0.00 0.01 0.02 0.16 0.23

Zhangjiakou q 0.50 0.64 0.87 0.86 0.64 0.80 0.59

p 0.21 0.08 0.00 0.01 0.04 0.01 0.26

Chengde q 0.25 0.48 0.96 0.55 0.57 0.69 0.27

p 0.84 0.46 0.00 0.29 0.14 0.05 0.71

Cangzhou q 0.40 0.74 0.87 0.71 0.84 0.77 0.29

p 0.69 0.01 0.00 0.01 0.00 0.02 0.78

Langfang q 0.39 0.56 0.89 0.70 0.48 0.64 0.28

p 0.50 0.11 0.00 0.03 0.22 0.15 0.86

Hengshui q 0.11 0.55 0.88 0.68 0.69 0.63 0.30

p 0.93 0.18 0.00 0.01 0.08 0.21 0.88

Moreover, 61.54% of cities had no eco-environment subsystems as the main control
factor. This indicated that urbanization played a dominant role in the coupling and co-
ordination relationship between urbanization and eco-environment of BTH. Meanwhile,
five cities in BTH had the eco-environment subsystem as the main control factor, and its
influence value was relatively high (q > 0.8). The ecological civilization construction was
the main control factor of DCCD in Tangshan and Handan. The urbanization of Tangshan
showed a continuous upward trend, and the eco-environment occasionally deteriorated
under the influence of urbanization (Figures 3 and 4). The good development of the ecolog-
ical civilization construction had fully eliminated the negative influence of the environment
load and enhanced the ability of Tangshan to quickly restore the eco-environment. The
ecological civilization construction provided a guarantee for the continuous rise of DCCD.
The urbanization of Handan developed slowly (Figure 3), and its DCCD changes were
more dependent on the eco-environment. Handan’s environment load continued to rise,
and the resources subsystem decreased significantly. Therefore, the ecological civilization
construction level determined whether the eco-environment deteriorated or not, and had a
great influence on the change trend of DCCD (Figures 4 and 5). The resources subsystem
was the main control factor of DCCD in Xingtai and Cangzhou. The reasons were as
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follows: Xingtai’s urbanization development showed a large fluctuation and rising trend,
and Cangzhou’s urbanization development showed a rapid and continuous rising trend
(Figure 3). These two cities’ urbanization developments brought great pressure to the eco-
environment. The ecological civilization construction fluctuated greatly. The elimination
of the negative impact of urbanization on eco-environment was more dependent on the
resources subsystem. The environment load was the main control factor of the DCCD
in Zhangjiakou. This was because its ecological civilization construction was relatively
backward, the resources subsystem could not fully eliminate the negative impact of the
environment load, and environment load was sensitive to the changes of urbanization. To
realize the regulation and control of the DCCD, these five cities should pay attention to the
changes of urbanization and eco-environment simultaneously.

Comprehensive analysis showed that the identification results of the main control
factors could accurately reflect the driving force of subsystems on urbanization, eco-
environment, and DCCD. When the imbalance between the development of urbanization
and eco-environment appeared, the situation of each subsystem could be adjusted accord-
ing to the identification results of the main controlling factors, to realize the optimization
and adjustment of urbanization, eco-environment, and DCCD.

4. Discussion

The continuous and rapid development of global urbanization brought great pressure
to the eco-environment. It is important to have a deep understanding of the relationship be-
tween urbanization and eco-environment, especially in mega urban agglomerations where
the most representative and studied cases are extremely scarce. This will determine the
process of urbanization in the world, affect the international competitiveness of countries,
and hold the key to the realization of the United Nations 2030 Agenda for Sustainable De-
velopment. It is also an important part of the global countries achieving green, low-carbon,
and sustainable development. With the rapid development of global urbanization, the
contradiction between urbanization and eco-environment in various countries is becoming
more prominent, and their interaction is becoming more complex. The SCCD model com-
monly used in previous studies and the research method that only analyzes the relationship
between urbanization and eco-environment system cannot meet the profound needs of the
research on the relationship between urbanization and eco-environment. Different from the
previous studies that only analyzed urbanization and eco-environment changes, this paper
deeply analyzed urbanization, eco-environment, and their subsystems changes, as well as
the relationship between them. The DCCD model was used instead of the SCCD model to
analyze the relationship between urbanization and eco-environment. Meanwhile, China’s
urbanization is developing rapidly and is in an accelerated stage. BTH is one of the three
major urban agglomerations and a representative of the rapid development of urbanization
in China. It is also a region facing more serious resource and eco-environment stress in
China’s mega urban agglomerations. The BTH in China was selected as the research area,
and the research results are more representative and meaningful for reference. This paper
can make up for the deficiencies of the existing research and provides a new research
idea and methodological reference for studies on the relationship between urbanization
and eco-environment.

However, in the research of urbanization and eco-environment coupling coordination
relationship, the application of DCCD model was few, and the correlation analysis was
not deep. The conclusions of this paper need more studies that are theoretical and cases
from different countries and regions to support them. When the DCCD model is used to
analyze the relationship between urbanization and eco-environment, we should take some
measures: (1) Focus on strengthening the relevant theoretical research. (2) Expand the scope
of the study area to clarify the similarities and differences of the DCCD changes in different
development levels and different types of countries and cities. The practical implication of
this study includes the following two aspect: theoretical and empirical aspects.
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4.1. Practical Implication to Theoretical Research

This paper explained the progressiveness of the DCCD model from the construc-
tion concept and theoretically analyzed the rising and falling laws of DCCD in break-in
development stage for the first time. This was confirmed in this study. Moreover, the
changes of DCCD in break-in development stage of existing studies also conformed to
this law [49,52,55]. We propose the concept of “benign transition” and “non-benign tran-
sition” when the DCCD changes from break-in development to utmost development for
the first time. Meanwhile, it was found that moderate and steady advance development of
urbanization and small degree eco-environment sacrifice are the key to achieve the “benign
transition”. The theoretical analysis of this paper and the empirical analysis of existing
research both show that the realization of “benign transition” is the premise of achieving
the high-level symbiosis of DCCD through technological improvement, and is the key to
realizing the mutual promotion between urbanization and eco-environment. Determining
how to grasp the degree of urbanization advance development and eco-environment qual-
ity sacrifice, timely adjust their priority, and balance their relationship are important issues
for sustainable development.

This finding is of great significance: (1) The changes of DCCD between urbanization
and eco-environment may be predicted and regulated. (2) By regulating urbanization
and eco-environment development, the key point of “benign transition” from break-in
development to utmost development can be found. (3) When the DCCD passed the key
point of “benign transition”, the technological improvement will become an important
means of sustainable development, and the mutual promotion of urbanization and eco-
environment is expected to be realized.

4.2. Practical Implication to Empirical Research

BTH’s urbanization development had entered the leading stage of social urbanization.
Its social urbanization development was advanced. Urbanization development needs to
take the social urbanization improvement as the breakthrough point in the short term to
promote the development of other subsystems, balance the relationship among subsystems,
reduce regional differences, and realize the improvement in urbanization level. In addition,
Beijing’s urbanization level has changed from ranking second at the beginning of this study
to ranking lowest at the end of this study. The unbalanced urbanization development
between Beijing, Tianjin, and Hebei restricted the outward relaxation of Beijing’s noncapital
functions. The improvement in urban agglomeration urbanization level is a long-term
and complex systematic project, which must take urban agglomeration as the main form,
complement the weak points, and promote coordination. It is necessary to draw on the
development experience of cities with a high level of urbanization, such as Langfang (0.71),
Cangzhou (0.70), and Tangshan (0.68), to promote high-quality development within each
city. Efforts should be made to enhance industrial complementary and industrial chain
extension between cities, seize the major strategic opportunities brought about by the new
scientific and technological revolution for industrial transformations, solve the problem
that the industrial structure of some cities is too heavy on industry, and promote the overall
urbanization quality of urban agglomeration.

The DCCD of Beijing and Tangshan was of utmost development, and its develop-
ment trend was decreasing and increasing, respectively. Beijing needs to curb the decline
of DCCD through the diversion of noncapital functions. Tangshan should improve the
utilization efficiency of resources through scientific and technological progress and main-
tain the rising trend of DCCD. The other 11 cities were in the critical period of DCCD’s
transformation from break-in development to utmost development. DCCD was gradually
rising in Qinhuangdao, Handan, and Hengshui, which was expected to achieve the “benign
transition” by maintaining the steady development of urbanization and slightly sacrificing
the eco-environment. In the other cities, the DCCD gradually decreased, and there was a
risk of regression from break-in development to low-level symbiosis. Combined with the
urbanization and eco-environment analysis, the eco-environment of these cities provided
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space for urbanization development. These cities should moderately increase the speed of
urbanization and pay attention to the eco-environment carrying capacity improvement,
maximize the protection of urbanization development, and turn the development of DCCD
from declining to increasing.

The DCCD of Beijing, Tianjin, Tangshan, Qinhuangdao, Chengde, and Cangzhou
was the utmost development type in 2014–2019, 2009–2012, 2018–2019, 2005–2006,
2003–2005, and 2008–2010, respectively. However, the transition from utmost development
to high-level symbiosis has not been realized. The key to the transformation from utmost
development to high-level symbiosis still lies in the promotion of scientific and technologi-
cal level. In the long run, technical and policy support for the sustainable development of
BTH is extremely important [56].

To achieve and maintain the utmost development type of DCCD faster and better,
even the high-level symbiosis, it is necessary to conduct a comprehensive and accurate
analysis of urbanization, eco-environment, their subsystems, and DCCD. On the premise of
fully understanding the development status and changing trend, the relationship between
urbanization and eco-environment can be optimized through the adjustment of subsystems.
Simple spatial–temporal changes or single-angle analysis cannot guide the optimization of
urbanization, eco-environment, and DCCD. For example, according to the spatial–temporal
changes of urbanization and eco-environment, BTH had a good eco-environment quality,
which can rapidly promote the urbanization development. However, the analysis of
urbanization and eco-environment subsystems found that from 2003 to 2019, the ecological
civilization construction level of Beijing, Zhangjiakou, Chengde, Cangzhou, Langfang,
and Hengshui lagged behind the eco-environment. It needed to be strengthened. At the
end of the study period, the development of resources subsystem in Beijing, Shijiazhuang,
Qinhuangdao, Handan, and Baoding obviously lagged behind, and had a downward
trend. Meanwhile, except for Tianjin, the environment load in BTH grew rapidly and
was obviously advanced. In other words, all the cities except Tianjin had potential eco-
environment risks. All these indicated that the further development of urbanization could
not be separated from the continuous attention to eco-environment. It is necessary to
analyze urbanization, eco-environment, and their relationship from the subsystems level.

5. Conclusions

This paper took the mega urban agglomeration with a few cases as the research
area, and used the more advanced DCCD model in this research field to explore the
relationship between urbanization and eco-environment. We verified the scientificity and
advancement of the DCCD model in the study of the relationship between urbanization
and eco-environment from the two dimensions of construction concept and empirical
case. New concepts were proposed. Meanwhile, we further promoted the application
of the DCCD model in the research field of the relationship between urbanization and
eco-environment. We analyzed the urbanization, eco-environment, and DCCD from the
subsystems level, providing a deeper analysis than before. We found the key to realizing the
mutually promoting relationship between urbanization and eco-environment. We provide
a more scientific and accurate research idea for the related research on the relationship
between urbanization and eco-environment. This paper makes up for the deficiency of
the existing research from the aspects of empirical research and theoretical research. Some
important conclusions are drawn:

(1) From 2003 to 2019, the urbanization level of BTH showed a fluctuating upward trend,
with significant regional differences. The urbanization starting point among cities was
different (0.23–0.39). The higher the starting point, the smaller and more stable the
urbanization growth. The development of population, economic, social, and spatial
urbanization subsystems was unbalanced. The leading factor of urbanization had
changed from population to social urbanization.

(2) From 2003 to 2019, the eco-environment level of BTH showed a fluctuating upward
trend, with a large increase and fast growth rate. Its rise was particularly obvious,
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especially since the Chinese government in 2012 raised the construction of ecological
civilization to an unprecedented strategic height. By 2019, the eco-environment
of BTH was generally good. Tianjin’s resources, environment load, and ecological
civilization construction development was balanced. Its subsystems’ coordination
with the eco-environment were relatively high. All other cities need to curb the
rise of environment load and strengthen their ecological civilization construction.
Meanwhile, the impact of ecological civilization construction and environment load
on resources and eco-environment had a relative lag.

(3) There was a dynamic coupling and coordination relationship between urbanization
and eco-environment in BTH. The DCCD showed an S-shaped curve. Break-in devel-
opment was the main type of the DCCD in BTH. BTH’s urbanization development
was in an accelerating stage, and the contradiction between urbanization and eco-
environment was becoming increasingly serious. Moderate and steady advance
development of urbanization and a small-degree eco-environment sacrifice are the
key to achieve the “benign transition” of DCCD from break-in development to ut-
most development. Only when the utmost development is realized is it possible to
achieve the high-level symbiosis through the technological improvement and realize
the mutual promotion between urbanization and eco-environment.

(4) Social urbanization was the common factor that affected the DCCD between urbaniza-
tion and eco-environment in BTH, and its influence value was particularly prominent.
Meanwhile, the urbanization, eco-environment, and DCCD could be regulated by
monitoring and adjusting the subsystems.
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Abstract: Encouraging cities to take the lead in achieving carbon peak and carbon neutrality holds
significant global implications for addressing climate change. However, existing studies primarily
focus on the urban scale, lacking more comprehensive county-level analyses, which hampers the
effective implementation of differentiated carbon mitigation policies. Therefore, this study focused on
the Pearl River Delta urban agglomeration in China, adopting nighttime light data and socio-economic
spatial data to estimate carbon emissions at the county level. Furthermore, trend analysis, spatial
autocorrelation analysis, and Geodetector were adopted to elucidate the spatiotemporal patterns
and influencing factors of county-level carbon emissions. Carbon emissions were predominantly
concentrated in the counties on the eastern bank of the Pearl River Estuary. Since 2010, there has
been a deceleration in the growth rate of carbon emissions in the region around the Pearl River
Estuary, with some counties exhibiting declining trends. Throughout the study period, construction
land expansion consistently emerged as a predominant factor driving carbon emission growth.
Additionally, foreign direct investment, urbanization, and fixed asset investment each significantly
contributed to the increased carbon emissions during different development periods.

Keywords: City- and county- level carbon emissions; Pearl River Delta; nighttime light data;
construction land expansion; Geodetector

1. Introduction

The issue of global climate change poses one of the most formidable challenges to
humanity [1–5]. The Paris Agreement establishes the goal of limiting increases in the global
average temperature to less than 2 ◦C above pre-industrial levels, with an ambitious aim
to strive for less than 1.5 ◦C, thereby mitigating the risks and impacts associated with
climate change [6–10]. The international community has actively engaged in discussions
on scientific measures to mitigate emissions, resulting in over 150 countries proposing
carbon peak or carbon neutral targets. Cities, being the epicenters of human economic and
social activities, constitute merely 3% of the earth’s land but contribute more than 75% to
global GDP and account for over 70% of worldwide greenhouse gas emissions [11]. The
peaking of urban carbon emissions has emerged as a pivotal concern in climate change
mitigation efforts. As the leading emitter of carbon globally, over 85% of China’s total
carbon emissions originate from its cities, thereby necessitating focused measures to curb
CO2 emissions within urban areas [12,13]. Therefore, with cities as the primary source of
carbon emissions, it is imperative to investigate the origins of urban carbon emissions and
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promote the development of environmentally friendly, low-carbon cities. This approach has
become crucial for China in achieving its “double carbon” goal and ensuring sustainable
economic and social progress. Research on urban carbon emissions primarily encompasses
comprehensive carbon emission accounting, spatiotemporal dynamics of carbon emissions,
and investigation into the driving mechanisms behind such emissions. Accurate assessment
of carbon emissions is a focal point in both domestic and international research efforts, as it
serves as the foundation for comprehensively understanding the spatiotemporal dynamics
and influencing factors of carbon emissions. Clarifying the influencing factors of carbon
emissions is crucial for effectively controlling and mitigating carbon emissions.

The calculation of carbon emission data with higher spatial and temporal resolution,
as well as the achievement of more detailed, accurate, and timely carbon emission simula-
tion, are currently at the forefront of scientific research and represent significant national
priorities. Due to the lack of comprehensive and reliable carbon emission data in China, re-
searchers primarily rely on statistical data such as energy statistical yearbooks and relevant
statistical yearbooks to estimate carbon emissions at national [14], provincial [15,16], and
urban levels [12,17] using the inventory analysis method provided by IPCC. Due to the
relative scarcity of statistical data, researchers have tried to make carbon emission estimates
using other datasets. Elvidge et al. initially identified a correlation between the brightness
values in night light data and greenhouse gas emissions [18]. Subsequently, night-time im-
agery was employed by Doll et al. as a surrogate variable to represent socioeconomic status
and carbon emissions [19]. Ghosh et al. integrated the Defense Meteorological Satellite
Program’s Operational Linescan System (DMSP-OLS) data and population spatial grid data
to reconstruct a high-resolution (1 km) global distribution map of energy-related carbon
emissions [20]. By incorporating point source data and night light data, Oda et al. compiled
a comprehensive inventory of global carbon emissions from 1980 to 2007 at a resolution
of 1 km [21]. Su et al. developed a normalized approach for assessing China’s city-level
energy-related carbon emission DMSP-OLS nighttime light imagery [22]. Compared with
DMSP-OLS night light remote sensing data, the National Polar-Orbiting Partnership’s
Visible Infrared Imaging Radiometer Suite (NPP-VIIRS) has a higher spatial resolution [23].
The utilization of NPP-VIIRS nighttime light data, which overcomes the primary limitations
of DMSP-OLS nighttime light data, enables the investigation of urban carbon issues at a
more refined spatial scale. Zhang et al. applied the power function approach to fit the
nonlinear relationship between NPP-VIIRS and DMSP-OLS, subsequently conducting an
analysis of the spatiotemporal differentiation characteristics of urban carbon emissions in
Northwest China [24].

However, as cities continue to expand, spatial disparities within urban areas have
become increasingly significant, and the distribution of carbon emissions has undergone
significant changes. Previous attempts at implementing carbon emission reduction policies
based on urban spatial units have not yielded the desired results. The inconsistency of
statistical caliber and the lack of smaller-scale statistical data pose challenges in meeting the
requirements of current refined carbon governance. To address the limitations of traditional
carbon emission estimations based on statistical data, numerous scholars have started
exploring more efficient and accurate methods for estimating carbon emissions. Chen
et al. employed the particle swarm optimization–back propagation (PSO-BP) algorithm
to construct a fusion model integrating two types of county-level night light data, namely
DMSP-OLS and NPP-VIIRS, for the purpose of inverting China’s county-level carbon
emissions from 1997 to 2017 [25]. They utilized a power function regression model to
establish the relationship between NPP-VIIRS and DMSP-OLS night light data, thereby
estimating CO2 emissions for 334 prefectural cities in China from 1992 to 2017 [26]. Zhu et al.
adopted a deep learning method on DMSP-OLS and NPP-VIIRS nighttime light datasets
to estimate county-level carbon emissions in China from 1997 to 2019, the fitting effects
of which are better than those obtained in previous studies based on traditional statistical
methods [27]. Xiang et al. applied a regression model to NPP-VIIRS nighttime light data
to analyze spatiotemporal changes in carbon emissions at the district and county levels of
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Jiangsu Province in China [28]. Jiang et al. identified an asymmetric U-shaped relationship
between daily mean temperatures and carbon intensities on county-level data from 2000
to 2019 based on spline regressions. The carbon emissions dataset was sourced from the
Open-source Data Inventory for Anthropogenic Carbon Dioxide (ODIAC), which is a
high-spatial-resolution (1 km × 1 km) global emission data product [29]. Xie et al. analyzed
the spatial–temporal characteristics of carbon budget and carbon compensation rate at the
county level in the Yellow River Basin; carbon source data were mainly obtained from the
China Carbon Accounting Database (CEAD, https://www.ceads.net.cn/ (accessed on 6
June 2022)) [30].

Currently, there exists a wealth of research findings on the spatiotemporal dynamics
of carbon emissions. Zhou et al. [31] and Ke et al. [32] employed the spatial autocorrelation
analysis method to examine the spatial spillover effect of urban carbon emissions in China.
Cheng et al. investigated spatiotemporal dynamics and influencing factors of provincial
carbon emission intensity in China from 1997 to 2010 [33]. The current methods employed
to study these factors include IPAT, STIRPAT, LMDI, IDA, and SDA [34–38]. However,
these methods only provide insights into the degree of influence exerted by different factors
and fail to elucidate the spatial differentiation mechanisms underlying carbon emissions.
Consequently, researchers have turned their attention towards analyzing this mechanism
from a spatial perspective using techniques such as the geographical weighted regression
model (GWR) [13], spatial econometric model [39], and Geodetector [40,41], among others.
Many scholars have conducted analyses on the driving mechanisms of carbon emissions at
a national scale in various countries, including China. These studies reveal that factors such
as urbanization [42], economic density [43], construction land [44,45], road density [46],
household consumption [47], foreign investment [48,49], foreign trade [50], fixed asset
investment [51,52], local government expenditure [53,54], and other variables significantly
influence carbon emissions. By examining the driving factors of carbon emissions in
different provinces and regions of China, it is evident that urbanization [55], household
consumption [56], foreign trade [57], fixed asset investment [58], and other factors exert a
strong impact on carbon emissions.

The current carbon emission data are primarily calculated based on energy statistical
data at the municipal level and above, with a lack of spatially refined research. The
DMSP-OLS and NPP-VIIRS nighttime light datasets have facilitated great progress in
the simulation of carbon emissions at the county level. However, the dependence on
nighttime light data to estimate carbon emissions may introduce considerable uncertainties,
especially in areas with minimal industrial activity. Building upon previous research on
the spatialization of carbon emissions using nighttime light data, this study has further
integrated multiple sources of spatial data such as population and economy to enhance
cross-validation and calibration processes, thereby achieving more precise simulations of
carbon emissions. The traditional linear model, in addition, predominantly employs static
models like power functions or polynomial regression to invert the relationship between
nighttime light and carbon emissions. However, these models fail to capture nonlinear
dynamic relationships, and they overlook the technical advantages of machine learning
in integrating multi-source data. Additionally, the driving mechanism behind carbon
emissions is mainly studied at provincial and urban scales, resulting in insufficient analysis
of regional impact mechanisms at finer scales.

Therefore, this study aims to construct a multi-scale refined carbon emission dataset
coupled with multiple sources of data. By constructing a multifactorial analysis framework,
we aim to promote understanding of the district- and county-scale driving mechanisms for
carbon emissions while proposing differentiated paths for emission reduction. The Pearl
River Delta is at the forefront of reform and opening up, characterized by rapid economic
and social development as well as a significant population increase [59]. It stands out a
region in China with a highly accelerated urbanization process while also serving as a major
contributor to carbon emissions. Therefore, effectively controlling carbon emissions in the
Pearl River Delta plays a crucial role in achieving China’s dual-carbon target. The swift
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urbanization and industrialization within the Pearl River Delta have resulted in substantial
consumption of natural resources, leading to high levels of carbon emissions. Furthermore,
variations in economic and social development among different cities have contributed
to disparities in carbon emissions. However, there remains a lack of research on both the
spatial distribution pattern and driving mechanisms behind county-level carbon emissions
within this region. Hence, analyzing key influencing factors for carbon emissions from an
urban development perspective holds great practical significance for understanding the
dynamics within the Pearl River Delta.

2. Materials and Methods

2.1. Materials for Spatial Simulation of Carbon Emissions

The Defense Meteorological Satellite Program’s Operational Linescan System (DMSP-
OLS) and National Polar-Orbiting Partnership’s Visible Infrared Imaging Radiometer Suite
(NPP-VIIRS) nighttime light data were adopted in this study.

The carbon emission data utilized in this study for the period spanning from 2000 to
2019 at the provincial level were sourced from the CEAD research data, which was derived
using sectoral and reference methods provided by the IPCC (https://www.ceads.net.cn/
data/province/ (accessed on 6 June 2022)). It calculated CO2 emissions from 17 types
of fossil fuels and 47 energy-related sectors across the 30 provinces of mainland China
from 1997 to 2019. The data can be downloaded from the CEAD (https://www.ceads.net/
(accessed on 6 June 2022)).

The population kilometer grid data utilized in this study are the 2000, 2005, 2010, 2015,
and 2019 releases of population kilometer grid data by the Resources and Environmental
Science Data Platform of Chinese Academy of Sciences (https://www.resdc.cn/DOI/DOI.
aspx?DOIID=32 (accessed on 6 June 2022)). The GDP kilometer grid data employed in
this study are the 2000, 2005, 2010, 2015, and 2019 releases of GDP kilometer grid data by
the Resources and Environmental Science Data Platform of Chinese Academy of Sciences
(https://www.resdc.cn/DOI/DOI.aspx?DOIID=33 (accessed on 6 June 2022)).

The provincial and urban GDP and permanent resident population of Guangdong
Province utilized in this study were sourced from the Statistical Yearbook of Guangdong
Province, spanning from 2001 to 2020 (http://stats.gd.gov.cn/ (accessed on 6 June 2022)),
while the district and county GDP and total population data were sourced from the China
County Statistical Yearbook, Guangdong Provincial Statistical Yearbook, and municipal
Statistical Yearbook of Guangdong Province for the same period. Some missing data was
supplemented using information from the statistical bulletin of national economic and
social development corresponding to specific districts and counties.

The DMSP-OLS (the period from 1992 to 2013) and NPP-VIIRS (the period from 2012 to
the present) night light data were preprocessed separately in this research. The simulation
model of the two types of night light data and the nonlinear relationship between the
night light DN value and carbon emissions were constructed by PSO-BP [25,26,60]. The
PSO-BP algorithm was employed for the first time in the modeling process to acquire
night light data with a long-term and consistent 1 km × 1 km resolution, resulting in the
acquisition of comparable long-term time series data from 2000 to 2019. The simulation
model exhibited a goodness-of-fit value of 0.97544, indicating excellent fitting accuracy.
The PSO-BP algorithm was employed for the second time in the modeling process to
establish a correlation between simulated carbon emission data and statistical accounting
carbon emission data. By integrating night light data with multi-source data (population
grid data and GDP grid data), a correlation between simulated carbon emission data and
statistical information was established. The estimation of grid-level carbon emissions
through a detailed calculation process is outlined in our authorized invention patent
(ZL202310240626.9). The estimation model demonstrated a high goodness-of-fit value of
0.99274, enabling accurate prediction of carbon emissions at the grid level.

Using ArcGIS 10.1 software, the long-term series 1 km × 1 km gridded carbon emission
dataset was overlaid with the administrative regions of cities and counties in the Pearl River
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Delta urban agglomeration. This allowed us to obtain city-level and county-level carbon
emission datasets for this urban agglomeration from 2000 to 2019. Since current carbon
emission datasets based on statistical data are primarily at the provincial and municipal
levels, this study compared the city-level carbon emission data with existing city-level carbon
emission accounting data to mutually verify the simulation results. We compared city-level
carbon emission data from CEAD, which considered both fossil fuel-related emissions from
47 socioeconomic sectors and 17 types of fossil fuels, as well as process-related emissions
from cement production [61]. We also compared city-level carbon emission data from the
China High-Resolution Emission Database (CHRED, www.cityghg.com or www.ceeio.com
(accessed on 6 June 2022)), which included point emission sources and gridded emission
data (with a spatial resolution of 1 km and 10 km) [62,63]. In comparison with previous
studies [61–65], some errors in calculating carbon emissions were identified due to the
lack of city-level statistical data. However, the obtained carbon emissions for these urban
agglomerations align roughly with previous studies’ total amounts and trends in most
cities. Therefore, conducting subsequent studies on the carbon emissions of these urban
agglomerations was considered feasible.

2.2. Trend Analysis Based on SLOPE

With the passage of time, carbon emissions exhibit a tendency towards growth, while
any decrease or change remains inconspicuous. The present study aimed to develop a
linear regression model for analyzing the temporal trend of carbon emissions [28,66]. By
calculating the slope value over a 20-year period from 2000 to 2019, it examined the linear
trend in carbon emissions in each district and county, thereby analyzing annual changes in
carbon emissions. The least squares method is employed to estimate the specific formula
for determining the linear trend:

SLOPE =

n × n
∑

i=1
xiCi −

n
∑

i=1
xi

n
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i=1
Ci

n × n
∑

i=1
x2

i −
(

n
∑

i=1
xi

)2 (1)

where n represents the total number of years (20), xi denotes the year i, and Ci signifies
the CO2 emissions in year i. A positive value for SLOPE indicates an increasing trend in
carbon emissions over time t, while a negative value suggests a downward trend. The
magnitude of SLOPE reflects the rate at which carbon emissions change; a larger absolute
value corresponds to a faster growth or decline rate, whereas a smaller absolute value
signifies slower growth or decline [66].

2.3. Exploratory Spatial Data Analysis

The method of Exploratory Spatial Data Analysis (ESDA) can unveil the spatial
autocorrelation and spatial dependence of geographical phenomena within a specific region,
as well as similar phenomena in its neighboring regions [67,68]. Among the commonly used
ESDA methods, global spatial autocorrelation and local spatial autocorrelation are analyzed
separately in this paper to examine carbon emissions in this urban agglomerations.

Global spatial autocorrelation analysis aims to determine whether a geographical phe-
nomenon exhibits spatial autocorrelation and dependence by analyzing its overall spatial
distribution. Currently, the primary indices used to measure global spatial autocorrelation
are global Moran’s I and Geary’s C. In this study, the global Moran’s I index is employed to
unveil the global spatial autocorrelation of carbon emissions in this urban agglomeration.
The global Moran’s I index assesses the similarity of attribute values between each unit
and its surrounding area, providing a comprehensive measure of spatial autocorrelation
for the entire research area [69]. The specific formula is as follows:
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The Global Moran’s I represents the global Moran’s I index, where n denotes the
number of spatial units. Xi and Xj represent the observed values of variable X in space
units i and j, respectively, while X signifies the mean value of X. The wij is a spatial weight
matrix, with a value of 1 when Xi and Xj are adjacent, and 0 otherwise. The range for
Global Moran’s I is [−1, 1]. A negative value indicates a negative correlation in spatial
distribution between observed values; a zero value suggests no correlation; whereas a
positive value implies a positive correlation. Furthermore, the absolute magnitude reflects
both the strength of correlation and level of agglomeration.

The Global Moran’s I index only captures the overall level of spatial agglomeration
and dispersion of attribute values within a region, serving as a statistical measure repre-
senting the general spatial distribution. On the other hand, local spatial correlation enables
us to identify specific patterns of spatial agglomeration for different geographical phenom-
ena, thereby reflecting the localized heterogeneity of these phenomena [70]. Commonly
employed indicators for measuring local spatial correlation include the local Moran’s I
index and the local Geary’s C index. In this study, we utilize the Local Moran’s I index
to analyze the spatial variations between each region and its surrounding areas, with its
specific formula presented as follows:

Local Moran′ Ii =
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The positive value of Local Moran’s Ii indicates the presence of either high–high or
low–low clustering in the i spatial unit, while the negative value suggests the presence of
either high–low or low–high clustering.

The significance test of Local Moran’s I was conducted using the following formula:

Z(Ii) =
Ii − E(Ii)√

var(Ii)
(5)

The symbol Z(Ii) denotes the significance level of spatial autocorrelation. E(Ii) repre-
sents the expected value of Moran’s I index, and var(Ii) signifies the variance under the
null hypothesis of no spatial autocorrelation.

2.4. Geodetector

The term “spatial heterogeneity” refers to the uneven distribution of various geo-
graphical phenomena in space, which represents the spatial manifestation of natural and
socio-economic processes [71,72]. By analyzing spatial variance, the geodetector can be
utilized to identify the spatial stratification heterogeneity of a single variable and explore
potential causal relationships between two variables. The principle behind the geodetector
is that if an independent variable X has an impact on a dependent variable C, then there
tends to be consistency in their spatial distributions. The degree of this spatial consistency
can be determined by the determination force qx of measure factor X.

qx = 1 − 1
Nσ2

L

∑
Z=1

NZσ2
Z (6)
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The determinant index qx influences the factors of carbon emission. The σ2
Z represents

variance in the Z layer. The σ2 represents variance in the whole study area for the dependent
variable C. NZ denotes the number of samples containing dependent variable C in region Z.
N signifies the number of samples of dependent variable C contained in the entire research
area. Lastly, L indicates the number of layers in independent variable X. In this study, a large
q value demonstrates that the factor affects more of the changes in county-level emissions.

3. Results

3.1. Spatial–Temporal Patterns and Trends of Carbon Emissions in the Pearl River Delta
Urban Agglomeration
3.1.1. The Temporal Dynamics of Carbon Emissions in the Pearl River Delta
Urban Agglomeration

From 2000 to 2019, the total carbon emissions of this urban agglomeration exhibited a
consistent upward trajectory, fluctuating from 151 million tons in 2000 to 400 million tons in
2019, representing a substantial increase of 2.64 times (Figure 1). This was accompanied by
an average annual growth rate of 5.25%. Over this period, per capita carbon emissions rose
from 3.53 tons in 2000 to reach a peak at 5.21 tons in 2019, displaying a general inverted
U-shaped trend. Following rapid increases until reaching its zenith around the year
2009, carbon emissions subsequently experienced fluctuations and declines, with minimal
changes since the year 2015. Notably, carbon emission intensity in this urban agglomeration
demonstrated a remarkable downward trend, plummeting from emitting approximately
1.57 tonnes/10,000 CNY in the year of inception (2000) to merely half that amount at just
about 0.50 tonnes/10,000 CNY by the end of our study period (2019). These findings
underscore active efforts undertaken by this urban agglomeration towards promoting
energy and industrial transformation and upgrading while concurrently enhancing energy
utilization efficiency and driving down carbon emission intensity.

3.1.2. Spatial Distribution Pattern of Carbon Emissions in the Pearl River Delta
Urban Agglomeration

From 2000 to 2019, the total carbon emissions of these urban agglomerations exhibited
a consistent upward trajectory, with carbon emissions primarily concentrated in the vicinity
of the Pearl River estuary and gradually expanding outward. The eastern bank of the
Pearl River demonstrated significantly higher levels of carbon emissions compared to
its western counterpart, while the ecological barrier area outside the Pearl River Delta
displayed considerably lower emissions than those observed around the estuary (Figure 2).
During this period, Guangzhou, Foshan, Dongguan, Shenzhen, and other cities experienced
rapid development in their early industrial enterprises, resulting in relatively high overall
carbon emissions for these cities. Similarly, Huizhou, Zhongshan, Jiangmen, Zhaoqing, and
Zhuhai also witnessed substantial growth due to their rapid industrial development stage;
however, their total emission levels remained comparatively lower than those recorded by
other cities.

3.1.3. Evolution of City-Scale Carbon Emission Patterns in the Pearl River Delta
Urban Agglomeration

The carbon emissions of various cities within these urban agglomerations were com-
puted based on spatial findings, as illustrated in Figure 3. Predominantly concentrated
around the Pearl River Estuary, the carbon emissions within these urban agglomerations
are primarily attributed to Guangzhou, consistently accounting for the largest proportion
from 2000 to 2019 at approximately 20%. Foshan, Dongguan, and Shenzhen emerged as
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significant contributors to carbon emissions, while Huizhou, Jiangmen, and Zhongshan
experienced rapid growth in their emission levels. Conversely, Zhuhai and Zhaoqing ex-
hibited relatively lower levels of carbon emissions. (1) In 2000, the carbon emissions of this
urban agglomeration accounted for 77% of the total carbon emissions in the Guangdong
province. Guangzhou, Dongguan, and Foshan emerged as major contributors to carbon
emissions, with shares of 20.67%, 19.31%, and 16.46%, respectively, within this urban
agglomeration, while Zhaoqing and Zhuhai exhibited relatively lower levels of carbon
emissions. (2) In 2005, the Pearl River Delta emerged as a prominent gateway for inter-
national trade and witnessed remarkable growth of numerous enterprises, characterized
by high energy consumption. The carbon emission levels in the Pearl River Delta esca-
lated from 151 million tons in 2000 to 239 million tons in 2005. Amongst these emissions,
Guangzhou, Dongguan, and Foshan accounted for the largest shares, at 21.21%, 16.04%,
and 15.95%, respectively, while Zhaoqing and Zhuhai exhibited comparatively lower car-
bon emission levels. During the period between 2000 and 2005, Huizhou and Zhaoqing
experienced the most rapid increase in carbon emissions, with average annual growth rates
of approximately 18.09% and 14.18%, respectively. As a consequence of implementing the
dual-transfer policy initially proposed in 2004, which aimed to gradually relocate labor-
intensive industries dispersed throughout the Pearl River Delta towards eastern/western
regions as well as mountainous areas within Northern Guangdong Province, there was an
expansion of Guangdong’s overall carbon emissions beyond just those originating from
within the Pearl River Delta, thus leading to a decrease in total carbon emissions within
this urban agglomeration province-wide. (3) In 2010, the carbon emissions of this urban
agglomeration increased to 336 million tons. Guangzhou, Foshan, and Dongguan remained
as the three cities with the highest carbon emissions in the Pearl River Delta, accounting
for 21.19%, 16.03%, and 15.31% of regional carbon emissions, respectively. Zhuhai and
Zhaoqing had the lowest carbon emissions, at 0.15 million tons and 16 million tons, respec-
tively, in 2010. The cities experiencing the most rapid growth in carbon emissions over the
past five years were Zhaoqing, Zhuhai, and Huizhou, which saw increases by factors of
approximately 1.60, 1.50, and 1.47, respectively. (4) In 2015, the carbon emissions of this
urban agglomeration reached a total of 354 million tons. As a result of the implementation
of national carbon control measures in 2014, there was only a marginal increase compared
to the 336 million tons recorded in 2010. Guangzhou, Foshan, and Dongguan are identified
as the three cities with the highest carbon emissions, accounting for approximately 21.65%,
15.12%, and 14.76% of the overall regional carbon emissions, respectively. The growth rate
of carbon emissions across all cities was relatively slow, while collectively contributing to
about 70.74% of the province’s total carbon emission. (5) In 2019, the carbon emissions
of this urban agglomeration rose to 400 million tons, with Guangzhou, Dongguan, and
Foshan remaining as the primary contributors, accounting for 21.48%, 14.51%, and 13.81%
of the total regional carbon emissions, respectively. Zhongshan, Huizhou, and Zhaoqing
experienced significant growth in carbon emissions at average annual rates of 4.44%, 4.25%,
and 4.11%, respectively.

3.1.4. Spatial Pattern Analysis of Carbon Emissions at the County Level in the Pearl River
Delta Urban Agglomeration

This paper employs a trend analysis to examine the temporal variation characteristics
of carbon emissions in various districts and counties. Specifically, we calculate the SLOPE
of carbon emissions from 2000 to 2019 using this method, and we apply ArcGIS software’s
natural break point grading method (Jenks) to classify each county’s carbon emission
change trend into five types: the type with the slowest growth rate, the type with a slower
growth rate, the type with a medium-speed growth rate, the type with a fast growth rate,
and the type with a rapid growth rate. To further analyze this slowdown phenomenon
in urban agglomerations within the Pearl River Delta region after 2010, we separately
calculated inclination values for carbon emissions during two periods (2000–2010 and
2010–2019) for each county. The results are presented in Figures 4 and 5.
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Figure 1. Evolution trend of total carbon emission, per capita carbon emission and carbon emission
intensity in the Pearl River Delta urban agglomeration from 2000 to 2019.

From 2000 to 2010, owing to the rapid development of the Pearl River Delta, carbon
emissions witnessed a substantial increase in most districts and counties of Guangzhou,
Foshan, Huizhou, and other cities. The western bank of the Pearl River experienced a
moderate growth rate in carbon emissions, while the northern region of Zhaoqing displayed
a relatively sluggish growth trend. From 2010 to 2019, as industrial transformation and
upgrading continued to progress in the Pearl River Delta, there was a deceleration in the
growth rate of carbon emissions around the Pearl River Estuary. Notably, Shunde District
in Foshan, Southern Group in Zhongshan, Yantian District in Shenzhen, and Duanzhou
District in Zhaoqing exhibited a downward trajectory for carbon emissions. Conversely,
the western bank of the Pearl River demonstrated a comparatively slower growth trend
with an expanding area experiencing rapid growth of carbon emissions. This phenomenon
primarily manifested itself within certain districts and counties on both banks of the river;
for instance, Jiangmen and Zhuhai showcased an accelerated growth trend (Table 1).

Based on the spatial analysis of carbon emissions, the county-level carbon emissions of
this urban agglomerations were calculated and presented in Figure 6. Being the most eco-
nomically developed region in Guangdong Province, this urban agglomeration experienced
a rapid increase in carbon emissions, with high-value areas primarily concentrated around
the Pearl River Estuary. Foshan Nanhai District, Shunde District, Huizhou Huiyang District,
Huicheng district, Shenzhen Longgang District, Guangzhou Baiyun District, Panyu District,
and Zengcheng District exhibited significant levels of carbon emissions, exceeding 12 million
tons in 2019. Additionally, Dongguan and Huizhou also demonstrated substantial carbon
emissions. Notably, the east bank of the Pearl River displayed significantly higher carbon
emission levels compared to its western counterpart, while most districts and counties in
Guangzhou, Dongguan, Huizhou, and Shenzhen witnessed a rapid increase in their respective
carbon emissions. Conversely, Jiangmen, Zhuhai, and Zhaoqing, on the west bank of the Pearl
River, had relatively low carbon emissions. Foshan Nanhai district and Shunde district stood
out as the two regions with the highest carbon emissions in the Pearl River Delta.
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Figure 2. Results of spatialization of carbon emissions in the Pearl River Delta urban agglomeration.
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Figure 3. Spatial distribution of carbon emissions in the Pearl River Delta by cities from 2000 to 2019.
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Figure 4. Trends in carbon emissions in the Pearl River Delta from 2000 to 2010.

Figure 5. Trends in carbon emissions in the Pearl River Delta from 2010 to 2019.
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Table 1. Types of carbon emission growth in Pearl River Delta urban agglomeration by stage.

Growth Type During 2000–2010 During 2010–2019

Decreasing growth rate
Yantian District, Duanzhou District, Shunde

District, Southern Group in Zhongshan

Mean value of the SLOPEs is −0.0211

Slowest growth rate

Futian District, Longmen County, Haizhu District,
Dinghu District, Yantian District, Liwan District,
Yuexiu District, Luohu District, Jianghai District,

Guangning County, Huaiji County, Fengkai
County, Deqing County

Jianghai District, Guangning County, Huaiji
County, Fengkai County, Deqing County, Huadu

District, Sanshui District, Northeast Group in
Zhongshan, Eastern Group in Zhongshan,

Chancheng District, Gaoming District, Pengjiang
District, Pengjiang District, Nanhai District,

Northwest Group in Zhongshan, Southeast Area in
Dongguan, Sihui City

Mean SLOPE value = 0.0701 Mean SLOPE value = 0.0193

Slower growth rate

Tianhe District, Nanshan District, Pingshan
District, Enping City, Duanzhou District, Kaiping

City, Guangming District, Longhua District,
Chancheng District

Liwan District, Yuexiu District, Luohu District,
Nansha District, Kaiping City, Heshan City,

Central Group in Zhongshan, Eastern Industrial
Park Area in Dongguan, Water Township New

Town Area in Dongguan, Doumen District

Mean SLOPE value = 0.1601 Mean SLOPE value = 0.0581

Medium growth rate

Urban area in Dongguan, Conghua District,
Jinwan District, Gaoyao District, Bao’an District,

Southern Group in Zhongshan, Heshan City, Water
Township New Town Area in Dongguan, Doumen

District, Huangpu District, Xiangzhou District,
Taishan City, Huidong County, Northeast Group in

Zhongshan, Eastern Group in Zhongshan,
Gaoming District, Pengjiang District, Sihui City

Futian District, Longmen County, Boluo County,
Haizhu District, Tianhe District, Nanshan District,

Pingshan District, Enping City, Dinghu District,
Urban Area in Dongguan, Conghua District,

Jinwan District, Gaoyao District

Mean SLOPE value = 0.3176 Mean SLOPE value = 0.1022

Fast growth rate

Longgang District, Central Group in Zhongshan,
Eastern Industrial Park Area in Dongguan,

Songshan Lake Area in Dongguan, Baiyun District,
Panyu District, Xinhui District, Northwest Group

in Zhongshan, Southeast Area in Dongguan

Binhai Area, Songshan Lake Area in Dongguan,
Baiyun District, Huangpu District, Panyu District,
Zengcheng District, Xinhui District, Guangming

District, Huicheng District, Longhua District,
Xiangzhou District, Taishan City, Huidong County

Mean SLOPE value = 0.4888 Mean SLOPE value = 0.1925

Rapid growth rate

Boluo County, Huiyang District, Shunde District,
Nansha District, Zengcheng District, Huicheng

District, Huadu District, Sanshui District,
Nanhai District

Baoan District, Longgang District,
Huiyang District

Mean SLOPE value = 0.7873 Mean SLOPE value = 0.3671

This study utilizes the Global Moran’s I analysis tool provided by GeoDa 1.22 software
to compute the global Moran’s I index for carbon emissions at the county level in this urban
agglomeration from 2000 to 2019. The findings are presented in Figure 7. The global Moran’s
I index for county-scale carbon emissions in Pearl River Delta exhibits positive values, and
their Z-values pass the significance test. Throughout the study period, districts and counties
demonstrate significant spatial autocorrelation characteristics regarding carbon emissions,
indicating that areas with higher (lower) carbon emissions tend to be surrounded by other
areas with higher (lower) levels as well. From 2000 to 2014, the Moran’s I index for carbon
emissions in this urban agglomerate followed an inverted U-shaped trend and stabilized
after 2014. The degree of spatial concentration of carbon emissions within each district and
county experienced an initial increase followed by a gradual decrease. After 2014, due to
national efforts towards carbon control promotion and industrial transformation/upgrading
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initiatives targeting high-carbon emission regions, there was a tendency towards greater
consistency in terms of carbon emission levels within this area.

Figure 6. Spatial distribution of carbon emissions in sub-counties of the Pearl River Delta.
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Figure 7. Moran’s I index of Pearl River Delta urban agglomeration.

In order to further investigate the local spatial correlation of carbon emissions in this
urban agglomeration at the regional and county levels, GeoDa and ArcGIS software were
utilized to generate Local Moran’s I spatial distribution maps for carbon emissions in 2000,
2005, 2010, 2015, and 2019. According to Equations (3)–(5), the Local Moran’s I index was
calculated to analyze the spatial variations between each region and its surrounding areas.
The positive value of Local Moran’s I index indicates the presence of either high–high or
low–low clustering, while the negative value suggests the presence of either high–low
or low–high clustering. The results are presented in Figure 8. Overall, there are distinct
agglomeration characteristics observed in carbon emissions at the county level within this
urban agglomeration. These characteristics can be categorized as high–high concentration
regions and low–low concentration regions. The high–high concentration regions primarily
exist around the estuary of the Pearl River, where development zones are optimized for
industrial production and daily life activities that require significant energy consumption
resulting in large carbon emissions. Moreover, these high–high concentration areas exhibit
an eastward diffusion trend, with Huizhou having the majority of districts and counties
showing high–high concentrations. Low–low-concentration areas mainly surround the
periphery of these high–high concentrated areas, while most districts and counties in Zhao-
qing demonstrate consistently low–low concentrations. Due to accelerated construction
efforts towards an ecological industry system in Zhaoqing, the number of districts and
counties with consistently low concentrations has remained stable. In summary, there is a
decreasing spatial disparity observed regarding carbon emissions within Pearl River Delta.

3.2. Driving Mechanisms of Carbon Emissions in the Pearl River Delta Urban Agglomeration

Based on regional characteristics and data availability, this study has selected indica-
tors to analyze the driving mechanisms of carbon emissions in the Pearl River Delta. The
total carbon emissions of the counties within this urban agglomeration in 2010, 2015, and
2019 were chosen as independent variables. Additionally, nine indicators representing
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seven factors at the county scale corresponding to these years were selected as explana-
tory factors and dependent variables (Table 2). Geodetector was adopted to elucidate the
influencing factors of county-level carbon emissions.

Figure 8. Spatial and temporal evolution of carbon emissions in the Pearl River Delta.
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Table 2. Description of indicators.

Factors Variables Variable Interpretation Instructions

Population urbanization Urbanization (UPOP) Size of permanent urban population in each district
and county (unit: 10,000)

Economic development Economic density (DGDP) The ratio of GDP of each district and county to each
district and county area (unit: yuan/km2)

Economic globalization
Foreign direct investment (FDI) The actual amount of foreign direct investment used

in each district and county (unit: 10,000 USD)

Foreign trade (TEXIM) Total amount of import and export trade of each
district and county (unit: 100 million CNY)

Land use

Construction land (UAREA) Total area of construction land in each district and
county (unit: km2)

Road density (DROAD)
The ratio of the total mileage of the road network of

each district and county to the area of the district and
county (unit: km/km2)

Household consumption Total retail sales of consumer goods (TRSCG) Total retail sales of consumer goods per capita in each
district or county (unit: CNY/person)

Investment in
fixed assets Investment in fixed assets (FAI) Investment in fixed assets of each district or county

(unit: 10,000 CNY)

Government
expenditure Local government expenditure (GPBE) Local government expenditure of each district or

county (unit: 10,000 CNY)

3.2.1. Single-Factor Detection Results

The driving factors contributing to spatial differentiation of carbon emissions in this urban
agglomeration were identified using geographic detectors. According to Equations (6)–(8),
the q value of each factor was calculated. A larger q value indicated that the factor explained
more of the change in county-level carbon emissions. The results of single factor detection
are presented in Table 3 and Figure 9.

Table 3. Explanatory power of each driving factor in different years.

Variables
Explanatory Power (q Value)

2010 2015 2019

UPOP 0.359 *** 0.533 *** 0.541 ***
DGDP 0.245 *** 0.259 *** 0.284 ***

UAREA 0.886 *** 0.896 *** 0.898 ***
DROAD 0.313 *** 0.285 *** 0.252 **
TRSCG 0.279 * 0.309 *** 0.404 ***

FDI 0.461 *** 0.241 * 0.348 **
TEXIM 0.343 *** 0.386 *** 0.343 **

FAI 0.423 *** 0.466 *** 0.548 ***
GPBE 0.506 *** 0.495 *** 0.368 ***

Note: The significance levels for ***, **, and * are 0.01, 0.05, and 0.1, respectively, indicating statistical significance.

The explanatory power of factors in descending order in 2010, as presented in Table 3 and
Figure 9, was observed to be construction land > local government expenditure > foreign
direct investment > investment in fixed assets > urbanization > foreign trade > road
density > household consumption > economic density. In 2015, the descending order
of explanatory power shifted to construction land > urbanization > local government
expenditure > investment in fixed assets > foreign trade > household consumption > road
density > economic density > foreign direct investment. Similarly, in 2019, the descending
order of explanatory power was found to be construction land > investment in fixed
assets > urbanization > household consumption > local government expenditure > foreign
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direct investment > foreign trade > economic density > road density. Throughout the
study period, it is noteworthy that construction land (UAREA) consistently exhibited the
highest influence, and its explanatory power increased progressively over time. Other
factors demonstrated varying changes in their respective explanatory powers. For instance,
indicators such as investment in fixed assets, urbanization, household consumption, and
economic density displayed significant increases during all three study periods, while
indicators like foreign direct investment, road density, and local government expenditure
experienced a decline.

Figure 9. Explanatory power of each driving factor based on the q value.

The land use indicator exerted a significant influence on the spatial differentiation of
carbon emissions in this urban agglomeration. Throughout the study period, construction
land consistently demonstrated the highest explanatory power, with its q value progres-
sively increasing from 0.886 in 2010 to 0.898 in 2019. On the one hand, the expansion of
urban construction land caters to the demands of economic growth and urbanization within
this urban agglomeration. However, it also engenders substantial energy consumption
and carbon emissions. From 2010 to 2019, there was a rapid expansion in construction
land area within this urban agglomeration, particularly between 2010 and 2015 when
this expansion was most pronounced. Consequently, there was a significant increase in
explanatory power observed in 2015 compared to that of 2010; subsequently, although
there was a slight deceleration in the growth rate for construction land areas from 2015 to
2019, the explanatory power continued to exhibit marginal improvement.

The indicator representing population urbanization exerted a significant influence
on the spatial differentiation of carbon emissions in the Pearl River Delta, with their
explanatory power significantly enhanced over the study period. The explanatory power
of urbanization increased from 0.359 in 2010 to 0.541 in 2019. The rapid development of the
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Pearl River Delta facilitated an elevation in its level of urbanization, attracting a substantial
influx of labor forces and resulting in a concentration effect on population. The permanent
population of the Pearl River Delta surged from 56.315 million in 2010 to 65.648 million in
2019, while its level of urbanization rose from 73.1% to 85.5%. The heightened consumption
demand stemming from urbanization and population concentration drive an increase in
energy consumption requirements, which profoundly impacts carbon emissions within the
urban agglomeration.

3.2.2. Multifactor Interaction Detection Results

After examining the individual impact of each factor on the spatial variation of carbon
emissions in this urban agglomeration, an analysis was conducted to explore the influence
of multifactor interactions, as depicted in Figures 10–12.

Figure 10. Multifactor interaction detection results in 2010. Note: The color and size depicted in the
figure represent the explanatory power of factor interactions. The hollow circle signifies an enhanced
interaction relationship between two factors, while the solid circle represents a nonlinear enhanced
interaction relationship between two factors.

The influence of all factors on the spatial differentiation of carbon emissions signifi-
cantly increased under interaction. Due to the robust detection and explanatory power of
construction land (UAREA) as a single factor, the explanatory power of all other factors
substantially improved after interacting with UAREA, reaching over 0.9. The interaction
between other factors was also strong, enhancing the influence of low-explanatory-power
factors detected via single-factor analysis. In 2010, household consumption and economic
density had low single-factor detection influences of 0.279 and 0.245 respectively. However,
their explanatory powers exceeded 0.7 when interacting with investment in fixed assets
and local government expenditure (Figure 10). In 2015, economic density and foreign
direct investment had low single-factor explanatory power, with q values of 0.259 and
0.241, respectively. However, after interacting with urbanization and local government
expenditure, their explanatory powers reached approximately 0.8 (Figure 11). In 2019,
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local government expenditure, which initially had weak explanatory power, surpassed 0.7
under the interaction of factors such as urbanization, investment in fixed asset, and local
government expenditure (Figure 12).

Figure 11. Multifactor interaction detection results in 2015.

Figure 12. Multifactor interaction detection results in 2019.
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The explanatory power of land use and population urbanization indicators on carbon
emissions exhibits a high degree of spatial differentiation across all study periods, particu-
larly in 2015 and 2019. Notably, when interacting with economic density, the explanatory
power is significantly enhanced. These findings highlight the close relationship between
population urbanization, economic growth, and land use patterns in the Pearl River Delta
regarding carbon emissions’ spatial distribution. The rapid economic development within
this urban agglomeration has been accompanied by steady progress in the urbanization
process, leading to increased population concentration and continuous expansion of urban
construction land. Consequently, domestic energy demand has surged alongside high
levels of energy consumption for both production and lifestyle purposes, resulting in
substantial carbon emissions. Additionally, indicators representing investment in fixed
assets and local government expenditure exhibit strong interactions with most influencing
factors. Furthermore, foreign trade demonstrates intertwined relationships with indicators
related to population urbanization, land use patterns, and household consumption. As
the process of urbanization deepens continuously while opportunities within the Pearl
River Delta progress further; infrastructure improvements have been witnessed along-
side enhancements in household consumption, providing favorable conditions for foreign
trade activities to thrive. This increase in foreign trade scale has subsequently attracted a
significant influx of production factors while accelerating the pace of urbanization.

4. Conclusions

The PSO-BP algorithm, integrated with multi-source data including remote sensing,
population, and economy, was employed in this study to construct a multi-scale and multi-
level spatial database of carbon emissions in this urban agglomeration. This enabled the
transformation of carbon emission spatial distributions from administrative boundaries
to kilometer grids and facilitated the accurate implementation of the “dual carbon” target.
Trend analysis and exploratory spatial data analysis (ESDA) were utilized to systematically
examine the spatiotemporal characteristics of carbon emissions at the city and county
levels from 2000 to 2019. The spatiotemporal dynamics of carbon emissions in this urban
agglomeration were analyzed at the city, district, and county levels. Furthermore, a com-
prehensive framework for analyzing multiple influencing factors such as urbanization,
economic growth, land use, household consumption, foreign trade, fixed asset investment,
and government expenditure was established to promote understanding of the county-level
driving mechanisms behind carbon emissions.

Carbon emissions in this region exhibit distinct spatial patterns, characterized by high–
high and low–low concentrations. Carbon emissions were predominantly concentrated
in the counties surrounding the Pearl River Estuary, with significantly higher emission
levels observed in counties on the eastern bank of the Pearl River compared to those on
the western bank. Overall, there was a partial reduction in spatial disparities regarding
carbon emissions.

In 2010, 2015, and 2019, construction land consistently emerged as the most influential
factor, with its explanatory power progressively increasing over time. The explanatory
power of other factors varied with their changing dynamics. The interaction effect signifi-
cantly amplified the effect of various factors on the spatial differentiation of county level
carbon emissions, particularly enhancing the impact of low-explanatory-power single fac-
tors.

With the continuous economic and social development of the Pearl River Delta urban
agglomeration, construction land expansion significantly influences the county-level carbon
emissions of this region. Moreover, the escalating demand for land to accommodate high-
carbon projects will inevitably result in substantial carbon emissions. Therefore, local
governments should rigorously regulate land requirements for high-carbon projects such
as thermal power plants and refining and chemical plants while concurrently enhancing
spatial utilization efficiency for industrial land and energy infrastructure with high carbon
footprints. Additionally, local governments should bolster investments in clean energy
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initiatives and advancements in energy-saving and emission-reduction technologies. This
includes improving the energy efficiency of transportation systems, buildings, water supply
networks, and power supply facilities to curtail both energy consumption levels and
associated carbon emissions.

5. Discussion

In this research, a spatial simulation of carbon emissions based on multi-source data
was conducted with the support of PSO-BP. The focus of this study was to investigate
the spatiotemporal dynamics and driving mechanisms of carbon emissions in this urban
agglomeration at both district and county levels. The aim was to provide a decision-
making basis and reference for the low-carbon development path not only for this urban
agglomeration but also for other urban agglomerations. However, this research still has
following shortcomings:

(1) The spatial simulation of carbon emissions primarily relies on a top-down approach.
Despite the coupling of high-precision population and economic spatial data, there
is still room for further improvement in the spatial accuracy of carbon emissions
data. In future studies, it is recommended to consider incorporating a combination of
bottom-up and top-down approaches to enhance the integration of multi-source POI
data, big data from industrial enterprises, high-precision land use data, etc., thereby
enhancing the accuracy of spatial simulations for carbon emissions.

(2) Energy consumption, energy structure, and other factors directly impact carbon
emissions. However, obtaining data on energy consumption is challenging due to
the varying statistical caliber at the city, district, and county levels. To enhance
the accuracy of statistical accounting for carbon emissions in future research, it is
recommended to conduct field surveys on energy consumption data at the district
and county levels, as well as the enterprise and household levels.

(3) The driving mechanisms of carbon emissions identified in this study primarily focused
on the internal influencing factors of urban agglomerations. With the implementation
of the new dual-cycle development pattern, there is increased connectivity between
the internal and external aspects of urban agglomerations. Therefore, it is essential
to enhance research on the impact of external influencing factors on local carbon
emissions in urban agglomerations.
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Abstract: Urbanization has led to a reduction in green space, weakening the region’s
carbon sink capacity and stability and bringing a series of ecological problems, making
the restoration and improvement of the ecological environment crucial. This study used
Nanjing, China, as a case to construct an ecological network by applying Morphological
Spatial Pattern Analysis (MSPA) and the Linkage Mapper (LM) tool based on circuit theory.
The connectivity of ecological patches was evaluated by calculating the delta potential
connectivity index (dPC). The CASA model (Carnegie–Ames–Stanford approach) was
applied to quantify carbon sequestration in Nanjing. We propose an innovative carbon
sink index (CSI) that integrates three indicators: capacity, efficiency, and variability. This
index assesses the carbon sink function of ecological patches from both static and dynamic
perspectives. Using the Future Land Use Simulation (FLUS) model, we simulated carbon se-
questration changes in 2035, providing insights for risk assessment and future optimization
strategies. The results reveal a significant positive correlation between node connectivity
and both carbon sink capacity and efficiency, indicating that enhancing connectivity at
key nodes can effectively improve its carbon sequestration. On this basis, by coupling
dPC and CSI indices to classify ecological network nodes, we proposed four strategies for
optimization: ecological conservation, structural connectivity, carbon sink improvement,
and synergistic enhancement. Finally, by adding 26 ecological stepping stones, 32 ecological
corridors, and optimizing landscape components, we achieved dual improvements in both
the structural and functional aspects of the ecological network. After optimization, the
network connectivity increased by 1.6% and the carbon sink increased by 3.82%, demon-
strating a significant improvement. This study emphasizes that by protecting, enhancing,
and restoring ecological spaces, the carbon sequestration function and stability of urban
ecological networks can be effectively improved. These findings provide valuable insights
for the scientific management of ecological spaces in urbanized areas.

Keywords: carbon sink index; landscape connectivity; ecological network optimization;
multi scenario simulation; urban planning

1. Introduction

As urbanization continues to accelerate globally, cities are confronting unprecedented
climate and ecological challenges [1]. The ongoing expansion of urban land often en-
croaches on natural ecosystems, leading to habitat fragmentation [2,3], biodiversity loss [4],
and the decline of ecosystem services and stability [5]. These changes reduce the carbon
sequestration potential of green spaces and limit the effectiveness of regional ecological
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networks as carbon sinks [6,7]. With China’s commitment to sustainable development and
carbon neutrality goals [8], there is a pressing need to restore and improve the ecological
environment. Optimizing urban ecological structures and promoting sustainable urban
development are therefore central areas of current research.

Ecological network construction has become a crucial conservation strategy, playing
an essential role in ecological environment restoration. The core principle is to maintain con-
nectivity between isolated and fragmented ecological sources and corridors, ensuring the
continuous provision of ecological services and carbon sink functions [9,10]. Researchers
generally follow a process of “source identification, resistance surface construction, and
corridor extraction” in ecological network construction [11–13]. Ecological sources, often
patches with complete landscape structures and strong ecological functions, are identified
using methods like MSPA [14], which precisely locates areas vital for landscape connec-
tivity [15]. The minimum cumulative resistance model is commonly used to determine
ecological corridors [16], identifying optimal pathways for biological movement. However,
it falls short in defining the spatial extent and key nodes of these corridors. To address
this, circuit theory, drawn from physics, has been applied in ecological networks [17]. By
simulating biological movement as electrical current, circuit theory helps identify critical
locations and sets corridor width thresholds based on the intensity and frequency of the
current, providing a more accurate picture of ecological connectivity [18–20].

Many studies highlight the significance of ecological networks in enhancing the carbon
sequestration potential of green spaces [21–23]. These networks provide a critical spatial
foundation for the material and energy cycles within urban areas, supporting ecological pro-
cesses that are integral to low-carbon development and carbon balance [24]. From a network
perspective, quantifying the spatiotemporal changes in carbon sequestration due to land-use
changes, ecological networks offer valuable insights into how carbon sinks and sources
can be balanced to promote sustainable urban growth [25]. Research has demonstrated
that modifications in green space network structure can enhance carbon sequestration by
enhancing ecosystem resilience, energy flow, and overall functionality [26–28]. Vegetation,
which plays a central role in carbon sequestration, is influenced by various environmental
factors [29,30]. Healthy ecosystems promote a positive circulation of materials and en-
ergy [31–33], and in degraded urban ecosystems, the construction of ecological corridors
and stepping stones can enhance plant growth conditions, boosting their carbon absorption
potential [34,35]. Therefore, restoring and renewing urban ecological networks is essential
for repairing damaged local ecosystems and serves as a strategic approach to large-scale
landscape restoration, which is critical for achieving carbon balance [36].

Despite growing interest, research that links carbon sinks with ecological networks
remains in the early stages. Most existing studies focus on modeling specific years of eco-
logical space networks, with little attention given to the interactions between ecology and
carbon sequestration at the urban scale [37]. Additionally, research on carbon storage at the
spatial level tends to focus on land use variability, neglecting the enhancement of individual
patch quality [38]. Moreover, there is a lack of scientific frameworks for quantitatively eval-
uating the structural and functional interactions of ecological networks [39,40]. The existing
research often relies on single aggregate indicators to measure carbon sequestration in
green spaces, overlooking the complexity and dynamic nature of ecosystems [41]. To clarify
the role of urban green spaces in the carbon cycle and guide future urban development,
there is an urgent need for a framework that integrates the structural characteristics of
green spaces with carbon sequestration potential while promoting network optimization.

Building on previous research and addressing knowledge gaps, this study aims to
accomplish the following: (1) establish an ecological network optimization framework
that couples green space structure with carbon sink function, considering their dynamic
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complexities; (2) use Nanjing as a case study to analyze the connectivity of ecological
nodes and the spatiotemporal variation in carbon sinks; and (3) link landscape patch
connectivity with carbon sequestration to identify strong and weak ecological nodes and
propose targeted optimization strategies. By quantitatively evaluating the effects of these
strategies on carbon sequestration and network connectivity, this study aims to enhance
the carbon sink potential of urban ecological spaces, improve local environmental quality,
and provide valuable insights for sustainable urban development planning.

2. Materials and Methods

2.1. Study Area

Nanjing, a pivotal city within China’s Yangtze River Delta urban cluster, is located
in the southwestern part of Jiangsu Province. As the capital of Jiangsu Province, it spans
an area of 6587.02 km2, covering 11 municipal districts. The city’s geographic coordinates
range from 31◦14′′ to 32◦37′′ north latitude and 118◦22′′ to 119◦14′′ east longitude (Figure 1).
By the end of 2023, Nanjing’s permanent population reached 9.55 million, with a GDP
of 1.74 trillion CNY, ranking second in Jiangsu Province and third within the Yangtze
River Delta region. The subtropical warm climate provides ample sunshine throughout
the year, with an average annual temperature of 15.4 ◦C and annual precipitation of
1100 mm. Nanjing’s landscape is dominated by plain valleys and low altitude hills, with an
average elevation of 28 m and a maximum elevation of 418 m. Nanjing is rich in natural
resources, with 31% forest coverage and 11.4% water resources, providing abundant carbon
sink potential.

Figure 1. Geographic location analysis of Nanjing, China. (a) Geographic location of Yangtze River
Delta in China; (b) Geographic location of Nanjing in the Yangtze River Delta; (c) Land use of Nanjing
in 2020.

The Nanjing municipal government attaches great importance to the construction of
low-carbon cities, prioritizing ecological restoration and enhancing carbon sink functions.
However, rapid urbanization has led to the loss of ecological spaces, a decline in biodiversity,
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the degradation of water and soil quality [42], atmospheric pollution, and heat island effects,
posing serious challenges to the carbon sink function of ecosystems [43]. Since 2013, Nanjing
has implemented various ecological restoration efforts, including the development of
greenways, green space planning, and greening projects along the Yangtze River. However,
the overall trend of ecosystem degradation has not been fundamentally reversed [44,45].
In light of these challenges, it is necessary to quantitatively evaluate the carbon sink of
green spaces from a systematic and multidimensional perspective and propose targeted
optimization strategies to address ecological issues in the process of urbanization.

2.2. Data Sources and Processing

This study primarily used multiple datasets from three periods in 2000, 2010, and 2020,
as shown in Table 1. According to the classification formulated by the Chinese Academy
of Sciences, the land-use data were reclassified into six types: cultivated land, forest land,
grassland, water area, construction land, and unutilized land. The climate and environment
data include elevation, slope, temperature, precipitation, and solar radiation. Utilizing the
Google Earth Engine platform and remote sensing images, the NDVI index was calculated.
Socioeconomic data include population, GDP, roads, and transportation stations. All data
were uniformly processed using the WGS_1984_UTM_Zone_51N projection coordinate
system, with a spatial resolution of 30 m × 30 m.

Table 1. List of research data and sources.

Data Subdata Year (s) Accuracy/(m) Sources

Land use LUCC 2000, 2005, 2010, 2020 30
GlobeLand30

(https://zenodo.org/records/12779975,
accessed on 1 May 2024)

Remote
sensing

Landsat5 2000, 2010 30 GSCloud (http://www.gscloud.cn/,
accessed on 1 May 2024)Landsat8 2020 30

Climate and
environmen-

tal

DEM 2020 30 GSCloud
Slope 2020 30 Calculated by DEM
NDVI 2000, 2010, 2020 30 calculated by Landsat

Temperature
and

Precipitation
2000, 2010, 2020 1000 CMA (https://data.cma.cn/, accessed on

1 May 2024)

Solar radiation 2000, 2010, 2020 1000
TerraClimate

(https://www.climatologylab.org/,
accessed on 1 May 2024)

Socioeconomic

Population
density and

GDP
2020 1000 CAS (https://www.resdc.cn/, accessed on

1 May 2024)

Stations and
Road network 2020 30 OSM (https://www.openstreetmap.org/,

accessed on 1 May 2024)

Planning
Land-use
demand 2035 - Nanjing Territorial Spatial Master Plan

(2021–2035)
Ecological

protection red
line

2035 - Territorial Spatial Planning of Jiangsu
Province (2021–2035)

2.3. Study Design

This study was conducted in four phases (Figure 2). The first phase involved the
construction and connectivity evaluation of the ecological network (See Section 2.3.1 for
details). MSPA was used to screen ecological sources, and the Linkage Mapper (LM) tool of
circuit theory was used to construct ecological networks. On this basis, we quantitatively
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evaluated its structural connectivity. The second phase focused on the measurement and
indicator construction of the carbon sink (See Section 2.3.2 for details). The CASA model
was used to calculate the carbon sinks, supplemented by empirical values to calculate
water carbon sinks. A carbon sink index was proposed to be constructed based on static
and dynamic dimensions. The third phase was land-use simulation (See Section 2.3.3 for
details). The FLUS model was applied to predict carbon sink changes over the next 15 years
under the inertia development and master plan scenarios in 2035 to assess the carbon sink
variation for 2020 and to provide a foundation for optimizing the network. The fourth
phase focused on the optimization framework for the ecological network (See Section 2.3.4
for details). With the goal of enhancing both the carbon sink function and structural
connectivity, the study identified the optimal and worst ecological nodes and proposed
optimization strategies. By combining the current situation, planning requirements, and
future development scenarios of Nanjing, an implementation path to enhance the city’s
ecological resilience and carbon sink function was proposed.

Figure 2. Framework diagram of ecological network optimization research in Nanjing city.

2.3.1. Construction and Connectivity Evaluation of Ecological Network

MSPA is a method based on morphological algorithms used to identify key patches
in ecosystems. It classifies pixels into seven landscape types: core, islet, perforation, edge,
bridge, loop, and branch, aiming to improve the scientific identification of ecological
patches and corridors from the perspective of spatial connectivity [46]. In this study, we
used the Guidos Toolbox 3.3 software to analyze land-use data from 2000, 2010, and 2020.
Forests, grasslands, and water areas were treated as foreground, and cultivated lands,
construction lands, and unutilized lands were considered background. An 8-neighborhood
analysis method was adopted to extract core areas larger than 1 km2 as ecological sources.
The interactions between ecological sources are influenced by landscape surface resistance,
which is determined by both natural factors and human disturbances [47,48]. To accurately
describe the distribution of resistance, this study integrated five key factors: MSPA classi-
fication, land-use type, NDVI index, slope, and elevation. The Delphi method was used
to scientifically determine the weight of each factor (Table A1), and the fuzzy affiliation
tool was used for data normalization. The cumulative resistance surface was generated
using the raster calculator in ArcGIS 10.6. Finally, the ecological sources and cumulative
resistance surface were input into the LM model [49,50]. This model identifies the least-cost
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paths between ecological sources, effectively integrating fragmented ecological patches
and forming a cohesive ecological network [51].

Geographically adjacent ecological sources have stronger resistance to disturbances
due to their modularity and proximity [52]. As a core indicator for measuring the degree of
connectivity between ecosystem patches, landscape connectivity is crucial for assessing
ecosystem stability and functional integrity [53–55]. After the successful construction of an
ecological network, this study analyzed the characteristics of landscape connectivity using
patches as the basic unit. The integral index of connectivity (IIC) and potential connectivity
(PC) of the patches were calculated using the Conefor 2.6 platform, and the relative change
rate of the potential connectivity (dPC) after each patch disappeared was measured to
assess the criticality of each patch in the ecological network structure. The calculation
formulas are as follows.

I IC =
1

A2
L

n

∑
i=1

n

∑
j=1

aiaj

1 + nlij
(1)

PC =
1

A2
L

n

∑
i=1

n

∑
j=1

aiajP∗
ij (2)

dPC =
(PC − PCremove)

PC
× 100% (3)

where n is the total number of patches; ai and aj are the areas of landscape patches i and
j; nlij refers to the number of shortest path connections between patches i and j; P∗

ij is the
maximum value of the path probability product between patches i and j; AL is the area of
the study area; PCremove is the index of potential connectivity after removing a certain type
of landscape element. IIC and PC values range from 0 to 1, with lower values indicating
lower landscape connectivity. The higher the dPC value, the more important the patch is
for landscape connectivity.

2.3.2. Measurement and Index Construction of Carbon Sink

The CASA model is a solar energy utilization model based on land cover, vegetation
classification, and climatic data, which describes the temporal variation of carbon fluxes
within terrestrial ecosystems [56,57]. This model calculates the net primary production
(NPP) of vegetation based on photosynthetically active radiation and actual light energy
utilization efficiency. NPP represents the plants’ own carbon sequestration capacity and
provides a basis for estimating the carbon sink of ecosystems [58]. The CASA model consid-
ers the effects of spatiotemporal heterogeneity and environmental stress on photosynthesis,
and compared to the InVEST model, it is more accurate in estimating carbon storage in
urban green spaces [59]. This study mainly refers to the CASA model improved by Zhu [60],
and its calculation formulas are as follows.

NPP(x, t) = APAR(x, t)× ε(x, t) (4)

APAR(x, t) = SOL(x, t)× FPAR(x, t)× 0.5 (5)

where APAR represents the photosynthetically active radiation (MJ·m−2), ε is the actual
light energy utilization (gC·MJ−1). SOL is the total solar radiation photosynthetically active
radiation (MJ·m−2), FPAR is the proportion of photosynthetically active radiation absorbed
by vegetation, and 0.5 is the proportion of solar active radiation available to vegetation.
(x,t) denotes the x image element at time t. SOL and FPAR were calculated based on remote
sensing and meteorological data. Referring to the existing local studies and the research
results of Zhu Wenquan’s CASA model [60], the light energy utilization rate of cultivated
land was taken as 0.542 g·MJ−1, forest land was taken as 0.985 g·MJ−1, grassland was taken
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as 0.608 g·MJ−1, water area was taken as 0, and construction and unused land was adopted
as a uniform value of 0.389 g·MJ−1.

Watershed carbon sequestration is a small proportion of total carbon fluxes and
involves ecological processes that differ only at larger spatial scales. Therefore, in this study,
watershed carbon sequestration was measured by the empirical coefficients method used
by previous authors for sediment rates in river and lake systems [61–64] (Table 2).

Table 2. Carbon sink rate of wetlands in the Yangtze River Delta region.

Wetland Types Carbon Sink Rate (tCO2·km−2·a−1)

Lake 199.31
Riverine 277.31

Everglade 498.36

Carbon sink is a vital component of the ecological functions of green spaces, and its
effectiveness is complex and multifaceted. In planning research, it is crucial to adopt a
multi-dimensional quantitative analysis approach to build a comprehensive and diverse
evaluation system. This allows for an accurate assessment of the challenges that green
spaces face in carbon sequestration during urban development, providing a foundation
for targeted optimization. This study innovatively proposed the carbon sink index (CSI),
which integrates both static and dynamic dimensions. Static indicators reflect the strength
of carbon sequestration capacity, while dynamic indicators capture the extent of change
influenced by internal and external factors. The construction of CSI comprehensively
covered the three core characteristics of carbon sink capacity, efficiency, and variability in
green spaces.

The carbon sink capacity index (CSCI) is a key metric for evaluating the carbon seques-
tration potential of urban green spaces. Its variations are primarily influenced by the spatial
layout and components of green spaces [65,66], allowing for the precise quantification of
how each patch contributes to the overall carbon sink. The carbon sink efficiency index
(CSEI) measures the effectiveness of urban green spaces in converting input resources into
carbon sequestration. Referring to the concept of forest carbon sink efficiency [67], this
metric quantifies the amount of carbon sequestered per unit area, revealing insights into
the landscape composition, community structure complexity, and ecological quality of
the green space [66]. In addition, the carbon sink variability index (CSVI) tracks changes
in carbon sequestration from 2020 to 2035 under an inertia development scenario. By
capturing fluctuations in carbon sink performance, the CSVI serves as an early warning
system, supporting future carbon sink management strategies and decision-making.

2.3.3. Scenario Simulations of Land Use

Since the 1990s, spatial simulation models have been increasingly applied in the study
of landscape patterns and ecological processes [68]. Among these, the FLUS model is
widely adopted due to its high accuracy, bidirectional logic, and strong scenario-based
guidance. This model integrates neural networks and cellular automaton with adaptive
inertia mechanism [69,70]. Firstly, the model calculates the suitability probabilities for land
use based on user-input driving factors using an artificial neural network (ANN) algorithm.
Secondly, the FLUS model optimizes the traditional cellular automata model, improving the
accuracy of land-use predictions under the influence of multiple factors [71]. In this study,
we selected 10 natural and social driving factors, including elevation, slope, population
density, GDP, distance to urban centers, distance to major, secondary, and tertiary roads,
and distance to airports and train stations. These data sources are detailed in Table 1.
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This simulation established two contrasting scenarios: the inertia development sce-
nario and the master plan scenario. In the inertia development scenario, urban expansion
continuously encroaches on surrounding green spaces, disrupting ecological corridors
between nodes and weakening the overall functionality of the ecological network [72].
This scenario aims to highlight the feedback mechanisms of green spaces under severe
challenges and provides a scientific basis for ecological risk warning [73]. In contrast,
the master plan scenario focused on exploring the ecological potential space, based on
Nanjing’s land-use plan for 2035, proposing a sustainable development strategy [74]. The
land-use demand for the inertia development scenario relied on the CA-Markov model [75],
calculated with data from two periods in 2005 and 2020. The future land use and ecological
protection red line were set according to the master plan.

A cost matrix (Table A2) is used to constrain land-use transitions. For land types that
cannot be converted to other types, the corresponding value of the matrix is set to 0. If
conversion is allowed, the value is set to 1. The model’s accuracy is validated using the
Kappa coefficient and FOM index. The Kappa value ranges from 0 to 1, with values greater
than 0.75 indicating high simulation accuracy. When the Kappa value meets the required
threshold, a higher FOM value suggests better simulation performance [76,77]. Finally,
the simulated land use in 2035 is processed by the MSPA and LM models to construct
the ecological network. The CSCI and CSVI values are then estimated for each scenario,
providing a comprehensive evaluation of the ecological network’s carbon sink potential.

2.3.4. Optimization Framework of the Ecological Network

To restore and enhance the ecological network, we examined the carbon sink capacity
and connectivity of ecological sources. The CSI was used to measure the carbon sink
function of these sources, while the dPC index assessed their structural connectivity. Based
on these indices, we first examined the relationship between carbon sinks and connectivity,
and then proposed a strategy to enhance both in synergy. During the coupling process
of these two indices, we identified the top 20% of patches in terms of CSI and dPC as
strong ecological nodes and the bottom 20% as weak ecological nodes. Optimization
strategies were then developed based on the performance of patches in both indices,
including ecological conservation, structural strengthening, carbon sink improvement, and
synergistic enhancement (Figure 3). Finally, we compared the connectivity and carbon sink
before and after the optimization of the ecological network to validate the effectiveness of
the proposed strategies.

Figure 3. Optimization strategies for ecological networks in Nanjing.

3. Results

3.1. Construction and Analysis of Ecological Network in Nanjing City
3.1.1. Nanjing Ecological Spatial Network

The MSPA results show that the number of ecological sources identified in 2000,
2010, and 2020 were 88, 100, and 78, respectively, with corresponding areas of 966.08 km2,
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1053.50 km2, and 877.51 km2. Notably, the increase in the number of sources in 2010 was
primarily due to the large-scale conversion of cultivated land to water areas in the southern
part of the study area. With the help of ArcGIS platform, we weighed and overlaid five
types of factors to generate comprehensive resistance distribution maps for Nanjing in
2000, 2010, and 2020. Based on the LM model, we generated ecological corridors, with
195 corridors in 2000, 208 in 2010, and 180 in 2020. Combined with the screened ecological
sources, we constructed the ecological network for the study area (Figure 4). It was found
that large-scale ecological sources in Nanjing are primarily distributed south of the Yangtze
River, while the sources north of the river are smaller and scattered. The distribution of
corridors aligns with the sources land pattern, being sparse in the north and denser in the
south. The region to the west of the Yangtze River exhibits a more fragmented network
structure, mainly due to the absence of large green spaces to serve as a structural framework.
Over the past two decades, the overall number of sources and corridors in Nanjing initially
increased but then declined, and the acceleration of urbanization has significantly affected
the distribution pattern of ecological spaces.

Figure 4. Construction of the ecological network in Nanjing. (a) Ecological sources of Nanjing in 2000,
2010, and 2020; (b) Resistance surfaces of Nanjing in 2000, 2010, and 2020; (c) Ecological network of
Nanjing in 2000, 2010, and 2020.
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3.1.2. Nanjing Ecological Network Connectivity Analysis

Based on the analysis using the Conefor26 platform, we obtained the IIC index and
PC indices of the ecological network in 2000, 2010, and 2020, with values of 2.18, 2.59, 2.09
(IIC) and 3.66, 4.68, 3.14 (PC), all of which showed a trend of initially increasing and then
significantly decreasing. In 2020, the spatial distribution of patch importance indices (dPC)
is shown in Figure 5, where patches are numbered in ascending order of area. The results
showed that patches with high dPC values were primarily concentrated around Shijiu
Lake (patch 77) and the Yangtze River (patch 78), as well as large forest patches along the
riverbanks (patches 76 and 75). These areas form the core groups of the ecological network.
Patches with moderate dPC values (patches 51, 69, 73, 74, etc.) were mainly located on
the southern edge of the urban area. In contrast, smaller patches distributed widely in the
north and south exhibited lower dPC values and lacked structural connectivity, indicating
the fragmentation of the ecological network.

Figure 5. Spatial distribution of dPC index for ecological sources of Nanjing in 2020.

3.2. Comprehensive Evaluation of Carbon Sink by Multi-Scenario Simulation in Nanjing
3.2.1. Results of Land-Use Simulations

We used the FLUS model to simulate land use of Nanjing for 2035 and compared
the spatial patterns under two different scenarios: inertial development (Scenario I) and
master plan (Scenario II) (Figure 6a). Through calculation, the Kappa coefficient of the
FLUS model reached 0.763 and the FOM coefficient was 0.302, verifying the accuracy
of the model and its parameters for predicting future land-use changes in Nanjing. In
Scenario I, the construction land expanded dramatically, increasing by 10.83%. This growth
comes at the cost of a drastic reduction in cultivated land and forest land, with cultivated
land decreasing by 513.96 km2 and forest land decreasing by 71.60 km2. This indicated
that under the inertia development model, urban expansion directly led to a considerable
reduction in ecological space. In contrast, in Scenario II, the construction land increased by
7.03%, and although the cultivated land decreased by 406.04 km2, the forest land increased
by 41.62 km2. Both scenarios showed a decrease in water system areas, with Scenario I
experiencing a more severe decline.
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Figure 6. Land use and ecological network under simulated scenarios of Nanjing in 2035. (a) Land
use under simulated scenarios of Nanjing in 2035; (b) Ecological network under simulated scenar-
ios of Nanjing in 2035; (c) Comparison of land-use area before and after simulation in Nanjing;
(d) Comparison of carbon sinks and connectivity before and after simulation in Nanjing.

Figure 6b illustrates the ecological network under the two scenarios for 2035. Scenario
II demonstrates a denser ecological network and a more stable localized group structure
compared to Scenario I. Specifically, in Scenario I, there were 53 ecological source patches
and 104 corridors, both of which had decreased compared to 2020. The primary changes in
the network occurred in the central and northern regions, where the loss of core patches
led to a sharp reduction in the number of corridors. In Scenario II, the total number of
ecological source patches increased to 83, and the number of corridors reached 179. This
represents an increase in source patches from 78 in 2020, and the corridor count was similar
to 2020 levels. Scenario II showed significant improvements at the northern and southern
ends. The northern corridors have become more homogeneous due to the appearance
of small patches and effectively connect the original ecological network gap areas. The
improved network performance at the southern was reflected in the corridor structure
becoming more compact, especially in the localized clusters centered around Shijiu Lake,
where connections between patches have become more uniform. Additionally, small
patches have emerged in previously vacant areas west of the Yangtze River, indicating that
the master plan scenario has enhanced the ecological network’s coverage across the city.

Calculating the carbon sinks of the ecological sources under the two scenarios, it was
found that the carbon sink capacity of Scenario II increased from 349,000 tons in 2020 to
368,000 tons, reflecting a 5.4% increase. In contrast, the carbon sink capacity of Scenario I
decreased to 316,000 tons, representing a reduction of 9.5%. From Scenario I to Scenario II,
the carbon sink capacity increased by 52,000 tons, equivalent to 14.9% of the 2020 value.
This result clearly demonstrates the significant advantage of the master plan scenarios
in enhancing carbon sink capacity, emphasizing the importance of following the plan for
urban development and ecological construction.
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3.2.2. Evaluation of Carbon Sink Index

Figure 7 illustrates the spatial distribution pattern of carbon sink capacity, efficiency,
and variability of ecological sources in 2020. The study showed that the carbon storage was
positively correlated with patch area. Small patches (<10 ha) have lower carbon storage,
while large patches (>20 ha) exhibit higher carbon sequestration capacity. Large forest
patches, with their superior ecological quality and structural components, have more
significant ecological benefits. Notably, forest patches such as 76, 75, 74, 73, and 72 display
higher carbon sequestration efficiency. In contrast, waterbody patches (such as 77 and 78)
and many smaller patches show lower carbon sequestration efficiency, especially in areas
like Qixia, Jiangning, Lishui, and Liuhe districts. From a spatial evolution perspective, the
total carbon storage in ecological sources has been on a downward trend from 2000 to 2020,
with an overall decrease of 21.7%. The most significant decline occurred between 2010 and
2020, as large patches were severely affected, leading to a sharp drop in overall carbon
sequestration.

Figure 7. Spatial distribution map of carbon sink capacity, efficiency, and variability for ecological
sources of Nanjing in 2020.

To further evaluate the carbon dynamics of ecological sources, this study projected
the change rates in carbon storage for each patch from 2020 to 2035, which was used as the
carbon sink dynamics index. Under the inertial development scenario, 93.6% of the patches
showed a decrease in carbon storage by 2035, with a more pronounced decline in smaller
patches, especially in northern Liuhe district, southern Lishui district, and near the central
urban areas. Large patches, with their mature green spaces and higher ecological quality,
demonstrated stronger resilience, while smaller patches were more vulnerable and faced
higher risks.

Figure 8 presents the integrated carbon sink index of patches based on the capacity,
efficiency, and the variability from 2020 to 2035. The results reveal that patches 78, 76, 67,
65, and 74 have the highest carbon sink rankings and are the key ecological source sites in
Nanjing. Conversely, patches in Lishui, Liuhe, and Gaochun districts, especially smaller
patches like 52, 48, 27, 10, and 19, have lower integrated carbon sink values and urgently
need restoration and enhancement. Interestingly, despite lower total carbon storage in
smaller patches like 65 in the north and 55 in Lishui, their overall carbon sink performance
is favorable. The analysis of their sub-indicators shows high carbon sequestration efficiency
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and change rates, suggesting good ecological quality and a positive future trend. These
patches could serve as models for ecological improvement in other small and medium-
sized patches.

Figure 8. Spatial distribution map of carbon sink index for ecological sources of Nanjing in 2020.

3.3. Optimization and Validation of Ecological Networks
3.3.1. Correlation Analysis Between Carbon Sinks and Connectivity

We obtained the dPC and comprehensive carbon sink index for each ecological source
in 2020. To further investigate the potential impact of dPC on the ecosystem’s carbon sink
capacity, we used Spearman correlation analysis to assess the relationship between carbon
sink index and dPC. The results revealed a significant positive correlation between dPC
and both carbon sink capacity and efficiency (Figure 9). This suggests that increasing the
connectivity of ecological nodes can enhance their carbon sink capacity. Based on this,
we propose an optimization strategy that integrates the carbon sink index and connectiv-
ity, aiming to strengthen both the structure and function of the ecological network in a
complementary way.

Figure 9. Correlation analysis between carbon sinks and connectivity for ecological sources of Nanjing.

3.3.2. Optimization of Ecological Network

The study deeply explored the coupling relationship between carbon sink index (CSI)
and structural connectivity (dPC) based on the ecological source data of Nanjing in 2020 and
accordingly identified four categories of ecological sources that need targeted optimization.
Under the guidance of the upland planning and 2035 simulation scenarios, we carried
out a bidirectional optimization of Nanjing’s ecological network in terms of function and
structure and mapped the optimization pattern (Figure 10).
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1. Strategies for Ecological Conservation

Figure 10. Optimization strategies of ecological network in Nanjing. (a) Overall plan for optimizing
the ecological network in Nanjing; (b) Distribution map of ecological strong nodes in Nanjing;
(c) Distribution map of ecological weak nodes in Nanjing; (d) Distribution map of added ecological
stepping stones in Nanjing; (e) Distribution map of ecological conservation corridors in Nanjing;
(f) Distribution map of ecological potential corridors in Nanjing; (g) Distribution map of ecological
restoration corridors in Nanjing.

For the 21 ecologically strong nodes with CSI or dPC in the top 20%, we adopted an
ecological conservation strategy. These nodes are mostly larger scale patches with higher
ecological maturity. The Yangtze River (Node 78), a key aquatic ecosystem in the Yangtze
River Delta region, plays a crucial role in water conservation, climate regulation, and
biodiversity preservation. Similarly, Shijiu Lake (Node 77), a wetland habitat for many
bird species, is essential for maintaining ecological balance in the southern region. For
these important wetland patches, we propose waterway management and restoration
measures to improve their ecological quality. Meanwhile, forest patches such as Nodes
76, 75, and 74, as the primary carbon storage green spaces in Nanjing, should reduce the
interference of human activities and formulate strict protection policies to ensure their
natural state and ecological continuity. Grasslands distributed between forest patches,
which are important habitats for wildlife and significant carbon sinks, should be man-
aged to support natural regeneration, with controlled grazing to ensure their long-term
sustainability. Moreover, we place special emphasis on protecting 26 structural corridors
that connect ecological strong nodes. Measures such as controlling urban expansion and
optimizing landscape composition within the corridors are crucial to maintaining their
connectivity and ecological functions.

2. Strategies for Structural Connectivity

For the 15 nodes with dPC in the latter 20%, we implemented a strategy to enhance
structural connectivity. These nodes are primarily located in the northern Liuhe district
and the southern Lishui and Gaochun districts. To increase connectivity, we screened small
wetlands, water bodies, and forest areas with a landscape shape index greater than 2 and
an area larger than 0.3 km2 as stepping stones, totaling 21 locations. In response to the
fragmented network structure in the western Yangtze River region and parts of Lishui,
we added five additional stepping stones (locations 7, 8, 9, 12, and 13), bringing the total

59



Land 2025, 14, 93

number of stepping stones to 26. Additionally, we enhanced connectivity by introducing
more ecological corridors. The 11 new corridors in the simulated 2035 master plan scenario
can be regarded as potential corridors for future planning, which are mainly located in
the northern part of Nanjing, the central region to the west of the Yangtze River, and the
southern Lishui district. Furthermore, we restored 21 corridors that existed in 2010 but
were broken and made extinct in 2020, mainly distributed in the north of the Yangtze
River, around the old city, around the sub-city of Lishui, and south of Shijiu Lake, which
are habitual pathways for biological migration and information interaction [73]. In total,
32 ecological corridors, including both potential and restoration types, will be added.

3. Strategies for carbon sink improvement

For the 15 weak nodes in the bottom 20% of the CSI, we adopted a carbon sink im-
provement strategy. Based on the characteristics of patches in terms of carbon sink capacity,
efficiency and variability, targeted optimization measures were proposed (Figure 11). For
patches with low carbon sink capacity, such as patches 8, 21, and 16 in the central urban area,
which are limited by area expansion, it is suggested to enhance the carbon sink capacity
by optimizing the landscape components. In the central and southern parts of the city,
patches 2, 12, 7, and 17, which are forest areas, could benefit from linking surrounding green
spaces to expand their size and create continuous ecosystems. For wetland patches 14, 39,
and 28, large-scale ecological restoration is recommended, supported by the development
of eco-tourism industries and suburban parks, to effectively increase the size of habitat
patches, so as to enhance carbon storage.

Figure 11. Ternary diagram of carbon capacity-efficiency-variability for 15 weak carbon sink nodes
in Nanjing.

For patches with poor carbon sink efficiency, such as patches 27, 52, 17, and 7, the focus
should be on improving the structural composition. Specific measures include optimizing
community composition, adjusting age structure, and enhancing spatial arrangement.
This could involve increasing the proportion of trees and shrubs, promoting evergreen
and deciduous trees, and favoring high-carbon vegetation to improve community carbon
storage. Additionally, increasing the proportion of younger trees can enhance carbon sink
potential, while improving vertical plant structure and building layered plant communities
will further strengthen carbon sink capacity. For wetland patches 21, 28, 39, 35, and 42,
increasing the proportion of forest, grassland, and aquatic plants is essential to improve
carbon sink efficiency.
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Regarding carbon sink variability, patches 2, 12, 14, 26, 27, and 52 show weak perfor-
mance. Simulation results indicate that these patches will experience significant reduction
in area by 2035 due to surrounding land-use encroachment, particularly patches 14 and 26,
where water systems are almost entirely lost, leading to sharp declines in carbon sink capac-
ity. These patches, mostly located on the outskirts and in rural areas, represent regions with
high ecological risk. Future development in these regions should be carefully controlled. If
development activities are required, internal composition enhancement strategies should
be applied to mitigate the carbon sink loss caused by the reduction in patch size.

4. Strategies for Synergistic Enhancement

For the five dual-weak nodes, where both CSI and dPC fall within the bottom 20%,
we applied a collaborative optimization strategy. These nodes are mostly small water
patches with low carbon sink density, distributed at the northern and southern ends of the
study area, which are characterized by higher ecological risk. To address these issues, we
recommend focusing on ecological restoration to enhance the carbon sequestration capacity
of wetlands. Additionally, improving connectivity with nearby major water systems is
essential to create a specialized water network, thereby boosting both ecological function
and connectivity.

3.3.3. Optimized Verification

The carbon sequestration of the optimized ecological network was estimated, with
the efficiency of the updated source sites and corridors calculated based on the average
values for forest, grassland, and water patches in 2020. The optimized ecological sources
showed an increase of 11,019.6 tons in carbon sequestration. Of this, 7162.2 tons resulted
from the addition of ecological stepping stones, while 2857.3 tons came from improvements
in the internal composition of the sources. The carbon sequestration in ecological corridors
increased by 2740.2 tons, resulting in a total improvement of 13,759.8 tons of the entire
ecological network. This represents a 3.82% increase in total carbon sequestration compared
to the pre-optimization values, demonstrating a significant improvement (Table 3).

Table 3. Changes in carbon sink before and after optimization of Nanjing’s ecological network.

Types Unoptimized (t) Optimized (t)

Ecological sources of carbon sink 349,433.48 360,453.03
Ecological corridors carbon sink 104,97.61 132,37.85

The number of optimized ecological sources increased to 114, covering a total area of
894.20 km2, which represents a 1.9% growth compared to the pre-optimization area. The
number of ecological corridors also grew to 232, with a total length of 1330.99 km, reflecting
a 15.54% increase. Guided by the optimization strategy, the PC index and IIC index have
improved by 1.6% and 0.5%, indicating a notable enhancement in the overall structural
connectivity of the ecological network (Table 4).

Table 4. Changes in structural indices before and after optimization of Nanjing’s ecological network.

Types 2020 2035-I 2035-II Optimized

Number of ecological sources 78 53 83 114
Area of ecological sources (km2) 877.51 796.47 915.75 894.20
Number of ecological corridors 180 104 179 232

Length of Ecological Corridor (km) 1151.93 923.33 1150.51 1330.99
PC (10−3) 3.14 2.53 3.22 3.19
IIC (10−3) 2.09 1.78 2.15 2.10
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4. Discussion

4.1. Significance of Coupling Carbon Sinks in Ecological Network Research

The integration of ecological networks and carbon sinks is increasingly seen as a piv-
otal approach for addressing climate change and biodiversity loss simultaneously. Research
on this integration emphasizes its significant role in generating synergies, enhancing eco-
logical connectivity, and improving carbon storage capacity. Numerous studies have shown
that landscapes with connected green spaces have higher carbon sequestration efficiency
compared to isolated patches [78,79]. For instance, in the European Union, the Natura
2000 network not only conserves biodiversity but also facilitates carbon storage across pro-
tected areas. Similarly, China’s “ecological redline” policy focuses on restoring ecosystems
through protected corridors, incorporating carbon sink functions into national conserva-
tion strategies [80]. These integrated efforts demonstrate that strengthening ecological
connectivity can directly enhance carbon sink efficiency.

In this study, we integrate carbon sinks with ecological networks by coupling CSI with
dPC. This approach allows for the precise identification of critical and vulnerable nodes in
Nanjing’s ecological network, enabling the formulation of targeted optimization strategies.
Previous research on ecological networks has typically focused on singular aspects such
as security or connectivity [81,82], often overlooking the multidimensional variations in
patch function. This has led to an incomplete understanding of the ecological attributes of
these areas [51]. By incorporating carbon sinks, this study offers a more comprehensive
methodology, enabling a more accurate and holistic strategy for enhancing various types of
patches, ensuring a more efficient use of resources and a more effective implementation.

The construction of the CSI in this research incorporates both static and dynamic
dimensions, forming a multi-dimensional evaluation system that captures total carbon
sequestration, efficiency, and dynamic changes. This system provides a comprehensive
reflection of carbon storage capacity and future risks. To model these dynamic changes,
the study used the FLUS model to simulate two land-use scenarios for 2035: the inertia
development scenario, which serves as a risk alert, and the master planning scenario,
which guides optimization. By considering these scenarios, the optimization strategies
proposed in this study are both forward-looking and sustainable, ensuring the long-term
improvement of ecological connectivity and carbon sink in Nanjing’s urban environment.

4.2. Effectiveness of Ecological Network Optimization Strategies

Compared to the initial network, the optimized network shows significant improve-
ments in connectivity and carbon sequestration. The optimization successfully addresses
issues such as the lack of direct connections between ecological patches and fragmented
corridors. The focus of the optimization strategy is to enhance the efficiency of nodes and
corridors while maintaining the integrity of the original network. This approach maximizes
ecosystem service value with minimal land expansion by improving the functionality and
stability of existing ecological elements at a low construction cost.

The optimization strategy proposed in this study aims to build a healthier and more
stable ecosystem from four aspects: ecological conservation, structural connectivity, car-
bon sink improvement, and synergistic enhancement. Ecological conservation nodes are
typically the most crucial and sensitive areas in the ecosystem, and maintaining their eco-
logical function is vital for the stability of the entire system [83]. The structural connectivity
strategy focuses on adding stepping stones and ecological corridors. Small patches are
often overlooked in conservation due to their higher risk of extinction [84], but they can
serve as essential stepping stones, promoting species migration, providing habitats and
shelters [85], and improving overall connectivity within the network. Research has shown
that patch connectivity is significantly correlated with carbon sink capacity and efficiency,
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meaning that enhancing connectivity not only strengthens the ecosystem’s resilience but
also promotes carbon sequestration.

The carbon sink improvement strategy aims at repairing damaged patches. Research
has found that carbon sink capacity is positively correlated with patch size, and increasing
the area and complexity of blue-green patches can significantly improve carbon sequestra-
tion benefits. Highly aggregated, adjacent, and connected blue-green patches are associated
with greater carbon storage potential [86]. Therefore, optimizing landscape composi-
tion, linking adjacent patches, and expanding patch sizes can substantially improve the
ecosystem’s carbon sink capacity, offering a robust response to climate change. Lastly, the
synergistic enhancement strategy targets the double-weak nodes in the ecosystem through
integrated management measures, reducing ecological risks and ensuring the stability of
the entire system.

4.3. Challenges in the Implementation of Optimization Strategies

The optimization strategy for ecological networks involves the creation and restoration
of certain corridors, which are derived from circuit theory within the LM model. However,
in real urban environments, the addition of new corridors may face several challenges.
A primary challenge is the scarcity of land resources, particularly in rapidly urbanizing
areas where land-use conflicts between ecological network development, urban expansion,
and agricultural growth are becoming more prominent [87]. Another key challenge is the
technical limitations in optimizing ecological networks. For example, the determination
of corridor thresholds is highly sensitive when evaluating network connectivity. Incorrect
threshold settings can lead to poor ecological outcomes or excessively high construction
costs [88]. Additionally, outdated management practices, such as the lack of dynamic
feedback on the network’s changes and the validation of its stability and connectivity
alongside urban development, hinder the effectiveness of ecological protection measures in
adapting to future urban growth.

At the micro-community level, ecological network optimization requires further re-
finement to support the comprehensive development of green spaces. This involves deeper
studies into vegetation community structure, species selection, and physiological responses
to enhance the efficiency of carbon cycling within ecosystems [89]. Future research should
focus on the specific application of ecological restoration techniques and the establishment
of standards for corridor construction to improve the practicality and effectiveness of the
strategies. Furthermore, it is critical to consider essential factors such as the number, size,
and spatial distribution of ecological sources, along with the distribution of high-resistance
zones, which are vital when constructing an ecological network.

4.4. International Significance of Ecological Network Optimization

As a key city in the rapidly urbanizing Yangtze River Delta region, Nanjing faces
significant challenges in restoring and renewing its urban green spaces. These spaces are
constrained by various external factors, such as urban construction, which makes large-scale
ecological development difficult. This study proposes an optimization strategy tailored
to Nanjing’s unique characteristics, focusing on enhancing smaller ecological spaces and
corridors to improve the connectivity and stability of the city’s ecological network. In
turn, it aims to increase the carbon sequestration of urban green spaces. This strategy
not only addresses the gap in carbon sink research for Nanjing but also offers practical
guidance for building low-carbon and sustainable cities. It represents a strategic shift from
expansion to development within existing urban infrastructure, in line with the principles
of sustainable development.
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Globally, the development of ecological networks has become crucial for biodiversity
conservation and regional ecological security. The International Union for Conservation
of Nature (IUCN) and the Convention on Migratory Species (CMS) both emphasize the
importance of maintaining and restoring ecological connectivity. Europe’s Pan-European
Ecological Network (PEEN) connects isolated habitats through ecological corridors, form-
ing a regional and even transnational ecological network system [90]. Nanjing’s ecological
network optimization strategy aligns with these international practices, demonstrating
the global importance and urgency of such initiatives. By adopting this approach, Nan-
jing can not only enhance its own ecological environment but also serve as a model for
other rapidly urbanizing regions, offering valuable insights for their ecological planning
efforts. This strategy embodies an integrated approach, where urban planning not only
focuses on economic growth but also on environmental sustainability. As the dual role of
ecological networks in carbon storage and biodiversity conservation becomes increasingly
recognized, the global shift toward nature-based solutions underscores the importance of
integrating ecological connectivity into urban planning for long-term disaster resilience
and climate adaptation.

4.5. Limitations and Prospects in Technical Methods

Previous studies on Nanjing have evaluated carbon sequestration and anthropogenic
carbon emissions, providing a more precise assessment of the regional carbon balance [91,92].
However, this study does not account for carbon emissions and focuses solely on the carbon
sink function of the ecological network, which introduces certain limitations. In many
studies, the InVEST model has been used to simulate carbon storage [93,94]. This approach
simplifies the carbon cycle process and is better suited for large-scale studies. In contrast,
this study uses the CASA model, which is specifically designed to simulate carbon cycling.
It allows for more detailed parameter adjustments tailored to different study areas, making
it better suited for understanding the unique characteristics of specific ecosystems. While
the CASA model offers more precise insights, it is data-intensive, operationally complex,
and primarily focuses on vegetation carbon sinks, excluding carbon sequestration from
water bodies. Due to research constraints, the estimation of water body carbon sinks relies
on coefficients from similar regions, which could introduce some degree of error. Future
studies should address this limitation by conducting more in-depth surveys and sampling
to achieve more accurate assessments.

Additionally, this study uses the FLUS model to predict green space carbon sinks
for 2035. However, the model faces challenges in simulating land-use changes in rapidly
developing regions with complex urban spatial patterns, leading to unclear spatial differ-
ences [95]. Future research could consider using the PLUS model or improving the FLUS
model to enhance its accuracy [96,97]. Moreover, since the NDVI data for 2035 cannot be
directly observed, this study relies on 2020 data for estimations, which limits the accuracy
of predictions. Therefore, future work should focus on developing more accurate methods
for carbon sink assessment that can better account for long-term land-use changes and the
evolving requirements of ecological network optimization.

5. Conclusions

This study establishes an integrated ecological network optimization framework cou-
pled with carbon sinks. Using Nanjing as a case study, we constructed the ecological
network using MSPA and LM tools and evaluated connectivity. The CASA model, com-
bined with water body carbon absorption coefficients, was used to quantify carbon sinks.
A three-dimensional evaluation system for green space carbon sinks was established. The
FLUS model was applied to predict land-use changes for 2035, offering early warnings
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and planning guidance for carbon sink dynamics in ecological sources. By combining
connectivity and carbon sink indices, key nodes in the ecological network are identified,
and targeted optimization strategies are proposed. The key findings are as follows: (1) Nan-
jing’s ecological space exhibits a clear north–south division. From 2000 to 2020, network
connectivity declined, and the total carbon sink in ecological sources decreased by 21.7%;
(2) Large patches performed well in both carbon sink volume and efficiency, whereas
smaller patches were at a disadvantage. In the 2035 inertia development scenario, 93.6% of
the carbon sink in ecological sources declined, with a total reduction of 9.46%. In contrast,
under the master plan scenario, the carbon sink volume increased by 4.9%, emphasizing the
importance of strategic planning; (3) Node connectivity is significantly positively correlated
with both carbon sink capacity and efficiency. Based on this, four optimization strategies
are proposed: ecological conservation, structural connectivity, carbon sink improvement,
and synergistic enhancement. By adding 26 ecological stepping stones, 32 ecological corri-
dors, and optimizing landscape components, the total carbon sink increases by 3.82% and
connectivity improves by 1.6%. This research provides practical pathways for ecological
network restoration and carbon sink enhancement in Nanjing and other cities, offering
valuable insights in the context of global urban ecological and climate change challenges.
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Appendix A

Table A1. Values and weights of ecological resistance surface factors.

Resistance Surface
Factors

Categories Resistance Values Weights

MSPA

Cores 5

0.24

Bridges 10
Loops 20

Branches 30
Islets 50
Edges 60

Perforations 70
Background 100

65



Land 2025, 14, 93

Table A1. Cont.

Resistance Surface
Factors

Categories Resistance Values Weights

LUCC

Cultivated land 1

0.29

Forest land 20
Grassland 30
Water area 50

Unutilized land
70100Constructed land

Slope (◦) - - 0.15

DEM (m) - - 0.12

NDVI - - 0.20

Table A2. Land transfer restriction matrix for scenario simulations.

Inertia Development Scenario (I) Master Plan Scenario (II)

Cu F G W Co U Cu F G W Co U

Cultivated land (Cu) 1 1 1 0 1 0 1 1 1 0 1 0
Forest land (F) 1 1 1 0 1 0 1 1 1 0 1 0
Grassland (G) 1 1 1 0 1 0 1 1 1 0 1 0
Water area (W) 1 0 1 1 1 0 1 0 1 1 0 0

Constructed land (Co) 0 0 0 0 1 0 0 0 0 0 1 0
Unutilized land (U) 1 1 1 1 1 1 1 1 1 1 1 1
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Abstract: Understanding the driving mechanisms behind surface urban heat island (SUHI) effects
is essential for mitigating the degradation of urban thermal environments and enhancing urban
livability. However, previous studies have primarily concentrated on central urban areas, lacking
a comprehensive analysis of the entire metropolitan area over distinct time periods. Additionally,
most studies have relied on regression analysis models such as ordinary least squares (OLS) or
logistic regression, without adequately analyzing the spatial heterogeneity of factors influencing
the surface urban heat island (SUHI) effects. Therefore, this study aims to explore the spatial
heterogeneity and driving mechanisms of surface urban heat island (SUHI) effects in the Guangzhou-
Foshan metropolitan area across different time periods. The Local Climate Zones (LCZs) method
was employed to analyze the landscape characteristics and spatial structure of the Guangzhou-
Foshan metropolis for the years 2013, 2018, and 2023. Furthermore, Geographically Weighted
Regression (GWR), Multi-scale Geographically Weighted Regression (MGWR), and Geographical
Detector (GD) models were utilized to investigate the interactions between influencing factors (land
cover factors, urban environmental factors, socio-economic factors) and Surface Urban Heat Island
Intensity (SUHII), maximizing the explanation of SUHII across all time periods. Three main findings
emerged: First, the Local Climate Zones (LCZs) in the Guangzhou-Foshan metropolitan area exhibited
significant spatial heterogeneity, with a non-linear relationship to SUHII. Second, the SUHI effects
displayed a distinct core-periphery pattern, with Large lowrise (LCZ 8) and compact lowrise (LCZ 3)
areas showing the highest SUHII levels in urban core zones. Third, land cover factors emerged as the
most influential factors on SUHI effects in the Guangzhou-Foshan metropolis. These results indicate
that SUHI effects exhibit notable spatial heterogeneity, and varying negative influencing factors can
be leveraged to mitigate SUHI effects in different metropolitan locations. Such findings offer crucial
insights for future urban policy-making.

Keywords: local climate zones; surface urban heat island; multi-scale geographically weighted
regression; geographical detector; Guangzhou-Foshan metropolitan area

1. Introduction

With the rapid development of urbanization and the ongoing effects of global warm-
ing, urban heat island (UHI) issues—where land surface temperatures (LST) in cities are
higher than those in surrounding rural areas—are increasingly becoming a major challenge
for urban planners and experts in related fields [1–5]. Rapid industrialization typically
leads to the expansion of urban construction land, characterized by the conversion of di-
verse ecological and agricultural land into built environments. This transformation results
in an increase in impervious surfaces and a deterioration of the urban thermal environ-
ment [6]. Urban areas, as major economic growth centers, attract almost 57% of the world’s
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population, with 35% of that population being under 15 years old or over 65 years old [7].
In the future, cities are expected to remain highly attractive, with projections indicating
that more than 67% of the population will reside in urban areas by 2050 [8]. Therefore, it is
essential to explore the complex relationship between urban development and UHI effects,
summarizing the various factors influencing the UHI effect and providing a quantitative
basis for future urban planning and management.

In recent years, the deterioration of urban thermal environments has prompted exten-
sive research on the mechanisms behind urban heat island (UHI) effects. Many previously
overlooked factors such as tree crown shadow areas and historical and economic factors
have been reemphasized [9–11]. Additionally, many new analytical methods including
random forests, multiple linear regression, and machine learning have been introduced to
analyze UHI effects [12–14]. Despite this progress, defining surface urban heat island inten-
sity (SUHII) across different urban areas has become a challenge. Previous studies relied on
binary urban-rural classifications or landscape feature analysis methods to measure the in-
tensity of urban heat island (UHI) effects in different types of urban areas, but these surface
landscape classification methods lack precision [15,16]. The introduction of local climate
zones (LCZs) has addressed this issue, offering a framework for SUHII calculation by cate-
gorizing built types into 10 categories (1–10) and land cover types into 7 categories [5,17,18].
Numerous scholars have employed LCZs to study the UHI effects and their mechanisms.
For instance, Badaro-Saliba et al. [17] utilized the LCZ scheme to assess the SUHI effects
in complex urban regions, highlighting that UHI effects in coastal cities are influenced by
factors like building height and impervious surface ratio. Xi et al. [19] analyzed seasonal
UHI effects in Hefei city using LCZs, employing geographical detectors and regression
analysis to explore the impact mechanisms. Yin et al. [20] studied 1920 blocks in Hangzhou
city, utilizing an urban weather generator (UWG), LCZs, and deep learning to analyze the
UHII across different local climate zones. This research also provided urban planning and
design recommendations, such as limiting the proportion of compact high-rise (LCZ 1)
types and increasing green space ratios.

Numerous researchers have established a relatively standardized approach to study
SUHI effects and have developed a framework for calculating SUHI intensity [5,15,19,21,22].
This prevalent framework primarily relies on satellite remote sensing of infrared radiation
to estimate LST across different local climate zones (LCZs). Temperature differences are
then compared to calculate the SUHII. Following this, the relevant factors contributing
directly or indirectly to the generation of SUHI are summarized. This framework has been
widely applied in various studies. For instance, Shi et al. [23] investigated the SUHII in
Wuhan city by computing the temperature difference between LCZs and LCZ D, utilizing
the formula of ΔT = TLCZX − TLCZD. While other researchers also calculate SUHII by
different formulae such as ΔT = TLCZX − TLCZB or ΔT = TLCZX − TLCZA [24–26]. Based on
the information above, it is inferred that researchers have basically reached a consensus on
the calculation method of SUHII. Through multiple empirical tests and calculations, it is
believed that the formula using LCZ D as an indicator of SUHI effect is more reliable.

In exploring the mechanisms of SUHI effects, researchers have summarized various
influencing factors and indicators [2,15,27,28]. Moon et al. [29] investigated the relationship
between urban green space (UGS) layout and UHI effects, revealing that green space in
central urban areas mitigates the UHI effect the most. Peng et al. identified correlations
between urban morphology and UHI effects, while Li et al. [30] concluded that block types
in different urban renewal areas significantly impact SUHI. Additionally, numerous studies
have confirmed that factors such as population density, building density, traffic density,
nightlight, and urban morphology significantly influence UHI effects [19,31,32].
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Despite the significant achievements in existing research, certain limitations remain
that necessitate further exploration. On one hand, when examining the relationship between
the Surface Urban Heat Island (SUHI) effect and various Land Cover Zones (LCZ) using
ordinary least squares (OLS) or logistic multiple regression analysis, researchers often
overlook the spatial heterogeneity of influencing factors at different time periods. This
oversight can lead to an inadequate exploration of the impact factors across different
locations and times within the city [20,32]. On the other hand, studies analyzing the
influencing factors of the SUHI effect typically focus on urban areas or central business
districts (CBDs), with few investigations adopting a broader regional perspective. By
examining the SUHI effects and their influencing factors from the standpoint of urban
agglomerations or metropolitan areas, these studies often result in a limited consideration
of the relevant factors [33–36].

To address these research gaps, this study employs a multi-scale geographically
weighted regression (MGWR) model to analyze the influencing factors of the Surface Urban
Heat Island (SUHI) effect across diverse locations and time periods within the Guangzhou-
Foshan metropolitan area. Additionally, Geodetectors are utilized to explore the interactions
between influencing factors and their effects on SUHI [37–39]. By comparing multiple
models, this research aims to provide a comprehensive analysis of the factors affecting
the urban heat island effect in metropolitan areas and offers quantitative suggestions and
guidance for future urban renewal and construction efforts. This study seeks to answer
the following two questions: (1) What is the influential mechanism of SUHI impact factors
across different time periods and locations within a metropolitan area characterized by
a complete core-periphery spatial pattern? (2) Which types of Land Cover Zones (LCZ)
have positive or negative impacts on SUHI effects, and how do the impacts of different
LCZs vary? The remainder of this paper is organized as follows: Section 2 introduces the
research materials and methods. Section 3 presents the classification of the LCZ scheme in
the Guangzhou-Foshan metropolitan area and explores the influencing factors of various
LCZs that impact SUHI effects at different locations and times. Section 4 discusses the key
findings of this research, comparing them with previous studies, and proposes planning
and policy recommendations to mitigate the SUHI effect. Finally, the concluding section
summarizes the findings and offers suggestions for future research directions.

2. Materials and Methods

2.1. Study Area

The core region of this study is the Guangzhou-Foshan metropolitan area, which
comprises the two principal cities of Guangzhou and Foshan, located in southern China.
These cities serve as key components of the Guangdong-Hong Kong-Macao Greater Bay
Area (Figure 1). The metropolitan area spans longitude 112◦22′ E–113◦03′ E and latitude
22◦26′ N–23◦56′ N, with a population of approximately 30 million residents and an area of
11,235.12 km2. This region experiences a subtropical monsoon climate, with average annual
temperatures ranging from 21.7 ◦C to 23.1 ◦C throughout the year. In the past five years,
summer temperatures have peaked at 39.1 ◦C, indicating a significant increase in the SUHI
effect [40,41]. This study focuses on the Guangzhou-Foshan metropolitan area, specifically
examining the summers of 2013, 2018, and 2023 as research periods. The SUHI effects
and their influencing factors during these three periods were analyzed and compared,
providing insights into the mechanisms underlying the SUHI phenomenon.
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Figure 1. Study area.

2.2. Data Source

As shown in Table 1, the data utilized in this research were obtained from reliable
sources. (1) Landsat images were provided by the United States Geological Survey (USGS)
from the Landsat-8 satellite, equipped with a Thermal Infrared Sensor (TIRS). The quality
of the data was ensured by selecting cloud-free and rain-free images from the summers
of 2013, 2018, and 2023 to retrieve land surface temperatures (LST) [42,43]. (2) The Land-
Use and Land-Cover Change (LUCC) data were acquired from the Chinese Academy of
Sciences, which maintains remote sensing monitoring datasets of annual land use in China
(https://www.resdc.cn/Default.aspx, accessed on 15 May 2024). (3) High-quality nighttime
light images were obtained from the DMSP-OLS dataset (https://dataverse.harvard.edu/
dataset.xhtml?persistentId=doi:10.7910/DVN/GIYGJU, accessed on 15 May 2024) [44].
(4) Annual road data were sourced from OpenStreetMap (OSM). (5) Points of Interest
(POI) data were obtained from opensource data from Amap v10.0.5. (6) Digital elevation
model (DEM) data were acquired from NASA’s dataset (https://www.earthdata.nasa.gov,
accessed on 1 May 2024). (7) Gross Domestic Product (GDP) and population data were
derived from the China Urban Statistical Yearbook, Guangdong Provincial Statistical
Yearbook, Guangzhou Statistical Yearbook, and other sources.

74



Land 2024, 13, 1626

Table 1. List of data used in this research.

Data Date Type Spatial Resolution Source

Landsat images

13 June 2013
3 August 2013
12 July 2018

11 August 2018
15 June 2023
22 June 2023

Raster 30 m × 30 m
USGS

(https://landsat.visibleearth.nasa.gov,
accessed on 4 October 2024)

Road network
2013
2018
2023

Vector
Open Street Map

(http://www.openstreetmap.org, accessed
on 4 October 2024)

Digital elevation model 2013 Raster 30 m × 30 m NASA (https://www.earthdata.nasa.gov,
accessed on 4 October 2024)

Points of interest (POI)
2013
2018
2023

Vector
Amap

(https://www.amap.com, accessed on
4 October 2024)

LUCC
2013
2018
2023

Raster 30 m × 30 m
Chinese Academy of Science

(https://www.resdc.cn/DOI, accessed on
4 October 2024)

Nighttime light images
2013
2018
2023

Raster 30 m × 30 m

DMSP-OLS dataset
(https://dataverse.harvard.edu/dataset.

xhtml?persistentId=doi:
10.7910/DVN/GIYGJU, accessed on

4 October 2024)

Population/GDP
2013
2018
2023

Raster 30 m × 30 m <China Urban Statistical Yearbook> etc.

2.3. Methods

The methodology of this research consists of four parts (Figure 2): Classification of
LCZs: The first step involves classifying the Local Climate Zones (LCZs) in the Guangzhou-
Foshan metropolitan area. Training samples for various LCZs were drawn from Google
Earth. A combination of LCZ generators and random forest (RF) classification techniques
was employed to categorize the surface landscape features of Guangzhou and Foshan into
different LCZ types, ensuring a recognition accuracy greater than 75% [45–47]. Calculation
of SUHII: The second step calculates the Surface Urban Heat Island Intensity (SUHII) by
comparing the land surface temperatures (LSTs) of different LCZs. The LSTs used for
this comparison were obtained using a single-window algorithm to analyze high-quality
Landsat images [48–51]. Selection of Influencing Factors: The third step involves selecting
the influencing factors. Based on previous research and practical experience, this study
identified three categories of influencing factors: remote sensing data, urban multi-source
big data, and urban panel data [2,15,31]. Exploration of Influencing Mechanisms: The
fourth step aims to explore the mechanisms influencing SUHI. Following the steps outlined
above, this study intends to identify the influencing factors and mechanisms of SUHI
effects through the application of geographically weighted regression (GWR). Additionally,
multi-scale geographically weighted regression (MGWR) will be employed to investigate
the influencing factors related to the built types of LCZ. Finally, the interactions between
these factors will be examined using geographic detectors [21,26,52].
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Figure 2. The workflow of the research methodology.
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2.3.1. Local Climate Zones Measurement

The LCZ generator and random forest classification were the two primary methods
employed to create the LCZ mapping in this research [45,53]. The LCZ generator, developed
in 2017 based on the World Urban Database and Access Portal Tools (WUDAPT), has been
widely used in studies of urban landscape feature analysis and the Urban Heat Island (UHI)
effect, as well as in related fields [7,54–58]. The generation logic process involves selecting
training sets for different types of LCZs within the research area on Google Maps and
exporting these as KML format; the selected area should ideally be within 300 m × 300 m.
The generator (https://lcz-generator.rub.de, accessed on 15 May 2024) will select similar
images from the WUDAPT database to fit and generate LCZ maps of the target region.
In this research, the LCZ classification scheme classified land surface morphology into
eight built types and seven land cover types, among which the built types include LCZ 2
(compact midrise), LCZ 3 (compact lowrise), LCZ 4 (open highrise), LCZ 5 (open midrise),
LCZ 6 (open lowrise), LCZ 8 (large lowrise), LCZ 9 (sparsely built), LCZ 10 (heavy industry);
and the land cover types include LCZ A (dense trees), LCZ B (scattered trees), LCZ C (bush,
scrub), LCZ D (low plants), LCZ E (bare rock or paved), LCZ F (bare soil or sand), LCZ G
(water) [45,59] (Table 2).

Table 2. List of various types of LCZ training sample examples.

Built Types Land Cover Types

LCZ Types Training Sample Example LCZ Types Training Sample Example

LCZ 2
compact midrise

LCZ A
dense trees

LCZ 3
compact lowrise

LCZ B
scattered trees

LCZ 4
open highrise

LCZ C
bush, scrub

LCZ 5
open midrise

LCZ D
low plants

LCZ 6
open lowrise

LCZ E
bare rock or

paved
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Table 2. Cont.

Built Types Land Cover Types

LCZ Types Training Sample Example LCZ Types Training Sample Example

LCZ 8
large lowrise

LCZ F
bare soil or

sand

LCZ 9
sparsely built

LCZ G
water

LCZ 10
heavy industry

However, the satellite remote sensing imagery data in WUDAPT database primarily
originate from cities in Europe and the Americas, which may render it unsuitable for Asian
regions, increasing the likelihood of errors in classifying Asian urban landscapes. To address
this issue, this study employed the random forests method to rectify the LCZ maps of the
Guangzhou-Foshan metropolitan area produced by LCZ generator. Due to the confusion
between LCZ 2 (compact midrise) and LCZ 3 (compact lowrise), as well as confusing
LCZ 5 (open midrise) with LCZ 6 (open lowrise) in Asian contexts based on the original
WUDAPT LCZ-generator, random forest classification was utilized to reclassify satellite
image training samples for these pairs, thereby enhancing the identification accuracy of
LCZ types 2, 3, 5, and 6 [60]. For each LCZ type, 5–10 training samples were selected from
high-resolution satellite imagery, with adjustments made continuously until the accuracy
exceeded 75% [61].

2.3.2. Surface Urban Heat Island Measurement

The measurement of SUHII consists of two steps: (1) computing land surface tempera-
ture and (2) comparing the land surface temperature between LCZ X and LCZ D.

Calculating LST involves three parts. First, calculate the fractional vegetation cover
index with the following equations [62]:

NDVI = (NIR − R)/(NIR + R) (1)

FC = (NDVI − NDVImin)/(NDVImax − NDIVmin) (2)

where NDVI is Normalized Difference Vegetation Index; NIR indicates the near infrared
reflectance; R represents the red band reflectance; FC means the fractional vegetation
cover index.

Secondly, calculate black-body radiation brightness value with the following equations:

εsurface = 0.9625 + 0.0614FC − 0.0461FC2 (3)

εbuilding = 0.9589 + 0.086FC − 0.0671FC2 (4)

where εsurface is natural surface emissivity and εbuilding is urban surface emissivity.
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According to the radiation transfer equation and Planck’s law, the formula for the black-
body temperature (T) in the thermal infrared band is expressed as the following equation:

B(TS) = [Lλ − L ↑ − τ(1 − ε)L ↓]/τ·ε (5)

where B(TS) is the temperature of black-body radiant brightness in the thermal infrared
band; L ↑ and L ↓ represent the upward and downward radiance of the atmosphere; ε
indicates land surface emissivity; τ is atmospheric transmittance in the thermal infrared
band; and Lλ represents brightness value in the thermal infrared band.

Finally, calculate the LST by B(TS) with the following equation:

LST = K2/In(K1/B(TS) + 1) (6)

where LST is land surface temperature; as for K1 and K2, according to data from NASA’s
official website and collaborating websites, it can be inferred that K1 is 666.09w/(m2·sr·μm),
K2 = 1282.71 K.

SUHII is defined as the temperature difference between built types LCZ and land
cover types LCZ. Considering the characteristics of the Guangzhou-Foshan metropolitan
area, LCZ D was selected as the measurement standard for the SUHI effect in this study.
The formula for calculation is presented as follows:

SUHII = TLCZX − TLCZD (7)

where TLCZX represents the temperature of LCZ X and TLCZD indicates the temperature of
LCZ D, which consists of low plant surface scenery.

2.3.3. Analysis of Driving Mechanism of SUHI

In previous studies, many scholars have explored the formation mechanisms of urban
heat island (UHI) effects based on classifying local climate zones (LCZ). The surface urban
heat island intensity (SUHII) in different types of LCZ as a symbolic indicator is often used
as the dependent variable. When selecting independent variables, land cover elements
are the primary considerations [63]. Some scholars have incorporated urban environment
factors on top of the existing land cover factors when conducting urban studies [64–66].
However, as research progressed, the explanatory power of these two factors for SUHI
effects proved somewhat insufficient. Subsequently, urban socioeconomic factors were
added to the analysis [67–69]. Therefore, in this study, we refer to previous research and
comprehensively consider three types of influencing factors: land cover factors, urban
environmental factors and social-economic factors (Table 3).

To ensure the depth and comprehensiveness of this study, three kinds of regression
models were selected to reveal the impact mechanism of ten independent variables on
the SUHI effects in diverse LCZs of the metropolis. Firstly, the GWR model is used to
analyze the global characteristics of influencing factors, allowing for the assessment of
the average impact of each type of influencing factor on the SUHII of different LCZs, and
identifying the most significant factor types within the overall range of the Guangzhou-
Foshan metropolitan area. Secondly, based on the GWR model analysis, the MGWR model
is employed to further identify the impact of each type of factor on the SUHII of LCZs
at different geographical locations. This study examines the effects of different factors
in the core, transition, and peripheral areas within the “core-peripheral” metropolitan
area. Finally, the geographic detectors (GD) model is used to investigate the interactions
between different factors, providing a deeper understanding of how various types of factors
influence SUHII of different LCZs.
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Table 3. List of independent variables for SUHII analysis.

Types Indicators Formula Description

Land cover
factors NDVI (NIR − R)/(NIR + R) NIR: infrared reflectance; R: red band reflectance

NDBI (SWIR − NIR)/(SWIR + NIR) SWIR: Short wave infrared reflectance; NIR:
Infrared reflectance

NDWI (Green − NIR)/(Green + NIR) Green: Green light band; NIR: Infrared
reflectance

NPP GPP − R GPP: Gross Primary Productivity; R: The loss of
plant respiration

Urban
environmental

factors
POI kernel density fn(x) =

1
nh

n
∑

i=1
k(

x − xi
h

)

Where k is the kernel function, h is the
smoothing parameter, X is the POI point, and xi

is the sample observation point.

Road Density (RD) D =
n
∑

m=1
(Lm × VM)/Ai

Where D is the line density value, n is the
number of lines within the grid point search
radius, L is the length of the lines, V is the

weight of the lines, and A is the search area
centered on the grid point.

DEM — —
Nighttime light — —

Social-economic
factors Population density — —

GDP — —

The GWR model was applied to analyze the driving mechanism of SUHI on all types
of LCZs, with the final result values ranging between −1 and 1. The closer the result value
is to 1, the more positive effect the influencing factor has on SUHI, and the closer the result
is to −1, the more negative effect the factor has on SUHII. The formula is as follows:

yi = β0(ui, vi) + ∑m
k=1 βk(ui, vi)xik + εi (8)

where yi represents the SUHII of LCZ Xi; β0 is intercept; ui and vi indicate the longitude
and latitude of LCZ Xi; βk(ui, vi) is the fitting coefficient of the k explanatory variable of
LCZ Xi; xik means the value of the k explanatory variable at the LCZ Xi; and εi is random
error term.

The MGWR model is one of the important methods for analyzing spatial heterogeneity.
As an optimized model of GWR model, it allows each research variable to have different
bandwidths, exploring the impact range and mechanisms of various influencing factors
across different geographical spaces. This makes it a more accurate spatial model, resulting
in more reliable outcomes. In this study, the MGWR model was exploited to analyze the
driving mechanism of SUHII on built types of LCZs, representing the impact of influencing
factors on the SUHII of LCZ at different spatial-temporal positions. This study utilizes the
MGWR library based on the Python platform [70].

The calculating formula is as follows:

yi = ∑k
j=1 βbwj(ui, vi)xij + εi (9)

where bwj represents the bandwidth used for the regression coefficient of the j variable;
The vitality index representing the LCZ Xi; yi represents the SUHII of the LCZ Xi; (ui, vi)
represents the centroid coordinates of the LCZ Xi; βbwj represents the regression coefficient
of the j independent variable of bandwidth in the LCZ Xi; k represents the number of
samples; and εi represents the random error term.

The GD model was utilized to analyze the driving mechanism of SUHI on all types
of LCZs, with its four approaches for analysis: risk detection, factor detection, ecological
detection, and interaction detection. This study mainly used factor detection and dual factor
interaction detection. In this study, a geographic detector model based on the R language
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platform was used, in which the influencing factors were divided into 3–8 categories based
on the actual situation [37].

Factor detection can be used to detect the spatial heterogeneity of different types of
LCZ. Meanwhile, it can be applied to explore the significance p and correlation q of different
influencing factors on SUHI heterogeneity. For the p-value, that under 0.05 indicates a
significant impact, that less than 0.01 indicates a more significant impact, while that equal
to 0 indicates an extremely significant impact. For the q-value, the specific formula for
calculating it is as follows:

q = 1 − ∑L
i=1 Niσ

2
i

Nσ2 (10)

where up-script L represents the classification number of the influencing factors; N is the
total number of samples; Ni is the total number of the i type factor; σ2

i is the variance of the
i type factor; and σ is the variance of SUHI for different types of LZC. The range of q-value
is presented as: q ∈ [0, 1]. The larger the q-value of the influencing factor, the stronger its
impact on SUHI.

The interaction detector was used to identify the explanatory power of SUHI, explain-
ing how factors impact on different LCZs when any two influencing factors work together.
As shown in Table 4, the geographical detector (GD) explanatory power can be divided
into five types.

Table 4. List of geographical detector explanatory types.

Types Formula Degree of Influence

nonlinear enhancement q(X1∩X2) > q(X1) + q(X2) Strong

independent q(X1∩X2) = q(X1) + q(X2) Relatively Strong

linear enhancement q(X1∩X2) > Max(q(X1), q(X2)) Average

weakening Min(q(X1), q(X2)) < q(X1∩X2)
< Max(q(X1),q(X2)) Relatively weak

nonlinear attenuation q(X1∩X2) < Min(q(X1),q(X2)) weak

3. Results

3.1. LCZ Maps

The characteristics of the surface landscape in the Guangzhou-Foshan metropolitan
area were classified by LCZ generator and random forest. After several rounds of adjust-
ment, the final Kappa coefficients turned out to be 0.88 (2013), 0.76 (2018), and 0.91 (2023)
(Figure 3). Among built LCZ types, sparsely built (LCZ9) and Large lowrise (LCZ8) took
up the largest proportion of land within the overall scope, while open highrise (LCZ4)
and open midrise (LCZ5) had the largest proportion of land area in the central urban
area. As for the factors in land cover LCZ types, dense tree (LCZ A) has the largest land
occupation ratio.

Figure 4 and Table 5 illustrate the change of diverse LCZs in 2013, 2018 and 2023. This
figure demonstrates a significant growth trend in highrise (LCZ4), open midrise (LCZ5)
and sparsely built (LCZ9), with LCZ9 having the largest growth area, increasing from
1618.563 km2 to 1755.408 km2, leading to a total growth of 136.845 km2. LCZ4 had the
second largest growth area, with a total growth of 80.557 km2, increasing from 450.274 km2

to 530.831 km2. LCZ5 was the object of the least growth of 74.152 km2 in area, increasing
from 786.609 km2 to 860.761 km2. On the contrary, Large lowrise (LCZ8), bush, scrub
(LCZ C) and bare rock or paved (LCZ E) represented a remarkable reduced trend, with
LCZ8 experiencing the most drastic drop from 1285.022 km2 to 917.980 km2, a total decrease
of 367.042 km2. LCZ E decreased the second most in area, from 152.330 km2 to 90.305 km2,
marking a total decrease of 62.025 km2. LCZ C had the least decrease of 39.849 km2, from
138.346 km2 to 98.515 km2.
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Figure 3. LCZ maps of Guangzhou-Foshan metropolitan area in 2013 (a), 2018 (b), 2023 (c).
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Figure 4. The trend of area variation for different LCZs in 2013, 2018 and 2023.

Table 5. Area variation of different types of LCZs in 2013, 2018 and 2023 (km2).

Years 2013 2018 2023

LCZ Types Area (km2)

2 267.162 267.806 267.381
3 157.042 151.017 174.357
4 450.274 450.236 530.831
5 786.609 791.185 860.761
6 375.630 388.973 377.779
8 1285.022 1125.337 917.980
9 1618.563 1718.923 1755.408
10 403.269 601.363 553.087
A 3753.009 3757.327 3757.472
B 337.218 338.616 346.711
C 138.346 133.454 98.515
D 397.150 304.506 329.785
E 152.330 83.679 90.305
F 558.028 567.559 619.909
G 524.774 524.445 524.145

3.2. LST and SUHI of Guangzhou-Foshan Metropolitan Area

The Guangzhou-Foshan metropolitan area presents a complete core-periphery urban
structure, resulting in a significant decrease of LST from the center to the outer edge
of the metropolitan area. Figure 5 represents the spatial-temporal distribution of LST
in Guangzhou-Foshan metropolitan area in 2013, 2018 and 2023, from which it can be
observed that the LST in the central urban areas is significantly higher than the LST in the
surrounding suburban areas. The central urban areas mainly consist of compact lowrise
(LCZ3), open highrise (LCZ4) and open midrise (LCZ5) urban morphology, represented by
Liwan District, Tianhe District, Yuexiu District, and Baiyun District in Guangzhou city, as
well as Nanhai District and Chancheng District in Foshan city.

Based on the LST calculation results above, this paper computed SUHII by Formula (7).
This study divided SUHII into seven types based on previous researches referred to in the
literature review and practical experience: Super strong heat island (VII, 7 K < SUHII),
Strong heat island (VI, 5 K < SUHII < 7 K), Normal heat island (V, 3 K < SUHII < 5 K), Weak
heat island (IV, 1 K < SUHII < 3 K), No heat island (III, −1 K < SUHII < 1 K), Weak cold
island (II, −3 K < SUHII < −1 K), Strong cold island (I, −3 K > SUHII) [26,71]. Figure 6
presents the spatial-temporal distribution of SUHII in Guangzhou-Foshan metropolitan
area in 2013, 2018 and 2023, by observing which it can be inferred that the SUHI appears
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to be the strongest in the core area of the Guangzhou-Foshan metropolitan area, such as
Liwan district, Yuexiu district in Guangzhou, and Nanhai district, Chancheng district in
Foshan, with a radiate attenuation outwards.

Figure 5. Spatial-temporal distribution of LST in Guangzhou-Foshan metropolitan area in 2013 (a),
2018 (b), 2023 (c).
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Figure 6. Spatial-temporal distribution of SUHI effect in Guangzhou-Foshan metropolitan area in
2013 (left), 2018 (middle), 2023 (right).

The analysis results above show that the urban central area of Guangzhou-Foshan
metropolis experienced severe SUHI effects in the summers of 2013, 2018, and 2023. Despite
the fact that, generally speaking, the overall SUHI effects of Guangzhou-Foshan metropoli-
tan area have been alleviated, they are still intensifying in urban core functional areas,
especially in high-density high-rise areas (Table 6). In the summer of 2013, the land area
with SUHI effect was 5232.58 km2, accounting for 45.94% of the total land area. Among
different types of land area with SUHI effects, Type VII (Super strong heat island) had
an area of 391.49 km2, accounting for the largest proportion of 3.44%. Furthermore, in
the summer of 2018, the area with SUHI effect was 4088.73 km2, accounting for 35.90% of
the total area, while Type VII (Super strong heat island) took up 399.46 km2, accounting
for a proportion of 3.51%. Whereas in the summer of 2023, the area with SUHI effects
was 3901.32 km2, accounting for 34.25%, with Type VII covering an area of 412.38 km2,
accounting for the proportion of 3.62%.

Table 6. The land area and proportion of the SUHI effect in the Guangzhou-Foshan metropolis.

SUHII Types
Area (2013)

km2
Percentage

(2013)
Area (2018)

km2
Percentage

(2018)
Area (2023)

km2
Percentage

(2023)

VII (Super strong heat island) 391.49 3.44% 399.46 3.51% 412.38 3.62%
VI (Strong heat island) 814.76 7.15% 595.91 5.23% 562.59 4.94%
V (Normal heat island) 1515.06 13.30% 938.43 8.24% 1069.11 9.39%
IV (Weak heat island) 2511.27 22.05% 2184.93 19.18% 1857.24 16.31%

III (No heat island) 3261.69 28.64% 3510.9 30.83% 3054.96 26.82%
II (Weak cold island) 1749.15 15.36% 1656.36 14.54% 3130.38 27.49%
I (Strong cold island) 1145.99 10.06% 2103.42 18.73% 1302.75 11.44%

Figure 7a shows the distribution of blocks with extreme SUHI effects in the Guangzhou-
Foshan metropolitan area from 2013 to 2023, and Figure 7b–f zoom in to display key blocks.

Figure 7b illustrates the SUHI effects of the important transportation hubs and their
surrounding neighborhoods. As shown in the figure, there are two types of spaces that
are more likely to be the object of SUHI effects: one type of space features blocks with
a large area of hard paving, which is similar to the environment of Baiyun Airport; the
other type of space is the urban central areas or urban functional areas featured by a large
number of high-rise and compact buildings with diverse urban residential, commercial and
recreational facilities.

As shown in Figure 7c, the SUHII value in the blocks around Yongqingfang, Beijing
Road and the Pearl River New Town on the north side of the Pearl River front channel is
relatively high. These blocks are mainly the central commercial and residential areas of
Guangzhou city, characterized by dense road networks, large neighborhoods with high
density, and numerous high-rise buildings. On the contrary, Figure 7d presents the blocks
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of high SUHI effects in Nanhai district in Foshan city, mainly consisting of large urban
villages mixed with industrial zones.

As shown in Figure 7e, the high SUHI effect areas in Panyu District, Guangzhou City
present scattered distribution. Similar to the urban morphology of Figure 7d, these areas are
also composed of scattered villages mixed with a large area of industrial factory buildings.

Figure 7f shows the urban morphology of the Shunde District Government in Foshan
City, with high-density residential and commercial areas covering the land, resulting in
high SUHI effects.

Figure 7. SUHI effects distribution in the Guangzhou-Foshan metropolitan area.

3.3. Analysis of SUHI Influential Factors
3.3.1. The Relationship between Local Climate Zones and SUHI Effects

As shown in Figure 8, the SUHI effects of built types LCZs are significantly higher
than those of the land cover types. Among the built types, LCZ 8 (large lowrise) and LCZ10
(heavy industry), characterized by large areas of impervious surfaces, substantial building
volumes, and a lack of green coverage, have the most significant SUHI effects. These areas
are also known for their vast blocks (typically over 300 m × 300 m) and wide roadways.
Moreover, the SUHI effect of LCZ3 (compact lowrise) and LCZ4 (open highrise) is also
significant in the built type. The main urban morphology of LCZ3 in the Guangzhou-
Foshan metropolitan area is urban villages, while LCZ4 is mainly high-density, high-plot
ratio residential areas with typical building heights of 12 floors or more, experiencing its
fastest development between 2005 and 2015.
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Figure 8. SUHII (K) of diverse LCZ types.

Among land cover types, the SUHI effect is more pronounced in LCZ E (bare rock or
paved) and LCZ F (bare soil or sand). In the Guangzhou-Foshan metropolitan area, LCZ E
is mainly composed of important transportation hubs, such as Guangzhou Baiyun Airport,
Guangzhou South Station, Foshan Station, Foshan West Station, etc. The characteristic of
this land cover type is that there are large areas of hard paving and large open squares with
less green coverage. In contrast, the composition of LCZ F is much more complex. Through
careful comparison, it is found that LCZ F includes pond fish farms, exposed farmland,
and reorganized but not yet developed land.

From the comparison of the data collected in the summers of 2013, 2018, and 2023, it
can be observed that the SUHI effects of LCZ2 (compact midrise) have been intensifying
year by year, while the SUHI of LCZ3, LCZ4, and LCZ5 remained high. Such phenomenon
indicates that the implementation of a series of greening-related policies such as park and
community green space construction did not make significant impact on the alleviation of
SUHI effects.

3.3.2. GWR Analysis of SUHI Effect Influential Factors

This study conducted a global regression analysis using GWR on the factors that may
impact SUHI effects in 2013, 2018, and 2023. In the analysis results of GWR, the q-value,
ranging from −1 to 1, represents the correlation between the factor under analysis and
SUHI effects. The higher the absolute value, the greater the impact of the influencing factor
on the SUHI effect. The p-value represents the significance of the influencing factors, with
smaller values indicating a more significant impact. When the p-value is less than 0.05, the
factor under analysis can be considered a significant influencing factor.

As shown in Figure 9, the q-values of NDVI and NDWI ranged from −0.66 to −0.1,
indicating a significant negative impact on the SUHI effects of almost all types of LCZ,
especially on LCZ2, LCZ4, LCZ5, and LCZ8. On the contrary, the q-value of NDBI ranging
from 0.1 to 0.84 indicated a significant positive influence on the SUHI effects of diverse
LCZ, particularly on LCZ3 and LCZ10.

Furthermore, factors such as RD, POI, and POP also had a significant positive im-
pact on SUHI effects. To be more specific, RD had a significant positive impact on the
SUHI effects of LCZ2, LCZ3, and LCZ4 in 2013, with q-values being 0.15, 0.19, and 0.14,
respectively; in 2018, with q-values of 0.15 and 0.12, RD demonstrated a significant positive
impact on LCZ2 and LCZ6; in 2023, the significant positive impact was on LCZ2, 3, 4, 5, 6,
8, and 10, with q-values ranging from 0.13 to 0.34. As for POI, it also had a positive impact
on almost all types of LCZ in 2013, 2018, and 2023, with q-values ranging from 0.027 to
0.23. The impact of POP is similar to that of the two aforementioned factors, with a q-value
range from −0.021 to 0.12.
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Figure 9. LCZ-based variables’ coefficients on SUHII in 2013 (a), 2018 (b), and 2023 (c). (Note:
* indicates significant at p < 0.05, ** indicates significant at p < 0.01, *** indicates significant at
p < 0.001).

Finally, factors such as GDP, NPP, NL, and DEM also impacted the SUHI effects of
different types of LCZ in some periods, but in a comparatively less significant way, with
their q-values generally distributed between −0.001 and 0.07.
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3.3.3. MGWR Analysis of SUHI Effect Influential Factors

On the basis of the GWR analysis in the previous section, further analysis was con-
ducted on the LCZ of built types, utilizing the MGWR model to analyze the impact of
different influencing factors on SUHI effects at different geographical locations in the
Guangzhou-Foshan metropolitan area.

First of all, as shown in Figure 10, in 2013, the factors having the greatest impact on
the SUHI effects in built type of LCZ were land cover factors (NDVI, NDBI, NDWI), among
which NDVI and NDWI showed significant negative effects, while NDBI showed significant
positive effects. The significance of the negative effect of NDVI and NDWI diverges from area
to area, with a trend of greater negative impact in the core area and less negative impact in
the peripheral area for LCZ 2, and a decreasing negative impact from east to west for LCZ 3.
For LCZ 4 and LCZ 5, higher impact was exhibited in the northern part, with lower impact
in the southern part of the metropolis. For LCZ 6–10, the impact demonstrated an outward
decrease, with the significance of the impact lessening from the center of the urban block cluster
to the peripheral area. As for NDBI, among the various built types of LCZs, the urban core such
as the central business district had a high impact on the SUHI effects, while low impact was
exhibited in the peripheral area. Moreover, urban environmental and socioeconomic factors
such as POI and POP generally had a positive impact on the SUHI effects, with the overall trend
showing higher impact in the urban core area and lower impact in the suburban or periphery
area. Additionally, the RD factor belonging to urban environmental factors exhibited significant
spatial heterogeneity, with an overall positive impact on the SUHI effects. Specifically speaking,
it showed a significantly negative impact in the city center and a significantly positive impact in
the outskirts or suburban areas.

Secondly, Figure 11 displays the results from the analysis of the impact factors of SUHI
effects on different built types LCZs in 2018, using the MGWR model as the approach.
Compared to the situation in 2013, land cover factors (NDVI, NDBI, NDWI) still had a
significant impact on the SUHI effects of all built types LCZs. The main positive influencing
factors included NDBI and POI, while the main negative influencing factors turned out to be
NDVI, NDWI, and NPP. Different from the factors above, DEM exhibited different impact
types in different locations, with a significant negative influence in the city center, but a
significant positive effect in the suburban mountainous areas, especially in the northern
part of the Guangzhou-Foshan metropolitan area. Similar to DEM, RD also exhibited
significant spatial heterogeneity, with a negative influence in the city center and a positive
influence in the port area in the southern part of the Guangzhou-Foshan metropolitan area.

To be more specific, the negative impact of NDVI and NDWI is more significant in the
city center in LCZ 3–5. Nevertheless, such negative impact was not that significant in the
city center of LCZ 2, 6, 7, 8, and 10, some of which were even the object of positive impact.
Moreover, the impact of NDBI on LCZ5, 6, 8, and 9 is not as significant as its impact on
other areas, while the impact of POI on the SUHI effects of LCZ 3, 5, 6, 9, and 10 is more
significant than that of other areas, showing an influential situation where the south had
greater impact than the north did and the west with greater impact than the east. As for
the RD factor, it had a significant impact on the SUHI effects of built types LCZs, generally
showing a negative impact in the central areas of the metropolis and a positive impact
in the peripheral areas, with the port area in the southern part of the Guangzhou-Foshan
metropolis circles having the most significant positive impact.

Finally, Figure 12 illustrates the results from the analysis of the driving mechanism
of SUHI effects in 2023 through the application of the MGWR model. Compared with
the analysis of 2013 and 2018 stated above, this analysis had the following similarities:
(1) NDVI and NDWI had negative impacts on the SUHI effects of most LCZs; (2) NDVI
and POI had significant positive impacts on the SUHI effects. The difference lies in: (1) the
ability of NDVI and NDWI to alleviate SUHI effects is further weakened, especially for
LCZ 2 and LCZ 3. NDVI and NDWI did not effectively slow down SUHI effects. (2) The
positive impact of POI on SUHI effects is greater than NDBI, especially in the central urban
area of the Guangzhou-Foshan metropolis, to be more specific, LCZ 4, LCZ 5, and LCZ 8.
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(3) The negative effect of RD on SUHI effects is more significant in the central urban area,
especially for LCZ 2, 3, 4, and 5.

Figure 10. MGWR analysis of SUHI effects influential factors of built type LCZs in 2013.
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Figure 11. MGWR analysis of SUHI effects influential factors of built type LCZs in 2018.
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Figure 12. MGWR analysis of SUHI effects influential factors of built type LCZs in 2023.
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To summarize, there were three findings through the analysis of the driving mecha-
nisms of SUHI effects in 2013, 2018, and 2023: firstly, with time going by, the types of factors
that affect the SUHI effects gradually increase and show a diversified trend; secondly, the
spatial heterogeneity of land cover factors (NDVI, NDWI, NDBI) is significant, showing
different impact effects at different locations in the Guangzhou-Foshan metropolis; thirdly,
the explanatory power of the influencing factors reflects that the power of land cover factors
was greater than that of urban environmental factors, which is also greater than that of
social economic factors.

3.3.4. GD Analysis of SUHI Effects Influential Factors

The above analysis by GWR and MGWR has explored the impact of different influ-
encing factors on the SUHI effects of different types of LCZ. The further exploration of the
impact mechanism of SUHI effects was conducted using the GD model to explore the im-
pact of different influencing factors and the impact of their interactions on the SUHI effects
of different types of LCZ in 2013, 2018, and 2023 [37,72,73]. The result values (q-values) of
the GD model are distributed between 0 and 1. The closer the q-value is to 1, the greater
the impact on SUHI effects is. Unlike GWR and MGWR models described in the previous
section, the GD model bears the disadvantage that it is not possible to determine whether
the influencing factor has a positive or negative impact on SUHI effects, for there are no
positive or negative q values in the GD model.

Figure 13 visually displays the q-values indicating the significance of the impact of
individual influencing factors and that of their interactions on SUHI effects of diverse
LCZ in 2013, 2018, and 2023. As shown in Figure 13a, in 2013, in terms of single factor
impact, NDVI, NDBI, and NDWI had the highest impact on SUHI effect, with q-values
of 0.371, 0.392, and 0.343, respectively. Considering the impact of interactions between
factors on SUHI effects, the interaction between NDWI and NDBI had the most significant
impact on SUHI effects, with a q-value of 0.598. Other significant interaction effects include:
NDVI ∩ NDBI (0.582), NDVI ∩ NDWI (0.535), NDWI ∩ POI (0.532), NDBI ∩ POI (0.517),
etc. These results indicated the fact that land cover factors, whether in terms of single factor
influence or dual factor interaction, still played an important role in the driving mechanism
of SUHI effects.

Figure 13b shows the results from the interaction detector of the GD model in 2018. In
terms of single factor influence, POI demonstrated a significantly increased impact on the
SUHI effects, with the q-value increasing from 0.305 in 2013 to 0.461 in 2018. The impact of
NDVI on the SUHI effect is the second most significant one, with a q-value of 0.459. The
q-values of NDVI and NDWI were both 0.351, following the q-values of POI and NDVI.
In terms of dual factor interaction, similar to the situation in 2013, NDWI ∩ NDBI had
the highest q-value of 0.798, while other interactions with less significant impact included
NDVI ∩ NDWI (0.61), NDVI ∩ NDBI (0.6), POI ∩ NDWI (0.601), NL ∩ NDWI (0.577),
RD ∩ NDVI (0.532), NDVI ∩ POI (0.523), RD ∩ NDBI (0.514), etc.

Figure 13c displays the results of GD analysis in 2023. In terms of single factor
impact, compared to the factors in 2013 and 2018, the number of factors that affect SUHII
is significantly larger in 2023, with the factors arranged from that of high q-value to that
of low one as: POI (0.492), NDWI (0.478), NDVI (0.385), RD (0.382), NDBI (0.367), and
DEM (0.341). In terms of factor interaction, the interaction effect between NDWI and POI
is relatively significant, with a q-value of 0.638. The other interaction effects with lower
q-values are RD ∩ NDWI (0.6), POI ∩ NDBI (0.594), POI ∩ NDVI (0.562), POI ∩ DEM
(0.543), NDVI ∩ NDWI (0.537), DEM ∩ NDWI (0.534), etc. To summarize, the number of
factors that have a significant impact on SUHI effects increased from the years 2013 and
2018 to 2023, with only land cover factors having a greater impact on SUHI in the past
years while urban environmental factors and social economic factors gradually increased
their impact to the significant level in 2023.
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Figure 13. Contributions of influencing factors on SUHI effects. (Note: * indicates significant at
p < 0.05, ** indicates significant at p < 0.01, *** indicates significant at p < 0.001).
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4. Discussion

4.1. The Spatial Heterogeneity of the SUHI Effects

Determining the surface urban heat island (SUHI) effects in various locations within a
metropolis is always a crucial consideration. When investigating the surface urban heat
island effects in target areas, while field observations were employed to obtain land surface
temperature (LST), remote sensing images were more commonly used, often in conjunction
with the analysis of local climate zones (LCZs) [64]. In previous studies, different types
of Local Climate Zones (LCZs) have demonstrated varying surface urban heat island
intensities (SUHII) based on the time and location of the research. However, a common
finding across these studies is that LCZs 2, 3, 8, and 10 consistently show high surface
urban heat island intensities (SUHII) [74–76].

Based on the results presented above, the spatial heterogeneity of the SUHI effects
in the Guangzhou-Foshan metropolis demonstrated a significant core-periphery pattern.
Figure 9 shows that the SUHII in the central area of the Guangzhou-Foshan metropolis
is significantly higher than that in the surrounding areas, with the peak values of SUHII
in 2013, 2018 and 2023 being 16.05 K, 15.20 K and 18.49 K, respectively. Similar to the
research conducted in Wuhan, Nanjing, Changzhou, Chongqing, and Hefei, the LCZ
types contributing the most to the SUHI effects were LCZ 2, 3, 4, 5, 8, and 10 [19,77–80].
In the central part of the Guangzhou-Foshan metropolitan area, the SUHI effects were
mainly driven by LCZ 2, 3, 4, and 5, which were primarily characterized by urban villages,
residential areas, and old neighborhoods, such as the South Residential Block in Panyu
District, old neighborhoods in Liwan District, and large urban villages in Yuexiu District.
In the peripheral area of the Guangzhou-Foshan metropolis, the SUHI effects were mainly
triggered by LCZ 8 and LCZ 10, with the potential triggers being their components like
transportation hubs, village-level industrial zones, and industrial zones mixed with urban
villages, such as Baiyun Airport and Nanhai Industrial zones.

What is more, according to Figure 8, within the Guangzhou-Foshan metropolitan area,
the surface urban heat island intensity (SUHII) in northern mountainous regions is signifi-
cantly higher than that in southern coastal areas for LCZs of the same type. Consistent with
other studies, LCZ3, LCZ8, and LCZ10, which are situated in mountainous areas, demon-
strate the highest surface urban heat island intensity (SUHII). To further investigate the
influencing factors, we employed the MGWR model, which effectively analyzes geographic
spatial heterogeneity, to examine the underlying impact mechanisms [64,81].

4.2. Analysis of Main Influential Factors of SUHI Effects

Existing research has utilized various quantitative analysis models to examine the
causes of the SUHI effects across different Local Climate Zones (LCZs). Among these,
Ordinary Least Squares (OLS) is the most commonly employed method, primarily focusing
on the global impact of various influencing factors on the Surface Urban Heat Island
Intensity (SUHII). As research has progressed, the spatial heterogeneity of the urban heat
island effect has gained increasing attention, particularly in studies utilizing LCZs. Different
types of LCZs in various geographical locations demonstrate distinct heat island intensities.
Consequently, models capable of analyzing spatial heterogeneity, such as Geographically
Weighted Regression (GWR) and Multiscale Geographically Weighted Regression (MGWR),
have begun to be adopted [82–85].

In this study, three types of regression models, GWR, MGWR, and GD, were applied
to the analysis of SUHI effects to explore the driving mechanism. The results from GWR
and MGWR models were similar in that both models exhibited that land cover factors
played the most important role in the SUHI effects, with NDVI and NDWI being the most
significant negative factors affecting the SUHI effects, and NDBI being the most significant
positive factor. Different from the significant impact of land cover factors, the influence of
urban environment factors was comparatively less. Among urban environment factors, POI
and RD had a relatively strong impact on the SUHI effects, while DEM only had a relatively
significant impact on some built types LCZ, such as LCZ 2, LCZ 4, LCZ 8, and LCZ 10. The
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spatial heterogeneity of the impact of DEM on SUHII in this study was relatively greater
than that in the results of other researches [86,87]. Unlike other influencing factors, DEM
had a non-linear impact on SUHII, mainly affecting mountainous areas with elevations
above 98 m and coastal areas with elevations below 26 m. Furthermore, the analysis of the
interactions between the influencing factors was conducted by the application of the GD
model, the results of which showed that, in 2013 and 2018, the interaction results between
NDWI and NDBI were the highest, with q-values of 0.598 and 0.798, respectively, while in
2023, the interaction results between NDWI and POI were the highest, with a q-value of
0.638. In summary, from 2013 to 2023, the impact of urban environmental factors and social
economic factors on SUHI effects gradually increased, and their interactive impact values
also gradually increased. The factors that influenced SUHI effects showed a diversified
trend overall.

4.3. Policy Recommendations to Alleviate SUHI Effects

Based on the results and findings in this research, the following three policy recom-
mendations can be proposed to mitigate the SUHII: firstly, since the results of this study
showed that NDVI and NDWI had the highest negative impact on SUHII as single factors,
especially for LCZ2 and LCZ3, it is necessary to introduce more related land types, such
as small parks and water bodies in cities, especially pocket parks and lake water bodies.
Based on previous research findings by scholars, it has been proven that such measures
are effective in mitigating the SUHI effects [88–91]. Secondly, the results of the analysis
on the factor interaction in this research showed that the interaction between NDVI and
NDWI had the most significant negative effect on SUHI effects. Based on such finding
and previous researches by other scholars, it is recommended to combine parks, important
green patches, and water systems to form a blue-green network [92–95]. Thirdly, the Results
part in Section 3.3 revealed the impact of urban environmental factors on SUHII, stating that
the higher significance of the SUHI effect was related to the higher POI density, and that
RD was negatively correlated with the SUHII in the central area of the city, and positively
correlated with the SUHI effect outside the city. An on-site investigation revealed that
most roads in the city center are lined with trees, effectively lowering LST. In contrast, the
peripheral areas of the urban circle predominantly feature wide asphalt or hard-paved
lanes, which lack sufficient greenery. Based on such findings, these relevant policies can be
drawn: (1) In the city’s central area, the density of the road network can be appropriately
increased, with a recommended size for commercial blocks of 150 m × 150 m. Additionally,
incorporating tall trees as roadside vegetation can enhance the shaded area along roads
and help reduce surface land surface temperature (LST). In the city’s peripheral areas, it is
advisable to replace traditional road materials with permeable and cooling stone materials
to minimize the exposure of asphalt pavement to direct sunlight. (2) The research findings
indicate that the degree of POI agglomeration is positively correlated with the intensity
of the urban heat island effect. Field verification reveals that areas with clustered POIs
are often associated with continuous high-density urban development. Consequently,
avoiding highly concentrated building construction can effectively mitigate the urban heat
island effect. (3) Given their substantial SUHI effects, the compact lowrise and midrise
areas (LCZ2 and LCZ3) in the central region of the Guangzhou-Foshan metropolitan area,
along with the industrial district near the northern mountainous areas (LCZ8 and LCZ10),
should be renovated and upgraded to enhance vegetation and water features. Alternatively,
they could be demolished and rebuilt as part of urban renewal efforts to expand outdoor
green spaces.

4.4. Limitation and Future Research Direction

This study consisted of three critical parts: firstly, the identification and division of
LCZs based on remote sensing images; secondly, the calculation of SUHII derived from
remote sensing surface temperature inversion; and thirdly, the identification of relevant
factors and influencing mechanisms on SUHI effects.
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However, there are still limitations in these parts, which require further improvement.
Firstly, in the stage of LCZ recognition, this study mainly used the LCZ generator devel-
oped by WUDAPT, followed by precision adjustments through random forest [18,96,97].
However, the existing methods are prone to confuse LCZ 2 with LCZ 3 in built types, as
well as confusing LCZ B with LCZ C in land cover types, for the remote sensing images
of each pair are of high similarity. For further research, deep learning methods should
be combined to improve the recognition accuracy of LCZs in the Guangzhou-Foshan
metropolis. Secondly, the method of calculating SUHII in this study is mainly based on
remote sensing inversion, only obtaining the LST. In subsequent research, the perceived
temperature should be added as the dependent variable of the SUHI effects analysis. Mean-
while, research should be conducted to further explore the influencing factors that affect
human beings on their perception of temperature in cities. Thirdly, in this study, the main
factors affecting the SUHI effects were mainly two-dimensional factors such as NDVI or
NDBI, lacking three-dimensional elements such as building materials, building volume,
or building shape, etc. Therefore, further research could conduct analysis on the effects of
three-dimensional influencing factors such as building height, shape, and material on the
UHI effects [19,58]. What is more, since the relationship between the SUHII of different
LCZs and influencing factors is non-linear, the GD model still has significant shortcomings
in exploring the correlation of influencing factors. In the future, the random forest model
in machine learning regression analysis and the YOLOv5 algorithm in deep learning will
be used to deeply explore the influencing factors of SUHII [13,14,98,99].

5. Conclusions

A detailed analysis of the changes in local climate zones in the Guangzhou-Foshan
metropolitan area from 2013 to 2023, as well as the influencing factors of the surface urban
heat island (SUHI) effects in different types of LCZs, can provide quantitative support for
future mitigation of the deterioration of urban thermal environment.

In this study, LCZ exhibited significant spatial heterogeneity and complex distribution
in the Guangzhou-Foshan metropolitan area, in which LCZ 9 took up the largest proportion,
yet its area kept increasing over time. In the central urban area, the proportion of LCZ 5 in
the built types was the largest, and its area has been increasing annually. In the metropolitan
area of Guangzhou-Foshan, the proportion of LCZ A in the land cover types was the largest,
and its area remained relatively stable without annual increase or decrease.

The SUHI effects in the Guangzhou-Foshan metropolis exhibited a clear core-periphery
pattern. A comparison between 2013, 2018, and 2023 showed that the overall SUHII in
the Guangzhou-Foshan metropolitan area has been alleviated in general terms, but to a
specific extent, the SUHII in the central urban area continued to increase, with the peak
value of SUHII in 2023 significantly higher than that of 2013. Additionally, the analysis
revealed that LCZ 8 had the highest positive impact on the SUHI effect, followed by LCZ 3;
conversely, LCZ G had the greatest negative impact on the SUHI effect, followed by LCZ A.

In terms of single-factor influence, through the analysis of the GWR and MGWR
regression models, it was found that land cover factors had the greatest impact on SUHII,
with NDVI and NDWI showing significant negative effects and NDBI showing a significant
positive effect. The comparison between the results from 2013 to 2023 showed that the
factors influencing SUHII have become increasingly diverse, with factors such as POI and
RD gradually becoming more influential. In terms of two-factor interactions, in 2013 and
2018, the interaction between NDBI and NDWI had the greatest impact on SUHII, while in
2023, the interactions between POI, RD, and land cover factors had a significant impact on
the SUHII.

In conclusion, this study took the Guangzhou-Foshan Metropolitan Area as the re-
search object, making a longitudinal comparison between the data collected at three dif-
ferent time periods in 2013, 2018, and 2023, applying multiple models. With the support
of both quantitative and qualitative analysis, this study delved deeply into the driving
mechanisms influencing the SUHI effects, providing suggestions for future policy-making.
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Abstract: Urbanization is a multifaceted process characterized by changes in urban areas through
various means, such as sprawl, ribbon development, or infill and compact growth. This phenomenon
changes the pattern of the local climate zone (LCZ) and significantly affects the climate, vegetation
dynamics, energy consumption, water resources, and public health. This study aims to discern the
impacts of changes in urban growth on the LCZ and land surface temperature (LST) over a two-decade
period. A comprehensive methodology that integrates statistical analysis, data visualization, machine
learning, and advanced techniques, such as remote sensing technology and geospatial analysis
systems, is employed. ENVI, GEE, and GIS tools are utilized to collect, process, and monitor satellite
data and imagery of temporal and spatial variations in intensive or diffuse urbanization processes
from 2003 to 2023 to analyze and simulate land use and land cover (LULC) changes, urbanization
index (UI), LCZ patterns, and LST changes over the years and to make overlapping maps of changes
to recognize the relation between LULC, LCZ, and LST. This study focuses on Seville’s urban area,
which has experienced rapid urbanization and a significant increase in average temperature during
the last few decades. The findings of this study will provide actionable recommendations into the
interplay between urban growth and climate and highlight the pivotal role of urban growth in
shaping resilience and vulnerable areas based on microclimate changes. Urban planners can leverage
these insights to predict alternatives for the future development of urban areas and define practical
climate mitigation strategies.

Keywords: urbanization process; land use and land cover (LULC); local climate zone (LCZ); climate
change; land surface temperature (LST); remote sensing (RS); Google earth engine (GEE)

1. Introduction

The onset of the 21st century has marked a significant acceleration in urbanization,
with more than half of the world’s population now residing in urban areas. This number
is anticipated to rise to nearly 60% by 2030 [1,2]. Rapid urban expansion profoundly
affects local urban environments and has become a major catalyst for increasing LULC
changes. Characterized by long-term shifts in weather patterns, climate change exacerbates
temperature instability and disrupts natural cycles [3].

Urban growth and intensification patterns are driven by factors such as population
shifts [2], infrastructure development, industrialization [4–6], historical development, eco-
nomic growth [7], and various environmental, geographical, and planning conditions,
which cause changes in the multifaceted nature of urban systems.

All these elements shape urban morphology and texture and cause changes in LULC’s
current status [8–10]. LULC refers to the pattern of biological and physical cover over
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the land’s surface, including forests, water bodies, agricultural and vegetation lands, and
urban areas, as well as the human activities associated with them. These changes in LULC
create different types of urban growth with distinct characteristics [11,12], changing the
pattern of microclimates over time [5,6]. A microclimate change is described as a long-term
change in the average weather patterns that affect Earth’s local climates [1,3], which is
crucial for understanding the impact and role of urban growth patterns on climate, espe-
cially temperature variation patterns [3]. LCZs, as a standardized framework, categorize
urban landscapes into different classes based on several factors, such as the physical and
thermal properties of urban and natural landscapes [13]. These classes are influenced by
urbanization processes, changes in LULC patterns, and climate change [14,15]. On one
hand, the classification of LCZs involves analyzing surface structure, land cover, local
climate conditions, function, and anthropogenic influence, with a particular focus on urban
and peri-urban areas [16,17]. On the other hand, LST changes are influenced by landscape
alterations, vegetation loss, LULC composition, urban materials and geometry, anthro-
pogenic heat, natural settings, and geographic locations, the same as LCZ [13,16,18]. In
many metropolitan areas, the temperature differential caused by an elevated LST, driven by
a high percentage of impermeable surfaces, can escalate to around 5 ◦C [19–21]. This rise
in LST predominantly results from the expansion of impermeable areas, which correlate
closely with urban development-induced modifications in LULC. This trend is raising
significant environmental and human health concerns [22–24]. Over the past few decades,
urban areas have seen surface temperatures rise by approximately 0.87 ◦C, attributed to
global climate change and human activities [4,19,20]. Predictions indicate the LST in urban
areas will continue to increase [8,14,20]. Subsequently, evaluating the impact of LULC
changes on LST is urgent for designing livable areas and creating healthy urban environ-
ments. Table 1 provides an overview of previous studies, summarizing key findings related
to the effects of urbanization on land cover and temperature.

Table 1. Previous studies related to the LULC, LCZs, and LST.

Main Point Studies

Studies emphasized the correlation between climate change, land alteration,
and their consequences on LST outcomes. [15,20,25–28]

Studies examined the urban growth and sprawl’s impact on local climate.
The effects on LST are crucial for evaluating sustainable urban development
and understanding both the quantity and quality of these changes.

[3,7,12,24,29–31]

Studies explored the relationship between LCZs and LST, demonstrating that
different LCZ types exhibit varying thermal behaviors and providing
insights into how urban morphology influences local temperatures.

[14,16,19,32–34]

Studies defined the relationship between LULC changes and LCZ patterns
and mentioned that changes in land use and cover directly influence the
classification of LCZ and the integration of them allows for a more detailed
analysis of urban heat islands (UHIs) by linking specific land cover types
with their corresponding thermal effects.

[14,21,35–37]

According to Table 1, the indicators and lines of these studies include LULC, LCZs,
and LST, which are defined as follows.

Main types of urban growth include the following:

• Compact growth or infill development: concentrating buildings within existing devel-
oped areas [8], focusing on vertical development.

• Ribbon development and infrastructure-led growth: occurring alongside transporta-
tion and communication routes [5], forming linear patterns of development.

• Sprawl or dispersed growth: the outward expansion of urban boundaries, often linked
with suburban or exurban areas [12].
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• Mixed development: involves varied types of development occurring over time within
different parts of an urban area, reflecting a city area faced with multiple types of
growth and development.

• LULC change: identified various land use types, such as built-up areas (BUAs), water
bodies (WBs), agricultural lands, vegetation, forest lands (A/V/F), and barren soil
(BS) [4,5,12]. LULC change detection entails the comparison of images taken at various
times to detect and study alterations in the landscape and to observe urban growth
and deforestation [12,38].

• LCZ: This classification system, introduced by Stewart and Oke [14], categorizes
urban and rural areas based on surface cover, structure, and thermal properties,
providing a standardized framework for comparing different urban areas. This system
is widely used to study how various urbanization forms influence microclimates,
particularly in relation to LST. Different physical classifications of LCZ are explained
in the methodology section.

• LST: A critical factor in comprehending the thermal atmosphere and Earth’s surface
in urban areas [16,39] is associated with different patterns of urban growth. Many
factors play crucial roles in the level of LST, such as solar radiation, vegetation cover,
LULC, urban growth, topography, weather and climate condition, and human activi-
ties [19–21]. LST is a critical parameter in studying Earth’s energy balance, urban heat
islands, climate change, and environmental processes.

Due to the interplay and connection between urbanization, LULC, LCZ, and LST
changes (Figure 1), the main points mentioned based on the literature review are included:

Figure 1. Relationship between urbanization process, LULCC, LCZ and LST.

• The urbanization process influences LULC changes (LULCCs), altering how land is
used and covered.

• LULCCs then modify LCZ, affecting the classification of different urban and rural
areas based on their structure and surface properties.

• The LCZ impacts LST by determining the thermal characteristics of different zones
and LULC.

• Both the LCZ and LST contribute to the urban heat island effect (UHIE), where urban
areas become noticeably warmer than their rural or surrounding areas due to the
interplay between urbanization, LULC, and LST changes (Figure 1).

Therefore, this research aims to systematically review and evaluate the existing data
linked to LULC, LCZ, and UI and investigate the adverse environmental impacts of urban
growth, particularly in long-term local climate change patterns in Seville, Spain. It examines
two decades of LULC distribution and changes, the types of urban growth, and UI patterns
and density and evaluates LCZ changes, population trends and flow, and their effect on
LST variations from 2003 to 2023.
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Previous research has often focused on isolated aspects of urbanization, such as land
use changes or short-term temperature variations. However, this study addresses both the
long-term effects of urbanization on microclimate and the interaction between multiple
factors, including urban growth patterns and climate resilience strategies. This research
employs advanced methodologies such as remote sensing, geospatial analysis, and ma-
chine learning, which were not widely utilized in earlier studies. The integration of these
technologies allows for a more comprehensive understanding of how Seville’s urbanization
has influenced its microclimate, particularly in terms of long-term LST changes. By ap-
plying multi-temporal satellite data and predictive modeling techniques, this study fills a
significant gap in the literature, particularly in Mediterranean climates where urban growth
patterns and climate dynamics are complex and interdependent and help to identify areas
most vulnerable to temperature increases and other climatic changes due to urbanization,
which is essential for developing strategies to mitigate the negative effects of urbanization
and improve urban sustainability.

2. Materials and Methods

The methodology for analyzing the thermal footprint of urbanization involves a
mixed-method approach (descriptive and analytic) and a multi-step process combining
spatial, statistical, remote sensing techniques and historical documents. Therefore, the
methodology of this research consists of three main sections. The Section 2.1 introduces
the process and step-by-step structure of data collection, preparation, and the methods
and techniques used in Section 2.2. In Section 2.2, all the formulas related to the indices
affecting the research objectives are introduced and explained. Finally, in Section 2.3, the
case study is presented.

2.1. Methods

The methodology is divided into two specific parts: firstly, classification, selection,
and preparation that includes 4 separate sections. The first is the process of case study
area and the period of time selection (mentioned in Section 2.3). The second specifies the
criteria and indicators based on the literature review and the aims of this study (explained
in Section 2.2). The third describes data collection and compilation and defines the sources
of different types of data and the process of selection and evaluation of the data (defined
in Section 2.1). The fourth outlines the collection methods for analysis (mentioned in
Section 2.1). The second part, analyzing and modeling, includes 2 main sections. The
first describes data pre-processing and preprocessing (defined in Sections 2.1 and 3.3).
The second provides a statistical analysis and modeling, and the evaluation of current
conditions is explained in the discussion part. The methodology is drawn in Figure 2,
which explains these two specific parts of the method.

Advanced remote sensing (RS) technology and geospatial information system (GIS
and statistical methods) satellite image data, which increase the visibility of the Earth’s
surface change [40,41], and statistics of documents of macro plans, reports, research, and
projects from organizations and meteorological stations are utilized to analyze and examine
the environmental characteristics. In the following sections, this paper introduces indices,
models, and validation approaches that evaluate population movement, LULC, LCZ,
and LST. The main dataset is multi-temporal Landsat satellite images from the USGS
website [42] because this site provides data with high spatial resolution.

For data preprocessing, as a crucial step in preparing the satellite products, layer
stacking, mosaicking, and clipping multi-band images, the brightness temperature was
adjusted and DOS1 atmospheric correction was applied using methods that are explained
in the second section of Figure 2. The multi-band images of Landsat 5 TM (path/row:
164/35, collection 2), with a reflectance resolution of 30 m and thermal resolution of 120 m,
were acquired from 1 to 31 July 2003, and for Landsat 8 OLI/TIRS (path/row: 164/35), the
reflectance resolution was 30 m and the thermal resolution was 100 m, with images collected
between 1 and 31 July 2023 used for preprocessing; the satellite images’ regions of interest
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(ROI) were applied to ensure minimal cloud coverage (less than 10%) [42]. Supervised
maximum likelihood classifier (MLC), K-mean clustering, and artificial neutral network
(ANN) are the most common approaches to classify remote sensing images [41,43,44] and
to calculate LULCCs; in this study, the support vector machine (SVM) system was used.
To evaluate the correlation between indicators, the geographically weighted regression
(GWR) equation was used in QGIS, and for assessment of the classification accuracy, overall
accuracy and the kappa index were utilized, as they are mentioned in Figure 2. The images
were calibrated using accurate classification methods (Section 4, part one, in Figure 2). In
addition, this study utilized various software but with a focus on QGIS3.28.8, GIS 10.8.2,
and ENVI 5.3 as powerful software for processing and analyzing satellite imagery, which
allow for advanced image classification and change detection, and Google Earth Engine
(GEE), a cloud-based platform designed for analyzing environmental data on a planetary
scale using JavaScript programming language, suitable for large-scale mapping projects.

Figure 2. Methodology.

2.2. Define Indicators

As mentioned in the introduction, there are different types of indicators that can
be used to establish a correlation between LULCC, LCZ, and LST. Based on the initial
definitions and the relationship between the components, the following indicators have
been examined as the main influencing factors: normalized difference vegetation index
(NDVI), normalized difference built-up index (NDBI), and UI. NDBI identifies areas with
built-up surfaces like roads and buildings, while NDVI indicates areas with healthy veg-
etation. The formulas employed and method explanations for them are explained in the
following sections.

• LULCC: Change detection entails comparing two or more images acquired at different
times to identify and analyze changes in the landscape [12,38] and the context of the
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urban area, which is identified by different colors for the BUA levels for cities, villages,
roads, industrial areas; WB levels for rivers, canals, and swamps, A/V/F area; and
BS [4,9,12]. One common method for LULC change detection involves computing the
LULC for each period and then subtracting one from the other [8]. For a given land
cover type (e.g., urban), the area can be calculated using the formula in Equation (1).

Area_(Type,Time) = Σ (Pixels classified as Type) × Area per Pixel (1)

The change in a specific land cover type between two time periods (Time1 (2003) and
Time2 (2023)) can be calculated as in Equation (2):

Δ Area_Type = Area_(Type,Time2) − Area_(Type,Time1) (2)

• UI: This clarifies the amount of urban areas in case studies [3,38]. The Shannon entropy
model was employed to evaluate urbanization trends and study how the city expands
and deforestation occurs [11,45] by measuring the extent of BUAs relative to natural
landscapes or other land uses for comparing urbanization levels across regions or
tracking urban growth. The structure of the model is as follows, in Equation (3):

H = ∑n
i=1 Pi ∗ ln(pi) (3)

In the formula above, the variables are defined as follows:

H = Shannon entropy value;
Pi = ratio of BUA;
i: area of the total BUA;
N = total area [46].

The value of the entropy is from zero to Ln, where (n) represents the amount of sprawl
urban growth. A greater value of entropy indicates more dispersed urban growth [47].

• NDBI: A remote sensing index used to identify changes in BUA density or urban
extent cover [4,8,12]. The formula for NDBI is typically derived from the reflectance
values in the near-infrared and shortwave infrared of the land surface bands of the
satellite data (Landsat) and is expressed in Equation (4).

NDBI =
(SWIR − NIR)
(SWIR + NIR)

(4)

In this formula, the variables are defined as follows:

SWIR is the shortwave infrared band;
NIR is the near-infrared band.

The resulting NDBI values range from −1 to 1. Positive values indicate a higher
likelihood of BUAs, while negative values suggest non-BUAs, such as vegetation or water
bodies. NDBI values closer to −1 typically represent areas with little to no built-up features,
such as vegetation or water bodies [4]. An increase in NDBI values (moving toward 0)
suggests an increase in BUAs or urbanization. Conversely, a decrease in NDBI values
(moving away from 0 toward −1) indicates a decrease in BUAs or urbanization. It is
crucial to note that the effectiveness of the NDBI for mapping BUAs may depend on the
characteristics of the study area, the spatial resolution of the satellite imagery, temporal
resolution, and the presence of factors such as shadows or mixed land cover types [8].

• NDVI: This is used to estimate vegetation health, density, and coverage [48], as well as
the intensity of greenness and surface radiant temperature of the area. It is calculated
using the reflectance values from the NIR and RED bands surface reflectance data
of Landsat 5 TM (bands 4 and 3) and Landsat 8 OLI/TIRS satellite sensor (bands
5 and 4). NDVI operates on the concept that vibrant, healthy vegetation primarily
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absorbs most of the visible light (specifically red) and reflects a significant amount of
the near-infrared light [4]. Equation (5) is as follows:

NDVI =
(NIR − RED)

(NIR + RED)
(5)

NIR: Near-infrared band;
RED: Red band.

The index value of NDVI ranges from −1 to 1. Positive and high NDVI values closer
to +1 indicate a higher likelihood of denser and healthier vegetation, while low NDVI
values closer to 0 and negative values suggest sparse or unhealthy vegetation, and negative
NDVI values closer to −1 typically indicate non-vegetated surfaces, such as BS. A decrease
in NDVI values, particularly in urban areas, indicates a reduction in the density of green
spaces, likely due to increased urbanization [48].

• LCZ: This system was developed to provide a standardized method for describing and
comparing the physical characteristics of different areas, particularly in the context
of urban climate research [36,37]. The classification of LCZ defined by Stewart and
Oke [14] is based on qualitative assessments of urban and rural landscapes. The
17 standard LCZ types are categorized into two main groups: urban LCZ types and
natural LCZ types, as follows in Figure 3:

Figure 3. Urban and natural LCZ types based on Stewart and Oke [14].

There are mainly three types of LCZ classification methods: the remote-sensing-based
method, including WUDAPT L0, LCZ Generator, and GEE; the GIS-based method; and the
combined method [17,19,36]. Generally, the GIS-based method is applied for urban areas,
estimating parameters such as building height, density, greening rate, and other spatial
metrics, while the remote-sensing-based method is more suitable for natural coverage
areas, calculating indices like surface cover, vegetation fraction, and albedo [21,49]. In this
research, the primary LCZ classification process was carried out using the LCZ Generator,
which provides templates for use with GIS during the sampling process. These templates
were also used as auxiliary data to enhance the overall classification accuracy. The LCZ
Generator follows WUDAPT’s (World Urban Database and Access Portal Tools) default
protocol [35,36], which has been sequentially improved over time to facilitate single-city
LCZ mapping [21,49]. For the classification, WUDAPT_L0_Training_template [50] was
used to generate L0 data. After collecting samples for the 17 LCZ classes, the remaining
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steps were performed using the LCZ Generator according to the submission form on the
website [17,36,50]. To ensure accuracy, the random forest (RF) algorithm was applied.
This method classifies each pixel into an LCZ type based on decision trees and requires
minimal training data. To validate the results, the classification process was performed
using both the LCZ Generator and the GIS template for consistency, following the WU-
DAPT_L0_Training_template [50]. By comparing the outputs of both systems, any potential
errors were identified and addressed. The RF algorithm demonstrated high accuracy, and
the classification results were confirmed to be consistent with minimal discrepancies.

• LST: This can be derived from thermal infrared data from satellite sensors [20,51]. The
formula to convert the brightness temperature to LST uses the thermal band data from
Landsat. This formula corrects for emissivity and atmospheric effects to estimate the
actual LST [19,21]. The formula involves several steps, including the use of thermal
infrared (TIR) imagery and the application of Planck’s law and atmospheric correction
models. Equation (6) is as follows:

LST(◦C) =
TB

1 +
(
λ× TB

ρ

)
× ln ε

− 273.15 (6)

TB: At-satellite brightness temperature in Kelvin, and the final LST is in Celsius;
λ: Wavelength of emitted radiance;
ρ: Constant (h*c/σ = 1.438 × 10−2 mK);
ε: Surface emissivity.

High LST values suggest that the surface might occur in urban areas, deserts, or other
regions with little vegetation or high heat-absorbing materials, like asphalt and concrete.

Low LST values indicate a surface typically found in areas with dense vegetation,
water bodies, or regions with a higher moisture content.

2.3. Study Area

The study area of this research is the city of Seville and its urban settlement area. Seville,
in Spain, is situated at 37.3891◦ N, 5.9845◦ W [51,52]. Spread over an area of 141.28 km2,
with an average elevation of 6 m above sea level, Seville experiences a Mediterranean
climate characterized by hot, dry summers and mild, rainy winters. The average annual
temperature in 2020 was around 19 ◦C, with summer highs often exceeding 35 ◦C, and every
year, 40 ◦C is surpassed on several occasions [8,53]. Winters are mild, and the city receives
about 550 mm of rainfall annually, mostly between October and April. This climate, along
with rapid urbanization, influences the city’s microclimate and UHIE. Seville is a city with
a rich history and cultural heritage dating back to Roman times, and due to being inhabited
for centuries, Seville, like many other cities worldwide, underwent significant rapid urban
development and substantial urban expansion during the first decade of the 21st century.
This period saw a strong boost from public and private investments, which translated into
numerous infrastructure projects, urban developments, and economic initiatives [8,54–56].

3. Results

In this section, the main indicators that were mentioned in the methodology section
are evaluated and overlapped for providing an understanding of the condition of the study
area over a period of 20 years. The parameters include an evaluation of the history of
the urban growth trend, population trend, UI trend, and LULCC, NDBI and NDVI, and
LCZ and LST patterns from 2003 to 2023. In the first step, the history of urbanization in
Seville was studied to find the main causes and reasons for change, and then the process of
changing over time was evaluated with the help of previous plans, research studies, and
historical documents.

110



Land 2024, 13, 1877

3.1. History of Urban Growth Trend

This study meticulously examines the various facets of urban growth in Seville, in-
corporating insights from contemporary urban studies and previous plans, programs, and
projects to provide a comprehensive overview of Seville’s urban growth trends and their
climatic ramifications from 2003 to 2023. Based on findings from previous research and
under the new General Urban Development Plans (1988, 2006, and 2018), the process of
urban growth in the previous century was influenced by various internal and external
factors [5,8]. Some World Exhibitions and national and international events and projects,
such as the Ibero-American Exposition 1929–1930 (from 1015 to 1029, 36.19% increase in
BUA) and the World Exhibition—EXPO’92 (from 1981 to 1992, 40.79% increase in BUA) [53],
had a huge effect of shaping the context of the city in 21 centuries. By examining the city’s
structure, Seville shows an ecological design with a central urban area and radial growth,
in which newly developed areas are gradually integrated over several years [57].

In Figure 4, the map of urban growth from 1918 to 1995 (before the period of time
that was evaluated in this research) displays rapid and varied types of urbanization and
shows the direction of growth in the city of Seville. Initially, growth was circular and
compact and involved infill development, but over the decades, it transitioned to ribbon
and sprawl [8,55,56].

Figure 4. Visual representation of urban growth trends and changes in the city of Seville over the
decades based on the master plan of the city, 2006 [8,54,55,57].

These data illustrate and prove the physical growth of the city of Seville before 2003,
highlighting the importance of studying this historical data due to the rapid urbanization
and high population growth rate in the previous century, the effects of which are still
evident years later. In Figure 4, the amount of each type of urban growth is evaluated
and classified from compact to medium compact, and from medium dispersed to totally
dispersed or sprawl [8,52–54]. It is noted that there was a limitation in accessing the data;
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therefore, for the previous century, only the period from 1975 to 2023 is mentioned (for a
better understanding of the process of changing, the time of evaluation was extended).

Additionally, the preprocessing and processing images (Figure 5) clarify that the trend
of dispersed or sprawl growth in the city was driven by the need to connect to settlements
around the main city, resulting from rapid urbanization. Now, in the satellite image related
to 2023, we are faced with an urban area, not just a city, based on the direction and pattern
of sprawl and changes in urbanization in the study area. These changes demonstrate a
network of connections between the city and surrounding urban areas. Therefore, in this
study, the city of Seville and its first layer of settlement will be evaluated; in the satellite
images, a buffer of 10 Km from the center of the city is analyzed.

Figure 5. Schematic map of urban growth and expansion from 2003 to 2023 in the city and surrounding
settlement [42,58].

3.2. Population Trend

Population trend is one the most important factors in defining types of urbanization
and the growth rate. Shifting people, the same as an urbanization process, does not just
happen only in the city, it is a process that has an effect on a larger scale area (metropolitan).
The city of Seville faced a decline in population growth and experienced a negative growth
rate in the city, especially during the last 5 years of 2003 to 2023 (Figure 6). The histogram
below shows that Seville has bounced back after experiencing these losses, before 2000 and
after 2021. This means the city is losing population, but the question of where people went
remains. Therefore, the growth rate of the city and surrounding area in metropolitan Seville
is calculated in Table 2, which shows, in comparison to the main city, that the settlement
around the city has faced a huge number of changes in population [59].

Figure 6. Population trend in the city of Seville over 20 years [59].
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Table 2. City and urban area population growth rate [59].

City Year Population Period Growth Rate

Seville
2003 686,845

2003–2023 +0.692%2023 700,694

Seville urban
area

2003 1,328,985
2003–2023 +10.94%2023 1,547,945

In the following section, based on linear model in SPSS.19 for the specified multi-year
interval, the growth rate and population trend in the city and a comparison within the
urban area was evaluated (Figure 7). The results show, in total, both the city and urban
areas have positive growth rates; the growth rate in the urban area is almost 15 times
bigger than that of the city. This finding indicates that the urban area (metropolitan area) is
migrant-receptive, as there was a significant increase in the population and the direction of
population movement was from the city to urban areas and suburbs. Seville acts as a source
of migrants [8,51,59]; therefore, urban areas have experienced a considerable increase in
population and physical growth. This phenomenon can prove the types of urban growth
in the past, present, and future of the study area, which are explained in Figures 4 and 5.
As mentioned before, these items were the main factors that indicate there is a need for
analyzing not only the city but also the surrounding area because they have an effect on
the pattern of changing in all of the evaluated indicators.

Figure 7. Formula for predicting changes in population trend; processed in SPSS 19.

These results are very important for understanding the patterns of UI, LULC, LCZ,
and LST changes, especially in comparison with previous data. Before 2003, when the
growth rate of the city was higher and the city was faced with a huge migration of people
to city, the type of urbanization was more compact. After 2003, when the annual rate of
population decreased in the city, the type of urbanization shifted from compact to dispersed
urbanization (Figure 4).

3.3. Evaluation of LULC, NDBI, NDVI, and UI
3.3.1. LULC Evaluation

For the evaluation of urbanization patterns, the first item is the LULC maps (Figure 8
and Table 3). Seville’s urban area experienced significant changes in the distribution of land
use. In 2023, 42% of land in the urban area was covered by BUAs, compared with only 28%
20 years earlier and almost a 50% decrease in BS. This shows a very high rate of change
in urbanization. There is also a substantial increase in areas designated as A/V/F and
BUA (Table 3). The area increased from 208,288 m2 in 2003 to 317,865 m2 in 2023, showing
+52% increase for A/V/F areas and a 51% increase relative to the total area for BUAs, and
marking a significant decrease in BS areas (−45.8% compared to 2003).
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Figure 8. LULC change detection for 20 years; processed in ENVI and GIS, and normalized in SPSS.

Table 3. Comparing the amount of LULC changing trend.

Year 2003 2023

Area m2 Percentage of Total m2 Percentage of Total

BUA 314,696 27.8% 476,006 42.1%
WB 19,244 1.7% 19,357 1.7%

A/V/F 208,288 18.4% 317,865 28.1%
BS 587,508 51.9% 318,431 28.1%

Total 1,132,000 100% 1,132,000 100%

Therefore, half of the BS land changed to BUA or A/V/F. In summary, the location of
the area that changed to BUA proved the findings of the urban growth trend and population
shifting and shows that the city is faced with ribbon and dispersed or sprawl types of urban
growth in order to connect to other settlements and to the main roads in the urban area.
Additionally, the increase in A/V/F in Seville suggests efforts to promote agriculture areas,
possibly through afforestation or urban planning initiatives. As shown on the map, the
most significant land use changes have occurred in the northern and northeastern areas, as
well as the southeastern and southern areas. It can be said that the pattern of urban growth
and changes has continued to follow the growth trends of previous years.

3.3.2. NDBI and NDVI

Over the past 20 years, the urban area of Seville has experienced an increase in mean
NDBI values, showing a 0.19-point increase in Figure 8. There is a notable reduction in the
blue areas (indicating they are not BUAs) in 2023 compared to 2003. This could reflect an
expansion of urban areas where previously there were none or changes in the intensity of
urbanized regions. The spread of yellow regions (indicating a low BUA intensity) in 2023
suggests urban changes. In general, based on these maps and histograms (Figure 9), the
NDBI parameters are still moving toward 0. This shift does not solely signify a dispersed
type of urban growth but indicates that BUAs, such as roads, buildings, and infrastructure
(in infill, ribbon, and dispersed growth), are increasing, with more land being developed
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and fewer areas remaining as undeveloped or vegetative cover. Urban areas, characterized
by high NDBI values due to the presence of built-up structures, tend to have higher surface
temperatures compared to surrounding rural or natural areas. In general, the maps show
that the north, northwest, east, and south sections of the area are faced with changes more
than other parts.

Figure 9. Map and the main data of NDBI index for the city of Seville and its urban area [42].

The main points illustrated in Figure 9 include the following:

• A 0.26-point decrease in the upper limit: More areas now have very high NDBI values,
suggesting a rise in dense urbanization and construction.

• A 0.44-point increase in the lower limit: The shift from very low to moderate NDBI
values suggests land use change, with natural areas being converted to urban or
built-up regions.

In addition, the NDVI maps (Figure 10) show a visible reduction in NDVI values from
2003 to 2023, particularly in the northern and southern parts of Seville, which could be due
to deforestation, land clearing for agriculture, or urban development. This shift to a lower
NDVI value suggests that the overall vegetation health or density has slightly decreased.

The main points illustrated in Figure 10 include the following:

• A 0.17-point decrease in the upper limit: Fewer areas now have very high NDVI values
(dense vegetation).

• A 0.21-point increase in the lower limit: The shift from very low to moderate NDVI
values could suggest urban expansion over bare areas, leading to a less natural land-
scape overall.

Reviewing the NDBI and NDVI maps reveals areas where increased urbanization
correlates with decreased vegetation. High values in the NDBI map alongside low NDVI
values could indicate regions most affected by urban growth and also prove that although
the A/V/F area increased, the quality and level of the health of the vegetation is faced with
a reduction.
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Figure 10. NDVI index for the city of Seville and its urban area [42].

3.3.3. UI

Urban/non-urban area changes or UI over time can be evaluated by the results of
the LULCC, NDBI, and NDVI findings and by evaluation plans, projects, and previous
research related to Seville. The extent of change in BUAs is revealed as an important
dimension compared with the total area, and this parameter clarifies the types, direction,
and limitations of urban growth and the urbanization process over 20 years. Figure 11
indicates that the city has faced a noticeable increase in sprawl urban growth and LULCCs.
The percentage of BUAs in the total area has increased by 14.25%; when that is compared
with other LULCC classes and with changes in BUAs in previous decades, it is quite
noticeable that there is a shift toward growing urban footprints around the main city,
following population movement. This map shows that within the current boundaries of
the city, the extent of urban development and BUAs has significantly expanded, indicating
that 42.05% of the land within the city is occupied by BUAs, which has increased by 14.25%
over 20 years.

As was mentioned in the methodology section, the Shannon entropy method, which
is often used to measure the distribution and intensity of land use, such as BUAs, was
utilized in this study area. Based on Table 4, if entropy has decreased, it indicates that
urban development has become concentrated in specific areas, such as along transportation
routes or in designated development zones, while other areas have seen less development.
The entropy value for 2023 was less negative than that for 2003, indicating possible urban
sprawl or concentrated development, which is obvious in Figure 11.

Table 4. Calculation of Shannon entropy for the years 2003 and 2023 in Seville.

Year BUA (m2) Pi (Ln)Pi Hi = Pi × Ln(Pi) ΣPi × Ln(Pi)

2003 314,696 0.2784 −1.2788 −0.3560 −0.3560
2023 476,006 0.4206 −0.8662 −0.3643 −0.3643

Total, area 399,734
ΔH H2023 − H2003 = −0.3643 − (−0.3560) = −0.0083
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Figure 11. Urban/non-urban area index in 2003 and 2023. Based on ENVI and ARCGIS.

A slight decrease in the entropy value between 2003 and 2023 means that development
increased in specific areas of the city, and these areas were being built-up and developed
more compared to the past. The areas with a huge amount of change in LULC are in the
north and northeast of the urban area (Figure 11).

For better clarification of the types of changes, based on GEE and using JavaScript
programming language, UI indexes were generated for 2003 and 2023, and then the maps
were overlapped and the types and direction of changes in LULC classes were calculated.
The results exactly proved the finding of Shannon entropy (Table 4). In addition, the period
of the time was divided into 2003 to 2013 and 2013 to 2023 to better identify the extent of
the changes and their trends. The first decade (2003–2013) was more focused on BUAs
and agricultural transitions, whereas the second decade (2013–2023) showed a broader
spread of changes across BUAs and all land cover types. In Figure 12, the BUA changes
indicate significant urbanization and expansion of BUAs, which seems particularly evident
in both decades but is more pronounced in the second period (2013–2023). This could reflect
infrastructure expansion or city development policies pushing urban sprawl pattern. BS
changes (yellow) are evident, especially in the latter decade (2013–2023), suggesting either
land clearance, deforestation, or areas prepared for future construction or development.
A/V/F changes represent fluctuations in agriculture, forests, or vineyards. While there are
pockets of these changes, they seem less dominant in the overall transition compared to
BUAs, suggesting more focus on urban growth than agricultural expansion or reforestation.
WB changes indicate water body changes, but the minimal representation of this category
suggests that water-related changes were less significant in this timeframe.

In general, the northern and southern zones of the highlighted region in Seville
appear to have experienced the most intense changes. In particular, the expansion of
BUAs is evident in the southern peripheries, potentially indicating suburbanization or the
development of new residential or industrial zones. Inner city areas, particularly those
within the marked boundary, show less change, suggesting that urban densification or
expansion has primarily occurred in the outskirts, while the central city area remains stable.
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Figure 12. Comparison of types of changes in LULC over time.

These changes, particularly the significant rise in BUAs, likely point to urban develop-
ment and land preparation for future projects. Therefore, there is a need for evaluation of
city reports and development plans. One of the main datapoints that helps categorize the
changes is the city data from open-access resources and city documents. The city’s strategic
plans were studied, and two maps were made demonstrating what the development pro-
cess would be like in the future (Figure 13). These two maps are development planning and
classification of urban developable and non-developable areas, based on online GIS data
of Seville [60]. The map of development and UI map from satellite images show the same
pattern, meaning the number of changes in UI is based on predicted plans and projects
of the city master plan, respecting legal, environmental, and historical opportunities and
constraints, which is because of urban planning laws and regulations that have influenced
land use changes and the direction of growth.

The development planning map (Figure 13A) shows different stages of urban planning
across the city, including areas that are still being processed, those that have received final
approval (pink), and areas where development has been annulled due to legal reasons
(purple). It highlights zones of significant interest where urban development is either
ongoing or proposed. The classification map (B) provides a detailed categorization of land
into developable and non-developable zones based on its potential for urban development
and its conservation status [61,62]. Developable areas are shown in colors like yellow and
orange, indicating land that can be urbanized, while green areas represent non-developable
zones, such as protected natural or rural areas.

There is a clear distinction between urban expansion zones (developable land) and
protected or rural zones (non-developable land). These maps, together, illustrate the
planning status and how urban planning is structured in terms of both the approval
process and land categorization, helping to visualize which areas will undergo future
development and which are preserved. These maps also provide a comprehensive view
of urban development strategy, highlighting the complexities of managing growth and
showing which areas are prioritized for urbanization and which are protected from it.
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The combination of Figures 12 and 13 indicates that the areas designated as “develop-
ment zones” in the proposed plan have experienced the highest levels of change in both BS
and BUAs. Notably, these changes became more pronounced during the second decade
of the period under review. These maps are based on current data from the city of Seville,
obtained through up-to-date sources and modeled in conjunction with satellite imagery.

Figure 13. Map of development planning and classification of urban developable types [60].

3.3.4. LCZ

As was mentioned in the methodology section, to compare the LCZs of Seville between
2003 and 2023, several factors should be considered, including changes in urbanization,
vegetation cover, industrial expansion, and infrastructural developments [14,35,36]. Seville
has become more urbanized, especially with the rise of mid-rise and high-rise buildings.
New areas have been developed, and suburban zones have become more compact. In 2003,
the densely built environment in the city center and lack of greenery was obvious, and focus
on climate mitigation in urban design was less pronounced, but over the past 20 years, the
city has introduced efforts to introduce more green spaces through tree planting, construct
sustainable buildings, and incorporate smart infrastructure to control climate changes, to
expand LCZs A and B (Figure 3), and to limit excessive temperature rise in LCZs 1–3. The
general data of the LCZ maps is defined by the LCZ Generator [50] (Table 5):

Table 5. General data of LCZ map; LCZ Generator [36,50].

Submission Information Submission Date Representative Date

Seville LCZ map 23 July 2024 12 December 2023
16 July 2024 12 September 2003

Figure 14 shows the LCZ distribution in Seville in 2003 and 2023. The colors represent
different LCZ classes, such as urban areas, vegetation, bare soil, water bodies, etc. In 2003,
the urban region was more concentrated in a central location with less surrounding urban
sprawl, but over 20 years, there are visible changes in the land cover, with a likely transition
of some natural zones into more developed or urbanized regions and a visible increase
in red zones (LCZs 1 and 2), indicating a significant rise in built-up or dense urban areas
between 2003 and 2023.
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Figure 14. LCZ map; analyzed in QGIS and LCZ Generator [42,50,58].

The area and classes with the most significant changes based on the findings of the
LCZ maps and maps of UI and urban development and the results of the master and
strategic plans of Seville are shown in Table 6.

Table 6. Main changes in LCZ classes in Seville urbanization and built environment (2003 vs. 2023).

LCZ Classes 2003 2023

LCZ 1 (compact high-rise) Limited to a few business districts. Further urban development and modernization added
areas like Torre Sevilla and new commercial centers.

LCZ 2 (compact mid-rise)
Central part of Seville, especially historic areas like
Santa Cruz and El Arenal, retained their mid-rise,

compact structures.

The central part has remained largely unchanged, as
historical preservation laws protect this area.

LCZ 8 (large low-rise) Industrial areas were still in expansion, but significant
growth was underway.

Large low-rise zones have expanded significantly due to
the growth of the Seville industrial park and commercial

warehousing sectors

LCZ 9 (sparsely built) Areas on the outskirts, with large plots of land, are still
undeveloped.

Urban expansion and developments have reduced sparsely
built areas.

LCZ 10 (heavy industry) Industrial areas were concentrated in specific zones (on
the outskirts).

Industrial expansion, in the Zona Franca and areas near the
port, reflect Seville’s growing industrial economy.

LCZ A (dense trees) Parks, such as Parque de María Luisa, were
well-maintained.

The expansion of green spaces and urban forestry projects
slightly expanded LCZ A.

LCZ B (scattered trees) Tress were commonly found in residential
neighborhoods and near the Guadalquivir River.

Expansion of urban gardens and street trees as part of
Seville’s environmental policies increases this type of LCZ.
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The box plots on the right side show the accuracy and F1 metrics for different LCZ
classes (Figure 14). Each color in the box plot corresponds to a different LCZ class, as
shown in the map legend. The higher the box plot, the more accurately the LCZ class
has been predicted or classified. It can be seen that some LCZ classes, like urban areas,
might have higher accuracy compared to others. This metric combines precision and recall,
providing an overall measure of classification performance. High F1 values in the box plots
mean that certain LCZ classes, such as those in purple and blue, have been classified with
greater consistency.

3.3.5. LST

LST, as a primary indicator for the evaluation of climate change and environmental
conditions, is classified based on a period of 20 years. Figure 15 indicates that the entire
urban area has experienced an excessive increase in mean temperature because of urban
expansion, LCZ changes, and a dense population. The maps in Figure 15 show how
different types of land cover absorb and retain heat.

Figure 15. Analysis of LST (◦C) pattern over time and changes in LST mean.

The LST maps were calculated using RS-based Landsat 5 TM, Collection 2 (band 6)
for 2003 and Landsat 8 TIRS (band 10) for 2023, with temperatures expressed in Celsius.
The data were obtained from satellite images collected between 1 July and 31 July for both
years. The final LST map is the result of combining multiple satellite images captured over
this time period to create a comprehensive representation of typical summer conditions.
In ENVI, standard pre-processing techniques, including atmospheric correction and layer
stacking, were applied to ensure accurate and consistent LST calculations [42].

Mostly built areas are hotter than other areas, and agriculture land increases thermal
comfort, but the number of changes in the A/F/V area is significantly noticeable. The
central part of Seville, marked by green areas, and the historical area indicate lower
temperatures compared to the surrounding regions. This suggests that the core urban
area, despite being densely built-up, has managed to avoid the same level of temperature
increase as the outlying areas.

To gain a clearer insight into the pattern of changes, data trends from 1993 to 2023
were evaluated and are displayed in Figure 16. The graph shows a consistent upward trend
in the mean LST in July, from 30.13 ◦C in 1993 to 38.37 ◦C in 2023 [61,62]. This highlights a
near 8 ◦C rise in surface temperatures over 30 years. In total, the annual average increase
rate from 2003 to 2013 is 0.198 ◦C per year; from 2013 to 2023 is 0.228 ◦C per year; and the
overall rate (from 1993 to 2023) is 0.275 ◦C per year. The compound annual growth rate
(CAGR) is calculated based Equation (7):
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CAGR =

(
Value at the end

Value at the begining

) 1
Number o f Years − 1 (7)

Value at the end: temperature in 2023;
Value at the beginning: temperature in 2003;
Number of Years: between 2003 and 2023 (20 years).

Figure 16. Mean of LST (◦C) and LULCC in urban area in July 2003 and 2023.

The CAGR for the LST in Seville from 2003 to 2023 is 0.59% per year; that is higher
than the global average for urban areas [61,62]. The global urban LST has increased by
approximately 0.38% per year during a similar timeframe [61].

In Figure 16, each category shows an increase in the LST. The BS category experienced
the highest increase, with the LST rising from 34 ◦C in 2003 to 40.5 ◦C in 2023, a 6.5 ◦C
increase, followed by BUA; the locations of these hotspot areas are specified in Figure 15.
As the LST increases, the NDVI declines, leading to more extensive areas of stress and
possibly desertification or reduced agricultural productivity over time. This relationship
highlights the environmental changes happening in Seville, possibly due to climate change,
urbanization, or other anthropogenic factors, and clarifies that Seville is experiencing a
relatively rapid increase in LST due to rapid urbanization process in past decades. In
connection with Figures 11 and 13, that means this amount of change and increase in
hotspot areas is the result of the proposed city plans from previous years [60].

4. Discussion

This section uses overlapping maps and thermal images to illustrate the direct cor-
relation between urban expansion, the LCZ, and increased LST. These visuals highlight
that urbanized (BUAs) and barren soil (BS) areas tend to be warmer, while vegetated and
WB zones are cooler. Figure 15 specifically shows that in 2023, BS areas experienced the
most significant temperature increase over the last 20 years, with all the LULC categories
generally showing rising LSTs. These findings correlate urban expansion with temperature
increases, in comparison with the 20-year LCZ maps, and, particularly, an increase in
density in the central (not the historical part of the city) part and expanding outwards
corresponds with reductions in BS areas. It is evident that areas that have undergone
changes in the density patterns of their urban fabric, as well as those where classification
or LULC has shifted based on the land context, have experienced the most significant
changes in LST. These changes are illustrated in Figure 14 in the LCZ section. The city
center of Seville, with its compact mid-rise (LCZ 2) and low-rise (LCZ 3) buildings, was
already experiencing higher temperatures compared to the surrounding areas, especially
in summer. New developments, particularly the increase in high-rise buildings (LCZ 1)
and expansion in industrial zones (LCZ 10), have contributed to higher LSTs in these
areas. The addition of more high-rise buildings has led to significant increases in LST in
areas like Torre Sevilla and the Triana district, where tall buildings trap heat. The LST in
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these areas is significantly higher compared to low-rise or suburban zones due to reduced
vegetation and the heat-retention properties of concrete and asphalt (Figure 15). While the
LST in low-rise zones (LCZ 3 and LCZ 6) has remained high, urban greening efforts and
changes in construction materials have slightly mitigated temperature increases in some
neighborhoods. Industrial expansion (LCZ 8 and LCZ 10) has contributed to an increase
in LST. These areas are now some of the hottest zones in Seville, with large heat-retaining
surfaces and minimal vegetation (e.g., asphalt, concrete). In addition, the LST of urban
areas, based on UI (Figures 11 and 12), was compared with the LST of non-urban areas
to understand the impact of urbanization on local temperatures. This is reflected in the
UI maps (Figure 11) and LST maps (Figure 15), showing more red areas (BUAs) in 2023
compared to 2003, indicating an increase in the temperature. Therefore, there is a need for
an urbanization pattern map based on overlapping UI maps over time (Figure 17). This
map shows Seville’s urban growth trends, pattern directions, and limitations, and reveals
significant urban growth through sprawl and ribbon development, particularly at the city’s
borders and in suburban areas, with dense infill development in central urban areas.

Figure 17. The pattern of urbanization process and direction of urban growth.

4.1. The Pattern of the Urbanization Process

Figure 17 highlights the role of LULC patterns in shaping local temperature regimes
and indicates a trend toward a mixed development pattern over a 20-year period. The map
also shows an increasing of urban dispersion, based on the characteristics of BUAs, and a
reduction in BS, influenced by factors such as infrastructure and network enhancements,
which have shifted residential patterns from the city to more affordable suburban areas,
and historical conservation, whose efforts have limited changes in Seville’s historical core,
preserving its character [53,54].

The central, eastern, and northern parts of Seville are the main hotspots experiencing
the most significant temperature increases, while the historical center, areas near the river,
and the western and southern regions also see warming, but to a lesser extent compared to
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the core urban areas. Comparing maps of the LST and LULCC show that the study area
has experienced rapid urbanization, and the highest average temperature changes happen
in these mentioned areas. These areas are shown based on their distances from the center
of the city, with a radiance of 10 Km (Figure 18), which proves that the parts of the urban
area that had significant increases in LST are the areas with significant LULCC, NDBI, and
NDVI changes. For instance, areas with low NDVI values are predicted to often exhibit
higher LST values due to the lack of vegetation cover and increased heat absorption by
built-up surfaces. Another point that must be mentioned is related to the population trend
(Figure 6). The city of Seville faced an almost zero growth rate in recent years, while the
urban area has had a significant growth rate; therefore, the pattern of change around the
city based on the growth rate in the urban area and the result of the city’s development
strategies is acceptable.

Figure 18. Area with significant changes in LST (2003–2023).

Figure 17 provides a visual representation of different types of urban growth within
the city and surrounding area, based on historical trends and LCZ changes and the findings
of Figure 13, that overlap, using GIS and raster databases. The growth directions show
the main directions in which the city’s urban expansion is occurring, pointing toward
the outskirts or less developed areas of the province along major transport routes. This
highlights a linear expansion pattern that can influence transportation and housing policies.
The presence of infill growth in central areas suggests attempts to utilize available space
efficiently, whereas the sprawl growth around the periphery indicates ongoing expansion,
possibly at the cost of greenfield or agricultural land.

Evaluating Figure 17 with Figure 13, these main points must be mentioned:

• Areas (city) marked as “in process” or “final proposal” in map 12.A align with re-
gions showing infill or sprawl growth in the current map, indicating where future
developments are targeted or planned.

• Areas marked as “annulled by sentence” could correlate with areas that are not experi-
encing significant growth in the current map, suggesting that regulatory restrictions
have halted developments.
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• The distinction between developable and non-developable land in the urbanization
process (map 13.B) is directly linked to the growth types indicated here. For example,
areas marked non-developable due to environmental protection might be adjacent to
but do not overlap with sprawl growth areas.

• The “consolidated urban land” regions from map 13.B likely correspond to the “urban
area” and “infill growth” sections in this map.

These maps collectively provide a multi-faceted view of urban development dynamics,
understanding the types of growth, the stages of development, and the classification of
land use. Such detailed mapping aids in assessing the balance between development needs
and environmental conservation, crucial for crafting policies that guide urban expansion in
a manner that is both economically viable and ecologically responsible. In essence, these
maps form a foundational tool for decision-makers to visualize and strategize urban growth,
ensuring that development is aligned with broader sustainability and resilience goals.

4.2. The Pattern of LST Changes over 20 Years

These urbanization trends correlate with changes in the LST and highlight the impact
of urban development on local climates. Based on Figure 12 that was obtained from the
overlay of the UI, with the aim of making a more precise comparison with LST change
patterns, a map of the LST differences over time was created by overlaying the maps of
Figure 15 via programming in GEE platform.

Figure 18 is a comprehensive map that shows which part of the city is faced with a
significant amount of changes in temperature. This does not mean each area has high or low
temperature; it identifies the areas that have experienced the most significant temperature
changes due to urban development. This map shows the areas that are at risk, sensitive,
and vulnerable in the future in terms of temperature changes, particularly the northern and
southeastern peripheries, where urban sprawl and industrial growth have led to significant
increases in LST. These areas are most at risk due to the lack of green infrastructure and the
dominance of impervious surfaces.

Seville has experienced an overall increase in the average LST over the past 20 years,
partly due to urban expansion and climate change. The city’s growing compact built areas,
particularly in high-rise and mid-rise zones, have led to higher temperatures in these areas.
The expansion of compact BUAs, classified as LCZ 1, LCZ 2, and LCZ 10 (high-rise, mid-
rise, and industrial zones) now show the highest LST values compared to 2003 (Figure 14).
These zones experience hotter surface temperatures, especially during the summer. The
expansion of green zones (LCZ A and B) in 2023 and urban greening policies have slightly
mitigated LST increases in some areas. In 2003, suburban areas of Seville had lower LSTs
compared to the city center. By 2023, due to suburban expansion (LCZ 6 and LCZ 9), these
areas also showed a rise in LST. New developments in areas like Sevilla Este have led to a
mix of LST trends, where built environments contribute to increased heat, but new green
spaces help offset some of the warming. All these indicators, compared to the trend of
urban growth in the period before the timeframe studied (Figure 4), demonstrate the direct
effects of urban sprawl on changes in LCZs and LST. The correlation between urbanization
and LST is evident throughout this study, demonstrating how unplanned urban expansion
can lead to undesirable temperature increases and environmental degradation. To achieve
sustainable urban growth, these findings underscore the importance of incorporating
climate-responsive planning strategies. For example, encouraging infill development
and mixed-use zoning can limit urban sprawl while optimizing land use. Additionally,
integrating renewable energy sources, improving public transportation systems, increasing
the proportion of green buildings, limiting industrial expansion near residential zones, and
promoting compact vertical growth instead of horizontal sprawl can significantly reduce
Seville’s overall carbon footprint and will help maintain thermal balance.

In summary, this paper confirms the results of previous research on urbanization and
surface temperature changes. Although no prior study has comprehensively addressed
the simultaneous analysis of LST, LCZ, and the urbanization index, this research builds
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upon the findings from studies on UHI, LCZ, and urban growth patterns. Given Seville’s
specific climatic and temperature conditions, numerous studies have examined its thermal
characteristics, and this paper integrates these components while further confirming the
trends in the city’s strategic development plans. This research highlights the links between
urbanization and surface temperature, advancing the insights from previous studies.

5. Conclusions

This study examines the thermal impacts of urbanization on LCZs and LSTs in Seville
over the past two decades. The findings emphasize that urban planning must integrate
green infrastructure and sustainable land use to mitigate the environmental impacts of
urban growth. The key recommendations include the expansion of green spaces, espe-
cially in vulnerable northern and southeastern areas, where urban sprawl and industrial
development have led to significant temperature increases. Additionally, enforcing stricter
zoning laws to limit sprawl and encourage compact, vertical growth will help reduce the
long-term effects of UHI.

This study also highlights the need for continuous evaluation of urban plans and
strategies to understand their long-term impacts on LCZ and LST patterns. The results
confirm that changes in land use, particularly in built-up areas (BUA), have led to significant
temperature rises, with an average increase of 6.4 ◦C in these areas. Predictive models
for LCZ and LST changes should be developed to help urban planners to implement
climate-resilient policies for managing sustainable growth.

Seville’s experience provides a model for global urban environmental management,
demonstrating how cities can adopt land-use policies that address the negative effects
of urbanization and promote sustainable development. Regular assessment of city plans
and strategic actions is necessary to understand their impact on the local climate and LST.
Enhancing green infrastructure and promoting sustainable development in sensitive areas
are essential measures to counteract the negative consequences of rapid urbanization.

This research also concludes that, in addition to global climate change, urban de-
velopment and the shift from compact to sprawling growth patterns have significantly
contributed to the rise in surface temperatures in Seville. Therefore, it is crucial to re-
view and adjust the city’s strategic plans to mitigate these environmental impacts. Future
research should focus on developing predictive models to assess the direct and indirect
effects of LULCCs on LST and guide urban planning in vulnerable areas by adopting
climate-resilient infrastructure.

The analysis of Seville’s urbanization process underscores the importance of under-
standing how land use and cover changes can influence local climate dynamics. This
study’s results indicate that the increase in temperature within BUAs is more significant
than in other land types, with the total temperature rise in Seville being 4.26 ◦C, and 6.4 ◦C
specifically in BUAs. This rise in temperature is closely linked to urban development trends
and the transition from compact growth to dispersed urban growth.

In conclusion, Seville’s urban development trends, while aligned with global climate
patterns, also highlight the role of local urban planning decisions in shaping temperature
increases. To effectively manage these challenges, cities must regularly revise their strategic
plans to ensure they are compatible with environmental sustainability goals. Future
research should focus on further refining the models used in this study and applying
them to other cities to enhance global urban resilience against climate change.
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Abbreviations

LST Land surface temperature
LCZ Local climate zones
LULC Land use and land cover
UI Urbanization index
RS Remote sensing
GEE Google Earth Engine
GIS Geographic information system
ENVI Environmental visual imaging software
BUA Built-up area
WB Water body
A/V/F Agricultural/vegetation/forest
BS Barren soil
MLC Maximum likelihood classifier
SVM Support vector machine
GWR Geographically weighted regression
NDVI Normalized difference vegetation index
NDBI Normalized difference built-up index
ANN Artificial neural network
TIR Thermal infrared
ROI Region of interest
TA Training area
WUDAPT World Urban Database and Access Portal Tools
CAGR Compound annual growth rate
SPSS Statistical Package for the Social Sciences
UHIE Urban heat island effect
USGS United States Geological Survey
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Abstract: Ongoing global climate change, marked by sustained warming and extreme weather events,
poses a severe threat to both the Earth’s ecosystems and human communities. Traditional settlements
that underwent natural selection and evolution developed a unique set of features to adapt to and
regulate the local climate. A comprehensive exploration of the spatial patterns and mechanisms of the
adaptation of these traditional settlements is crucial for investigating low-energy climate adaptation
theories and methods as well as enhancing the comfort of future human habitats. This study used
numerical simulations and field measurements to investigate the air temperature, relative humidity,
wind speed, wind direction, and thermal comfort of traditional settlements in Western Sichuan Plain,
China, and uncovered their climate suitability characteristics to determine the impact mechanisms of
landscape element configurations (building height, building density, tree coverage, and tree position)
and spatial patterns on microclimates within these settlements. The results revealed the structural
and layout strategies adopted by traditional settlements to adapt to different climatic conditions,
providing valuable insights for future rural protection and planning and enhancing climate resilience
through natural means. These findings not only contribute to understanding the climate adaptability
of Earth’s ecosystems and traditional settlements but also offer new theories and methods to address
the challenges posed by climate change.

Keywords: nature-based solution; traditional settlement; Linpan in western Sichuan; microclimate;
ENVI-met

1. Introduction

In recent years, the urban heat island (UHI) effect, which is driven by global warming
and intensive urbanization, has significantly elevated regional summer temperatures, lead-
ing to an increase in the duration and frequency of extreme high-temperature events [1,2].
The impact of urban microclimates on outdoor human comfort, building energy consump-
tion, and heat wave dispersion has been demonstrated [3–5]. As the UHI effect extends
towards urban outskirts and rural areas, studies have revealed the substantial risks of
high temperatures to the health and safety of outdoor rural residents [6]. Its negative
consequences, including reduced thermal comfort [7], increased morbidity rates [8], deteri-
orating air quality [9], and additional cooling energy consumption [10,11], pose significant
challenges to rural residents and their living environments.

Current microclimate research is predominantly focused on urban areas spanning
various scales [12]. In contrast, research on the microclimates of rural settlements is
relatively limited. Compared with urban areas, rural infrastructure is often more vulnerable
and disadvantaged in addressing the impacts of climate change. Rural settlements rely
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heavily on their external environment and, without the use of mechanical equipment,
optimize their location, architectural design, and crop layout to adapt to local climates. Such
longstanding indigenous wisdom is a nature-based solution (NbS) that addresses challenges
such as UHIs and heat waves by providing cooling services [13,14]. Introduced by the
World Bank in 2008 and subsequently incorporated into the United Nations Framework
Convention on Climate Change by the World Wide Fund for Nature, NbSs rely on nature-
derived and nature-dependent approaches to efficiently solve diverse challenges and
simultaneously ensure economic, social, and environmental benefits. Currently, NbSs
primarily utilize ecosystems and their services to address social challenges such as climate
change, food security, and natural disasters [15]. China’s historical planning principles,
which emphasize alignment with nature, are a manifestation of NbSs that integrate local
traditional wisdom. Improving rural living environments and constructing ecologically
livable and beautiful villages are crucial tasks in implementing rural revitalization strategies.
Therefore, studying the climate adaptability of traditional rural settlements and exploring
NbSs is of paramount importance.

However, existing research on microclimates in rural settlements faces challenges in
terms of differences and comparability between Western and Chinese rural settlements. The
climate in China boasts a wide range of latitudinal and longitudinal spans, featuring diverse
climate types such as tropical, subtropical, and temperate monsoons, temperate continental,
and high-altitude cold climates. In contrast, European countries primarily experience
temperate maritime, temperate continental, and Mediterranean climates, whereas North
American countries are characterized by temperate continental and subarctic coniferous
forest climates. This diversity makes the direct application of results from studies on
Western rural areas to Chinese rural areas challenging. Owing to the larger residential land
area in Western countries and scattered distribution of rural residences, most studies have
concentrated on small towns. However, the significant differences in scale, layout, and
materials between Western and Chinese rural settlements have weakened the applicability
of these studies [16].

The Dujiangyan Water Conservancy Project in Western Sichuan, China, is a famous
World Heritage site owing to its irrigation engineering, which has been used for flood
control and irrigation since its construction 2200 years ago. Abundant water and flat land
helped develop the local agriculture and provide natural conditions for farming in the Land
of Abundance [17]. In the process of adapting to nature, the “Chuanxi Linpan” was formed,
a traditional settlement that facilitates life and production. This refers to a composite rural
residential environment that integrates farmsteads on the Chengdu Plain and hilly areas
with surrounding tall trees, bamboo groves, rivers, and peripheral farmland, forming a
complex living environment that combines production, daily life, and the landscape [18].
As shown in Figure 1, typically organized around clans, it has courtyard houses, tall arbors,
shrubs, and bamboos and externally connects to the fields with a river system, reflecting
the Taoist view of ecology [19].

Figure 1. Layout of a Linpan (traditional settlement) in Western Sichuan.
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Owing to the absence of hills to block the wind in the Chengdu Plain, tall trees and
bamboo protect against the wind. Typically, rural homes often adopt a linear, L-shaped, or
concave-shaped layout, and each household has its own courtyard; three to ten households
form a small Linpan, ten to thirty households form a medium Linpan, and over thirty
households constitute a large Linpan [20]. In addition to the built structures, the open
space within a Linpan serves as a transitional semi-open area. This space encompasses
natural elements such as the sky, earth, and plants, and their interactions create a distinctive
ecological environment in the Chengdu Linpan. This, in turn, generates a mild and
comfortable microclimate for the residents [21].

Linpans are not only unique in their form but have also accumulated ecological
wisdom over their millennia of development. Their passive design and low-energy con-
sumption are considered NbSs. The arrangement of a long cornice forms a space under
the eaves that considers factors such as rain, shade, and ventilation. Deciduous trees
provide shade from direct summer sunlight and guarantee access to sunlight during winter.
Moreover, recent studies, such as the assessment of land ecological security in the Chengdu
Plain Region from 2000 to 2020 by Zhang et al. (2023), highlight the importance of inte-
grating NbSs into regional planning to enhance ecological resilience and sustainability.
The ecological strategies embedded in Linpans align with the findings of Zhang et al.,
emphasizing the critical role of NbSs in maintaining ecological security and promoting
sustainable development in traditional and modern settlements alike [22,23].

With the advancement of computer technology and computational fluid dynamics
(CFD) software, numerical analysis and computer simulations have become pivotal tools
for studying microclimates in human habitats [24]. Among these tools, ENVI-met stands
out as a three-dimensional small-scale CFD model that is widely used to simulate micro-
climatic phenomena within the urban canopy and boundary layers based on interactions
among surfaces, buildings, vegetation, and air. It has been extensively and successfully
applied to assess microclimates and the human biometeorological impacts of different
urban climate design strategies [25]. Microclimate analysis primarily focuses on climate
characteristics at the scale of urban blocks, with heights and widths within 0.1 km, and
includes meteorological elements such as atmospheric temperature, ground temperature,
humidity, wind speed, and thermal radiation near buildings [26]. Furthermore, existing
research indicates that variables such as street orientation, building density, floor area
ratio, green space density, impervious surface ratio, and sky view factor can considerably
influence the local climate [27–30].

Through their study of outdoor thermal comfort in Tunisia, Achour-Younsi and Khar-
rat [31] proposed that aspect ratio and street orientation are crucial factors influencing urban
street canyons. Giridharan et al. [32] analyzed daytime UHI effects in densely populated
areas of Hong Kong and found that increasing the surface albedo and floor area ratio and
decreasing the sky view factor reduced the UHI index. Furthermore, reducing the impact
of buildings is more significant in mitigating the UHI effect, decreasing its temperature
increase and duration by approximately 30% [33]. In contrast, artificial surfaces such as
walls and impermeable roads have been found to significantly enhance the UHI effect [34].
In terms of vegetation environment, Morakinyo et al. [35] found that leaf area index, tree
height, and trunk height most significantly improve outdoor thermal comfort, but the bene-
ficial daytime effects of trees diminish with increasing urban density. Amani-Beni et al. [36]
determined that increasing vegetation cover under trees and irrigating grass can effectively
reduce temperatures during summer. Yang [37] found that vegetation positively affects the
surrounding thermal environment through shading, reflecting shortwave radiation, and
transpiration. Increasing the tree coverage provides a more comfortable microclimate than
increasing shrubs, making trees a priority when selecting variables [38]. Furthermore, Abdi
et al. [39], Atwa et al. [40], and Sahar et al. [41] investigated the mechanisms influencing
outdoor microclimates through the types, density, arrangement, and windward direction
of different tree species. Wu et al. [42] evaluated four spatial tree layouts in the ENVI-met
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model of a high-rise residential area in Beijing and found that different spatial arrangements
produced different effects by influencing the location of building shadows.

In this study, the microclimate of a traditional settlement, Linpan, in the Chengdu Plain,
China, is simulated using hourly monitoring data from meteorological stations, and field
measurements were used to validate the model. This study aimed to assess the key factors
and indicators influencing the climatic suitability of Linpans by changing the spatial layouts
of buildings and trees within them. The main objectives of this research are as follows:
(i) elucidate the microclimate environment formed within a Linpan, explore its self-adaptive
ability in high-temperature weather, and assess its outdoor thermal comfort; (ii) simulate
multiple scenarios for the first time that change the building height, building density, tree
coverage, and tree position inside a Linpan using ENVI-met 5.5 software to investigate the
influence of a Linpan’s configuration on climatic elements such as air temperature, relative
humidity, wind speed, and wind direction; and (iii) design strategies for the effective
control of thermal comfort to provide a reference for traditional settlement planning.

2. Study Area

The research subject of this study was a traditional settlement in JuYuan Town, Du-
jiangyan City, QuanShui Village, Cluster 7 (30.971119◦ N, 103.695207◦ E) (Figure 2). This
settlement has 15 residences clustered together, surrounded by a green barrier made up of
tall trees and bamboo, and represents a typical Chengdu Linpan. The Linpan covers an
area of approximately 29,328 m2, making it medium-sized. The predominant tree species
are camphor trees, metasequoias, ginkgo trees, paulownias, and bamboo clusters. The
architectural forms within this Linpan include one-character, L-shaped, and three-sided
enclosed structures. Buildings on the north side face south, whereas those on the south
side, which are more compact, primarily face north. This layout reflects the adaptable
characteristics of the Linpan arrangement based on local conditions. Meteorological data
were measured at a point 1.5 m away from the forest plate from 16 July 2023, 00:00, to 17 July
2023, 00:00. These measurements were used to validate the simulation results (Figure 3E).

 

Figure 2. Elevated view of the study area.
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Figure 3. Location map and layout plan of the study area. (A) The location of Sichuan Province in
China; (B) The location of the Linpan distribution area in Sichuan Province; (C) Aerial photo of the
distribution of Linpan in the field; (D) Data model of the simulated Linpan; (E) Actual photo of the
simulated Linpan (obtained by author used drone photography).

3. Data and Methods

3.1. Simulation Data

For the microclimate simulation, ENVI-MET software was utilized due to its estab-
lished effectiveness in such analyses. ENVI-MET is a three-dimensional, non-hydrostatic
model specifically designed for simulating surface-plant-air interactions in urban environ-
ments. It is particularly adept at analyzing the impact of building structures and landscape
elements on microclimates, including parameters such as air temperature, humidity, and
wind patterns. The extensive validation of ENVI-MET in similar studies underscores its
reliability for assessing the microclimatic effects of traditional settlements and their land-
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scape configurations. The strong agreement between the simulated results and the on-site
measurements further supports the model’s accuracy and credibility in this study. Follow-
ing the temperature classification method [43], this study defines summer as the period
from June to August. The focal month chosen for the investigation was July, specifically
targeting days with high temperatures and minimal cloud cover. Consequently, 16 July
2023, a day with a peak temperature of 33.7 ◦C and 4% cloud cover, was selected as the
validation date. Meteorological data (air temperature, relative humidity, wind speed, wind
direction, wind angle, visibility, hourly precipitation, average total cloud cover, etc.) in
Dujiangyan City, encompassing a 24 h timeframe from 00:00 on 16 July 2023, to 00:00 on
17 July 2023, were sourced from Huiju Data (hz.hjhj-e.com).

3.2. Software Simulation

As shown in Table 1, two distinct input files were defined. First, the environmental
elements within the study area, including three-dimensional models of buildings, vegeta-
tion, artificial surfaces, water bodies, and soil. Ultimately, a three-dimensional unit model
measuring 246 × 236 × 25 m was established, with the dimensions of each unit set to
1 × 1 × 1 m. A 20 m grid extension was also applied externally to the simulation area
to mitigate the complex boundary layer effects and enhance stability in proximity to the
primary research elements. Second, the climate configuration parameters encompassing
the time and climatic environment for model simulation. Hourly air temperature, relative
humidity, wind speed, and wind direction data for 16 July 2023, from 00:00 to 24:00, were
input for the simulation, which began at 0:00 on the day and was analyzed at 14:00. This
time was selected to avoid errors associated with the numerical software and consider the
impact of surface radiation during the time of the daily peak air temperature [44]. The
measured and simulated values were linearly fitted, and the coefficient of determination
and root mean square error were calculated to jointly evaluate the accuracy of the model.

Table 1. Input model data.

Element Sub-Element Input Value

Environmental elements Location Dujiangyan
Coordinate Position 30.97◦ N, 103.69◦ E,
Model Dimensions 246 × 236 × 24

Grid Cell Size Dx = 1 m, Dy = 1 m, Dz = 1 m
Simulation Date and Time Start Date 16 July 2023

Start Time 0:00
Total Simulation 24 h

Meteorology Boundary Condition Simple Forcing
Air Temperature Hourly Data From Weather Station

Relative Humidity Hourly Data From Weather Station
Wind Speed 1.6 m/s

Wind Direction 135◦ (Southeast)

In the vegetation selection simulation, the Linpan was predominantly characterized
by bamboo clusters and tall deciduous trees. Because of the dense and relatively small
leaves of bamboo groves coupled with the curvature of the main trunk beyond a certain
height, precise morphological control was challenging in the modeling process. To simplify
the simulation and account for the substantial impact of individual parameters, deciduous
tall trees were selected as surrogates for bamboo. The height distribution of vegetation in
the study area primarily ranges from 9 to 15 m. As the cooling effect is more pronounced
with a continuous increase in tree height, especially within the range of 8–12 m [45,46], a
representative tree height of 12 m was selected for the simulation. This choice was made to
streamline the model while acknowledging the significant influence of a singular parameter
on the overall simulation. Local 12 m trees were selected for modeling, and LAD values of
different heights were assigned according to tree characteristics (Figure 4).
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Figure 4. Construction of the Arbor Model.

The physiologically equivalent temperature (PET) is a thermal comfort assessment
standard that integrates geographical information [47], climatic parameters, solar radiation,
and clothing impact. Thermal comfort levels, classified based on PET, are shown in Table 2.

Table 2. Physiologically equivalent temperature standards.

Physiological Equivalent
Temperature (◦C)

Human Perception Physical Stress Levels

<4 Very Cold Extreme Cold Stress
4–8 Cold Strong Cold Stress
8–13 Cool Moderate Cold Stress
13–18 Slightly Cool Mild Cold Stress
18–23 Comfortable Non-Heat Stress
23–29 Slightly Warm Mild Heat Stress
29–35 Warm Moderate Heat Stress
35–41 Hot Intense Heat Stress
>41 Very Hot Extreme Heat Stress

3.3. ENVI-Met Modeling and Validation

This study used unmanned aerial vehicle imagery and on-site reconnaissance ob-
servations to analyze the components of the Linpan. Then, an ENVI-MET microclimatic
simulation model was developed. By manipulating the four key factors of building height,
building density, arbor coverage, and arbor distribution, nine distinct scenarios were de-
vised based on the characteristics of the Linpan. This approach was used to investigate the
impact of morphological variations on traditional settlements, as detailed in Table 3.

Table 3. Modeling scenario settings.

No. Factors Characteristics Model Diagram

1 Original Modeling of the site’s architecture, surface, vegetation, and water system elements
according to the results of the site survey

SC_origin
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Table 3. Cont.

No. Factors Characteristics Model Diagram

2

Building Height

Height increase of one floor on top of the original forest plate, i.e., one additional
single story building (3 m) per building on top of the original forest plate

SC_B_add1

 

3 Height increase of two floors on top of the original forest plate, i.e., two additional
building single floors (6 m) per building on top of the original forest plate

SC_B_add2

 

4

Building Density

Low building density, i.e., removal of L-shaped buildings, monolithic buildings, and
all small individual blocks in the original forested area

SC_B_spa

 

5 Medium building density, i.e., removal of L-shaped buildings in the original
forested area

SC_ B_med

 

6

Arbor Coverage

Sparse arbor coverage, reducing arbor to a density of about 40% from the original
forested area

SC_P_spa

 

7 Sparse arbor coverage, reducing arbor to a density of about 80% from the original
forested area

SC_P_den

 

8

Arbor Distribution

Full enclosure of the forest plate by trees, i.e., plants surround the building

SC_P_full

 

9 Arborvitae upwind and semi-enclosed, arborvitae located windward and upwind

SC_P_up

 

10 Arborvitae downwind and semi-enclosed, arborvitae located downwind of the
windward side

SC_P_down
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4. Results

A comparison of the simulation results with the measured data revealed a strong
hourly correlation between air temperature and relative humidity (Figure 5). At 16:00, a
brief spike in air temperature and a decrease in relative humidity occurred, which was
hypothesized to be related to the height of the sun descending into the gaps not covered
by trees and buildings. After 17:00, the air temperature and relative humidity returned to
normal, owing to the sun’s further descent, avoiding direct exposure due to obstruction by
buildings and vegetation.

Figure 5. Comparison of simulated results and measured data for temperature and relative humidity.

Figure 6 shows that the coefficient of determination for air temperature and relative
humidity are 0.89 and 0.97, respectively, and the root mean square error is 1.04 ◦C and
2.79%, respectively. According to Tsoka et al. [48], the root mean square error should
be <4.3 ◦C for air temperature and <10.2% for relative humidity. When the root mean
square error is smaller and the coefficient of determination is closer to 1, the correlation
between the two data groups is more credible; therefore, this ENVI-MET simulation result
is considered to be of analytical reference significance.

The simulation results indicate that building height, building density, tree coverage,
and tree arrangement all impact the microclimate of traditional settlements. In the visu-
alization of results, air temperature is controlled at a starting point of 29.5 ◦C, increasing
in 0.5 ◦C intervals; relative humidity is controlled at a starting point of 37.5%, increasing
in 1.5% intervals; wind speed is controlled at a starting point of 0.1 m/s, increasing in
0.1 m/s intervals; and wind direction is controlled at a starting point of 0◦, increasing in
45◦ intervals.

Figure 6. Linear fitting of simulation results to measured data.

4.1. Influence of Building Height on Microclimate

As the building height increased, the overall temperature variation in the settlement
remained insignificant, ranging from 0.05 ◦C–0.46 ◦C. In contrast, a more noticeable de-
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crease in temperature, approximately 0.6 ◦C–0.87 ◦C, was observed around the buildings
(Figure 7). An upward trend in relative humidity around the buildings was also evident,
increasing by >1.6%, whereas the overall relative humidity of the settlement increased
by approximately 0.32–1.6%. The wind speed significantly decreased, forming a large
stagnant zone (0–0.2 m/s) around the buildings. Simultaneously, the wind speed in narrow
gaps and passages between buildings exhibited a noticeable enhancement, increasing by
approximately 0.03–0.19 m/s. The wind direction showed an increased variation area, with
the degree of change decreasing with distance from the buildings.

Figure 7. Impact of changes in building height on the microclimate.

4.2. Influence of Building Density on Microclimate

By reducing building density, the temperature within the settlement slightly increased,
rising by approximately 0.24 ◦C–0.8 ◦C. The high temperatures extended inward along the
southeastern wind direction (Figure 8). Changes in humidity within the settlement were
insignificant; however, a slight decrease in humidity ranging from 0.15–0.85% was observed
at the location where buildings were removed. The wind speed did not significantly
change around the preserved buildings, but it increased when the buildings were removed,
indicating an influx of air. Although changes in wind direction were not pronounced, the
wind direction tended to become more consistent around the removed buildings, especially
in the courtyards.
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Figure 8. Impact of building density changes on microclimate.

4.3. Influence of Arbor Coverage on Microclimate

The investigation of the impact of tree coverage on the microclimate involved incre-
mental increases (40%, 60%, and 80%). The results revealed a notable reduction in the
temperature within the settlement, exhibiting a general decrease of >0.66 ◦C, with the
maximum reduction reaching 2.27 ◦C (Figure 9). Concurrently, the relative humidity within
the settlement considerably increased, by >2.02%, with a maximum increase of 7.05%. The
wind speed was noticeably reduced, exhibiting an overall decrease of >0.03 m/s, and in
specific areas decreasing by 0.22 m/s. Alterations in wind direction were not pronounced,
with only slight variations within 15◦ observed in areas covered by trees.
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Figure 9. Impact of arbor density changes on the microclimate.

4.4. Influence of Arbor Position on Microclimate

The temperature distribution was varied by modifying the arrangement of the tree
enclosures. However, areas with reduced temperatures generally aligned with the position
of trees and their downwind directions. Under fully enclosed conditions, a significant
temperature reduction was observed around the enclosed trees, contributing to the cooling
effects in the upwind direction within the settlement. However, a slight temperature
rebound occurred downwind. Under semi-enclosed conditions, trees positioned upwind
had a limited range of blocking effects against heat waves, similar to that in the fully
enclosed state. Meanwhile, in the downwind direction, heat waves tended to accumulate
within the settlement (Figure 10). The distribution of relative humidity also varied, aligning
with the position of the trees. It significantly increased in the outer periphery of the
settlement under fully enclosed conditions. Meanwhile, wind speed accelerated around
areas with tree distribution, and the acceleration effect extended to a certain distance,
resulting in the formation of a wind zone around the tree arrangement. The wind direction
was minimally affected by the distribution of trees, having slight variations within 30◦,
which were likely associated with the height of the tree canopy.
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Figure 10. Impact of arbor positioning on the microclimate.

According to the calculated results, the PET value for each scenario reached its highest
at 14:00. The graph exhibits a bimodal shape because of the difference between the inside
and outside PET values. When the external environment is “very hot” (PET > 41 ◦C), most
of the internal area is also “warm” (29–35 ◦C). In the simulation, the Linpan can effectively
regulate extreme highs. Figure 11 illustrates the ten scenarios, with variations in the height
and distribution density of buildings and trees within the Linpan settlement, exhibiting its
enhanced adaptability to extreme heat. In scenarios 1–7, distinct temperature concentration
areas emerged within the simulation, emphasizing the noteworthy temperature distinction
between the Linpan settlement and its external surroundings. The spatial distribution map
revealed that the cooling impact within the Linpan settlement primarily resulted from the
shading effects produced by buildings and trees. As the building height increased, the
shaded area expanded; the shadow positioned northeast of the building led to a significant
temperature reduction. Simultaneously, an increase in tree coverage expanded the region
of optimal temperatures, although the overall positioning of trees appeared to exert a less
visible influence on climate adaptability compared with the initial seven scenarios.
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Figure 11. 24 h simulations of PET thermal comfort under nine scenarios.

5. Discussion

The simulation results clearly indicate that Linpans have a cooling effect on the
summer environment, with varying degrees of internal influence. These results underscore
key factors affecting the Linpan microclimate, as simulated under different scenarios. The
outcomes, grounded in benchmark samples and theoretical insights, discuss strategies for
Linpan restoration and planning that align with natural processes.

Increasing building height has been shown to impede hot air, induce cooling, and
enhance humidity. However, the larger volume of structures can lead to stagnant air
around buildings, negatively impacting internal ventilation. Existing research highlights
that increased building density tends to correlate with decreased overall wind speed.
An optimal building height can create shaded areas, contributing to harmonious rural
esthetics; hence, the indiscriminate pursuit of excessively low or high building heights
may compromise quality of life and psychological well-being [49]. Furthermore, towering
structures may not align with the resident population, resulting in the wasteful utilization
of construction resources. Insights from traditional eave designs, which provide shade
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and manage rainwater, suggest that such features can mitigate temperature extremes and
enhance outdoor and indoor comfort.

Changes in building density and height similarly affect microclimates. Both
approaches—raising building height and increasing density—expand shaded areas, re-
ducing solar radiation and thus cooling and humidifying the environment. However, this
increased volume can also weaken wind speed. In narrow spaces between buildings, wind
flow is restricted, leading to higher wind pressure and speed [50]. Effective urban planning
in forested areas should incorporate ventilation corridors aligned with prevailing seasonal
wind directions to optimize natural light and airflow.

Tree coverage also plays a crucial role in cooling and humidity enhancement, similar
to the effects of increased building height. However, excessive tree coverage (over 60%)
can reduce wind speed and potentially worsen thermal comfort in still, warm areas [51,52].
In urban settings, higher structures are often promoted to increase shaded areas and
lower temperatures. Conversely, in rural areas, strategic tree planting can improve shade,
ventilation, and humidity regulation. Effective planning should involve placing trees
around buildings and along roadsides while selecting appropriate species to balance
summer shade and winter sunlight [53]. Deciduous broad-leaved trees, like ginkgo and
dove trees, offer shade in summer and allow sunlight in winter.

The arrangement of trees corresponded to zones affected by temperature reduction
and humidity increase. A continuous and dense planting pattern notably hindered external
heat waves. However, when this layout was applied to the downwind side of a forested set-
tlement, it impeded the outward flow of internal heat, leading to an increase in the internal
temperature [54]. Therefore, the primary roles of tree layout include resisting external heat
waves, dissipating internal heat, and introducing wind during calm weather conditions.
The arrangement of trees should therefore align with prevailing wind directions to ensure
effective heat management and airflow. This strategy also requires a specific analysis of the
prevailing wind directions within the settlement to determine the precise arrangement of
trees based on the dominant wind directions during summer and winter. For instance, in
Dujiangyan City, where northwesterly and southeasterly winds predominate, tree planting
should focus on these directions to avoid obstructing wind channels [55].

6. Conclusions

This study investigated the impact of increased building height and tree coverage on
the microclimate within traditional rural settlements, emphasizing the positive role of NbSs.
Based on ecological principles, these solutions aim to improve the quality of human living
environments, mitigate the impacts of extreme weather events on human life, enhance air
quality, and promote residential comfort. The findings underscore that while augmenting
building height and tree coverage exerts a discernible influence on the microclimate, certain
drawbacks also emerge. Elevated buildings can lower temperatures and increase relative
humidity but also create stagnant wind areas around the structures, reducing internal
ventilation. Increased tree coverage fosters cooling and enhances humidity but may impede
airflow, potentially diminishing wind speed. Both heightened buildings and increased tree
coverage contribute to the enlargement of shaded regions within settlements.

While various spatial arraignments were observed to influence microclimates, the
simulation groups revealed that the cooling effect generated by buildings is less significant
compared to that induced by trees. This discrepancy arises from the fact that buildings
reflect radiation, which influences shaded areas, whereas trees adeptly sidestep this phe-
nomenon. In summary, NbSs enhance the microclimate in traditional residential settings by
enlarging the shaded zones and mitigating direct solar radiation. However, these solutions
also hinder wind dynamics, resulting in diminished wind speed. Therefore, in future
planning and design endeavors for forested settlements, a judicious equilibrium of these
factors is imperative to achieve optimal microclimate effects.

It is imperative to note that the simulation did not account for detailed architectural
features, such as eaves, which are crucial for understanding the characteristics of under-
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eave spaces. Traditional spatial arrangements, which have largely fallen out of use, offered
significant environmental benefits compared to contemporary practices. Historical living
environment layouts, including tree-lined avenues and shaded public spaces, have been
shown to enhance environmental quality and comfort [56]. These factors merit thorough
exploration and analysis in future research. Furthermore, the technical methods used in
this study can be applied more broadly, and the basic strategies mentioned in our findings
can serve as a baseline for human habitat planning. However, specific localized strategies
may vary depending on different models, reflecting the unique characteristics of each area.
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Abstract: Social isolation is a global problem with far-reaching consequences. Nevertheless, various
solutions can address it. Building social infrastructure is important for preventing isolation. In this
study, we aimed to understand the impact of urban infrastructure on social isolation using social
surveys and statistical data from South Korea. A multilevel logistic model identified the infrastructure
characteristics required to solve social isolation by adding regional-level data to individual-level
data. The analysis showed that, at the individual level, gender, age, marital status, and household
income were significant, whereas at the regional level, the ratio of single-person households, access
to traditional markets, and the capital region status areas were significant. The findings suggest that
social infrastructure can impact social isolation. Hence, it is important to plan urban spaces and
design infrastructure to help alleviate social isolation.

Keywords: social isolation; multilevel logistic model; social infrastructure; urban community

1. Introduction

As the number of people experiencing social isolation worldwide rises, so do the
efforts of various governments. Unlike in the past, social isolation has been recognized as a
crucial issue requiring policy intervention, with the UK and Japan appointing a Minister
for Loneliness in 2018 and 2021, respectively. Given that social isolation can lead to poor
health [1] and people dying alone (a phenomenon known as lonely deaths), it is important
to explore interventions to address the risks deriving from social isolation.

On 1 April 2021, South Korea’s Ministry of Government Legislation passed the Act
on the Prevention and Management of Lonely Deaths. This legislation establishes an insti-
tutional basis for the systematic prevention and management of lonely deaths nationally.
A basic preventive plan must be formulated and implemented every five years. The Act
includes matters related to creating a social environment, such as a community’s social
network programs using libraries or community facilities. These policies are important
because they recognize the influence of the social environment, rather than just individual
factors, on social isolation, although their practical effects have not yet been seen. Accord-
ing to Carstensen et al. [2], organizing spaces with different functions and activities can
help alleviate social and physical isolation among urbanites.

Social isolation is recognized as an urban problem, not just an individual problem.
Most studies have aimed to identify individual characteristics associated with social iso-
lation, focusing on specific age, gender, and class groups as units of analysis. However,
individual behaviors associated with social isolation are influenced by urban environmental
factors such as a lack of social networking space. To overcome the limitations of considering
only individual characteristics and not environmental influences on social isolation, some
studies have considered the influence of the urban environment on the formation of social
relationships. Zavaleta et al. [3] described social isolation as a state of deprivation of social
connectedness, and, according to Mouratidis [4], social relationships are affected by the
planning of urban environments.
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Social isolation has gained increased attention as an important social issue since
coronavirus disease 2019 (COVID-19) [5]. Social isolation is an individual phenomenon,
but it interacts with environmental factors surrounding the individual. Individuals’ social
relationships are weakening, especially in urbanized environments. Face-to-face contact
and forming social relationships between individuals can depend on the accessibility and
type of space in which they engage in their daily activities [6]. Recent studies [7] discuss
how certain neighborhoods have better social infrastructure conducive to forming social
relationships, which may lead to health disparities between neighborhoods. While this
study focuses on South Korea, which has a high rate of aging and suicide, the general
relationship between individuals, their surroundings, and social infrastructure may also
apply elsewhere.

This study aimed to combine individual- and regional-level factors affecting social
isolation in a multilayered structure and determine how regional factors impact social
isolation. We used a sample of 89,768 respondents from the 2020 Social Survey of South
Korea, considering both individual factors that influence social isolation, as in previous
studies, and regional factors in the 59 municipalities where the respondents lived.

This study is structured as follows. First, we examine the conceptual definition of social
isolation and the theoretical background underlying personal and regional characteristics.
Second, we describe how, based on the data, we used a multilevel logistic model to analyze
social isolation, considering personal and regional factors. Third, we present the results of
the analysis to identify personal and regional characteristics that influence social isolation.
Fourth, we pinpoint the reasons for the significant factors in the analysis; we also derive
implications from the findings.

2. Literature Reviews

2.1. Social Isolation

Social isolation is associated with loneliness and refers to a state in which an individual
has minimal contact with others or has limited participation in community life [8], is
deprived of social connectedness [3], and lacks personal relationships [9]. A concept similar
to social isolation is social exclusion, which Bäckman and Nilsson [10] described as a
situation or process in which individuals or groups cannot fully participate in society
owing to factors such as unemployment, poverty, or poor health. Social exclusion refers
to discrimination regarding social activities, such as financial poverty and labor market
exclusion. In contrast, social isolation focuses on emotional isolation from family and
friends within a social network. The social infrastructure of a city is related to social
isolation because social infrastructure has attributes based on the social network.

Several studies have examined how social isolation can be measured and its associated
factors. Chatters et al. [1] explored the frequency of contact with one’s family and friends
to gauge social isolation using the following questions: “How often do you see, write
to, or talk on the phone with family or relatives who do not live with you? Would you
say almost every day, at least once a week, a few times a month, at least once a month,
a few times a year, hardly ever, or never?” Prior studies have linked social isolation to
loneliness and confirmed the former by measuring the latter. Gyasi et al. [11] suggested
that social isolation can be measured by responding to questions such as “Do you feel left
out?”, “Do you feel isolated?”, and “Do you feel that you lack friendships?” with responses
of sometimes or often. Social isolation can be measured in two ways: (1) objectively by
ascertaining whether a person is isolated from others based on measures such as contact
and (2) by assessing whether the person perceives himself/herself as isolated.

Several personal characteristics influence social isolation. First, age is significant,
with older people being particularly vulnerable, and their risk of social isolation increases
as their opportunities to add new social relationships decrease [12]. However, a recent
study found that younger people report twice as many lonely and isolated days, even
with larger social networks [13], confirming that social isolation is a problem that can be
experienced at any age. Gender and income are also significant factors. Generally, men are
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more vulnerable to social isolation because they have fewer social resources and limited
interactions with others compared to women. At the same time, higher income is associated
with a lower likelihood of isolation from one’s family [1].

Metropolitan areas are more vulnerable to social isolation. Warner and Andrews [14]
found that as urban high-rise development increases and more parents and children live in
urban centers, they experience physical and social barriers that prevent them from forming
deeper social connections with their neighbors. Warner and Andrews [14] interviewed
residents and found that the high density of high-rise living makes it difficult to visit
acquaintances and maintain existing social ties owing to the increased cost of parking
and that spaces such as outdoor common areas and indoor walkways are not conducive
to forming new relationships. Chile et al. [15] also found in an interview study of social
isolation among inner-city high-rise residents in Auckland, New Zealand, that 43% of
respondents reported feeling isolated in the city center. Large cities with dense high-rise
residential areas are more vulnerable to social isolation. Therefore, it is necessary to consider
the environment of large cities as a factor when we analyze social isolation.

2.2. Social Infrastructure

According to Popova [16], the concept of infrastructure is broadly divided into social
infrastructure and economic and production infrastructure; social infrastructure consists of
healthcare, education, culture, and tourism. Grum and Kobal Grum [17] defined social in-
frastructure as things that play an important role in people’s daily lives; they are important
elements that satisfy the needs and overall development of individuals and society alike
and contribute to non-social interactions. Social infrastructure relates to various services,
facilities, and public spaces for the community, relationships, and networks between com-
munity members, and creates opportunities for social integration and participation [6,18].
Smith et al. [19] suggested that because the COVID-19 pandemic required physical dis-
tancing, which has led to increased social isolation, remote services and programs should
be developed to provide the infrastructure to prevent social isolation. Stender and Nord-
berg [5] emphasize the role of social networks in public spaces as social infrastructure,
which they argue became even more prominent during the COVID-19 pandemic.

Social infrastructure that supports social interactions also reduces social isolation.
Ward Thompson et al. [20] found that parks and open spaces offer support for neighborhood
contact and the preservation of connections within communities, which in turn mitigates
social isolation; Ward Thompson et al. [20] also revealed a link between the percentage of
green space and reduced stress levels. Social infrastructure can contribute to forming social
networks, mitigating social isolation, and positively impacting mental health by reducing
stress. Johansson-Pajala et al. [21] stated that information and communication technologies
(ICTs) are a good means of preventing and addressing social isolation and loneliness among
older people, as they can develop social networks that offer proper support. ICTs have been
studied as a new type of infrastructure that helps resolve the issue of social isolation in
modern society. Jiménez et al. [22] indicated that older adults who received face-to-face ICT
training experienced reduced social isolation and loneliness, which increased their overall
well-being. Therefore, considerations should be included to facilitate the implementation
of ICT programs in community settings.

With the increasing awareness of the importance of social infrastructure, South Korea
is trying to introduce infrastructure to improve livelihood. Currently, infrastructure is well
distributed in South Korea. Still, there is a shortage of cultural, sports, and leisure facilities
and a minimization of the importance of the distance between facilities and residences [23].
In South Korea, infrastructure includes traditional markets, which have long been central
to the living environment; they serve various socioeconomic functions and influence small
communities [11,24]. Cultural and sports centers, leisure facilities, and traditional markets
are vital pieces of social infrastructure in South Korea.
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There are two main takeaways from the literature on social isolation and social in-
frastructure. First, the factors that influence social isolation can be divided into individual
biological, behavioral, and socioeconomic factors, which work in combination. Urban
environmental factors are important in shaping social relationships among socioeconomic
factors. Urban environmental factors can be further categorized into residential and neigh-
borhood factors, and even within the same urban environmental factors, there are differ-
ences in the degree of impact depending on the region and the area under study. Second,
social infrastructure contributes to resolving social isolation. In traditional urban planning
discussions, social infrastructure refers to physical facilities such as roads, railways, and
schools. Still, recent discussions have emphasized the networked nature of social infras-
tructure, which can contribute to interactions between people. The role of infrastructure in
influencing individual behavior and networks is based on this discussion. In this study, we
investigated variables based on the influencing factors of social isolation discussed in the
literature. We integrated two factors with different units of analysis into a single model to
examine the relationship between them.

3. Materials and Methods

3.1. Data and Variables

The scope of the study included 59 municipalities in four cities—Seoul, Busan, Daegu,
and Incheon—which are representative metropolitan areas in South Korea where people
are at risk of social isolation. The social survey of Busan, Daegu, and Incheon used in
this study identified social concerns, including social isolation, individual characteristics,
and subjective perceptions of people related to quality of life. In the case of Seoul, a
similar survey was conducted under the name of the Urban Policy Indicators Survey (Seoul
Survey), which was used in the analysis.

The data and variables in Table 1 are organized as follows. We focused on adults
aged 20 and older who responded to a social survey. They were divided into five age
groups (20s, 30s, 40s, 50s, and over 60), by gender (women and men), and three educational
levels (middle school or lower, high school or lower, and university or higher). The three
educational levels were divided into graduated, attended, completed, dropped out, took
leave of absence, and graduated from school. Economic activity was divided into those
who were economically active and those who were not. In the case of Seoul, only the
occupation category was available, so we classified unemployed, student, and housewife
as non-economic activities. Housewives’ domestic work can be considered labor. Still, as it
does not trigger interaction with others, which is the core of social isolation research, we
classified it as a non-economic activity.

We obtained data on regional influences from the Korean Statistical Information
Service (KOSIS) [24–28]. The cultural and sports facilities variable is the sum of the number
of cultural and sports facilities converted to the number of facilities per 10,000 inhabitants
for each municipality and 0 for no facilities. The parks and welfare facilities variable was
created by dividing the number of facilities in each municipality by the population and
turning the number of facilities into facilities per 10,000 people. However, in the case of
traditional markets, data that separated each city and district’s areas were unavailable;
therefore, the time taken to access traditional markets was used. For the ratio of multifamily
units, the number of multifamily houses was divided by the total number of houses, and
for the ratio of single-person households, the total number of single-person households was
divided by the total number of households. Seoul and Incheon were classified as capital
regions, whereas Busan and Daegu were classified as non-capital regions.
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Table 1. Data and variables.

Type
Variable
(Name)

Definition Source

Dependent Social isolation
Do you have someone to help you in

times of need?
1 = No (social isolation), 0 = Yes

Social Survey [25], Seoul
Survey [26]

Independent
(Individual Level)

Gender
(Gender) 1 = Man, 0 = Woman

Age
(Age)

2 = 20s, 3 = 30s, 4 = 40s, 5 = 50s, 6 = 60
and above

Education
(Education)

1 = Middle school or lower, 2 = High
school or lower, 3 = University or

higher

Marital status
(Marriage) 1 = Non-married, 0 = Married

Economic activity
(Economic) 1 = No, 0 = Yes

Average monthly household
income
(Income)

1 = Less than KRW 1 million, 2 =
KRW 1 million to less than KRW 2
million, 3 = KRW 2 million to less
than KRW 3 million, 4 = KRW 3

million to less than KRW 4 million, 5
= KRW 4 million to less than KRW 5
million, 6 = More than KRW 5 million

Independent
(Regional Level)

Ratio of single-person
households

(Singleperson)

Number o f single−person households
Total households

Population Census [27]

Number of parks per 10,000
people
(Park)

Number o f parks×10,000
Total population

Urban planning statistics [28]

Number of culture and sports
facilities per 10,000 people

(CulSpo)

Number o f culture and sports f acilities×10,000
Total population

Urban planning statistics [28]

Number of welfare facilities
per 10,000 people

(Welfare)

Number o f wel f are f acilities×10,000
Total population

Urban planning statistics [28]

Access to traditional markets
(Market)

Travel time (min) to traditional
markets (average of car, public transit,

and walking)

Transportation accessibility
index [29]

Number of places of worship
per 10,000 people

(Religion)

Number o f places o f worship×10,000
Total population

Building energy usage [30]

Capital region status
(Capital)

1 = No 0 = Yes (Seoul, Incheon, and
Gyeonggi)

Ratio of multifamily units
(Apart)

Total multifamily units divided by
total housing units Housing census [31]

3.2. Multilevel Logistic Model

As a measure of the dependent variable—social isolation—we used the response to
the question “Is there anyone you can turn to for help in times of need?” from the social
survey. The response was presented as a binary variable—yes or no— with yes indicating
that the respondent was not socially isolated. The independent variables were divided into
individual and regional.
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Previous studies on individual variables have used age, gender, residence, marital
status, educational level, employment status, and monthly income level as covariates
that may affect social isolation [11]. Similarly, age, gender, race/ethnicity, family income,
educational level, marital status, and household status have been used as socioeconomic
variables [32]. In addition, social infrastructure based on social networks is discussed as
a regional-level variable that can influence social isolation [5,6,33]. Based on previous
research, we used age, gender, household income, educational level, marital status, and
economic activity as variables that could be obtained from social survey data. For the
regional variables, we used the social infrastructure elements of time to reach a traditional
market and the number of parks, cultural/sports facilities, welfare facilities, and places
of worship per 10,000 people in the municipality. Additionally, we used the ratios of
multifamily units, single-person households, and the capital region status.

We employed a multilevel logistic model for the analysis (Figure 1). The goal of logistic
regression is to predict the probability of a phenomenon occurring in an individual based
on the value of a certain binary dependent variable. A multilevel logistic model considers
the statistical dependence of an individual’s probability on their region of residence [32].
Such a model is appropriate because the dependent variable in this study had a binary
nature of 1 and 0, and we aimed to identify the characteristics of the social infrastructure in
the region of residence that affected social isolation in addition to individual characteristics.
The equations used in this study are as follows:

log(pi) = logodds = log
(

pi
1 − pi

)
= M + Er (1)

Logit(pi) = M + β1Genderi + β2 Agei + β3Educationi + β4Marriagei+β5Economici + β6 Incomei + Er (2)

Logit(pi) = M+ β1Genderi + β2 Agei + β3Educationi + β4Marriagei
+β5Economici + β6 Incomei + β7Singlepersonr + β8Parkr
+β9CulSpor + β10Wl f arer + β11Marktr + β12Religionr
+β13Capitalr + β14 Apartr + Er

(3)

pi : probability that a phenomenon occurs for individual i
M : overall mean probability expressed on the logistic scale
Er : regional level residual
i : individual level
r : regional level (municipality)
β1, β2, β3, β4, β5, β6 : regression coefficients (individual level)
β7, β8, β9, β10, β11, β12, β13, β14 : regression coefficients (regional level)

We used Stata 16 (StataCorp., College Station, TX, USA) software for all analyses. The
analysis sequence was as follows. First, we performed basic statistical analysis of each
variable to identify its characteristics, and we derived the variance inflation factor to check for
multicollinearity. We calculated the intraclass correlation coefficient (ICC) to determine the
dependent variable’s explanatory power at the regional level. After conducting a multilevel
logistic model analysis, we re-derived the ICC value to determine the explanatory power of
the regional-level variables. Finally, we obtained the marginal effects.
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Figure 1. Analytic model flow. Note: Parentheses indicate the number of equation.

4. Results

We found the variance inflation factor values to be a maximum of 3.48 for all variables;
as the values were not greater than 10, there was no multicollinearity problem.

Table 2 presents the basic statistical analysis. The total number of respondents was
89,768; women comprised 51.2% of the sample, and people aged 60 and above amounted
to 32.5%. Regarding educational level, 54.1% of the respondents had a university degree or
higher, and married people composed 66.9% of the sample. The economic activity rate was
62.4%, and the proportion of an average monthly household income of more than KRW
5 million was 31.3%. As for regional characteristics, the ratio of single-person households
was about 0.3, and there were 2.3 parks per 10,000 people, while there were 0.12 cul-
tural/sports facilities and 0.24 welfare facilities per 10,000 people, respectively. There were
about four places of worship per 10,000 people. In addition, 44.1% of the respondents lived
in the non-capital region. On average, the multifamily ratio was 0.835.

As the multilevel model was analyzed by determining whether the Level 2 inde-
pendent variables (this study’s regional variable) affected the dependent variable, it was
necessary to check the ICC value using first-level individual factors (Table 3). A value close
to 0 indicated no difference between regions. In this study, the ICC value is 0.117. This
means that the region explained 11.7% of the variance in social isolation.
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Table 2. Basic statistics.

Type Variables Obs. Mean Std. Dev. Min Max

Dependent Social
isolation 89,768 0.176 0.381 0 1

Independent
(Individual

Level)

Gender 89,768 0.488 0.500 0 1
Age 89,768 4.482 1.352 2 6

Education 89,768 2.376 0.751 1 3
Marriage 89,768 0.331 0.471 0 1
Economic 89,768 0.376 0.484 0 1

Income 89,768 4.026 1.753 1 6

Independent
(Regional

Level)

Singleperson 59 0.327 0.058 0.234 0.497
Park 59 2.375 2.040 0 13.033

CulSpo 59 0.121 0.147 0 1.195
Welfare 59 0.246 0.158 0 0.817
Market 59 9.044 12.248 4.005 120
Religion 59 4.145 2.727 1.225 17.994
capital 59 0.441 0.497 0 1
Apart 59 0.835 0.124 0.246 0.970

Table 3. First-level individual factors and multilevel model analysis.

Variables Coef.
Robust
Std. Err.

z P > |z|
[95% Confidence

Interval]

Gender 0.237 0.034 6.96 0 0.171 0.304
Age 0.051 0.019 2.63 0.009 0.013 0.089

Educational level −0.023 0.044 −0.53 0.598 −0.110 0.064
Marital status

(Marriage) 0.199 0.078 2.56 0.01 0.047 0.352

Economic activity
(Economic) 0.012 0.041 0.29 0.775 −0.069 0.092

Average monthly
household income

(Income)
−0.178 0.018 −9.81 0 −0.213 −0.142

Note: residual intraclass correlation (ICC) at the regional level is 0.117 with 0.024 standard error. Pseudo R2 is
0.3311 in the individual level model.

The ICC value after constructing the multilevel logistic model, as depicted in Table 4,
was 0.059, which means that the regional factors explained about 5.8% of the previous 11.7%,
and approximately 5.9% remained; this implies that the regional variables explained around
half of the regional influence of social isolation, so the variables were set appropriately.
Also, it was necessary to examine the marginal effects to interpret the multilevel logistic
model; therefore, we derived the marginal effects (Table 5). The results are as follows.

The first level of the individual variables showed that gender, age, marital status, and
average monthly household income were significant. Men were 3.3% more likely to be
socially isolated than women (Coef. = 0.238, P > |z| = 0.000, [95% confidence interval (CI)]
= [0.171, 0.305], dy/dx = 0.033). Increased age was associated with 0.7% higher odds of
being socially isolated (Coef. = 0.051, P > |z| = 0.008, [95% CI] = [0.013, 0.090], dy/dx
= 0.007). Being non-married compared to married was associated with a 2.7% greater
likelihood of being socially isolated (Coef. = 0.199, P > |z| = 0.011, [95% CI] = [0.046,
0.351], dy/dx = 0.027). Finally, an increase in income was associated with a 2.4% decrease
in the odds of being socially isolated (Coef. = −0.179, P > |z| = 0.000, [95% CI] = [−0.214,
−0.143], dy/dx = −0.024).
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Table 4. Multilevel logistic model results.

Variables Coef.
Robust Std.

Err.
z P > |z| [95% Confidence Interval]

Individual
Level

Gender 0.238 0.034 6.98 0.000 0.171 0.305
Age 0.051 0.019 2.64 0.008 0.013 0.090

Education −0.024 0.044 −0.55 0.584 −0.111 0.063
Marriage 0.199 0.078 2.56 0.011 0.046 0.351
Economic 0.012 0.041 0.29 0.775 −0.069 0.092

Income −0.179 0.018 −9.86 0.000 −0.214 −0.143

Regional
Level

Singleperson 3.163 1.403 2.25 0.024 0.414 5.913
Park 0.043 0.025 1.73 0.084 −0.006 0.091

CulSpo −0.371 0.597 −0.62 0.534 −1.542 0.800
Welfare −0.353 0.644 −0.55 0.584 −1.614 0.909
Market −0.022 0.005 −4.44 0.000 −0.032 −0.012
Religion −0.015 0.023 −0.65 0.518 −0.059 0.030
Capital −0.602 0.116 −5.19 0.000 −0.829 −0.374
Apart 0.840 0.836 1.01 0.315 −0.798 2.478

Prob > chi2 = 0.0000

Note: residual intraclass correlation (ICC) at the regional level is 0.059 with 0.018 standard error.

Table 5. Multilevel logistic model’s marginal effects.

Variables dy/dx
Delta-

Method Std.
Err.

z P > |z| [95% Confidence Interval]

Individual
Level

Gender 0.033 0.005 7.15 0.000 0.024 0.041
Age 0.007 0.003 2.61 0.009 0.002 0.012

Education −0.003 0.006 −0.55 0.582 −0.015 0.009
Marriage 0.027 0.010 2.6 0.009 0.007 0.048
Economic 0.002 0.006 0.29 0.774 −0.009 0.013

Income −0.024 0.003 −9.59 0.000 −0.029 −0.019

Regional
Level

Singleperson 0.433 0.188 2.31 0.021 0.065 0.801
Park 0.006 0.003 1.73 0.084 −0.001 0.012

CulSpo −0.051 0.081 −0.62 0.532 −0.210 0.109
Welfare −0.048 0.088 −0.55 0.582 −0.220 0.124
Market −0.003 0.001 −4.53 0.000 −0.004 −0.002
Religion −0.002 0.003 −0.64 0.52 −0.008 0.004
Capital −0.082 0.016 −5.09 0.000 −0.114 −0.051
Apart 0.115 0.114 1.01 0.315 −0.109 0.339

At the regional level, the ratios of single-person households, access to traditional markets,
and the capital region status were significant. An increase in the ratio of single-person
households was associated with a 43% increase in the risk of social isolation (Coef. = 3.163,
P > |z| = 0.024, [95% CI] = [0.414, 5.913], dy/dx = 0.433). In the case of access to traditional
markets, a 0.3% reduction in the probability of being socially isolated was found for each
additional hour of travel time (Coef. = −0.022, P > |z| = 0.000, [95% CI] = [−0.032, −0.012],
dy/dx = −0.003). Finally, regarding the capital region status, there was an 8.2% decrease in
the probability of being socially isolated in the non-capital region compared to the capital
region (Coef. = −0.602, P > |z| = 0.000, [95% CI] = [−0.829, −0.374], dy/dx = −0.082).

5. Discussion

The analysis revealed that the risk of social isolation increased for older people, men,
unmarried people, and low-income individuals. Like previous studies, we found that men
were more likely to be socially isolated than women and that older people were more likely
to be socially isolated. However, social isolation in older adults can be prevented by pro-
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moting communication and mutual help among neighbors [34]. Chatters et al. [1] found
that women are more invested in and connected to social networks, including family and
friends, which can prevent social isolation, even in old age. In contrast, older men may be
more vulnerable to social isolation because they have fewer social resources and limited social
interactions [1]. Health factors such as physical discomfort, as well as reduced income and
anxiety in retirement, may contribute to limited social interaction. As an older society will
have more seniors who may be at risk of social isolation, local governments need to expand
their welfare workforce and foster related industries to provide a variety of services.

We also observed an increased risk of social isolation for unmarried individuals be-
cause, unlike married people, they are unable to form new social networks through their
spouses and children, as well as through their spouses’ families and friends. Notwith-
standing, Sarkisian and Gerstel [35] indicated that being unmarried has a positive impact,
with more frequent contact with parents, siblings, neighbors, and friends for support and
increased social connectedness versus being married. Hence, it is likely that in a modern
society with a growing unmarried population, there are more social connections between
unmarried people than in the past, when being married was the norm. As such, rather than
simply being unmarried increasing the risk of social isolation, other factors are likely to
have a greater impact on this phenomenon. Therefore, it is necessary to identify the status
and situation of the unmarried population to distinguish between those who are at risk of
social isolation and those who are not and to develop strategies to reduce social isolation
tailored to their unique circumstances.

When household income is low, a lack of resources to undertake a range of social
activities to build social connections limits choices and participation. As a result, one’s social
network of relationships shrinks, increasing the risk of social isolation. Urban planning
should endeavor to provide facilities that are accessible to all so that low-income people
can naturally form social networks in the city, even if they do not participate in activities
specifically for this purpose. For example, when installing facilities such as libraries, it is
necessary to maximize the community element, and when organizing operational programs,
it is necessary to support activities such as discussion groups and reading clubs that allow
various people to mingle.

At the regional level, parks, culture and sports facilities, welfare facilities, and places of
worship (generally considered elements of social infrastructure that contribute to commu-
nity building), as well as the ratio of multifamily units, were not significant. In contrast, the
ratio of single-person households, access to traditional markets, and the status of the capital
region were significant. The risk of social isolation increased with a higher proportion
of single-person households. In line with the fact that family and friends are the most
important primary groups in any society and are expected to fulfill people’s social needs
and sense of belonging [1], single-person households are distant from their most important
social networks, thus increasing the risk of social isolation. Therefore, creating a network
of interactive ties among single-person households is important. This requires organizing
the social infrastructure of cities to increase opportunities for natural contact and provide
spaces for dialogue at the urban level.

Short travel times to traditional markets were associated with greater social isolation.
The formation of traditional markets has generally involved a long historical process, mak-
ing them more likely to be in older, less-developed areas. Newly formed areas do not
have a traditional market, and large-scale commercial facilities are built, distancing people
from existing traditional markets. Older neighborhoods are more likely to be inhabited by
socially vulnerable groups, such as older adults living alone, at greater risk of social isola-
tion. This leads to a higher risk of social isolation when there is good access to traditional
markets, as demonstrated in this study. In this regard, the role of traditional markets as a
key part of the social infrastructure can be reconfigured to maximize their effectiveness.
Rather than creating communities by building new facilities in deteriorating areas, using
existing markets can help reduce social isolation by revitalizing small communities and
promoting social interaction.
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In terms of the capital region, the results showed that their residents were more prone
to social isolation than residents of the non-capital region. This outcome can be attributed
to overcrowding, increased competition, and declining quality of life due to increased
commuting distances. Overcrowding caused by increased migration from the non-capital
region to the capital region has increased competition in all aspects of life, including
education, employment, and income. Those who fall behind are pushed to the outskirts of
the capital region and face longer commutes, which reduces the time they must engage in
social interaction. This problem is also linked to a decline in quality of life, contributing to
the overall issue of social isolation. To solve this fundamental problem, it is necessary to
realize balanced regional development in the non-capital regions so that the populations
of the capital region can be dispersed to the non-capital regions. When the population is
dispersed, and competition is reduced, people have more physical and mental space, which
can help alleviate social isolation by increasing social interaction.

Finally, although we thought having many multifamily housing units would bring
more people together and allow for social interaction, this was not the case. This was also
observed by Kang et al. [36], who indicated that apartments—the main type of housing
in South Korea—are isolated from the rest of the external environment, strengthening the
internal community but isolating individuals from the outside world. Kang et al. [36] also
revealed that social capital (such as cooperation with one’s neighbors) decreases when
apartment complexes increase in scale. As a result, people living in apartments are isolated
from the surrounding community by not using the external social infrastructure, and their
relationships with their neighbors deteriorate as the size of the complex increases, leading
to social isolation. Urban planning policies should ensure the openness of apartments to
solve these problems. First, it is necessary to widen public pathways to provide spaces
for apartment residents and outsiders to have natural contact. Second, they must ensure
they do not duplicate the surrounding infrastructure when installing community facilities
inside apartments. This would allow apartment residents to actively engage in community
activities with the outside world, reducing social isolation risk.

Owing to the social survey used in this study, the questions differed by the local
government of the metropolitan city; we did not select the metropolitan cities of Ulsan,
Daejeon, or Gwangju. Another limitation is that more control variables could not be used
for the target sample. As social isolation has been linked to physical and mental health
conditions [11], it is necessary to control for these variables; however, we could not do
so because the social survey in all target cities did not include this question. In addition,
although we used the municipality as the regional level of analysis, a smaller level may
have been more appropriate because people tend to use nearby facilities. Nevertheless,
owing to the data collection limitations, we could not conduct neighborhood-level analysis,
and it is necessary to explore ways to solve this problem in future research.

6. Conclusions

To examine the impact of social infrastructure on the social isolation of urban residents,
we used a multilevel logistic model with individual characteristics as the first level and
the region they live in as the second level. The results showed that being male, older,
unmarried, and having a lower income increased the risk of social isolation. As for regional
characteristics, the impact of social infrastructure was greater in areas with more single-
person households and better access to traditional markets. In contrast, the presence of
parks, cultural/sports facilities, social welfare facilities, and multifamily housing was not
significantly associated with social isolation.

Our findings have several implications for future research. First, previous studies
have mostly considered social isolation and individual or regional characteristics separately
based on multinomial models; however, this study is significant in that it reflects the com-
plex interactions of diverse factors affecting social isolation by simultaneously considering
each sample and the region where the respondents lived. Moreover, this study suggests
ways to improve the social infrastructure in South Korea. Parks, cultural/sports facilities,
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welfare facilities, and places of worship are typical elements of social infrastructure that
should promote cohesive local communities and reduce social isolation; however, we did
not find the presence of these facilities significant. These results confirm the inadequacy
of the current configuration of facilities and indicate the need to plan and establish future
social infrastructure to increase social interaction among local communities.

Finally, we propose urban planning implications for mitigating social isolation in cities.
For urban planning to help alleviate the social isolation of citizens in cities, it is necessary
to change the focus of social infrastructure provision in cities. This means shifting the focus
from quantitative expansion to considering the networked nature of social infrastructure.
The networked nature of social infrastructure requires increasing access to facilities and
ensuring that the programs and content of the facilities are designed to increase interaction
between people. Such a city’s social infrastructure can function as a universal facility for all
citizens and improve the health of its inhabitants.

Author Contributions: Conceptualization, Y.-K.K. and D.K.; methodology, Y.-K.K.; formal analysis,
Y.-K.K.; writing—original draft preparation, Y.-K.K. and D.K.; writing—review and editing, Y.-K.K.
and D.K.; supervision, D.K.; funding acquisition, D.K. All authors have read and agreed to the
published version of the manuscript.

Funding: This research was supported by the Ministry of Education of the Republic of Korea and the
National Research Foundation of Korea (NRF-2020S1A3A2A01095064).

Data Availability Statement: All data were provided by Statistics Korea.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. Chatters, L.M.; Taylor, H.O.; Nicklett, E.J.; Taylor, R.J. Correlates of objective social isolation from family and friends among older
adults. Healthcare 2018, 6, 24. [CrossRef] [PubMed]

2. Carstensen, T.A.; Skytt-Larsen, C.B.; Busck, A.G.; Søraa, N.G. Constructing common meeting places: A strategy for mitigating the
social isolation of disadvantaged neighbourhoods? Urban. Plan. 2022, 7, 486–498. [CrossRef]

3. Zavaleta, D.; Samuel, K.; Mills, C.T. Measures of social isolation. Soc. Indic. Res. 2017, 131, 367–391. [CrossRef]
4. Mouratidis, K. Urban planning and quality of life: A review of pathways linking the built environment to subjective well-being.

Cities 2021, 115, 103229. [CrossRef]
5. Stender, M.; Nordberg, L.W. Learning from Covid-19: Social infrastructure in disadvantaged housing areas in Denmark. Urban.

Plan. 2022, 7, 432–444. [CrossRef]
6. Latham, A.; Layton, J. Social infrastructure and the public life of cities: Studying urban sociality and public space. Geogr. Comp.

2019, 13, e12444. [CrossRef]
7. Klinenberg, E. Palaces for the People: How Social Infrastructure Can Help Fight Inequality, Polarization, and the Decline of Civic Life;

Crown: New York, NY, USA, 2018.
8. Grenade, L.; Boldy, D. Social isolation and loneliness among older people: Issues and future challenges in community and

residential settings. Aust. Health Rev. 2008, 32, 468–478. [CrossRef]
9. Eckhard, J. Indicators of social isolation: A comparison based on survey data from Germany. Soc. Indic. Res. 2018, 139, 963–988.

[CrossRef]
10. Bäckman, O.; Nilsson, A. Pathways to social exclusion—A life-course study. Eur. Sociol. Rev. 2011, 27, 107–123. [CrossRef]
11. Gyasi, R.M.; Adu-Gyamfi, S.; Obeng, B.; Asamoah, E.; Kisiangani, I.; Ochieng, V.; Appiah, K. Association between physical

activity participation and perceived social isolation at older ages: Do social participation, age and sex differences matter? Arch.
Gerontol. Geriat. 2021, 96, 104441. [CrossRef]

12. Abbott, K.M.; Bettger, J.P.; Hampton, K.N.; Kohler, H.P. The feasibility of measuring social networks among older adults in
assisted living and dementia special care units. Dementia 2015, 14, 199–219. [CrossRef] [PubMed]

13. Child, S.T.; Lawton, L. Loneliness and social isolation among young and late middle-age adults: Associations with personal
networks and social participation. Aging Ment. Health 2019, 23, 196–204. [CrossRef] [PubMed]

14. Warner, E.; Andrews, F.J. “Surface acquaintances”: Parents’ experiences of social connectedness and social capital in Australian
high-rise developments. Health Place 2019, 58, 102165. [CrossRef]

15. Chile, L.M.; Black, X.M.; Neill, C. Experience and expression of social isolation by inner-city high-rise residents. Hous. Care
Support 2014, 17, 151–166. [CrossRef]

16. Popova, Y. Relations between wellbeing and transport infrastructure of the country. Procedia Eng. 2017, 178, 579–588. [CrossRef]
17. Grum, B.; Kobal Grum, D. Concepts of social sustainability based on social infrastructure and quality of life. Facilities 2020, 38,

783–800. [CrossRef]

159



Land 2024, 13, 1260

18. Vaznoniene, G.; Kiaušiene, I. Social infrastructure services for promoting local community wellbeing in Lithuania. Eur. Countrys.
2018, 10, 340–354. [CrossRef]

19. Smith, M.L.; Steinman, L.E.; Casey, E.A. Combatting social isolation among older adults in a time of physical distancing:
The COVID-19 social connectivity paradox. Front. Public Health 2020, 8, 403. [CrossRef]

20. Ward Thompson, C.; Aspinall, P.; Roe, J.; Robertson, L.; Miller, D. Mitigating stress and supporting health in deprived urban
communities: The importance of green space and the social environment. Int. J. Environ. Res. Public Health 2016, 13, 440.
[CrossRef] [PubMed]

21. Johansson-Pajala, R.M.; Gusdal, A.; Eklund, C.; Florin, U.; Wågert, P.V.H. A codesigned web platform for reducing social isolation
and loneliness in older people: A feasibility study. Inform. Health Soc. Care 2023, 48, 109–124. [CrossRef]

22. Jiménez, F.N.; Brazier, J.F.; Davoodi, N.M.; Florence, L.C.; Thomas, K.S.; Gadbois, E.A. A technology training program to alleviate
social isolation and loneliness among homebound older adults: A community case study. Front. Public Health 2021, 9, 750609.
[CrossRef] [PubMed]

23. Kim, Y.; Oh, J.; Kim, S. The transition from traditional infrastructure to living SOC and its effectiveness for community sustain-
ability: The case of South Korea. Sustainability 2020, 12, 10227. [CrossRef]

24. Park, C.H.; Koo, J.H. An analysis of the influential relationship between cultural promotion activities and social capital in the
traditional market: A comparative view with routine merchant activities. J. Asian Archit. Build. Eng. 2014, 13, 71–78. [CrossRef]

25. Micro Data Integrated Service-Social Survey (Busan, Daegu, and Incheon). Available online: https://mdis.kostat.go.kr/index.do
(accessed on 1 July 2024).

26. The Seoul Research Data Service-Seoul Survey. Available online: https://data.si.re.kr/node/65072 (accessed on 1 July 2024).
27. Korean Statistical Information Service-Population Census. Available online: https://kosis.kr/statisticsList/statisticsListIndex.

do?vwcd=MT_ZTITLE&menuId=M_01_01&outLink=Y&entrType=#content-group (accessed on 1 July 2024).
28. Korean Statistical Information Service-Urban Planning Statistics. Available online: https://kosis.kr/statisticsList/statisticsListIndex.

do?vwcd=MT_ZTITLE&menuId=M_01_01&outLink=Y&entrType=#content-group (accessed on 1 July 2024).
29. Korean Statistical Information Service-Transportation Accessibility Index. Available online: https://kosis.kr/statisticsList/

statisticsListIndex.do?vwcd=MT_ZTITLE&menuId=M_01_01&outLink=Y&entrType=#content-group (accessed on 1 July 2024).
30. Korean Statistical Information Service-Building Energy Usage. Available online: https://kosis.kr/statisticsList/statisticsListIndex.

do?vwcd=MT_ZTITLE&menuId=M_01_01&outLink=Y&entrType=#content-group (accessed on 1 July 2024).
31. Korean Statistical Information Service-Housing Census. Available online: https://kosis.kr/statisticsList/statisticsListIndex.do?

vwcd=MT_ZTITLE&menuId=M_01_01&outLink=Y&entrType=#content-group (accessed on 1 July 2024).
32. Merlo, J.; Chaix, B.; Ohlsson, H.; Beckman, A.; Johnell, K.; Hjerpe, P.; Råstam, L.; Larsen, K. A brief conceptual tutorial of

multilevel analysis in social epidemiology: Using measures of clustering in multilevel logistic regression to investigate contextual
phenomena. J. Epidemiol. Community Health 2006, 60, 290–297. [CrossRef] [PubMed]

33. Klinenberg, E. Social isolation, loneliness, and living alone: Identifying the risks for public health. Am. J. Public Health 2016, 106,
786–787. [CrossRef]

34. Kono, A.; Tadaka, E.; Kanaya, Y.; Dai, Y.; Itoi, W.; Imamatsu, Y. Development of a community commitment scale with cross-
sectional survey validation for preventing social isolation in older Japanese people. BMC Public Health 2012, 12, 903. [CrossRef]

35. Sarkisian, N.; Gerstel, N. Does singlehood isolate or integrate? Examining the link between marital status and ties to kin, friends,
and neighbors. J. Soc. Pers. Relat. 2016, 33, 361–384. [CrossRef]

36. Kang, S.; Lee, Y.; Koo, J.H. Spatially neighborhood and socially non neighborhood: Illustrating social capital perception of
neighbors around the apartment complex. J. Asian Archit. Build. Eng. 2022, 22, 1284–1299. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

160



Citation: Tang, Q.; Wei, Z.; Huang, S.

Residential Satisfaction of Subsidized

Housing Estates in Post-Reform

China: Roles of the Built and Social

Environments. Land 2024, 13, 899.

https://doi.org/10.3390/

land13070899

Academic Editor: Maria Rosa

Trovato

Received: 13 May 2024

Revised: 15 June 2024

Accepted: 18 June 2024

Published: 21 June 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

land

Article

Residential Satisfaction of Subsidized Housing Estates in
Post-Reform China: Roles of the Built and Social Environments

Qijing Tang, Zongcai Wei * and Shaoqi Huang

School of Architecture, State Key Laboratory of Subtropical Building and Urban Science, South China University
of Technology, Guangzhou 510641, China; 202220104804@mail.scut.edu.cn (Q.T.);
202121007061@mail.scut.edu.cn (S.H.)
* Correspondence: weizongcai@scut.edu.cn; Tel.: +86-15820228781

Abstract: Residential satisfaction has been heavily discussed worldwide amid the increasing emphasis
on the social dimension of sustainability. However, consensus has not been reached regarding its
determinants, and little research has focused on the subsidized housing estates (SHEs) in post-
reform China. Using data collected from field observations in Guangzhou, this study developed a
conceptual framework on the basis of the ACSI and Campbell’s models and employed structural
equation modeling to investigate what and how factors pertaining to both the built and social
environments influenced residential satisfaction of SHEs. Generally, SHE residents were moderately
satisfied with their housing estates, although challenges persisted in estate management and security,
suggesting that the performance of China’s subsidized housing policies were acceptable. Echoing
existing arguments, this empirical investigation revealed the substantial positive roles played by both
the built and social environments in shaping residential satisfaction. Specifically, the livable built
environment characterized by large housing size and well-equipped neighborhoods, coupled with
the friendly social environment marked by intimate neighborly relationships and diverse community
activities, correlated with an elevated level of residential satisfaction of SHEs. Importantly, residents’
subjective perceptions of the built environment emerged as the most influential factor, which acted a
significant mediating role, linking both objective attributes and individual expectations to residential
satisfaction. This underscored the necessity of integrating public opinions into the planning process
to meet SHE residents’ actual desires. These findings not only extended the scholarly discourse
on residential satisfaction, especially among disadvantaged groups in low-income housing estates,
but also advanced urban sustainable development by providing references for enhancing SHE
performance.

Keywords: residential satisfaction; subsidized housing estate; built environment; social environment;
post-reform China

1. Introduction

The increasingly prevalent emphasis on the social dimension of sustainability has
sparked heated discussions about residential satisfaction worldwide. The concept of ‘res-
idential satisfaction’ encompasses a broad scope and has been employed across various
multidisciplinary and interdisciplinary contexts, including sociology, psychology, archi-
tecture, and urban planning [1–3]. Generally, residential satisfaction, conceptualized as a
synthesis of residents’ evaluations of housing and community livability, as well as the sub-
jective feelings toward their living environment [4,5], is commonly regarded as a significant
component of individuals’ quality of life [6–9]. As a relatively abstract concept, residential
satisfaction not only depends on objective attributes, such as housing conditions and public
facilities within the neighborhood, but also reflects the expectations and needs of residents,
influenced by individual factors, such as income and age [10–12]. Despite planners’ efforts
to propose a set of livability/sustainability principles, it is widely acknowledged that the
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lack of consideration for inputs emanating from the end-users contributes to the failure
of many public and private housing projects [13–15]. Therefore, it is of considerable sig-
nificance to conduct empirical research into the factors influencing residential satisfaction
at the individual level, to enhance residents’ well-being and further advance sustainable
development [16].

In comparison to Western countries, post-reform China faces distinct housing chal-
lenges, posing an inevitable hurdle in its pursuit of socially sustainable development. With
the backdrop of market reform and housing commodification since the 1980s, China’s
residential landscape has transitioned from a dualistic one of traditional and work-unit
neighborhoods, to a heterogeneous one, featuring emerging types, such as urban villages
and gated communities [17]. There has been a stratified and differentiated pattern of hous-
ing opportunities for residents in post-reform China as a result of the combined influence of
both incomplete housing market structures and institutional factors, such as planning and
policies [18]. Consequently, housing problems for low-income households, characterized
as inadequacies and lack of public facilities, have become increasingly pronounced [19]. In
response to this potential social instability, subsidized housing, provided and operated by
local authorities, has emerged as a new housing type in post-reform urban China, and as a
consequence, ambitious construction plans have been released [20]. Since the large-scale
implementation of subsidized housing campaigns in 2008, the central government and
local authorities have built over 80 million sets of government-subsidized and renovation
housing in China, improving the living conditions of more than 200 million people with
difficulties [21]. Then, whether the housing conditions of those vulnerable groups have
been greatly improved, are they satisfied with their current subsidized housing estates
(SHEs)? It is necessary to assess the residential satisfaction of SHEs from the perspective of
actual beneficiaries to evaluate the performance of post-reform China’s SHE construction
plans, and to promote sustainable development.

Residential satisfaction has long been discussed in the field of housing and urban
studies. Extant studies have explored the level of residential satisfaction and its influencing
factors in various countries and regions, which provided us with valuable insights into this
subject. First, residential satisfaction is evaluated by individuals’ comparisons between
their actual and desired living conditions and is widely acknowledged as a significant
predictor of their overall quality of life [10]. Second, both the built environment (i.e.,
housing characteristics, the accessibility to public facilities and services, and the provision
of public spaces) and the social environment (i.e., community activities, social relations, and
social spirit) are proven to be instrumental in influencing residential satisfaction [1,22,23].
Third, it is evident that residential satisfaction is a highly contextual construct, varying
across different urban settings [13,24].

In spite of these viewpoints provided by the extant studies, consensus has not yet been
reached regarding its influencing factors and the underlying mechanism, especially in post-
reform China, where SHE policy focuses on solving housing shortages, rather the quality
aspects. First, despite recognizing the variation in residents’ satisfaction across groups and
housing types [25], and although increasing studies have explored factors influencing resi-
dential satisfaction globally, there has been a relatively limited number of studies shedding
light on specific housing types, such as SHEs for low- and lower–middle-income groups, in
post-reform China, a context characterized by a rapidly evolving planning system. Over
the past 15 years, there has been a rapid expansion of SHE projects in China [26], attracting
growing scholarly interest in the evolution [27] and implementation [15] of the nationwide
policy for constructing large-scale SHEs. However, research on residential satisfaction of
China’s SHEs, which represents the quality aspects and performance from the perspective
of actual beneficiaries, appears to be less reported in the existing literature, with only a
few exceptions, such as focusing on tenants in public rental housing [28]. Considering
the gradually improved planning system in post-reform China [15], more research is re-
quired to grasp the determinants in improving the quality aspects of housing estates and to
provide planning implications. Second, previous studies mostly relied on questionnaires
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to obtain residents’ subjective perceptions of the residential environment [29], often ne-
glecting the integration of both objective attributes and subjective perceptions of the built
environment [30]. In particular, most models used in extant studies failed to distinguish the
built and social environment factors when exploring the influencing factors of residential
satisfaction [31], thus leaving the underlying mechanisms between the two aspects and
residential satisfaction unclear. Additionally, commonly used methods, such as the linear
regression and ordered logit model used in previous studies to identify factors associated
with residential satisfaction [32], are insufficient to fully capture the multidimensional
nature of residential satisfaction, as discussed in [33]. Therefore, there is a pressing need to
develop an analytical framework to identify the relationship between both the built and
social environments and residential satisfaction of China’s SHEs.

To bridge the aforementioned gaps in the literature, this study attempts to refine the
prevailing models to identify the determinants of residential satisfaction of China’s SHEs.
Using data collected from field observations across 11 SHEs in Guangzhou in 2018, this
study focuses on the following three questions:

Q1: To what extent do residents living in SHEs have residential satisfaction?
Q2: Which elements related to the built and social environments, including both

objective and subjective factors, are instrumental to residential satisfaction of SHEs?
Q3: How can urban planners and housing authorities help to improve residential

satisfaction of SHEs?
The study develops a conceptual framework on the basis of current prevailing mod-

els and conducts multidimensional analysis by using the method of structural equation
modeling (SEM). The hypotheses put forward and tested in this study are that (1) both the
built and social environment factors have significant influence on residential satisfaction,
and (2) residents’ subjective perceptions of the built environment act as mediators among
objective attributes, expectations, and residential satisfaction. It is hoped that this study will
not only enrich the literature by gaining a fuller understanding of residential satisfaction,
but also contribute to the implications for public housing in post-reform China, where
ambitious SHE construction plans are being carried out, and further facilitate socially
sustainable development.

The reminder of this paper is organized as follows. Section 2 describes the materials
and methods of this study, including the analysis framework, case selection, data collection,
and analytical methods. Section 3 presents the results of the descriptive analysis and SEM
analysis. Section 4 provides scholarly discussions and policy implications. Finally, Section 5
offers a summary of the key findings and concluding remarks of this study.

2. Literature Review

A wealth of research on residential satisfaction exists in the field of housing and urban
studies, with the appearance of several notable theories and multiple empirical studies.
Despite varying and diverse understandings of residential satisfaction [34], it commonly
refers to individuals’ perceptions, feelings, and consciousness regarding their place of
residence [35], evaluating whether their needs, expectations, and desires are being met
by housing and the surrounding environment [9,22,36]. Owing to its broad nature, the
concept of residential satisfaction has given rise to several theories, with the three most
prevalent ones being the “housing needs theory” [37], the “housing deficit theory” [38],
and the “psychological construct theory” [34], respectively. Subsequently, a great deal of
studies about residential satisfaction have been conducted, which can be classified into four
categories: residential satisfaction of specific demographic groups, such as black adults [39],
migrants [11,40], and the elderly [41,42], residential satisfaction of individuals at specific
stages of life, such as housewives [1] and individuals at different stages of the life cycle [43],
residential satisfaction concerning specific housing preferences [44], and residential sat-
isfaction regarding a particular building performance or specific neighborhood, such as
council housing [45], redeveloped neighborhoods [12,46], and affordable housing [2,47,48].
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The literature is replete with explorations of influencing factors of residential satis-
faction. It is generally believed that residential satisfaction is highly related to both the
physical and social aspects of the residential environment [1,22,23]. First, the physical
aspect of the residential environment, encompassing the built environment at the housing
and community levels, has been verified to be an important factor influencing residential
satisfaction. For one thing, housing characteristics, such as housing size, building ori-
entation, lighting, and ventilation, are verified to significantly correlate with residential
satisfaction [49–51]. Specifically, more pleasant designs, such as larger housing sizes and
better housing forms, are usually associated with an increased level of residential satisfac-
tion [52]. Particularly, investigations of public housing inhabitants in both Wuhan, China,
and Kuala Lumpur, Malaysia, found that there was a significant and positive correlation
between housing unit size and residential satisfaction [47,53]. Community characteristics
regarding the public facilities and services are also dominant determinants of residential
satisfaction. It has been observed by many scholars that a better-equipped and more con-
venient neighborhood, which is characterized by higher accessibility of necessary public
facilities and services, such as healthcare and commercial facilities, transportation, and
public spaces, is conducive to create a desirable and preferable residential environment,
and further improve residents’ satisfaction [54–56]. Notably, a study conducted in a highly
dense resettlement neighborhood in Suzhou, China, concluded that it was not the residen-
tial unit (housing characteristics) but the urban environment (public facilities) that mostly
impacted residential satisfaction [57].

Second, the social aspect of the residential environment has also been widely consid-
ered to play a significant role in influencing residential satisfaction. To be specific, social
relations among neighbors and community spirit are important predictors of residential
satisfaction [58,59]. For instance, assessment of residential satisfaction of public housing in
Ogun State, Nigeria, revealed that increased residential satisfaction was attributed to strong
social cohesion and active participation in the development of residences [24]. Similarly,
scholars have stressed the importance of creating intangible community settings to enhance
the social network among neighbors for socially sustainable community regeneration [51].
To sum up, the social environment pertaining to community activities, interactions among
residents, and neighborly relationships effectively contributes to promoting a sense of
belonging and community integration, and further increasing residents’ satisfaction with
living in the community [3,24,60,61].

In light of the extant literature, residential satisfaction is a multidimensional synthesis
of residents’ intricate cognitive construct to their living environment [1,5,62], and various
models have been developed to explore its influencing factors and to further identify the
inherent mechanism. One of the most prevailing models was established by Campbell [36],
and it was refined and applied in several subsequent empirical studies [30,55,63,64]. This
model highlighted the strong association between residential satisfaction and both ob-
jective attributes and subjective perceptions of the residential environment. Objective
attributes of the environment are filtered through perceptions and evaluations to affect
satisfaction [64]. Notably, subjective perceptions, such as the perceived convenience of the
housing estates, are usually regarded as stronger predictors of residential satisfaction than
objective ones [32,59]. Another prevalent model is adapted from the American Consumer
Satisfaction Index (ACSI). In the proposed ACSI model [65], overall customer satisfaction
has two antecedent constructs, including customer expectations and perceived quality.
Specifically, the expectations, which represent both the prior consumption experience and
the forecast of the supplier’s ability to deliver quality in the future, are largely rational [66],
and they naturally exert a direct and positive association with a cumulative evaluation of
the satisfaction [67]. Despite the wide application of the ACSI model in the field of residen-
tial satisfaction, the extant studies primarily focused on the community service [67,68] and
public participation [69].

In summary, the existing literature has provided rich insights, but a fuller picture of
residential satisfaction and its influencing mechanism of SHEs remains to be revealed. It can
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be concluded from the foregoing review that residential satisfaction varies across regions
and demographic groups, yet there has been relatively little focus on the socially vulnerable,
low-income residents in post-reform China. Also, factors related to the built and social
environments of the housing estates are recognized as determinants of residential satisfaction.
Many researchers have developed models to identify these correlations, but the intricate
interplay between objective attributes and subjective perceptions of the built environment, as
well as the combined effect of the built and social environments on residential satisfaction,
has not been thoroughly explored. To fill in these research gaps, this study assesses residential
satisfaction and explores the influencing factors of SHEs in Guangzhou, China.

3. Materials and Methods

3.1. Conceptual Framework

In light of extant studies, residential satisfaction refers to the perception of feelings
and consciousness of one’s place of residence [35], assessing both the physical and social
aspects of the residential environment [1,23,70]. From this integrating perspective, this
study proposed a conceptual framework.

First, based on the psychological construct theory, this study combined the ACSI
model and Campbell’s model to examine the impacts of the built environment on residen-
tial satisfaction of SHEs. Theoretically, residents perceive the attributes of the residential
environment, and compare these characteristics with certain standards generated from
individual past experiences, needs, and expectations. Therefore, residential satisfaction
considerably depends on the results of the comparisons between residents’ current res-
idential conditions and the reference standard. As a result, a higher level of residential
satisfaction is closely correlated with a greater degree of congruence between current and
expected conditions [34,54]. In general, from the perspective of the built environment, resi-
dential satisfaction is related to three sets of factors, namely, objective attributes, subjective
perceptions of the residents, as well as their expectations and aspirations [31].

On the one hand, from the lens of the ACSI model (Figure 1), scholars have confirmed
that residents’ perceptions of the residential environment was the extent to which the
housing estates met their expectations and would further exert impacts on the level of
satisfaction [14]. Theoretically, customer satisfaction stems from the relationship between
the supply and demand of the product, which exists in many fields, e.g., between the
government and the public, or between the market and the public [71]. Inspired by the
ACSI model, residential satisfaction of SHEs, considered as a criterion for assessing the
performance of SHEs constructed by the government, is the product of the comparison
between the perceived characteristics of the residential environment and the residents’
expectations. On the other hand, as one of the most prevailing frameworks, Campbell’s
model (Figure 2) is capable of exploring the impacts and in-depth mechanisms of both
objective attributes and subjective perceptions of the built environment on residential
satisfaction. According to this model, residential satisfaction results from a process from
objective stimuli to cognitive responses.

Second, considering the impacts of the social aspects of the residential environment,
a structure of “community activity participation–cognition of neighborly relationship–
evaluation of residential satisfaction” was formulated. Inspired by established research,
this study argues that the social environment of the estates is the result of community
participation and social activities, as well as an incubator for neighborly relationships [72],
both of which exert a beneficial effect on residential satisfaction. Additionally, the neigh-
borly relationship is also influenced by residents’ participation in community activities,
where the more active they are in community activities, the more positive the cognitive
response to the neighborly relationship [73].

To summarize, based on the psychological construct theory and existing studies,
we developed a conceptual framework integrating both the physical and social aspects
of the residential environment, as shown in Figure 3. In this study, we focused on the
role of both the built and social environment factors that influence residents’ satisfaction
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with the housing estates. It was hypothesized that the objective attributes, residents’
subjective perceptions, and their expectations of various aspects of the built environment
are three key determinants, and the social factors also have a significant influence on
residential satisfaction of SHEs. According to the conceptual framework, objective attributes
of the built environment and residents’ participation in community activities are two
exogenous variables, whereas residents’ expectations for the built environment, their
subjective perceptions of both the built environment and neighborly relationships, as well
as residential satisfaction are endogenous variables. The specific hypotheses are proposed
in the following.

Figure 1. The American Customer Satisfaction Index (ACSI) model [65].

 

Figure 2. Campbell’s model [36].

Figure 3. The conceptual framework for residential satisfaction of SHEs in this study.
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H1. Objective attributes of the built environment have a positive impact on residents’ subjective
perceptions (H1a), expectations (H1b), and residential satisfaction (H1c) of SHEs.

H2. Residents’ expectations for the built environment have a positive impact on their perceptions
(H2a) and residential satisfaction (H2b) of SHEs.

H3. Residents’ subjective perceptions of the built environment have a positive impact on residen-
tial satisfaction directly, since quality perceptions act as agents between both expectations and
satisfaction, and objective attributes and satisfaction.

H4. Residents’ participation in community activities has a positive impact on their cognition of
neighborly relationships (H4a) and residential satisfaction (H4b).

H5. Residents’ cognition of neighborly relationships has a positive impact on residential satisfaction.

In order to assess these variables, we specified the observed indicators that are associ-
ated with each variable based on the literature. The observed variables and their sources
are presented in Table 1, and detailed descriptions are provided in Table A1.

Table 1. Variables used in the analysis and their sources.

Latent Variables Observed Variables Sources

Residential Satisfaction

Overall residential satisfaction (RS1) Tao et al., 2014 [74]

Estate management (RS2) Ibem et al., 2013 [9]
Tao et al., 2014 [74]

Safety condition (RS3) Tao et al., 2014 [74]
Gou et al., 2018 [75]

Aspiration to stay in SHEs for the long term (RS4)
Kwon et al., 2013 [76]

Li et al., 2019 [53]
Du et al., 2020 [72]

Objective Attributes of the
Built Environment

Housing size (OBE1) Li et al., 2019 [53]

Accessibility to public transportation (OBE2) Cao et al., 2015 [55]

Accessibility to public facilities/services (OBE3) Cao et al., 2015 [55]

Accessibility to public spaces (OBE4) Cao et al., 2015 [55]

Subjective Perceptions of
the Built Environment

Convenience of public transportation (SBE1) Li et al., 2019 [53]

Satisfaction with the provision of public facilities/services within
the SHEs (SBE2) Addo, 2016 [77]

Satisfaction with the provision of public facilities/services
outside the SHEs (SBE2) Gan et al., 2016 [70]

Satisfaction with the provision of community open space (SBE3) Chan et al., 2008 [78]
Karuppannan et al., 2011 [79]

Satisfaction with the provision of public space (SBE4) Chan et al., 2008 [78]
Karuppannan et al., 2011 [79]

Expectations for the Built
Environment

Expectations of accessibility to places of work (EBE1)
Jiboye, 2012 [14]
Jansen, 2014 [80]

Tao et al., 2014 [74]

Expectations of accessibility to large public facilities (EBE2) Jiboye, 2012 [14]
Jansen, 2014 [80]
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Table 1. Cont.

Latent Variables Observed Variables Sources

Participation in
Community Activities

Participation in technical training (CA1)
Hur et al., 2008 [64]

Kale, 2019 [73]
Du et al., 2020 [72]

Participation in recreational activities (CA2) Hur et al., 2008 [64]
Du et al., 2020 [72]

Participation in volunteer activities (CA3) Hur et al., 2008 [64]
Du et al., 2020 [72]

Participation in discussions on community development
issues (CA4)

Hur et al., 2008 [64]
Du et al., 2020 [72]

Cognition of Neighborly
Relationship

Friends made (NR1) Tao et al., 2014 [74]
Liu et al., 2015 [81]

Casual interactions (NR2) Liu et al., 2015 [81]

Social contacts (NR3) Vemuri et al., 2011 [61]

Reciprocity (NR4) Vemuri et al., 2011 [61]
Liu et al., 2015 [81]

3.2. Case Selection and Data Collection

Guangzhou is a pioneer city in the construction of SHEs, making it an appropriate case
study for an in-depth analysis of SHE residential satisfaction and its influencing factors.
The origin of subsidized housing development in Guangzhou could be traced back to the
Healthy Housing Scheme introduced in 1986, even earlier than the similar policy, named
Comfortable Housing, promulgated by the central government in 1995. During the nearly
past four decades, the development of subsidized housing in Guangzhou has undergone
three major stages [82]. In the first development stage (1986–1997), the coverage of the
subsidized housing policy was limited, principally benefiting households who working in
government departments or public institutions, thus neglecting a significant portion of low-
income families. The second development stage (1998–2006) marked a period of transition
to extend the coverage of subsidized housing from workers in government departments
or public institutions to the urban registered families with housing hardships. In the third
and current development stage (2007–present), the coverage of SHEs in Guangzhou has
broadened to include the low- and lower-middle-income families, signifying the estab-
lishment of an ideal subsidized housing system featuring different types of subsidized
housing for residents across various income levels. As the vanguard city in SHE construc-
tion, Gunagzhou’s experience has been considered exemplary and has been emulated by
numerous cities in China [20]. Furthermore, the issue of residential satisfaction that arose
in Guangzhou’s SHEs is similar to those of other post-reform Chinese cities, justifying the
appropriateness of conducting an investigation into Guangzhou’s SHEs.

To provide a thorough understanding of residential satisfaction of SHEs and to fur-
ther facilitate the comprehension of social reality, this study chose SHE cases from the
aforementioned development stages. Accordingly, at least three SHEs were selected for
each development stage. Since more SHEs were built during the third development stage
compared to the other two stages, five SHEs were selected from this development stage.
Consequently, a total of 11 SHEs were selected for field observations (Figure 4).

Data utilized in this study were collected through a structured questionnaire survey
conducted from August to December 2018 in the 11 SHEs in Guangzhou, China. The
random sampling method was employed to ensure better representativeness. Owing to
the prohibition of door-to-door visits, three methods were used. First, with the help of
community resident committees and property management companies, a notice of the date
and time, as well as the research objectives was put up at the entrances of every housing
block one week before the survey. Second, the questionnaire was undertaken at different
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times during weekends (from early morning to noon and from late afternoon to evening)
to enable a balanced and diverse group of respondents, considering that most residents
work during weekdays. Third, the survey was conducted at the entrances of every housing
block inside the housing estates.

Figure 4. Locations of the 11 selected SHE cases in Guangzhou.

Ultimately, this study collected 1078 questionnaires, 907 of which were valid for
further statistical analyses. The socioeconomic characteristics of the respondents in the
11 SHE cases are presented in Table 2. A few more male than female residents were
surveyed, which generally mirrored the population structure pattern of Guangzhou (male
52.83%, female 47.17%) [83]. The age structure of the respondents differed from the actual
population in China, since only the adults (age above 18 years) were counted in this
survey. Since the percentage of residents living in Guangzhou with the education level of
secondary school or above was 78.76% [83], and the average monthly household expense
in Guangzhou was approximately 3500 yuan in 2018 [84], these SHEs were justified to
be socially disadvantaged communities, since they had high percentages of both a low
education level (secondary school or below, 81.26%) and low monthly household expenses
(less than 5000 yuan, 97.13%).

Table 2. Socioeconomic characteristics of the respondents (N = 907).

Frequency Percent

Gender
Male 503 55.46%
Female 404 44.54%

Age
18–30 52 5.73%
31–40 67 7.39%
41–50 190 20.95%
51–60 390 43.00%
61 years and above 208 22.93%

Education level
Primary school or below 180 19.85%
Secondary school 557 61.41%
College or above 170 18.74%
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Table 2. Cont.

Frequency Percent

Monthly household expense
2000 or below 488 53.80%
2000–5000 393 43.33%
5000 or above 26 2.87%

Living allowance recipient
Yes 104 11.47%
No 803 88.53%

3.3. Analytical Methods

We employed SEM as the analytical method because of the multidimensional nature of
residential satisfaction and the complexity of its influencing factors. SEM is a combination
of both confirmatory factor analysis (CFA) and path analysis. CFA identifies the indicators
(observed variables) of each latent variable [85], and path analysis captures and quantifies
the regression effects among multiple latent variables [86]. For the detailed introduction
and mathematical presentation of the SEM, please refer to Byrne (2010) [87] and Kline
(2015) [88]. Traditional multiple regression analysis can only identify a single relationship
between the independent and dependent variables, and that the interactions between
variables are not sufficiently clear, while SEMs are able to estimate the paths of multiple
observed and latent variables at the same time. One distinct advantage of SEMs is that they
can capture both direct, indirect, and total effects of the variables. Therefore, the method of
SEM was used to explore factors associated with residential satisfaction of SHEs.

4. Results

4.1. Descriptive Analysis

The overall residential satisfaction of SHEs was found to be undesirable but acceptable.
The score of the indicator was 3.47 on a five-point Likert scale (Table 3). A notable portion
(40.90%) of respondents were neutral in terms of their residential satisfaction, while 49.94%
expressed satisfaction (including both satisfied and very satisfied), a significantly higher
percentage compared to those who reported dissatisfaction (9.04%; including both very
dissatisfied and dissatisfied). The results were generally consistent with those of Tao et al.
(2014) concerning Chinese migrant workers [74], but the satisfaction levels in this study
were higher, likely attributed to the fact that the overall residential satisfaction levels in Tao’s
study were derived from the comparison with the satisfaction in respondents’ hometowns.

Table 3. Residential satisfaction of SHEs.

Dimensions Total Stage I Stage II Stage III

Safety condition 2.69 2.79 2.92 2.54
Estate management 3.00 2.70 3.03 3.11
Willingness to reside in the long term 3.94 3.54 4.03 4.07
Overall residential satisfaction 3.47 3.38 3.70 3.40

The dimension “Willingness to reside in the long term” stood out positively. Residents
were observed to have a strong sense of community due to the significantly higher score of
3.94 of the dimension “Willingness to reside in the long term”, compared with the other
two dimensions (Table 3). A majority of the respondents expressed strong willingness
(27.45%) or willingness (48.63%) to reside in their current housing estate for the long term.
Notably, residents living in SHEs of Stage III exhibited the strongest inclination for long-
term residency, contrasting with those in stage I, who showed the weakest willingness. The
respectively high quality of housing in the newly built SHEs might provide a reasonable
explanation (interviews with residents of the LG Estate).
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However, challenges persisted in estate management. Residents found difficulty
receiving support from residents’ organizations and management companies, resulting
in their low satisfaction with the estate management, with the score of 3.00. Residents
were reluctant to seek assistance and obtained limited support from relevant residents’
organizations and management companies. This was mainly because the residents of
SHEs had an unfavorable relationship with residents’ organizations and management
companies in terms of maintaining the built environment, and they had little trust in these
organizations (interviews with three residents of JD Estate).

Worse yet, residents expressed a lack of a strong sense of safety. The score of per-
ceived safety in SHEs was only 2.69, which was the lowest among the four indicators
regarding residential satisfaction. Residents living in SHEs of Stage III had a weaker sense
of safety than those of the early two stages. The underlying reasons for the weak safety
conditions within the SHEs might be attributed to ineffectual property management and
the complicated socioeconomic composition of SHE residents. First, the property manage-
ment, especially the security guard, was ineffectual and failed to play a significant role
in preventing antisocial behaviors. As residents of FH Estate complained, the frequent
safety issues, such as theft, lessened their sense of safety. Second, the SHEs in Guangzhou
accommodate many disadvantaged people from the entire city, many of whom came from
socially disadvantaged backgrounds. Particularly, those residents with criminal records
or serious mental health issues sometimes committed antisocial behaviors that heavily
disturbed other residents and weakened the sense of safety, as a director of the residents’
committee in JS Estate reported.

4.2. Structural Equation Modeling (SEM) Analysis
4.2.1. Modeling Procedure

First, we conducted the reliability and validity analyses. The overall Cronbach’s Alpha
coefficient for the entire questionnaire was 0.800, exceeding the recommended threshold
of 0.700, thus confirming the reliability of the questionnaire. The Kaiser–Meyer–Olkin
test (0.874) and Bartlett’s test (p = 0.000) suggested that the data are suitable for factor
analysis. Then, the confirmatory factor analysis (CFA) was conducted to confirm whether
the observed variables reliably measured the latent constructs, as hypothesized [89]. After
removing the observed variable with a factor loading below 0.4 [90], the final model
exhibited acceptable results. Measurements of latent factors and their unstandardized
and standardized factor loading are presented in Table 4. Specifically, the composite
reliability (CR) of each latent variable, representing the internal consistency of construct
indicators, ranged from 0.690 to 0.867 in the model, all exceeding 0.6 [91], indicating
the high internal consistency of the construct indicators. The average variance extracted
(AVE), representing the average amount of variance that latent variables explain in their
measured variables, ranged from 0.367 to 0.793, all exceeding the threshold value of
0.36 [92], indicating the acceptable convergent validity of the model. Additionally, the
p-values of the unstandardized parameters of the measurement model were all less than
0.001, which met the significance requirement. To summarize, the model was capable of
reflecting the influencing mechanisms of residential satisfaction.

Furthermore, we examined the model’s goodness of fit by applying Bollen–Stine
bootstrapping (N = 3000) to re-estimate Chi-square, and to mitigate the statistical biases
resulting from the non-normality of the data [93]. As recommended by Hu and Bentler
(1998) [94], the Chi-square/the degrees of freedom (χ2/df), probability value of Bollen–
Stine, comparative fit index (CFI), goodness-of-fit index (GFI), adjusted goodness-of-fit
index (AGFI), and root-mean-square error of approximation (RMSEA) were used to test
the model’s goodness of fit. Ultimately, all fit indices of the final model were acceptable
(Table 5), implying a relatively good fit between the hypothesized model and the observed
data and ensuring the subsequent explanation of the model results.
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Table 4. Factor structures of identified latent factors and results of CFA.

Items
Unstandardized Parameter Estimates Standardized Parameter Estimates CFA

Unstd. S.E. C.R. p Std. SMC CR AVE

Residential satisfaction 0.690 0.362
RS1 1.000 - - - 0.664 0.441
RS2 1.377 0.088 15.735 *** 0.691 0.477
RS3 0.991 0.073 13.495 *** 0.558 0.311
RS4 0.85 0.073 11.647 *** 0.468 0.219

Objective Attributes of the Built Environment 0.776 0.478
OBE1 1.000 - - - 0.473 0.224
OBE2 1.005 0.078 12.825 *** 0.650 0.423
OBE3 200.231 14.609 13.706 *** 0.927 0.859
OBE4 406.83 32.011 12.709 *** 0.638 0.407

Subjective Perceptions of the Built Environment 0.828 0.500
SBE1 1.000 - - - 0.442 0.195
SBE2 1.620 0.127 12.749 *** 0.787 0.619
SBE3 1.477 0.116 12.764 *** 0.790 0.624
SBE4 1.319 0.107 12.381 *** 0.722 0.521
SBE5 1.243 0.100 12.454 *** 0.734 0.539

Expectations for the Built Environment 0.867 0.763
EBE1 1.000 0.863 0.745
EBE2 1.051 0.054 19.643 *** 0.884 0.781

Community Activities 0.729 0.404
CA1 1.000 0.620 0.384
CA2 1.904 0.145 13.100 *** 0.609 0.371
CA3 1.472 0.105 13.979 *** 0.731 0.534
CA4 0.869 0.069 12.563 *** 0.570 0.325

Neighborly Relationship 0.691 0.367
NR1 1.000 0.548 0.300
NR2 0.915 0.076 12.091 *** 0.791 0.626
NR3 0.674 0.061 11.084 *** 0.523 0.274
NR4 0.829 0.075 11.035 *** 0.519 0.269

Note: *** p < 0.001. Unstd. = unstandardized factor loading; S.E. = standard error; C.R. = critical ratio;
Std. = standardized factor loading; SMC = squared multiple correlation; CR = composite reliability; AVE = average
variance extracted.

Table 5. Model goodness of fit.

Model Goodness of Fit χ2/df RMSEA GFI AGFI CFI

Corrected value by Bollen–Stine 1.015 0.004 0.972 0.962 0.996
Ideal value [94] <3.000 <0.080 >0.900 >0.900 >0.950
Fitting evaluation Ideal Ideal Ideal Ideal Ideal

The final model is shown in Figure 5, demonstrating the interconnections between the
endogenous and exogenous variables, and Table 6 presents the outcomes of the final model
for direct, indirect, and total effects.

Table 6. Values of standardized direct, indirect, and total effects of SEM path analysis.

Objective
Attributes of the

Built Environment

Subjective
Perception of the

Built Environment

Expectations for
the Built

Environment

Community
Activities

Neighborly
Relationship

Subjective perceptions of
the Built Environment

Total 0.314 0.368
Direct 0.158 0.368

Indirect 0.157
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Table 6. Cont.

Objective
Attributes of the

Built Environment

Subjective
Perception of the

Built Environment

Expectations for
the Built

Environment

Community
Activities

Neighborly
Relationship

Expectations for the Built
Environment

Total 0.426
Direct 0.426

Indirect

Neighborly Relationship
Total 0.173

Direct 0.173
Indirect

Residential Satisfaction

Total 0.135 0.749 0.373 0.153 0.128
Direct –0.142 0.749 0.098 0.131 0.128

Indirect 0.277 0.275 0.022

Note: A blank cell means insignificant effects between variables at a 0.05 level.

Figure 5. SEM model results.

4.2.2. The Impact of the Built Environment on Residential Satisfaction

According to the final model (Figure 5), residential satisfaction resulted from a process
of objective stimuli, expectation, and subjective perceptions in terms of the built envi-
ronment. First, consistent with Campbell’s model, individuals perceived the objective
residential built environment through a subjective judgement process, ultimately leading
to the evaluation of residential satisfaction. As expected, the better the objective attributes
of the built environment, the higher the subjective perceptions among residents, thereby
yielding a higher level of residential satisfaction, which supported Hypothesis 1 and
Hypothesis 4. Specifically, the effect of subjective perceptions of the built environment on
residential satisfaction was notably significant (0.749), surpassing that of all other latent
variables, underscoring its paramount importance. However, the direct effect of objective
attributes of the built environment on residential satisfaction was negative, with a value
of −0.142, contrary to Hypothesis 3. One of the possible reasons for this directly negative
effect might be the actual needs of SHE residents. To be specific, it was observed that most
(65.93%) of them were aged over 50. For older residents, the scope of activities tended to be
contracted, and their living needs were fewer in comparison. Consequently, an excessively
large housing area and an abundance of public facilities might be counterproductive to
their living. Another possible explanation might be the common mentality that people
tended to enjoy life once conditions were permitted [95]. SHE residents living in poor
conditions might have provided low satisfaction scores, but above a certain level of com-
fort they tended to be satisfied. Therefore, the improvement of the objective attributes of
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the built environment did not directly enhance residential satisfaction, but it positively
affected residents’ subjective cognition and perceptions, thus promoting residential satis-
faction. The results coincided with the findings of an empirical study on the influence of
the community-built environment on the residential satisfaction of the elderly [96].

Second, in alignment with the “expectation–perception–satisfaction” framework pro-
posed by Fornell et al. (1996) [65], residents’ expectations for the built environment exerted
positive impacts on both subjective perceptions and residential satisfaction, and subjective
perceptions further exhibited a beneficial effect on residential satisfaction, confirming Hy-
potheses 4, 5, and 6, respectively. For products such as housing, residents’ expectations were
relatively stable since they were rooted in long-term assessments of the housing market’s
consistent performance. As the survey showed, SHE residents’ expectations for the built
environment were moderate and rational, with more than 40% of the respondents holding
neutral expectations, and most of them expressed that the built environment had improved
considerably compared to where they used to live. As a resident of JS Estate stated: “Some
improvements in the provision of public services and facilities have gradually emerged
in our housing estates. I am quite satisfied with the current environment.” In accordance
with the psychological construct theory, it could be inferred that the residential conditions
of SHE residents were perceived as superior to the ones they had previously experienced,
and closely congruent with the reference conditions; therefore, they tended to express
satisfaction, and there was a positive correlation between SHE residents’ expectations and
satisfaction [97]. Noteworthily, SHEs represent a form of Chinese government interven-
tion in the marketized economy [20], providing basic security for low-income residents.
Undoubtedly, this imbues them with a “halo effect”, further elucidating the observed
significant positive correlation between expectations and satisfaction of SHE residents [65].

Additionally, objective attributes of the built environment were found to have a
positive influence on expectations, which confirmed Hypothesis 2. As expected, the better
the actual built environment, the higher the expectations the residents had. This was
mainly due to a psychological process of cognitive restructuring [80]. SHE residents might
lower their expectations (“I don’t need much”) since they were forced to be satisfied with
what they had (“what I have is fine”) and to make the best of a situation that they could
not change.

4.2.3. The Contribution of the Social Environment to Residential Satisfaction

A favorable social environment, characterized by abundant community activities and
close networks among residents, was validated to improve residential satisfaction. First,
active participation in community activities was found to increase residential satisfaction,
aligning with previous studies [72,98,99]. The model results indicated that the total ef-
fect of community activities on residential satisfaction was 0.153, with the direct effect
being stronger at 0.131, and the indirect effect of influencing perceptions of neighborly
relationships to increase residential satisfaction was relatively weaker but still significant
and positive (0.022), thereby confirming Hypotheses 7 and 8. Community activities, such
as technical training, recreational activities, volunteer engagements, and discussions on
community development issues, could improve residential satisfaction by enhancing “in-
terest connections” and nurturing residents’ sense of belongings. As articulated by one
resident: “Given that I am retired now, I spend most of my time in the housing estate. We,
the retired residents, gather every day to chat, exercises, and play cards or mahjong at the
cultural corridor of the center of this community”.

Second, the neighborly relationship was found to be significantly and positively associ-
ated with residential satisfaction, consistent with the findings of previous studies [2,45,74,100],
thereby confirming Hypothesis 9. Stronger neighborly relationships contributed to higher
levels of residential satisfaction. To be specific, for each unit increase in neighborly rela-
tionship, residential satisfaction increased by 0.128 units accordingly (Table 6). On the one
hand, the maintenance of social network, trust, and mutual assistance among neighbors
could foster senses of intimacy and safety among residents [61]. On the other hand, casual
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interactions, social contacts with neighbors, and mutual assistance could significantly
enhance residents’ sense of identity and sense of belonging [101], which would in turn
improve residential satisfaction [81]. Notably, the path coefficients of the indicator related
to residents’ willingness to have casual interactions with each other (NR2) was significantly
higher than the other three observed variables, indicating its strong correlation with SHE
residents’ neighborly relationships. This might be attributed to the fact that financial con-
straints hindered in-depth social contacts and interactions among residents, as noted in
interviews with residents of the FH Estate.

5. Discussion

5.1. The Influencing Mechanism of Residential Satisfaction of SHEs

This study explored the impacts of both the built and social environments on residen-
tial satisfaction of SHEs. The conceptual framework developed in this study distinguished
the factors of the physical and social aspects of the residential environment, and the results
indicated that elements related to both the built environment (i.e., housing size, transporta-
tion, public facilities, public spaces, and open spaces) and the social environment (i.e.,
neighborly relationships and community activities) were instrumental to residential satis-
faction of SHEs. These findings echoed the suggestion proposed by Canter and Rees (1982)
that the separation of the physical and social aspects of the residential environment was of
significance in any analysis concerning residential satisfaction [22]. Figure 6 presents what
and how factors regarding both the built and social environments influenced residential
satisfaction of SHEs.

Figure 6. The determinants of residential satisfaction of SHEs.

First, residential satisfaction of SHEs was positively influenced by objective attributes,
residents’ expectations, and subjective perceptions of the built environment. The findings
supported the combination of the two classic frameworks of Campbell’s model and the
ACSI model. On the one hand, despite a slightly negative direct effect, objective attributes
of the built environment positively affected residents’ subjective perceptions, which in
turn affected residential satisfaction of SHEs. This illustrated the mechanism through
which estate design and neighborhood planning influenced residential satisfaction. On
the other hand, the results empirically validated the structural framework of “expectation–
perception–satisfaction” in the ACSI model in explaining the residential satisfaction of
SHEs. A similar conclusion was also proposed by Emami and Sadeghlou in 2021 [71],
contending that residential satisfaction was the positive or negative psychological outcome
of individuals’ subjective evaluative processes between what was expected and what was
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perceived. To improve SHE residential satisfaction, it is essential to elevate residents’
expectations and perceived quality of the built environment.

Importantly, the findings unveiled the role of residents’ subjective perceptions in
mediating among the objective attributes, expectations, and residential satisfaction of the
built environment. The findings echoed both the psychological construction theory [34]
and Jiboye’s argument [14], and further reinforced the relevance of the two aforementioned
models, suggesting that subjective perceptions were responses to the extent to which the
objective attributes of housing estates’ built environments met residents’ expectations,
exerting the greatest impact on their residential satisfaction. Similar effects were also
observed in the empirical study of the residential satisfaction of the elderly in Hefei,
China [96], which proposed to place increased stress on residents’ subjective perceptions
of the built environment to meet their actual needs. In essence, a high level of residential
satisfaction was not thoroughly contingent upon complete congruence between the actual
residential built environment and the theoretically ideal one; rather, it was the subjective
perceptions of the built environment that were more decisive. Underlying factors that might
influence subjective perceptions included comparison processes [95,102] and psychological
processes, such as expectation revision and cognitive adaption [34,80]. For the low-income
SHE residents, it was of high possibility that they previously lived in significantly lower-
quality built environments, or that their relatives or friends have experienced similar
situations (as indicated in interviews with residents in the LG Estate and FH Estate).
Therefore, in the process of such comparisons and cognitive restructuring, they subjectively
perceived satisfaction with the current residential built environment, and such subjective
perceptions profoundly affected their overall residential satisfaction.

Second, an enhanced social environment was closely related to increased residen-
tial satisfaction of SHEs. Specifically, a clear mechanism involving “community activity
participation–development of neighborly relationship–evaluation of residential satisfac-
tion”, regarding the influence of the social environment on residential satisfaction, was
identified. There was a two-by-two relationship among these three variables, and all three
relationships were positively connected. Supporting the hypotheses, residents who par-
ticipated more frequently in community activities tended to develop closer relationships
with neighbors, and further presented higher levels of residential satisfaction. This result
strongly supported the conclusion that the social capital in low-income communities, en-
compassing social networks that facilitate social cohesion and the development of residents
within the neighborhood [103,104], contributed substantively to residential satisfaction [45].
Indeed, there have been a number of empirical studies that confirmed these effects, such as
studies of residential satisfaction of low-income communities in Ogun State, Nigeria [24],
Beijing, China [81], and Seoul, South Korea [105]. Some scholars have even concluded
from surveys of residential satisfaction in public housing in Madrid that the psycho-social
aspects, such as neighborly relationships and the sense of attachment, would exert stronger
effects on residential satisfaction than physical features of the built environment [1]. De-
spite that the extent of the impacts might vary across different contexts, factors related
to the social environment could indeed influence residential satisfaction. Therefore, it is
necessary to enhance the social environment to improve residential satisfaction, especially
for low-income neighborhoods in rapidly urbanizing countries such as China.

5.2. Policy Implications for Improving Residential Satisfaction of SHEs

Additional efforts should be made to improve the quality of the built environment
to decent standards, which can greatly enhance residential satisfaction. As hypothesized,
the built environment exerted a substantial impact on the residential satisfaction of SHEs,
with factors such as open space, transportation, and public facilities playing pivotal roles.
It is suggested that housing authorities should pay attention to the improvement of green-
ing, open space, and public facilities within and surrounding the estates, beyond the
mere provision of accommodation units [106]. Furthermore, the implementation, post-
construction maintenance, and management are also critical factors in enhancing the quality
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of the built environment. During the investigation of SHEs, deviations from the original
planning scheme, the lag period of actual provision of public facilities and services, and
unmaintained neighborhood amenities were observed. Therefore, achieving high-quality
built environments necessitates improvements across various aspects, from housing to
community surroundings, and from design to management throughout the entire process.

More emphasis should be placed on creating a livable and favorable built environment
that is sought by the public in the operation of urban planning. Considering the largest
positive impact observed from residents’ subjective perceptions of the built environment,
it is necessary to integrate public opinions into the planning process. This is a feasible
measure to ensure that residents’ actual needs and expectations are thoroughly investi-
gated and addressed by housing authorities and planners. However, urban planning in
China is typically operated as a technical tool to fulfill the political aspirations of local
governments under the top-down administration [15], often leading to outcomes contrary
to public expectations. To counteract this, it is crucial to establish and enhance an effective
mechanism for public participation. This participatory approach is particularly important
for residents of SHEs, who represent socially vulnerable groups with low incomes, and a
significant portion of whom are elderly individuals. Their real requirements and expec-
tations regarding the built environment must be thoroughly investigated and considered.
By integrating their voices into the planning process, residential environment of SHEs
can be not only functional but also genuinely livable and favorable, ultimately improving
residents’ satisfaction.

Attention should also be paid to the improvements of the social environment of SHEs,
as this contributes to enriching residents’ spiritual life and promoting social cohesion, and
thus improving residential satisfaction. The positive impacts of the social environment on
residential satisfaction highlight the need to cultivate a sense of intimacy and safety among
SHE residents, which in turn bolsters their sense of belonging to the estates. To be specific,
during the design phase, it is suggested to create public spaces that facilitate informal inter-
actions and community activities. For instance, cultural corridors and communal gardens
with pleasant spatial scales should be created and thoughtfully designed to provide spatial
support for social contacts among neighbors. During the governance and management
phase, residents’ organizations and management companies of SHEs should strengthen
their active roles in revitalizing residents’ networks. This can be achieved by organizing
and encouraging residents to actively participate in various community activities, fostering
a stronger sense of community engagement and promoting residential satisfaction.

6. Conclusions

Residential satisfaction represents one important domain of individuals’ general
quality of life, particularly for low- and lower–middle-income residents residing in SHEs,
and it also serves as a vital indicator to assess the performance of SHE projects. Extant
studies highlighted that the determinants of residential satisfaction tended to vary by
housing types, tenure, countries, and cultures [37]. Since existing empirical studies, which
focused on the well-being of low-income residents in affordable housing programs, were
mostly conducted in European and American cities, where mature planning systems exist, it
is imperative to shed light on post-reform China, which has recently experienced large-scale
expansion of SHE projects and where the planning systems are gradually improving [15].
Moreover, the impacts of factors related to the social environment on residential satisfaction
of SHEs was not well explored in the existing literature. Therefore, taking advantage of
field observations in 11 SHEs in Guangzhou, we developed an analytical framework and
employed SEM to capture the effects of both the built and social environments on residential
satisfaction of SHEs. This study provided a fuller picture of residential satisfaction and its
determinants, especially for understanding residential satisfaction among disadvantaged
groups in developing countries, and contributed to the debate over the assessment and
improvement of the performance of China’s SHE projects.
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According to the survey, the overall residential satisfaction of SHEs was found to
be undesirable but acceptable, with the dimension of “Willingness to reside in the long
term” ranking first. The results suggested that China’s recent implementation of subsidized
housing policies has yielded some positive outcomes, proving to be an effective measure in
addressing the housing needs of low-income groups and tackling the increasingly severe
problem of housing unaffordability in post-reform China. However, the limited services
provided by management companies and insufficient support from residents’ organizations
have led to residents’ negative remarks on both management and security issues within
the SHEs. Additionally, the complicated sociodemographic characteristics of SHE residents
have presented challenges in further enhancing residential satisfaction.

This empirical study in Guangzhou echoed those in previous arguments that both the
physical and social aspects of the residential environment are closely related to residential
satisfaction, and further illustrated the mechanisms under which the built environment
affected residential satisfaction. The results of the SEM indicated that both a desirable
built environment, such as pleasant housing designs and well-equipped neighborhoods,
and a friendly social environment, characterized by intimate neighborly relationships
and diverse community activities, could contribute to the improvement of residential
satisfaction in SHEs. Furthermore, this study developed Campbell’s model and the ACSI
model in terms of the influencing mechanisms of the built environment on residential
satisfaction. Specifically, objective attributes affected both residents’ perceived evaluations
and expectations, which in turn affected residential satisfaction. Residents’ expectations
also positively related to their cognitive evaluation of residential environments. Overall,
residents’ subjective perceptions served as mediators among the objective attributes and
expectations and exerted the greatest impacts on residential satisfaction.

This study implicated that policymakers in China should recognize the multidimen-
sional nature of residential satisfaction of SHEs to meet the actual housing needs of low-
income groups and to further facilitate urban sustainable development. In addition to the
provision of basic sheltering, policies for SHE projects should strive to improve the quality
of the built environment to meet decent standards, such as optimizing the allocation of pub-
lic service facilities surrounding the housing estates. Further consideration should also be
given to SHE residents’ pursuit of spiritual life. To foster favorable social environments and
promote neighborhood social cohesion, residents’ organizations should encourage residents
to participate in diverse community activities. Additionally, it is necessary to strengthen
the mechanisms for public participation to better grasp residents’ actual requirements and
expectations, even in completed SHE projects.

However, there are several limitations. First, city-level contextual factors, such as the
scale, the location, and the socioeconomic characteristics, may have significant impacts on
residential satisfaction of SHEs. Nevertheless, this study only investigated specific SHEs in
Guangzhou, a pioneer mega-city in the construction of SHEs, limiting its applicability to
other cities. Future studies should also focus on those cities with disadvantaged perfor-
mance in SHE development. Second, focusing on the built and social environments, the
model developed in this study did not cover individual socioeconomic attributes, such
as age, level of income, and general outlook on life [64], which would affect residential
satisfaction. Additionally, the geographical characteristics of the housing estates (e.g.,
geographical location) were not fully considered in this study. Presumably, adding such
factors into the model would help gain a fuller understanding of residential satisfaction of
SHEs. Third, a longitudinal research design and panel data may serve as effective tools to
deeply illuminate the influencing mechanisms through investigating how the life course
and processes of gentrification or land use change affect individuals’ residential satisfaction
over time [3]. Despite its limitations, this study still contributes to the literature with
insights on the effects of the built and social environments on residential satisfaction of
SHEs, which will facilitate socially sustainable development by providing references for
enhancing SHE performance.
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Appendix A

Table A1. Variables used in the analysis and their descriptions.

Latent Variables Observed Variables Description

Residential Satisfaction

Overall residential satisfaction (RS1)
Residents’ overall satisfaction with their
current residence: very dissatisfied,
dissatisfied, neutral, satisfied, very satisfied.

Estate management (RS2)
Satisfaction with the estate management:
very dissatisfied, dissatisfied, neutral,
satisfied, very satisfied.

Safety condition (RS3) Perceived safety within the SHEs: very
unsafe, unsafe, neutral, safe, very safe.

Aspiration to stay in SHEs for the long
term (RS4)

“I would like to continue to live in this
housing estate”: strongly disagree, disagree,
neutral, agree, strongly agree.

Objective Attributes of the Built
Environment

Housing size (OBE1) Housing area per capita (m2).

Accessibility to public
transportation (OBE2) Distance to the subway/bus station (m).

Accessibility to public facilities/
services (OBE3)

Distance to the nearest public
facilities/services (m).

Accessibility to public spaces (OBE4) Distance to the nearest public spaces (m).

Subjective Perceptions of the Built
Environment

Convenience of public
transportation (SBE1)

Convenience of public transportation: very
dissatisfied, dissatisfied, neutral, satisfied,
very satisfied.

Satisfaction with the provision of public
facilities/services within the SHEs (SBE2)

Satisfaction with the provision of public
facilities/services within the SHEs: very
dissatisfied, dissatisfied, neutral, satisfied,
very satisfied.

Satisfaction with the provision of
public facilities/services outside the
SHEs (SBE2)

Satisfaction with the provision of public
facilities/services outside the SHEs: very
dissatisfied, dissatisfied, neutral, satisfied,
very satisfied.

Satisfaction with the provision of
community open space (SBE3)

Satisfaction with the provision of community
open space: very dissatisfied, dissatisfied,
neutral, satisfied, very satisfied.

Satisfaction with the provision of public
space (SBE4)

Satisfaction with the provision of public
space: very dissatisfied, dissatisfied, neutral,
satisfied, very satisfied.
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Table A1. Cont.

Latent Variables Observed Variables Description

Expectations for the
Built Environment

Expectations of accessibility to places of
work (EBE1)

“I HOPE that the distance from my house to
places of work does not differ from that of
most people in the city”: strongly disagree,
disagree, neutral, agree, strongly agree.

Expectations of accessibility to large
public facilities (EBE2)

“I HOPE that the distance from my house to
large public facilities does not differ from that
of most people in the city”: strongly disagree,
disagree, neutral, agree, strongly agree.

Participation in
Community Activities

Participation in technical training (CA1)
Self-reported involvement in technical
training in the last year: none, 1–2, 3–6,
7–12, >12.

Participation in recreational
activities (CA2)

Self-reported involvement in recreational
activities in the last year: none, 1–2, 3–6,
7–12, >12.

Participation in volunteer activities (CA3)
Self-reported involvement in volunteer
activities in the last year: none, 1–2, 3–6,
7–12, >12.

Participation in discussions on
community development issues (CA4)

Self-reported involvement in discussions on
community development issues in the last
year: none, 1–2, 3–6, 7–12, >12.

Cognition of Neighborly Relationship

Friends made (NR1) Number of friends made in the housing
estates: none, 1–4, 5–9, 10–20, more than 20.

Casual interactions (NR2)
“When I meet neighbors on the street, I say
‘hi’ or chat with them”: strongly disagree,
disagree, neutral, agree, strongly agree.

Social contacts (NR3)
Frequency of social contacts with neighbors:
less than once a month, 2–3 times a month,
once a week, 2–3 times a week, every day.

Reciprocity (NR4)
“I help my neighbors or seek help from them,
if necessary”: strongly disagree, disagree,
neutral, agree, strongly agree.
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Abstract: Urban vitality, intricately connected to urban morphology, has long been a cornerstone
of urban planning and design. The accelerated pace of urbanization has created abundant living
and working spaces, but it has also brought about a series of issues such as traffic congestion,
environmental pollution, insufficient public spaces, and uneven urban development, leading to a
decline in urban vitality. The spatial distribution patterns of urban vitality and their influencing
factors are diverse and vary across different cities, necessitating a multidimensional exploration
of the relationship between urban vitality and the built environment. Utilizing the central urban
area of Beijing as a case study, this research leverages multi-source urban spatial data to delineate
the spatial characteristics of social, economic, cultural, and comprehensive vitality. Furthermore, a
comprehensive set of built-environment indicators is developed across five dimensions to analyze
their correlation with urban vitality. The results indicate: (1) There is a significant spatial clustering
of various vitality types in Beijing, with a pronounced correlation between high-density population
aggregation and vigorous economic activities. (2) Subdistricts exhibiting high social vitality display an
“n”-shaped distribution around the Second Ring Road. In contrast, those with high economic vitality
are concentrated along Chang’an Street and various district commercial centers. High cultural vitality
subdistricts are distributed in a northwest–southeast trajectory from the Fourth Ring Road to the
Second Ring Road, and subdistricts with high comprehensive vitality exhibit a concentric distribution
radiating outwards from the center. (3) Social vitality is most closely related to comprehensive vitality,
and the various vitality types in Beijing’s central urban area develop relatively evenly. (4) The built
environment significantly affects all types of urban vitality. Factors such as floor area ratio, POI
density, POI mixing degree, and intersection density are fundamental to enhancing urban vitality,
whereas the greening rate somewhat inhibits it. (5) Future spatial planning should utilize the radiating
effect of high-vitality subdistricts to optimize population distribution, enhance POI mixing, increase
metro station density, and strengthen critical urban structures for synergistic economic and cultural
development. This study provides a foundation and promotion strategies for optimizing the layout
and enhancing vitality at the subdistrict scale within Beijing’s central urban area.

Keywords: urban vitality; built environment; spatial distribution; promotion strategies; Beijing’s
central area

1. Introduction

As urbanization accelerates, the rapid increase in population in urban centers has
significantly altered urban spatial structures. Concurrently, the disorderly expansion of
cities has led to numerous urban issues, such as environmental pollution, traffic congestion,
and imbalances in public service provision. These issues have collectively contributed to a
decline in urban spatial vitality [1,2]. China, having transitioned from an industrial to a
post-industrial society, is now shifting towards high-quality development [3]. Under the
pressure of intensified land use in urban centers, China has undertaken extensive renewal
of traditional neighborhoods, old communities, and urban villages, significantly impacting
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the integrity and sustainability of current urban systems [4]. With the growing demand
for an improved quality of life, enhancing urban livability has become a key objective
in contemporary urban planning [5,6]. Urban vitality is closely linked to spatial quality
and it directly influences livability [7]. High urban vitality indicates greater attractiveness,
which can draw talent and capital, thereby increasing competitiveness and providing more
benefits and opportunities for residents [8]. Urban vitality also serves as an effective mea-
sure of spatial quality and distribution characteristics [9–11]. However, due to the diverse
structures and functions of different cities, the relationship between urban vitality and the
built environment lacks a unified pattern. Therefore, in-depth research and exploration into
enhancing urban spatial vitality are crucial for achieving sustainable urban development,
improving residents’ quality of life, and strengthening overall urban competitiveness.

Since the 1960s, scholarly interest in urban vitality has steadily grown [12]. Origi-
nating from Jane Jacobs, the concept underscores the vibrancy infused into cities through
pedestrian activities on streets, social interactions among urban dwellers, and the dynamic
interplay between people and places, particularly evident in the bustling public life of
streets, squares, and parks [13]. Kevin Lynch defines urban vitality as a dimension of urban
form that sustains human life needs and social functions, embracing the continuity, safety,
and stability of the entire ecosystem [14]. Maas conceptualizes urban vitality as a reflection
of urban spatial quality, encompassing the continual presence of people in streets and
public spaces, their diverse activities and opportunities, and the material environments
that facilitate such engagements [15]. Montgomery posits that vibrant human activities are
pivotal in nurturing urban vitality, with successful urban locales often boasting vibrant
public spaces conducive to a myriad of human endeavors [2]. Yang et al. suggest that urban
vitality manifests in spaces’ capacity to attract a variety of human activities [16]. The 2024
Beijing Municipal Government Work Report proposed the development goal of strengthen-
ing urban fine governance and enhancing urban vitality by scientifically harnessing the
laws of development in mega-cities. Despite nuances in scholars’ definitions, urban vitality
consistently emerges as a vital ingredient in fostering high-quality urban living, with the
built environment playing a pivotal role in shaping this vitality. Consequently, investigating
the nexus between urban vitality and the built environment holds paramount significance,
offering critical insights into the spatial dynamics and challenges of contemporary urban
development, and providing foundational support for urban design and management
endeavors aimed at enhancing vitality.

Assessing urban vitality has long been a significant challenge, with past approaches
primarily focusing on two dimensions: human activity intensity and built environment
indicators [17–19]. Regarding human activity intensity, Jane Jacobs pioneered field re-
search methods to measure and validate the degree of population aggregation in urban
areas [9,13]. In terms of built environment indicators, Jacobs argued that diverse urban
areas should exhibit high functional mix, small-scale streets, a mix of old and new buildings,
and high pedestrian flow density [13]. Similar viewpoints include Jan Gehl’s emphasis on
the integrated, cohesive, and open characteristics of urban built environments [20], and
Montgomery’s assertion that appropriate density, human-scale dimensions, and the pres-
ence of public spaces and parks are vital guarantees of urban vitality [2,21]. The urban built
environment serves as a tangible manifestation of the region’s social, economic, and cul-
tural development levels [22], and its diverse connotations have spurred the development
of various urban vitality assessment methods, which can be broadly categorized as field
research [23,24] and big data analytics [25–34]. At the city scale, field research often faces
challenges such as data collection difficulties and heterogeneity. Currently, many studies
rely on Internet Points of Interest (POI) provided by various online platforms to reflect the
distribution characteristics of different types of venue and regional urban vitality [35,36].
However, due to their lack of timeliness and objectivity, POI data often provide a one-sided
view of urban vitality and may not accurately represent actual human activity levels [26].
The utilization of multiple data sources effectively integrates the advantages of traditional
research and modern technological methods, enhancing the comprehensiveness and accu-
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racy of evaluation, and has become the prevailing trend in urban vitality assessment [37].
Combining satellite remote sensing, social media, and traffic flow data for comprehensive
evaluation not only provides dynamic information with strong temporal continuity and
wide coverage but also fully reflects the multidimensional characteristics of urban vitality,
thus facilitating a deeper understanding of the complex relationship between urban vitality
and urban development.

In recent years, scholars such as Si et al. and Liu et al. have undertaken a nuanced
classification of urban vitality, delineating it into three principal dimensions: social vitality,
economic vitality, and cultural vitality [34,38,39]. This classification underscores social vi-
tality as the linchpin, economic vitality as the foundational element, and cultural vitality as
the intrinsic quality inherent in urban vigor. Such conceptual refinement reflects a broader
trend towards acknowledging the multifaceted nature of urban dynamism. Notably, recent
investigations into the vitality of critical Chinese metropolitan centers like Shanghai and
Chengdu have adopted this tripartite framework to develop comprehensive indicator
systems, integrating diverse built environment factors [33,40]. With the advent of big data
technology, a plethora of Location-Based Services (LBS) data types have been integrated into
studies on urban vitality, facilitating the visualization of population distribution dynamics.
These datasets encompass heat map data [25–29], social media check-in data [30,31], mobile
phone signaling data [32], and taxi arrival data, among others [33], offering insights into
the social vibrancy of diverse urban demographics across varying temporal contexts. The
concentrated presence of small-scale dining establishments is recognized as an indicator
of vibrant urban locales, reflecting the daytime economic vigor of urban centers [41,42].
Moreover, nocturnal light emissions captured via satellite imagery serve as a surrogate
for GDP in specific contexts, capturing the economic vitality of regions with predictive
accuracy scaling with spatial resolution [43,44]. Furthermore, the spatial dispersion of
urban cultural amenities such as libraries, museums, and art galleries serves as an objective
manifestation of cultural vibrancy within urban landscapes [33,34].

The urban built environment is considered a key factor influencing urban vitality.
Cervero R. et al. proposed a “3D” model consisting of density, diversity, and design di-
mensions to assess the relationship between the built environment and transportation [45].
Building upon this, Ewing R. et al. added dimensions of public transportation accessibility
and availability [46], although there is some controversy regarding the specific selection of
factors [33]. Gomez-Varo et al. constructed a multidimensional index system, including
density, functional diversity, social opportunities, architectural diversity, accessibility, and
boundary vacuum to evaluate the vitality of a low-income area in Barcelona and provide
recommendations for public policy improvements [47]. Li X. et al. explored factors con-
tributing to or inhibiting urban vitality in Wuhan from six aspects: facilities and land use,
neighborhood attributes, urban form, location, landscape, and accessibility [12]. Xia, C.
et al. validated the impact of three-dimensional measures such as walkability and comfort
in the built environment on urban vitality, in contrast with two-dimensional measures like
accessibility, proximity, and mixture across 15 major cities in China [48]. Most scholars have
evaluated the influence of these indicators on urban vitality using linear methods such
as analytic hierarchy process, principal component analysis, and grey relational analysis,
which may not fully capture the complex relationships between urban vitality and urban
elements [11]. Exploring the spatial heterogeneity of different urban built environment
indicators’ effects on urban vitality is crucial as it helps urban planners and decision-makers
understand how various environmental factors manifest different impacts in different areas.
Analyzing this spatial heterogeneity can identify which environmental features exhibit
more significant effects in promoting or inhibiting urban vitality, thereby enabling more
refined and targeted urban planning.

As fundamental administrative units, the quality of the living environment in subdis-
tricts directly affects residents’ quality of life and the overall urban living environment [38].
Therefore, this study selects the subdistricts in Beijing’s central urban area as the primary
research unit, as they can finely capture urban dynamics and human activity character-
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istics. We employ population heat map data, nighttime light data, and the density of
cultural facilities’ POIs to represent social, economic, and cultural vitality, respectively.
Additionally, we construct a comprehensive index system of the urban built environment,
including land use intensity, service outlets, blue–green spaces, accessibility, and location
to analyze their impact mechanisms using the Geographic Weighted Regression (GWR)
model. The research aims to comprehensively investigate the relationship between the
built environment and urban vitality in mega-cities in China from the perspective of urban
structure and landscape. The objectives of the study are: (1) to scientifically analyze the
spatial distribution patterns of urban vitality in Beijing’s central area and the relationships
between different types of vitality, (2) to explore the mechanisms of how the urban built
environment affects urban vitality at the neighborhood scale, and (3) proposing strategies
for sustainably enhancing urban vitality in Beijing’s central area.

2. Study Area and Data Sources

2.1. Study Area

This study focuses on Beijing’s central area, comprising six administrative districts:
Dongcheng, Xicheng, Chaoyang, Haidian, Fengtai, and Shijingshan (excluding Beijing
Capital International Airport). Covering approximately 1378 km2, this area has a permanent
population of 10.93 million, accounting for 50.2% of Beijing’s total population according
to the Seventh National Population Census. As outlined in the Beijing Urban Master
Plan 2016–2035 (Master Plan), Beijing’s central area serves as the concentrated hub for the
national political, cultural, international communication, and scientific and technological
innovation centers. It is pivotal to the goal of creating a world-class, harmonious, and
livable city (Figure 1).

 
Figure 1. Location of the study area.

Subdistricts and townships are the fundamental administrative units in China’s hier-
archy, providing a detailed perspective on urban governance and development. To address
grassroots governance in urban–rural integration areas, Beijing has established regional
offices within its administrative divisions. These offices manage urban affairs and facilitate
the transition of highly urbanized townships to subdistrict offices [49]. Research at this
level allows for a detailed observation of the impacts and challenges of urban policies,
especially in densely populated and rapidly urbanizing central areas, offering precise and
practical support for urban planning and governance.
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With the recent issuance of the Beijing Garden City Special Plan (2023–2035), Beijing
Municipality will further enhance the urban built environment based on vital urban struc-
tures such as the north–south central axis and the “Three Mountains and Five Gardens”
area. Urban structure significantly shapes the spatial pattern of the built environment.
In Beijing’s central urban area, key elements include urban axes, major transportation
systems, and natural blue–green substrates [50]. The north–south central axis stretches
from the Yanshan Mountains to Beijing Daxing International Airport, while the east–west
axis extends from Tiananmen Square to the Chaobai River. The transportation network is
supported by five ring roads surrounding Beijing Old Town (BOT). The blue–green system
is characterized by the interconnected Beiyun River and Yongding River water systems,
linked by natural and artificial waterways. Additionally, the urban park belt within and
beyond the Fifth Ring Road, along with the suburban park belt, forms a continuous green
buffer zone (Figure 2).

(a) (b) 

Figure 2. (a) Urban transport and green space structure; (b) urban rivers, axes, and cultural belts.

Based on the “Master Plan”, this study examines 100 subdistricts, 31 regions, and
2 towns within the Beijing’s central area as research units. The goal is to explore the spatial
patterns of its diverse vitality and identify the influencing factors. By doing so, this study
aims to offer direct references and insights for enhancing urban grassroots governance.

2.2. Data Sources

The measurement of Urban Social Vitality (SV) is sourced from Baidu Heatmap data
for Beijing’s central area. To avoid disruptions from holidays and other special occasions on
social vitality, this study chose two typical dates for measuring social vitality. These dates
were carefully selected to ensure they represented regular days without any significant
external influences that could skew the data. By doing so, the study aimed to obtain a more
accurate and consistent measure of social vitality, providing a clearer picture of everyday
social interactions and activities. Data were collected on 23 January 2022 (weekend) and
24 January 2022 (weekday) at hourly intervals from 7:00 to 21:00. To characterize SV, we
computed the average heat density values from 30 time points.

Urban Economic Vitality (EV) was assessed using night-time light data from the
LJ1-01 high-resolution remote sensing imagery of Beijing (http://www.lmars.whu.edu.cn,
accessed on 5 May 2022) [51]. The imagery was resampled using the nearest neighbor
method, and the data from each sampled grid within the research units were aggregated to
represent EV.
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Urban Cultural Vitality (CV) was evaluated using data from the Amap online map
(https://lbs.amap.com/, accessed on Amap Software Co., Ltd). These data include venues
such as museums, exhibition centers, libraries, concert halls, theaters, and art galleries,
which are considered essential cultural elements. The density of POI was used to assess
CV [52].

Given the spatial characteristics of Beijing’s central urban area, the study selected
a built environment indicator system, detailed in Table 1. Building vector data, diverse
POI data, including bus stops, metro stations, and urban centers, as well as road net-
work data, were acquired from Amap. Blue–green space data were derived from the
GLC_FCS30 product (https://data.casearth.cn, accessed on Aerospace Information Re-
search Institute, Chinese Academy of Sciences), which provided 30 m resolution land use
and land cover data.

Table 1. Built environment variables in Beijing’s central area.

Dimension Variable Illustrate

Land use intensity
Building density Sum of built-up area within the unit/Unit area

Floor area ratio Total built-up area within the unit/Sum of building footprint areas
within the unit

Service outlets

POI density Total count of POIs within the unit/Unit area

POI mixing degree
E = − n

∑
i=0

Pilog2Pi

where E denotes the information entropy, and Pi represents the
proportion of the i-th category of POI in the unit [53]

Blue–green space Greening rate Total area of green and blue spaces within the unit/Unit area

Accessibility

Road network density Total length of the road network within the unit/Unit area
Bus stop density Total count of bus stops within the unit/Unit area
Metro station density Total count of metro stations within the unit/Unit area
Intersection density Total count of road intersections within the unit/Unit area

Location Distance from the
administrative center Linear distance from the spatial centroid of the unit to Tiananmen Square

Note: The original POI types collected are screened, deduplicated, and reclassified into six categories: residential,
commercial services, commercial offices, public facilities, roads and transportation facilities, and parks and scenic
spots to calculate the POI density and POI mixing degree.

3. Methods

By exploring the spatial distribution of different types of urban vitality and their corre-
lation with the built environment, a technical roadmap encompassing data representation,
indicator construction, and quantitative evaluation was constructed (Figure 3). Firstly, the
SV, EV, and CV of Beijing’s central area were characterized separately and, after normal-
izing the three types of vitality, their average represented comprehensive vitality (COV).
Secondly, the spatial distribution characteristics of individual vitality and their spatial
correlations with COV were examined. Thirdly, a built environment indicator system was
constructed, comprising ten indicators across five dimensions, including land use intensity,
service outlets, blue–green spaces, accessibility, and location. Subsequently, the relationship
between different urban area vitality and various factors of the built environment were
analyzed. Finally, promotion strategies at the urban spatial pattern level were proposed
through comparison with existing studies.
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Figure 3. Conceptual framework of the study.

3.1. Spatial Autocorrelation

Spatial autocorrelation was employed to uncover whether a notable interdependence
existed between a geospatial unit and an attribute of its neighboring spatial units [54]. The
study utilized Moran’s I to gauge its spatial autocorrelation.

(1) Univariate global autocorrelation. To ascertain the presence of spatial global
dependence among different vitality types within the study area, the global Moran index
test was conducted, with the calculation formula as follows:

I =
∑n

i=1 ∑n
j=1 Wij

(
Yi − Y

)(
Yj − Y

)
S2∑n

i=1 ∑n
j=1 Wij

(1)

Z =
1 − E(I)√

Var(I)
(2)

where: n is the number of spatial units in the study area; Yi and Yj are the observed values
of an attribute of spatial units i and j; Wij is the spatial weight matrix established on the
basis of the adjacent relationship Wij of spatial units i and j; S2 is Yi the variance of; Z is the
normal standardized statistic of Moran’s I; E(I) is the expectation of Moran’s I; Var(I) is the
variance of Moran’s I.

(2) Univariate local autocorrelation was conducted to determine the presence of local
spatial agglomeration or differentiation of different vitality types within the study area.
The calculation formula is as follows:

Ii =
Yi − Y

S2

n

∑
j=1

Wij(Yj − Y) (3)
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(3) Bivariate spatial autocorrelation assesses the degree of correlation between the
value of a positional variable and other variables by utilizing the weighted average of all
adjacent positions. This method enables the exploration of spatial correlation between
different vitality types [54]. The calculation formula is as follows:

Ii
lm = zi

l

n

∑
j=1

Wijz
j
m =

Xi
l − Xl

σl

n

∑
j=1

Wij
Xj

m − Xm

σm
(4)

where: Xi
l is the observed value of attribute l of space unit i; Xj

m is the observed value of
attribute m of spatial unit j; σl and σm are the variance of the observed value of attribute l
and m, respectively.

Furthermore, to emphasize the spatial characteristics of individual vitality and com-
posite vitality at the urban street scale, as well as the spatial correlation between individual
vitality measures, we utilized LISA (Local Indicators of Spatial Association) cluster maps
for visualization. LISA cluster maps are particularly useful for identifying clusters of high
or low values, revealing patterns of spatial association or disassociation. By employing
LISA cluster maps, we could visually dissect the intricate spatial dynamics of urban vitality.
These maps allowed us to pinpoint specific areas within the urban fabric where vitality
metrics were exceptionally high or low, thus highlighting zones of potential intervention or
further study.

3.2. Geographically Weighted Regression

Due to sample size limitations and the presence of multicollinearity among variables,
the OLS model may compromise the accuracy of regression results. Additionally, it fails to
detect spatial heterogeneity issues at the local level. Therefore, by screening the respective
variable factors and selecting those with probabilities < 0.05 or robust probabilities < 0.05
in the OLS model analysis, and with variance inflation factors (VIF) < 10, variables were
chosen to construct the GWR model. This model was utilized to analyze the strength of
associations between different urban regions and vitality with their respective variable
factors. Extending upon the linear regression model, the GWR model adapts the regression
equation to local spatial elements, providing a better reflection of how independent vari-
ables influence dependent variables as spatial locations vary [55]. Its calculation formula is
as follows:

yi = β0(ui, vi) +
k

∑
i=1

β0(ui, vi)xik + εi (5)

where: xik is the value of the k-th independent variable at the i-th point; εi is the residual;
(ui, vi) is the spatial coordinate of the i-th sample point; β0(ui, vi) is the continuous
function β0(u, v) the value at point i. This study employed the Akaike Information Criterion
(AIC), a widely recognized statistical tool known for its high degree of fit, to select the
optimal bandwidth parameter. The AIC is particularly valued for its ability to balance
model complexity and goodness of fit, thus preventing overfitting. By using AIC, the study
aimed to achieve a balance between model variance and bias. This method ensures that the
chosen bandwidth parameter is neither too large, which could lead to an overly simplistic
model that misses important patterns in the data, nor too small, which could result in an
overly complex model that captures noise rather than the underlying trend. The application
of AIC in this context helps to identify the most appropriate model that generalizes well to
new data, ensuring both robustness and reliability in the study’s findings.

4. Results

4.1. Spatial Characteristics of Vitality in Beijing’s Central Area
4.1.1. Single versus Integrated Vitality Spatial Characteristics

Figure 4 illustrates the spatial distribution of SV, EV, CV, and COV at the subdistrict
scale in Beijing’s central area. Subdistricts with high SV exhibit an “n”-shaped distribution
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along the Second Ring Road. In contrast, those with high EVs are concentrated along
Chang’an Avenue and various commercial centers in each district—subdistricts with high
CV form a belt-like distribution from the northwest to the southeast. Specifically, Chong-
wenmen, Chaoyangmen, and Hujialou are the top three subdistricts with the highest SV in
the core area, hosting significant urban nodes such as Beijing Railway Station, the Central
Business District (CBD), and embassy areas. Jianwai and Jianguomen Subdistricts, located
in the eastern part of Chang’an Avenue, have the highest EV. In contrast, Yayuncun and
Jinrongjie Subdistricts are the high EV centers in the northern and western parts of the
city, respectively. Unlike SV, EV does not uniformly decrease from the center outward
but instead exhibits five areas of high EV aggregation between the Second Ring Road and
the Fourth Ring Road. The region with the highest CV forms a strip along the eastern
side of the central axis, from the Jianguomen Subdistrict in the north to the Dashilar and
Qianmen Subdistricts in the south. This area encompasses 17 historical and cultural blocks
designated in the regulatory plan of the core area of the capital, reflecting a relatively high
coverage of cultural facilities. The western region of the city, with a relatively high CV,
connects the “Three Mountains and Five Gardens” area and two cultural cores. Jiuxianqiao
Subdistrict in the northeast and Yongdinglu Subdistrict in the west are isolated areas with
high CV, with the former being the location of the famous 798 Art Zone.

 

Figure 4. Vitality spatial distribution and LISA aggregation.

The overall distribution of COV in the subdistricts is similar to that of SV. Apart from
the subdistricts in the city center, such as Xichanganjie, Shichahai, and Tiantan Subdistricts,
which exhibit low vitality due to political and historical remnants, extensive green spaces,
and water bodies, the distribution of COV also shows a concentric layout decreasing from
the center outward. The areas with the highest COV in the city are located from the central
axis to the east along the “East Chang’an Avenue—Tonghui River” corridor, with Jianwai
Subdistrict having the highest COV. The higher vitality concentric zones are generally
delineated by the Third Ring Road to the west, the Fourth Ring Road to the north and east,
and the Second Ring Road to the south, roughly corresponding to the boundaries of the
core area of the capital designated in the “Master Plan”. The mid-range COV areas exhibit
multiple finger-like extensions outward, mainly along the extensions of East and West
Chang’an Avenue, the southern extension of the central axis, and the northwest extension
along the Airport Expressway. The areas with lower COV are primarily located in the green
isolation zones where the suburban park belt is situated according to the “Master Plan”.

Using Local Indicators of Spatial Association (LISA) cluster maps, we can discern
the clustering patterns of various types of vitality in Beijing’s central area. These maps
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specifically highlight the distribution of Low–High (LH) and High–Low (HL) clusters,
which visually represent the heterogeneous distribution of subdistrict vitality.

For SV, an LH cluster formed along the central axis within the Second Ring Road.
This area includes the highest national administrative organs and significant historical and
cultural landmarks, such as Shichahai, Beihai, Zhongnanhai, and Tiantan. Additionally,
historical cultural districts like Nanluoguxiang and Dashilar are situated here. Two other
LH clusters are located near the northeast Fourth Ring Road, encompassing large green
spaces within the subdistricts, known as the “green isolated area”. In terms of EV, the
absence of a well-developed economic radiation relationship in the eastern and southern
directions has resulted in the formation of LH clusters in these areas. The LH clusters near
the BOT are primarily due to the lower nighttime lighting data from traditional residential
areas. Regarding CV, LH clusters are more dispersed. Within the Third Ring Road and its
interior, there are several LH clusters of CV. The largest of these is centered around the
“Datun–Wangjing” Subdistrict in the northwest.

Notably, there are two HL clusters in the CV: the Sanjianfang Regional Office in the east,
which hosts the Communication University of China, an essential cultural industry area
in Chaoyang District, and the Donggaodi Subdistrict in the south, marking the southern
endpoint of the central axis. The Donggaodi Subdistrict also has the highest building
density in Fengtai District, featuring relatively complete cultural facilities. Combining
SV, EV, and CV data, a large-scale LH cluster emerged in the northeastern part of the
mid-range COV area. This indicates significant differences in COV within and outside
the northeastern Fourth Ring Road, suggesting a key area for future vitality enhancement
efforts. A comprehensive global spatial autocorrelation analysis of urban vitality in Beijing’s
central area reveals significant spatial dependency across all forms of vitality, as evidenced
by the Z score (Table 2). Notably, the spatial clustering of COV surpasses that of the three
individual types of vitality, while SC demonstrates slightly higher spatial clustering than
both CV and EV.

Table 2. Global spatial autocorrelation results of urban vitality.

Vitality Type
Social Vitality
(SV)

Economic Vitality
(EV)

Cultural Vitality
(CV)

Comprehensive
Vitality
(COV)

Moran’s I 0.480 0.418 0.461 0.604
Z score 19.757 17.754 19.224 24.757

Note: SV, EV, CV, and COV all passed the significance level test (p < 0.001).

4.1.2. Spatial Correlation between Individual Types of Vitality

Table 3 details the interrelations among the individual forms of vitality. Notably, the
spatial autocorrelation between SV and EV is the highest, indicating a robust spatial associ-
ation between high-density population concentration and intense economic activities in the
central urban area of Beijing. The correlation between SV and CV is slightly lower, suggest-
ing that while cultural elements attract population concentrations, their pull is somewhat
weaker compared to economic factors. The weakest correlation is observed between CV
and EV, highlighting that cultural and economic activities are less spatially intertwined.

Table 3. Spatial autocorrelation results of various activity bivariate variables.

Variable 1 Variable 2 Moran’s I

Social vitality Economic vitality 0.582
Social vitality Cultural vitality 0.427
Cultural vitality Economic vitality 0.405

This analysis underscores the pronounced spatial association between areas with high
population density and intense economic activities in Beijing’s central urban area. While the
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spatial distribution of cultural elements may not draw population aggregation as strongly
as economic factors, they still wield significant influence. Certain areas with a dense
concentration of cultural facilities demonstrate a notable catalyzing effect on economic
activities, indicating that cultural elements can enhance economic vibrancy in their vicinity.

Figure 5 illustrates the spatial distribution of the correlation between single vitality
indices at the subdistrict scale in Beijing’s central area. The relationship between SV and
EV is characterized by two main categories: HH and LL clusters. HH clusters are primarily
concentrated at the intersection of Chang’an Street and the eastern Second Ring Road,
indicating areas of both high population density and intense economic activity. In contrast,
LL clusters are predominantly found along the eastern and western peripheries of the
central urban area, where both population density and economic activity are lower.

 

Figure 5. Vitality bivariate spatial autocorrelation and LISA aggregation.

The relationship between SV and CV is more complex than that between SV and EV.
HH clusters are prevalent in several subdistricts south of Chang’an Street in Dongcheng
District, as well as in Desheng Subdistrict, Chunshu Subdistrict, and Taoranting Subdistrict
in Xicheng District, and Zhongguancun Subdistrict in Haidian District. These areas are
characterized by high levels of both population density and cultural activity. LL clusters are
situated outside the Fifth Ring Road in Haidian District and Shijingshan District, significant
portions of Fengtai District, and subdistricts beyond the East Fifth Ring Road in Chaoyang
District, where both cultural and population density are low. LH clusters representing
areas with low population density but high CV exhibit a distribution pattern similar to SV
within the Second Ring Road. Notably, the Majiabao Subdistrict in the south constitutes an
HL cluster area, indicating high population density but lower CV.

The clustering patterns and significantly correlated regions between EV–CV and SV–
CV show remarkable similarity. However, in comparison to EV–CV, SV–CV features LH
clusters centered around Beihai Park and Temple of Heaven Park in the north and south,
respectively, exhibiting distribution characteristics akin to EV. Additionally, there is one HL
cluster area located in Babaoshan Subdistrict in Shijingshan District, highlighting an area
of high CV but lower population density.
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4.2. Impact of Built Environment on Multidimensional Urban Vitality

Filtering the built environment factors that significantly impact each vitality dimension,
the analysis results are presented in Tables 4–7. By comparing with the OLS model analysis
results, it was found that the reduction in Akaike Information Criterion corrected (AICc)
for each GWR model was >3, and the residuals of each GWR model exhibited a random
spatial distribution, demonstrating the reliability of the GWR model analysis results. The
spatial correlations between various types of vitality and their significantly associated built
environment factors are illustrated in Figures 6–9.

Table 4. Descriptive statistics of GWR regression coefficients for social vitality.

Variable Max Median Min Average
Standard
Deviation

Floor area ratio 0.290 0.262 0.191 0.259 0.018
POI density 0.401 0.365 0.343 0.372 0.012
POI mixing degree 0.213 0.187 0.159 0.186 0.012
Greening rate −0.135 −0.147 −0.158 −0.146 0.007
Metro station density 0.133 0.123 0.118 0.124 0.004
Distance from administrative center −0.213 −0.224 −0.249 −0.225 0.008
Correction R2 0.879

Table 5. Descriptive statistics of GWR regression coefficients for economic vitality.

Variable Max Median Min Average
Standard
Deviation

Floor area ratio 0.293 0.233 0.019 0.209 0.072
POI density 0.475 0.295 0.161 0.296 0.067
Metro station density 0.188 0.132 0.081 0.137 0.030
Intersection density 0.208 0.158 0.056 0.145 0.049
Correction R2 0.786

Table 6. Descriptive statistics of GWR regression coefficients for cultural vitality.

Variable Max Median Min Average
Standard
Deviation

Building density 0.873 0.593 0.233 0.597 0.127
Road network density 0.368 0.281 −0.163 0.201 0.165
Metro station density 0.136 −0.126 −0.210 −0.111 0.056
Intersection density 0.395 0.266 0.137 0.269 0.058
Distance from administrative center 0.633 0.281 −0.324 0.269 0.224
Correction R2 0.802

Table 7. Descriptive statistics of GWR regression coefficients for comprehensive vitality.

Variable Max Median Min Average
Standard
Deviation

Building density 0.344 0.237 0.169 0.242 0.050
Floor area ratio 0.248 0.160 0.100 0.164 0.036
POI density 0.420 0.333 0.288 0.332 0.028
POI mixing degree 0.172 0.160 0.110 0.155 0.015
Greening rate 0.038 −0.075 −0.101 −0.060 0.039
Intersection density 0.197 0.138 0.096 0.138 0.027
Correction R2 0.904
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Figure 6. Correlation between social vitality and the built environment.

 

Figure 7. Correlation between economic vitality and built environment.
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Figure 8. Correlation between cultural vitality and built environment.

 

Figure 9. Correlation between comprehensive vitality and built environment.

4.2.1. Correlation between Social Vitality and Built Environment

SV exhibited significant positive correlations with four categories of environmental fac-
tors: floor area ratio, POI density, POI mixing degree, and metro station density. Conversely,
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SV showed significant negative correlations with two categories of built environment fac-
tors: greening rate and distance from administrative center.

The strongest correlation was observed between SV and POI density, particularly
pronounced in the northern part of the city, displaying a decreasing trend from north to
south. The relationship between the floor area ratio and SV was consistently positive.
However, it varied widely in standard deviation, with the highest correlations found in
the western part of Xicheng District and the eastern part of Fengtai District, gradually
diminishing outward from the BOT area. The correlation between POI mixing degree and
SV, although weaker compared to POI density, was highest along the Qinghe Station–Beijing
North Station corridor, decreasing gradually towards the surrounding areas. Negative
correlations were observed between the greening rate and SV, with an increasing trend
from the northeast region outward. The correlation between metro station density and
SV was the weakest, declining from the northeast of Haidian District towards the south.
The distance from the administrative center exhibited negative correlations with SV, with
significantly lower associations in the eastern region compared to the western region. The
highest correlation was observed in the southern part of Chaoyang District. In contrast, the
lowest correlations were found in the western part of Fengtai District and the northern part
of Chaoyang District.

4.2.2. Correlation between Economic Vitality and Built Environment

For EV, four influencing factors—floor area ratio, POI density, metro station density,
and intersection density—exerted significant effects. Floor area ratio consistently correlated
positively with EV, with the highest correlation observed in the BOT area and its immediate
southern vicinity. This correlation followed an east–high to west–low trend along the
central axis. POI density demonstrated the strongest association with EV, with the lowest
correlation observed in the western and southern parts of BOT, indicating a radial increase
from this center to the outer layers. Metro station density exhibited the weakest correlation
with EV, showing a decreasing trend from east to west. Intersection density also showed a
decreasing trend from southeast to northwest in its relationship with EV, highlighting the
spatial distribution patterns affecting EV in these regions.

4.2.3. Correlation between Cultural Vitality and Built Environment

For CV, five influencing factors—building density, road network density, metro sta-
tion density, intersection density, and distance from the administrative center—exerted
significant effects. Building density exhibited the strongest association with CV, with the
highest correlation observed in the northern part of Chaoyang District and the western
part of the BOT area. This correlation gradually decreased from these two centers towards
the periphery. Road network density showed a complex relationship with CV, displaying
a negative association in the northwest region and a positive association in the southeast.
This presented an increasing trend along the diagonal from northeast to southwest. Metro
station density demonstrated the weakest correlation with CV, showing a positive associa-
tion in the northwest region and negative associations in the east and south. There was a
trend of increasing correlation along the diagonal from northeast to southwest. Intersec-
tion density correlated positively with CV, with the highest correlation observed in the
southeastern part of the region adjacent to areas with the lowest correlation. Distance from
the administrative center exhibited the highest correlation with CV in the northern part of
Chaoyang District and a negative correlation in the northwest region, indicating a nuanced
spatial relationship between CV and proximity to administrative center.

4.2.4. Correlation between Comprehensive Vitality and Built Environment

For COV, six influencing factors—building density, floor area ratio, POI density, POI
mixing degree, greening rate, and intersection density—exerted significant effects. Except
for the greening rate, all other factors exhibited positive associations with COV across all
subdistricts. POI density emerged as the most closely associated factor with COV. The areas
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around Shangzhuang in the northernmost part of the Haidian District and the Zizhuyuan
Subdistrict in the northwest of the Second Ring Road showed the strongest correlations. In
contrast, subdistricts outside the Fifth Ring Road in the southern part of Fengtai District
exhibited the weakest correlations, with a decreasing trend from the northwest to the south.
Building density showed generally higher correlations with COV in the west and lower
correlations in the east. A series of moderately vital subdistricts were distributed along
the G5 expressway and the western Second Ring Road, with areas in Shijingshan District
having the highest correlation and areas around BOT having the lowest.

Additionally, some subdistricts in the northeastern part of Chaoyang District also
exhibited high correlations. The floor area ratio showed the closest correlation with COV
along the subdistricts around the north–south central axis of the city, gradually decreasing
from the center towards the periphery. POI mixing degree exhibited the closest correlation
with COV along the subdistricts from the Xiaoyue River to the Tonghui River, gradually
decreasing towards the sides. The positive association between POI mixing degree and
COV was generally higher in the east and lower in the west, with the highest correlation
observed around BOT. The greening rate showed a trend of higher correlation in the south
and lower in the north. Intersection density exhibited the weakest correlation with COV,
generally showing a trend of higher correlation in the south and lower in the north.

5. Discussion

5.1. Determinants of Urban Vitality Spatial Distribution

Multi-source data enable more efficient evaluation of urban vitality for urban planners
and policymakers [56]. SV is influenced by the aggregation of populations at different times
of the day [57], resulting in a characteristic circular distribution pattern with higher concen-
trations in the center and lower concentrations towards the periphery. This aggregation
is diverse, closely reflecting human activity patterns and displaying the strongest spatial
autocorrelation across various city zones. EV, determined by nighttime light brightness, is
closely tied to regional planning and industrial layout [58]. However, varied commercial
districts in different regions lead to generally higher spatial clustering of EV compared to
CV. CV, influenced by the distribution of cultural POIs, closely aligns with historical and
cultural heritage, and is often prioritized in urban cultural heritage preservation plans [59].
Consequently, high-CV areas are concentrated in historically significant subdistricts. How-
ever, the more balanced distribution of cultural heritage in the BOT area results in relatively
lower CV clustering, despite a higher number of cultural POIs. COV, constrained by green
isolation area, exhibits significant differences within and outside the northeast Fourth Ring
Road. This area’s proximity to CV’s high clusters suggests that EV alone does not determine
urban COV.

Comparing the spatial distribution of the two types of vitality, SV better reflects the
underlying circular symmetry of Beijing’s central urban area, indicating that the traditional
urban structure continues to influence contemporary human activity trends profoundly.
Essential urban functions lay the foundation for SV, as Beijing’s central urban area hosts
crucial national functions such as politics, culture, international exchanges, and technologi-
cal innovation. This leads to a more concentrated clustering of urban functional groups
and, hence, more pronounced spatial aggregation of SV [33]. EV still exhibits significant
disparities from the current economic spatial structure outlined in urban planning. The ten
major urban fringe clusters in the modern urban area, such as Dongba, Fudingzhuang, and
Fatou, designated in the “Master Plan”, do not demonstrate prominent EVs in their vicinity.
Instead, EVs remain reliant on early-developed commercial centers such as Chang’an Street
and CBD. CV derives from three aspects of current urban planning: heritage preservation,
industrial zone transformation, and infrastructure support. These aspects give rise to
three constituent elements—historical and cultural heritage, modern cultural hubs, and
cultural infrastructure—that collectively influence the layout of urban SV and EV. Con-
sequently, CV’s spatial arrangement is closely intertwined with the urban axis and the
blue–green foundation.
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5.2. Impact Mechanism of Built Environment on Urban Multidimensional Vitality

The floor area ratio significantly influences both SV and EV, reflecting the overall
building height and scale of subdistricts. This provides ample space for constructing
concentrated offices and large commercial complexes [60]. In Beijing, due to factors like
cultural heritage preservation, the floor area ratio within the Second Ring Road is relatively
low. Consequently, the capacity to accommodate people and economic activities is much
less compared to areas outside the Second Ring Road, such as the CBD and Financial Street.
The relationship between floor area ratio and EV varies across urban spaces, indicating
differences in human activities between day and night. This confirms previous research by
Xia et al. on land use intensity and urban vitality in Beijing [43]. Furthermore, contrary to
the findings of Lu et al. [31], the correlation between COV and building density in Beijing’s
central urban area is positive. This discrepancy is related to the study’s definition of COV,
which underscores the complementarity between COV, SV, and EV.

Service outlets, indicated by POI density, have a significant impact on Beijing’s EV.
Higher POI density reflects the dense aggregation of commercial service outlets, whereas
more extensive residential and public service facilities result in lower POI density [61]. A
high POI mixing degree indicates greater functional diversity, which is essential for high
vitality. However, excessive richness and randomness can hinder urban vitality, aligning
with previous research findings [62,63]. Regarding blue–green spaces, the greening rate
has a suppressive effect on both SV and EV, showing that these spaces accommodate
fewer people compared to built environments. Larger green spaces typically represent
lower land development intensity, which is not conducive to large-scale commercial ac-
tivities within these areas. However, they can enhance the quality of the surrounding
built environment [64]. The Olympic Forest Park, for instance, has positively impacted the
overall vitality of surrounding subdistricts, highlighting the potential positive role of urban
blue–green spaces in densely populated areas.

In terms of accessibility, high intersection density offers diverse walking options,
promoting business emergence and efficient service provision for cultural facilities [65].
However, the relationship between COV and intersection density in Beijing’s central urban
area does not match, suggesting that measuring COV at more minor street block scales is
challenging, consistent with Liu et al.’s findings on Shanghai’s comprehensive vitality [40].
Metro station density indicates public transportation accessibility, facilitating population
aggregation [66]. However, high land values near metro stations prioritize commercial
development over small-to-medium-sized cultural facilities, negatively impacting CV.

Finally, the suppression of SV by the distance from the administrative center reflects a
decreasing population aggregation pattern in Beijing. Despite a high density of cultural
facilities in historical and cultural districts, the central urban area of Beijing needs to exhibit
a comparative advantage in cultural facility density. Regions such as the area between the
Second and Fourth Ring Roads in the northwest, and subdistricts like Yongdinglu and
Jiuxianqiao outside the Fourth Ring Road, show higher CV despite their distance from
Tiananmen Square. This results in a negative correlation between CV and the distance from
the administrative center.

5.3. Promotion Strategy

In the future, spatial planning should continue to rely on the radiating effect of
high-vitality subdistricts in the east and west to optimize the population distribution
structure in Beijing’s central area. This can be achieved by upgrading the POI mixing
degree and increasing metro station density in areas outside the Third Ring Road, such as
the Western Third Ring Road, Western Fourth Ring Road, and areas beyond the Eastern
Fourth Ring Road to enhance population aggregation. Additionally, EVs in commercial
districts such as Zhongguancun and the “Sanyuanqiao–Wangjing” area can be enhanced
through improvements in POI density, walkability, and environmental quality. Leveraging
the economic influence of financial districts and CBD along Chang’an Street can help
achieve balanced development of economic centers in different directions within Beijing’s
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central area. Furthermore, there should be a focus on enhancing cultural facilities in the
southern area of ZhuShiKou, as well as the northern, eastern, and southwestern areas
between the Second and Fourth Ring Roads to promote the synergistic development of
economy and culture in the eastern CBD area. Based on the distribution characteristics of
various types of vitality, the study also found that the north–south central axis, Chang’an
Street, the Grand Canal (from Kunming Lake to Tonghui River), and the urban express ring
road play important structural roles in facilitating different types of vitality. Therefore, it
is recommended to strengthen the connection and radiating effect of these critical urban
structures in urban planning and layout.

In terms of spatial design, to effectively promote urban vitality in Beijing’s central
area, urban planners should prioritize pedestrian-friendly environments and mixed-use
developments [67]. This includes designing well-connected street networks that enhance
walkability and community interaction, and accommodating users of all ages and abili-
ties through thoughtful sidewalk layouts and traffic-calming measures [68]. Enhancing
neighborhood aesthetics with landscape design and lighting encourages nighttime walking,
while integrating residential, commercial, and recreational activities reduces reliance on
motorized transport [69]. Additionally, improving access to parks and recreational facilities
fosters community vitality [70]. Tailoring specific measures to the unique urban fabric of
each area is essential, from increasing service outlets in BOT areas to refining pedestrian en-
vironments in historic neighborhoods and micro-updating methods like clearing occupied
roads, ensuring the smooth operation of national administrative departments, and protect-
ing cultural heritage sites [71]. For other areas, full consideration should be given to public
suggestions. Through collaborative development, redevelopment approaches, and targeted
renewal measures, the efficiency of both above-ground and underground spaces should be
improved. This can be achieved by maximizing the utilization of ground-floor spaces of
buildings along streets to increase the number and diversity of commercial facilities, while
also focusing on enhancing the pedestrian environment and connectivity of urban streets
at all levels. Attention should be paid to the balance between green space and construction
intensity. Efforts should be directed towards improving the ecological environment through
vertical greening, three-dimensional greening, and green micro-updating methods, among
others, to ensure a balanced development of the built environment.

5.4. Limitations

This study has several limitations that should be acknowledged. In terms of data
acquisition, our study utilized heat maps from a regular weekday and a weekend day
within a week to depict social vitality. In future research, it will be essential to collect data
over more days and different seasons to avoid the limitations posed by seasonal differences
and an insufficient number of days. Additionally, enriching the types of data used in the
study is crucial. We will integrate survey and interview data, as well as mobile signaling
data, to explore the comprehensive distribution of urban social vitality. Furthermore, our
method of portraying economic vitality is constrained by the scale of our study units and
the inherent inaccuracies of using nighttime light data as an economic proxy. Moving
forward, research endeavors could enhance this method by amalgamating data on the
density of operational restaurants, the count of commercial establishments, and other
pertinent metrics to offer a more holistic depiction of regional economic vitality [72,73]. In
terms of scale, although focusing on subdistricts facilitates direct alignment with grassroots
administrative units, it may need to clearly identify localized high-vitality areas, especially
for larger subdistricts. Subsequent research could benefit from juxtaposing subdistricts
with smaller-scale grid data to address this issue. Regarding dimensionality, the study
should have considered the issue of the mixture of old and new buildings mentioned by
Jacobs, thus overlooking the impact of environmental history on vitality. Additionally, in
terms of accuracy, Beijing’s rich urban history results in significant textural differences
across different regions, suggesting the possibility of conducting classification discussions
in future research.
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6. Conclusions

This study offered urban planners and policymakers an efficient framework for evalu-
ating urban vitality, particularly in the culturally rich central districts of Beijing, through
its innovative use of multi-source data. By analyzing 133 subdistricts, the research inte-
grated socioeconomic and cultural metrics, and employed bivariate spatial autocorrelation
analysis to examine the distribution patterns of social, economic, and cultural vigor. The
findings confirmed a previously hypothesized weak correlation between urban vitality
and development intensity. Significant spatial clustering of various types of urban vitality
was observed, with the most pronounced clustering found in overall vitality, followed by
social, cultural, and economic vitality. This underscored the existence of distinct popu-
lation, economic, and cultural centers within Beijing’s urban space. High social vitality
was mainly correlated with the central city areas outlined in the master plan, forming a
notable “n”-shaped distribution around the Second Ring Road. Economic vitality centered
around the CBD and commercial hubs along Chang’an Avenue, while cultural vitality
exhibited a northwest–southeast distribution. Interestingly, the overall vitality displayed a
concentric distribution that decreased from the urban center to the peripheries, influenced
by political, cultural, and historical elements in the center, and by urban greening efforts in
the outer areas. Furthermore, the study highlighted the built environment’s substantial
influence on urban vitality. Factors such as floor area ratio, POI density, diversity, and
intersection density were crucial in fostering an environment conducive to urban vitality.
Additional influences included population density, metro station proximity, and specific
locational attributes, with green space ratios moderating high vitality zones. Overall, the
study indicated a balanced spatial development of urban vitality across Beijing, providing
valuable insights for future urban development initiatives.
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Abstract: The quality of landscape space directly influences public health behaviors, making pub-
lic assessments of the qualities of the sky garden landscape crucial for optimizing it. This article
focuses on three types of typical high-rise building sky garden (plaza-park, rest-stay, and move-
pass type) and establishes an evaluation framework for their health promotion characteristics
(24 indicators in 7 dimensions) based on existing restorative environment research. Then, ques-
tionnaires (354 valid responses) and quantitative calculations were employed to assess the public’s
perception of demand in health behaviors and the spatial supply of different sky garden types.
Ultimately, the data were processed to propose targeted interventions and recommendations to
enhance health benefits using the comprehensive importance-performance analysis method. The
results show the following: (1) The public seems to have widely accepted sky gardens in the context
of high-density urban environments (near 6.92, below the mean of 7.09). They place greater emphasis
on spatial indicators that cater to relaxation activities and show heightened sensitivity toward public
facilities (7.32–8.00) that contribute to physical and mental health-related activities. (2) The health
promotion performance of different types of sky garden shows significant variation, with the rest-stay
sky gardens at the embodied scale demonstrating the greatest competitive advantage. (3) The devel-
opment of sky gardens has significant potential, and different types of sky garden need to specifically
lever-age their characteristics as complementary public spaces.

Keywords: sky gardens; health promotion; importance-performance analysis; high-density environment;
sustainable healthy living environment

1. Introduction

1.1. Background of the Study

Urbanization is an evolutionary process in which human beings seek survival and
development and expand the use of space. The high density of the urban environment is the
result of population explosion and realistic choice under urbanization [1]. A large number
of studies have confirmed that natural landscapes and open spaces have health promotion
effects such as relieving stress, improving mood, and enhancing cognitive abilities [2,3].
However, high-density urban spaces greatly limit the exposure of urban residents to ground-
level green environments [4–6]. Therefore, exploring the complex relationship between the
spatial environment and the public’s physical and psychological health in a high-density
urban environment is one of the important issues facing current research and practice in
high-rise buildings. Sky gardens, as important natural environments in high-rise buildings,
have become potential resources for nature-based solutions in urban environments [7], and
it is important to explore their health promotion.

Sky gardens are the contemporary interpretation of Le Corbusier’s concept of “streets
in the sky” [8] and are one of the most important components of urban green infrastruc-
tures [9]. Existing studies confirm the sustainability value of sky gardens and the role of
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complementing ground-level green spaces [10–12] by integrating the public realm, natural
landscapes, and community facilities in high-rise buildings [13]. Compared to parks, green
spaces, and other public spaces, sky gardens are mostly privately owned public spaces [6],
and it is relatively difficult to measure and evaluate the difference between the supply
and demand of their spatial health quality. However, there is some consistency in health-
promoting environmental factors, and restorative environment research provides a feasible
angle for studying the relationship between sky gardens and human well-being [14].

Schröpfer Thomas et al. systematically investigated the integration of green spaces
in buildings among contemporary architecture and urban design practice through a se-
ries of international in-depth case studies, producing new typologies for high-density
environments that include public spaces, sky terraces, sky bridges, vertical parks, roof
gardens, and other ‘green’ components [15]. Notwithstanding, it is evident that most
studies concerning people’s satisfaction with health promotion in sky gardens are usually
conducted in more advanced countries, especially Singapore [8,16,17]. Again, such studies
have extensively reported the environmental, social, urban, architectural, and economic
benefits of large-scale, urban-iconic sky gardens, such as rooftop gardens and podium
gardens [4,5,8,10,17–21]. To a certain extent, the small-scale and other functions of sky
gardens scattered in high-rise buildings, such as sky courtyards, sky terraces, and sky-
bridges, have been neglected. Therefore, for policymakers and planners, it is necessary
to accurately understand the public demand for different types of sky garden in order
to propose targeted health-promoting planning and design strategies to better meet the
public’s cognition and demand preferences for sky gardens, especially for sky gardens that
are widely scattered within high-rise buildings and at small-to-medium scales.

Importance-performance analysis (IPA) is a measure that has been gradually intro-
duced into the management of natural and built environments to understand the difference
between public expectations and their experience [22]. The method is based on the collected
survey data and the calculation and comparison of performance and importance scores of
different variables to discover the potential strengths and weaknesses of the services and
to prioritize their development [23]. Studying public perceptions of health promotion in
sky gardens can help policymakers and planners to properly understand the relationship
between people and the environment, rather than separately studying human activities or
environmental factors [24]. In turn, a better understanding and experience of sky gardens
can encourage people to support and participate in various public affairs related to sky
gardens [8,17].

1.2. Literature Review
1.2.1. Trends and Transformations

Design with nature is a classic topic in the field of urban design [25]. Since the 1960s,
massive urban renewal movements have attracted much attention and reflection, and
urbanists, landscape architects, and others have begun to explore the construction of urban
habitats centered on human experience and perception [26–31]. The concept of “natural
environmental health promotion” can be traced back to Ian McHarg’s The Place of Nature in
The City of Man [26], which suggests the need to critically examine the place of nature in
the city, and fully utilize it to provide well-being benefits for city dwellers and improve
the qualities of the urban environment. It echoes previous thinkers concerned with urban
issues, such as Ebenezer Howard’s garden cities of tomorrow [29], Frederick Law Olmsted’s
city park movement [30], and Patrick Geddes’s comprehensive vision of nature in urban
planning [31].

European countries began to explore the development path of green urbanism in
the 1990s, influenced by urban issues and diseases caused by urbanization and industri-
alization, and by the ideas and methods of ecologism that design with nature. Vertical
green spaces, such as rooftop greening, living gardens, sky terraces, green walls, and urban
farms [32] have become important extensions of urban green infrastructures, and their
proportion in cities has been gradually increasing by space flexibility and healthiness,
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the closeness with people’s daily lives, and the iconicity in spatial form [33]. Recently,
researchers and scholars have found that vertical green spaces have great potential for
physical and psychological health promotion [14]. They have also called for associating
wellness environments with people’s daily lives in order to promote more social interaction
and enhance the belonging of space [8,17], thus reaching harmonious coexistence between
high-density and green environments [15]. Green urbanism is one of the ideal models
to alleviate urban problems, promote public health, improve urban ecology, and achieve
sustainable urban development [34]. Green urbanism in highly dense urban environments
has more important reality and practicability.

Compact cities and high-intensity development and construction have intensified, and
the densification of the urban environment has accelerated the shift of public space from
the ground to the sky. Sky gardens, as part of the urban green infrastructure in densified
cities [5,35], are gradually forming a paradigm of compact open green spaces with a mix
of density and natural and social spaces [15]. Sky gardens have become transitional and
social spaces in high-rise buildings with the characteristics of spatial flexibility, functional
diversity, and composite value [36]. This not only vertically divides the different vertical
areas of high-rise buildings [37] but also meets the increasing demand for public space
and the health promotion of users [8]. In high-density urban environments, sky gardens
have gradually attracted attention and are widely established [7,38]. It has become the
key element in building livable and resilient urban environments through reducing harm
(e.g., air pollution, noise), restoring capacities (e.g., attention restoration, physiological
stress relief), and building capacities (e.g., physical activity, social cohesion) [39]. Sky
gardens have grown exponentially with the incentives of sustainable development and
privately open public spaces (POPS), and with the strong promotion of architects they
have shown various potential in compact urban environments [40]. Also, the lack of urban
green space due to different drivers, such as urban intensification, has accelerated the
process of implementing sky gardens and other vertical green spaces [41]. Indeed, the
greening of buildings through vertical green spaces might well develop into one of the
major architectural movements of the twenty-first century, and, in times to come, become a
norm rather than a trend [32].

1.2.2. Spatial Features for Health Promotion

Health promotion research in built environments has been receiving academic atten-
tion for a long time, and spatial features have been extensively studied from multiple
perspectives, including physiological, psychological, emotional, and cognitive ones. To
understand the key elements of sky gardens for health promotion, this study takes ref-
erence from the dominant theories of restorative environment research—the attention
restoration theory (ART) and the stress reduction theory (SRT) of restorative environment
research [42,43]. The specific restorative factors are key to the fulfillment of restorative
effects [44]. The restorative properties in different dimensions are fulfilled by stimulating
positive emotions, reducing stress and distraction, and providing social support [33,39]. In
addition, preference is strongly associated with judgments of restoration likelihood [45].
Therefore, the literature on preferences for built environments can guide the identification
of physical attributes that affect restorative experience.

Humans have innate or evolved preferences for nature [46], which is one of the
basic psychological demands of human beings [47]. The positive restorative effects of
green vegetation on emotions, cognition, and mental health were already confirmed in
the 1970s [48–50]. Natural elements relieve human physiological stress through visual–
emotional responses [51], and viewing greenery alone also has positive effects on mood
and performance [52], helping to alleviate visual fatigue in workspaces. Water features are
also seen as a positive restorative component, and people prefer to be in water-rich areas to
relieve stress [53], which positively affects their emotional status [54]. In addition to natural
and water elements, other recreational infrastructures are also important for the public in
relation to psychological restoration: sport facilities and pathways, playgrounds, sitting
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features, lighting, drinking fountains and swimming areas, and silence and tranquility
areas [55,56]. Furthermore, spatial forms have an important influence on spatial preferences,
such as void-to-solid ratio (VSR), the scale of green space. There is an inverted U-shaped
relationship between preference and the spatial VSR [57]; large-scale green spaces have
visually broad views [58] and city residents are also willing to pay for housing with
more green space [59]. Therefore, natural elements, water features and landscapes, public
facilities, and form features are important dimensions to explore the health-promoting
effects of the internal environment in sky gardens.

Some scholars have further explored the external supportive effects that influence
the health-promoting experience of spatial environments. Studies have found that sky
gardens are widely distributed in urban centers [16]. Central urban areas have high
inclusiveness, overtime openness, and physical and visual accessibility [60], which provide
activity support for the health-promoting experiences of accessing sky gardens. High-
quality urban environments are more likely to attract the public to visit the adjacent public
space, with increased accessibility, activity numbers, duration, and range of use [61], thus
further enhancing the health promotion potential of sky gardens. Skyscape is one of the
external environmental features perceived by the public in the internal environment of sky
gardens [16], and distant skyscapes positively influence emotional states [62]. Skyscape-
evoked restorative ratings are like those for ground-level spaces with street trees, but the
most restorative and popular are those with the most sky [63]. High-rise buildings are
an important carrier for the development of sky gardens in high-density cities [4,5,40],
and there are potential impacts on the performance of sky gardens’ health benefits. In
contrast, people expect more open space in high-rise buildings with high floor area ratio
(FAR) to satisfy their needs for rest and recreation [6]. Building height, outlines [64],
spatial configuration, and layout [65] can also affect the fulfillment of health promotion,
especially for stressed individuals. Therefore, the skyscape is an extension of the internal
environment, the high-rise building is the carrier of sky gardens, and the surrounding
urban environment encourages participation in activities that support accessing the health-
promoting experience in sky gardens; these are important dimensions for exploring the
analysis of the external environment of sky gardens for public health promotion.

1.3. Aim and Research Questions

The quality of landscape space directly influences public health behaviors, and sky
garden spatial characteristics fulfill certain aspects of the public’s health needs in high-
density cities. Health perception assessments from the public, who experience the sky
garden landscape, are crucial for optimizing the qualities of sky gardens. Numerous studies
have extensively investigated the possibilities of health promotion in natural environments
and urban public spaces [48–50]. However, most of the studies on sky gardens focus on
only one or two dimensions [8,17,18,66] and lack a comprehensive framework to integrate
people’s multidimensional perceptions to assess the difference between the supply of and
the demand for the health promotion qualities of sky gardens.

The objective of this study is to investigate the demand and supply of the health
promotion qualities of sky gardens in high-rise buildings. It is hypothesized that health
promotion demand and supply are influenced by the type of sky garden. This study seeks
to answer the following research questions:

(1) What are the perceived needs for health promotion in sky gardens by the public?
(2) What are the differences in the health promotion supply status across different types

of sky garden?
(3) What are the focuses of interventions for health promotion in different types of

sky garden?

2. Methodology

We developed a comprehensive quantitative framework for assessing the difference
between supply and demand for health promotion qualities in sky gardens (Figure 1). For
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this reason, we measure the quality of sky gardens in seven dimensions: the surrounding
environment, high-rise, skyscape, geometric form, greenscape, waterscape, and public
facility. The analysis content mainly includes the following four parts: (1) Identifying the
types of sky garden and typical cases based on previous studies (3 types, 12 sky gardens);
(2) Clarifying the environmental characteristics affecting health promotion in sky gardens
and the calculation method (7 dimensions, 24 indicators); (3) Collecting data on the de-
mand (importance) and supply (performance) characteristics of health promotion in sky
gardens through questionnaire surveys (354 valid responses) and quantitative analysis
(288 spatial data); (4) Importance-expression analysis to compare the differences in the
demand and supply of various types of sky garden, and targeted development recommen-
dations for the optimization of the indicators.

 

Figure 1. Analytical framework.

2.1. Study Location

This study selected a total of 157 typical sky garden spaces in 46 high-rise buildings
within Shenzhen, Hong Kong, and Singapore, which are widely known or have received
professional awards (Figure 2). Most of these are concentrated in the urban center with
compact space and limited land [16]. Sky gardens can be classified into three types, and the
differences between the types were verified [67]: plaza-park type with podium gardens and
rooftop gardens, rest-stay type with sky courts and sky terraces, and move-pass type with
sky bridges. Plaza-park sky gardens have a large spatial scale, are regular in shape, and
have high landscape richness; rest-stay sky gardens are distributed higher in high-rises,
have moderate scales, and have high landscape richness; and move-pass sky gardens
are linear in shape and are related to transport functions. Then, based on two indicators,
namely the “open space ratio” (sky garden area/total floor area) and the “void-to-solid
ratio” (sky garden façade area/floor façade area), 12 cases were selected from widely
known or professionally awarded sky gardens (Table 1, Figure 3).
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(a) 

 
(b) 

Figure 2. Distribution of 157 typical sky gardens in 46 high-rise buildings in Shenzhen, Hong Kong,
and Singapore: (a) Shenzhen and Hong Kong; (b) Singapore.
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Table 1. General information on the three types of 12 sky gardens.

Type Building Name Garden Type OSR VSR FAR Scale/m2

Plaza-park

01—SkyVille @ Dawson Podium garden 1.00 1.00 3.9 3659.9

02—The Pinnacle@Duxton Roof garden 0.63 0.87 8.4 2923.0

03—Hilton Shenzhen Shekou Nanhai Podium garden 0.31 0.45 2.4 2252.6

04—Capitaspring Sky court 0.79 0.28 12.8 1862.3

Rest-stay

05—Singapore Business Federation Center Sky court 0.68 0.68 11.9 198.7

06—Oasia Hotel Downtown Sky court 0.38 0.51 8.4 1071.4

07—Baidu Headquarters East Tower Sky court 0.10 0.43 10.8 222.9

08—Shuiwan1979 Sky terrace 0.01 0.13 11.0 24.7

09—DUO Tower Sky court 0.40 0.27 6.0 1208.7

10—Newton Suites Sky terrace 0.06 0.19 2.8 34.6

Move-pass
11—PARKROYAL COLLECTION Pickering Sky court 0.15 0.47 4.3 993.1

12—SkyTerrace @ Dawson Sky bridge 0.26 0.32 4.7 328.2

Figure 3. The three types of 12 sky garden scenarios.

2.2. Research Methods
2.2.1. Measuring Sky Garden Space Quality via Seven Dimensions

To determine the dominant spatial characteristics of health promotion to be included
in the main study, an explorative pilot study was carried out in two stages.

First, spatial composition was conducted using computer vision API and manual
identification of sky garden images from the internet. According to principal component
analysis, the main spatial elements of sky gardens consist of seven principal components:
urban landscape, skyscape, high-rise, public facility, natural landscape, waterscapes, and
cultural activity [16].
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Secondly, a meta-analysis of the literature was conducted, combining typical spatial
elements that promote health from previous restorative environment studies. “Restorative”,
“healing”, “health promoting”, “therapeutic”, “healthy”, “salutogenic”, “supportive envi-
ronment”, “environment”, “landscape”, and “garden” were used as keywords to search
in the Web of Science and CNKI databases. Fifty-three articles, including environmental
elements and indicators of health promotion, were selected. The environmental studies
on health promotion focused on 19 elements, including greenery/vegetation, architec-
ture, natural environment, waterscapes, streets/roads, public facilities, colors, rocks and
mountains, environmental attributes/phenomena, people, urban/man-made natural land-
scapes, urban landscapes, vehicles, scale/forms, animals, sky, sounds, indoor spaces, and
agricultural landscapes.

Since recreational activities mostly rely on public facilities, considering the spatial
scale and form of sky gardens as the focus of this study, and following the comprehen-
sive exploration of the two stages mentioned above, a total of seven dimensions and
24 indicators were selected. We introduced a comprehensive framework to assess the
health-promoting quality of sky gardens through multidimensional perception (Figure 4),
and specific indicators are detailed in the following text.

 

Figure 4. Twenty-four spatial indicators in the seven dimensions of health promotion in sky gardens.

• Surrounding environment

As described in Section 1.2.2, we selected the locationality, functional diversity, net-
work density, and transportation accessibility based on previous studies to characterize the
supportive effect provided by the surrounding environment for the public to access sky
gardens to serve their health values. Of these, locationality and functional diversity can
influence the attractiveness and uniqueness of sky gardens, making more people likely to
visit them; network density and transportation accessibility directly affect the convenience
of sky gardens, attracting public access and thus supporting healthy activities. This part of
the research data mainly includes street network data and POI data. Previous studies have
confirmed the alternative public space value of sky gardens [16], but their service radius is
slightly shorter than that of the public space in the city. Thus, regarding the service radius
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of public space in residential neighborhoods (≤400–500 m), the calculation radius is set to
500 m, and POIs and street network data are selected from this region.

Locationality: the linear distance of the sky garden from the city center.
Functional Diversity: the degree of mixing the POIs types within the area where the

sky garden is located.

Functional Diversity = −∑n
i (Pi × lnPi) (1)

In this equation, Pi represents the proportion of urban facilities belonging to the i-th
type of functional categories, and the PoIs are categorized into eight: leisure, living, sport-
ing, shopping and commerce, scenery, culture and education, traffic, and public facilities.

Network density: the development level of road infrastructure in the surrounding
environment of sky gardens.

Network density =
L

Area
(2)

In this equation, L is the total length of the road within a 500 m radius of the building
where the sky garden is located (km) and Area is the total area within 500 m radius of the
building where the sky garden is located (km2).

Transportation accessibility: The linear distance between the high-rise building where
the sky garden is located and the nearest metro/bus station. It is one of the important
influencing factors to attract people visiting the sky garden.

• High-rise building

High-rise buildings are the important spatial composition of sky gardens [16], pro-
viding important opportunities for sky garden development [4]. To describe the density
metrics of high-rise buildings where sky gardens are located, the spacemate diagram pro-
posed by Meta Berghauser Pont and Per Haupt was used [68,69], which decomposed the
density metrics into the floor space index (FSI), ground space index (GSI), open space ratio
(OSR), and layers (L). The formula is as follows:

FSI =
Gross Floor Area

Plan Area
, (3)

GSI =
Built Area
Plan Area

, (4)

OSR =
Plan Area − Built Area

Gross Floor Area
, (5)

L =
Gross Floor Area

Built Area
. (6)

• Skyscape

The sky scope and shape seen by people differ due to the changes of vertical position
in sky gardens. Therefore, sky openness and wave range indicators are selected in this
paper to quantify the sky view in the sky garden.

Sky openness is the proportion of the sky that can be seen in a sky garden. Using
the “histogram” function of Photoshop software, the ratio was calculated of the sky area
pixels to the total pixels in the image. In this paper, 90 images of typical sky gardens
chosen to represent the whole environment of the sky gardens are selected from subsequent
field studies. The sky openness is calculated by the 90 images’ mean values for the sky
gardens, respectively.

Sky openness = ∑90
i

PCi(Sky)
PCi(Picture)

/90 (7)

The sky wave range is the degree of fluctuation of the skyline [70]. The highest and
lowest points of the skyline are the sky wave range. ΔL is calculated as the distance between
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the lowest points based on the skylines, and then ΔH, the height difference between the
lowest point and the highest point, is calculated. ΔL/ΔH indicates the sky wave range.
The larger ΔL value indicates that the sky is more visible and the visual depth is farther;
the larger ΔH value indicates that the sky contour lines are more diverse and pleasing to
the viewers. The formula is as follows [71]:

Wave range =
(ΔL1 + ΔL2)
(ΔH1 + ΔH2)

, (8)

where ΔL1 is the horizontal distance from the lowest point of the skyline to the highest
point on the left, ΔL2 is the horizontal distance from the lowest point of the skyline to the
highest point on the right, ΔH1 is the vertical distance from the lowest point of the skyline
to the highest point on the left, and ΔH2 is the vertical distance from the lowest point of
the skyline to the highest point on the right.

• Geometric form

The sky garden space supports relaxation, viewing, socializing, and other healthy
behaviors within the high-rise building. Typically, the greater the spatial range of activity,
the greater the health-promoting behaviors [69]; the more visible the façade void, the easier
it is to be perceived [72]. In addition, different from ground-level green spaces, the vertical
position of sky gardens in high-rise buildings directly affects the viewpoint from which
people perceive the surroundings. Therefore, sky garden area (SGA), sky garden area ratio
(SGSR), void-to-solid ratio (VRS), location height (LH), and height of space to height of
building (HSB) were selected as important indicators to measure the internal geometry
form of the sky garden.

SGSR =
Space Area
Floor Area

(9)

VSR =
Void
Solid

(10)

HSB =
Height

Height of Building
(11)

• Greenscape

We selected greenery visibility, vegetation richness, and vegetation vertical index to
characterize the quality of the greenscape of the sky gardens in terms of overall greenness,
vegetation species, and vertical distribution, respectively. Greenery visibility is the pro-
portion of green vegetation in people’s view. It is calculated using the same method as
sky openness.

Vegetation richness is the degree of abundance and mixture. Vegetation communities
are generally grouped into three categories: woodland, shrub, and herbaceous, while
vegetation richness is influenced by both the plant structure and the natural attributes [73].
Therefore, nine types of vegetation communities are defined in this paper based on three
levels of vegetation structural and vegetation naturalness, low, medium, and high, with
corresponding scores (Table 2). Vegetation richness measurements were conducted through
the virtual built-environment audit. Five auditors majoring in architecture were selected
and trained in rating to reduce statistical inaccuracy. Due to the large scale of the sky
gardens (>800 m2), typical spatial joints were classified according to the morphology, and
the vegetation richness of multiple joints in each sky garden was scored and averaged.

The vegetation vertical index is the difference in the vertical spatial distribution of
vegetation. Vegetation outlines were drawn according to the vegetation communities,
the ratio of the highest to the height of the screen was calculated as the vertical index of
each community, and then the mean value of the vertical index of vegetation at each node
was calculated.
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Table 2. The vegetation richness: the criteria (planting structure and species character) used to define
nine types and scores.

Structural Similarity to Natural Vegetation
Least Natural Moderately Natural Most Natural

Sp
ec

ie
s

ch
ar

ac
te

r
si

m
ila

ri
ty

to
na

tu
ra

lv
eg

et
at

io
n

Least
natural

   
Simple, singer layer, isolated

trees or shrubs.
Two vegetation layers, least

naturalness.
Three vegetation layers, least

naturalness.

1 score 2 score 3 score

moderately natural

   
Simple, largely singer layer,
intermediate naturalness.

Two vegetation layers,
intermediate naturalness.

Three vegetation layers,
intermediate naturalness.

2 score 4 score 6 score

most
natural

   
Simple, largely singer layer,

most naturalness.
Two vegetation layers, most

naturalness.
Three vegetation layers, most

naturalness.

3 score 6 score 9 score

• Waterscape

The waterscape is one of the important landscape elements to promote environmental
health. Water area, water space ratio (water area/sky garden area), and shape index were
selected as quantitative indicators of waterscape. The shape index of the water area mainly
depends on the water area and the number of shape characterizing points (NSCP). The
NSCP is an index characterizing two-dimensional geometric shapes by the minimum
number of points necessary to describe their boundary. The NSCP is calculated by counting
the number of a polygon’s vertices. To buffer for inaccuracy of the digitizing process
and to eliminate minor shape irregularities, the threshold value for valid vertex angles
was set to 160◦. To describe the landscape as a whole for individual study sites, the area-
weighted mean was calculated as a measure of the landscape shape index. The formula is
as follows [74]:

Shape index = NSCP ∗ Water Area (12)

• Public facility

Facility diversity, facility cleanliness, and facility maintenance directly affect the likeli-
hood of people visiting the space and the stay time. Firstly, the diversity, cleanliness, and
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maintenance of the 23 facilities in the six dimensions (see Appendix A for details) within
the sky gardens were summarized. The five auditors scored various elements of the facility,
and values were averaged in the virtual built-environment audit [75,76]. The specific steps
are as follows: (1) Facility diversity: the auditor scores the facility evaluation elements in
the sky garden image on dichotomous scales, which means that the presence of feature is
scored as 1 and the absence is scored as 0; (2) the auditor evaluates the facility elements
present in the sky garden on a scale of 1 to 5 in terms of cleanliness and maintenance
according to the detailed auditing criteria; (3) the average of facility diversity, cleanliness,
and maintenance for each sky garden is calculated.

2.2.2. Importance-Performance Analysis

• Approaches to synthesize IPA Matrix

This study employs the importance-performance analysis (IPA) method to understand
the differences between the public’s expectations and the actual performance of environ-
mental characteristics in sky gardens for health promotion. The spatial characteristics of sky
gardens for health promotion are measured by 24 indicators across the seven dimensions
outlined earlier. The standard IPA diagram integrates the importance and expressiveness
measures into two-dimensional, four-quadrant diagrams, with performance as the horizon-
tal axis and importance as the vertical axis [23]. The first quadrant is “keep up the good
work”, the second quadrant is “concentrate here”, the third quadrant is “low priority”, and
the fourth quadrant is “possible overkill”. The thresholds in the IPA diagram directly influ-
ence the quadrant distribution [22,77] and may lead to inconsistent results [78]. Therefore,
we used the mean value, diagonal, and coordinates-origin approaches to synthesize and
discuss the spatial indicator importance and performance of the sky garden (Figure 5).

Figure 5. Graphical comparison of mean value, diagonal, and coordinates−origin approaches in
identifying the IPA matrix.
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• Subjects

Individual differences influence spatial preferences, while experts and relevant profes-
sionals demonstrate good consistency and discrimination in corresponding research [79].
The expert evaluation, which relies entirely on professionals, has been questioned because
of some differences with the evaluation of the public. Therefore, this study combines
evaluations from both experts and the public. Given that the selected cases needed to
consider the typicality of various types of sky garden, which are widely distributed across
cities and even countries, conducting on-site surveys was challenging. Therefore, we opted
for online surveys to obtain more comprehensive data. In total, there were 375 individuals,
including 170 males and 206 females (Table 3).

Table 3. The evaluation subjects.

Group Description Planned Participant Actual Participant

Expert Group
Architectural design-related fields, PhD, university
teachers, and professionals engaged in high-density
environment, sky garden space design related work

20 27

Relevant Professional Group Designers in architectural design 130 163

Public Group The public and non-professionals in the field of
architectural design 150 186

Sum 300 376

• Data collection

Before the data collection commenced, a field survey was conducted to discover the
activity patterns of the sky garden users. The data collection for this study includes two parts:
perception data from the public regarding the importance of health promotion in sky gardens
and spatial performance data related to the health promotion of sky gardens. (1) Importance
data of health promotion in sky gardens. In the questionnaire design phase, a pre-survey was
conducted to test the applicability of the questionnaire. Based on the results, adjustments
were made to the questionnaire text to align with respondents’ reading habits and to facilitate
understanding. The formal questionnaire was divided into two parts. The first part asked
the subjects about their demographic characteristics and activities. The second part uses a
10-point Likert scale to ask subjects about the importance of health promotion in various
dimensions of sky gardens. (2) Performance data of health promotion in sky gardens. Based
on the selected sky gardens, spatial performance data representing health promotion in sky
gardens were collated by calculating 24 indicators in seven dimensions in Section 2.2.

2.2.3. Questionnaire Analysis

In this research, 376 questionnaires were recalled, and 354 valid questionnaires were
finally obtained by deleting incomplete and overtime-filled questionnaires. Then the
reliability and validity of the questionnaire data were tested. The results (Table 4) indicate
that Cronbach’s alpha value is 0.96, indicating that the questionnaire’s reliability was at
a high level. The Kaiser–Meyer–Olkin (KMO) value is 0.93, which is located between the
high scoring range (>0.9), and significance is 0.000, which is less than 0.05. In conclusion,
the data reliability and internal consistency results of this questionnaire demonstrate high
reliability and meet the requirements of the validity test indicators, providing support for
the reliability of subsequent analyses.

Table 4. Results of questionnaire reliability and validity analysis.

Cases

Valid 354 Cronbach’s alpha 0.96

Excluded 0
Bartlett’s test
of sphericity

Approx Chi-Square 748.67

Total 354 df 276

KMO of sampling adequacy 0.93 Sig. 0.000
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3. Results

3.1. Subjects’ Demographic Profile

From the basic information of the subjects in the first part of the valid questionnaire,
45.1% were male and 54.9% were female, which is an equal gender distribution. The age
distribution ranges from 0 to over 60 years old, with 18–30 year-olds accounting for approx-
imately 80% of the total population. Educational background is dominated by bachelor’s
(38.93%) and master’s (39.73%) degrees, totaling more than 2/3 of the whole. In terms of
the types of sky garden visited, the survey adopted a multiple-choice approach. The results
show that 21.60% had not visited any sky gardens, while those who have visited two types
(21.33%) and three types (22.40%) of sky gardens account for approximately half (43.73%).
Among these, rooftop gardens (47.20%), podium gardens (43.20%), and sky terraces (39.47%)
are the most frequently visited sky garden types. The analysis above shows that the sampled
survey has good representativeness and comprehensiveness (Table 5, Figure 6).

Table 5. Subjects’ basic information variable description and statistics.

Variable Variable Description Mean S.D. Variance

Gender Male = 1, Female = 2. 1.55 0.498 0.248

Age 18–25 years = 1, 26–30 years = 2, 31–40 years = 3,
41–50 years = 4, 51–60 = 5, over 60 years = 6. 2.90 0.976 0.953

Education PhD = 1, master = 2, bachelor = 3, college = 3,
high school = 4, junior high school and below = 5. 2.42 0.880 0.774

  

(a) (b) (c) 

 
 

(d) (e) 

Figure 6. Subjects’ demographic profile. (a) Gender statistics; (b) Age statistics; (c) Education statistics;
(d) Statistics on the types of sky garden visited; (e) Statistics on the number of types of sky garden visited.

3.2. Importance Analysis of Public Perceptions on Health Promotion in Sky Gardens

The evaluation results of the importance of each spatial indicator of the sky garden
were statistics, and the bar graph of the indicator importance was drawn (Figure 7). The
results indicate that the public evaluated the importance of sky gardens the highest in terms
of the indicators for facility cleanliness and maintenance, green visibility and vegetation
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richness in the greenscape dimension, and sky openness in the skyscape dimension. The
traffic accessibility in the dimension of the surrounding environment, open space ratio in
the dimension of high-rise buildings, sky garden area, sky garden area ratio and location
height in the dimension of geometric form, and vegetation vertical index in the dimension
of greenscape were evaluated highly.

Figure 7. Importance values of 24 indicators of sky gardens.

Considering the above results, transportation accessibility, public facilities, green-
scape, and skyscape are the most crucial dimensions affecting the public’s engagement
in health behaviors. Convenient transportation plays a crucial role in encouraging the
public to visit nearby sky gardens, providing essential support for enhancing the health
promotion experience associated with accessing these spaces. Public facilities serve as
the crucial material foundation for highlighting health promotion attributes, solidifying
the recreational environment status, and enhancing the vitality of shared spaces in sky
gardens. The expansive skyscape with its distant, peaceful attributes, can alleviate people’s
physical and mental stress and help them to quickly recover to better states. Waterscape
has not been listed in the public requirements for sky gardens, while spatial scale and
greenery are in high demand for sky gardens. It is widely accepted that sky gardens are
within the urban habitat context of high-density cities; density indicators associated with
high-rise buildings have a relatively low impact on health promotion, such as FSI, GSI,
L, and location height, which refers to the height of the space relative to the height of the
building. Overall, the public places greater emphasis on spatial indicators that cater to
activities such as relaxation, being close to nature, and enjoying panoramic views in sky
gardens. Furthermore, there is greater sensitivity towards public facilities that contribute
to activities related to physical and mental health.

3.3. Performance Analysis of Public Perceptions on Health Promotion in Sky Gardens

According to the comprehensive quantitative framework of health benefits for sky
gardens, the data of spatial indicators were calculated and normalized over the same
range (0, 1). Subsequently, radar diagrams were drawn to compare and analyze the
similarities and differences in the performance of three types of sky garden. It is noted that
the differences in performance between internal and external spatial indicators are more
significant within each type of sky garden (Figure 8). The three types of sky garden show
relatively consistent performance in external environmental indicators such as locationality,
transportation accessibility, sky wave range, floor space index, and open space ratio. This
indicates a certain convergence in the external environmental characteristics of sky gardens,
suggesting the distribution in densely populated, compact urban environments. As for the
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internal environmental indicators, plaza-park sky gardens have excellent performance in
scale size, green visibility, vegetation richness, and vegetation vertical index. Rest-stay sky
gardens perform well in vegetation richness, water space ratio, and facility cleanliness and
maintenance. Move-pass type sky gardens have outstanding performance in sky garden
area ratio and void-to-solid ratio indicators.

Figure 8. Performance radar diagrams of three sky garden spatial indicators.

Based on the performance of spatial indicators that ranked in the top 25%, it is evident
that various types of sky garden display distinct characteristic tendencies (Figure 9). Plaza-
park sky gardens with high-performance indicators are mainly focused on geometric
form, greenscape, and public facility dimensions, which can satisfy people’s diversified
behavioral needs in sky gardens. Rest-stay sky gardens are concentrated in public facilities,
waterscape scenery, and greenscape dimensions. Due to their limited spatial area and
surrounding dense environment, differentiation in internal natural landscapes and public
facilities is the focus of their spatial creation. Move-pass sky gardens focus on geometric
form, surrounding environment, and public facility dimensions. Despite their relatively
small size, these sky gardens have high spatial openness and visibility that play a positive
role in spatial identification and perception. Additionally, neither the sky openness nor the
wave range were included in the top 25% of indicators for all types of sky garden. This
may be related to obstruction of the sky views by surrounding high-rise buildings, internal
vegetation, and facilities, resulting in a relatively poor performance of these indicators.

Figure 9. Top 25% spatial indicators of performance in health promotion in three types of sky garden.
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3.4. Importance-Performance Analysis Matrix on Health Promotion in Sky Gardens

Standardized spatial indicator performance and importance data affecting health
promotion in sky gardens, using the mean value, diagonal, coordinates-origin methods, to
generate IPA matrix and discuss the spatial indicators for each dimension to the status of
different types of sky garden (Figure 10). The specific steps are as follows: first, determine
the approximate distribution of the indicator quadrants through the mean value, diagonal,
and coordinates-origin methods, respectively. Then, the high threshold of the quadrant is
used as a baseline to determine the indicator’s position. For areas with differences between
the quadrant division of the mean value and coordinates-origin, the priorities for their
development are further clarified by considering the standard errors of the indicators and
the actual status of the sky gardens. Taking facility cleanliness of plaza-park sky gardens
as an example, the point is on the second and third quadrants in the coordinates-origin
method and mean value method analyses, and above the 45◦ line in the diagonal method,
indicating the indicator belongs to “concentrate here”, “low priority”. Then, consider the
standard error line of the facility cleanliness indicator, which can be in the first and second
quadrants of the coordinates-origin method and mean value method analyses, and above
the 45◦ line in the diagonal method. Based on the facility cleanliness of the plaza-park sky
gardens, the point was finally placed in the second quadrant, which is the “concentrate
here” indicator. Continuing with the analysis, the spatial indicator placement areas for each
type of sky garden are analyzed individually, and the results are as follows (Table 6):

Table 6. Table of corrected attributes of spatial indicators for three types of sky garden.

Plaza-Park Sky Gardens Rest-Stay Sky Gardens Move-Pass Sky Gardens

Q1 Keep up the good work 13, 16, 17, (1), (18) 3, 7, 8, 16, 23, (20) 2, 13, (1), (20)

Q2 Concentrate here 2, 23 1, 13, 17, 18, 21, (2), (9) 16, 17, (18), (23)

Q3 Low priority 14, 15, 19, 21, 24, (3), (8), (20) 5, 10, 11, 12, 22, (4), (19), (24) 6, 9, 10, 14, 15, 24, (3), (7), (11), (22)

Q4 Possible overkill 4, 5, 6, 9, 10, 11, 12, 22, (7) (6), (14), (15) 4, 5, 12, 19, 21, (8)

Note: The numbers have the same meanings as in Figure 10. Indicators in parentheses represent the comprehensive
consideration of standard error lines and the specific spatial status of sky gardens.

 
(a) 

Figure 10. Cont.
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(b) 

 
(c) 

Figure 10. IPA matrix of 24 spatial indicators for three types of sky garden. (a) Plaza-park sky gardens;
(b) Rest-stay sky gardens; (c) Move-pass sky gardens. Notes: 1 = Locationality, 2 = Functional diversity,
3 = Network density, 4 = Transportation accessibility, 5 = Sky openness, 6 = Wave range, 7 = Floor space
index, 8 = Ground space index, 9 = Open space ratio, 10 = Layers, 11 = Sky garden area, 12 = Sky garden
space ratio, 13 = Void-to-solid ratio, 14 = Location height, 15 = Height of space to height of building,
16 = Green visibility, 17 = Vegetation richness, 18 = Vegetation vertical index, 19 = Water area, 20 = Water
space ratio, 21 = Shape index, 22 = Facility diversity, 23 = Facility cleanliness, 24 = Facility maintenance.
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(1) “Keep up the good work” area. These indicators represent the major strengths and
potential competitive advantages of sky gardens. The results indicate that the indicators of
void-to-solid ratio, green visibility, vegetation richness, and vegetation vertical index for
plaza-park sky gardens; the network density, green visibility, facility cleanliness, and water
space ratio for rest-stay sky gardens; and the function diversity, void-to-solid ratio, and
water space ratio for move-pass sky gardens, all fall within this area.

(2) “Concentrate here” area. These indicators play crucial roles in promoting public
health, but their spatial performance is relatively low and urgently needs improvement and
enhancement. The function diversity and facility cleanliness of plaza-park sky gardens, the
void-to-solid ratio, vegetation richness, vegetation vertical index, and waterscape shape
index of rest-stay sky gardens, and the greenscape indicators and facility cleanliness of
move-pass sky gardens are in urgent need of optimization and improvement. Therefore,
plaza-park sky gardens need to prioritize improving the facility cleanliness, rest-stay sky
gardens need to enhance spatial permeability and the hierarchy of green landscape, while
move-pass sky gardens need to increase the greenscape richness and facility cleanliness.

(3) “Low priority” area. The attributes that fall into this quadrant are not performing
exceptionally well but are relatively unimportant to the public; they represent minor
weaknesses and poor performance is not a major problem. Compared to that, the vertical
location height and waterscape demand of plaza-park sky gardens, facility diversity and
skyscape of rest-stay sky gardens, and location height and height of space to height of
building of move-pass sky gardens are within this area.

(4) “Possible overkill” area. Attributes are of low importance but perform strongly,
indicating that limited resources may be a waste and are inefficiently used and can be
reallocated. The plaza-park sky gardens in terms of transportation accessibility, skyscape,
high-rise buildings (open space ratio, layers), and geometric form (sky garden area, sky
garden space ratio); the indicators of height of space to height of building in rest-stay sky
gardens; and transportation accessibility, sky openness, water area, and waterscape shape
index of move-pass sky gardens fall into this quadrant.

In summary: (1) Transportation accessibility is good for all types of sky garden in their
locations. This indicator is “possible overkill” in plaza-park and move-pass sky gardens,
while it is a “low priority” improvement for rest-stay sky gardens. (2) Rest-stay sky gardens’
public facilities are optimal. In plaza-park sky gardens, the facility diversity is “possible
overkill”, facility cleanliness falls into the “concentrate here” area, and facility maintenance
is a “low priority” attribute. In rest-stay sky gardens, facility cleanliness serves as “keep up
the good work” indicator, facility diversity and maintenance belong to the “low priority”
area. In move-pass sky gardens, facility cleanliness has the “concentrate here” attribute,
while facility diversity and maintenance are “low priority” for health promotion. (3) Plaza-
park sky gardens have the highest quality in greenscape. All greenscape indicators in
plaza-park sky gardens fall into the “keep up the good work” area. In rest-stay sky gardens,
green visibility is the “keep up the good work” indicator, while the vegetation richness
and vegetation vertical index need improvement. In move-pass sky gardens, all three
indicators need enhancement. (4) Skyscape shows varying degrees of overkill in different
types of sky garden. Plaza-park sky gardens of sky openness and wave range are overkill
indicators. For rest-stay sky gardens, sky openness is a “low priority” attribute, while sky
wave range is an overkill indicator. the situation is the opposite for the move-pass and
the rest-stay sky gardens. Overall, rest-stay sky gardens have the greatest competitive
advantage, which is possibly due to their embodied scale, but their spatial permeability and
interface openness need to be raised. Plaza-park sky gardens, while large in scale, still have
certain gaps in richness, diversity, and alignment with public demands, such as vegetation
richness, waterscapes, and facility cleanliness. It may also cause some emotional barriers to
people due to the increase of vertigo or agoraphobia at greater heights [17]. Move-pass sky
gardens are limited by their transportation function, resulting in moderate levels of both
public demand and supply.
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4. Discussion

4.1. Opportunities and Strategies for Sky Garden Development

High-density cities have many opportunities to realize the potential of sky gardens. The
previous texts confirm that there are already significant foundations in public awareness
regarding the positive values of sky gardens for public physical and mental health and social
interaction. Additionally, government policies have attempted to encourage the development
of the roof and podium greening of high-rise buildings in order to tackle the inadequate
ground-level open spaces [80], expand the green network [5,81], and promote carbon peaking
and carbon neutrality action [82,83]. Additionally, research and demonstration projects on
sky gardens provide the objective and scientific basis for multiple benefits [84–86]. Research
findings on materials, techniques, and maintenance of vertical greening have been dissemi-
nated to the public through popular science methods. Recently, the pilot implementation of
the research and demonstration of vertical garden green ecological architecture has begun.
This plan specifies the inclusion of sky garden (green space) plants and facilities, the use of
vertical open spaces, and related management and services in property service contracts [87].
Sky garden development has taken root in high-density environments, with expectations of
a significant emergence of new sky gardens in due course.

To foster the systematic development of sky gardens, the following broad strategies
could be adopted: (1) governments could incentivize construction through reward policies
and establish an accreditation system to ensure delivery quality; (2) strict standards and
regulations for sky garden materials and methods should be promptly instituted to ensure
quality and durability. For sky garden construction, the following should be applied:
(1) More attention could be paid to high-density, compact urban environments. On one
hand, this study found that people are accepting sky gardens in the context of high-density
urban environments. On the other hand, the scarcity of ground-level green spaces in
these areas underscores the importance of utilizing sky gardens as supplementary public
spaces [8], thereby enhancing users’ spatial experiences and overall well-being. (2) In
practical application, precedence could be afforded to the development of rest-stay sky
gardens. These spaces offer significant health-promoting advantages, come with relatively
lower construction costs, and provide convenient spots for the occupants of high-rise
buildings for daily relaxation and work breaks [8,17].

4.2. Utilizing the Qualities of Complementary Public Spaces

Population growth and migration towards urban centers, along with the resulting
urbanization process, have accelerated the density, scale, and functional diversity of high-
rise building development [36]. This also inevitably demands more open spaces within
high-rise buildings, and sky gardens serve as practical significance and operability solutions
to complement public spaces as pocket parks in dense urban environments [17]. The
previous studies indicate that the public places greater emphasis on activities in sky gardens,
such as relaxation, being close to nature, and enjoying panoramic views, and they are
more sensitive to public facilities that promote physical and mental well-being. Rich
natural landscapes [51,52], expansive sky views [62], waterscapes [53], and diverse public
facilities [55,56] all have positive effects on mental and physical well-being. Sky gardens
play a significant role in promoting public health, especially in high-density urban areas, as
supported by empirical evidence.

Different types of sky garden exhibit distinct disparities in their health-promoting effects,
which can be reinforced by leveraging their spatial attributes to enhance their qualities as
complementary public spaces. Plaza-park sky gardens have high similarity in attributes with
ground-level public spaces [17]. These gardens are more likely to benefit from landscape
typologies, functions, and facility selections and combinations, and they are best positioned
to cater to the diverse and abundant health needs of the public. Thus, plaza-park sky gardens
could focus on the overall quality of vegetation types, layout, and public facilities, aiming
to enhance visitor initiative and prolong exposure to natural environments by increasing
landscape complexity. Rest-stay sky gardens primarily cater to the daily relaxation needs of
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high-rise building occupants [36]. Therefore, they can fully utilize their small size and flexible
usage characteristics by being distributed throughout high-rise buildings. In terms of spatial
interface permeability, rest-stay sky gardens need enhancement. By reducing view-blocking
materials and controlling vegetation density, they can provide natural environments while
effectively promoting social interactions. The first two types of sky garden mainly cater to
static leisure activities, while move-pass sky gardens primarily support dynamic viewing
activities. Their spatial form is predominantly linear [66], and they also serve a transportation
function. The public’s attention to its health promotion and its performance are both low. To
improve this, rest areas can be appropriately incorporated into their transportation function,
enriching spatial usability and attracting public engagement.

To further enhance the characteristics of sky gardens as complementary public spaces,
it is necessary to specifically increase the utilization frequency. Research has confirmed
that high-quality urban environments are more likely to attract the public to visit the
adjacent open space, with increased accessibility, activity numbers, duration, and range
of use [61]. To enhance the health-promoting potential of sky gardens, the supportive
role of the surrounding environment can be amplified by the following: (1) By improving
transportation accessibility, the frequency of sky garden usage can be increased; (2) By
enhancing the functional diversity of the surrounding environment, “accidentally visit” can
be attracted from other functional spaces; (3) By improving the openness of sky gardens
in high-rise buildings, both physically and socially, the visitation rate of the public to sky
gardens can be increased through higher spatial visibility.

5. Conclusions

This study aims to emphasize the differences in the multidimensional spatial character-
istics of different types of sky garden by selecting representative, diverse, and typical cases.
The research results provide a general understanding of the public’s health promotion
needs and supplies in different types of sky garden. The results show the following: (1) The
public seems to have widely accepted sky gardens in the context of high-density urban
environments (near 6.92, below the mean of 7.09). They place greater emphasis on spatial
indicators that cater to relaxation activities and show heightened sensitivity toward public
facilities (7.32–8.00) that contribute to physical and mental health-related activities. (2) The
health promotion performance of different types of sky garden shows significant variation,
with the rest-stay sky gardens at the embodied scale demonstrating the greatest competitive
advantage. (3) The development of sky gardens has significant potential, and different
types of sky garden need to specifically leverage their characteristics as complementary
public spaces. Since the primary purpose of this study was to explore the overall demand
of the public for health promotion in sky gardens, we did not categorize the sky gardens
in the importance analysis. In future research, we will further clarify the different health
experience needs of sky gardens and consider incorporating longitudinal assessments to
evaluate the long-term effects of regular exposure to sky gardens on physiological and
psychological well-being. Furthermore, health benefit analysis of landscape spaces could be
conducted by more rigorous evidence-based studies using technologies such as virtual real-
ity and wearable biosensors. Meanwhile, textual, image, and video data from social media
platforms can provide insights into people’s perceptions and feedback regarding landscape
spaces. It helps to assess people’s feelings and evaluations from a humanistic perspective,
thus adding another dimension to the assessment of landscape space optimization.
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Appendix A. Examples of Virtual Built-Environment Audit on Facility Diversity,

Tidiness, and Maintenance of Sky Garden

Table A1. Facility diversity virtual built-environment audit.

General Information

Building Name PARKROYAL COLLECTION Pickering

Sky Garden Type Rest-Stay Sky Garden

Sky Garden NO. 11

Auditor NO. 01 02 03 04 05 Mean

Basic
facility

Hard seat

Soft seat 1 1 1 1 1 1

Table 1 1 1 1 1 1

Trash bin 1 1 1 1 1 1

Deck chair 1 1 1 1 1 1

Athletic
facility

Fitness equipment (outdoor)

Fitness equipment (indoor) 1 1 1 1 1 1

Swimming pool 1 1 1 1 1 1

Shower zone

Public facility for children

Access for disabled
Handrail 1 1 1

Ramp

Safety
facility

Envelope (railing/glass/bush) 1 1 1 1 1 1

Fire hydrant 1 1 1 1 1

Indication signage 1 1 1 1 1 1

Lifesaving appliance 1 1 1 1 1 1

Shading
facility

Beach umbrella

Sunshade tent

Empty space 1 1 1 1 1 1

Landscape facility

Sculpture 1 1 1 1 1

Decoration pendant

Landmark 1 1 1 1 1

Pool 1 1 1 1

Note: Facility diversity: 1—present, 0 or null—not present.

Table A2. Facility cleanliness virtual built-environment audit.

General
Information

Building Name PARKROYAL COLLECTION Pickering

Sky Garden Type Rest-Stay Sky Garden

Sky Garden NO. 11

Auditor NO. 01 02 03 04 05 Mean
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Table A2. Cont.

Basic
facility

Hard seat

Soft seat 5 4 5 5 4 4.6

Table 5 4 3 5 5 4.4

Trash bin 5 4 3 5 5 4.4

Deck chair 5 3 4 5 4 4.2

Athletic
facility

Fitness equipment (outdoor)

Fitness equipment (indoor) 5 4 4 5 5 4.6

Swimming pool 5 4 5 5 5 4.8

Shower zone

Public facility for children

Access for disabled
Handrail 3 4 3.5

Ramp

Safety facility

Envelope (railing/glass/bush) 5 4 4 4 5 4.4

Fire hydrant 5 3 4 5 4.3

Indication signage 5 3 4 4 5 4.2

Lifesaving appliance 4 3 4 4 5 4.0

Shading
facility

Beach umbrella

Sunshade tent

Empty space 4 4 4 5 5 4.4

Landscape facility

Sculpture 4 4 5 4.3

Decoration pendant

Landmark 4 4 5 4 4.3

Pool 3 4 3 3.3

Notes: Facility cleanliness: 5—very clean, 4—somewhat clean, 3—normal, 2—less clean, 1—dirty.

Table A3. Facility maintenance virtual built-environment audit.

General
Information

Building Name PARKROYAL COLLECTION Pickering

Sky Garden Type Rest-Stay Sky Garden

Sky Garden NO. 11

Auditor NO. 01 02 03 04 05 Mean

Basic
facility

Hard seat

Soft seat 5 4 5 5 4 4.6

Table 5 4 4 5 5 4.6

Trash bin 5 3 4 5 5 4.4

Deck chair 5 3 3 5 4 4.0

Athletic
facility

Fitness equipment (outdoor)

Fitness equipment (indoor) 5 4 4 5 5 4.6

Swimming pool 5 4 4 5 5 4.6

Shower zone

Public facility for children

Access for disabled
Handrail 4 4 4.0

Ramp
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Table A3. Cont.

Safety
facility

Envelope (railing/glass/bush) 5 4 4 4 5 4.4

Fire hydrant 5 3 3 5 4.0

Indication signage 5 3 4 4 5 4.2

Lifesaving appliance 5 3 4 4 5 4.2

Shading
facility

Beach umbrella

Sunshade tent

Empty space 4 3 4 5 5 4.2

Landscape facility

Sculpture 4 4 5 5 4.5

Decoration pendant

Landmark 4 4 5 4 4.3

Pool 3 4 3 3.3

Note: Facility maintenance: 5—very good, 4—somewhat good, 3—normal, 2—less good, 1—bad.
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Abstract: With the continuous development of big data technology, semantic-rich multi-source big
data provides broader prospects for the research of urban land use function recognition. This study
relied on POI data and OSM data to select the central urban areas of five new first-tier cities as
the study areas. The TF-IDF algorithm was used to identify the land use functional layout of the
study area and establish a confusion matrix for accuracy verification. The results show that: (1) The
common feature of these five cities is that the total number and area of land parcels for residential
land, commercial service land, public management and service land, and green space and open space
land all account for over 90%. (2) The Kappa coefficients were all in the range [0.61, 0.80], indicating a
high consistency of accuracy evaluation. (3) Chengdu and Tianjin have the highest land use function
mixing degree, followed by Xi‘an, Nanjing, and Hangzhou. (4) Among the five new first-tier cities,
Hangzhou and Nanjing have the highest similarity in land use function structure layout. This study
attempts to reveal the current land use situation of five cities, which will provide a reference for urban
development planning and management.

Keywords: POI data; TF-IDF; urban function identification; spatial analysis

1. Introduction

Thanks to the high-speed development of the economy driven by reform and open
policy, China has experienced the largest urbanization process in human history [1]. Al-
though the rapid urbanization process improves people’s material conditions, it also brings
many problems to urban planning and development, such as the single function of urban
fringe areas and excessive traffic congestion within the city, which brings inconvenience
to people’s daily life and travel [2]. Disorderly urban expansion also poses threats to the
natural ecological environment and disrupts ecological balance, resulting in economic,
social, and ecological problems [3]. Therefore, the functional zoning of cities is essential for
their scientific and reasonable construction and planning. China’s latest policies emphasize
the importance of urbanization and stress the need to identify and divide the functions of
urban land use. This approach not only facilitates rational construction and planning of the
city but also contributes to the optimization of urban layout, efficient distribution of urban
resources, and the formation of a more efficient and orderly urban structure layout. This
provides a solid foundation for the steady progress of urbanization [4–7].

The traditional methods of identifying urban land use functions rely on data from
population census, land census, industrial statistics, and socio-economic statistics. However,
these sources often involve confidentiality, making them challenging to access and resulting
in lengthy update cycles. This greatly reduces the practicality of experiments, leading to
research that often remains at a macro level, and is difficult to widely apply. With the
advent of the network era and the rapid development of communication technologies, big
data has emerged as a valuable resource. This includes various types of data such as remote
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sensing images and environmental and meteorological data obtained through professional
scientific research equipment. These big data have advantages such as high accuracy,
wide coverage, strong timeliness, and low acquisition cost [8]. Compared with traditional
remote sensing images, the network big data obtained through communication devices
has better timeliness and microscale, including POI (point-of-interest) data, GPS (global
positioning system) trajectory data, mobile phone signaling data, and bus card swiping
data that can be obtained from users’ daily lives [9]. Currently, more and more scholars are
analyzing urban space by mining big data, focusing on exploring urban economic activities,
resident mobility, and resident traffic trajectories from a micro perspective. For example,
Frias Martinez et al. used Twitter’s social media activity data to analyze urban land use
functions in Manhattan, London, and Madrid using clustering analysis [10]; Jiang et al.
used the frequency of POI data in the Boston metropolitan area to identify land types in
cities and estimate employment distribution density based on this data [11]; Hu et al. used
Landsat remote sensing image data and POI data to achieve the division of functional
land in Beijing [12]; Ye et al. combined social media data with street level remote sensing
image data to identify urban land use functions in Beijing [13]; Liu et al. used time series
data of taxi travel trajectories to identify the functional layout of land use in Chengdu
City [14]; Sun et al. achieved recognition of land use functions in Beijing by analyzing text
information on Sina Weibo [15]; and Huang et al. divided the urban functional areas of
Beijing and Wuhan by combining nighttime lighting data and daytime multi-perspective
remote sensing image data [16]. With the progress and development of technology, the
acquisition and analysis methods of big data are becoming increasingly perfect, which can
further explore urban spatial layout and intuitively reflect urban spatial structure.

With the maturation of big data mining technology, many sample data and precise
positioning information have been excavated in cities. The integration of big data with
urban spatial analysis and the comprehensive analysis of hidden information has emerged
as a research hotspot [17]. For example, Yuan et al. used the time, location, and type of
crowd activity to represent the potential activity trajectory of the crowd and combined it
with POI data kernel density analysis to identify the urban function of Beijing [18]; Feng
et al. combined the Logic regression model with POI data to extract the urban functional
zoning of the Wuhan urban area [19]; Zhai et al. combined the Place2vec model with the K-
means clustering algorithm to partition the functional layout of land use in Wuxi City, with
an overall accuracy of 74.24% [20]; Yan et al. used the KD-Tree clustering algorithm and
Tyson polygon algorithm combined with POI data to accurately partition urban functional
areas [21]; and Sun et al. used Word2vec, LDA, and Block2vec models to identify land use
functions in the central urban area of Wuhan, which also confirmed that the Word2vec
model has the best recognition accuracy [22]. In addition, the TF-IDF (term frequency
inverse document frequency) quantification method based on machine learning has also
received the attention of some scholars [23–25]. The TF-IDF algorithm is a weighting
technique used for key information in data mining. This method has unique advantages in
analyzing policy texts at the macro level and extracting keywords of different importance
levels [26].

Theoretical research on urban land use functions has reached a relatively mature
stage, and technical methods have undergone significant transformation. However, current
research on identified urban functional zoning has primarily focused on applying new
urban planning technologies, evaluating current layout features, and identifying functional
issues. There is a lack of in-depth analysis of the identification results and insufficient
connection with regional urban planning policies and development models. As a result,
there is a challenge in providing feedback for future planning and design, as well as
offering guidance for urban formulation and management. Urban function identification
based on POI data often stems from surveying and mapping, cartography, and related
disciplines. In the current era of land spatial planning, it is essential to conduct research on
land use functions from the perspective of urban planning [27]. Moreover, current research
primarily relies on manual comparative statistical analysis for the accuracy evaluation of
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the final recognition results, which is significantly influenced by the researcher’s personal
subjective will. The new first-tier cities are a list of 337 prefecture-level-and-above cities
in China, evaluated and analyzed by First Financial News based on five major indicators:
commercial resource agglomeration, urban hub, urban human activity, lifestyle diversity,
and future plasticity. These new first-tier cities have strong representativeness, and their
development process can be seen as a microcosm of China’s urbanization process to a
certain extent. However, current research on new first-tier cities predominantly focuses on
cultural, commercial, financial, and other fields, with limited attention to the functional
layout of urban land use. Furthermore, existing research on the functional structure
layout of urban land use is primarily confined to the study of individual cities, with
inadequate comprehensive analysis and research on the functional layout of land use across
multiple cities.

This study is grounded in OSM data and POI data to identify the current land use
functions in the central urban areas of five new first-tier cities. The aim is to enhance
understanding of the current situation and distribution pattern of land use functions in
major Chinese cities and to provide a reference basis for optimizing the allocation of urban
and national spatial planning. Furthermore, building upon the results of urban land use
function identification, this study conducts an analysis from three perspectives: urban
functional spatial elements, urban functional mixing degree, and urban structural similarity,
to ascertain whether there is a certain regularity in the land use functions of these five
new first-tier cities. The objective is to establish a data foundation and provide theoretical
support for the formulation of planning policies for underdeveloped cities in China, thereby
ensuring the steady and smooth progress of urbanization in the country.

2. Overview of the Study Area

The research areas are the central urban areas within the ring highways of Chengdu,
Nanjing, Hangzhou, Xi’an, and Tianjin (Figure 1). These five cities have outstanding
performance in terms of GDP (gross domestic product), number of permanent residents,
concentration of commercial resources, and urban hub, all of which are extremely strong
new first-tier cities. The selected central urban area concentrates most of the city’s con-
struction land and permanent population, making it a key area for urban planning and
construction. And the urban functional distribution within this area is concentrated, with
high spatial heterogeneity and suitable block scale, making it an ideal area for identifying
and analyzing the current urban land use functions.

Figure 1. Research areas of the five cities.
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3. Data Sources and Processing

3.1. Data Sources

This study uses OSM (OpenStreetMap) data as the base map of the study area, which
is an open-source world map that can be freely edited by Internet users. Users can access
and download data for free through an open license agreement (www.openstreetmap.org).
This study uses POI data from Amap (https://lbs.amap.com), which was crawled on its
API platform in December 2022 to ensure that the POI data utilized in this research is
highly current. The total number of raw POI data for the five cities reached more than
1,735,000 items. And the land use status of the five cities on the Gaode satellite map
was referenced as the real value to construct the confusion matrix to test the precision of
identifying urban functions. The technical pathway is illustrated in Figure 2.

Figure 2. Flowchart of the research.

3.2. Data Preprocessing
3.2.1. OSM Data Preprocessing

(1) Topology checking and modification.

The original data volume of OSM data is huge and contains many disconnected,
cluttered, and duplicated roads. Topology checking and modification of road line elements
in ArcMap is performed to remove and fix the problematic roads by establishing topology
rules such as no overlapping, no suspension points, no pseudo-nodes, no self-intersections,
and so on.
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(2) Creating a buffer.

Delete suburban rural roads, pedestrian roads, bicycle lanes, unknown roads, and
some internal roads based on road attribute information. Then, use highways, expressways,
urban main roads, urban secondary roads, and some internal roads as the main line
elements. Refer to China’s “Urban Road Engineering Design Specification” (CJJ37-2019) to
determine the grade width of different roads, and establish buffer zones on this basis. The
specific width of the buffer is shown in Table 1.

Table 1. Urban road buffer widths.

Road Class Name of Road Buffer Width (m)

Primary Road freeway 60

Secondary Road speedway
45trunk road of city

Tertiary roads secondary urban road 30
Fourth-class road Internal roads 20

(3) Generation of individual plot units.

After generating buffer zones for different roads, independent plot units are obtained
by removing the road space. The smaller and fragmented parcel units are removed by
combining the actual city conditions and satellite electronic maps. Finally, the base map of
the five new first-tier cities is obtained for this study.

3.2.2. Preprocessing of POI Data

(1) Data Reduction and Correction.

The original POI data of Amap is huge in volume, and there are problems such as
missing information and duplicated information, and some information features are not
significant. Firstly, POI data with missing coordinate information is directly deleted. Then,
POI data with the same coordinate information and name are regarded as duplicated data,
and only one piece of data is simplified and retained. Finally, POI data such as public
toilets and bus stops, which are not significant in terms of functional features, are selected
for deletion.

(2) Data Reclassification.

The classification standard of POI data of Amap is relatively standardized among the
POI data of many websites, but it also has the problems of rigid classification, duplication
of classification, and overly detailed criteria of subtables, which lead to the fact that the POI
data of Amap cannot be effectively connected with the actual land use function of the city,
and it is challenging to establish a standardized framework for the future planning and
construction of the city. Therefore, this study reclassified the POI data of five new first-tier
cities based on multiple classification criteria, totaling eight primary classifications [28].
For details, see Table 2.

(3) Data coordinate conversion.

The original POI data obtained directly used the GCJ-02 coordinate system. It is
necessary to unify the spatial coordinates and convert the coordinate system of POI data to
the coordinate system of OSM data. After the conversion is completed, the POI data are
vectorized and then converted to projected coordinates. Finally, a shape file of POI data
points is generated.
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Table 2. List of classifications after POI reclassification.

Functional Site Type Secondary Category POI Detailed Category

Public administration and
public service facilities

Administrative offices
Party and government organs; social

organizations; police
stations; institutions

Cultural facilities Book exhibitions; cultural events
Healthcare Hospitals; primary care; public health

Education

Higher education; secondary
vocational; primary and secondary

schools; kindergartens;
other education

Scientific research Research organizations
Sports Public gymnasiums

Commercial service land

Commercial land

Shopping centers; supermarkets;
convenience stores

Regular restaurants; fast
food restaurants
Hotels; hostels

Commercial and
financial land

Commercial office buildings;
corporate companies

Recreational land Theaters
Other commercial

service land
Hairdressing and cosmetology;

training institutions

Serviced land

Supply of land
for facilities

Land for water supply; land for
electricity supply; land

for communications
Land for environmental

facilities Drainage land; sanitation land

Land for security facilities Firefighting land; flood control land
Green spaces and

open spaces —— Parks and squares; heritage sites

Industrial and mining area Industrial site Industrial parks
Residential land —— Living area
Transportation Transportation site Train station; bus station

Warehousing land Land for logistics and
warehousing Logistics warehousing

4. Research Methodology

4.1. Urban Land Use Function Identification
4.1.1. POI Weight Assignment Methods

Due to the lack of information on the area occupied by physical objects and the level
of public understanding in POI data, it is difficult to objectively reflect the importance
of physical objects in their respective regions, which in turn affects the determination of
dominant functions in that region [29,30]. In the process of quantifying the importance
of different types of POI data, it is necessary to comprehensively consider indicators
such as their quantity, function, scale, and public understanding. Given the difficulty
in collecting relevant information and quantifying some indicators, this study used two
indicators, land area and functional impact, to assign weight values to POI data [31].
The land area refers to the designated construction land within the land use boundary,
requiring measurement, approval, and planning by the relevant management authorities.
It primarily encompasses the land requisition area and the net land area of construction
projects, including the main buildings, supporting facilities, activity areas, roadways, and
green spaces. Additionally, the environmental awareness of urban residents can reflect the
functional impact and significance of various types of POI entities over a specific period,
which can be gauged through public awareness. This study determines the land area of
different POI data and their functional impact based on standards such as the “Retail Format
Classification Standard (GB/T18106-2021)” and the relevant research by Zhao et al. [32]. The
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functional impact of each type of POI data is determined (Table 3), and then weighted values
are calculated.

Table 3. POI data area and functional influence reference table.

Functional Site Type Secondary Category POI Detailed Category
Reference

Footprint (hm2)
Functional
Influence

Public administration
and public

service facilities

Administrative offices Party and government organs; social
organizations; police stations; institutions 0.8; 0.1; 0.5 0.3550

Cultural facilities Book exhibitions; cultural events 0.2; 1 0.6760
Healthcare Hospitals; primary care; public health 6; 2; 0.1 0.7460

Education
Higher education; secondary vocational;

primary and secondary schools;
kindergartens; other education

10; 3; 1.5 0.6760

Scientific research Research organizations 0.5 0.5010
Sports Public gymnasiums 1 0.5060

Commercial service
land

Commercial land

Shopping centers; supermarkets;
convenience stores 1; 0.2 0.5220

Regular restaurants; fast food restaurants 0.1; 0.05 0.8140
Hotels; hostels 5; 0.3 0.9260

Commercial and
financial land

Commercial office buildings;
corporate companies 0.2 0.3520

Recreational land Theaters 2 0.2260
Other commercial

service land
Hairdressing and cosmetology;

training institutions 0.2; 0.1 0.1250

Serviced land

Supply of land for
facilities

Land for water supply; land for electricity
supply; land for communications 0.5 0.0000

Land for
environmental facilities Drainage land; sanitation land 0.5 0.0000

Land for security
facilities Firefighting land; flood control land 0.5 0.0000

Green spaces and
open spaces —— Parks and squares; heritage sites 10 0.7520

Industrial and
mining area Industrial site Industrial parks 5 0.2690

Residential land —— Living area 8 0.7890
Transportation Transportation site Train station; bus station 50 0.0000

Warehousing land Land for logistics and
warehousing Logistics warehousing 2 1.0000

Referring to the method adopted by Li et al. [33] in urban land functional zoning, first
assign values to the reference land area corresponding to different types of POIs (Table 4),
and then assign values to the functional impact of each type of POI (Table 5).

Table 4. POI floor area assignment table.

Area (m2) 0–100 100–1000 1000–3000 3000–5000 5000–10,000 >10,000

Assignment 1 10 30 50 80 100

Table 5. Functional impact assignment table.

Functional Impact 0 0.3057 0.3350 0.5010 0.5069 0.6548 0.7460 0.8146

Assignment 0 30.6 33.5 50.1 50.7 65.5 74.6 81.4

Five different weighting ratios of 1:9, 3:7, 5:5, 7:3, and 9:1 were set for the floor space
and functional influence. Through the precision test of the sampled plots, it was found that
the average precision was the highest when the weighting ratio was 5:5. The weighting
ratio of 5:5 was set for the POI for the assignment of weights with the weighting formula
as follows:
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Wi,j = 0.5 × Ai,j + 0.5 × Ii,j (1)

where Wi,j is the weight value of the ith POI data in parcel j, Ai,j is the footprint assignment
of the ith POI data in parcel j, and Ii,j is the functional influence assignment of the ith POI
data in parcel j.

4.1.2. TF-IDF Machine Algorithm

In order to highlight the unique POI types within each plot unit and reduce the
interference of general POI types, the identification method used in this study is the TF-IDF
statistical method. TF-IDF machine algorithm is a statistical method commonly used in
information retrieval and text processing [34]. In the study of urban functional land use, all
the constituent land parcels of the study area are considered as a collection of documents,
with each individual land parcel being treated as a document, and the POI data distributed
in the land parcels are regarded as different words. By utilizing the TF-IDF algorithm
to calculate and determine which type of POI data has the highest TF-IDF value in the
individual land parcels, it signifies the most “important” type of POI and also reflects
the dominant function of the land parcel [35]. Considering that the simple structure of
IDF does not effectively reflect the importance and distribution of words in the specific
calculation process, this study adopts POI data endowed with weight values for calculation
for the purpose of enhancing the algorithm’s effectiveness in identifying the urban land
use functions. The calculation can be performed using the following formula.

TFi,j =
ni,j

∑k nk,j
(2)

IDFi = log
|D|∣∣{j : ti ∈ dj

}∣∣ (3)

TF − IDFi,j = TFi,j × IDFi (4)

where i denotes the POI data and j denotes the parcel unit where the POI data is located.
ni,j denotes the frequency of POI data i in parcel unit j; ∑k nk,j denotes the total frequency
of all the POI data occurrences in parcel unit j; D denotes the total number of parcel units;
and

{
j : ti ∈ dj

}
denotes the total number of parcel units containing POI data i.

The specific method includes three key steps. Firstly, the preprocessed POI data and
road network are spatially connected in ArcGIS to obtain the corresponding number of
various POIs for each plot unit. The spatially connected attribute table is exported, and
POI categories are merged according to the methods in the literature. Then, the names and
quantities of each POI category for each spatial unit are read and written into the document.
Secondly, according to the TF-IDF algorithm, read the documents corresponding to each
spatial unit and calculate and output the weight results for each category of each document
(Namely, spatial unit). Finally, the category with the highest weight can be considered as
the dominant function of the plot.

4.2. Verification of the Accuracy of Urban Land Use Function Identification Results

After obtaining the land use function layout of the five new first-tier cities, if we
want to analyze and evaluate them, the analysis and evaluation need to be based on
the recognition results with sufficient accuracy. This study randomly selected a certain
number of parcel units for each different land use type as the identification results and the
corresponding Gaode satellite map of the cities as the actual results; meanwhile, it used
the method of constructing confusion matrix to test the accuracy of the land use function
identification results of the five new first-tier cities, supplemented by the manual visual
comparison test method, in which the land use function identification results of the five
new first-tier cities’ downtowns are contrasted with the land use functions of the Gaode
satellite electronic maps by manual visual comparison.
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A confusion matrix is constructed to contain four indexes: user accuracy (UA), Pro-
ducer accuracy (PA), overall accuracy (OA), and Kappa coefficient, in which the Kappa
coefficient is used to assess the precision of the recognition results [36]. The confusion
matrix consists of N rows and N columns, where the rows represent the recognition results
and the columns of the matrix represent the actual results. In this study, a certain number of
randomly selected parcel units for each different land use type are used as the recognition
results, and their city counterparts of the Gaode electronic satellite map are used as the
actual results. The following is the calculation formula:

UA =
Xii

∑N
j=1 Xij

× 100% (5)

PA =
Xii

∑N
j=1 Xji

× 100% (6)

OA =
∑N

i=1 Xii

M
× 100% (7)

Kappa =
M × ∑N

i=1 Xii − ∑N
i=1

(
∑N

j=1 Xij × ∑N
j=1 Xji

)
M2 − ∑N

i=1

(
∑N

j=1 Xij × ∑N
j=1 Xji

) (8)

where M denotes the overall number of sampled parcel units, N denotes the number of
land types, Xij represents the total number of correctly identified parcels, ∑N

j=1 Xij denotes
the sum of the number of parcels in row i, and ∑N

j=1 Xji denotes the sum of the number of
parcels in column i.

4.3. Functional Mix of Urban Land Use

With the rise of the concept of intensive land use, government departments will also
consider the degree of functional mixing in functional areas when formulating urban
planning [37]. The mixing of land use functions within a certain range helps to realize the
efficient use of urban land. The degree of land use mixing reflects the degree of mixing
of functions in a parcel of land by calculating the proportion of various types of POI data
within the parcel unit. This study further analyzes the current status of urban land use
functions in the urban centers of five new first-tier cities by calculating the degree of mixing
of land use functions in the downtown of the five new first-tier cities. The equation used to
determine the extent of land use mixing is shown below [38]:

M = −∑n
i=1(pi × lnpi) (9)

where M is the functional mixing degree of the site, n denotes the number of POI data types
in the parcel, and pi denotes the proportion of POI data of type i in the parcel to all POI
data. For each parcel unit, the site mixing degree values were categorized into low, lower,
general, high, and higher.

4.4. Similarity of Urban Land Use Structure

VSM (vector space mode) was developed in the late 1960s when G Salton et al. [39]
proposed a model that was first used in SMART information retrieval systems and has
now become a commonly used model in natural language processing [40]. This model
transforms text into high-dimensional vectors, with feature terms as its basic unit. Each
dimension of a vector corresponds to a feature item of the text, and the dimension also
represents the weight value of the feature item in the text, and the degree of the weight
value also indicates the importance of the feature item in its text. When comparing the
similarity between two documents, the inner product between vectors is usually used in
calculations. In this study, the document was considered as a city, and the feature items
were considered as the type of land use. Referring to the algorithm proposed by Li et al. [41],
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the similarity of land use functional structure between two pairs of five cities was calculated.
The formula is as follows:

Similarityvz =

√
n

∑
i=1

(wvi × cvi − wzi × czi)
2 (10)

where v and z denote the name of the city, similarityvz denotes the spatial distribution
structure similarity between v city and z city, wvi denotes the value of the weight of the
functional point of category i of the v city, cvi denotes the number of the functional point of
category i in the v city, and n denotes the number of types of the POI data of the v and z city.

5. Results and Analysis

5.1. Urban Land Use Function Identification Results

The study area of Chengdu City has a significant proportion of residential, green
space, commercial service land, and public administration and public service land use in
the study area of Chengdu City (Figure 3). Further observation of the first four types of
land use reveals that residential is mostly distributed in the Jinniu, Wuhou, and Qingyang
districts. Public management and public service land is concentrated in Chenghua District
and Jinjiang District. Commercial service land is concentrated in Qingyang District, Wuhou
District, and Jinjiang District. Green space is distributed in all administrative districts and
is concentrated in the outermost part of the study area.

 

Figure 3. Results of functional identification of land use in Chengdu’s central urban area.

As depicted in Figure 4, residential land is the most prevalent land type in the study
area of Nanjing, evenly dispersed across all districts. Upon closer examination, it becomes
apparent that, akin to commercial service land, residential, public management, and public
service land are distributed across all administrative districts, while green space is primarily
concentrated in Xuanwu District, Qixia District, and Pukou District.
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Figure 4. Results of functional identification of land use in Nanjing’s central urban area.

As can be seen from Figure 5, residential land and green space occupy most of the study
area in Hangzhou. In addition, most of the green space, represented by Hangzhou West
Lake Scenic Spot, Wuchao Mountain National Forest Park, and Xixi National Wetland Park,
is concentrated in the West Lake district, while residential land and commercial service
land are concentrated in Gongshu District, Shangcheng District, and Binjiang District.

 

Figure 5. Results of land use function identification in Hangzhou’s central urban area.

Figure 6 shows that residential land occupies most of the land in the center of Xi’an.
Further observation reveals that residential land, commercial service land, and public
administration and public service land are distributed in each administrative district, while
green space is mainly distributed in Weiyang District, Lianhu District, Beilin District, and
Baqiao District.
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Figure 6. Results of land use function identification in Xi’an’s central urban area.

As can be seen from Figure 7, residential land occupies most of downtown Tianjin.
Meanwhile, residential land, commercial service land, and public management and public
service land are more evenly distributed, while green space is mostly distributed in Dongli
District, Nankai District, and Beichen District and concentrated at the edges of the study
area. Meanwhile, the number of internal areas is relatively small.

 

Figure 7. Results of land use function identification in Tianjin’s central urban area.

5.2. Verification of the Accuracy of the Results of Site Function Identification

After using the TF-IDF machine algorithm on the OSM data and POI data of the five
new first-tier cities, their respective land use function identification results are obtained.
To verify the accuracy of the identification results, 30 plots are indiscriminately picked
for each land use function to establish the confusion matrix. The Kappa coefficients of
the confusion matrices of the five new first-tier cities are 0.68, 0.70, 0.73, 0.73, and 0.72,
respectively (Table 6). They are in the range of 0.61 to 0.80, which means that the results of
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the identification results show high consistency in comparison with the actual situation of
the cities and can be continued to carry out the subsequent analysis and evaluation.

Table 6. Overall accuracy of the five new first-tier cities and the Kappa coefficient.

City Overall Accuracy (%) Kappa

Chengdu 78.00 0.72
Xi’an 74.37 0.68

Tianjin 76.00 0.70
Hangzhou 78.67 0.73

Nanjing 78.67 0.73

5.3. Comprehensive Analysis of Urban Functional Land Use Elements

The statistical results of land use function identification for eight types of land parcels
in the central urban areas of five cities are as follows:

From Figure 8a, in the research area of Chengdu, among the 1420 plot units and
a total area of 485.02 km2, residential land has the highest number of plot units, with
685 (185.08 km2). The commercial land plot is second, with 387 (72.46 km2). Additionally,
there are 199 (64.64 km2) and 49 (128.36 km2) plots of land for public management and
public services, as well as for green spaces and open spaces.

As described in Figure 8b, in the research area of Nanjing, among the 5289 plot units
and a total area of 649.92 km2, residential land has the highest number of plot units, with
2691 (251.78 km2). The commercial land plot is second, with 1368 (153.55 km2). Furthermore,
there are 944 (90.98 km2) and 165 (140.61 km2) plots of land for public management and
public services, as well as for green spaces and open spaces.

As shown in Figure 8c, among the 3959 plot units and a total area of 541.30 km2 in
the Hangzhou research area, residential land has the highest number of plot units, with
2086 (212.42 km2). The commercial land parcels are second, with 1499 (122.75 km2). There
are 166 (190.15 km2) and 145 (12.38 km2) plots of land for green spaces and open spaces, as
well as for public management and services.

In Figure 8d, among the 1396 plot units and a total area of 335.87 km2 in the research
area of Xi’an, residential land has the highest number of plot units, with 738 (163.76 km2).
The commercial land parcels come in second place, with 443 (109.21 km2). There are
104 (20.32 km2) and 66 (36.05 km2) plots of land for public management and public services,
as well as for green spaces and open spaces.

As illustrated in Figure 8e, among the 1920 plot units and a total area of 374.23 km2

in the Tianjin research area, residential land has the highest number of plot units, with
1070 (173.01 km2). The commercial land parcels come in second place, with 439 (57.68 km2).
There are 280 (53.33 km2) and 74 (84.43 km2) plots of land for public management and
public services, as well as for green spaces and open spaces. In addition, the number of
land parcels for public facilities, industrial and mining, warehousing, and transportation in
the five cities is relatively small and decreasing in sequence.

Comparing the number of plots and area of the eight different land use types in these
five new-tier cities, it is found that their common characteristics, which are the total number
of plots and area of the four land use types, namely, residential, commercial service land,
public management and public service land, and green space, account for more than 90%,
which is also in line with the functions that are carried by the downtown of the cities
(Figure 9). Looking at the ratio of the number of plots and area of these four types of land
in the five new first-tier cities, it is clear that residential land is the first land type in the
five cities in terms of the number of plots and area of land. As for the proportion of land,
the situation varies from city to city, but in general, it can be seen that the commercial
service land and green space are larger, followed by the public management and public
service land.
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Figure 8. Quantity and area of land use in five new first-tier cities.

5.4. Comprehensive Analysis of the Functional Mix of Urban Land Use

In Figure 10a, the mixed degree of functional land in the study area of Chengdu is
relatively high. The land use units with mixed degrees of “high” and “higher” account for
nearly 50% of the study area, mainly concentrated in Wuhou District, Qingyang District,
Jinniu District, Chenghua District, and Jinjiang District, which are part of the five districts
in the city, as well as Xindu District and Pidu District. Due to the policy of constructing
urban forest parks, the land mix in Longquanyi District is relatively low. The plot units
with “low” and “lower” mixing degrees account for about 20% of the study area and are
relatively scattered, mainly carrying the functions of residential land.

In Figure 10b, the overall land use function mixing degree in Nanjing is relatively
low, with only about 20% of the study area being occupied by land units with “high” and
“higher” mixing degrees, mainly concentrated in Gulou District and Qinhuai District. The
land mix of land units in Xuanwu District, Pukou District, Qixia District, and Liuhe District
is mostly “low” and “average”, mainly carrying green space and open space land and
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residential land, such as Zhongshan Scenic Area, Xuanwu Lake Park, Pearl Spring Scenic
Area, Niushoushan Tourism Area, etc.

Figure 9. Number and size of land parcels for major land use functions in new first-tier cities.
Note: (a) represents the proportion of land parcels with main land use functions in new first-tier
cities; (b) represents the proportion of land area for the main land use functions in new first-tier cities.

In Figure 10c, the overall land mix in Hangzhou City is not high, especially in the West
Lake District, as well as the riverside areas of Shangcheng District and Jianggan District.
The vast majority of the West Lake area is the West Lake Scenic Area, while the remaining
riverside areas follow the ecological protection policies of Hangzhou City, and their land
use functions are relatively single. The north side of the research area in Hangzhou
basically only carries residential and commercial service functions, so the land mix is also
relatively low.

In Figure 10d, plot units with “high” and “higher” mixing degrees occupy nearly one-
third of the research area in Xi’an and are mostly distributed in Lianhu District, Xincheng
District, and Beilin District within the Second Ring Road. These areas mainly carry urban
functions such as residential, commercial services, public management, and public services.
In the research area of Xi’an City, most of the areas with “low” and “average” mixing
degrees are distributed in the West Third Ring Road, where the development level is
relatively backward and the functions carried by the plot units are relatively few. In
addition, the land mix in the Chanba Ecological Area on the east side of Baqiao District is
relatively low.

In Figure 10e, the degree of land use mixing in the study area of Tianjin shows a
clear dispersion pattern. The old urban areas of Tianjin, Hexi District, Hedong District,
Hebei District, Heping District, Nankai District, and Hongqiao District, have a reasonable
planning layout, with land units of different degrees of mixing arranged in a staggered
manner. While carrying land functions such as residential, commercial services, public
management, and public services, they meet the living needs of citizens. It will not cause
excessive concentration of land use functions, leading to traffic congestion problems. In
addition, the plots with a low degree of mixing are mostly located in the northern expansion
section of the outer ring road. Due to their low level of development, they mainly carry
residential and green space functions, and the overall functional land mixing is the lowest.

In Figure 11, the similarities in land use function mix among the five new first-tier
cities are as follows: (1) In the proportion of the number of land plots with varying degrees
of land mix to the land area, the number of land plots with a high degree of land mix to the
land area is mostly the smallest part. (2) Chengdu, Tianjin, and Xi’an show a clear pattern
of dispersion in the functional mix of the five classes of land use, among which Chengdu
and Tianjin have a higher overall functional mix of land use, and Xi’an has a lower overall
functional mix of land use. (3) Nanjing and Hangzhou both have a low degree of functional
mixing due to a relatively significant amount of scenic spots and cultural heritage sites in

247



Land 2024, 13, 271

their urban study areas. (4) The plot units with a high and higher degree of mixing only
account for about 20% of the study area.

 

Figure 10. Land use mixing degree in five new first-tier cities.

5.5. Similarity Analysis of Urban Land Use Structure

From Table 7 and Figure 12, we can see that in the downtown of the five new first-tier
cities, Hangzhou and Nanjing have the highest degree of similarity in the layout of the
functional structure of urban land use. Xi’an and Tianjin have the second highest degree of
similarity, and Chengdu and Nanjing have the lowest degree of similarity in the layout of
functional structure of urban land use.

In addition, the similarity of the functional structure of land use between these five
new first-tier cities, from high to low, is as follows: Hangzhou–Nanjing, Tianjin–Xi’an,
Tianjin–Nanjing, Xi’an–Hangzhou, Xi’an–Nanjing, Chengdu–Xi’an, Tianjin–Hangzhou,
Tianjin–Chengdu, Chengdu–Hangzhou, Chengdu–Nanjing.
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Figure 11. Number and Size of plots with different degrees of functional mix in new first-tier cities.
Note: (a) represents the proportion of land parcels with varying degrees of functional mix in new
first-tier cities; (b) represents the proportion of land use area in new first-tier cities with varying
degrees of functional mix.

Table 7. Similarity of land use functional structure among the five new first-tier cities.

Cities Chengdu Xi’an Tianjin Hangzhou Nanjing

Chengdu - - - - -
Xi’an 0.59 - - - -

Tianjin 0.36 0.76 - - -
Hangzhou 0.29 0.72 0.56 - -

Nanjing 0.19 0.66 0.74 0.81 -

As the two cities with the highest structural similarity, Hangzhou and Nanjing exhibit
a close resemblance in their POI data, particularly under the detailed category classification.
The number of POI data in the two cities is very similar, contributing to their higher
structural similarity in the final calculation result. Conversely, the structural similarity
between the remaining cities diminishes as the proximity of the type and number of POI
data diverges. Consequently, the evaluation index of urban land using function similarity
can effectively illustrate the degree of similarity in land use functions between cities in
terms of quantity and type, thereby facilitating a comprehensive exploration of the general
pattern of land use function structure in the five new first-tier cities. As the four land
use types occupy the majority of land use in the study area of the five new first-tier cities,
residential land is similar in quantity and occupies the largest area, and commercial service
land is similar in quantity, but there are differences in types. Green space is similar in type
but different in number. Public management and public services land are similar in number
and type.

249



Land 2024, 13, 271

 

Figure 12. Similarity of land use structure in five new first-tier cities.

6. Discussion

6.1. Feasibility Analysis of Methods

Previous studies have demonstrated the advantages of multi-source big data in urban
land use research and refinement [42]. Among these, POI data represents urban functions
in daily life in spatial point form, encompassing spatial information such as longitude,
latitude coordinates, and addresses of geographic entities, along with various attribute
information like main categories, administrative divisions, and names. Compared to other
big data sources, POI data is closely related to land use types, has fewer privacy concerns,
is easily obtainable, and relatively straightforward to process. It significantly reduces the
cost of preliminary research, effectively reflects urban spatial structure, and finds wide
application in the identification and analysis of urban functional areas [11,12,43]. For a
more accurate analysis of urban functional zoning, a need for refined research units arises.
Li et al. used grid data to generate research units to identify functional areas in the central
urban area of Wuhan, which is a simple and fast division method [33]. However, urban
blocks typically have irregular polygonal shapes, and using grid data may not accurately
reflect the actual block situation. OSM (OpenStreetMap) road network data, with its high
positioning accuracy and basic spatial information, including longitude, latitude, road
types, and names, provide a more realistic division of block units, making it a valuable data
source in land use analysis [44–46]. This study, based on OSM and POI data, breaks through
the limitations of traditional static data by utilizing the TF-IDF quantitative analysis method
in machine learning to identify urban land use functions. This approach reduces manual
intervention and provides a more scientific and objective reflection of urban land use.
Comparison with previous studies reveals relatively consistent identification results for
land use functions in these five cities. For example, Yu et al. identified the urban functional
areas in Chengdu and observed that the primary functional zones were distributed in
concentric circles centered around the city center. Residential land dominated the main
urban areas, with mixed functional areas comprising 50% of the total area, aligning closely
with the findings of this study [47]; Ding et al. identified the functional areas in the central
urban area of Nanjing and discovered that residential land comprised 42.3% of the study
area, a slight variance from the 50.88% residential land in this study. This difference may
be attributed to the broader scope of our study area, leading to a greater diversity of
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functional elements and a larger proportion of various land uses [48]. Wu et al. developed
an urban functional area identification model using the kernel density estimation method
and delineated six single/mixed functional areas within Tianjin City. The distribution
of different land types exhibits a gradually dispersing pattern from the city center to the
periphery, which is largely in line with the findings of this work [49]. In conclusion, the
availability of OSM and POI data makes this method easily applicable to other cities.

6.2. Current Situation Analysis

The study found that residential land in five cities occupies most of the major urban
areas. This is because the urbanization level of these cities is relatively high, and a large
number of rural populations are gathering in the central urban areas, leading to an increas-
ing demand for urban residential land. In addition, due to historical reasons, Hangzhou,
Nanjing, and Chengdu implemented the plan of evacuating residential functions to the
periphery earlier in the process of urban development. Therefore, their proportion of
residential land is lower than that of the central urban areas of Xi’an and Tianjin. For the
element of green space and open space land, as Hangzhou is located along the southern
edge of the Yangtze River Delta and the Qiantang River Basin with abundant water and
forest resources, it not only has natural landscapes such as West Lake and Xixi Wetland,
but its unique natural endowment also facilitates the creation and development of various
green spaces and parks between cities, resulting in the highest proportion of green space
and open space land. Although Xi’an, as one of the four ancient capitals of China, has
cultural relics such as the Daming Palace and the Weiyang Palace, its complex terrain and
variable climate result in the lowest proportion of green space and open space land.

By integrating the findings of land use function identification, it was observed that
the majority of land units with low functional diversity in the study area of the five new
first-tier cities are characterized by diverse urban landscapes. This can be attributed to two
potential reasons: (1) These land units may contain buildings and facilities with singular
functions, such as commercial, residential, or industrial areas. The lack of comprehensive
planning and design results in a singular and less dynamic urban landscape, contributing
to the low degree of functional diversity in these land units; (2) Constraints imposed by
land ownership and planning management. Divergent interests and planning objectives
among different landowners and planning managers may lead to the fragmentation and
decentralization of internal functions within land units.

6.3. Shortcomings and Prospects

First of all, there is still room for further improvement in the processing of POI data.
From the initial deletion processing to the subsequent weight assignment, there are certain
human influence factors. To address this problem, deep learning algorithms can be used
to further reduce POI data to ensure its authenticity and objectivity and minimize the
occurrence of duplicate superimposition. OSM has low density and a lack of data in
suburban and rural areas, resulting in excessive division of functional units and poor local
recognition results.

Secondly, when analyzing and evaluating the five new first-tier cities, there is potential
to enrich the indicators used, particularly for comprehensive comparative analysis among
these cities. In the future, it would be beneficial to include indicators such as location
entropy and nearest-neighbor distance to further assess the current status of urban land
use functions and explore their patterns. This approach will enable the formulation of more
objective and comprehensive problem assessments and optimization suggestions.

Thirdly, when selecting research subjects, for a more extensive exploration of the cur-
rent state of urbanization in China, it would be advantageous to encompass a
broader range of cities for a more comprehensive analysis. This broader perspective
will allow for an exploration of the current state of urbanization in China from a more
macroscopic viewpoint.
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Finally, this study identified certain similarities in their land use functions. However,
due to the different policies and historical conditions implemented in different cities, it is
difficult to promote this land use feature throughout China and even the world. Future
research could involve a comprehensive evaluation of various land use functional layouts
to determine the optimal layout for urban planning.

7. Conclusions

Identification of central urban land use functions in the five new first-tier cities involves
processing OSM and POI data for each city and utilizing the TF-IDF machine algorithm
for function identification. Influenced by geographical conditions, resource endowments,
and planning policies, differences in the functional layout of land use are observed among
these cities. However, common characteristics among the five cities include residential
land, commercial service land, public management and public service land, green land,
and open land, with the total number and area of these land types accounting for over 90%.

The accuracy verification of central urban land use function identification results
of the five new first-tier cities involved constructing a confusion matrix to test the accu-
racy of land use function identification. The Kappa coefficients, falling within the range
of [0.61, 0.80], indicate a high level of consistency in accuracy evaluation. This further
verifies the feasibility of urban land function identification based on multi-source big data.
Most of the plot units with low functional mixing in the research area of the five new
first-tier cities are distributed with various urban landscapes.

The evaluation of central urban land use in the five new first-tier cities involves
assessing the present situation of urban land use function through land use mix degree
and urban structure similarity degree. Chengdu and Tianjin exhibit the highest land
use function mixing degree, followed by Xi’an, Nanjing, and Hangzhou. In Chengdu,
Tianjin, and Xi’an, the mixing degree of five levels of land use functions shows an obvious
dispersion pattern, while Nanjing and Hangzhou have high mixed land use function plots
concentrated in several administrative regions. According to the calculation results of urban
structure similarity, Hangzhou and Nanjing have the highest similarity of land use function
structure layout, followed by Xi’an and Nanjing, with the lowest similarity observed
between Chengdu and Nanjing. The similarity of land use function structure layout is
higher when cities are closer in terms of the type and quantity of land use functions.
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Abstract: As a novel industrial space to cope with global competition, industrial parks have gradually
become important growth poles to promote regional development and provide a large number
of employment opportunities. This study utilizes mobile phone signaling data to identify the
commuting origins and destinations (OD) of different industrial parks in Nanjing while comparing
the distribution of the working population, residential population, and commuting patterns across
varying types and levels of industrial parks. The level of coordination of the employment–residential
system in each park is quantified by calculating the resident commuting index (HSCi), employee
commuting index (WSCi), and their coupling coordination degree. Additionally, geographic detectors
are employed to identify the influencing factors and interaction effects that impact the employment–
residential balance in industrial parks. Results show that industrial parks located in the central
urban area attract more residential and working populations. The commuting volume of national
and municipal as well as high-tech industrial parks is higher than other types of industrial parks.
Most industrial parks experience more inward than outward commuting, and there is an uneven
distribution of commuting flows, resulting in a network-like pattern of “central dense, peripheral
sparse”. Various industrial parks exhibit a highly coupled job–housing system, and those with high
HSCi tend to have high WSCi as well. The coupling coordination of industrial parks ranged from 0.16
to 0.93, with 13 being primary coordination or above and 3 being disordered. Industrial parks are
classified into three types: employment-oriented, residential-oriented, and employment–residential
balanced, with the residential-oriented type being predominant. The density of public transportation
stops, park area, and land use mix are the primary factors affecting the employment–residential
balance. Industrial parks with larger scale, better land allocation, and higher service facility levels
are more likely to achieve coordination in the employment–residential system. Our work utilizes
mobile signaling data to characterize the commuting patterns of industrial parks, providing insights
for industrial park planning and promoting the integration of industry and city.

Keywords: commuting; industrial parks; mobile phone signaling data; geodetector; Nanjing

1. Introduction

An industrial park is a defined area with designated geographical boundaries estab-
lished by governments or enterprises to drive industrial development and promote regional
growth [1]. Before the 1930s, in a market economy with perfect competition and no govern-
ment intervention in business investment and operations, entrepreneurs typically placed
factories in locations with lower costs. With the role of agglomeration economies, industrial
zones formed spontaneously and spread from the birthplace of the Industrial Revolution
in late 18th-century England to various parts of the world after the revolution. [2]. Starting
from the mid-1930s, many countries implemented industrial regional development policies
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that reinforced government intervention and regulation in economic affairs. In developed
countries, it has become customary to construct new industrial parks on the periphery
of urban centers, as well as to revive dilapidated or declining industrial and inner-city
locales [3]. Export processing zones emerged in some developing countries and regions
towards the end of the 1950s, and industrial parks were widely adopted as a means of
development. As developed countries like Europe and the United States upgraded their
industrial structures, certain labor-intensive and technology-intensive industries in their
mature stages were gradually transferred to developing countries. This further catalyzed
the construction of industrial parks in these countries, enabling some developing countries
to transform into emerging industrialized countries. Since the 1980s, emerging industrial
areas have become a popular strategy for urban development and growth, as countries
worldwide adopt new strategies to cope with global competition and promote capital
accumulation and urbanization [4].

To adapt to both domestic and international changes, China has implemented devel-
opment zones as a targeted approach to promote emerging industries by creating economic
spaces that benefit from special preferential policies. These industrial parks emerged
alongside the country’s gradual opening up and were established through government-
led industrial agglomeration. Throughout their development, China’s industrial parks
have thrived under government support, leveraging integrated resources such as land,
capital, and labor. Consequently, they are larger in scale compared to those in other coun-
tries [5]. Throughout their development, China’s industrial parks have benefited from
the government’s special preferential policies, which have integrated and utilized related
resources such as land, capital, and labor. As a result, they are larger in scale than those in
other countries [5]. Against the background of industrial transformation and upgrading,
industrial parks are gradually shifting from industrial economy to service economy, and
the form of parks is constantly evolving to adapt to the current economic development
environment. Industrial parks rely on independent innovation to drive economic devel-
opment and engage in multi-level collaborative innovation with enterprises, universities,
research institutions, governments, and other innovative entities, thereby promoting the
emergence of various new urban spaces such as new districts, science and technology
parks, and university towns, gradually assuming the role of an economic engine in regional
development [6]. However, these industrial parks often lack necessary supporting facilities,
and their functional and industrial structures are too singular, leading to the formation
of “island economies” and hindering their sustainable development and integration with
surrounding cities [7]. In response, China’s “National New Urbanization Plan (2014–2020)”
proposes the integration of industry and city to coordinate the planning and construction of
production, office, residential, and commercial areas. This measure aims to strengthen the
urban functional transformation of existing industrial parks and promote the transforma-
tion from single production function to urban comprehensive function. The integration of
industry and city is regarded as an important driving force to accelerate the development
of industrial parks at the present stage and a powerful means to promote high-quality
development in China.

Commuting is typically influenced by the spatial separation between residential and
employment areas [8]. During the initial stage of industrial park development, these parks
were often situated in suburban areas far from city centers, serving only as emerging
industrial spaces in the suburbs of major cities, creating suburban “islands” that relied on
the central city for their existence [9]. Although industrial parks provided public service
facilities for employee residence and daily life, their primary focus continued to be on
the construction of economic spaces, leading to an obvious imbalance between work and
residence. In the later stages of development, industrial parks gradually transformed from
single economic spaces to industrial communities that integrated social spaces, allocating
significant amounts of housing and infrastructure for employees. However, the construction
of urban functions still lagged behind [10], resulting in the phenomenon of pendulum
commuting. Against the backdrop of integrated development of industry and city, the
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construction of industrial parks has shifted from separation to integration of industry and
city. With the transformation and upgrading of industry, this process typically manifests as
a shift from traditional manufacturing to productive service sectors, such as finance and
technological innovation, resulting in the displacement of a large number of employees and
triggering a reorganization of the social structure [11]. This, in turn, results in changes in
job demand, causing drastic changes in the number and types of employment and affecting
personal choices of work and residence. This is accompanied by a series of commuting
problems, such as spatial mismatch and separation of work and residence [12]. Commuting,
as one of the most critical activities in the daily lives of urban residents, plays a vital role
in realizing personal labor value, cultivating social networks, and ensuring the smooth
operation of the city’s economy [13,14]. Therefore, it is particularly important to clarify the
commuting mode of industrial parks and its influencing factors. Especially in the context
of advocating for the integration of industry and city, clarifying the commuting patterns of
industrial parks can help make better planning decisions, leading to the optimization of
park spatial structure, reduction in excessive commuting, and promotion of job–housing
balance in industrial parks.

Scholars have extensively researched commuter behavior, traditionally relying on data
from population censuses and travel survey questionnaires. These data provide detailed
socio-demographic attributes of individuals, enabling comparisons of commuting char-
acteristics across income levels, genders, and occupations [15,16], spatial analysis of the
relationship between work and residential locations [17], and the study of the impact of ur-
ban form, land use, and other factors on commuting patterns [18]. For example, Wang et al.
(2010) [19] analyzed the commuting time and direction characteristics of Beijing residents
through a questionnaire survey and found that there was a serious residency–workplace
separation phenomenon. However, these data sources have several limitations, including
low update frequency, small sample sizes, and limited spatial resolution, which hinder
their ability to accurately capture individual mobility behaviors related to residential, work,
and commuting activities [20,21]. Moreover, sample size limitations make it challenging to
represent comprehensive population mobility behaviors, especially when examining the
spatial structure characteristics of large-scale urban commuting [22]. However, with the
rapid development of information and communication technology, location-aware devices,
such as mobile phone signaling data [23], taxi GPS trajectory data [24], and smart card
data [25], make it possible to collect extensive human space–time movement trajectory data.
Among them, mobile phone signaling data are communication data between mobile phone
users and base stations, which are real-time, accurate, and have a wide coverage. In recent
years, it has been commonly used in research on urban commuting issues. Supported by
various big data sources, scholars have conducted research on commuting problems at
different scales, ranging from streets [26], cities [27], and larger metropolitan areas [28,29],
to the analysis of job–residence space characteristics [30], commuting characteristics analy-
sis [31], jobs–housing balance measurement [32], and commuting impact factor analysis [33].
Analytical methods, such as job–housing ratio [34,35], spatial mismatch index [36], self-
sufficiency (internal employment ratio) [37–39], and excess commuting [39,40], have been
established. With the help of geographical weighted regression model (GWR) [41], random
forest (RF) and gradient boosting decision tree (GBDT) [42], geographical detector model
(GDM) [33], and other methods, the factors influencing employment–housing relationship
or commuting characteristics, such as urban built environment, residents’ socio-economic
attributes, and relevant policies and systems for housing and employment, have been ex-
plored. However, research on commuting patterns within specific areas, such as industrial
parks, is still relatively rare.

China’s industrial parks can be classified according to their functions, including eco-
nomic and technological development zones (ETDZ), high-tech industrial development
zones (HTID), export processing zones, bonded zones, border economic cooperation zones,
and free trade zones. They can also be categorized by administrative level, such as national,
provincial, and municipal industrial parks. National industrial parks, especially ETDZs
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and HTIDs, have made remarkable contributions to China’s sustainable development over
the past four decades since the launch of the reform and opening-up policy. As of the
end of June 2021, the GDP created by only 230 national economic development zones and
169 national high-tech zones in China exceeded one-fifth of China’s GDP during the same
period, and the total tax revenue was close to one-fourth of China’s total tax revenue during
the same period [43]. Obviously, industrial parks, especially national economic develop-
ment zones and high-tech zones, have become the main platform for China’s industrial
development and an important growth pole for regional development [44]. These industrial
parks have high economic output and provide a large number of job opportunities, but
during their development there is often a mismatch between employment and housing,
resulting in a spatial mismatch between work, residence, and excessive commuting.

Therefore, this article utilizes mobile signaling data to investigate the commuting
patterns and factors affecting industrial park workers in Nanjing, China. This study aims
to provide scientific support for planning decisions that optimize the spatial structure
of industrial parks to reduce excessive commuting. The article is structured as follows:
Section 2 introduces the study area and research methods, including the process of iden-
tifying commuting origin–destination (OD) pairs, measuring commuting indicators for
industrial parks, identifying influencing factors, and selecting variables. In Section 3, a
case study of Nanjing City is presented, which explores the commuting characteristics
of various industrial parks and the level of jobs–housing balance and analyzes the main
factors that impact industrial park commuting. Section 4 discusses the commuting pat-
terns and influencing factors of industrial parks, as well as thoughts on future industrial
park planning and construction. Finally, Section 5 summarizes the main conclusions and
limitations of this study.

2. Data and Methods

2.1. Study Area

Nanjing is an important central city in eastern China, located in the lower reaches of the
Yangtze River between 31◦14′ N and 32◦37′ N and 118◦22′ E to 119◦14′ E, and is the capital
of Jiangsu Province. It has 11 districts (Xuanwu, Qinhuai, Jianye, Gulou, Pukou, Qixia,
Yuhuatai, Jiangning, Liuhe, Lishui, and Gao chun) and one national new district (Jiangbei
New District), covering a total area of 6587 km2, as depicted in Figure 1a. The central urban
area, with a total area of 804 km2, is highly urbanized. By the end of 2023, the permanent
population of Nanjing is expected to reach 9.547 million, with a GDP of CNY 1.742 trillion.

Nanjing, one of the most important cities for modern industrial development in
China, was quick to establish the Nanjing High-tech Industrial Development Zone in 1988,
leveraging its strategic location and advantages in high-level universities and research
institutions. The zone received national recognition as a high-tech industrial development
zone by the State Council in 1991, followed by the establishment of the Nanjing Economic
and Technological Development Zone and Jiangning Development Zone in 1992. According
to incomplete statistics, presently, Nanjing boasts a total of 102 parks across economic and
technological development zones, high-tech industrial development zones, science and
technology innovation platforms, scenic tourist areas, modern service industry clusters, new
cities, and other types, including 17 national, 12 provincial, and 73 municipal parks. For this
study, we selected 16 industrial parks with a focus on manufacturing, high-tech industries,
and 2.5 industries, based on clear boundaries, appropriate scale, and spatial separation. We
excluded parks with overlapping boundaries, small areas, inclusion within other parks, and
with only scattered residential populations. Table 1 provides information on the level, type,
area, development orientation, and dominant industries of each selected industrial park.
The development of industrial parks in Nanjing has been rapid and is gradually maturing,
and the development process has undergone a transformation from traditional industries to
modern service and high-tech industries, followed by the emergence of specialty industries
like “data + AI”, special robots, new energy, and so on. Moreover, with a large number and
diverse types of industrial parks covering different levels and categories, Nanjing provides
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ideal conditions for studying the commuting patterns in industrial parks. Thus, the study
of industrial parks in Nanjing as a case area is representative.

 

Figure 1. Location map of the study area. (a) Industrial parks in Nanjing. (b) Mobile communication
base stations in Nanjing.

Table 1. Development of major industrial parks in Nanjing.

No. Name Level Type Area (km2)
Development
Orientation

Leading Industries

1
Jiangning
Development Zone
(JDZ)

National

Economic
Development
Zone

242.12
Modern international
high-tech industrial
new town

Green smart car, smart grid, new
generation information
technology, high-end equipment,
intelligent environmental
protection, life sciences, modern
logistics, etc.

2

Nanjing Economic
and Technological
Development Zone
(NETDZ)

Economic
Development
Zone

199.04

First-class
international
high-tech industrial
new town

Optoelectronic display,
biomedicine, high-end
equipment, modern logistics,
science and technology
services, etc.

3 Nanjing High-Tech
Zone (NHTZ)

High-tech
Development
Zone

145.78 World-class high-tech
park

New-generation information
technology, artificial intelligence,
biomedicine, etc.

4 Nanjing Chemical
Industry Park (NCIP) Chemical Park 85.30 Key petrochemical

bases

Petrochemicals, basic organic
chemical materials, fine
chemicals, polymer materials,
new chemical materials, life
medicine, etc.

259



Land 2024, 13, 1605

Table 1. Cont.

No. Name Level Type Area (km2)
Development
Orientation

Leading Industries

5
Xuzhuang High-Tech
Development Zone
(XHTDZ)

Provincial

High-tech
Development
Zone

4.08 Modern Service
Industry Cluster

Incubation R&D, closed
development, education and
training, and public support, etc.

6 Baixia High-Tech
Zone (BHTZ)

High-tech
Development
Zone

2.07

A Science and
Technology
Innovation Cluster
with Strong Influence
in the Yangtze River
Delta

High-tech R&D and incubation
zone, advanced manufacturing
industry, modern service
industry, headquarters economy,
etc.

7 BinjiangDevelopment
Zone (BDZ)

Economic
Development
Zone

55.02
A first-class
development zone of
international standard

Information and
Communication Technology,
Green Intelligent Vehicles,
High-end Intelligent Equipment,
Modern Service Industry, Health
Industry, etc.

8
Pukou Economic
Development Zone
(PEDZ)

Economic
Development
Zone

81.58

A modern riverside
new town featuring
advanced
manufacturing and
port logistics

Biomedicine, high-tech textile
and electronic information, etc.

9

Jiangsu Gaochun
Economic
Development Zone
(JGEDZ)

Economic
Development
Zone

93.36

A new district with
modern
manufacturing as its
main function

Machinery manufacturing,
electronic information, new
materials, green food, software
industry, etc.

10

Nanjing Luhe
Economic
Development Zone
(NLEDZ)

Economic
Development
Zone

22.08
Yangtze River Delta
Modern Industrial
Cluster

Electric vehicle industry,
environmental protection
equipment industry, new energy
electric industry, urban industry,
trade and logistics industry, etc.

11
Lishui Economic
Development Zone
(LEDZ)

Economic
Development
Zone

90.77

Nanjing
manufacturing base
and food processing
production base

Food and medicine, automobiles
and parts, machinery and
electronics, new materials, etc.

12

Nanjing Jiangning
Hi-Tech Industrial
Development Zone
(NJHTIDZ)

Municipal

High-tech
Development
Zone

61.71
A new technological
city with balanced
functions

New medicine and life health,
new energy vehicles, software
and information services, etc.

13

Nanjing Jiangbei New
Area Industrial
Technology Research
and Innovation Park
(NJNAITRIP)

High-tech
Development
Zone

10.20

World Influential
Industrial Science and
Technology
Innovation Center

Intelligent manufacturing
embedded hardware and
software, Internet +, satellite
navigation, etc.

14
China (Nanjing)
Software Valley
(CNSV)

High-tech
Development
Zone

74.28 Urban regional
software centers

Communications software,
outsourcing of services and
information services, etc.

15
Chi-Lin Technology
Innovation Park
(CLTIP)

High-tech
Development
Zone

54.56

A modern
eco-technology
innovation city with
complex functions

Integrated circuits, software and
information services, intelligent
equipment manufacturing,
artificial intelligence, etc.

16

Nanjing New Town
Science and
Technology Park
(NNTSTP)

High-tech
Development
Zone

10.45 Core area of modern
service industry

Software and information
services, technology services,
artificial intelligence, etc.

2.2. Data Processing

This article focuses primarily on mobile phone signaling data as the main data source,
which records the spatial and temporal information of mobile phone users’ activities in the
power-on state. China Mobile, the largest telecommunications service provider in China,
provided the mobile signaling data, which were collected on 12 June 2019. According to the
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“China Mobile Limited 2023 Annual Report”, China Mobile had a user base of 991 million
as of December 2023, accounting for approximately 70% of China’s population and holding
a market share of over 50%. Its wide coverage allows for the characterization of population
features that are similar to those of the entire region. The data are provided by operators
and has been cleaned and integrated to include fields such as phone identification code (ID),
timestamps (start_time and end_time), base station number (base), base station longitude
(lng), and base station latitude (lat). Figure 1b illustrates the spatial distribution of mobile
base stations in Nanjing. The signal data undergo preprocessing to derive daily effective
trajectory data for each user. This process involves removing duplicate and missing entries
and merging drift and ping-pong data to extract individual activity sequences, which
include fields such as ID, timestamps, base, lng, lat, and dwell time. Additionally, this
article includes data on Nanjing industrial parks, land use, POI, and road network, obtained
from official websites of various industrial parks, land use change investigation, Gaode
Map, and Open Street Map, respectively. Considering data availability and the consistency
of collection timing, all these data were gathered in 2020. These data sources are used to
reflect the characteristics of industrial park attributes, land use, public service facilities,
and transportation facilities in Nanjing. The detailed information of the data is shown in
Table 2.

Table 2. Sources and types of data.

Data Name Data Sources Data Formats

Mobile phone signaling data China Mobile csv

POI data Gaode Map (https://lbs.amap.com/)
(accessed on 31 December 2020) shp

Road network
OpenStreet Map
(https://www.openstreetmap.org/)
(accessed on 31 December 2020)

shp

Industrial park data Refer to the official website of the
industrial park and manually vectorize excel

Land use data Survey data of land use change in Nanjing
in 2020 shp

2.3. Methods
2.3.1. Jobs–Housing Community Identification

The recognized process of commuting OD is shown in Figure 2. The first step is to
identify stopping points. Initially, the trajectory points are assessed based on the time
difference and speed between adjacent points. If the time difference exceeds 40 min,
the point is classified as a definite stopping point; if it falls between 10 and 40 min, it
is considered a possible stopping point; otherwise, it is labeled a displacement point.
Additionally, a new field called “stay type” is added to each trajectory point to indicate
its type. Next, it is determined whether adjacent continuous stopping points should be
merged. All points are categorized as definite stopping points, possible stopping points, or
displacement points. If two consecutive trajectory points are identified as stopping points
and the distance between them is less than 800 m, they are merged. This process is repeated
for all continuous stopping points until no points in Pi meet the merging conditions. The
third step involves checking whether definite stopping points need to be merged. If fewer
than two definite stopping points remain after the second step, the process proceeds to
step four. If there are more than two stopping points, the spatial relationship between
adjacent definite stopping points is evaluated. If the spatial constraint is satisfied, the
two stopping points are merged; otherwise, no action is taken. In the fourth step, the
final determination is based on the distance between each possible stopping point and the
preceding and following definite stopping points. For each possible stopping point, its
distance from the previous definite stopping point is calculated to determine if it satisfies
the spatial constraint dqi. If it does, the point is identified as a stopping point; otherwise, it
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is classified as a displacement point. Finally, the commuting origin (O) and destination (D)
points are obtained.

Figure 2. Identification process of a jobs–housing community.

Next, the user’s residence and work locations are identified. Firstly, data during
working days are selected based on the analysis of the user’s spatio-temporal travel map
and the residential characteristics of residents. To determine the user’s place of residence,
we look for the base station where the user has the longest stay time between 0:00 and 7:00
with an average daily stay time of exceeding two hours. For work location identification,
we only consider the most common 8-hour work system and employment centers formed
by employed people with fixed workplaces, accounting for differences in employment
and travel patterns. Data are processed according to this rule, selecting 9:00–11:00 and
14:00–16:30 on working days to identify the point with the maximum daily stay time and a
daily average stay time of more than two hours at a base station. To eliminate the possibility
of mistaking a permanent residence for a work location, we exclude any base station within
400 m of the mobile phone user’s home during the day and night. Commuting patterns
non-routine commuting patterns, such as cases where the residence and work locations are
the same or the work location is not fixed, are excluded from consideration.

Finally, commuting origins and destinations (OD) are identified by calculating the
distance between the user’s residence base station and work base station, along with the
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potential origins (O) and destinations (D) for each trip. A distance threshold of 800 m
is established; if the distance between the user’s residence base station and O, as well
as the distance between the work base station and D, both satisfy the condition of being
less than 800 m, this trip is classified as a commuting OD. Otherwise, it is classified as a
non-commuting OD.

2.3.2. Jobs–Housing Balance Evaluation

A well-balanced community should strive to be “self-contained”, where residents
work within the same area to minimize long-distance travel and car usage and to promote
regional sustainability [45]. However, in reality, residents and workers in a region do
not always overlap completely. A single evaluation perspective may overlook important
residential or occupational characteristics that are relevant to the region. As a result, Home-
based Self-Containment (HSC) and Work-based Self-Containment (WSC) were developed
to assess the employment–residential relationship of both sides within the designated
evaluation unit [46]. Therefore, based on relevant research, this paper uses two indicators,
HSCi (resident commuting index) and WSCi (employee commuting index), to measure the
job–housing balance of industrial parks from both the perspectives of employment and
residence [26,39]. The formula for calculation is as follows:

HSCi = 1 − Outward commuting
Total number of residents locally

WSCi = 1 − Inward commuting
Total number of workers locally

The formula includes two indicators: HSCi and WSCi. HSCi represents the con-
tribution of the residential population in industrial parks to non-outward commuting,
while WSCi represents the contribution of the employed population in industrial parks
to non-inward commuting. These indicators aim to investigate whether the residential or
employed population in the industrial park chooses to work or live outside the park. A
higher HSCi indicates that more residential population in the industrial park works inside
the park, while a higher WSCi reflects that more employed population in the industrial
park lives inside the park. These indicators demonstrate the industrial park’s ability to
provide job opportunities and living facilities, as well as the convenience of commuting
for the residential and employed population in the local area. A region’s employment and
residential relationships can only be considered balanced when both HSCi and WSCi are
relatively high.

Coupling coordination models are commonly used to examine the interactions and
coordination among multiple systems. The extent of interaction between these systems is
quantified by the “coupling degree” [47]. The closer the relationship between systems, the
higher the coupling degree, leading to greater mutual influence. The “coordination degree”
measures the consistency and cooperation among subsystems or components within a
system. A higher coordination degree indicates a more harmonious internal operation and
greater alignment of goals. The “coupling coordination degree” assesses the quality of
coupling in the interactions between systems, reflecting the overall effectiveness of their
coordination [48,49]. In this study, we will utilize the coupling coordination model to assess
the relationship between employment and residence in industrial parks. The model is
structured as follows [50]:

D =
√

C × T

The coupling coordination degree, denoted as D, ranges from 0 to 1. A D value of
1 signifies that the systems have achieved the highest degree of coupling, while a value
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of 0 indicates the lowest degree of coupling. The coupling degree, represented by C, is
calculated using the following formula [51]:

C = 2

√
U1 × U2

(U1 + U2)
2

The values of HSCi and WSCi are denoted by U1 and U2, respectively, and the correla-
tion coefficient C ranges between 0 and 1. The coordination index, T, is calculated using the
formula T = aU1 + bU2, where a and b are the contribution coefficients of HSCi and WSCi,
respectively. As both subsystems are equally significant, a and b are both set to 0.5. Based
on previous studies [52–54], the coupling coordination degree is classified into 10 levels
(Table 3).

Table 3. Classification criteria of coupling coordination degree.

D-Value
Interval

[0.0~0.1) [0.1~0.2) [0.2~0.3) [0.3~0.4) [0.4~0.5) [0.5~0.6) [0.6~0.7) [0.7~0.8) [0.8~0.9) [0.9~1.0]

Level of
coordi-
nation

1 2 3 4 5 6 7 8 9 10

Type of
coordi-
nation

Extreme
disorder

Severe
disorder

Moderate
disorder

Mild
disorder

Borderline
disorder

Sue for
coordi-
nation

Primary
coordi-
nation

Moderate
coordi-
nation

Good
coordi-
nation

Excellent
coordi-
nation

2.3.3. Exploring the Factors Influencing Commuting

The geographical detector model (GDM) is a spatial statistical analysis method that
enables the exploration of correlations and degrees of influence between geographic phe-
nomena [55]. GDM is primarily employed to comprehend complex relationships in spatial
data and to identify the interactions between spatial variables [56]. The outcomes of GDM
are quantified using q-values, as demonstrated in the formula [57]:

qx= 1 − ∑L
h=1 Nhσ

2
h/Nσ2

The spatial correlation between X and Y is measured using qx, while h ranges from
1 to L, where L denotes the layer of factor X (sub-region or sub-category). N and Nh
represent the sample size of the study area and each layer h, respectively. Additionally,
σ2 and σ2h represent the variance of Y in the entire area and each layer (h), respectively.
The qx value ranges from 0 to 1, indicating the degree of influence of X on Y. A higher
q-value indicates greater consistency between the coupling coordination of the industrial
park and the corresponding factor’s spatial distribution, suggesting that Xn has a more
significant impact on the coupling coordination. This study takes the dependent variable
(Y) as the coupling and coordination results and selects eleven independent variables (X)
from four aspects: park attributes, land use, public service facilities, and transportation
facilities, combined with previous research on commuting impact factors (Table 4) [33,58].
GDM was utilized to explore the factors influencing commuting within industrial parks in
Nanjing [59].

Table 4. Types of dependent variables.

Type Variable Variable Name Unit Measuring Method

Y Coupling coordination
level /

The coupling coordination degree is calculated by the
coupling coordination degree model and divided
into 10 levels by combining the division interval of
the coupling coordination degree value.
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Table 4. Cont.

Type Variable Variable Name Unit Measuring Method

Park Attributes

X1 Park grade /

Combined with the data on the official website of
each industrial park, it is divided into three levels:
national industrial parks, provincial industrial parks,
and municipal industrial parks.

X2 Park area km2

Combined with the data from the official website of
each industrial park, the scope of each industrial
park is identified, and the size of the area is
calculated with the help of ArcGIS.

X3
Compatibility of
dominant industry
type and residence

/

Combining the data from the official website of each
industrial park and judging based on the type of
industrial park, the Economic Development Zone has
the highest compatibility, the High and New
Technology Industrial Development Zone is medium,
and the Chemical Industrial Park Development Zone
is the lowest.

X4
Number of companies
and research
institutions

/ Obtained from POI data statistics.

X5 Permanent residents /

Based on the mobile phone signaling data, the
population that meets the conditions of long-term
residence (average daily length of stay is longer than
480 min, and the number of days of residence in the
sample is not less than 9 days) or long-term work
(average daily length of stay is longer than 480 min,
and the number of days of work in the sample is not
less than 9 days) is counted as the permanent
population of the base station.

Land use

X6 Land use mix /

Based on the 2020 Nanjing Land Use Change Survey
data, the Shannon Diversity Index metric is used [60],
using the formula:
Diversity = −ΣPjln Pj(j = 1, 2, ···, n), where Pj
indicates the proportion of the jth type in the
industrial park, and the land use types include
17 categories, such as arable land, parkland,
woodland, grassland, and wetland.

X7 Percentage of
residential land /

The area of residential land in each industrial park is
calculated based on the data of the Nanjing Land Use
Change Survey in 2020 and divided by the area of the
industrial park.

Public service facilities

X8 Integrated medical
density per km2

The number of general hospitals in each industrial
park, including health stations, was obtained by
counting the number of general hospitals in the
industrial park based on POI data and dividing it by
the area of the industrial park.

X9 Secondary and below
density per km2

Based on the POI data, the number of secondary
schools and below in the industrial estates, excluding
vocational schools, was counted and divided by the
area of the industrial estates.

Transportation facilities

X10 Density of public
transport stops per km2

The number of public transport stops in industrial
parks is counted based on POI data and divided by
the area of the industrial park.

X11 Road network density km/km2
The total length of roads at all levels in each park is
calculated from the road network data and divided
by the area of the industrial park.
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The interaction detector is a tool utilized to identify and evaluate the interaction effect
between distinct explanatory variables. It assesses whether the joint effect of two factors
increases or weakens the explanatory power of the dependent variable, or whether these
factors possess independent effects on the dependent variable.

3. Results

3.1. Characteristics of Commuting
3.1.1. Distribution of Employment and Residential Population

Referring to Figure 3, the ranking of the residential population in different industrial
parks corresponds with that of the working population, indicating a positive correla-
tion between the two. The top six industrial parks, each with a population exceeding
100,000, significantly outperform other parks. NHTZ leads with a residential population
of over 500,000, while NJNAITRIP has the smallest residential population, with fewer
than 10,000 residents. JDZ and NHTZ also have the largest working populations, both
surpassing 300,000, whereas BHTZ has the smallest working population at 13,402.

 

Figure 3. Residential and working population in various industrial parks.

JDZ, NHTZ, CNSV, and NJHTIDZ, which are situated in the heart of Nanjing, have a
larger residential and working population compared to industrial parks located further
from the central urban area. The primary reason for this is that the central urban area is
highly urbanized, with a high population density and advanced economic and industrial
functions. The built environment is more developed, and land development is more inten-
sive, making it a crucial area for carrying out urban core functions. Therefore, industrial
parks situated in the central urban area have better industrial development and urban
functions, thus attracting more residential and working populations.

3.1.2. Commuting Disparities across Different Industry Parks

The amount of outward and inward commuting in industrial parks is shown in
Figure 4. NHTZ stands out with the largest outward commuting volume, exceeding
20,000 commuting trips, while NCIP has the smallest outward commuting volume, with
only 177 commuting trips. JDZ has the largest inward commuting volume, with over
20,000 commuting trips, and BDZ has the smallest inward commuting volume, with
1367 commuting trips. Interestingly, thirteen industrial parks have larger inward commut-
ing numbers than outward commuting numbers, while only three industrial parks, namely
NHTZ, NJHTIDZ, and CLTIP, have larger outward commuting numbers. This pattern is
mainly due to the weak degree of employment self-sufficiency in most industrial parks,
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resulting in a mismatch between jobs and housing. As a result, they are unable to fulfill
their internal employment needs and must seek job opportunities in other industrial parks.

Figure 4. Comparison of commute quantity in different industrial parks.

Generally, national and municipal industrial parks experience higher volumes of both
outward and inward commuting, while provincial industrial parks tend to have lower
commuting volumes. As depicted in Figure 4, commuting volumes in most national and
municipal industrial parks surpass those of provincial industrial parks. This is largely
attributed to their larger scale and the more favorable policy conditions and development
opportunities that higher-level parks enjoy. Additionally, the type of industrial park in-
fluences people’s employment choices. High-tech industrial development zones have the
highest commuting volume, with high numbers of both outward and inward commuting,
followed by economic development zones, whereas chemical industrial parks have the
lowest volume. Moreover, there are disparities in the gap between outward and inward
commuting due to the different dominant industries and functional types in different types
of industrial parks. For example, high-tech industrial development zones are primarily
innovation centers and bases for high-tech research and development, while economic de-
velopment zones are mainly new urban areas that balance production and living functions.
Chemical parks focus primarily on production functions, resulting in different functional
needs and employment opportunities that affect commuting in industrial parks. Therefore,
compared to others, the living function of high-tech industrial parks is weaker, leading
to a higher volume of outward commuting than inward commuting in NHTZ, NJHTIDZ,
and CLTIP.

3.1.3. Spatial Distribution of Commuting Flow Disparities across Different Industry Parks

Figure 5 provides a clear visualization of the outward and inward commuting flows
in each industrial park. The scale distribution of outward and inward commuting flows is
uneven, with a higher proportion of small-scale commuters and a lower proportion of large-
scale commuters. Short-distance commuting remains dominant, and large-scale commuting
flows are mostly concentrated on the shortest straight-line distance between industrial
parks that are far apart. Commuting flows of different scales are intertwined between
industrial parks and are highly concentrated in the central urban area, with an overall
spatial distribution that resembles a network shape of “dense in the center and sparse on the
periphery”. Regarding outward commuting flows, NETDZ, JDZ, CNSV, NJHTIDZ, CLTIP,
and NNTSTP are the main destinations for outward commuting populations, and most
of them involve large-scale commuting flows due to their favorable geographical location.
Inward commuting flows are primarily attracted to JD Z, CNSV, NNTSTP, NCIP, NETDZ,
and NJHTIDZ, again due to their central location and complete residential and employment
functions. It is worth noting that JGEDZ, which is located far from the center, has fewer
outward commuting flows, and residents in the industrial park tend to commute less to
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work outside the park. Nonetheless, some workers still choose to commute long distances
to work in the park, although short-distance commuting remains dominant, providing
employment opportunities for the residents near the industrial park and covering a large
area of Gaochun District.

Figure 5. Spatial distribution of commuting across different industrial parks. (a) Outward flows and
(b) inward flows.

3.2. Level of Jobs–Housing Balance
3.2.1. HSCi and WSCi Value

Overall, the HSCi and WSCi values for the 16 industrial parks were relatively high,
with both exceeding 0.80, indicating that these parks can better satisfy the needs of local
residents for work and housing (Figure 6). HSCi values range from 0.91 to 0.99, with
the highest values of HSCi being observed in NETDZ, NCIP, BDZ, PEDZ, JGEDZ, LEDZ,
and NJNAITRIP. Among these, seven parks, including two national, four provincial, and
one municipal industrial park, all scored above 0.96, indicating strong employment self-
sufficiency. This means that a larger population residing in these industrial parks can find
work within the park. The smallest HSCi values were observed in BHTZ, XHTDZ, and
NNTSTP, all below 0.93, indicating that the majority of the population residing in these
three industrial parks work outside the area, with weak employment self-sufficiency.

The WSCi results range from 0.82 to 0.97, with high values distributed in NHTZ, BDZ,
NJHTIDZ, and CLTIP. Of these, one national industrial park, one provincial industrial park,
and two municipal industrial parks, all scoring above 0.93. This indicates that these four
industrial parks have strong self-sufficiency in terms of residence, meaning that a large
proportion of the population working in these parks can settle within the parks. Conversely,
the WSCi in BHTZ, XHTDZ, and NNTSTP are still the smallest, consistent with HSCi, all
below 0.85. This suggests that the self-sufficiency of residents in these four industrial parks
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is weak, meaning that the population working in these parks mostly comes from outside
the area. Additionally, their small size greatly influences this trend.

Figure 6. Jobs–housing balance in Nanjing Industrial Park.

As depicted in Figure 7, the areas with high HSCi and WSCi values do not entirely
overlap, but they are adjacent in space. Industrial parks with higher HSCi and WSCi values
are mainly situated on the periphery or outskirts of the central urban area. Furthermore,
low-value areas are often adjacent to high-value areas, which could be industrial parks
with superior living and working conditions. These parks have similar or comparable
industrial distribution to smaller industrial parks in the surrounding region, but due to
more comprehensive functions, better infrastructure, and more favorable development
conditions, workers tend to congregate in these industrial parks, resulting in a relatively
unbalanced between job and housing in smaller industrial parks. However, it is important
to note that although NJNAITRIP has a small area, it is situated in the central urban
region on the north bank of the Yangtze River and is not adjacent to any larger industrial
parks. Consequently, the park’s inhabitants naturally prefer convenient commuting, which
contributes to its designation as a high-value area for HSCi.

3.2.2. Coupling Coordination Degree of Jobs–Housing

As shown in Figure 8, except for NCIP, BHTZ, and NNTSTP, C values of other indus-
trial parks exceed 0.8, indicating a high level of coupling and strong interaction between
systems in Nanjing’s industrial parks. The distribution of the system’s D value in each park
ranges from 0.16 to 0.93, with an average of 0.68. The T value between each park varies
significantly, and the overall curve is below the C and D value curves, with a maximum of
0.87 and a minimum of 0.04. Coordination levels range from severe disorder to excellent
coordination, with 13 industrial parks having a coordination level of 5 (borderline imbal-
ance) or above, including BDZ, PEDZ, and LEDZ, with BDZ scoring the highest coupling
coordination degree of 0.93. These industrial parks often have higher coordination indices,
indicating better coordination between systems and more harmonious internal operations.
Three industrial parks are below level 5, indicating an imbalanced state, with BHTZ having
the lowest coupling coordination degree of only 0.16. National industrial parks have a
relatively higher coupling coordination degree, while the coupling coordination degree of
provincial and municipal industrial parks varies greatly.
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Figure 7. Spatial distribution of HSCi and WSCi in Nanjing Industrial Park. (a) HSCi. (b) WSCi.

Figure 8. Trend diagram of coupling coordination degree.

3.3. Factors Affecting Commuting
3.3.1. Divergence and Factor Detection

After running the GDM, we obtained the factor detection results shown in Figure 9.
The factors with the highest q values are X10 (density of public transportation stations),
X2 (park area), and X6 (land use mix). These three factors have the strongest spatial
correlation with the coupling coordination degree of work and residence in industrial
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parks. The density of public transportation stations and park area are good indicators of
the development level and current scale of the industrial park, while the land use mix can
reduce the commuting needs of employees by obtaining the land value within the same
size range. X9 (density of junior high schools and below) follows closely, as schools are
essential residential supporting facilities that can attract more families to settle down. They
are also a major consideration for people choosing to work and live in the industrial park.
Furthermore, X11 (density of road network) also has a significant q value, as the density of
road network is an important factor in measuring transportation convenience, which has a
significant impact on the coupling coordination degree of work and residence in industrial
parks. The three factors with the lowest q values are X5 (resident population), X1 (park
level), and X4 (number of companies and research institutions), indicating that these factors
have a relatively small impact on the coupling coordination degree of work and residence
in industrial parks.

Figure 9. Results of geographical detector factors.

3.3.2. Interaction Detection

The results of the interaction detector reveal that the impact of each factor is not
independent. Instead, they exhibit a dual-factor or nonlinear enhancement, wherein the
interaction between any two factors is greater than the explanatory power of a single factor.
This suggests that the work–residence relationship in Nanjing’s industrial parks is formed
by the interplay of multiple factors. To visualize this, we used a heat map in Origin to
reflect the interaction detection effect of the impact factors on the coordination degree of
work–residence coupling in Nanjing’s industrial parks. Figure 10 illustrates that the darker
the red, the stronger the interaction effect, with the strongest being X1 (park grade)∩X10
(density of public transportation stations), reaching 0.95. Additionally, X3 (compatibility
between dominant industries and residence)∩X10 (density of public transportation stations)
reached 0.934, and X2 (park area)∩X9 (density of secondary schools and below), X2 (park
area)∩X7 (residential land use ratio), and X6 (land use mix)∩X7 (residential land use ratio)
also reached 0.926. In the factor detection results, the interaction between the significant
factors X10 (density of public transportation stations), X2 (park area), X6 (land use mix),
and other factors is relatively strong, and the interaction between X10 (density of public
transportation stations) and all factors is the most frequent. This further indicates that
the coherence of the employment and residential systems is the result of the synergy of
employment units, transportation convenience, park size, and housing conditions, and the
explanatory power after interaction is higher.
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Figure 10. Driving factors interact with heat maps.

4. Discussion

4.1. Commuting Pattern of Industry Parks in Nanjing

Based on the HSCi and WSCi values of Nanjing’s industrial parks and by considering
the relative size of the two and the results of coupling coordination, these parks can
be classified into three categories based on commuting patterns: employment-oriented,
residence-oriented, and employment–residential balanced industrial parks (Figure 11).

Figure 11. Quadrant map of commuting patterns.

The employment-oriented park is the NHTZ. Its WSCi is higher than the HSCi, sug-
gesting that many employees in the park do not live in this region and that “residence” is
scarcer than “employment”. Employment-oriented parks primarily serve workers from
outside the park, offering more job opportunities and attracting more commuters, making
them more employment-focused. The coupling coordination between employment and
residence is well coordinated, indicating a high degree of balance between the two.
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The residential-oriented industrial parks include JDZ, NETDZ, NCIP, XHTDZ, BHTZ,
BDZ, PEDZ, JGEDZ, NLEDZ, LEDZ, NJNAITRIP, CNSV, and NNTSTP. These parks exhibit
a higher HSCi than WSCi, suggesting that the job opportunities within them are inadequate
to meet the demands of local residents, who must therefore look for employment outside
the parks. “Employment” is scarcer than “residence” in these areas. Residential-oriented
industrial parks primarily cater to the needs of park employees and, compared to other
parks, offer fewer job opportunities and have fewer commuters, making them more geared
towards residential purposes. Among them, three are national, all provincial, and three
municipal industrial parks. The overall coordination of employment and residential func-
tions in industrial parks is relatively balanced, with ten parks at a primary coordination
level or above, but three are in a state of disorder.

The employment–residential balanced industrial parks are CLTIP and NJHTIDZ. Their
HSCi and WSCi are similar and at a medium level, indicating that the residents within
the park can basically find employment opportunities within the park itself. Employment–
residential balanced industrial parks have a strong level of self-sufficiency, with a relatively
balanced population of working and living residents. Both of them are municipal indus-
trial parks with intermediate and good coordination degrees, respectively. The coupling
coordination degree of employment and residence is generally good.

4.2. Factors Influencing the Jobs–Housing Balance

Based on the findings of geographic detectors, the factors that impact the employment–
residential balance in industrial parks can be classified into three categories: park size, land
allocation, and level of service facilities. Among these factors, park size has an impact on
both work and residential commuting within the industrial park. On one hand, larger
industrial parks can accommodate more enterprises, thus providing more job opportunities
and reducing external commuting, leading to improved commuting indices for the residents
and addressing employment issues within the park. On the other hand, larger industrial
parks can incorporate multiple functions, including production and living, effectively
addressing the housing needs of the working population within the park.

The impact of land allocation is primarily reflected in factors such as land use mix
and the proportion of residential land use. Both of these factors are the combined results
of industrial park construction and related land use policies. Land use mix indicates the
allocation status within industrial parks, and the richer the types of land use, the more
comprehensive the functional types of industrial parks. This improves the quality of life for
residents in the industrial park, attracts more workers, and helps to promote the balance
between work and residence. Additionally, a higher proportion of residential land use
signifies a greater allocation of housing within the industrial park. This allows the park to
offer more housing options, accommodate a larger population, and effectively improve the
commuting index, thereby reducing long-distance commutes.

The level of service facilities is primarily indicated by the density of public transporta-
tion stops, schools, road networks, and comprehensive medical facilities. The density of
public transportation stops and road networks significantly affects the transportation con-
ditions of industrial parks. Conversely, the density of schools and comprehensive medical
facilities impacts the overall service level of these parks, thereby influencing commuting
distances and times. Improved transportation conditions and service facilities within in-
dustrial parks will attract a larger working and residential population, promoting a better
balance between employment and living conditions.

The results of the interactive detector indicate that the combined effect of two or
more factors significantly influences the employment–residential relationship in industrial
parks, more so than any single factor alone. The interactions of various influencing factors
reveal that the relationship between work and residence in industrial parks is complex and
intertwined. This complexity arises from the direct impact of these individual factors on the
employment–residential relationship, which in turn enhances the influence of other factors.
The interrelatedness of these factors can indirectly affect the employment–residential
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relationship, ultimately amplifying their overall impact. For example, the q value of the
interaction between park grade and the density of public transportation stops is as high as
0.95, underscoring the significant effect of this interaction on the employment–residential
relationship. Higher park grades, greater development, and more robust infrastructure can
attract larger residential and employment populations, effectively alleviating commuting
issues, reducing long-distance travel, and promoting a better balance between employment
and residence in industrial parks.

4.3. Inspiration for Industrial Park Planning

In many industrial parks, rush hour traffic congestion has become a significant trans-
portation and social issue, posing an important obstacle to achieving sustainable develop-
ment. The study of commuting patterns in Nanjing’s industrial parks has led to several
recommendations for the planning and construction of these parks. Firstly, it is necessary
to promote the diversified development of industries in various industrial parks, especially
the diversified development of chemical industry parks, to create diverse employment
opportunities and meet the differentiated employment needs of the residents. Residential-
oriented industrial parks should adopt this strategy to increase job positions and offer more
employment options, thereby effectively reducing outward commuting. When employment
opportunities within industrial parks can fully meet the needs of the resident population,
residents are more likely to choose to work within the parks to reduce commuting costs.
Secondly, it is particularly important to improve the overall level of service facilities in
industrial parks. While meeting the production and development needs of industrial parks,
it is crucial to enrich and improve the functional types of the parks, providing high-quality
living environments and public services for both the working population and surrounding
residents. For example, meeting the needs of families with children for schooling, reducing
commuting time, facilitating medical treatment, etc. This will attract more residential
population, and workers in the park will choose to live in the park, reducing the need
for long-distance commuting. For employment-oriented industrial parks, it is essential to
adopt these strategies to enhance their urban functions, thus making their functional types
more comprehensive. This can also improve the quality of life for the residents in these
industrial parks and provide more living conveniences for the surrounding communities.
Additionally, it is essential to optimize land allocation and improve land layout, increase the
degree of land use mix, and enhance the urban functions of industrial parks. By integrating
industry with urban development, functional land should be allocated around industrial
areas to create comprehensive new cities that combine industrial and residential facilities.
Furthermore, the supply of supporting facilities must be tailored to meet industry demands.
Strengthening the provision of land that aligns with the spatial preferences of the industrial
population is crucial, as is improving the compatibility of land use to satisfy the needs of
diverse groups. By implementing these strategies, industrial parks can evolve from purely
industrial zones into integrated industrial communities and ultimately into comprehensive
new cities.

5. Conclusions

This study utilizes mobile signaling data to identify commuting OD in various in-
dustrial parks and compares the distribution of working and residential populations, as
well as commuting spatial distribution differences among different types and levels of
industrial parks. Two commuting index indicators, HSCi and WSCi, are used to measure
the employment–residence balance in industrial parks. Moreover, a coupling coordination
degree model is employed to measure the interaction relationship and coordination degree
of the employment–residence system in each industrial park. Lastly, using geographic
detectors, this study explores the influencing factors of commuting balance in industrial
parks and examines the interactive effects of various factors. This study summarizes the
commuting patterns of industrial parks in Nanjing, analyzes their main influencing factors,
and provides relevant suggestions for the future planning and construction of industrial
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parks. This study has three main findings: (1) The residential and working populations
are primarily concentrated in industrial parks located in the central urban area of Nanjing.
Inward commuting is more prevalent than outward commuting in most industrial parks.
National and municipal industrial parks exhibit a higher degree of inward and outward
commuting as compared to provincial industrial parks. High-tech industrial development
zones demonstrate the highest level of commuting, followed by economic development
zones, while chemical industrial parks exhibit the least. The distribution of outward and
inward commuting flows is uneven, with a larger proportion of small-scale commuters
accounting for total commuting, primarily in short-distance commuting. Different scales
of commuting flows are intertwined among various industrial parks, with a highly con-
centrated central urban area generally forming a network-like distribution with a “central
dense, peripheral sparse” pattern. (2) The job–housing systems in various industrial parks
are in a highly coupled stage, and those with high HSCi are more likely to have high
WSCi. Both residents and employees enjoy favorable living and working conditions, with
housing and job opportunities better suited to their needs within these industrial parks.
The coupling coordination of industrial parks ranges from 0.16 to 0.93, with coordination
levels ranging from excellent coordination to severe disorder. Nanjing’s industrial parks are
categorized into three types: employment-oriented, residential-oriented, and employment–
residential balanced, with the residential-oriented type being predominant. (3) The balance
between employment and residential in industrial parks is the outcome of multiple factors
interacting in three areas: park size, land allocation, and level of service facilities. Among
these factors, the density of public transportation stops, park area, and land use mix have
greater explanatory power. Conversely, the impact ranking of industrial park level, number
of companies and research institutions, and permanent population is the lowest. Industrial
parks with larger scale, more housing opportunities, and higher levels of service facilities
are more likely to achieve coordination in the employment–residential system. For different
commuting modes, industrial park planning and construction can be strengthened by
realizing diversified development of industrial parks, improving the overall level of service
facilities, and optimizing land allocation to promote the integration of industry and the city.

This study utilizes mobile phone signaling data to identify commuting patterns, which
provides a more precise spatial resolution and larger sample size than traditional small-scale
travel surveys. This approach offers detailed commuting flows from home to work, making
it more suitable for studying the relationship between work and residential areas. Moreover,
examining commuting patterns in specific areas, such as industrial parks, can provide
valuable insights into their transformation and upgrading as well as solutions to commuting
problems. This will further promote the integration of industry and cities, enhance residents’
well-being, and facilitate the high-quality development of industrial parks. However, this
study has some limitations. The mobile base station coverage range selected for this study
is between 100 m and 3 km, making it challenging to identify work and residential areas
within the same coverage, which could result in lower commuting resolution and possible
errors. Therefore, in the next step, multi-source big data, such as Tencent location data, can
be combined to further investigate commuting patterns in industrial parks. This will help
to gain a deeper understanding of issues like spatial mismatch and separation between
work and residential areas, leading to a more comprehensive understanding of commuting
patterns in industrial parks.
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