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Abstract: Urban green infrastructure construction and economic growth are necessary ways and
important supports to promote sustainable development. Exploring their coupling coordination
relationship is important for achieving high-quality economic development. This study uses the
entropy method, coupling coordination degree, kernel density estimation, the Dagum Gini coefficient,
and spatial autocorrelation to explore the spatial-temporal pattern characteristics and coupling
coordination relationship between green infrastructure construction and economic development
for 273 cities in Chinese mainland in 2010-2020. The results show that the level of China’s green
infrastructure construction and economic development gradually increased during 2010-2020. There
were significant regional differences in space, exhibiting a decreasing spatial pattern from east to
west. The coupling coordination degree was constantly improving. The overall Gini coefficient
shows an upward trend. Among the four regions, eastern China has the greatest intraregional
variation. The uneven level of coupled coordination is mainly from interregional variation. There
was a significant positive spatial autocorrelation relationship, and cities that had a higher degree
of coupling coordination tended to agglomeration development. Meanwhile, it also had certain
spatial heterogeneity. China’s entire level of coupling coordination degree still has much room
for improvement. The study is of great significance in reducing disparities between regions and
strengthening regional spatial coordination development.

Keywords: green infrastructure construction; economic development; coupling coordination; the Dagum
Gini coefficient; spatial autocorrelation; sustainable urban development

1. Introduction

Green infrastructure is a new concept based on ecological theory [1]. Its application
practice can date back to the appearance of early urban parks in the West in response
to the social and ecological impacts of the Industrial Revolution [2,3]. It describes an
interlinked network of green spaces consisting of natural regions and artificially constructed
green open spaces designed to improve overall environmental quality and provide public
utility services [4,5]. Some scholars have also argued that it is reflected in the ecological
transformation of traditional infrastructures, including road engineering, drainage, energy,
solid waste treatment systems, and so on [6]. Scholars have conducted a large number
of research on green infrastructure and have widely applied it to formulate policies for
sustainable development [7]. Relevant research disciplines mainly focus on environmental
sciences and urban studies [8], and the research hotspots mainly focus on exploring its
impacts on regulating climate change, reducing environmental pollution [9], mitigating the
heat island effect [10], biodiversity conservation, green roofs, and rainwater management.
The theoretical approaches include the green infrastructure assessment tool, the cost-
benefit analysis assessment methodology, the ecological performance of urban-rural space
utilization, and morphological spatial pattern analysis methods [11-14]. Wang, Y.Z. [15]
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used circuitscape software to further optimize the urban green infrastructure network
pattern. The research field of green infrastructure has been deepening with the gradual
maturation of research methods and tools and the extensive use of remote sensing and GIS
technologies. Most scholars focus on green space or landscape change at the municipal or
regional scale when they examine the spatial-temporal variation of green infrastructure and
its motivating elements [16-18]. Green infrastructure has gained widespread popularity to
cope with the negative impacts of urbanization, and its economic viability has attracted
discussions among scholars, investors, and urban planners.

The relationship between urban green infrastructure construction and economic
growth is interconnected and mutually beneficial. Green infrastructure can provide a
livable environment for urban residents [19] and reduce energy consumption and resource
wastage [20]. In addition, it can also attract high-quality talents and high-tech enterprises,
optimize the economic and industrial structure, increase employment opportunities [21],
save urban management costs, and drive the prosperous growth of the regional economy
and society. Meanwhile, a thriving urban economy can provide financial security and
technical support for further green infrastructure. So, they form a virtuous circle. However,
traditional economic development models often overlook environmental considerations,
leading to environmental degradation that, in turn, hinders economic growth, creating
a vicious cycle. In essence, the coupling and coordination of urban green infrastructure
construction and economic growth are pivotal in addressing environmental challenges and
propelling high-quality economic development. Neglecting this crucial link will result in
environmental deterioration, stunted economic progress, and diminished urban competi-
tiveness, ultimately undermining sustainable urban development. Therefore, it is essential
to integrate these two aspects seamlessly and advance them together to achieve sustainable
urban development goals.

In the majority of current studies about the connection between green infrastructure and
economic development, they focus on the financial advantages of urban green infrastructure
construction and its impact on economic and social development. In order to attract invest-
ment and promote rational urban planning and construction, UNEP-WCMC recommends
estimating the economic worth of landscape resources [22]. Scholars have employed vari-
ous methods to evaluate the economic worth of green infrastructure investments, such as
cost-benefit and multiplier analysis [23], the total economic value evaluation model [24], and
input-output analysis. Galvin [25], for example, using data from a survey of GI construction
firms, determined annual, direct GI investment and constructed an input-output model to
estimate indirect and induced economic impacts at the regional scale. Some studies have also
found that urban green infrastructure investment has an important influence on the real estate
and commercial markets [26], promoting residents’ consumption willingness and driving
urban economic growth and regional development. Other studies have investigated the
influence mechanism of green infrastructure on urban or rural economic growth. Researchers
have employed dynamic panel and simultaneous equation models, spatial Dubin models, and
spatial econometric models to analyze this relationship. For instance, Zhou Qiang [27] uses
the fixed asset investment in infrastructure construction, such as landscaping, sewage sludge
treatment, and city appearance and environmental sanitation, to measure the construction
of urban environment and green infrastructure, explores its impact mechanism on the high-
quality development of urban economy. He Minwen [28] developed a comprehensive green
infrastructure evaluation system encompassing five key aspects: area, allocation, intensity,
accessibility, and morphology. This system also considered the specific characteristics of
different spaces (mountains, waterfronts, and roads) to assess their individual GI levels. To an-
alyze the relationships between urban function and development levels and the construction
level of green infrastructure, He employed grey correlation degree and coupling coordination
degree methods. This approach allowed for a comprehensive understanding of the degree
of mutual interaction and interdependence between these elements. Cui Y [29] selected five
indicators to reflect the level of green infrastructure, including forest coverage, wetland area,
natural protection areas, landscaping rate, and per capita park area. The coupling coordina-
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tion degree model was used to evaluate and compare the coordinated development levels
among industrialization, environmental carrying capacity, and green infrastructure in the
Beijing-Tianjin—Hebei region. Zhang Feng [30] established a more comprehensive evaluation
index system for green infrastructure based on the economic, social, and ecological functions
of green infrastructure. The entropy weight method and technique for order preference by
similarity to the ideal solution (TOPSIS) model were used to determine the evaluation index
weight, and the clustering method was used to analyze the form factors of the multifunctional
value of green infrastructure in different regions. Peng BH [31] also makes use of the entropy
method, coupled coordination degree model, and spatial auto-correlation analysis to explore
the external correlation and internal relationship between the environment and the economy
from the perspective of coupling coordination.

While the economic benefits and influence mechanisms of green infrastructure have
been extensively studied, there’s a growing need to understand the intricate coupling
and coordination relationship between green infrastructure construction and economic
growth. Previous studies often lack a comprehensive spatial-temporal analysis, failing to
capture the dynamic interplay between green infrastructure and economic development
across different regions and time periods. This requires a more holistic perspective that
considers the spatial-temporal interactions and interdependencies between these two key
factors. This study contributes to the existing literature by delving deeper into the complex
coupling and coordination relationship between green infrastructure construction and
economic growth, a crucial aspect often overlooked in existing studies.

In order to more specifically study the coupling and coordination relationship between
green infrastructure construction and economic development, this study selected 273 cities
on the Chinese mainland from 2010 to 2020, considering data availability, and adopted
a comprehensive methodological approach that integrates multiple techniques. First of
all, this paper selects representative green infrastructural construction indicators and
economic development indicators to construct the evaluation index system of the two
systems, respectively. The entropy value method is used to measure the development level
of the two and carry out a comparative analysis to analyze the external influence of each,
respectively. Secondly, based on the establishment of the coupling coordination degree
model, the intrinsic correlation between the two is explored from the perspective of time
and space. Finally, by combining various spatial analysis techniques, such as kernel density
estimation, Dagum Gini coefficient and its decomposition, and spatial autocorrelation, we
are able to analyze the spatial distribution, concentration, regional differences, and spatial
heterogeneity of the degree of coupling and coordination between Chinese cities, providing
a multi-dimensional understanding of the coupling and coordination relationship. This
study is helpful in realizing the synergy between green infrastructure construction and
economic development under the background of promoting Chinese modernization and
building a beautiful China where man and nature live in harmony. Additionally, it is also of
great significance in promoting sustainable urban development and high-quality economic
growth, enhancing residents” environmental comfort, and facilitating the construction of a
livable, green, resilient, intelligent, and humanistic city.

2. Materials and Methods
2.1. Study Area

China has been split into four major economic regions: eastern China, northeast-
ern China, central China, and western China (Figure 1), based on the new situation of
future development strategies. Eastern China, leveraging its coastal advantages, has
propelled high levels of economic development and urbanization. The three eastern ur-
ban agglomerations—the Beijing—Tianjin—Hebei region, the Yangtze River Delta, and the
Pearl River Delta—serve as the core engines of China’s economic growth. The Shandong
Peninsula urban agglomeration, a key development area for Shandong Province, is also
a significant urban concentration in eastern China. Northeast China, in contrast, faces
challenges in economic revitalization and environmental sustainability, making it a crucial
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area for studying the relationship between green infrastructure and economic development.
Central China plays a critical role in connecting the east and west, focusing on industrial
development and agricultural production. The Middle Reaches of the Yangtze River urban
agglomeration, spanning across Hubei, Hunan, and Jiangxi provinces, is a key area for driv-
ing the development of the Yangtze River economic belt and promoting the rise of central
China. Its significant position underscores its importance in China’s overall economic and
social development landscape. Western China, experiencing rapid economic growth and
infrastructure development, presents unique opportunities for sustainable development
strategies. The Chengdu-Chongqing urban agglomeration is a prominent example of this
growth in the western region. The study focuses on mainland China and excludes Hong
Kong, Macau, and Taiwan due to data availability constraints. Some cities in mainland
China were also excluded from the study due to a lack of statistical information. Nine
cities, including Ankang in Shaanxi Province, Bijie, Tongren, and Liupanshui in Guizhou
Province, Lincang and Yuxi in Yunnan Province, as well as Wuwei, Jiuquan, and Zhangye
in Gansu Province, had missing data on green infrastructure investment in some years,
which the study supplemented with linear interpolation using data from the remaining
years. The final sample involved 273 cities at the prefecture level and above in China.
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Figure 1. Map of China: (a) four major economic regions of China and (b) distribution of all cities in
the study area and the major cities and urban agglomerations.

2.2. Data Sources

Relevant statistical data on cities from 2010 to 2020 can be obtained from the Statistical
Yearbook of Chinese Cities and the Statistical Yearbook of Urban Construction of China issued by
the Ministry of Housing and Urban-Rural Development. The Ministry of Natural Resources’
standard map service system provided the vector map data utilized in the study.

2.3. Methods

Figure 2 shows the research framework. Firstly, the entropy method was used to
measure the level of 273 Chinese cities” green infrastructure construction and economic de-
velopment in 20102020 based on the indicator systems that were established. The temporal
evolution and spatial pattern distribution characteristics of both were explored separately.
Secondly, the excellence of each city’s synergistic relationship between green infrastructure
and economic development was evaluated using the coupling coordination degree model.
Thirdly, the distribution evolution trend, regional variations, and spatial correlation of the
coupling coordination degree were examined using kernel density estimation, the Dagum
Gini coefficient and decomposition, and spatial autocorrelation. Finally, the results are
discussed, and recommendations are made for typical regions.
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Figure 2. Research framework.

2.3.1. Building the Indicator System

Following the principles of comprehensiveness, scientificity and data accessibility, and
learning from the relevant literature research [27,32], this study chose 11 indicators from
the three dimensions of drainage facilities, city appearance and sanitation, and landscaping
in 273 cities in mainland China to characterize the urban green infrastructure construction

level. Five indicators were chosen to characterize the urban economic development level
(Table 1).

Table 1. Evaluation index system of green infrastructure construction and economic development level.

Category of

System Analysis

Indicator

Density of sewers
Drainage facility Wastewater treatment rate
Investment in sewerage
Domestic garbage treatment rate
Investment in environmental sanitation
Area of parks and green space
Green coverage rate of the built district
Green space rate of the built district
Public recreational green space per capita
Number of parks
Investment in landscaping construction

Per capita GDP
Gross regional product
Level of economic development Economic development Proportion of tertiary industry in regional GDP
Local general public budget revenue
Local general public budget expenditure

City appearance and sanitation
The level of urban green
infrastructure construction

Landscaping
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2.3.2. The Entropy Method

The entropy method has become a common method for the comprehensive evaluation
of system development [33]. The entropy method was employed in this study to measure
all indicators weights of green infrastructure and economic development and make a
comprehensive evaluation. The measurement unit of each indicator was usually not
uniform. Firstly, the data were standardized by range standardization, and then each
indicator’s weight was calculated. The specific formulas were as follows:

1 n
Ej= —mi; pijIn p; 1)
i
Pl = b))
L Xij
i=1
b — 1—E; 3)
] m
Y 1-— E]-
=1
m
Ui = Z w]-xl-j (4)
j=1

where Xjj is the standardized data,  is the number of samples, m is the number of indicators,
Pjj is the probability of the j value of the i-th city to the sum of all the sample values of
the indicator, E; is the information entropy of the j-th indicator, w; is the weight of the
j-th indicator, and Uj is the comprehensive score of each system (i.e., green infrastructure
construction or economic development).

2.3.3. The Coupling Coordination Degree Model

The coupling degree is often used to assess the degree of connection, interdependence,
and mutual influence among separate systems [34]. In order to examine the excellence
of the synergistic relationship between green infrastructure and economic development
in each city, the study applied the coupling coordination degree model. The calculation

formulas are as follows:
vV Ul X UQ
C=2x T ———= 5
U, + Uy ©®)

T = al; + Bl (6)
D=vVCxT )

where U is the comprehensive score of the urban green infrastructure construction, and
U, is the comprehensive score of the urban economic development. C represents the cou-
pling degree between the two, T is the coordination index, D is the coupling coordination
degree between the two, « and f are the coefficients of green infrastructure and economic
development, respectively, and a + § = 1. In this study, it is considered that urban green
infrastructure and economic development are equally important in the process of social
development, so « = f = 0.5. Depending on the size of the D value, the coupling coordi-
nation degree is subdivided into five grades (Table 2), with references to pertinent study
material [35-37].



Land 2024, 13, 1095

7 of 21

Table 2. Coupling coordination degree classification standards.

D Value Interval of Coupling Coupling Coordination

Coordination Grade

Coordination Degree Degree
[0.0~0.2) 1 Serious imbalance
[0.2~0.4) 2 Mild imbalance
[0.4~0.6) 3 Marginal coordination
[0.6~0.8) 4 Moderate coordination
[0.8~1.0] 5 Excellent coordination

2.3.4. Kernel Density Analysis

A nonparametric technique for estimating probability density functions is kernel
density estimation [38]. It operates by interpolating a surface through discrete sample
points, effectively replacing histograms with smooth density curves. This approach offers
a more accurate and smoother depiction of a variable’s distribution pattern, leveraging
its superior statistical properties. The study analyzed the distribution pattern and change
trend of the coupled coordination degree in Chinese cities using kernel density estimation.

F) = o LK) ®

K(x) = \/lzinexp<—x22) )

where 1 is the number of study areas, & is the bandwidth, x is the mean value, X; is the i-th
data point, K(x) is the kernel function, and the Gaussian kernel function is chosen for this
study, and f(x) denotes the density function of the coupling coordination degree.

2.3.5. Dagum Gini Coefficient and Its Decomposition

In order to reveal the size of the spatial differences and their sources in Chinese cities,
the Dagum Gini coefficient and its decomposition method were utilized to measure the
overall differences, intra-regional differences, inter-regional differences, and contribution
rate of the coupling coordination degree. The calculation formulas are as follows [39]:

iy
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SP o o oUE) B oP b op o U1 S
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=
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J— 16
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where G is the overall Gini coefficient, k is the total number of regions, and #; (1) is the
number of cities in region j(h). y;; (ysr) denotes the coupling coordination degree of any
city in region j(h) and v is the mean. jh=1,2,3,...,kir=1,2,3,..., nj(nh). P]- = n]-/n,
Sj = njyj/ny. Gj is the intra-regional Gini coefficient, Dj, represents the interaction of
coupled coordination degree values between regions, dj, measures the disparity of values
between regions, and pj, represents the hypervariable first-order moments. F;(Fj) represents
the cumulative distribution function of the coupled coordination degree values for region
j(h), Gjy, is the inter-regional Gini coefficient, Gy, is the intra-regional variation, G is the
inter-regional variation, and G; is the hypervariable density.

2.3.6. Spatial Autocorrelation

Spatial autocorrelation is a statistical method that can be used to analyze the degree of
geographical difference and spatial correlation between regions. In spatial econometrics,
there are many methods for testing the degree of spatial dependence. The method that
is frequently employed is Moran’s I statistic. This study was implemented using ArcGIS
10.6 and its associated spatial analysis tools. The analysis assessed both global and local
spatial autocorrelation, revealing the spatial correlation characteristics of the coupling
and coordination degree between urban green infrastructure construction and economic
development.

3. Results
3.1. Spatial-Temporal Pattern Analysis in Green Infrastructure Construction

During 2010-2020, China’s overall level of urban green infrastructure construction
remained weak, showing an annualized increased tendency (Figure 3). The national average
level was 0.0242 in 2010 and increased to 0.0378 in 2020. The urban green infrastructure
construction level in eastern China increased progressively from 0.0385 to 0.0572 above
the national average. There was a small gap in central and western China, and their
green infrastructure construction level were both showing a fluctuating upward trend and
below the national average. However, the urban green infrastructure construction level
in northeastern China was extremely slow, and the gap with other regions has gradually
widened since 2013.

From 2010 to 2020, the urban green infrastructure construction level in China varied
significantly by area, and the regional differences were gradually expanding (Figure 4).
In 2010, only Beijing, Shanghai, Guangzhou, Shenzhen, and Dongguan were considered
first-tier cities, and by 2020, there were additional cities such as Tianjin, Nanjing, Wuhan,
Chengdu, Chongging, and Xi’an. Most of these cities were located in China’s Yangtze
River economic belt and coastal economic belt, which had higher levels and quality of
development and had taken the lead in strengthening green infrastructure construction.
There were 23 second-tier cities in 2020, mostly provincial capitals. With faster economic
development levels and higher urbanization levels, these cities were gradually improving
their urban public service facilities and municipal utilities. In 2020, the number of third-tier
cities increased to 110, mainly distributed in eastern China, around the first and second-tier
cities, reflecting the obvious spatial proximity effect and gradually forming a cross-regional
green infrastructure network. The number of fourth-tier cities gradually decreased from
205 to 129, and the scale and development level of green infrastructure in these cities were
relatively low. As a whole, in terms of green infrastructure, the Beijing—Tianjin—Hebei,
Yangtze River Delta, and Pearl River Delta city clusters in eastern coastal China were
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the most developed regions, while the remote cities in central and western China were
relatively backward.

The green infrastructure construction level The economic development level
0.14
—=&— China
0.12 + —@— The eastern China
—A— The central China
0.10 —w— The western China
i —&— The northeast China
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2015 2020 2010 2015 2020
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Figure 3. Temporal variation of green infrastructure construction level and economic development
level in various regions of China.
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Figure 4. Spatial distribution pattern of green infrastructure construction in 2010 and 2020.

3.2. Spatial-Temporal Pattern Analysis in Economic Development

During 20102020, there was a consistent growth tendency and notable regional vari-
ances in China’s urban economic development (Figure 3). The national average level of
urban economic development increased from 0.0342 to 0.0778. Eastern China’s economic
development level grew at the quickest pace, from 0.0554 in 2010 to 0.1267 in 2020, surpass-
ing the national average, which had the fastest growth rate from 0.0554 in 2010 to 0.1267
in 2020, exceeding the national average. The urban economic development level was also
growing slightly in central and western China. The central cities were slightly ahead of the
western cities. Northeastern China’s economic development level increased comparatively
steadily from 2010 to 2013. By 2014, it began to stagnate and gradually lagged behind other
regions.

From 2010 to 2020, the urban economic development gap in China gradually widened,
and the economic development level showed a declining spatial pattern from east to
west (Figure 5). There were only 18 cities in 2010 whose economic development level
exceeded 0.0825 in China, of which the top three were Shanghai (0.3892), Beijing (0.3271),
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Economic development level
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0.9168

and Shenzhen (0.1901). By 2020, the overall economic development level grew significantly.
The first-tier cities were Shanghai (0.9168), Beijing (0.7894), and Shenzhen (0.5567). The
second-tier cities were scattered in provincial capitals or important central cities like Tianjin,
Wuhan, Changsha, Nanjing, Suzhou, Hangzhou, Guangzhou, Chengdu, and Chongging.
The third-tier cities were mainly clustered in Beijing-Tianjin-Hebei, Shandong Peninsula,
and the Yangtze River Delta urban agglomerations in eastern coastal China and scattered in
central, western, and northeastern China. There were 214 cities in the fourth tier, accounting
for 78.4% of the total, indicating that regional economic development was not balanced
and that there was a significant wealth gap in China.

Economic development level
[ INo data

[J0.0071 - 0.0824

I 0. 0825 - 0.1857
Blo. 1858 - 0.4415 ¢
0. 4416 - 0.9168

Figure 5. Spatial distribution pattern of economic development in 2010 and 2020.

3.3. Spatial-Temporal Characteristics of Coupling Coordination between Green Infrastructure
Construction and Economic Development

3.3.1. Results of the Coupled Coordination Degree

The calculations found that most of the cities in China have a high degree of coupling
(0.8 < C < 1), except for individual cities such as Quanzhou and Yulin. However, there were
significant differences in the coupling coordination degree of Chinese cities, ranging from
0.09 to 0.81.

For the period 2010 to 2020, the coupling coordination degree of Chinese cities was
gradually improving (Figure 6). In 2010, there were no cities with excellent coordination or
moderate coordination, and the average coupling coordination degree was 0.156. Among
the 273 cities, only Beijing, Shanghai, Guangzhou, and Shenzhen were marginally coordi-
nated, and the coupling coordinated relationship between green infrastructure construction
and economic growth was still in the breaking-in period. Thirty-four cities were mildly
imbalanced, mainly the capital cities of various provinces, and the spatial aggregation char-
acteristics were not significant. The seriously imbalanced cities accounted for about 86.1%.
In 2012, Chonggqing rose to the stage of Marginal coordination, while a small number of
cities that had previously exhibited serious imbalances gradually moved towards a state of
mild imbalance. In 2014, Beijing took the lead in developing moderate coordination. Tianjin
and Nanjing also transformed into marginally coordinated cities. Cities that transitioned
from serious imbalance to mild imbalance were mainly located in the Shandong Peninsula
and Yangtze River Delta urban agglomerations. In 2016, as a national central city, Beijing
took the lead in achieving excellent coordination as its economic development and green
infrastructure construction grew simultaneously and developed rapidly. Shanghai had
also successfully transformed itself into moderate coordination. In 2018, Beijing’s economy
was still growing, but investment in the construction of urban drainage and sanitation
facilities was reduced, and its green infrastructure level declined and shifted to moderate
coordination. In 2020, the average coupling coordination degree improved to 0.214, and
the proportion of seriously imbalanced cities continued to shrink. The number of mildly
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imbalanced cities continued to rise, and the scope gradually expanded from the developed
urban agglomerations along China’s eastern coast to the inland area.

Coupling coordination degree
[ INo data
[ Serious imbalance
[ Mild imbalance

[1Marginal coordination

Coupling coordination degree
[ INo data
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] Marginal coordination
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- . R b

Coupling coordination degree
[ INo data
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[ Marginal coordination

[ Moderate coordination

Figure 6. Spatial pattern evaluation of coupling coordination degree.

3.3.2. Dynamic Distribution of Coupling Coordination Degrees

The distribution evolution trend of the coupling coordination degree was examined
using kernel density estimation. The kernel density curve (Figure 7) has only one peak and
does not seem to be multipolar. The fact that the center is near the 0 side suggests that most
Chinese cities have poor coupling coordination. As time goes on, the curve progressively
moves to the right, and the coordination degree rises. The height drops, and the breadth
expands, indicating that the differences in urban development across regions are widening.
The right side of the curve is trailing, and there are individual cities with high levels of

coordinated development.
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Figure 7. Kernel density curve.

3.3.3. Spatial Variation and Sources in Coupling Coordination Degrees

The overall variation in the coupling coordination degree among Chinese cities shows
an upward trend, with a mean Gini coefficient of 0.180 (Table 3). Within the four major
regions, there are significant geographical variations. Figure 8 shows that East China
exhibits the largest internal disparity, with a mean Gini coefficient of 0.198. The overall
trend of change is expanding, with initial spikes and subsequent declines, indicating
that the phenomenon of imbalance in development within the region is more serious.
This is followed by West and Northeast China. Their intra-regional differences in the
coupling coordination degree are relatively small and decrease in fluctuation. Finally,
central China has the lowest Gini coefficient, indicating that it has the smallest intra-
regional differences. However, it is expanding annually, and the intra-regional difference
in coupling coordination degree is increasing.

Table 3. Sources of regional variation and their contribution.

Intra-Regional Gini Coefficient Inter-Regional Gini Coefficient Contribution Rate (%)

Year Overall E- C- W- Intra- Inter- Hypervariable
East Central West  Northeast E-C E-W NE C-W NE NE Regional Regional yl%ensity
2010 0.177 0.191 0.091 0.157 0.141 0.196 0.237 0211 0.134 0121 0.154 23.840 46.557 29.604
2011 0.179 0.194 0.092 0.157 0.153 0.199 0.239 0213  0.135 0127 0.161 23.803 46.341 29.856
2012 0.176 0.192 0.099 0.152 0.153 0.193 0.230 0.206 0.135 0.131 0.158 24.139 44.606 31.255
2013 0.180 0.203 0.101 0.155 0.147 0.200 0.234 0.213 0.137 0.128 0.154 24.502 43.626 31.872
2014 0.180 0.203 0.102 0.155 0.141 0.199 0.233 0.218 0.138 0.127 0.150 24.604 43.814 31.582
2015 0.178 0.199 0.104 0.153 0.136 0.198 0.229 0.225 0.136 0.128 0.145 24.535 44.958 30.507
2016 0.182 0.202 0.107 0.154 0.131 0.201 0.232 0.239 0.137 0.133 0.145 24472 46.903 28.625
2017 0.180 0.201 0.112 0.145 0.140 0.197 0.227 0.236 0.134 0.141 0.145 24.522 46.032 29.446
2018 0.183 0.200 0.111 0.148 0.135 0.200 0.234 0.250 0.137 0.142 0.146 24.158 48.994 26.848
2019 0.181 0.196 0.117 0.144 0.130 0.194 0.228 0.251 0.138 0.150 0.144 24.221 49.603 26.176
2020 0.182 0.196 0.115 0.147 0.137 0.195 0.228 0.252 0.137 0.151 0.149 24.154 48.057 27.789
averages 0.180 0.198 0.105 0.152 0.140 0.197 0.232 0.229 0.136 0.134 0.150 24.268 46.317 29.415

Notes: E-C is east—central; E-W is east-west; E-NE is east-northeast; C-W is central-west; C-NE is central-
northeast; W-NE is west-northeast.

In terms of inter-regional Gini coefficients, E-W and E-INE had the largest inter-
regional differences, with mean values of 0.232 and 0.229. E-C came next, with a mean
value of 0.197. There were lesser inter-regional variations in W-NE, C-W, and C-NE.
Therefore, the inter-regional variations in the coupling coordination degree were mainly
driven by the inter-regional variations in E-W, E-NE, and E-C. In terms of time trends, the
inter-regional Gini coefficients in E-W and W-NE showed a fluctuating downward trend,
the Gini coefficients in E-C and C-W were comparatively stable, and the Gini coefficients
in E-NE and C-NE were rising significantly.

The three main sources of coupling coordination degree differences contribute to
a relatively stable situation, with interregional differences accounting for about 46% of
overall spatial differences. The contribution rate of hypervariable density fluctuates around
29%, and the contribution rate of intra-regional differences is the lowest, at about 24%.
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In Chinese cities, there has been an inconsistent degree of coupled coordination between
green infrastructure construction and economic development during the period 2010-2020,
mainly due to interregional differences.
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Figure 8. Spatial variation and sources of coupled coordination.

3.3.4. Spatial Correlation Characteristics of Coupling Coordination Degree

In this study, the global Moran’s I value of the coupling coordination degree between
urban green infrastructure construction and economic development was calculated by
ArcGIS 10.6 to analyze spatial autocorrelation characteristics as a whole (Table 4). The values
of the global Moran’s I index for 2010-2020 were positive and passed the test of significance
(p < 0.01). This demonstrated that there was salient positive spatial autocorrelation in the
coupling coordination degree. The Moran’s I value in 2010 was the largest in recent years.
It gradually declined in fluctuation from 2010 to 2017, reaching a low of 0.1465, indicating
that the spatial aggregation trend of the coupling coordination degree gradually attenuated
during this period. It gradually increased from 2017 to 2020, and the spatial aggregation
trend was slowly enhanced again.

Table 4. Global spatial autocorrelation of coupling coordination degree.

Year Moran’s I Value z Value p Value
2010 0.1776 7.8754 0.0000
2011 0.1726 7.6461 0.0000
2012 0.1652 7.3187 0.0000
2013 0.1773 7.8718 0.0000
2014 0.1621 7.2480 0.0000
2015 0.1685 7.5039 0.0000
2016 0.1567 7.0395 0.0000
2017 0.1465 6.5682 0.0000
2018 0.1551 6.9350 0.0000
2019 0.1595 7.1301 0.0000
2020 0.1700 7.5293 0.0000

The global spatial autocorrelation is only capable of determining whether or not the
coupling coordination degree is aggregated throughout the research region and cannot
reflect the local spatial correlation characteristics. There may be some cases in which the
autocorrelation of some local areas is opposite to the overall autocorrelation. Therefore, this
study tested and evaluated the local spatial autocorrelation of urban coupling coordination
degree. Figure 9 presents a Local Indicators of Spatial Association (LISA) aggregation
map of the coupling coordination degree over the years, revealing the spatial patterns of
clustering and dispersion in urban coupling coordination across China.
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Figure 9. LISA agglomeration map of coupling coordination degree.

From 2010 to 2020, the local spatial aggregation characteristics of China’s urban
coupling coordination degree were remarkable. High-low outlier and low-high outlier
cities were both in extremely modest numbers, while high-high cluster and low-low cluster
cities predominated. In 2010, there were 40 high—high cluster cities, with the majority of
them situated in eastern coastal urban agglomerations such as Beijing—Tianjin—Hebei,
Shandong Peninsula, Yangtze River Delta, and Pearl River Delta. The majority of the 43
low—low cluster cities were in Northwest and Southwest China, the Three-River Plain
Economic Zone, and the Central Plains Urban Agglomeration. Twelve low-high outlier
cities were dispersed on the periphery of the high accumulation area, which confirmed
the decreasing trend of coupling coordination degree from China’s coast to inland. In
central and western China, provincial capitals, including Lanzhou, Xi’an, Zhengzhou,
Wuhan, Chengdu, Guiyang, Kunming, and Nanning, were among the 11 high-low outlier
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cities. The types of spatial clustering did not change significantly in 2012. The low-low
cluster cities in southwestern areas shrank in 2014. By 2016, 39 low—low cluster cities
had been identified, and the additional cities were mainly located in Northeast China.
The high-low outlier cities decreased in central and western China, such as Wuhan and
Liuzhou, while it added Harbin and Shenyang in Northeast China. In 2018, Kunming
and Guiyang in the southwest region were also no longer the high-low outlier cities. By
2020, the number of high—low outlier cities continued to shrink, such as Chengdu and
Zhengzhou, indicating that the spatial heterogeneity of urban coupling coordination degree
had steadily weakened, and regional cities had gradually developed in a balanced way in
central and western China.

4. Discussion
4.1. Modeling Perspective

Urban infrastructure construction is the material basis for ensuring the normal opera-
tion and healthy development of cities. It also contributes significantly to the achievement
of urban economic transformation, raises the standard of living for citizens, and reduces
security threats. China once constructed extensive urban grey infrastructure, such as roads,
bridges, trains, and water conservation projects, in order to prioritize achieving its eco-
nomic development goals. It also reclaimed large tracts of farmland, which resulted in
the destruction of some animal habitats and urban ecosystems, as well as a number of
environmental pollution issues and urban diseases that made it difficult for cities to grow
sustainably. In the rapid urbanization process, the traditional development path of blind
expansion, low-density sprawl, and high costs urgently needs to be changed, promoting a
more intensive land use pattern. Simultaneously, green infrastructure construction is an-
other essential element in facilitating the development of cities and communities [36], and
it has become a central issue in contemporary urban sustainable development. The urban
economic development influences the planning of green infrastructure. The enhancement
of technical proficiency and long-term upkeep are prerequisites for putting green infrastruc-
ture’s functions into practice. Its administration and technical advancement demand large
financial outlays [37]. Therefore, urban green infrastructure construction and economic
development are part of a complex system of mutual influence and common development.
There is a need to use modeling approaches to effectively assess the level of development
of both as well as to better understand their interactions from a coupled perspective.

The study finally chose the entropy method to make a comprehensive evaluation of
green infrastructure construction and economic development. Its advantage is that it uses
an objective weighting approach to establish the indicator weight in accordance with the
information supplied by data for each indicator, eliminating the subjectivity caused by
subjective weighting and resulting in more accurate and effective findings. In this study,
green infrastructure construction not only includes public infrastructure with ecological
service functions in the city but also includes the government’s financial investment in the
management and maintenance of facilities, which can reasonably assess the level of green
infrastructure construction. Numerous representative indicators are also chosen in the
process of evaluating the level of urban economic development, including regional GDP,
the percentage of tertiary industry, local general public budget revenue and expenditure,
and so on. Coupling coordination degree models have been widely used to assess the
interactions between multiple resources or systems [40—42]. At present, certain academics
have constructed the coordination relationship model between green infrastructure and
other systems, such as industrialization [29] and land use eco-efficiency [43]. This study
tries to construct a coupled coordination model of urban green infrastructure construction
and economic development. At the same time, the study acknowledges certain limitations
and future research directions. The study’s focus on China, while providing valuable
context for the country’s unique urban development trajectory, may not fully represent the
diverse contexts and challenges faced by cities globally. Future research could consider
supplementing investigations into the social dimension of sustainable development, in-
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cluding the role of public participation and community engagement in green infrastructure
development. This would involve exploring the intricate relationship between green infras-
tructure construction and both economic and social development. Conducting comparative
studies across diverse regions and countries would be instrumental in understanding
the varying relationships between green infrastructure and economic development, as
well as identifying best practices and transferable solutions. Addressing these limitations
and exploring these avenues for further research could lead to a more comprehensive
understanding of the complex interplay between urban green infrastructure and economic
development, ultimately contributing to more effective and equitable sustainable urban
development practices globally.

4.2. Coupling Coordination Relationships between Green Infrastructure Construction and
Economic Development

During 2010-2020, China’s urban green infrastructure and economic development
levels were both growing, mainly as a result of national efforts to promote energy conser-
vation, reduce emissions, and implement sustainable urban development. However, it
was evident that economic development was expanding more quickly across all regions
and surpassing the level of green infrastructure construction. The calculations found that
most of the cities in China have a high coupling degree. It demonstrates that green infras-
tructure construction and economic development in Chinese cities are strongly correlated,
and economic development has a greater impact on green infrastructure construction [44].
At the same time, the importance of urban green infrastructure in promoting economic
development should also be recognized by policymakers and practitioners. However, there
were significant differences in the coupling coordination degree. Most Chinese cities have
poor coupling coordination. It experienced a progressive rise in 2010-2020. The number of
seriously imbalanced cities gradually decreased, and they gradually developed into mild
imbalanced cities. The marginally coordinated and moderately coordinated cities were also
increasing. There were significant spatial discrepancies across regions. Cities in eastern
coastal China had a much higher coupling coordination degree than cities in other areas,
eventually establishing a spatial structure characterized by a decreasing trend from east
to west.

The urban green infrastructure construction in eastern China is developing faster than
in other regions. This demonstrated that the green infrastructure construction level in areas
with more advanced economic development was also higher. In eastern coastal China, the
three major urban agglomerations of Beijing—Tianjin—Hebei, the Yangtze River Delta, and
the Pearl River Delta had high economic development levels and strong spillover effects on
neighboring cities. They also had a developed modern industrial base, a comprehensive
infrastructure, and rich human resources, all of which were crucial to China’s economic
growth. As a result, they were taking the lead in strengthening green infrastructure
construction. Cities such as Beijing, Shanghai, Guangzhou, and Shenzhen were constantly
improving their green infrastructure construction while experiencing rapid economic
growth. They had led the way in obtaining moderate coordination. However, compared
with other eastern Chinese cities, they have developed faster and have a higher degree of
coupled coordination, which has led to a gradual increase in intra-regional differences in
eastern China. It may also be attributed to this that the greatest inter-regional differences
are found between eastern China and the other three regions. The Central Plains Urban
Agglomeration and urban agglomeration in the middle reaches of the Yangtze River, with
Zhengzhou and Wuhan as their core cities, were accelerating development and had become
the primary forces supporting central China’s strategic rise. The western China had a
weak economic foundation and a limited economic base. The Chengdu—-Chongqing city
cluster had been elevated to a national strategy, which was continuously promoting the
financial expansion of western China. They also strived to continuously improve their
economic development levels and gradually focus on green infrastructure investment and
efficiency. Their coupling coordination degree gradually improved, but there was still
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a certain gap with the cities in eastern coastal China. The overall economic weight in
Northeast China steadily decreased as the focus of regional economic growth shifted from
China’s coastal port cities to inland province capitals. The level of green infrastructure
construction and economic development is low and lags significantly behind other regions.
The primary causes were population decline, especially the lack of young people and
scientific and technological talents. Secondly, the development of advantageous industries
was hindered, and the development vitality was insufficient in some resource-exhausted
cities and traditional industrial and mining areas. These excessive disparities in conditions,
such as the economic environment, were gradually extending the inter-regional differences
in urban coupling coordinated development in east-northeast and central-northeast. It
also confirms that the sluggish economic development in Northeast China had a certain
impact on urban green infrastructure construction.

The coupling coordination degree showed a noticeable positive spatial autocorrelation.
In other words, cities that possessed higher coupling coordination degrees tended to
agglomerate development. The local spatial aggregation characteristics of China’s coupling
coordination degree were very significant during 2010-2020. The urban agglomerations in
eastern coastal China, such as Beijing-Tianjin—-Hebei, Shandong Peninsula, Yangtze River
Delta, and Pearl River Delta, were always in the high-high cluster area. The low-low
cluster cities were mostly situated in China’s central, western, and northeastern areas.
Meanwhile, there was also a certain amount of spatial heterogeneity within the region. As
the economic and political centers of the provinces, the provincial capital cities in central and
western China had more development opportunities and had a higher degree of coupling
coordination compared to neighboring cities, so they showed spatial heterogeneity. Spatial
heterogeneity was diminishing over time and these cities were gradually developing in a
balanced way. However, the opposite was true for Northeast China, where their spatial
heterogeneity gradually increased. Harbin, Shenyang, and Changchun were the core
cities of the three Northeast China provinces. Their green infrastructure construction
and economic development were more synchronized and had a relatively high coupling
coordination degree. However, their spillover effect was insufficient, and the neighboring
cities still lagged in development, resulting in a local polarization effect. Ultimately, the
research validates that despite the continuous development and coordinated expansion of
Chinese cities throughout all regions, there are still enormous disparities in urban policies,
investments, institutions, resources, and other aspects. These all have an impact on how
green infrastructure construction and economic development are coupled and coordinated.
China’s entire level of coupling coordination degree still has much room for improvement.
The regional disparity needs to be broken down, and regional spatial coordination should
be strengthened.

Developed countries like the United States, which build green spaces, greenways, and
gardens in their cities, have considered green infrastructure as a key strategy for improv-
ing urban sustainability [45]. As federal, state, and local governments incorporate green
infrastructure into their infrastructure plans, it not only provides stormwater management
and well-being benefits but also creates jobs and adds value to the regional economy at a
scale comparable to established industries [25]. However, Wong, SM [46] found that the
annual maintenance cost of green infrastructure in New York City exceeded its annual
economic value, resulting in a long investment payback period. This highlights the need
to carefully consider economic, social, and environmental aspects when implementing
green infrastructure projects. In countries with limited space, such as Norway, Denmark,
Sweden, and the UK, innovative approaches have emerged. Instead of constructing new
parks and green spaces, they are integrating vegetation into existing infrastructure through
green walls, green roofs, and street trees. This offers valuable lessons for China, demon-
strating the potential for flexible and space-efficient green infrastructure strategies. Mature
economies with strong sustainability commitments, like Germany and Sweden, often place
a greater emphasis on green infrastructure investment and its integration with economic
development, providing valuable lessons for China. However, many developing nations
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are still in the early stages of adopting green infrastructure concepts and practices. In
rapidly developing economies like India or Brazil, the coupling coordination relationship
between green infrastructure and economic development might differ due to variations in
economic structures, urbanization rates, and environmental regulations. For instance, in
the Sao Paulo Macrometropolis, Brazil, the uneven allocation of funds for infrastructure
projects across different cities has led to environmental injustices regarding green and
blue infrastructure. To address this, research suggests promoting sustainable tourism
development and providing financial incentives for environmental protection, fostering
sustainable development among municipalities [47]. Discussions of the study for Pakistan
found that the economic and environmental benefits of green infrastructure far outweigh
its construction costs and operating expenses [48]. The primary reason for choosing green
infrastructure for investment is that it can help the economic growth process. The growth
rate in emerging and developing economies was higher at 5.4 percent in 2015 as compared
to 2.3 percent in developed economies in the same year [49]. This highlights the poten-
tial of green infrastructure to contribute significantly to economic and social progress in
developing nations. These international case studies demonstrate the development of
green infrastructure construction and its relationship to economic growth, highlighting
the need for tailored strategies based on local contexts. By learning from the experiences
of both developed and developing nations, China can refine its own approach to green
infrastructure development, fostering a sustainable and prosperous future.

4.3. Policy Implications

From the evaluation results of China’s urban green infrastructure construction level,
the investment in urban municipal infrastructure accounts for a larger weight. In order
to support urban green infrastructure and promote its coordinated development with
economic growth, the government should increase the investment in urban green infras-
tructure construction, encourage private capital participation in investment, and adopt
preferential policies, tax policies, and other ways.

Based on the advantages of regional resources and location conditions, cities in vari-
ous regions should rationalize urban green infrastructure construction and promote the
coordinated development of urban economic growth, green infrastructure construction,
and ecological environmental protection. Some heavy industrial cities in Northeastern
China have experienced delayed economic transformation, but their high-quality natu-
ral resources, such as forests and water sources and the manufacturing base, are crucial
advantages for the development of a green economy in the future. These cities should
focus on accelerating the digital, networked, and intelligent transformation of traditional
manufacturing industries, developing soft power industries with fewer cost inputs and
shorter payback cycles, and expanding the scale of urban green infrastructure in order to
accomplish mutual economic growth and environmental improvement.

Mechanisms for synergistic development between regional cities can be established.
The coupling coordination degree of China’s eastern coastal cities has always been in the
high—high cluster area. While continuing to promote their leading position in coordinated
development, these cities can support central and western China in achieving synergy
between green infrastructure and economic development through technology, capital, and
other factors. The high—low outlier cities in central China, including Zhengzhou, Wuhan,
Chongging, Chengdu, and so on, while accelerating their construction development and
forming agglomeration centers, should take the lead in spearheading the development of
neighboring cities and integrating and optimizing cross-regional resources. Special coordi-
nation agencies can be set up to promote information sharing and cooperation among cities,
help coordinate resources in various regions, and complete green infrastructure projects.
It helps to form a long-term cooperative relationship and then narrow the geographic
disparities in the coupling coordination of green infrastructure construction and economic
development.
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5. Conclusions

The study investigated spatial-temporal pattern characteristics of urban green infras-
tructure construction level and economic development level of 273 cities in the Chinese
mainland in 2010-2020 by constructing the evaluation indicator system and assessed spa-
tial differences and evolutionary trends in their coupling coordination relationships. The
following are the primary conclusions:

(1) The entire level of China’s urban green infrastructure construction and economic
development was gradually increasing from 2010 to 2020. The national average level
of green infrastructure construction had risen from 0.024 to 0.038. Urban economic
development level also increased from 0.034 to 0.078. There were obvious regional
differences, displaying a declining spatial pattern from east to west. China’s eastern
coastal developed cities and inland core cities had rapid economic development, and
their green infrastructure construction level was relatively high.

(2) From 2010 to 2020, the coupling coordination degree between China’s urban green
infrastructure construction and economic development gradually increased from
0.156 to 0.214. Regional disparities in space were apparent, and it was easy to observe
how spatial patterns had changed through time. The seriously imbalanced cities had
a higher proportion in China, but the number was gradually decreasing, as some of
them were slowly transformed into mild imbalances throughout the research period.
The number of marginally coordinated and moderately coordinated cities was less,
and it was also increasing year by year. Cities in eastern coastal China had a much
higher coupling coordination degree than cities in other areas, eventually establishing
a spatial structure characterized by a decreasing trend from east to west.

(38) The overall variation in the coupling coordination degree among Chinese cities shows
an upward trend, with a mean Gini coefficient of 0.180. Among the four regions, the
eastern China has the greatest intraregional variation. The uneven level of coupled
coordination is mainly from interregional differences. However, there are relatively
large inter-regional differences in east-west, east-northeast, and east-central.

(4) There was a significant positive spatial autocorrelation relationship in the coupling
coordination degree. Cities that had a higher degree of coupling coordination tended
to agglomeration development. The local spatial correlation test demonstrated sig-
nificant spatial aggregation, and high-high cluster and low-low cluster cities were
dominant. The high-high cluster area consistently covered the urban agglomerations
in eastern coastal China, such as Beijing-Tianjin-Hebei, Shandong Peninsula, Yangtze
River Delta, and Pearl River Delta, whereas the low—low cluster cities were mostly
situated in China’s central, western, and northeastern areas. At the same time, there
was also a certain amount of spatial heterogeneity within the region, and it was grad-
ually weakening. Cities in central and western China were gradually developing in
a balanced way. China’s entire level of coupling coordination degree still has much
room for improvement. The regional disparity needs to be broken down, and regional
spatial coordination should be strengthened.
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