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Abstract: The rapid development of urbanization and population growth in China has posed a
major threat to the green sustainable development of the ecological environment. However, the
impact of urbanization on the eco-environmental quality (EEQ) in China remains to be developed.
Understanding their interactive coupling mechanism is of great significance to achieve the urban
sustainable development goals. By using multi-source remote sensing data and the coupling co-
ordination degree model (CCDM), we intended to answer the question “What are the temporal
and spatial characteristics of urbanization and EEQ in China on the pixel scale during 2000–2013,
and what is the coupling mechanism between the urbanization and the EEQ?”. To answer these
questions, we explored the coupling mechanism between urbanization and the EEQ in China with a
combined mathematical and graphics model. The results show that the urbanization and the coupling
coordination degree (CCD) of the whole region continually increased from 2000 to 2013, especially
in the three major urban agglomerations, with a spatial distribution pattern that was “high in the
east and low in the west”. Most importantly, from 2000 to 2013, the CCD type of cities in China
gradually evolved from uncoordinated cities to coordinated cities. Additionally, the decisive factor
affecting the CCD from 2000 to 2013 was the development of urbanization, and the degree at which
urbanization had an impact on CCD was about 8.4 times larger than that of the EEQ. At the same
time, the rapid urbanization that has occurred in some areas has led to a significant decline in the
EEQ, thus indicating that China needs to increase its protection of the ecological environment while
pursuing social and economic development in the future. This study makes up for the deficiencies in
the existing literature and investigates the long-term coupling of the EEQ and urbanization in China,
thereby providing a new research perspective for the sustainable development of China and even the
world in the future.

Remote Sens. 2022, 14, 198. https://doi.org/10.3390/rs14010198 https://www.mdpi.com/journal/remotesensing

https://doi.org/10.3390/rs14010198
https://doi.org/10.3390/rs14010198
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0001-8292-3498
https://orcid.org/0000-0002-7620-4507
https://orcid.org/0000-0002-7163-6749
https://orcid.org/0000-0001-6460-053X
https://doi.org/10.3390/rs14010198
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/article/10.3390/rs14010198?type=check_update&version=3


Remote Sens. 2022, 14, 198 2 of 22

Keywords: M-RSEQI; DMSP; entropy method; coupling coordination degree model; remote sensing
data; urbanization

1. Introduction

Since the beginning of the current century, China has experienced a period of urbaniza-
tion that is unprecedented in human history. During this period, the speed of urbanization
development in China was approximately three times larger than the world average during
the same period [1,2]. Rapid urbanization has led to serious environmental problems, such
as the depletion of natural resources and the destruction of ecosystem services [3]. Severe
ecological and environmental problems restrict China from having a healthy economy and
societal development and threatens regional sustainable development [4–6]. In terms of
this increasingly severe eco-environmental situation, it is increasingly important to conduct
effective scientific research on monitoring the coupling of China’s eco-environment quality
(EEQ) and urbanization in order to ensure the realization of “China’s 2030 sustainable
development goals” [7].

Currently, research on EEQ assessment has made great progress [8]. In 1979, David
J. Rapport and Tony Friend firstly proposed the “pressure-state-response” (PSR) frame-
work [9], which reflects the relationship among natural, social, and economic factors from
the perspective of environmental protection and economic development, and this frame-
work has been widely used in EEQ assessment studies [8]. Based on the PSR framework,
the European Environment Agency (EEA) [10], the United States Environmental Protection
Agency (USEPA) [11], and the Council for Sustainable Development (CSD) [12] have all
proposed improved models for EEQ assessment in different regions. With the emergence of
the concept of sustainable development, research methods have gradually developed EEQ
assessment models that are based on sustainable development, and these models include
ecological footprint (EF) [13] and the environmental sustainability index (ESI) [14]. Through
summarizing existing studies, we found that previous research had two shortcomings.
First, the environmental assessments mainly focused on the assessment of ecological risks,
ecological effects, and ecological fragility and lacked a comprehensive assessment of the
overall EEQ of the region. Secondly, most of the studies relied heavily on panel statistical
data, which led to uncertainty in the study results due to the diversity of the sources of
panel statistical data. In terms of urbanization assessment, current research methods are
mainly based on panel statistical data that are implemented around different assessment
systems, similar to EEQ assessments [15–18]. Therefore, studies that evaluate urbanization
also have the two abovementioned shortcomings.

The rapid development of remote sensing sensors and the open access of massive
remote sensing data have greatly promoted Earth observation research on the regional
scale [19,20]. In 2020, Estoque (2020) elaborated on the status, challenges, and opportunities
of the remote sensing (RS) monitoring of the Sustainable Development Goals and pointed
out that remote sensing technology is an important environmental monitoring tool that
can help fill the gaps in environmental data [21]. For example, the RSEI model proposed
by Xu [22] in 2013 has been widely applied to assess the EEQ in different regions [23–25].
However, these studies often overlook an important principle, i.e., the definition of EEQ
should be evaluated on the basis of the entire territory of China. For example, the EEQ of the
Qinghai–Tibet Plateau calculated by the RSEI index is not comparable with that of the Loess
Plateau. Secondly, many studies have found that the application of the RSEI index on a large
scale has larger uncertainty, especially in regions with abundant land cover types, which
creates a gap in the current research on remotely sensed EEQ assessments in China [26].
Remote sensing technology has also made great progress in the quantitative assessment
of urbanization. Currently, urbanization monitoring methods using remote sensing are
generally divided into two categories: multispectral remote sensing and nighttime light
remote sensing. For example, Li [27] proposed an urban boundary extraction algorithm
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(GA-UCAT) that was based on the normalized building index (NDBI). Zhang [28] analyzed
the urbanization development of India, China, Japan, and the United States from 1992 to
2000 based on DMSP nighttime light data. However, the advantages of nighttime light data
in characterizing the level of urbanization have been verified [29–31].

The theories on the interaction and coupling of the EEQ and urbanization mainly
include the environmental Kuznets curve (EKC) [32,33], the planetary boundaries the-
ory [34,35], the tele-coupling theory [36,37], the footprint family theory [38,39], and the
urban metabolism theory [40,41]. Related models mainly include the STIRPAT model [42],
the coupling coordination degree model (CCDM) [43], and the multiagent model [44].
Among them, CCDM is the most widely used [45]. Zhao [46] studied the coupling of the
EEQ and urbanization in the Yangtze River Basin from 1980 to 2013 through the EKC and
dynamic CCDM and found that the EEQ and urbanization conformed to the S-shaped
curve of the coupling and coordination relationship. Li [47] used the CCDM to study
the coupling relationship between the EEQ and urbanization in Lianyungang and found
that the coupling coordination degree (CCD) presented an inverted U-shaped curve, and
Wang et al. also reached a similar conclusion [48]. Some scholars used the double expo-
nential model and the CCDM to verify the nonlinear relationship between the EEQ and
urbanization [49].

Under the context that the sustainable development goals (SDGs) are becoming a
global strategic development goal, research on the coupling of the regional EEQ and
urbanization has gradually become a global hot topic [45]. By reviewing previous studies,
their shortcomings were summarized. Firstly, most existing studies were based on statistical
data. The diverse data sources and the low temporal and spatial resolution of statistical
data have led to great uncertainty in the research results. Since the sources of statistical
data in China can be divided into the national and provincial levels, the same indicators
published by different agencies, which contain huge human factors, are very different.
Another uncertainty of statistical data comes from the timeliness. For example, with the
change of the definition of an indicator, the indicator may stop updating in the future or
may be replaced by another indicator, which will cause great uncertainty to the statistical
data. On the other hand, studies based on statistical data may also result in low spatial
resolution characteristics. Therefore, these research results usually cannot show the surface
details on the pixel scale. Secondly, there is currently a lack of studies on the long-term
continuous coupling of the EEQ and urbanization in China. To address these issues, this
study explored the coupling mechanism between the EEQ and urbanization in China from
2000 to 2013 using the CCDM and multisource remote sensing data.

This study counterbalances the shortcomings of existing research and fills gaps in the
research on the coupling mechanism between the EEQ and urbanization. Additionally, this
study provides a new perspective for research on urban sustainable development in China,
which can also be extended to the global research.

2. Study Area and Data
2.1. Study Area

China is located in eastern Asia, with the terrain gradually rising in elevation from
east to west and a rich ecosystem. There are three forest areas in northeastern and southern
China, with the Inner Mongolia Plateau constituting China’s largest grassland resource and
representing the largest ecosystem type in China (Figure 1). Lakes of various sizes, most of
which are distributed on the Qinghai–Tibet Plateau constitute China’s complex wetland
ecosystem. The Qinghai–Tibet Plateau is the largest ice accumulation area in the world
after the North and South poles, and this region is called the “Asian Water Tower” [50].
Therefore, the EEQ of China plays an important role in the stability of China’s ecosystem.
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Figure 1. Land use map (MCD12Q1) of China in 2013 and line chart of the urbanization rates in
China and the world from 2000 to 2013 (bottom left). The light blue shaded area represents the slow
growth stage of the urbanization rate, while the light green area represents the rapid growth stage.

Since the 21st century, China has experienced the largest and fastest urbanization
process in its history [51]. The urbanization rate increased from 36.22% in 2000 to 53.7% in
2013, with an annual average growth rate of 1.344, which is much higher than the world
average of 0.486. As shown in Figure 1, the urbanization process in China from 2000 to
2013 experienced slow and rapid growth. From 2006 to 2010, the average growth rate of
China’s urbanization, with a rate of 0.9, was higher than the global growth rate of 0.498
during the same period, which was much lower than the annual average growth rate over
the 14-year period. From 2010 to 2011, China’s urbanization rate increased rapidly, and the
growth rate reached 3.77. China’s urbanization rate exceeded the world average for the
first time in 2013, which is the end of the time series of this study.

2.2. Data

Multisource remote sensing data were used in this study, including precipitation (PRE),
temperature (TEMP), net primary productivity (NPP), vegetation coverage (FVC), digital
elevation model (DEM), land use and land cover change (LULC), population density (POP),
potential evapotranspiration (PET), and DMSP (Defense Meteorological Satellite Program)
nighttime light data. The data used in this study are detailed in Table 1.
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Table 1. Detailed description of the data.

Data
Name Format Spatial Resolution Time Resolution Source

2019QZKK0603-zgyjsl [52] NETCDF 1000 m Monthly NTPDC a

2019QZKK0603-zgypjw [52] NETCDF 1000 m Monthly NTPDC a

MOD17A3 HDF 1000 m Monthly NASA b

MOD13A3 HDF 250 m Monthly NASA b

SRTM DEM TIFF 250 m — USGS c

MCD12Q1 HDF 1000 m Seasonal NASA b

Landscan POP TIFF 1000 m Annual ORNL d

MOD16A3 HDF 1000 m Monthly NASA b

LUCC2000 TIFF 1000 m Annual CAS e

DMSP nighttime light TIFF 1000 m Annual NOAA f

Anthropogenic heat flux (AHF) TIFF 1000 m Annual Article [53]
a NTPDC: National Tibetan Plateau Data Center. b NASA: National Aeronautics and Space Administration.
c USGS: United States Geological Survey. d ORNL: Oak Ridge National Laboratory. e CAS: Chinese Academy of
Sciences. f NOAA: National Oceanic and Atmospheric Administration.

3. Methods

The methods that were used in this study are divided into three parts: (1) the pro-
duction of the Multisource Remote Sensing EEQ Index (M-RSEQI) (Section 3.1), (2) the
processing of the quantitative calculation of urbanization (Section 3.2), and (3) the eval-
uation of the coupling processes between the M-RSEQI and urbanization (Section 3.3).
The flowchart for this article is shown in Figure 2 and includes two parts: the flowchart
of study methods (Figure 2a) and an example for 2000 (Figure 2b). The main process
for Figure 2a is as follows: First, the annual mean value of eight indicators representing
the EEQ was calculated and standardized, and then the dimension reduction of the eight
indicators was carried out to calculate the M-RSEQI. Secondly, the DMSP nighttime light
data were corrected and standardized. Finally, the processed DMSP nighttime light data
and M-RSEQI were input into the CCDM to calculate the CCD.

3.1. M-RSEQI

This study followed the principles for the selection of assessment indicators proposed
by the China National Environmental Monitoring Centre [54], namely comprehensive
principles, representative principles, scientific principles, comparability principles, and
operability principles. Eight indicators were selected, as shown in Table 1.

To eliminate the influence of different index dimensions on the results, dimensionless
treatment was needed for all of the indexes. The range standardization method was used
to standardize the eight indicators that were used in this research. The selected indicators
were divided into positive and negative indicators. Positive indicators included PRE,
NPP, NDVI, DEM, and LUCC, which promoted the EEQ, while the negative indicators
had negative effects on the EEQ, and included TEMP, POP, and PET. The standardized
equations are as follows:

Positive indicator :
r+s = (Ij − Imin)/(Imax − Imin)

(1)

Negative indicator :
r−s = (Imax − Ij)/(Imax − Imin)

(2)

where rs
+ is the standardized value of the jth indicator, Ij is the original value of the jth

indicator, and Imin and Imax are the minimum and maximum values of the jth indicator.
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Figure 2. Flowchart of the methods. (a) The flowchart of data processing methods; (b) An example
for one year (2000).

Another key point of EEQ assessment is the assessment model. Currently, the main
assessment methods include objective methods and subjective methods. Common objective
methods include the entropy method (EM) and principal component analysis (PCA), and
common subjective methods include grey relation analysis (GRA) and the analytic hierarchy
process (AHP) [55]. This study used the EM to calculate the weights of the eight indicators
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in order to eliminate the influence of subjective human factors on the study results. The
calculation equations of the EM are as follows:

wij =
r+ij

∑n
i=1 r+ij

or wij =
r−ij

∑n
i=1 r−ij

(3)

ej = −k
n

∑
i=1

wij ln wij, k = (ln n)−1 (4)

f j = 1− ej (5)

wj =
f j

∑m
j=1 f j

(6)

where wij is the weight corresponding to the jth indicator of the ith city, ej is the entropy
value of the jth indicator, fj is the redundancy coefficient of the jth indicator, and wj is the
weight corresponding to the jth indicator. In this study, i and j have values of 366 and
8, respectively.

3.2. Urbanization Assessment Based on DMSP

Cao’s research [56,57] was referred to for the processing of the DMSP nighttime
light data, including noise removal and correction. The correction process included the
desaturation and continuous correction of different sensors (F15, F16, and F18). Figure 3
shows the change in the total nighttime light value (TNLV) before and after the DMSP
nighttime light data correction of the different sensors. The corrected DMSP nighttime light
data have good continuity.

Figure 3. Total nighttime light value (TNLV) of noncorrected DMSP nighttime light data across China
(left) and that of corrected DMSP nighttime light data (right).

3.3. Coupling Coordination Degree Model (CCDM)

The phenomenon in which two or more systems interact with each other is called
coupling, and the coordination degree is the degree of harmony in the interaction between
systems [58,59]. The CCDM was used to construct the coupling relationship between the
EEQ and urbanization in China from 2000 to 2013. The coupling degree model (CDM) is
expressed as

C= { U × E

[(U + E)/2]2
}

1
2 (7)

where C is the coupling degree; the larger C indicates a more coordinated relationship of
the EEQ and urbanization; U is designated as urbanization; and E is M-RSEQI.

The coupling degree model is a representation of the coordination between the two
subsystems. In fact, the size of the subsystem value does not affect the degree of coordina-
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tion. Therefore, we introduced the CCDM based on the CDM, which avoids these issues.
The formula of the CCDM is as follows:

D =
√

C× T, T = αU + βE (8)

where D is the CCD and ranges from 0 to 1; T is the comprehensive assessment index; and
α and β are undetermined coefficients, where α + β =1. In this study, α and β were both
assumed to be 0.5.

The CCD was divided into three categories and six subcategories according to the
classification criteria in Table 2.

Table 2. Classification standard of the CCD between the EEQ and urbanization based on the classifi-
cation breakpoints.

CCD Progression Stage Comparison Subcategories

0 ≤ D < 0.2 Uncoordinated U < E Urbanization lags behind
U > E Eco-environment lags behind

0.2 ≤ D < 0.4 Primary coordinated U < E Urbanization lags behind
U > E Eco-environment lags behind

0.4 ≤ D ≤ 1 Coordinated U < E Urbanization lags behind
U > E Eco-environment lags behind

3.4. Trend Analysis

This study used the univariate linear regression model to calculate the annual change
trend of the M-RSEQI, urbanization, and the CCD [60–62]. The formula is as follows (the
trend of M-RSEQI):

slope =
n×

n
∑

i=1
(i×MRSEQIi)−

n
∑

i=1
i

n
∑

i=1
MRSEQIi

n×
n
∑

i=1
i2 −

n
∑

i=1
i

(9)

where slope is the slope of the linear regression equation between the M-RSEQI and year in
China from 2000 to 2013, i is the time variable, n is the year and is set as 14 in this study, and
MRSEQIi is the M-RSEQI of the ith year. When A < 0, it indicates that the EEQ is decreasing;
when A > 0, it indicates that the EEQ is increasing. The absolute value represents the rate
of slope change in the M-RSEQI.

4. Results
4.1. M-RSEQI
4.1.1. Rationality of M-RSEQI

The collinear diagnostic indicators in linear regression were used to explore the re-
dundancy of the selected indicators in this study. The variance inflation factor (VIF)
and tolerance (TOL) are reciprocal to each other and are commonly used indicators for
collinearity diagnosis. When VIF < 10 or TOL > 0.1, it indicates that the selected assess-
ment indicators are reasonable [63]. In this study, the pixel values of all eight indicators
were extracted and analyzed for redundancy. The diagnosis results are shown in Table 3.
The diagnosis results show that the eight indicators that were selected in this study are
reasonable, and there is no information redundancy between them.

4.1.2. Spatiotemporal Changes in M-RSEQI

As shown in Figure 4a, the areas with obvious improvements in the EEQ were mainly
located on the Loess Plateau and on the Greater Khingan Rangeg. The provinces with the
most rapid growth trends in the M-RSEQI were Ningxia, Qinghai, and Shaanxi, which
had rates of 1.295 (10−3/a), 1.146 (10−3/a), and 1.105 (10−3/a), respectively (Figure 4b).
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Coincidently, the areas where the EEQ significantly decreased were mainly located in south-
ern China, especially in the southwest region. Yunnan was the province with the fastest
decreasing M-RSEQI trend among all of the provinces, with a trend of −1.311 (10−3/a),
followed by Taiwan and Fujian. The areas where the M-RSEQI remained relatively un-
changed were located in the central and northern parts of Xinjiang, the central and western
parts of Inner Mongolia, and the Hexi Corridor.

Table 3. Collinearity diagnosis results.

Indicator VIF TOL

PRE 8.097 0.123
TEMP 9.411 0.106
NPP 5.758 0.174

NDVI 5.922 0.169
DEM 2.975 0.336
LUCC 4.095 0.244
POP 1.349 0.741
PET 2.634 0.380

Figure 4. The change trend distribution of M-RSEQI (a), DMSP (c), and CCD (e) in China from 2000
to 2013 and the average trend value of M-RSEQI (b), DMSP (d), and CCD (f) for each province.
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4.1.3. M-RSEQI in Different Ecosystems

Figure 5 shows that China’s EEQ showed a fluctuating change but tended to remain
stable in different ecosystems from 2000 to 2013. Among the six ecosystems, the M-RSEQI
of the water area was the highest (Figure 5a), reaching 0.346 and indicating that the eco-
environment of the water area was the best. The overall average value of the built-up
ecosystem was the lowest (0.200), which indicates that the development of urbanization
would inevitably affect the eco-environment. For all of the ecosystems, the M-RSEQI in
2007 was the highest among all of the years. We speculated that the reasons leading to
the growth of China’s M-RSEI in 2007 could be diversified. This could be related to the
environmental protection policies that were formulated by the Chinese government to
welcome the arrival of the Olympic Games. As shown in Figure 4a, the areas where the EEQ
in China has improved are mainly concentrated in the Loess Plateau, and the effectiveness
of China’s environmental governance on the Loess Plateau in recent years is prominent.

Figure 5. Annual changes in the (a) M-RSEQI and (b) CCD in China in different ecosystems from
2000 to 2013.

Figure 6a shows that the change in the M-RSEQI of the water ecosystem was the largest
from 2000 to 2013, ranging from 0.333 to 0.362, which shows that the eco-environment of
water in China greatly improved during this period. The M-RSEQI standard deviation for
water was 0.135, which was the largest among all of the ecosystems (Figure 6, right). The
interior of the water ecosystem is relatively complex and includes lakes, rivers, reservoirs,
ponds, glaciers, and wetlands [64]. The standard deviations of the cropland and built-up
areas were small, with values of 0.035 and 0.040, respectively, indicating that the EEQ was
relatively stable.

4.2. Urbanization
4.2.1. Validity of Corrected DMSP

Corrected DMSP data were fitted with AHF [53] (anthropogenic heat flux) data to ex-
plore the validity of the corrected DMSP nighttime light data in this article (Figure 7). From
the four fitting equations, it can be seen that the light intensity was positively correlated
with AHF, and that R2 was higher than 0.6, indicating a larger light intensity with a larger
number of people, which was consistent with the actual situation. Therefore, the DMSP
nighttime light data that were corrected in this study had high validity.
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Figure 6. The mean (a) and standard deviation (b) of the M-RSEQI in different ecosystems in China
from 2000 to 2013.

Figure 7. Scatter plot of corrected DMSP nighttime light data and AHF data in 2000, 2004, 2008, and
2012. The blue line represents the relationship obtained by fitting DMSP and AHF.

Figure 8 shows the corrected DMSP night light data from 2001 to 2013 in China. As
seen in Figure 8, China’s nighttime light showed a spatial distribution pattern of “high
in the East and low in the west”, and the nighttime light of China’s three major urban
agglomerations (Beijing Tianjin Hebei Urban Agglomeration, Yangtze River Delta Urban
Agglomeration, and Pearl River Delta Urban Agglomeration) were the brightest. The dense
road network in central and eastern China has greatly promoted the urbanization process in
the region. As of 2019, China’s central and eastern region is home to 97.59% of China’s total
population, and it contains 87.27% of China’s GDP [65]. Secondly, from 2001 to 2013, the
nighttime light in China was gradually brightened, which shows that China’s urbanization
has continued to develop over the past 14 years, which is consistent with the conclusions
seen in Figure 7.
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Figure 8. Spatial distribution map of corrected DMSP nighttime light data in China from 2000 to 2013.

4.2.2. Spatiotemporal Changes in Urbanization

As shown in Figure 4c, urbanization development in China from 2000 to 2013 shows
the characteristics of “fast in the east and slow in the west”. Among all of the provinces
(including municipalities directly under the Central Government), Shanghai had the fastest
urbanization development process, with a rate of 1.203 (10−3/a), followed by Jiangsu
(0.819) and Tianjin (0.794) (Figure 4d). During this period, the speed of urbanization in
the Tibet Autonomous Region (0.002) was the slowest, followed by Qinghai (0.008) and
Xinjiang (0.022), which was strongly related to geography. Poor living conditions and rare
population centers hindered the urbanization development of these provinces. In contrast,
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Shanghai and Tianjin, China’s two major ports, are at the forefront of economic reform and
opening up. With the support of national policies and advanced technology, urbanization
has developed rapidly. Jiangsu Province, which is located on the Yangtze River Delta, is
the only province where all of the prefecture-level cities have entered the top 100 in China.

4.3. CCD
4.3.1. Spatiotemporal Changes in CCD

Figure 9 shows the spatial distribution of CCD in China from 2001 to 2013. It can be
seen that similar to DMSP nighttime light, China’s CCD presented a spatial distribution
pattern of “high in the east and low in the west”, and the three major urban agglomerations
had the highest CCD. Secondly, it can be seen from Figure 9 that China’s CCD has gradually
increased from 2001 to 2013, which is consistent with the conclusion in Section 4.2.1.

Figure 9. Spatial distribution map of CCD data in China from 2000 to 2013.



Remote Sens. 2022, 14, 198 14 of 22

Figure 4e shows that the trends for the CCD between the EEQ and urbanization
had the characteristic of “fast in the east and slow in the west”. This is similar to the
characteristics that were observed in the urbanization trends. This indicates that the CCD
was greatly affected by urbanization development. Among all of the provinces, Tianjin
had the fastest growth in CCD, with a trend of 3.326 (10−3/a) (Figure 4f). This was closely
related to the industrial structure adjustment policy of Tianjin. As shown in Figure 5, from
2000 to 2013, the M-RSEQI of Tianjin increased significantly, and it was also one of the
provinces with the fastest trend of urbanization development. Among all of provinces,
Taiwan Province showed a downward trend in CCD changes, which was likely caused
by the continuous decline in its urbanization rate. The main reason was that from 2000 to
2013, the urbanization of Taiwan Province was in a stagnation state, while its EEQ showed
a downward trend (Figure 4b).

As shown in Figure 10, the CCD of provincial capital cities, including municipalities
directly under the central government, increased significantly from 2000 to 2013. Although
Figure 10 presents that the CCD of almost all cities has shown an increasing trend, it also
reflects that there are significant spatial differences in their changes. Among them, the
CCD of cities in central and eastern China, represented by Beijing, Shanghai, Guangzhou,
and Hangzhou, have grown rapidly, while the cities of western China, represented by
Lhasa, Urumqi, and Xining, have experienced slower growth, which is consistent with the
conclusion obtained from Figure 4e. Secondly, we also found an interesting phenomenon.
Taiwan Province, as a typical eastern coastal area of China, demonstrates rare CCD growth.
Based on the above conclusion that rapid urbanization has promoted regional CCD growth,
we speculate that the main reason is the slow development of urbanization in Taiwan
Province in recent years, which has also inhibited Taiwan’s CCD growth.

Figure 10. CCD of 28 provincial capital cities and 4 municipalities directly under the central govern-
ment in 2000 and 2013.
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According to the grading standards in Table 2, the CCD of all of the cities in China from
2000 to 2013 were classified. Figure 11 shows that cities with higher CCD in China were
mainly distributed in the North China Plain and in the southeastern coastal areas. From
2000 to 2013, most cities in China were in an uncoordinated state, which was concentrated in
the central and western regions of China. In addition, there were almost no uncoordinated
or primary coordinated cities with EEQ that lagged behind. This indicates that there was a
large imbalance in the spatial distribution of urbanization development, which extended to
most of China’s uncoordinated cities from 2000 to 2013.

Figure 11. China’s CCD classification map from 2000 to 2013.
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Figure 12 shows that the number of uncoordinated cities decreased each year, while
the number of primary coordinated and coordinated cities increased. From 2000 to 2013,
the number of coordinated cities increased from 83 to 125. Simultaneously, the number
of uncoordinated cities decreased from 181 to 110. With the continuous development of
China’s urbanization, the pace of urbanization gradually matched the EEQ, while the
CCD also constantly improved. Since 2000, the number of Subtype VI (uncoordinated:
urbanization lags behind) cities was the largest, whilst the number of Subtype IV (primary
coordinated: urbanization lags behind) b cities became the largest in 2013. This shows
that the level of urbanization in China was lower than the EEQ from 2000 to 2013. In
summary, the coupling law of the EEQ and urbanization in China was “uncoordinated
to primary coordinated. primary coordinated to coordinated, and with the characteristic
of “urbanization lags behind EEQ” evolving into “EEQ lags behind urbanization”. In the
future, the CCD of cities in China will go through the process of “Type III to Type II to Type
I”. When the CCD between the EEQ and urbanization of most cities in China reaches Type
I, the entire CCD development process will be in a stable or circular development stage.

Figure 12. The statistical graph of the number of cities with different CCD subtypes. (I) Coordinated:
EEQ lags behind. (II) Coordinated: urbanization lags behind. (III) Primary coordinated: EEQ lags
behind. (IV) Primary coordinated: urbanization lags behind. (V) Uncoordinated: EEQ lags behind.
(VI) Uncoordinated: urbanization lags behind.

4.3.2. Change Characteristics of the CCD in Different Ecosystems

Figure 5b shows that built-up ecosystems (0.470) had the highest CCD among the
six ecosystems. The CCD value of unused land (0.008) was the lowest. However, the
CCD values of forest, grassland, and water that had higher EEQ levels were not higher,
which indicates that the decisive factor of the CCD came from urbanization. This result
is consistent with the conclusion in Section 4.3.1. In addition, the CCD values of the six
ecosystems maintained a steady increasing trend from 2000 to 2013, which was closely
related to the continuous development of urbanization in China during this period.

5. Discussion
5.1. Coupling Mechanism Analysis

The above analysis of the results shows that at this stage, the development of urban-
ization has a decisive influence on the CCD. To explain this phenomenon, the coupling
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mechanism between China’s urbanization and EEQ was explored using a combination of
mathematics and geometry. The change rates of the tangent plane in the two dimensions of
urbanization and M-RSEQI were used to characterize the degree of influence of urbaniza-
tion and the EEQ in terms of coupling and the coordination degree. The tangent plane is
calculated by

CCD− CCD0 = F′U(U −U0) + F′E(E− E0) (10)

where CCD is the coupling coordination degree; F′U and F′E are the partial derivatives of
urbanization and RSEI-2, respectively; CCD0, U0, and E0 are the mean values of the CCD,
urbanization, and EEQ in 2013, which are 0.445, 0.026, and 0.216, respectively.

Figure 13a shows the spatial distribution of the CCD trends in China from 2001 to
2013. The blue and red lines represent the average trend values of nighttime light and
CCD in latitude and longitude, respectively. We can see that at the scale of latitude and
longitude, the trends of CCD and nighttime light have a high degree of consistency in terms
of the spatial distribution, which shows that the changes in urbanization have profoundly
affected the changes in CCD. Figure 13b,c show the correlation between the average trend
value of CCD and nighttime light in latitude and longitude, respectively. It can be seen
that there is a significant correlation (p < 0.001) between the two values at the latitude and
longitude scale.

Urban areas are often used to evaluate a region’s level of urbanization [66,67]. There-
fore, we extracted the land use and land cover (LULC) [68] data for urban areas in China
in 2001 and 2013, calculated the urban sprawl index (USI) of all cities in China, divided
all of the cities into five categories according to the classification standard in Figure 13f,
and finally counted the annual CCD values of these five types of cities and the 371 cities in
China. It can be seen from Figure 13f that the CCD value of most cities showed a continuous
upward trend (gray broken line). Most importantly, we found that the city with the highest
USI had the highest CCD growth rate, reaching 0.494 (10−3/a). On the contrary, the city
with the slowest USI had the lowest CCD growth rate, which was 0.183 (10−3/a). This also
confirms the abovementioned speculation that urbanization has promoted the development
of CCD.

Figure 13d,e show that in 2013, the growth rate of the CCD in the urbanization
component was 2.659, while the increase in the M-RSEQI component was only 0.316,
indicating that in 2013, the degree of impact that urbanization had on the CCD was
approximately 8.4 times larger than that of the EEQ. Therefore, this explains that in 2013,
the decisive factor that was affecting the CCD was the development of urbanization.

5.2. Limitations and Prospects

Although this study has made some progress compared to previous studies and has
drawn some meaningful conclusions, this study also has some limitations. First, it should
be noted that although this study and previous studies [69] show that using nighttime light
data as an indicator of urbanization is theoretically reasonable, it cannot be ignored that
nighttime light only has certain advantages in characterizing the intensity of regional night
human activities and cannot provide direct evidence of daytime urbanization intensity.
Because of this situation, people mainly work in urban areas during the day and return
to the suburbs to live and rest at night, which will lead to a certain difference between
the level of urbanization that is assessed by nighttime light data and the actual level of
urbanization. Secondly, since NASA suspended DMSP night light data updates in 2013,
the main limitation of this study is that it is temporarily unable to confirm our theoretical
methods and conclusions using the latest data. In the future, we will work to correct DMSP
and VIIRS nighttime light data to help us carry out longer-term serial studies on this topic.

In addition, there are great differences in the EEQ (ecological footprint) between
urbans areas and the suburbs. The EEQ of urban areas will generally be lower than that
of suburbs because the higher population density in urban areas will produce higher
anthropogenic heat emissions and other pollutants. However, we believe that the level of
“sustainable development” comprises the integration of EEQ and urbanization because the
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goal of “sustainable development” is benign social and economic development, i.e., we
need to pay attention to the protection of the ecological environment while pursuing social
and economic development. Therefore, as shown by the CCDM, the level of “sustainable
development” depends on the coupling coordination level of EEQ and urbanization.

Figure 13. 3D scatter diagram of M-RSEQI, urbanization, and CCD in 2013 and 3D function diagram
of the CCD model. (a) shows the spatial distribution of the CCD trends in China from 2001 to 2013;
(b,c) show the correlation between the average trend value of CCD and nighttime light in latitude
and longitude; (d,e) show that in 2013, the growth rate of the CCD in the urbanization component
was 2.659; (f) the CCD value of most cities showed a continuous upward trend (gray broken line).

6. Conclusions

China’s rapid urbanization has led to serious eco-environmental problems. With
regard to the increasingly severe eco-environmental situation, it is important to understand
the relationship between China’s EEQ and urbanization for the realization of the 2030
agenda (Transforming Our World: The 2030 Agenda for Sustainable Development) [21].
Therefore, based on multisource remote sensing data and EM, we designed a spatiotemporal
universal EEQ assessment system and used the CCDM in physics to construct the coupling
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relationship between the EEQ and urbanization in China from 2000 to 2013. Through this
study, some meaningful conclusions are drawn:

1. The decisive factor affecting the CCD was urbanization development in 2013. The
impact that the degree of urbanization had on the CCD was approximately 8.4 times
higher than that of the EEQ.

2. From 2000 to 2013, the urbanization development of China showed the characteristics
of “fast in the east and slow in the west” over the course of the past 14 years. The CCD
between the EEQ and urbanization in China showed the characteristic of “strong in
the east, weak in the west”.

3. Most of China’s cities were in an uncoordinated state and were concentrated in the
central and western regions of China. The coupling pattern of EEQ and urbaniza-
tion in China evolved from “uncoordinated cities into coordinated cities, with the
characteristic of “urbanization lags behind EEQ” evolving into “EEQ lags behind
urbanization”.
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