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Abstract: As the largest developing nation, China is currently experiencing rapid urban growth.
Conducting a thorough scientific assessment of this expansion and its ecological consequences is of
paramount importance for advancing China’s ecological civilization and aligning with the United
Nations’ Sustainable Development Goals. This study employs multi-source remote sensing data to
investigate the spatiotemporal trends in Chinese urban development and explore its impact on the
ecological environment. From 2013 to 2021, the findings indicate an increasing trend in China’s total
nocturnal light, with the southern and central regions exhibiting higher growth rates. This suggests a
decade-long expansion of Chinese cities, especially in the southern and central regions. However, the
impact of urban expansion on ecological quality varies. Beijing, Shenyang, and Xi’an have witnessed
improved environmental quality, while Kunming and Shenzhen have experienced minimal changes,
and Hefei and Wuhan have encountered a decline. The observed spatial heterogeneity underscores
the intricate relationship between urban expansion and ecological shifts. This study reveals the
spatiotemporal dynamics of China’s urban expansion and its ecological impact, providing valuable
insights and policy recommendations for fostering the harmonized development of urbanization and
ecological preservation.

Keywords: urban growth; ecological environment quality; remote sensing ecological index; nighttime
light analysis

1. Introduction

Research on urban growth and ecological environment protection carries significant
global implications. Urban growth exerts a profound impact on climate change and biodi-
versity, while ecological environment protection plays a crucial role in global ecological
balance and sustainable development [1–3]. Rapid urban growth results in reduced habitat
comfort in cities, elevated CO2 concentrations, and nitrogen deposition in urban ecosys-
tems, leading to the deterioration of urban environments [4,5]. Urban expansion further
encroaches on natural habitats, resulting in significant habitat loss for wildlife [6,7]. Study-
ing urban growth helps in comprehending its global environmental impacts, facilitating
climate change response, safeguarding wildlife habitats, effectively managing resources,
and fostering international cooperation for harmonious natural, social, and economic
development world-wide.

China’s urban growth, distinguished by its rapid development and vast scale, features
government-led planning and includes interconnections between urban and rural areas, as
well as significant land-use changes. Policies geared towards supporting urbanization and
ecological environmental research in China encompass multiple areas. The “National New
Urbanization Plan (2014–2020)” outlines paths and goals for urban development, emphasizing
the importance of sustainable urban development and ecological environmental protection.
This plan directs policies on urban spatial layout and resource and environmental protection,
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as well as urban ecosystem construction. Furthermore, the “Ecological Civilization Construction
Assessment and Evaluation System” is dedicated to assessing local governments’ performance
in ecological environment protection, underscoring China’s commitment to a development
model that harmonizes urbanization with ecological environment protection.

Nighttime light remote sensing data, in contrast to traditional research methods, pro-
vide a more straightforward and intuitive approach, aptly reflecting the changes in urban
and economic spatiotemporal patterns on a large scale. Consequently, these data are exten-
sively utilized in researching urban growth and economic development. This approach
offers an innovative perspective on analyzing the complex dynamics of urban growth and
economic changes.

Studies such as Liu et al.’s (2012) analyzed the dynamics of urban expansion in China
from 1992 to 2008, demonstrating the utility of nighttime light data in dissecting urban
sprawl dynamics [8]. Similarly, Zhang et al., (2011) employed nighttime light data to map
urbanization dynamics at both regional and global scales [9]. In addition, the correlation
analyses conducted by Huang et al., (2016) revealed a significant relationship between
urbanization levels and nighttime light intensity, bolstering the argument for luminosity
data as a reliable indicator of urban expansion [10]. Furthermore, Fang et al., (2022) explored
future scenarios of urban nighttime lights and linked it to urban expansion and carbon
emission estimations, providing a forward-looking perspective on urban growth and its
environmental implications [11].

In general, these findings underscore the indispensable role of nighttime light remote
sensing data in urban studies, which highlight the potential of nighttime light data as a scal-
able, timely, and cost-effective tool for monitoring urbanization patterns and understanding
socio–economic and environmental ramifications.

Existing research based on nighttime light remote sensing data in urban areas primarily
unfolds in the following aspects: investigating the spatiotemporal changes and urban built-
up area data in various urban development conditions [10,12], revealing urban expansion
dynamics and spatiotemporal evolution patterns in China’s urbanization [13–15]; exploring
urbanization and economic development, discovering varying growth trends in nighttime
illumination areas in cities of different types at national and city levels [16–19]; assessing
urban economic activities and environmental pollution, [20–22], exploring relationships
between nighttime light data, urban built-up area density, human activities, and evaluating
urban environmental pollution like light pollution [23–25]; and studying humanitarian
disasters and armed conflict damages, applying nighttime light data to large-scale civil
wars in countries like Russia, Ukraine, Syria, Iraq, and Yemen, obtaining spatiotemporal
information about wars and disasters that is difficult to acquire through traditional means,
with findings supporting international peace efforts [26–28].

From the analysis of existing research, it becomes clear that current studies utilizing
nighttime light remote sensing data on urbanization in China rarely consider the spa-
tiotemporal distribution and evolution trends of nighttime lights across multiple regions
within China. Furthermore, the application of nighttime light data in urban ecological
environmental research frequently focuses solely on the study of light pollution, neglecting
the integration of other remote sensing data for comprehensive analysis.

To address the aforementioned gaps, this study employs NPP/VIIRS nighttime light
data alongside analytical methods such as standard deviation ellipses to investigate the
spatiotemporal trends of nighttime lights in China from 2013 to 2021. Additionally, this
research integrates Landsat 8 remote sensing data to calculate remote sensing ecological
index models, thereby examining the impact of urban expansion on the ecological envi-
ronment. Moreover, it assesses the economic development and ecological environmental
quality of various regions and major cities in China, offering a scientific basis for cities to
achieve a balance between economic growth and environmental protection. This approach
contributes to a more nuanced understanding of the interplay between urbanization and
environmental sustainability.
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2. Study Area and Data
2.1. Study Area

China, situated in the eastern part of Eurasia and bordering the Pacific Ocean, features
a land border spanning approximately 22,000 km and a continental coastline of around
18,000 km. The terrain rises higher in the west and lowers in the east, with mountains,
plateaus, and hills comprising about 67% of the land area, and basins and plains constituting
about 33%. As of 2022, China’s population stands at approximately 1.4 billion, featuring
an urbanization rate of the permanent population of 65.22%. It has 34 provincial-level
administrative regions, including 23 provinces, 5 autonomous regions, 4 municipalities,
and 2 special administrative regions. The study area covered in this paper includes China’s
mainland, Taiwan Island, and Hainan Island, as depicted in Figure 1. In analyzing light data,
China is segmented into seven regions: east, central, south, north, northeast, northwest,
and southwest. For remote sensing ecological index calculations, one city from each of
the seven regions is selected for study. The selected cities are Shenyang in the northeast,
Beijing as the capital, Wuhan in central, Shenzhen with the highest GDP in the south, Hefei
as an emerging city in the east, Xi’an in the northwest, and Kunming as an international
transport hub in the southwest.
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Selecting these cities as focal points for analyzing urban growth and its ecological con-
sequences in China is justified by a multitude of considerations. Shenyang, acknowledged
for its significant industrial heritage, exemplifies the ecological transformations associ-
ated with the revitalization of China’s traditional industrial bases. Beijing, the national
capital, embodies the urbanization challenges faced by large cities and serves as a crucial
case for exploring the dynamics between sustainable urban development and mounting
ecological pressures globally. Wuhan, emerging as a vital urban center in central China,
symbolizes the dynamism of the inland metropolitan’s development. Shenzhen’s evolution
from a modest fishing village to a major urban area exemplifies the rapid expansion of
modern urbanization. Hefei is underscored for its burgeoning role and strategic efforts in
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technological and educational advancement, offering insights into the ecological impacts
of urban expansion in the evolving cities of China. Xi’an, situated at the crossroads of
historical preservation and modern urbanization, provides a distinct case for balancing
cultural heritage with contemporary development needs, especially within the context of
the “Belt and Road” initiative. Lastly, Kunming’s strategic significance in cross-regional
connectivity and its role as a gateway to international corridors emphasize the necessity of
evaluating the ecological consequences of urbanization in critical cities.

As a whole, these cities encompass the diversity of China’s urban expansion. By in-
corporating these diverse urban contexts into the study, this research aims to provide a
comprehensive understanding of the ecological effects of urban growth.

2.2. Data Source

The data utilized in this study comprise Landsat8 remote sensing data, NPP/VIIRS
nighttime light data, and administrative division and statistical data, along with land-
use data of Hefei city, China, as outlined in Table 1. Landsat8 remote sensing data
were taken from the United States Geological Survey “https://earthexplorer.usgs.gov
(accessed on 28 October 2023)”; NPP/VIIRS nighttime light data were obtained from
the National Oceanic and Atmospheric Administration “https://www.ngdc.noaa.gov
(accessed on 7 October 2023)”; statistical data include GDP data of various regions in China
from 2013 to 2021 and were collected from the National Bureau of Statistics of China
“https://www.stats.gov.cn (accessed on 11 October 2023)”; and administrative division and
land-use data were developed by Jie Yang and Xin Huang [29]. This study also employed
the administrative division vector map provided by the National Geomatics Center of
China “https://ngcc.cn/ngcc/ (accessed on 7 October 2023)”.

Table 1. Data sources.

Data Spatial Resolution Time Series Source

Night light 500m 2013–2021 VIIRS/DNB
Landsat8 image 30m 2013–2022 NASA
Land use data 30m 2013–2022 Jie Yang and Xin Huang

GDP 2013–2021 National Bureau of Statistics of China

2.3. Data Preprocessing
2.3.1. NPP/VIIRS Nighttime Light Remote Sensing Data Preprocessing

The article employed the VIIRS/DNB nighttime light data from NOAA, which were
adjusted to eliminate influences from stray light, lightning, moonlight, and cloud cover, and
it filtered out anomalies such as auroras and biomass burning. Utilizing these processed
data, the study employed a Chinese vector map with the WGS84 geographic coordinate
system for cropping, converting it into a planar projection coordinate system with a spatial
resolution of 500 m, selecting a national cell radiance threshold of 472.86, and eliminating
cells with negative pixel values. This process resulted in annual nighttime light data for
China from 2013 to 2021, providing a refined basis for analysis.

2.3.2. Landsat Satellite Image Data Preprocessing

This study chose Landsat8 satellite imagery from 2013 to 2022 and performed image
screening. The acquired images featured cloud coverage of less than 5% and were of good
quality, thus meeting the requirements for calculations. Preprocessing entails atmospheric
correction and radiometric calibration of the images, subsequently followed by image
cropping. This methodology ensures the reliability and accuracy of the data used for the
subsequent analysis.

3. Methods

Initially, a statistical analysis of the total amount and growth rate of nighttime light
data across various regions of China from 2013 to 2021 was performed. Subsequently, the
evolution trends of nighttime lights in these regions and across China were discussed uti-

https://earthexplorer.usgs.gov
https://www.ngdc.noaa.gov
https://www.stats.gov.cn
https://ngcc.cn/ngcc/
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lizing the standard deviation ellipse method. Finally, changes in ecological environmental
quality in selected representative cities were analyzed through the application of a remote
sensing ecological model, offering insights into the interplay between urban development
and ecological sustainability.

3.1. Statistics for Total Nighttime Light and Growth Rate

Referring to the method described by Gao et al. [30], the total nighttime light (T) and
the growth rate of nighttime lights (r) were calculated according to a specific formula:

T = ∑ xi (1)

r =
S2021 − S2013

S2013
× 100% (2)

In the formula, xi represents the digital number of the i-th pixel. S2021 is the total
brightness of lights in 2021, and S2013 represents the total brightness of lights in 2013.

3.2. Standard Deviation Ellipse Method

The standard deviation ellipse method can unveil the spatial distribution of specific
geographic characteristics. The standard deviation ellipse model is composed of four key
parameters: the centroid, the major axis, the orientation angle, and the area. The centroid
acts as the center of the standard deviation ellipse. The major axis is used to demonstrate
the trend of spatial distribution. The orientation angle reflects the dominant direction
of change in the distribution of the target geographic feature within a given geographic
space. The area indicates the spatial distribution scope of the geographic feature being
studied. Scholars have widely employed this method to analyze geographical elements,
urban patterns, and the distribution of economic development, making it a valuable tool in
the fields of geography and urban studies [31–33].

The standard deviation ellipse model consists of four primary parameters: centroid,
major axis, orientation, and area. The centroid serves as the center of the ellipse; the major
axis denotes the trend of spatial distribution; orientation indicates the dominant direction
of the target geographic element in a specific geographic space; and the area depicts the
spatial distribution range of the studied geographic element. The centroid

(
Xω, Yω

)
of the

standard deviation ellipse model can be obtained through the following formula:

Xω =

n
∑

i=1
ωixi

n
∑

i=1
ωi

, Yω =

n
∑

i=1
ωiyi

n
∑

i=1
ωi

(3)

The calculation method for the orientation angle (α) is as follows:

tan α =

(
n
∑

i=1
ω2

i x̃2
i −

n
∑

i=1
ω2

i ỹ2
i ) +

√
(

n
∑

i=1
ω2

i x̃2
i −

n
∑

i=1
ω2

i ỹ2
i )

2
+ 4

n
∑

i=1
ω2

i x̃2
i ỹ2

i

2
n
∑

i=1
ω2

i x̃i ỹi

(4)

The calculation methods for the standard deviations along the x-axis and y-axis (σx
and σy) are as follows:

σx =

√√√√√√√√
n
∑

i=1
(ωi x̃i cos α − ωi x̃i sin α)

n
∑

i=1
ω2

i

2

(5)
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σy =

√√√√√√√√
n
∑

i=1
(ωi x̃i sin α − ωi x̃i cos α)

n
∑

i=1
ω2

i

2

(6)

In the formula, ωi represents the weight corresponding to the light data;
∼
x i and

∼
y i

indicate the coordinate deviations of the ωth pixel unit from the centroids Xω and Yω.

3.3. Remote Sensing Ecological Index Model

Xu Hanqiu et al. employed the principal component analysis method to develop a
Remote Sensing Ecological Index (RSEI) model, which effectively captures changes in the
ecological environment [34]. Owing to its ease of data acquisition and capacity for spatial–
temporal analysis visualization, this model has seen extensive applications in studies of
ecological environments in urban areas, wetlands, nature reserves, and deserts. Its broad
applicability underscores its value in environmental monitoring and management [35–37].

The RSEI originates from four key factors: the Normalized Difference Vegetation
Index (NDVI), the Wetness Index (WET), the calculation of the Heat Index (Land Surface
Temperature, LST), and the Dryness Index (Normalized Differential Build-up and Bare
Soil Index, NDBSI). This model integrates these indicators through principal component
analysis, thus overcoming the limitations of single indicators and enabling a more ra-
tional composite assessment. Furthermore, it facilitates the visualization of evaluation
results, thereby providing a clearer observation of the spatial–temporal changes in regional
ecological environments, making it a valuable tool for ecological analysis.

3.3.1. Normalized Difference Vegetation Index (NDVI)

In the Equation below as presented

NDVI = (NIR − RED)/(NIR + RED) (7)

In the formula, NIR represents the reflectance in the near-infrared band, and RED
represents the reflectance in the red band.

3.3.2. Wetness Index (WET)

The Wetness Index (WET) is obtained through a Tasseled Cap Transformation, and its
calculation method is as follows:

WET = c1BLUE + c2GREEN + c3RED + c4NIR − c5SWIR1 − c6SWIR2 (8)

In the formula, c1, c2, c3, c4, c5, c6 represent the sensor parameters for the Landsat 8 OLI,
which are 0.1511, 0.1972, 0.3283, 0.3407, 0.7117, and 0.4559. BLUE denotes the reflectance for
the blue band; GREEN for the green band; RED for the red band; NIR for the near-infrared
band; SWIR1 for the short-wave infrared band 1; and SWIR2 for the short-wave infrared
band 2.

3.3.3. Heat Index (LST)

The Heat Index (Land Surface Temperature, LST) is derived from the thermal infrared
band in the Level 2 products of the Landsat 8 satellite, and its calculation method is as follows:

LST =
(Band10 × 0.00341802 − 273.15)[

1 + (0.00115 × (LST−0.01)
1.438833 )

] (9)

In the formula, Band10 represents the pixel value of the thermal infrared band.

3.3.4. Dryness Index (NDBSI)

The Dryness Index (NDBSI) is derived from the average of the Urban Building Index
(IBI) and the Bare Soil Index (SI). The range of this index is between −1 and 1, where higher
values indicate greater dryness. Its calculation method is as follows:
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SI = [(SWIR1+RED)−(NIR+BLUE)]
[(SWIR1+RED)+(NIR+BLUE)]

IBI =

[
2SWIR1

SWIR1+NIR −( NIR
NIR+RED + GREEN

GREEN+SWIR1
)
]

[
2SWIR1

SWIR1+NIR +( NIR
NIR+RED + GREEN

GREEN+SWIR1
)
] (10)

NDBSI = (IBI + SI)/2 (11)

In the formula, SWIR1 represents the reflectance in the mid-infrared band 1; RED is
the reflectance in the red band; NIR denotes the reflectance in the near-infrared band; BLUE
is the blue band reflectance; and GREEN is the green band reflectance.

3.3.5. The Construction of the Remote Sensing Ecological Index

The process involves conducting a principal component analysis on the four key
factors extracted. The first principal component (PC1) is used, processed through a specific
calculation method, to obtain the unnormalized Remote Sensing Ecological Index (RSEI0):

RSEI0 = 1 − [PC1(NDVI, WET, NDBSI, LST)] (12)

The calculated RSEI0 is normalized to obtain the RSEI, and the normalization method
is as follows:

RSEI =
RSEI0 − RSEImin

RSEImax − RSEImin
(13)

4. Results and Analysis
4.1. The Spatial Distribution Pattern of China’s Total Nighttime Light
4.1.1. The Ranking and Contribution of Total Nighttime Light in Various Regions of China

The annual nighttime light data of China from 2013 to 2021, as illustrated in Figure 2,
exhibit distinct regional characteristics. The distribution of nighttime lights in this time-
frame indicates a more pronounced concentration in the eastern regions of China relative
to the sparser western regions. This trend reflects the economic pattern of China, with the
eastern regions being more economically advanced than the comparatively less developed
western areas. The majority of the nighttime lights are focused in the southeastern coastal
regions and near rivers in the inland areas, corresponding to the geographical distribu-
tion of China’s economically developed areas and major cities along the coast and rivers.
These data effectively visualize the economic disparities across different regions of China.

Utilizing nighttime light remote sensing images from 2013 to 2021, the total nighttime
light brightness for China’s seven major regions was calculated. As shown in Figure 3,
the total amount of nighttime light for these regions between 2013 and 2021 indicates that
all seven regions have shown an upward trend, with an average growth rate of 60.89%.
The eastern region maintained the highest total amount of nighttime light throughout the
period from 2013 to 2021. The growth in the total nighttime light in the northeastern region
was relatively weak, dropping from sixth place in 2013 to seventh place in 2021. Moreover,
except for the central region, which moved up from sixth to fifth place, surpassing the
northwest region, the rankings of the other regions in China remained unchanged.

The study also determined that the growth in nighttime light in China from 2013 to
2021 was largely attributed to the eastern region. As indicated in Figure 4, the eastern
region comprised 37.80% of China’s increase in nighttime light, with the southern and central
regions contributing 18.01% and 11.33%, respectively, and the northeast region contributing a
mere 3.59%. This suggests that during 2013–2021, the eastern, southern, and central regions
emerged as the main contributors to the increase in nighttime light in China, emphasizing the
pronounced growth of nighttime light in China’s most developed eastern region.
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Figure 4. Pie chart of the contribution of nighttime light increment in various regions of China from
2013 to 2021.

4.1.2. Results of the Standard Deviation Ellipse Analysis

Utilizing nighttime light data in conjunction with data from various administrative
regions in China, the centroids and standard deviation ellipses of pixel light for 2013 and
2021 were calculated. The results, illustrated in Figure 5 and Table 2, indicate that the center
of nighttime light in China shifted southwestward, spanning a distance of 62 km between
the 2013 and 2021 centers. This suggests that from 2013 to 2021, the economic growth rate
in the central and western regions of China was especially significant. Simultaneously,
the sluggish economic growth in the northeast contributed to a heightened economic
prominence of southern China nationally, leading to the centroid’s southward shift.
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Figure 5. Standard deviation ellipses and ellipse centers in China based on nighttime light data.

Table 2. Changes in the standard deviation ellipses of China.

Year Area/km2 Growth Rate/% Coordinates of the Center Spatial Variation Distance of
Movement/km

Direction of
Movement

2013 3,403,363
1.22%

114◦41′E 32◦19′N
dilate 62 Southwest2021 3,445,027 113◦54′E 32◦15′N

To examine the spatial distribution and changing patterns of nighttime lights across
China’s various regions, a standard deviation ellipse analysis was conducted for the
seven principal regions, with the results illustrated in Figure 6 and Table 3. The analysis
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reveals that the centroid of the ellipse in the eastern region shifted 37 km northwestward,
while in the southern region, it shifted 14 km southwestward; similarly, in the northwest,
it shifted 128 km northwestward, in the northeast 24 km southeastward, in the central
region 12 km northwestward, in the northern region 12 km southeastward, and in the
southwest 29 km northwestward. The study additionally discovered that the ellipse areas
in the eastern, southern, northwest, northeast, and southwest regions exhibited expansion,
whereas those in the central and northern regions demonstrated contraction.
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Table 3. The changes in the standard deviation ellipses of China’s seven major regions.

Region Year Area/km2 Growth Rate/% Spatial Variation Distance of Movement/km Direction of Movement

East 2013 341,373 0.73% Dilate 37 Northwest2021 343,877

South 2013 149,893 13.05% Dilate 14 Southwest2021 169,450

Northwest 2013 502,403 5.15% Dilate 128 Northwest2021 528,268

Northeast 2013 128,540 2.68% Dilate 24 Southeast2021 131,986

Central 2013 32,701 −1.72% Shrink 12 Northeast2021 32,139

North 2013 250,609 −6.37% Shrink 12 Southeast2021 234,654

Southwest 2013 541,239 12.24% Dilate 29 Northwest2021 607,488
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4.2. The Temporal Trend of China’s Total Nighttime Light

The analysis of the total nighttime light and growth rates from 2013 to 2021 for
China’s seven major regions, as depicted in Figure 7, indicated an overall upward trend.
The average growth rate was recorded at 60.81%. The central region witnessed the highest
growth rate in nighttime light, at 84.68%, whereas the northeast region exhibited the lowest
growth rate, at 26.53%.
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Figure 7. The total nighttime light amount and growth rates for China’s seven major regions from
2013 to 2021.

Since the early 21st century, there has been a significant emphasis in China on the
development of emerging urban clusters in the western and central regions. In order to
comprehend the disparities among the eastern, central, and western regions, this study
analyzes their nighttime light data and GDP from 2013 to 2021. Figure 8a,b show that
the growth rate of nighttime lights for the eastern, central, and western regions stood at
61.51%, 84.68%, and 60.89%, respectively. In terms of GDP growth, the rates were 86.16%
for the east, 89.89% for the central, and 100.03% for the west. These results suggest that
the central region has overtaken the eastern region in terms of nighttime light growth, and
the western region’s growth is nearly comparable to the east’s. Furthermore, in terms of
GDP growth rates, the eastern region has been overtaken by both the central and western
regions, highlighting significant advancements in the development of urban clusters in
China’s central and western regions over the past decade.
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4.3. The Change in Urban Development and Ecological Environment Quality
4.3.1. The Response of the Ecological Environment to Urban Development

Landsat satellite imagery spanning 2013 to 2022 underwent processing for the execu-
tion of a principal component analysis on the four indicators of the Remote Sensing Eco-
logical Index (RSEI): Greenness (NDVI), Wetness (WET), Dryness (NDSI), and Heat (LST).
Selection of the first principal component was made for the RSEI calculation. For more
intuitive analysis of changes in the urban ecological environment, this study further seg-
mented the RSEI into five categories using the equal interval method: Fail (0–0.2), Poor
(0.2–0.4), Average (0.4–0.6), Good (0.6–0.8), and Excellent (0.8–1), as indicated in Table 4.
This categorization provides a clearer understanding of the varying levels of ecological
quality across urban areas.

Table 4. RSEI and ecological quality levels of Wuhan, Beijing, Shenyang, Sian, Kunming, Shenzhen,
and Hefei between 2013 and 2022.

City RSEI Rating Proportion/% RSEI Proportion/% RSEI

Wuhan

Fail 0.07%

0.643

0.16%

0.584
Poor 8.39% 2.51%

Average 22.44% 12.26%
Good 60.03% 35.43%

Excellent 9.07% 49.64%

Shenyang

Fail 0.00%

0.697

0.00%

0.722
Poor 0.31% 0.04%

Average 11.29% 8.91%
Good 84.68% 72.45%

Excellent 3.72% 18.60%

Beijing

Fail 0.06%

0.583

0.22%

0.697
Poor 10.14% 8.81%

Average 40.27% 14.15%
Good 47.58% 44.83%

Excellent 1.95% 31.99%

Xi’an

Fail 2.91%

0.583

1.87%

0.621
Poor 21.43% 16.72%

Average 26.68% 28.32%
Good 27.31% 23.43%

Excellent 21.66% 29.66%

Hefei

Fail 0.07%

0.666

0.10%

0.627
Poor 4.89% 7.20%

Average 20.53% 31.15%
Good 62.72% 53.20%

Excellent 11.80% 8.35%

Kunming

Fail 2.18%

0.527

1.41%

0.548
Poor 22.57% 19.43%

Average 38.81% 36.18%
Good 32.90% 41.35%

Excellent 3.54% 1.64%

Shenzhen

Fail 0.44%

0.592

0.50%

0.594
Poor 28.50% 28.07%

Average 20.76% 20.09%
Good 21.90% 22.65%

Excellent 28.40% 28.69%

According to the data in Table 4, Wuhan’s RSEI declined from 0.643 to 0.584 between
2013 and 2022, marking a decline of 9.18%. Shenyang’s RSEI rose from 0.697 to 0.722,
an increase of 3.59%; Beijing’s RSEI escalated from 0.583 to 0.697, a significant increase
of 19.55%; Xi’an’s RSEI elevated from 0.583 to 0.621, an upsurge of 6.52%; Hefei’s RSEI
diminished from 0.666 to 0.627, representing a decrease of 5.86%; Kunming’s RSEI advanced
from 0.527 to 0.548, an increase of 3.98%; and Shenzhen’s RSEI marginally rose from
0.592 to 0.594, an increase of 0.34%. The data suggest a decline in ecological environmental
quality in Wuhan and Hefei, virtually no change in Shenzhen, and noticeable improvements
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in Xi’an, Beijing, Shenyang, and Kunming. Beijing, with a nearly 20% increase in RSEI,
showed the most significant improvement among the seven cities.

Visual analysis of the research data delineates the distribution of ecological environ-
mental quality levels in Wuhan, Beijing, Shenyang, Xi’an, Kunming, Shenzhen, and Hefei
for 2013 and 2022, as illustrated in Figure 9. The color coding symbolizes different environ-
mental quality levels: blue for “Excellent”, green for “Good”, yellow for “Average”, orange
for “Poor”, and red for “Fail”.

Remote Sens. 2024, 16, 1378  14  of  22 
 

 

Average  20.76%  20.09% 

Good  21.90%  22.65% 

Excellent  28.40%  28.69% 

Visual analysis of the research data delineates the distribution of ecological environ-

mental quality levels in Wuhan, Beijing, Shenyang, Xi’an, Kunming, Shenzhen, and Hefei 

for 2013 and 2022, as illustrated in Figure 9. The color coding symbolizes different envi-

ronmental quality  levels: blue for “Excellent”, green for “Good”, yellow for “Average”, 

orange for “Poor”, and red for “Fail”. 

 

Figure 9. Distribution map of the ecological environment quality  levels of Wuhan, Beijing, Shen-

yang, Xi’an, Kunming, Shenzhen, and Hefei in 2013 and 2022. 

Figure 9. Distribution map of the ecological environment quality levels of Wuhan, Beijing, Shenyang,
Xi’an, Kunming, Shenzhen, and Hefei in 2013 and 2022.

The study demonstrates a marked improvement in Beijing’s ecological environment.
It indicates a substantial decrease in the area classified as “Poor” in Beijing’s urban interior,
with a transition to “Average” and “Good”. Similarly, in the suburban areas of Beijing, there
was a significant reduction in areas rated as “Average,” complemented by an increase in
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areas rated as “Good”. The highest ecological environmental quality levels were observed
in the northern and western administrative districts of Beijing, improving from “Good”
in 2013 to superior levels in 2022. Overall, the proportion of areas in Beijing rated as
“Excellent” increased significantly, from 1.95% in 2013 to 31.99% in 2022.

The ecological environment in Hefei city overall exhibited a declining trend, evidenced
by a shift from “Good” to “Average” and even “Poor” in the ecological environmental
quality levels around the city center. In the suburban areas of Hefei, environmental quality
has deteriorated, with a significant reduction in areas rated as “Excellent” in the northern
and southern parts, and the northern region witnessing the complete disappearance of
such areas.

In Kunming, an overall minor improvement in ecological environmental quality was
observed, with an increase in the RSEI from 0.527 to 0.548, despite a deterioration in some
southwestern areas. Shenyang experienced overall enhancements across various parts of
its administrative region, with the area classified as “Excellent” rising from 3.72% in 2013
to 18.60%. The case of Shenzhen is quite unique. The RSEI changed from 0.592 to 0.594,
reflecting almost no discernible change in the imagery. Therefore, it is believed that the
quality of the ecological environment in Shenzhen has remained nearly constant during the
study period or has exhibited minor fluctuations.

The ecological environment in Wuhan has seen an overall deterioration in quality, partic-
ularly in the suburban areas surrounding the city, where the quality has significantly degraded,
indicating an expansion of deterioration from the city to the suburbs. In Xi’an, the ecological
environment showed overall improvement, as evidenced by a decrease in areas rated as “Fail”
in the city’s interior region and an increase in areas rated as “Excellent” in the southern part
of its administrative region, with the RSEI increasing from 0.583 to 0.621.

4.3.2. The Impact of Urban Development on the Ecological Environment

Urban development is not inherently associated with negative impacts on the eco-
logical environment. The research results indicate that Beijing’s RSEI improved from
0.583 to 0.697 between 2013 and 2022, indicating an enhancement in ecological environ-
mental quality. This improvement can likely be attributed to Beijing’s deindustrialization
and ecological restoration projects implemented for the 2022 Beijing Winter Olympics and
sandstorm mitigation efforts. Table 5 illustrates changes in the proportions of the primary,
secondary, and tertiary industries (primary industry: involves extracting natural resources,
such as agriculture and mining; secondary industry: focuses on transforming raw materials
into finished goods, including manufacturing and construction; tertiary industry: provides
services rather than goods, encompassing sectors like retail, healthcare, and education)
in Beijing from 2013 to 2021, showcasing a continuous rise in the tertiary sector and a
gradual relocation of high-energy-consumption and high-pollution industries typified by
the primary and secondary sectors.

Table 5. The proportions of the primary, secondary, and tertiary industries in Beijing’s GDP in 2013
and 2021.

Year The Primary Sector Accounts of GDP/% The Secondary Sector Accounts of GDP/% The Tertiary Sector Accounts of GDP/%

2013 0.80% 22.30% 76.90%
2021 0.27% 18.04% 81.67%

Beijing actively engaged in ecological restoration projects in preparation for the Winter
Olympics. In the Yanqing competition area, situated in northern Beijing and noted for its
significant ecological improvement, ecological restoration commenced in 2015. By the end
of 2020, venues such as the National Sliding Center and the National Alpine Skiing Center
had been completed, encompassing a total of 2.14 million square meters of ecological
restoration. To address sandstorms, Beijing initiated a large-scale afforestation project,
with the second phase commencing in 2013. By the end of 2021, 213.9 million mu of
afforestation had been achieved, significantly enhancing the greening of Beijing’s barren
hills and increasing forest coverage in mountainous areas to 58.8%. These efforts underscore
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Beijing’s successful synergy of economic growth and ecological conservation, markedly
improving its ecological environmental quality.

The pressures associated with rapid urban development on the ecological environment
are significant and cannot be overlooked. From 2021 to 2022, Hefei experienced the highest
GDP growth rate in China, characterized by a large-scale expansion of its urban area.
This rapid development resulted in a marked deterioration in the ecological environmental
quality of Hefei, as evidenced by the RSEI dropping from 0.666 to 0.627. Drawing upon the
land-use data from Yang and Xin Huang, the land-use maps of Hefei for 2013 and 2022,
illustrated in Figure 10, show an expansion in areas classified as artificial surfaces over
this period. This increase in artificial surface areas contributes to a rise in the contribution
values of NDBSI and LST in the RSEI, negatively impacting the ecological quality.
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Figure 10. The land-use types of Hefei city in 2013 and 2022.

Continuing with the analysis of Hefei’s land-use data spanning 2013 to 2022, both
an overlay analysis and a transfer Sankey chart have been produced, as illustrated in
Table 6 and Figure 11. The results show that in Hefei, areas classified as Barren and Imper-
vious, known to adversely affect ecological environmental quality, experienced an increase.
These areas were predominantly transformed from Cropland and Forest. In contrast, areas
contributing positively to ecological quality, such as Forest and Grassland, saw reductions
to varying extents, accompanied by a decrease in agricultural land. This factor is likely to
have significantly contributed to the decline of Hefei’s ecological environmental quality.

Table 6. The land-use transition matrix table for Hefei city (unit: km2).

Year CLCD
2022

Cropland Forest Grassland Water Barren Impervious Total

2013

Cropland 8120.916 58.982 0.478 61.130 0.008 387.447 8628.961
Forest 62.331 489.043 0.079 0.221 0.000 2.303 553.977

Grassland 0.802 0.068 0.289 0.005 0.025 0.483 1.671
Water 119.006 0.317 0.000 1002.632 0.013 10.166 1132.133
Barren 0.009 0.000 0.005 0.000 0.012 0.032 0.058

Impervious 126.394 0.597 0.009 3.297 0.003 1023.605 1153.904
Total 8429.459 549.005 0.860 1067.283 0.060 1432.037 11,478.703
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5. Discussion

Focusing on China, this article selects Shenyang, Beijing, Wuhan, Xi’an, Hefei, Kunming,
and Shenzhen to represent seven major regions. The study explores the interplay between
urban development and its environmental impacts, thereby enriching existing research on
economic development and environmental protection. The key findings are as follows: (1)
From 2013 to 2021, nighttime light intensity, a marker of urban development, increased across
all regions, most notably in the central region, followed by the east and south. (2) Urban
development is not invariably detrimental to the ecological environment. In the period from
2013 to 2022, the ecological quality improved in Beijing, Xi’an, and Shenyang, while it declined
in Wuhan and Hefei and stayed constant in Kunming and Shenzhen.

5.1. The Regional Differences and Southward Shift of Nighttime Lights

The distribution and growth of nighttime light in China display clear regional dif-
ferences. In the eastern region, correlating with its economic development, there is
dense nighttime lighting, whereas the western region exhibits comparatively less lighting.
From 2013 to 2021, the increase in nighttime lights was mainly from the eastern, southern,
and central regions, with the eastern region accounting for 37.80% of the growth. The geo-
graphic center of nighttime lights moved approximately 62 km southwest in this timeframe.
An analysis of the elliptical area changes across various regions indicated expansion in
the east, south, northwest, northeast, and southwest, and contraction in the central and
northern regions.

The observed elliptical changes in urban areas, including variations in area and
shifts in the centroid position, signify key trends in urban development and expansion.
The alteration in the ellipse’s size, in particular, can be interpreted as an indicator of
urban sprawl or concentration, a phenomenon of significant importance to urban planning,
environmental sustainability, and socio–economic dynamics.

The expansion of the ellipse indicates a widening urban footprint, suggesting a trend
towards urban sprawl. This outward growth may be driven by factors such as population
increase, economic development, and the pursuit of lower land costs outside urban cores.
While it may foster economic opportunities and residential space, sprawl could put strain
on the infrastructure, increase transportation emissions, and encroach on natural habitats.
Moreover, the dispersion of urban areas might exacerbate socio–economic disparities by
creating a more pronounced division between urban and suburban areas. Conversely, a
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contraction of the ellipse implies a more concentrated urban form, potentially indicating
efforts towards densification and sustainable urban development. This trend could be
driven by policies aimed at curbing sprawl, such as land-use regulations, investment in
public transportation, and the development of mixed-use communities. Urban concentra-
tion can enhance resource use efficiency, reduce per capita environmental impacts, and
foster vibrant, walkable communities. However, without careful management, it may also
lead to challenges like housing affordability issues and congestion.

The movement of the centroid reflects the directional bias of urban expansion, pro-
viding insight into regional development priorities and the geographical redistribution
of economic activities. This shift may be influenced by infrastructure projects, regional
development policies, or environmental constraints, highlighting the dynamic interaction
between human endeavors and the natural landscape.

Understanding these trends and the driving forces behind them is crucial for for-
mulating wise urban policies that balance growth with sustainability. This requires a
multidisciplinary approach, integrating insights from geography, urban planning, eco-
nomics, and environmental science, to ensure that urban expansion aligns with broader
goals of social well-being and ecological resilience.

The findings are similar to the results of the existing literature [38–40]. Combining
previous research, it can be understood that the regional differences in nighttime light
may be the result of the interplay of multiple complex factors [41]. Understanding the
developmental disparities between different regions can facilitate more balanced growth.
To achieve coordinated development between eastern and western regions, it may be neces-
sary for governments to increase investments in the west to reduce regional development
gaps, formulate more precise policies and strategies, and promote balanced and sustainable
economic growth.

This revelation underscores the importance of comprehending developmental dispar-
ities among regions in facilitating more balanced development. To achieve coordinated
development between the eastern and western regions, guiding the government to aug-
ment investments in the western areas is crucial to mitigate regional development gaps,
culminate more precise policies and strategies, and foster more balanced and sustainable
economic growth. Furthermore, the study’s conclusions offer insightful guidance on the
direction of economic growth, assisting businesses and investors in pinpointing regions
with greater potential for investment and expansion.

5.2. The Non-Synergistic Impact of China’s Urbanization on Regional Ecological Environments

From 2013 to 2022, there was considerable variation in the impact of urban develop-
ment on ecological environments in China. During this period, metropolises such as Beijing,
Xi’an, and Shenyang witnessed enhancements in ecological environmental quality, while
Wuhan and Hefei endured declines. In contrast, the ecological environments of Kunming
and Shenzhen demonstrated minimal alterations.

Specifically, Wuhan’s RSEI witnessed a decrease of 9.18%, while Hefei’s experienced
a reduction of 5.86%. Shenzhen’s RSEI change was minimal, registering a slight increase
of 0.34%. In contrast, Shenyang’s and Kunming’s RSEI increased by 3.59% and 3.98%,
respectively, whereas Xi’an and Beijing recorded increases of 6.52% and 19.55%. According
to the literature [42–48], some studies have noted a decline in RSEI correlating with urban
development, while others reported an increasing trend. Additionally, several studies
identified fluctuating RSEI patterns in line with urban growth [49–51]. This suggests a
complex interplay between urban development and ecological environments, characterized
by an asynchronous relationship.

This variability could be attributed to diverse influences of urban development strate-
gies, adjustments in industrial structures, and variations in environmental protection
policies. Some cities may place greater emphasis on environmental protection and sustain-
able development, adopting effective policies to enhance ecological conditions. Conversely,
other cities facing pressures of rapid development and economic expansion may neglect
the ecological environment, resulting in its deterioration.
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These research findings underscore that the relationship between urban development
and the ecological environment is not simply linear but rather a complex interplay. It high-
lights the necessity of balancing economic growth with environmental protection amidst
urban development. This necessitates prioritizing ecological conservation and sustain-
able development, coupled with the implementation of effective measures to harmonize
the relationship between economic growth and environmental conservation. For rapidly
developing cities like Hefei and Shenzhen, it is advisable to incorporate more green infras-
tructure into urban planning and development, which will improve the ecological quality
and the quality of life. In cities with a heavy industrial background, such as Shenyang,
formulating and implementing stricter environmental emission standards to promote the
optimization and upgrading of industrial structures can reduce the environmental impact
of industrial activities. Each city should establish an evaluation system for balancing urban
development with environmental protection, taking into consideration the rate of economic
development and urban expansion and the quality of the ecological environment.

6. Conclusions

This article utilizes Landsat 8 satellite remote sensing data and NPP/VIIRS nighttime
light remote sensing imagery, combined with the standard deviation ellipse method and
the remote sensing ecological index model, to examine the spatiotemporal dynamics of
urban development in China and its impact on the ecological environment. In summary,
the eastern region exhibited dense nighttime lights, reflecting its economic development,
whereas the western region showed fewer lights. Secondly, a general increase in total
nighttime brightness was observed across all seven regions, with an average growth rate of
60.89%. The growth in nighttime lights primarily originated from the eastern, southern, and
central regions, with the east contributing the largest portion at 37.80%. From 2013 to 2021,
the centroid of nighttime lights in China shifted approximately 62 km southwest. Elliptical
areas in the east, south, northwest, northeast, and southwest regions expanded, while
those in the central and northern regions contracted. The nighttime light growth rate in the
central region surpassed that of the east, with the west nearly equaling the east. In terms
of GDP growth rate, the eastern region was outpaced by the central and western regions.
Lastly, the impact of urban development on the ecological environmental quality varied
across regions, indicating improvement in Beijing, Shenyang, and Xi’an; stable conditions
in Kunming and Shenzhen; and reductions in Hefei and Wuhan, suggesting a complex
interaction between urban development and ecological changes.

This study acknowledges the existence of certain limitations, which are mainly man-
ifested in three aspects. Firstly, the research has, so far, only compared nighttime light
data with GDP, without comparing it with population numbers or levels of development.
Secondly, the RSEI used to assess the quality of the ecological environment does not fully
cover all dimensions of an area’s ecological environment, lacking the capability to assess
elements such as water quality and biodiversity. Lastly, the nighttime light remote sensing
data and Landsat data used cover a relatively short period, which hinders the analysis
of long-term evolution. Future research will require more robust data sources, including
satellite or drone data with higher resolutions and more timeliness, and the development
of more comprehensive models to produce more objective and reliable analysis results.
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