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Abstract: Accurate and timely urban boundaries can effectively quantify the spatial characteristics
of urban evolution and are essential for understanding the impacts of urbanization processes and
land-use changes on the environment and biodiversity. Currently, there is a lack of long time-series,
high-resolution, nationally consistent Chinese urban boundary data for urban research. In this study,
the city clustering algorithm was used to generate urban settlement boundaries in China based on
the local density, size, and spatial relationships of impervious surfaces. The results showed that
both the area and the number of urban settlements in China revealed an upward trend from 1985
to 2020, with East China (EC) being much higher than other regions and South China showing the
most significant growth rate. The average area ratio of urban green space in China was 41.68%, with
the average area ratio in EC being higher than in other regions. Meanwhile, Zipf’s law was used
to verify the universality of urban settlement rank–size; the changes in the Zipf index from 1985
to 2020 also revealed that China’s urban size tended to be concentrated, and the development of
large urban settlements was relatively prominent. The urban definition method we propose in this
study can divide urban boundaries efficiently and accurately, identify urban expansion hotspots, and
promote research on farmland loss and ecological land degradation, further exploring the impacts of
urbanization on food security, biodiversity, and carbon sequestration. By coupling big data such as
economy, energy, and population with urban evolution patterns, urban managers can analyze current
and future problems in urban development, thereby providing scientific decision-making for urban
sustainability.

Keywords: urban boundaries; multisource remote sensing; quantitative and spatiotemporal
characteristics; Zipf’s law; China

1. Introduction

Urban settlements are places of concentrated human habitation, production, and living,
and they are projected to house 68 percent of people globally in 2050 [1]. Urban settlements
have a wide range of related research topics, including human activities [2,3], ecological
environment [4,5], biodiversity conservation [6–8], economic development [9,10], and
social activities [11]. The research of relevant urban settlements requires a defined spatial
scope. Urban settlements are distinguished from “built-up areas” and “administrative
districts” by the fact that they have urban characteristics, reflect human activities, and are
the boundaries of urban entities. The urban entity boundary is superior to the traditional
administrative boundary and can reflect urban evolution and expansion. Currently, there
is no standardized definition of an urban entity. Therefore, the unified identification of
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urban settlement boundaries through urban entities has important scientific research and
significance [12,13].

In recent years, the continuous enrichment of long time-series, multi-temporal, and
time-sensitive remote sensing big data has provided data support for the identification of
urban settlement boundaries [14–18]. Currently, scholars have done a lot of research on
the identification of urban settlement boundaries using spatial clustering based on remote
sensing images [19], nighttime lights [20], impervious surfaces [21], and POI data [22].
However, the identification of entities and uniform boundaries based on urban settlements
is still a great challenge. On the one hand, the definition of urban settlement boundaries
varies depending on the application and dataset, and there is no uniform or standardized
definition yet. For example, urban boundaries based on nighttime lighting are mainly
determined by the lights emitted by the city at night, potentially ignoring small, low-
light human settlements [23]. On the other hand, it is difficult to obtain high-resolution
data sources with spatial and temporal consistency. Most studies are based on auxiliary
datasets or complex models [21]. The growing size of cities has led to an increasing
blurring of urban–rural boundaries, and it is difficult to capture the full range of urban
functions with traditional urban classification methods [24]. Currently, there are two main
types of classification for cities: one is to classify cities based on regular pixel units using
remotely sensed raster data; the other is to delineate city boundaries based on the density,
size, and space of raster pixels or vector data (e.g., street nodes), and both methods use
city clustering algorithms (CCAs) [21,25]. The CCA is an algorithm that defines urban
boundaries based on the geographic distribution of social activities on a finer spatial scale,
breaks through the traditional boundaries of administrative divisions, and effectively
makes up for the shortcomings of the basic administrative unit that underestimates the
number of large cities and the city cluster that underestimates the number of small cities.
Therefore, overcoming the mixing of urban and rural landscapes as well as the constraints
of administrative boundaries, delineating urban boundaries as objectively and clearly as
possible, and analyzing the spatial and temporal characteristics of urban evolution are
crucial to a better understanding of urbanization.

Accurate urban settlement boundaries can help scholars and urban managers grasp
the characteristics of urban scale, optimize spatial structure and pattern, and guide future
urban evolution. Research on the evolution of urban size has focused on methods such
as Zipf’s law, the first-degree index, and the Herfindahl index, utilizing a variety of data
sources, such as demographic data, nighttime lighting data, and land remote sensing data,
and focusing on spatial scales across the country and in different regions, provinces, and
urban agglomerations. The classic theory on the size distribution of urban is Zipf’s law.
Zipf’s law can characterize whether the development of urban size is characterized by
dispersion or concentration and can better describe national urban hierarchies as well as
the size of urban in individual regions [26,27]. Wen et al. (2016) used urban population
data, a double logarithmic regression model, and Zipf’s law to test the size and class of
Chinese urban, and the results indicated that the distribution of Chinese urban size is
relatively balanced and basically conforms to Zipf’s law [28]. Deng et al. (2019) explored
the built-up area of Chinese urban areas using Zipf’s law, explaining that the built-up areas
of all Chinese urban maintain a growing trend, but the rate of expansion varies greatly
from one period to another [29]. Huang et al. (2015) conducted a study on urban evolution
based on nighttime lighting data and found that the Zipf’s law approach is effective in
revealing the dynamics of urban development from both national and city perspectives [30].
Most studies not only used Zipf’s law for regionalization and descriptive analysis but also
deeply explored the influencing factors of urban rank–size. It has also been found that
the rank–size distribution of cities in developed countries is relatively stable, whereas, in
developing countries, the magnitude of change is significant [31,32].

Impervious surfaces, as an indicator of the intensity of human activity and economic
development, are the key characteristic of urbanization and can be an important basis for
distinguishing urban from non-urban areas [33]. Impervious surfaces are the basic cover



Remote Sens. 2024, 16, 19 3 of 19

type for characterizing built-up areas and urban extent and are important indicators for
understanding the impacts of urbanization on human society and the environment [34].
Therefore, exploring urban evolution characteristics based on impervious surfaces has
explanatory power. Many studies have integrated multidimensional feature information,
such as temporal, spatial, spectral, and others, to extract continuously varying imper-
vious surface cover, obtain more accurate dynamic urban extensions, and analyze the
characteristics of urban evolution [35,36].

In this paper, based on the local density, size, and spatial relationship of impervious
surfaces, we used the CCA to identify the boundaries of urban settlements in China and
explore their evolutionary characteristics. The main objectives were (1) to determine the uni-
fied, objective, and clear boundaries of urban settlements in China for the period 1985–2020
and (2) to explore the spatial and temporal characteristics of the size distribution of urban
settlements using Zipf’s law. By achieving the objectives, this study could accurately and
objectively grasp the evolution of urban settlements in China and provide basic data and
scientific decision-making for various urban studies.

2. Materials and Methods
2.1. Study Area

In this paper, the territory of China (73◦33′~135◦05′E, 3◦51′~53◦33′N) was selected as
the study area. Meanwhile, combining the geographical characteristics, natural environ-
ment, and socioeconomic development status of different regions in China, the study area
was divided into seven geographical regions: Northeast China (NEC), East China (EC),
North China (NC), Central China (CC), South China (SC), Northwest China (NWC), and
Southwest China (SWC) (Figure 1) [37,38]. With the rapid development of urbanization,
China’s urbanization rate and built-up areas are increasing. According to the China Statisti-
cal Yearbook 2021 [39], the region with the highest population urbanization rate as of 2020
is NC (72.47%), followed by EC (69.35%), and the lowest is SWC, with an urbanization rate
of 53.02%.
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2.2. Data Source

The data sources used in this study are shown in Table 1. The impervious sur-
face dynamic datasets and water body datasets were used for urban settlement identi-
fication. The MODIS Global Urban Extent Products (MGUP), global urban boundaries
(GUB), and standardized urban built-up area dataset for China (SUBAD) were used as the
validation data.

Table 1. Datasets used in this study.

Dataset Spatial Resolution Year Source Reference

Impervious surface
dynamic data 30 m 1985, 1990, 1995, 2000,

2005, 2010, 2015, 2020

https://doi.org/10.5281/
zenodo.5220816 (accessed on 5

December 2022).
[40]

Water body dataset 30 m 1985, 1990, 1995, 2000,
2005, 2010, 2015, 2020

https://global-surface-water.
appspot.com (accessed on 2

December 2022).
[41]

MGUP 250 m 2001–2018

https://www.rsearchgate.net/
publication/339873537_MGUP_

annual_global_2001_2018
(accessed on 25 June 2023).

[42]

GUB 30 m 1990–2018 http://data.ess.tsinghua.edu.cn
(accessed on 25 June 2023). [21]

SUBAD Vector 1990–2015
http://www.doi.org/10.11922

/sciencedb.j00076.00004
(accessed on 25 June 2023).

[43]

2.3. Methods

The local density of impervious surfaces based on the moving window algorithm was
used to distinguish three types of patches—urban, suburban, and rural areas—according
to the threshold of local density. Cluster analysis was performed on urbanized patches
(including urban and suburban patches) using the CCA to identify the boundary of urban
settlements, which is the urban extent (UE). The urban settlement is a geographically
contiguous and separate urban patch that may contain several cities and serve as the entity
boundary of the urban. Within the UE, the urban settlement compositions were identified
based on the density, area size, and spatial relationships of impervious surfaces, such as
urban impervious area (UI), urban dense center (UC), urban water body (UWB), and urban
green space (UGS). Zipf’s law was used to explore the scale evolution characteristics of the
Chinese urban system. The research framework is shown in Figure 2.

2.3.1. Patch Type Identification

The local density of impervious surfaces and topological relationships of different
patches were used to identify urban, suburban, and rural patches. The local density of the
impervious surface is the ratio of the number of impermeable surface pixels to the total
number of pixels in a certain neighborhood window. A moving window was used to count
the number of pixels with the following formula:

Pbuilt =
Cimpervious

N − Cwater
(1)

where Pbuilt represents the local density, Cimpervious represents the total number of impervious
surface pixels in the neighborhood window, N represents the total number of pixels in
the window, and Cwater represents the total number of permanent water body pixels in
the neighborhood window. The size of the neighborhood window was chosen to be 33 by
33, which is a walking distance of 10 min [44] and an area of approximately 1 km2. The
impervious surface data were processed as described above using Google Earth Engine to
obtain the local density. Urban patches were defined as impervious surface local densities

https://doi.org/10.5281/zenodo.5220816
https://doi.org/10.5281/zenodo.5220816
https://global-surface-water.appspot.com
https://global-surface-water.appspot.com
https://www.rsearchgate.net/publication/339873537_MGUP_annual_global_2001_2018
https://www.rsearchgate.net/publication/339873537_MGUP_annual_global_2001_2018
https://www.rsearchgate.net/publication/339873537_MGUP_annual_global_2001_2018
http://data.ess.tsinghua.edu.cn
http://www.doi.org/10.11922/sciencedb.j00076.00004
http://www.doi.org/10.11922/sciencedb.j00076.00004
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higher than 0.5 [44–46]; suburban patches were defined as impervious surface local densities
between 0.25 and 0.5 [44] and spatially adjacent to urban patches; impervious surface local
densities less than 0.25 were defined as rural patches. According to the empirical threshold,
the local density of impervious surfaces was classified, and three sets of vector data were
obtained for urban patches, suburban patches, and rural patches, among which urban
patches and suburban patches were collectively referred to as urbanized patches.
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2.3.2. City Clustering Algorithm

In this study, the CCA method was applied to the urbanized patches to define the
extent of each Chinese city. The CCA method proposed by Rozenfeld et al. (2010) utilizes
the concept of spatial continuity to define urban beyond administrative boundaries [47].
The CCA is defined by two parameters: the area threshold S* and the search distance h,
which denote the minimum area and distance to form an independent urban settlement,
respectively. According to previous studies, the average population density is approxi-
mately 10,000 persons/square kilometer through a global survey of urban populations of
different ranks, and usually, a population of 50,000 is considered an independent urban
settlement [44,48]. Therefore, the minimum area threshold S* was set as 5 km2 in this
paper. The search distance h was set as 1 km in this paper, which is approximately a 10 min
walking distance [44]. The CCA process is shown in Figure 3, where the small points of
different colors are the geometric centers of the urbanized patches.

Based on the defined UE, other boundaries were identified by the degree of density
aggregation, area size, and spatial relationships. The UI was obtained by extracting the
impervious surface data according to the UE range. The UC is the area where the local
density of the UI is greater than 20% or the area is greater than 50 km2. The UWB was
obtained by extracting permanent water bodies from the UE, and the UGS was obtained
by removing the UI and UWB from the UE. The UE, as an independent urban settlement,
can have obvious differences in size. Referring to the criteria for dividing urban resident
population size and average population density [48,49], this study divided urban settle-
ment areas into five categories based on UE area: UE < 50 km2, 50 km2 ≤ UE <100 km2,
100 km2 ≤ UE < 500 km2, 500 km2 ≤ UE < 1000 km2, and 1000 km2 ≤ UE.
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the clustering stops, and the area threshold in the same cluster becomes the urban extent. Gray
dots indicated urban patches that have not been clustered by the CCA algorithm, and orange dots
indicated urban patches that have been clustered by the CCA algorithm.

2.3.3. Accuracy Verification

To assess the accuracy of the urban agglomeration identification results objectively,
we used the results of urban and non-urban area delineation as the actual delineation
results to establish the urban confusion matrix and calculate the overall accuracy (OA). For
the UE and UI, we randomly generated 3165 sample points and compared them with the
urban boundary datasets of “MGUP”, “GUB”, and “SUBAD”. Meanwhile, the equal area
buffer was made based on the UE, and 2000 points were randomly selected in urban buffer
areas and the UE area. Based on the high-resolution Google imagery, we manually and
visually interpreted whether the point was in the UE, UGS, UWB areas or non-urban areas.
The confusion matrices were established based on our urban identification results, urban
boundary datasets, and interpretation results. The OA of these confusion matrices was
calculated based on the following formula:

OA =
1
N

r

∑
i=1

xii (2)

where OA indicates the percentage of the total number of correctly categorized test points
in the sample, N is the total number of sample points, r is the total number of rows, and xii
is the diagonal element of the confusion matrix.

2.3.4. Zipf’s Law

Zipf’s law is a quantitative relationship between the frequency of words in English
literature and their sequence number, as proposed by George K. Zipf of Harvard University,
based on a large number of statistics on the frequency of words appearing in English
literature [50]. Zipf’s law was used to test the characteristics of the urban size distribution
and states that the product of urban rank and size is a constant [51]. Zipf’s law is not
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universally applicable to all cities, but it has been accepted by many as the ideal state of
equilibrium. The calculation formula is as follows:

Si = S1 ∗ R−q
i (3)

For ease of understanding, the natural logarithmic transformation was applied to
Equation (2) as follows:

q =
ln(S1)− ln(Si)

ln(Ri)
(4)

where q is the Zipf index, which reflects the characteristics of urban development distri-
bution. Si is the urban size, Ri is the rank of urban size, and S1 is the maximum urban
size. A value of q close to 1 means that the urban development is close to the equilibrium
state and satisfies Zipf’s law; 0 < q < 1 indicates that the development of large cities is
prominent and plays the role of a monopoly position, and the development of small and
medium-sized urban areas is relatively insufficient, which means that the distribution of
urban development is relatively concentrated; q > 1 indicates that the development of urban
scale is relatively decentralized, and the development of large, small, and medium-sized
urban areas is relatively balanced. For the analysis of urban development in a long time
series, a value of q gradually increasing indicates that urban development tends to be
balanced, and a value of q gradually decreasing indicates that the urban development
distribution tends to be concentrated.

3. Results
3.1. Accuracy Verification of Urban Settlements

The UE was compared with “urban extent” in the MGUP dataset and “urban bound-
aries” in the GUB dataset of 2015 for validation, and the OA was 85.09% and 87.24%,
respectively. The OA of UI was 85.54% when compared with the SUBAD dataset. The
results of the manual and visual interpretation showed that the OA of UE, UGS, and UWB
identification in this study were 82.91%, 93.56%, and 94.71%, respectively. The spatial
urban boundary results of four representative Chinese cities, Beijing, Tianjin, Shanghai, and
Chongqing, were selected for comparison with validation datasets (Figure 4), indicating
that the urban boundaries extracted in this study were continuous, smooth, and with low
fragmentation.

3.2. Spatiotemporal Distribution of Urban Settlements

Based on the impervious surface data, water body data, and the CCA method, the
UE, UI, UC, UGS, and UWB of China in 1985, 1990, 1995, 2000, 2005, 2010, 2015, and
2020 were obtained in this paper (Table 2). From 1985 to 2020, the increases in the urban
settlement number and area were 289% and 663%, respectively, and the areas of UI and
UC both presented increasing trends. The growth rates of UE per 5 years from 1985 to
2020 were 33.52%, 34.11%, 50.68%, 46.91%, 33.86%, 27.75%, and 12.60%, respectively. The
Beijing–Tianjin–Hebei (BTH), Yangtze River Delta (YRD), and Pearl River Delta (PRD), as
China’s most fully developed and intensively developed urban regions, showed sustained
growth in urban evolution. The urban settlement growth rates of the BTH, YRD, and PRD
regions from 1985 to 2020 were 378%, 495%, and 160%, respectively (Figure 5).
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extent; UI: urban impervious area; UC: urban dense center; UGS: urban green space; UWB: urban
water body. MGUP: MODIS Global Urban Extent Products; GUB: global urban boundaries; SUBAD:
standardized urban built-up areas dataset.

Table 2. Characteristics of urban settlements from 1985 to 2020 in China. UE: urban extent; UI: urban
impervious area; UC: urban dense center; UGS: urban green space; UWB: urban water body.

Time Number of
UEs

UE
(km2)

UI
(km2)

UC
(km2)

UGS
(km2)

UWB
(km2)

1985 870 25,679.19 14,715.96 1541.24 10,619.74 359.60
1990 1106 34,285.76 19,250.63 1965.85 14,055.86 1008.18
1995 1418 45,980.02 25,535.69 2377.77 18,881.29 1606.76
2000 1898 69,283.41 37,326.47 3429.58 29,515.09 2511.07
2005 2346 101,785.36 55,226.06 6244.24 43,072.80 3608.54
2010 2700 136,251.06 74,652.62 8697.47 57,016.67 4759.75
2015 3165 174,056.77 95,749.52 11,584.27 72,421.03 6054.82
2020 3385 195,995.38 107,905.46 13,547.30 81,641.82 6634.56
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Figure 6 reveals the quantitative characteristics of urban settlements of different sizes
in China from 1985 to 2020. The percentage of the number of urban settlements larger than
100 km2 in 1985 was 5.51%, and the area accounted for 38.71%; the percentages of urban
settlements less than 100 km2 in number and area were 94.48% and 61.30%, respectively.
By 2020, the number of urban settlements larger than 100 km2 accounted for 8.33%, and
the area ratio was 65.08%; the number and area of urban settlements less than 100 km2

accounted for 91.67% and 34.92%, respectively. From 1985 to 2020, the trend of urban
settlement development in China was characterized by the rapid development of large
urban settlements, with the proportion of urban settlements larger than 100 km2 in number
and area increasing by 2.82% and 26.37%, respectively.
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3.3. Characteristics of Urban Settlements in Different Regions

For different regions, there are great variations in the number, size, and spatial dis-
tribution of urban settlements (Figure 7). A total of 50.11% of urban settlements in China
in 1985 were distributed in NEC and EC, with a relatively small difference in number and
area. Among the seven regions, the proportion of urban settlements less than 50 km2 was
the highest, followed by urban settlements with sizes ranging from 50 km2 to 500 km2

distributed in all seven regions, and urban settlements larger than 500 km2 were mainly
distributed in NC and EC. By 2020, the number and area of urban settlements in seven
regions were increasing, with 58.52% of urban settlements distributed in EC, NC, and CC.
In the seven regions, the proportion of urban settlements less than 50 km2 showed a slightly
decreasing trend, while those larger than 50 km2 showed an increasing trend. NEC had the
highest total area of urban settlements in 1985, followed by EC and NC, and SWC had the
smallest area. However, by 2020, EC had the largest area, followed by NC and CC, and
NWC had the smallest area. The rate of urban area evolution in SC was 1265.71%, much
higher than the other six regions (Figure 8).
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Figure 7. Characteristics of urban settlements in different regions in China from 1985 to 2020. (a) The
number of urban settlements in different regions; (b) the proportion of urban settlement areas in
different regions. NEC: Northeast China; EC: East China; NC: North China; CC: Central China; SC:
South China; NWC: Northwest China; and SWC: Southwest China. UE: urban extent.

Based on the boundaries of urban settlements we delineated, the largest urban settle-
ments in different regions of China from 1985 to 2020 were determined (Figure 9). There
were spatial and temporal differences in the largest urban settlements in different regions,
which indicated significant differences in urban development under different geographic
and environmental conditions. The evolution of urban entities was not limited by admin-
istrative boundaries, and neighboring urban areas were geospatially connected, creating
spatial co-urbanization. For example, before 2005, the largest urban settlement in the NC
region was located only in Beijing. Since 2005, patches of Beijing, Langfang, and Tianjin
have been geospatially linked to form the largest urban settlement. The largest urban
settlements in China were located in the NC region in 1985. By 2020, the largest urban
settlements in China were located in the SC region.
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3.4. The Rank–Size Pattern of Urban Settlements

Zipf’s law was used to compare and evaluate the rank–size rule for Chinese urban
settlements at the national scale, and the fitting results for UE, UI, and UC are presented
in Figure 10. The overall trend of the distribution of urban settlement sizes in China was
analyzed based on the changes in the q-value of the Zipf index. The Zipf index for UE and
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UI was close to 1, indicating that the development was relatively consistent with Zipf’s
law. The Zipf indices for UC were not close to 1, indicating that the development did not
conform to Zipf’s law. The Zipf index of Chinese urban settlements was the largest in
1985, indicating that the development of small and medium-sized urban settlements was
common and the distribution of urban size was decentralized. The Zipf index of Chinese
urban settlements in 2020 was the smallest, which indicated that the distribution of city size
was concentrated and the development of large urban settlements was more prominent.
There was a decreasing trend in the q-value of the Zipf index from 1985 to 2020, which
indicated that the size of the development of urban settlements in China was changing
from decentralization to concentration.
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The distributions of urban settlement sizes in the seven regions of China were con-
sistent with Zipf’s law (Figure 11). In 1985, the Zipf index in NC was less than 1, and the
distribution of urban settlement sizes was concentrated, focusing mainly on the develop-
ment of large urban settlements. Meanwhile, the Zipf indices of the NEC, EC, SC, CC,
NWC, and SWC were all larger than 1, indicating that the distributions of urban settlement
sizes in these regions were relatively decentralized, with a focus on the development of
small and medium-sized urban settlements. By 2020, the Zipf Indices of NC, EC, SC, and
CC regions were less than 1, indicating that the development of large urban settlements
was prominent and the size distribution was relatively concentrated. The Zipf indices of
the NEC, NWC, and SWC regions in 2020 were all larger than 1, indicating that small and
medium-sized urban settlements were common, with a relatively decentralized distribution
of urban size. In conclusion, the size distribution of China’s urban settlement development
from 1985 to 2020 tended to be concentrated from decentralized, and the development of
large urban settlements was relatively prominent.
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4. Discussion
4.1. Urban Spatiotemporal Evolution and Its Influencing Factors

Our results indicated that the urban evolution in China from 1985 to 2020 was very
rapid, which is consistent with previous studies [52,53], and the characteristics of urban
evolution in different periods were closely related to the tasks of the five-year plans for
China’s national economic and social development [54]. Urban evolution is the result of
a combination of different socioeconomic factors. Population growth is one of the most
important factors of urban evolution; much research has revealed that the increase in the
intensity of human activity inevitably leads to large-scale urban expansion [55–57]. Policy
guidance is another important factor affecting urban evolution. Government policies drive
industrial development, industrialization promotes urbanization, and the government
attracts large amounts of resource investment through policies, thereby improving the
level of urbanization [58]. Rapid economic development has brought about the expansion
of industry and services, created a large number of employment opportunities, attracted
the non-farming population to concentrate in cities, promoted the rapid expansion of
urban land use, and accelerated urban evolution [54]. Our study revealed an upward
trend in the number and area expansion of urban settlements in China from 1985 to 2020
and a downward trend in the rate of urban expansion that began after peaking in 2000.
The implementation of the reform and opening-up policy in 1978 led to rapid urban
development in China. However, the high speed of urbanization triggered a series of
social and environmental problems, and the strict implementation of various policies led
to a decline in the rate of urbanization, which is consistent with the trend found in our
research [59].

The marked differences in natural conditions and the imbalance in the level of socioe-
conomic development have led to different characteristics of urban evolution in different
regions. The results of our study revealed that China’s urban settlements were mainly
distributed in NEC and EC in 1985, with a proportion of 50.11%, mainly because of the
solid industrial foundation and superior transportation conditions that are conducive to
urban development [60,61]. In 2020, 58.52% of the urban settlements were located in EC,
NC, and CC, with EC far outpacing the other regions, which were highly correlated with
the strategic policies of prioritizing the development of coastal regions, integrating Beijing–
Tianjin–Hebei and the rise of Central China [54,60]. The above results were similar to the
findings of the research on the influencing factors of China’s development and the temporal
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and spatial differences in China’s urban expansion [53,62]. Our results also revealed that
the rate of urban settlement area evolution was significantly higher in SC than in the other
six regions, mainly related to the establishment of the Shenzhen Special Economic Zone
and the reform and opening up of SC [54].

4.2. Urban Rank–Size Patterns and Its Influencing Factors

Different scholars have different views on the distribution of urban sizes in China. Our
results indicated that Chinese urban size, in general, conforms to the rank–size law and
exhibited the characteristic of decentralization to centralization from 1985 to 2020, which is
consistent with the findings of other scholars. For example, Song et al. (2011) found that the
rank–size of Chinese cities generally conformed to Zipf’s law but was not strictly linearly
distributed [63]. Hong et al. (2022), based on census data, revealed that the distribution of
urban sizes in China conforms to the rank–size law and presents a concentrated distribu-
tion [64]. Sun et al. (2022) pointed out that the size distribution of Chinese cities evolved
from decentralized to concentrated from 2000 to 2014 [65]. Economic development [66],
population [67], and transportation conditions [68] were all important influencing factors
in the transition from decentralized to concentrated urban size characteristics. Because of
the different definitions of urban area by scholars, some research results are inconsistent
with ours, suggesting that the distribution of urban sizes in China does not conform to
Zipf’s law but is in line with the double Pareto lognormal distribution [68].

Our study revealed that the distribution of urban size varies significantly and evolves
dynamically across different geographic regions. From 1985 to 2020, the Zipf Index in the
NEC, NWC, and SWC were all greater than 1, and the distribution of urban settlement
was decentralized, mainly concentrated in the development of small and medium-sized
cities. This is due to influencing factors, such as the special geographical location, the single
industrial structure, and the serious brain drain, which have led to unbalanced economic
development, slow urban development, and a lack of prominence in the development of
large cities [69]. In contrast, the Zipf index of EC, SC, and CC changed from greater than 1
to less than 1, indicating that the distribution of urban size changed from decentralized to
concentrated. Meanwhile, the development of small and medium-sized cities generally
shifted to the predominance of the development of large cities. This is related to China’s
policy of reform and opening up, the deepening process of globalization, and the priority
transformation of the production mode, all of which have contributed to the rapid devel-
opment of these regions and led to the trend of urban size concentration [70,71]. The Zipf
indexes of NC in different years were all less than 1, with a concentrated distribution of
urban sizes and prominent development of large cities. This is because Beijing and Tianjin
in NC, as municipalities directly under the central government of China, have developed
economies, abundant resources, and infrastructure and have attracted a large amount of
investment [72].

4.3. Advantages and Limitations

This paper overcomes the traditional administrative boundaries based on urban enti-
ties to divide urban boundaries, enhances the quantitative understanding of the boundary
characteristics of urban settlements, and grasps the spatiotemporal evolution of urban
settlements through long time series analysis, which provides scientific references for fu-
ture urban spatial planning. The remote sensing data with 30 m spatial resolution in this
paper is sufficiently representative at a large scale, which can help to better understand the
characteristics and structural differences of urban evolution.

Certain limitations were observed in this paper. In this study, only the local density
of impervious surfaces was used to delineate urban settlement boundaries, so the data
and methods used in this paper were very limited. In the future, multiple sources of big
data, such as nighttime lighting and POI data, should be considered when designing a
comprehensive metric to identify city boundaries. Meanwhile, population distribution data
were not considered because of the variability of population movement and the uncertainty



Remote Sens. 2024, 16, 19 16 of 19

of spatial distribution. In addition, this paper has only explored the two-dimensional
expansion characteristics of urban settlement growth, and three-dimensional perspectives,
such as the changes in urban building heights, can be considered in future research to
analyze urban evolution.

5. Conclusions

In this paper, based on 30 m resolution remote sensing data of impervious surfaces and
water bodies, the local density, size, and spatial relationship of impervious surfaces, as well
as CCA, were used to uniformly identify a set of Chinese urban settlement boundaries for
the period of 1985–2020, and the spatiotemporal evolutionary characteristics were analyzed.
Zipf’s law was used to explore urban rank–size patterns. This study forms a unified,
clear, and closed urban boundary in the time series, which is conducive to the spatial and
temporal evolution of urban evolution, as well as the comparison of the distribution of
urban size in different regions, and provides scientific guidance for urban spatial planning.
The conclusions are as follows:

(1) From 1985 to 2020, the increases in the urban settlement number and area were
289% and 663%, respectively. In 1985, 50.11% of the urban settlements were located mainly
in NEC and EC. By 2020, 58.52% of the urban settlements were located in EC, NC, and CC.
The rate of urban evolution in SC was 1265.71%, much higher than the other six regions.
The average area percentage of UGSs in China from 1985 to 2020 was 41.68%, among which
the average area percentage of UGSs in EC was 29.68%, which was much higher than that
in other regions.

(2) From 1985 to 2020, the evolution of China’s urban size conformed to Zipf’s law,
with the overall characteristics shifting from decentralized to concentrated and small and
medium-sized urban settlements developing into large urban settlements. The evolution
of urban size in NC showed a concentrated trend, and the development of large urban
settlements was prominent. The evolution of urban size in EC, CC, and SC shifted from
decentralized to concentrated, with the development of small and medium-sized urban
settlements transforming into the dominant development of large urban settlements. The
evolution of urban size in the NEC, NWC, and SWC regions indicated a decentralized
trend, and the development of small and medium-sized urban settlements was common.

(3) This study delineated urban settlement boundaries based on urban entities, which
has great potential for quantifying the evolutionary characteristics and microstructure of
urban settlements. More importantly, the urban definition method and urban evolution
pattern characteristics proposed in this study can be used to explore the impacts of urban-
ization on food security, biodiversity, climate change, and urban health and can help to
grasp the distribution and characteristics of urban settlements in China.
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