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Abstract—China has experienced a rapid urbanization over the
past three decades, resulting in a prominent “urban core-suburban-
rural” (USR) triad structure of human settlements. The USR
disparities, which are related to the spatial variations of human
activity intensity, have significant impacts on the spatiotemporal
variations in various environmental issues such as carbon dioxide
(CO2) emissions, carbon storage, water quality, etc. However, there
is a lack of national-level, long-term USR dataset compared to
the large number of “Urban-Rural” dual-structure datasets. In
this study, an annual USR dataset from 1992 to 2021 in China
is delineated by using the nighttime light data, which is the first
full coverage, long-term USR dataset of China. The consistency
with other remote sensing products (global urban boundaries)
and socio-economic data (demographic and point of interest data)
demonstrates that the USR dataset is reliable for characteriz-
ing the spatial extents of human settlements with distinct socio-
economic activity intensities. The USR maps have shown that
the Chinese urban core area increased 9-fold from 16,500 km2

in 1992 to 165,000 km2 in 2021. The application of USR data
in Fossil Fuel Combustion CO2 (ffco2) emissions indicates that
ffco2 emissions in urban core, suburban, and rural area increased
1.34, 0.36, and 0.17 billion of tons from 2000 to 2019 in China,
respectively. The dataset can be used for other environmental
research issues in China, which has not been possible before be-
cause of the lack of the long-term USR triad structure of human
settlements.

Index Terms—China, dataset, nighttime light (NTL), urban core-
suburban-rural (USR), urbanization.

I. INTRODUCTION

URBANIZATION is one of the leading concerns around
the world today, which may lead to various environ-

mental problems, such as the excessive pollution discharge
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[1], [2], heat island [3], [4], [5], and so on. As urbanization
has been linked to human activities, such as the population
and economic growth [6], the human settlement expansion,
and the related land use changes [7], [8], [9], many environ-
mental issues vary widely in places with different urbaniza-
tion levels. Among these influences, the urban-rural dispari-
ties of development and landscape are considered as the ini-
tial impetus of several significant environmental factors that
change along the urban-rural gradient, such as carbon storage
[10], CO2 emissions [11], antibiotic contamination [12], non-
point source water pollution [13], residential greenness [14],
organochlorine pesticides [15], bioavailability of toxic elements
[16], household greenhouse-gas footprints [17], and so on.
Therefore, a long-term dataset of human settlement that can
accurately delineate the urbanization process, including the
development of high-density cities, the suburban sprawl, and
the expansion of exurban areas at the urban-rural fringe, is
significant for achieving sustainable development goals in the
constantly changing world with complex human-environment
interactions [18].

As one of the most populous countries in the world, China has
experienced rapid urbanization over past three decades, which
has intensified the interaction between the urban core areas and
the urban periphery (suburban or rural areas) and has resulted in a
significant “urban core-suburban-rural” (USR) triad structure in
China [19]. Being different from the urban core and rural areas,
the suburban area is an urban-rural transitional areas and have
both urban and rural characteristics. Identifying the spatiotem-
poral variation of environmental elements in the suburban area,
such as water [13], soil [15], air [11], ecosystems [10], and so
on, has caused wide public concerns, which is a prerequisite for
improving environmental quality and guiding pollution control
efforts. Furthermore, the three USR subcategories with distinct
human activity intensities play diverse roles in various fields,
such as functions of terrestrial ecosystems [20], climate change
[21], [22], energy consumption [23], [24], population, medical
treatment, and policy [25], [26], [27], [28]. However, recent
datasets commonly include only one subcategory (generally
urban) in the USR structure or roughly categorize the USR
as one land use type, namely, artificially impervious area or
residential area. It provides less information on the growing
interface conflicts among urban core, suburban, and rural areas,
and is insufficient to reveal the environmental influence of USR
disparities. The long time-series USR dataset is the basis for
further identifying USR disparities impacts on global change
and sustainable development [29], [30].
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TABLE I
DATA SOURCES

Fig. 1. Flowchart for mapping USR spatial distribution.

Over the past few decades, the satellite remote sensing data
have been widely used to generate urbanization-related datasets
[31]. Traditionally, the multispectral remote sensing imagery
is used, including the medium spatial resolution imagery, such
as Landsat, MODIS, SPOT, and CHRIS/Proba [32], [33], [34],
[35], [36] and the fine resolution imagery such as IKONOS and
QuickBird [37], [38]. These datasets describe artificial impervi-
ous areas based on the spectral characteristics of land use, which
have contributed greatly to revealing human modifications to the
landscape against the background of rapid global urbanization
[18], but they are limited in their temporal coverage [39]. To
address these challenges, the artificial nighttime light (NTL) im-
ages have been applied to reveal the dynamic patterns of human
settlements and economic activities from different perspectives
[40]. Based on the apparent NTL spatial gradient variation

between urban core areas and surrounding surface types (e.g.,
suburban and rural) [41] due to the distinctions of human activity
intensity [42], [43], [44], several regional or global datasets
of human settlements have been derived from various NTL
images, such as those acquired from the Defence Meteorological
Satellite Program-Operational Linescan System (DMSP-OLS),
the Visible Infrared Imaging Radiometer Suite (VIIRS) sensor
onboard the Suomi National Polar-orbiting Partnership satellite
(SNPP), and Luojia 1-01 [45], [46], [47], [48], [49]. In China,
the NTL spatial gradient also helps to distinguish urban core,
suburban, and rural areas, which can be applied for mapping
the USR structure [31]. However, the previous datasets have
mainly identified the boundary between the urban areas and the
surrounding nonurban areas, such as the urban extents and the
urban-rural binary classification. Furthermore, they provide less
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Fig. 2. Illustration of the heuristic algorithm originating from the MK mutation point detection method to obtain USR NTL thresholds. (a) First mutation point
detection, point A is the intersection of MK forward sequence and backward sequence, point B is the mutation point, point C is the intersection of the reference line
and the quantile curve and point D is on the X-axis with the coordinate 70. (b), (c) Second and third mutation point detection. (d)–(f) Corresponding USR mapping
results.

information on the inner spatial structure of human settlements,
namely, the USR, which hinders better identification of human
developments and urbanization processes.

Among the three USR subcategories, the suburban received
insufficient attention from remote sensing researchers compared
to the urban and the rural, which is always considered as
artificial impervious area or is confused with the urban area
[50]. Considering the distinction of human activity intensity
among the USR, the digital number (DN) value recorded by
NTL imagery becomes a salient indicator for revealing the
dynamic patterns of human settlements and socio-economic
activities from different perspectives [40]. For instance, Ma et al.
[51] proposed a spatially quantitative approach for partitioning
DMSP-OLS NTL images into five urban subregions based on
the quadratic relationship between the pixel-level NTL dataset
and the corresponding NTL gradient. Later, Ma et al. [52]
used a watershed segmentation algorithm and a second-order

exponential decay model on VIIRS NTL data to classify human
settlements. Zhou et al. [31] applied the DMSP NTL quantile
curve to generate a global dataset of annual urban extents (1992–
2020). Further, to extend urbanization datasets from the urban
extents to the USR structures, Huang et al. [39], [58] proposed
an improved multiple iterating quantile approach to delineate
gradually the boundary of three USR subcategories of several
typical cities in China from NTL imagery. These previous studies
demonstrated that the NTL images could effectively derive
USR datasets in China, whose socio-economic development
is dominated by the city-level administrative unit. However,
deriving a long time-series and consistent USR dataset of China
from NTL images is still complicated because of the large-scale
distinction in natural and socio-economic conditions at the na-
tional scale. Consequently, the lack of a USR dataset hinders
the divulgence of the interior patterns of rapid urbanization in
China.
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Fig. 3. Comparisons of the urban core area or the U&S area with the GUB area.

To further reveal the conflict in the interface among urban
core, suburban, and rural areas that is significant to various
environmental research, we generated a 1-km resolution annual
USR dataset in China from 1992 to 2021 by using 30 years of
NTL images acquired from DMSP and VIIRS.

The rest article has been divided as follows: Section II de-
scribes the data, Section III provides the details of the NTL-based
methods for USR mapping, Section IV presents the results of
comparison of the USR with artificial impervious areas, popu-
lation and point of interest data (POI), Section V presents the
spatiotemporal variation results of USR and the differences in
fossil fuel combustion carbon dioxide emissions (ffco2) among
USR and Section VI concludes this article.

II. DATA

A. NTL Data

We used both DMSP-OLS (1992–2011) and SNPP-VIIRS
(2012–2021) NTL images, along with the Chinese prefecture-
level administrative districts data, to map the USR spatial dis-
tribution time-series dataset of every administrative unit. Both
SNPP-VIIRS and DMSP-OLS acquired global NTL data in 2012
and 2013, but SNPP-VIIRS NTL data were selected because
the latter exhibited better spatial and radiation resolution than
the former. The DMSP-OLS NTL data (Version 4) are an-
nual cloud-free stable composites obtained from the National
Oceanic and Atmospheric Administration. The DMSP-OLS
NTL products are 30 arc-seconds (∼1000 m at the Equator)
grids with DN values from 0 to 63. The data are produced

annually from 1992 to 2013 by six satellites (F10, F12, F14,
F15, F16, and F18). Multiple satellites may acquire the global
NTL imagery in the same year because they have overlapping
working years. Based on the previous research [53], we selected
one image obtained from one satellite per year to form a con-
tinuous unduplicated NTL series (F101992-F101994, F121995-
F121996, F141997-F142003, F162004-F162009, and F182010-
F182011). The SNPP-VIIRS NTL data (annual average product,
Version 2), with a 15 arc-seconds (∼500 m at the Equator)
spatial resolution, were obtained from the Earth Observation
Group, Payne Institute for Public Policy [54]. The Chinese
prefecture-level administrative districts data were obtained from
the National Catalogue Service for Geographic Information in
2021 and were processed into 390 basic administrative units for
consistency.

B. Auxiliary Data

To validate the USR time-series results obtained from NTL
images, we used three auxiliary datasets: the global urban bound-
aries (GUB) [55], the Gridded Population of the World (GPW,
Version 4) [56], and the POI. GUB was delineated from 30-m
resolution data of global artificial impervious areas [57]. The
GUB data for 1995–2018 were used to validate the USR results
for the corresponding years. They were also used to map USR of
some abnormal administrative units without typical USR spatial
distribution (further details given in Section III-C-1). The GPW
data are 30 arc-seconds (∼1000 m at the equator) grids, and
the pixel values represent the population count. Considering the
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Fig. 4. Comparisons of the USR and GUB spatial extent of five certain cities.

significant relationship between the human activity intensity and
the USR areas [18], we used POI to validate the USR dataset.
The national POI data were obtained from Amap in 2012, 2014,
and 2016, which include 20 categories covering various factors,
such as economy, culture, and transportation (data for the type
of public facilities are not available in 2016).

C. Environmental Issue Data

We used the open-data inventory for anthropogenic carbon
dioxide (ODIAC) to investigate the total emissions and the
density differences of ffco2 in the USR areas. The ODIAC is a
1-km resolution monthly global emission data product of carbon
dioxide (CO2) emissions from fossil fuel combustion, cement
production, and gas flaring. The DN values are provided in the
unit of tonne carbon for each grid (monthly total).

The geographic coordinate system for all the above-
mentioned data is GCS_WGS_1984. The subsequent USR
area calculation is based on Krasovsky_1940_Albers, which

is an equal-area projected coordinate system. Table I lists the
names, types, and download addresses of the data used in this
study.

III. METHODS

We delineated the annual USR spatial distribution (1992–
2021) in China from DMSP and VIIRS NTL imagery using
a quantile curve-based Mann-Kendall (MK) mutation point
detection approach (see Fig. 1). It consisted of the following
three parts.

1) The removal of uninhabited regions from the original NTL
images.

2) The determination of the optimal USR threshold to delin-
eate the annual USR spatial distribution for each admin-
istrative unit.

3) Postprocess of mapping the USR structure of a few abnor-
mal administrative units and checking for the consistency
of the urban core pixel time-series.
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Fig. 5. Spatial distribution patterns of the relationship of the urban core area or the U&S area with the GUB area.

A. Exclusion of Uninhabited Regions

In this study, the NTL images were clipped by the Chinese
prefecture-level districts to obtain separate 30-year NTL images
for each administrative unit. In the DMSP NTL images, the unin-
habited areas were excluded by removing pixels with small NTL
values based on a quantile threshold method [58]. For the VIIRS
NTL images, we used the 0-value region of the 2012 DMSP
NTL image as a mask to measure the pixel value distribution
of the corresponding region for 2012 VIIRS NTL image [59],
which was applied on subsequent VIIRS NTL images to obtain
their own thresholds. The NTL images of adjacent years were
consequently visually compared to modify and determine the
final threshold.

B. Delineation of the USR Structure

To determine the DN thresholds of the quantile curve that
accurately distinguishes the USR in the 390 Chinese adminis-
trative units, we constructed the NTL value quantile sequence of
di, which was ranked in the not-decreasing order. Subsequently,
the sequence’s mutation points were detected using the MK
method. Based on the intersection point of the forward and
inverse sequences, the mutation point of the original data was
obtained, which was considered one of the USR thresholds.

As shown in Fig. 2, we initially detected the first mutation
point [B in Fig. 2(a)] on the NTL quantile curve and recorded the
obtained threshold value as t1. Subsequently, we eliminated pix-
els with DN values smaller than t1, detected the second mutation
point [B in Fig. 2(b)], and recorded the second threshold value as
t2. To avoid the overestimation of urban core areas in the DMSP
NTL image, we decided to detect the third mutation point [B in
Fig. 2(c)] if the location of point C is on the right of point D [see
Fig. 2(a)] and recorded the third threshold value as t3. The last
two obtained thresholds were taken as the optimal thresholds for
the USR structure delineation. The spatial ranges corresponding
to the three MK detections are shown in Fig. 2(d)–(f).

C. Postprocessing of Outlier Cities

1) Delineation of the USR of Abnormal Cities: In total,
27 administrative units were abnormal in the MK detection
stage, which were caused by a low level of urbanization with
very low NTL values (e.g., Sansha and Naqu cities) or a full
urbanization with extremely high NTL values (e.g., Dongguan
and Shenzhen cities). Namely, these abnormal administrative
units present an untypical USR triad structure. For these, we
determined the threshold by using the urban boundaries in the
GUB data, which is estimated by

Threshold

= argmin
i∈[DNmin,DNmax]

(Area (DN ≥ i) ≤ Area (GUB)) . (1)

The threshold needs to fulfill the following condition: the area
of the pixels greater than or equal to it is closest to the GUB
benchmark area. And we marked these pixels as “urban core”.
The pixels with values less than the threshold were labeled as
“suburban” or “rural”. The developed cities were divided into
urban core and suburban, while the underdeveloped cities were
divided into urban core and rural.

2) Consistency Check for Urban Core Time-Series: To elimi-
nate noise and ensure the rationality of the initial USR results, we
performed the pixel-level postprocessing of urban core regions
using a temporal consistency check. The temporal consistency
check assumes that the transformation from nonurban core
regions to urban core regions is irreversible [35]. First, we
marked urban core pixels as 1 and other pixels as 0, obtaining
a 0-1 sequence of length 30 for each position. Subsequently,
a one-dimensional sliding window with a gradually increasing
window radius from 1 is applied to perform a sliding check
on each element of the time-series. The central element value
was changed to the main element value in the window until
no element changed again. According to the abovementioned
process, the 30-year USR results were checked to obtain the
final dataset.
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Fig. 6. Relationship between the USR areas and the population from GPW.
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TABLE II
CORRELATION OF THE USR AREAS WITH THE NUMBER OF DIFFERENT POIS

IV. RESULTS AND DISCUSSION

A. Comparison With Global Urban Time-Series Products

We compared the urban core area and the urban core and
suburban (U&S) area of USR results with the GUB data [55].
As shown in Fig. 3, the Pearson’s correlation coefficients (r)
between the urban core area and the GUB area for the six years
were greater than 0.88, indicating that the urban core area was
largely consistent with the intensive artificial impervious areas in
China. However, the slopes of the linear fit were all greater than
1 with the coefficient of determination (R2) values greater than
0.78, implying that the urban core area was smaller than the GUB
area. Further, the r values between the total area of U&S and the
GUB area were greater than 0.82, which was slightly less than
that between the urban core area and the GUB area. Moreover,
the slopes of the linear fit were less than 1 with the R2 values
greater than 0.67, indicating that the U&S area was generally
larger than the GUB area. Although the urban core area and
the U&S area were both highly consistent with the GUB area,
the statistical value of U&S fluctuated more, with the r value
ranging from 0.82 to 0.92 and the R2 value ranging from 0.67 to
0.84. Thus, suburban areas could be concluded as a significantly
uncertain subcategory of USR during the urbanization process.
Further, the time-series analysis showed that the r and R2 values
of the urban core area and the GUB area between 2000 and
2010 were smaller than those of the U&S area and the GUB
area. Moreover, the r and R2 values of the urban core area

and the GUB area increased gradually and were larger than
those of the U&S area and the GUB area in 2015 and 2018.
This indicated that the intense human activities are increasingly
aggregated in urban core areas with rapid urbanization in China.
In suburban areas, the human activities became less consistent
with the increase in the artificial impervious areas, probably
because of the uncontrolled urban sprawl. Then, we selected five
representative cities (Beijing, Chengdu, Guangzhou, Shanghai,
Wuhan) to compare the USR results and the GUB spatial extents
(see Fig. 4). The GUB spatial extent is within the USR spatial
extent and almost encompasses the urban core. On average,
90% of urban core pixels belong to GUB, 50% of suburban
pixels belong to GUB, and rural areas are basically distributed
in the periphery of GUB. This spatial consistency also shows
the accuracy and rationality of our USR dataset.

To comprehensively understand the spatiotemporal variations
of the urban core area and the suburban area in China, we
compared the deviation of the urban core area and the U&S
area from the GUB area in the 390 administrative units. As
shown in Fig. 5, the number of the administrative units with
the urban core area closer to the GUB area compared with the
U&S area was dominant in recent years. The proportions of
the administrative units with the urban core area closer to the
GUB area were 81%, 92%, and 78% in 2010, 2015, and 2018,
respectively, and 59%, 46%, and 57% in 1995, 2000, and 2005,
respectively. This indicated that Chinese urbanization along with
the economic development was concentrated in urban core areas
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Fig. 7. Variation of the POIs density in USR.

in recent years. Of the administrative units with the U&S area
closer to the GUB area in 2018, 55% were more economically
developed cities, including 23 provincial capitals and three mu-
nicipalities (e.g., Xiamen, Guangzhou), where the impervious
surface construction of the urban core area reached saturation
and spread to the suburban areas with a considerable human
activity growth. In 2018, 45% of these cities were small cities,
where the suburban areas were likely to be over-constructed

as ghost towns with inconsistent economic development (e.g.,
Suzhou, Weihai, Jilin).

B. Comparison With Demographic Data

Considering that the USR structure was delineated based
on the distinction of socio-economic conditions, we applied a
population indicator from the GPW to evaluate its reliability. The
respective total GPW gridded population for the USR of each
administrative unit were calculated. Although the relationship
between the USR area and their total population was complex,
a generally linear pattern was observed between them after
logarithmization. As shown in Fig. 6, the r values for the urban
core were greater than 0.84, with the R2 values greater than
0.7. The r values for the suburban and the rural were lower,
but exceeded 0.75, with the R2 values greater than 0.57. These
results were better than those reported by Zhao et al. [18],
which may also indicate the general significance of the USR
datasets and the rationality of our USR datasets. Further, we
evaluated the temporal patterns of the linear fit slopes for the
three USR subcategories. The slope values (1.46–1.60) for the
urban core were always the largest, with a decreasing trend
observed during 2000–2020. This was consistent with the trend
of intense people concentration in the urban core region with
rapid urbanization in China. However, the rate of population
concentration in the urban core gradually decreased in recent
years. In the suburban areas, the slopes showed an increasing
trend (1.06–1.21). This was consistent with the general cognition
that the surplus population is moving from the densely populated
urban cores to the suburban areas. It indicated that our time-
series USR dataset was consistent with the gridded population
dataset.

C. Comparison With POI Data

Urbanization is essentially associated with the construc-
tion of various infrastructures that can be indicated by POI
data [60]. The POI dataset has been proven to be efficient in
zoning urban areas as they cover all aspects of human activities
[61], which makes it suitable for validating the USR results.
In this study, we first examined the linear relationship between
the USR areas and the number of POI in the corresponding
subregion (see Table II). The results showed that the correlation
in the urban core area was generally strongest among the three
USR subcategories, with the median and the mean of r values
being greater than 0.7. Further, the median and the mean of r
values in rural areas were slightly greater than 0.5. The lowest
correlation was found in suburban areas (the mean of r values
was less than 0.5). This weak correlation in the suburban areas
and the rural areas was reasonable because of the complex
processes of urban expansion and infrastructure construction,
which not only interact with each other but also are influenced by
other factors, such as economic growth, population, governance,
planning controls, and environmental characteristics. Consid-
ering that the relationship between POI and human activities
can be significantly indicated by the spatial distribution of POI
densities [61], we calculated the point densities of 20 categories
of POI in each USR subregion and analyzed the POI density
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Fig. 8. (a) USR spatial distribution pattern in 1992. (b) Total USR areas changing pattern. (c) Every administrative unit’s urban core area in 1992. (d) Every
administrative unit’s urban core area growth rate from 1992 to 2021. (e) Every administrative unit’s suburban area in 1992. (f) Every administrative unit’s suburban
area growth rate from 1992 to 2021.

ratios for each category in the three USR subregions to evaluate
the USR dataset. Our time-series USR extents delineated from
NTL imagery were almost consistent with POI densities (see
Fig. 7).

Except for the road furniture (RF) and the place name and
address (PN&A), the POI density for other categories decreased
significantly from the urban core areas to the rural areas. The RF
(e.g., high-speed toll booths, high-speed service areas and so on)
are usually found on highways connecting the inner-city areas to

the outer areas, which are usually located in the suburban areas
with less human activity, not in the urban core with dense human
activity. Therefore, its density was highest in the suburban areas,
followed by the urban core areas, and was lowest in the rural
areas. The densities of the other 18 types of POI in the urban
core were approximately 50 times higher than that in the rural
and was 10 times higher than that in the suburban. The 18 POIs
include all aspects of human life, which are closely related to
human activities, so the densities of these POIs were naturally
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Fig. 9. Heterogeneity and the trend of ffco2 emissions in USR. (a) Total ffco2 emissions in USR. (b)–(h) ffco2 emission densities in USR among the seven
sub-regions of China. (i) Map of seven sub-regions in China.

TABLE III
MEDIAN FFCO2 EMISSION DENSITIES IN USR OF SEVEN MAJOR REGIONS OF CHINA
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TABLE IV
MEAN FFCO2 EMISSION DENSITIES IN USR OF SEVEN MAJOR REGIONS OF CHINA

higher in places where the human activity intensity was higher.
Comparison with the POI data showed that our USR product
reflected the spatial differences of socio-economic and human
activities well.

V. ANALYSIS AND ENVIRONMENTAL CASE STUDY

A. Spatiotemporal Patterns of the USR

The USR was mainly distributed in Northern China, Eastern
China, and Southern China, forming contiguous regions in the
middle and lower reaches of the Yellow River, Yangtze River
Delta, and Pearl River Delta [see Fig. 8(a)]. During 1992–2021,
all three USR subcategories in China showed an increasing trend
[see Fig. 8(b)]. The urban core area increased from 16 000 km2

in 1992 to 160 000km2 in 2021, and its proportion of the national
land surface area increased almost 9-fold from 0.17% to 1.7%.
The suburban area increased from 33 000km2 in 1992 to 160 658
km2 in 2021. The rural areas increased from 450 000 km2 in
1992 to about 800 000 km2 in recent years. To investigate the
size and the growth rate of the urban core area and the suburban
area for each administrative unit, we used the natural breakpoint
method to divide them into five categories [see Fig. 8(c)–(f)].
Eastern coastal cities had smaller initial urban core areas but
higher growth rates. Further, cities in the middle and lower
reaches of the Yellow River, Yangtze River Delta, and Pearl
River Delta had smaller suburban areas, but most showed higher
growth rates.

B. Application in ffco2 Emissions Spatiotemporal Pattern

CO2 is one of the main greenhouse gases produced by humans
[62]. CO2 emissions from the fossil fuel combustion are the main
cause of the increase in atmospheric CO2 concentration [63].
This study applied the derived USR datasets and ODIAC data to
investigate the total emissions and the density variations of ffco2
with distinct human activities. The total annual ffco2 emissions
in billions of tons (PgC) were counted for the USR. The ffco2
emissions are divided by the respective area of the USR to
obtain the respective annual ffco2 emissions density in t/km2

for each administrative unit. As shown in Fig. 9(a), the total
ffco2 emissions of the USR increased from 0.78 PgC in 2000
to 2.65 PgC in 2019, expanding about 2.4 times and fluctuating
around 2.5 PgC in recent years. The total ffco2 emissions in
the urban core area rose from 0.19 PgC in 2000 to 1.53 PgC
in 2019, up nearly 7.2 times, with the proportion rising from
24% to 58%. The total ffco2 emissions in the suburban area
rose from 0.13 PgC in 2000 to 0.49 PgC in 2019, up nearly 2.8
times, with the proportion fluctuating around 20%. The ffco2
emissions in the rural area rose from 0.46 PgC in 2000 to 0.63
PgC in 2019, up nearly 0.4 times, and the proportion decreased
from 59% to 24%. The ffco2 emissions of the USR have also
stabilized in recent years, around 1.4 PgC, 0.5 PgC, and 0.6 PgC,
respectively. The ffco2 emissions in USR have risen less rapidly
than the expansion of the USR areas.

In order to make the ffco2 emissions of the USR comparable,
which belong to different administrative units and have different
areas, we used the total amount of ffco2 emissions divided by the
area to calculate the ffco2 emission density to express the ffco2
emission intensity. As shown in Fig. 9(b)–(h), the distribution of
ffco2 emission intensity in USR varies significantly among the
seven sub-regions of China, which is larger in the urban core and
smaller in the rural. The mean values of ffco2 emission intensity
(the cross symbols in Fig. 9) were larger than the median (the
black line in the box in Fig. 9), and the distribution showed
some skewness. In general, the ffco2 emission density median
in the urban core showed a trend of rising and then stabilizing,
and it was stable at around 12 000 t/km2 in North China and
Northeast China, around 8000 t/km2 in East China, around 6000
t/km2 in Central China, and around 3000 t/km2 in Northwest,
Southwest, and South China. The ffco2 emission density median
in suburban and rural showed a trend of increasing and then
decreasing, with the values in suburban being around the interval
of 1000–2000 t/km2 in recent years and the values in rural gen-
erally being less than 1000 t/km2 (see Table III). Meanwhile, the
change trend of the ffco2 emission density mean (see Table IV)
is similar to the change trend of the median. The urban core
area has been growing, but its ffco2 emission density leveled
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off. The ffco2 emission density of suburban and rural showed a
decreasing trend, while the area has been still expanding.

VI. CONCLUSION

In this study, we generated a Chinese annual USR extents
dataset (1992–2021) using NTL observations. The advantage of
this dataset is that it provides spatially explicit Chinese USR
maps with long temporal coverage for depicting the dynamics
of urban core, suburban, and rural areas associated with locally
distinct human activity intensities. This dataset is the first long
time-series USR triad structure dataset of human settlements
in China, which will benefit studies on environmental research
issues. The USR dataset is free to download at https://dx.doi.org/
10.21227/yzam-8z39. In this article, the derived USR dataset
was compared and analyzed with the urban boundary data, the
gridded demographic data, and the POI data. The results showed
that the relationships between the urban core (or U&S) and the
urban boundaries obtained from impervious surfaces exhibited
spatial heterogeneity and different patterns of temporal change.
The correlation coefficients between the population and the USR
areas were greater than 0.75, which is better than the result
of a previous study that delineated only urban extents. Further
analysis showed that the suburban areas are important regions in
China with an evident accelerated population increase in recent
years. The derived USR dataset was also consistent with the
POI density. The POI density in the urban core was 10 times
higher than the suburban POI density and 50 times higher than
the rural POI density. These evaluations indicated that this USR
structure dataset was reliable for characterizing spatial extents
associated with human settlements and distinct socio-economic
activity intensity.

In addition, our results showed that the national urban core
area increased nearly 9-fold from 16 000 km2 in 1992 to
160 000 km2 in 2021, while the national suburban area in-
creased from 33 000 km2 in 1992 to 160 000 km2 in 2021
and decreased below the national urban core area for the first
time in 2021. The national rural area increased and stabilized
at approximately 800 000 km2. Furthermore, the derived USR
is beneficial to detailed analysis of USR disparities for various
environmental issues (e.g., CO2 emission). Based on the de-
rived USR data, we found the ffco2 emission density showed
a clear urban-rural gradient, and the extent of the difference
was spatially heterogeneous. It is larger in the urban core and
smaller in the rural. And it leveled off in the urban core and
showed a decreasing trend in suburban and rural. This first
long-time series USR dataset in China has potential in various
environment and urbanization studies, such as those on CO2

emission or those on urbanization patterns and the corresponding
impacts on land use, habitat quality, urban heat islands, and urban
climate.
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