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Abstract—China has experienced a rapid urban expansion over
the past three decades because of its accelerated economic growth.
In this study, we detected and analyzed the urban expansion of
China during this period using multi-temporal Defense Meteoro-
logical Satellite Program Operational Linescan System
(DMSP-OLS) nighttime light data and multi-source Normalized
Difference Vegetation Index (NDVI) data. First, an intercalibration
was performed to improve the continuity and comparability of the
nighttime light data from 1992 to 2010. The nighttime light and
NDVI data were then subjected to a local support vector machine
(SVM) based region-growing method to extract the urban areas
from 1992 to 2010. The urban areas from 1981 to 1991 were
identified using the areas in 1992 and NDVI data, based on the
hypothesis that China’s urban expansion continued during this
period. Finally, the extracted time-series urbanmapswere validated
with Landsat images. The proposed local SVM-based region-
growingmethod performed better than a local thresholdingmethod
andaglobal SVM-based region-growingmethodaccording to visual
and quantitative comparisons of the urban boundaries and areas.
We also analyzed the expansion rates to understand the dynamics
of the urban areas in China and in its seven economic regions. In
particular, the urban expansion patterns were investigated in
three typical urban agglomerations, i.e., Beijing–Tianjin–Hebei,
Yangtze River Delta, and Pearl River Delta. The proposed urban
expansion direction, urban expansion intensity, and relative ratio
of urban expansion demonstrated the regional variation among
the three urban agglomerations.

IndexTerms—Change detection algorithms, land surface, remote
sensing, support vector machines (SVMs), urban areas.

I. INTRODUCTION

U RBANIZATION has been a significant feature of the
development of China’s society since the country adopted

an economic reform and openness policy in 1978. Urban areas
concentrate people, infrastructure, and economic activities.
Thus, urbanization is simultaneously a demographic, economic,

and land-use change phenomenon [1], whichmeans that it is very
important to map the urban expansion of China over the past
three decades. Historically, optical remote sensing data have
been used tomap China’s urban areas and the expansion of urban
land-cover for individual cities, e.g., Shanghai [2], Guangzhou
[3], [4], Nanjing [5], and Shijiazhuang [6], or local regions, e.g.,
Beijing–Tianjin–Hebei [7], Bohai Rim [8], Yangtze River Delta
[9], and Pearl River Delta [10]–[12], whereas little research has
focused on the national scale patterns of urban expansion
[13]–[18].

China’s urban extent is difficult to detect at a national scale
using coarse-resolution remote sensing because of the tiny size of
the urban area relative to the total land area. Fine-resolution
remote sensing of urban area is also challenging because of the
spectral and spatial complexity of the land cover within cities.
Fortunately, in contrast to most traditional sensors, nighttime
light sensors have the unique capacity to map human activities
from space [19], [20]. The most commonly used nighttime light
sensor is the Operational Linescan System (OLS) onboard the
U.S. Defense Meteorological Satellite Program (DMSP), which
has been in operation since the early 1970s. The sensor has a
unique low-light imaging capability, which was developed for
detecting clouds based on moonlight. In addition to moonlit
clouds, theOLS also detects lights fromhuman settlements,fires,
gas flares, heavily lit fishing boats, lightning, and the aurora [21],
[22]. The potential use of OLS data for the observation of city
lights and other visible and near-infrared emission sources was
first noted in the 1970s. Many previous studies have employed
OLS images to demonstrate their application in different areas,
e.g., as indicators of urban dynamics [1], [23]–[26], population
levels [27]–[31], economic activities [32], gas emissions [33],
and armed conflicts [34].

Nighttime light images have some advantages over daytime
images because they measure emitted rather than reflected
radiation, which avoids certain classification problems when
separating developed versus nondeveloped land cover [29].
However, DMSP-OLS data still have several limitations related
to their coarse spatial resolution, saturation in bright urban cores,
and single spectral band, as well as inconsistencies in their
radiometric properties within and between scenes and sensors.
Moreover, the biggest problem when using the nighttime light
data as a proxy measure of the urban extent is that the lighted
areas detected byOLS are consistently larger than the geographic
extents of the settlements with which they are associated. The
larger spatial extent of the lighted area relative to the urban area is
sometimes referred to as blooming [35]. To offset the blooming
effect, Imhoff et al. proposed the use of a threshold with an 89%
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detection frequency to eliminate less frequently detected lighted
pixels at the peripheries of large urban areas [36]. A subsequent
analysis obtained a correlation of 0.68 between Ln(lighted area)
and Ln(population) when using a threshold of 80% [29].
However, the authors also highlighted the limitations of using
a single threshold during a global analysis.

Severalmethods are available for extracting urban information
from nighttime light data, including an empirical thresholding
technique [37], [38], a thresholding technique based onmutation
detection [39], a statistical data comparison method [8], [40], a
high-resolution data comparison method [41], [25], and an
image-classification method [24], [26], [42]. Henderson et al.
developed a thresholding technique that used ancillary data,
where they examined three urban areas as they appeared in both
OLS images and Landsat images on approximately the same
dates [41]. Then light thresholds were calculated for each city by
minimizing the discrepancies between the OLS- and Landsat-
derived urban boundaries. To address the problems of thresh-
olding methods using empirical strategies or manual trial- and-
error procedures, Cao et al. proposed a support vector machine
(SVM) based region-growing algorithm for the semi-automatic
extraction of urban areas from OLS data [24]. Several simple
criteria were used to select the SVM training sets of urban and
nonurban pixels, where an iterative classification and training
procedurewere used to identify the urban pixels. However, it was
difficult to accurately extract urban areas in China using a single
classifier because of the high regional variation in the physical
geography and economic development status [25], [35]. Thus,
Liu et al. developed a threshold method followed a procedure of
dividing the research area into several economic regions [25].

Previously, the dynamics of urban expansion in China from
1992 to 2008 were extracted using OLS data [25]. To illustrate
the urban expansion in China over the past three decades, which
has occurred as a consequence of economic reform and openness
policy, we developed a newmethod for extracting China’s urban
expansion during 1981–2010 using multi-temporal OLS data
and multi-source Normalized Difference Vegetation Index
(NDVI) data. First, an intercalibration was implemented to
improve the continuity and comparability of nighttime light data
from 1992 to 2010. The nighttime light andNDVI data were then
subjected to a local SVM-based region-growing method to
extract the urban areas from 1992 to 2010. Next, the urban areas
from 1981 to 1991 were extracted using the areas in 1992 and
NDVI data, based on the hypothesis that China’s urban areas are
expanded continuously during this period. Finally, the extracted
time-series urban maps were validated with Landsat images, and
spatial changes were analyzed to understand the dynamics of the
urban areas in China and in its seven economic regions, as well as
three urban agglomerations over the past three decades.

II. DATA

A. DMSP-OLS Data

The DMSP-OLS derived version 4 nighttime light dataset is a
freely available product obtained from the U.S. National
Geophysical Data Center (NGDC) (http://ngdc.noaa.gov/eog/
dmsp/downloadV4composites.html). This dataset includes

images acquired by six different DMSP satellites, i.e., F10,
F12, F14, F15, F16, and F18. In cases where two satellites were
collecting data, two separate composites were produced [33].
The files are cloud-free composites, which were made using all
the available archived OLS smooth resolution data from 1992 to
2010. The products are 30 arc-second grids, which span to

longitude and to latitude. The radiometric
resolution of the dataset is 6 bits, i.e., the digital number (DN)
ranges from 0 to 63.

The average DN values and the number of lit pixels differed
between two satellites in the same year [25], [26]. Thus, based on
the data selectionmethod proposed by Liu et al. [25], we selected
the one with better continuity and comparability from the two
sets of data, i.e., the selected image dataset included the data
products fromF10 (1992, 1993, and 1994), F12 (1995 and 1996),
F14 (1997, 1998, 1999, 2000, 2001, and 2002), F15 (2003, 2004,
2005, and 2006), F16 (2007, 2008, and 2009), and F18 (2010).
After obtaining the time-series global nighttime light data from
1992 to 2010, China’s nighttime light data were extracted
according to the national boundaries. Next, theywere reprojected
onto the Lambert ConformalConic Projection and resampled to a
pixel size of 1 km to facilitate the calculations.

B. NDVI Data

Two types of NDVI data were used, i.e., Système Probatoire
Pour l’Observation de la Terre (SPOT) Vegetation (VGT)
derived NDVI and Advanced Very High Resolution Radiometer
(AVHRR) derived NDVI. The former had 1-km resolution and
was used for urban area extraction and correction from 1998 to
2010, whereas the latter had 5-km resolution and was used for
urban area extraction and correction from 1981 to 1997 because
NDVI data were not available with 1-km resolution before 1998.

The SPOT-VGT NDVI data were obtained from SPOT-VGT
(http://free.vgt.vito.be), which is a program founded by France in
cooperation with Belgium, Italy, and Sweden, where the archive
became operational in 1998. The present study used the 10-day
maximum value composites of SPOT-VGT NDVI during July
from 1998 to 2010 at 1-km resolution.

The AVHRR NDVI data were obtained from the Land Long
Term Data Record (LTDR) (http://ltdr.nascom.nasa.gov), which
is a project funded by U.S. National Aeronautics and Space
Administration (NASA). The 10-day maximum value compo-
sites of AVHRR NDVI during July from 1981 to 1997 at 5-km
resolution were resampled to 1-km resolution.

C. Landsat Data

We used Landsat images acquired from 1981 to 2010 to
validate the urban areas extracted based on the OLS and NDVI
data. The Multispectral Scanning System (MSS) images had a
spatial resolution of 60 m, and the Thematic Mapper (TM)
images and Enhanced Thematic Mapper Plus ( ) images
had a spatial resolution of 30 m. The Landsat data were obtained
from the Earth Science Data Interface (ESDI) at the Global
Land Cover Facility (GLCF) from the University of Maryland
(UMD) (http://glcfapp.glcf.umd.edu:8080/esdi/index.jsp) and
the United States Geological Survey (USGS) Global Visualiza-
tion Viewer (GloVis) (http://glovis.usgs.gov/index.shtml).
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III. METHOD

A. Intercalibration of DMSP-OLS Data

The OLS lacks on-board calibration, so the individual com-
posites were intercalibrated via an empirical procedure using a
second-order polynomial regression equation to improve the
continuity and comparability of the nighttime light data from
1992 to 2010. The intercalibration method for global nighttime
light data was developed by Elvidge et al. [33]. Subsequently,
Liu et al. proposed an intercalibration approach for China based
on this method and the actual urban development situation in
China [25], which was used in the present study.

The city of Jixi in Heilongjiang Province was selected as the
reference area of calibration because of its relatively stable
economic development and the high conformity of DN values
over different years. The nighttime light data from satellite F16 in
2007 were selected as the reference data because they had the
highest cumulative DN value. A series of second-order regres-
sion models was implemented for each satellite using (1) and
empirical coefficients, which were derived by comparing the DN
values from other images with the reference data from satellite
F16 in 2007 for the city of Jixi. Table I shows the coefficients and
the respective values obtained from the intercalibration.
Finally, the intercalibrated data were rescaled to 6 bits.

where is the original DN value, is the intercalibrated
DN value, and , , and are the coefficients of the second-order
regression model.

B. Extracting Urban Areas

The urban areas from 1992 to 2010 were directly extracted
from OLS data using the local SVM-based region-growing
method. It was difficult to extract urban information for China
using a single classifier because of the high regional variation in
the physical geography and economic development status [25],
[35], sowe dividedChina into seven economic regions, as shown

in Table II, according to a partitioning strategy that integrated
Clustered Economic Regions and Coordinated Economic
Regions [43], which reflect regional variations in economic
development and urbanization, i.e., Northeast Region, North-
west Region, North Region, East Region, Central Region, South
Region, and Southwest Region. The local SVM-based region-
growing method was implemented for each economic region.

A SVM is a nonparametric method based on statistical learn-
ing theory, which overcomes the problems associated with
empirical strategies or manual trial-and-error procedures when
applying thresholding methods to nighttime light data [44]. We
used a previously developed SVM-based region-growing algo-
rithm [24] to semi-automatically distinguish urban pixels from
the nonurban background in each economic region. The basic
concept employed by a SVM is to classify the input vectors into
two classes using the hyperplane with the maximal margin,
which is derived by solving the constrained quadratic program-
ming problem shown in (2). The advantage of SVM-based
classifiers is that they are better at solving learning problems
when only a small number of training samples are available.

where are the training sample vectors,
are the corresponding class labels, and is the kernel
function. The radial basis function was selected as the kernel
function and the free parameter (gamma) was set as 1 in the
present study.

The SVM-based region-growing procedure was performed as
follows. First, two training sets were automatically selected as
urban and nonurban dataset from the OLS and NDVI data. In the
urban training set, the pixels selected were the maximum in each
four-neighborhood, where OLS DN , whereas the nonurban
training set included water pixels with NDVI values , vege-
tation pixelswithNDVI values , and pixelswithOLSvalues

. These thresholds only served as a baseline for selecting the
training samples for urban and nonurban pixels. After SVM
training using these two datasets, the SVM-based classifier was
applied to the OLS and NDVI data to classify the unknown
pixels.

TABLE I
COEFFICIENTS OF THE SECOND-ORDER REGRESSION MODELS

FOR DMSP-OLS DATA INTERCALIBRATION

TABLE II
SEVEN ECONOMIC REGIONS OF CHINA USED FOR URBAN EXTRACTION
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However, we did not classify all of the unknown pixels at the
same time. Instead, we integrated the SVM classifier into an
iterative region-growing procedure, which classified the pixels
near the urban training pixels in a step-by-step manner. During
the first step, the pixels in the urban training sets were assigned as
seeds, then all of the pixels within a window for each seed
were classified simultaneously using the SVM-based classifier.
After the classificationwas completed, the pixels that were newly
classified as urban in this step were added to the training set and
the SVMclassifier was retrained based on the new training set. In
each successive step, the newly classified urban pixels from the
former step were used as seed pixels. This iterative procedure
was implemented many times until there is no new urban pixels
were identified. After the SVM-based region-growing proce-
dure, the urban area map was refined further by removing
pseudo-urban pixels with NDVI values .

According to the previous research, the SVM-based region-
growing method works better for developed regions than under-
developed regions [24]. This is because regional variation results
in differences in the urban training set and the region-growing
procedure. Thus, we divided China into seven economic regions
and implemented the SVM-based region-growing procedure
separately for each economic region, which we refer to as the
local SVM-based region-growing method. The flowchart of
producing time-series of urban areas for China is shown in Fig. 1.

We also compared the performance of the new method with
that of the Landsat-assisted local thresholding method [41] and
the global SVM-based region-growing method [24]. The local
thresholding method set the optimal DN threshold for each
economic region by matching the urban areas of the training
cities derived from the OLS data to the Landsat-delineated urban
areas as closely as possible. The global SVM-based region-
growing method implemented the region-growing procedure for
all of the pixels.

C. Mapping Urban Areas from 1992 to 2010

Using the local SVM-based region-growing method, urban
areas were extracted from the OLS and NDVI data, and the

dynamics of urban expansion in China from 1992 to 2010 were
mapped. We selected eight results with intervals of 2 or 3 years,
i.e., 1992, 1995, 1998, 2000, 2003, 2005, 2008, and 2010, to
produce time-series for the urban areas.

Due to intercalibration and classification errors, some pixels
were classified as urban in the early years but as nonurban in the
later years. A conditional statement was used to re-label these
pixels as urban in the later years based on an assumption that the
urban areas in China did not decrease over the past three decades
[26], [40]. After this correction, the final time-series of urban
areas was obtained for the period 1992–2010.

D. Mapping Urban Areas from 1981 to 1991

The 1980s was the first decade after China adopted the
economic reform and openness policy. Unfortunately, no night-
time light data were available for extracting urban areas during
this period. Thus, we used the NDVI data in July from 1981 to
1991 and the urban areas in 1992 to extract the urban areas during
this period. Based on assumptions that urban areas did not
decrease during this period and that they were mostly converted
from vegetation areas, especially cropland [15], [18], the urban
extent during this period must have been within that in 1992.
Thus, the vegetation pixels within the urban extent in 1992 were
removed and the remained pixels were considered to be urban
pixels during this period. The manual thresholding strategy was
used to identify the vegetation pixels, where an NDVI threshold
of 0.55 was adopted, i.e., the urban pixels in 1992 with NDVI
values in each year between 1981 and 1991 were labeled
as nonurban pixels in this year. The outputs from 2 years, i.e.,
1981 and 1985, were selected to produce time-series of urban
areas for the period 1981–1991. Finally, we obtained the urban
areas of China during 10 phases over the past 30 years.

E. Measuring Urban Expansion

Tomeasure the urban expansion ofChina using the time-series
of the urban areas, we used the urban expansion rate to indicate
the national and regional urban growth, the urban expansion
intensity, the relative ratio of urban expansion, and the urban
expansion direction to indicate the regional variation in urban
expansion.

1) Urban Expansion Rate: The urban expansion rate
represents the average annual urban area growth in a period,
which measures the speed of urban expansion.

UER

whereUER is the urban expansion rate ( ), and ,
are the urban areas ( ) in the years , , respectively.

2) Urban Expansion Intensity: The urban expansion intensity
represents the urban expansion rate per unit land area, which is
used to compare the strength of urban expansion among regions.

UEI UER

where UEI is the urban expansion intensity (/year), UER is the
urban expansion rate ( ), and is the total area of the
region ( ).

Fig. 1. Flowchart of producing time-series of urban areas for China from
1981 to 2010 based on DMSP-OLS nighttime light data and NDVI data.
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3) Relative Ratio of Urban Expansion: The relative ratio of
urban expansion represents the ratio of the urban expansion rate
of a certain region relative to that of the overall area, which is
used to compare the urban expansion rate among regions.

RRUE

whereRRUE is the relative ratio of urban expansion for a certain
region, , are the urban areas in the region ( ), and ,
are the urban areas in the whole of China ( ) in the years ,
, respectively.
4)UrbanExpansionDirection:The urban expansion direction

is illustrated by the shift of the urban centroid. The centroid of a
city is the arithmetic mean position of all the points in the urban
area. After defining a geographical coordinate system, the
centroid of a nonself-intersecting closed polygon defined by
vertices is the point ( , ),
where

and where is the polygon’s signed area ( ).

Given the expansion direction of a cluster of urban, the
centroid ( , ) is computed by integrating the centroid of
the urban patches using the area of each patch as a weight:

where is the number of urban patches in the region, and and
( , ) are the area ( ) and the centroid of the th urban
patch, respectively.

IV. RESULTS

A. Urban Extraction Accuracy Assessment

1) Comparing With Landsat Images: Landsat images were
used to evaluate the urban extraction results because the spatial
resolutions of the Landsat MSS (60 m) and (30 m)
images were much finer than that of the OLS data (1 km) [25],
[34], [35], [40], [41]. The urban land was delineated manually in
Landsat images as the reference data and the accuracy
assessment, which involved both the urban boundaries and
areas, was performed using the OLS-derived urban areas. The
results obtained with the three methods were compared, i.e., the

local thresholding method [41], the global SVM-based region-
growing method [24], and the proposed local SVM-based
region-growing method.

Fig. 2 shows the urban boundaries of seven selected cities in
2000, i.e., Tianjin, Zhengzhou, Wuhan, Nanjing, Xiamen,
Lhasa, and Jilin. The seven cities were selected from seven
economic regions with different levels of urban development.
The lighted areas of each city in the OLS images were highly
consistent with the Landsat-delineated urban boundaries, which
validates the potential use of OLS data for the extraction of urban
areas. The local thresholding method tended to identify simple
and compact urban areas because of the blooming of the OLS
data, whereas the SVM-based methods extracted detailed urban
areas with the region-growing procedure and they rejected
vegetated and water pixels based on the SVM classifier and
NDVI criteria. The results obtained with the proposed local
SVM-based region-growing method retained more details than
those with the global SVM-based region-growing method (e.g.,
Zhengzhou, Wuhan, and Lhasa), which was a result of imple-
menting the region-growing procedure for each economic
region.

Fig. 3 shows the total accuracy for 22 cities in 2000,whichwas
assessed by comparing the urban areas derived fromOLS images
with those delineated from Landsat images. The total accuracy
was calculated based on the error matrix from the two results for
each city. Cities with different levels of urban development were
selected from seven economic regions, i.e., Shenyang, Haerbin,
Jilin, and Suihua in Northeast Region; Xi’an and Xining in
Northwest Region; Beijing, Tianjin, and Baotou in North
Region; Nanjing, Hangzhou, and Dongying in East Region;
Wuhan, Zhengzhou, and Hefei in Central Region; Xiamen,
Fuzhou, and Liuzhou in South Region; Chengdu, Guiyang,
Lhasa, and Dali in Southwest Region. Two, one, and three cities
had area accuracies ; 14, 16, and 16 cities were within the
range 60%–95%; and six, five, and three cities were within the
range using the local thresholding method, global SVM-
based region-growing method, and proposed local SVM-based
region-growing method, respectively. The three methods deliv-
ered similar performance in the high-accuracy range, but the
proposed method had fewer cities in the low-accuracy range
compared with the other two methods.

2) Comparing With Google Earth Images: We also use 120
validation samples fromGoogle Earth to evaluate the accuracy of
the proposed method in 2000, 2005, and 2010, as shown in
Table III. The 120 urban samples with areas of were
selected randomly from 120 different cities in China. A
comparison of the samples and the proposed urban extraction
results showed that the consistency ratios were 74.52%, 84.70%,
and 88.44% in 2000, 2005, and 2010, respectively.

3) Comparing With High-Resolution Land Use Products:We
also compared the proposed method with the more accurate
results produced by Liu et al. [46], who released the land use
products of China for 1990, 1995, and 2000 in 1-km resolution,
which were produced based on 30-m resolution Landsat TM
images via human interpretation. The released products recorded
area fractions of different land use types within each pixel. Thus,
we accumulated the pixels where the urban fraction comprised

to determine China’s total urban area. A comparison of
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the urban areas reported byLiu et al. and the results obtainedwith
our proposed method showed that the consistency ratios were
76.76%, 67.20%, and 93.84% in 1990, 1995, and 2000,
respectively, as shown in Table IV.

B. Total Urban Expansion in China

After obtaining the urban area products, we produced time-
series urban area maps for China. However, the urban area only

occupied 0.70% of the total land area even in 2010, so the urban
changes were difficult to distinguish visually in the maps. Thus,
the urban area maps of the whole country are not presented in the
paper. Instead, we present an analysis of the urban expansion rate
in China and the maps for typical regions.

Fig. 4 shows that the urban areas in China have increased
exponentially during the last 30 years as a consequence of
accelerated urbanization, which agrees with the result of deter-
miningChina’s urban expansion from1990 to 2010 using optical
satellite remote sensing [18]. The total extracted urban area for
China was in 1981, with an average growth rate of
11.74% per year in the following 20 years. In 2000, the urban

Fig. 2. Boundary comparison for sevenurban areas extracted fromOLSdata in 2000.Note that the local thresholdingmethodproduces simple and compact boundaries,
and the proposed local SVM-based region-growing method produces more details than the global method.

Fig. 3. Accuracy for 22 urban areas in 2000 using three methods. Note that the
proposed local SVM-based region-growing method had fewer cities in the
low-accuracy range than the other two methods.

TABLE III
URBAN EXTRACTION ACCURACY CALCULATED BASED ON

120 VALIDATION SAMPLES FROM GOOGLE EARTH

TABLE IV
COMPARISON OF CHINA’S TOTAL URBAN AREA ACCORDING TO LIU ET AL.

AND THE RESULTS OBTAINED WITH THE PROPOSED METHOD
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area was , while a sharp increase of 25.49% per year
occurred in the following 10 years. In 2010, urban area reached

, which was 11.89 times bigger than that in 1981.
Thus, China’s urban area experienced a dramatic expansion over
the past 30 years.

The three stages of urban area growth can be observed more
clearly based on the urban expansion rate shown in Fig. 5. From
1981 to 1998, the urban expansion area maintained a low-level
increase of per year. From 1998 to 2008, however, the
rate accelerated rose to a high level of per year. From
2008 to 2010, it reached amaximum rate of per year.
The urban areas will probably continue to increase in the next
decades as a consequence of China’s sustainable and stable
economic development in recent years.

C. Urban Expansion in Seven Economic Regions

The great regional variations in the economic development
status in China led to remarkable differences in urban expansion
during 1981–2010, as shown in Fig. 6. The South Region had the
biggest urban area and expansion rate among the seven economic
regions, which began to increase significantly as early as 1985.
The East Region was the second, with a very high upward trend
from 1998. Next were the North and Central Regions with
gradual rises from 1998 and 2000, respectively. The Northwest,
Northeast, and Southwest Regions had the smallest urban areas
and lowest expansion rates, with no apparent upward trend until
2008. Furthermore, the variations in the urban expansion rates of
each economic regionwere also very high, which are analyzed in
Section IV-D.

D. Urban Expansion in Three Urban Agglomerations

The national urban expansion pattern is difficult to describe
because of high regional variation and the small proportion of
urban area relative to the total land area, whereas it can be
observed more clearly in urban agglomerations. An urban ag-
glomeration is an extended urban area, which comprises the
built-up area of a central municipality and any suburbs linked via
a continuous urban area. Three major rapidly developing urban
agglomerations were selected from the 14 urban agglomerations
in China, i.e., Beijing–Tianjin–Hebei, Yangtze River Delta, and
Pearl RiverDelta [45], which are located in the rapidly developed
North, East, and South Region, respectively, and we analyzed
their urban expansions as follows.

1) Urban Expansion Pattern: The Beijing–Tianjin–Hebei
urban agglomeration is located in the north of China, where it
is bounded to the east by the Bohai Gulf portion of the Yellow
Sea. It comprises 10 cities, including two municipalities, Beijing
and Tianjin, and the surrounding cities of Shijiazhuang,
Tangshan, Qinhuangdao, Baoding, Zhangjiakou, Chengde,
Cangzhou, and Langfang, as shown in Fig. 7. It is one of the
most important economic zones inChina and it has experienced a

Fig. 5. China’s urban expansion rate from 1981 to 2010. Note the low rate from
1981 to 1998, the high rate from 1998 to 2008, and the maximum rate from 2008
to 2010.

Fig. 6. Urban area growth in the seven economic regions during 1981–2010.
Note that the South Region had the biggest urban area and the highest expansion
rate. The East Region had the second highest area, followed by the North Region
and Central Region.

Fig. 4. China’s urban area growth from 1981 to 2010. Note that the growth in the
last 10 years was remarkably faster than that in the previous 20 years.
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rapid expansion over the past 30 years. However, the regional
economic and social development is still imbalanced in the
region. Differences in the structure of industry and technol-
ogy, the effectiveness of energy utilization, and the goals of
urban planning have resulted in a double-central urban expan-
sion pattern. The distribution of the cities is dispersed, but
Beijing and Tianjin have formed a point-agglomeration
pattern during the period. The expansion trends indicate that
Beijing has extended to the southwest (Fangshan District),
northwest (Changping District), northeast (Huairou District),
and east (Shunyi District), while Tianjin has tended to expand
to the east (Binhai New Area), southeast (Jinnan District), and
northwest (Wuqing District).

TheYangtze River Delta urban agglomeration is located in the
east of China, where it is bounded to the east by the East China
Sea. It comprises 16 cities, including the central municipality of
Shanghai, eight cities in Jiangsu Province, i.e., Suzhou, Wuxi,
Changzhou, Nanjing, Zhenjiang, Yangzhou, Taizhou, and
Nantong, and six cities in Zhejiang Province, i.e., Hangzhou,
Jiaxing, Huzhou, Ningbo, Shaoxing, Taizhou, and Zhoushan, as
shown in Fig. 8. Since the 1980s, this urban agglomeration has
experienced a major expansion, which was concentrated on
Shanghai, Nanjing, Hangzhou, Suzhou,Wuxi, and Ningbo. This
region has themost developed economy inChina. In 2007, it only
covered 1.5% of the total national land area, but 5.9% of the
national population lived in the region and it generated nearly
20% of the gross domestic product (GDP) [32]. This region has a
belt-agglomeration pattern with cores in Shanghai, Suzhou,
Wuxi, and Changzhou. The region has already grown into the
urban agglomeration that boasts the greatest economic strength,
the largest industrial scale, and it is the most competitive force
in China.

The Pearl River Delta urban agglomeration is located in the
south of China, where it is bounded to the south by the South
China Sea. It comprises nine cities in Guangdong Province,
including the central municipality of Guangzhou, and the sur-
rounding cities of Shenzhen, Zhuhai, Foshan, Jiangmen,
Dongguan, Zhongshan, Zhaoqing, and Huizhou, as shown in
Fig. 9. Guangdong Province was first selected for the economic
reform experiment in 1978, where Shenzhen was China’s first,
and one of themost successful, Special Economic Zones. Special
policies were proposed for the implementation and facilitation of
economic reforms, which allowed various market processes to
replace the planned economy. This region has experienced a very
rapid urban expansion in the past 30 years, with the formation of a
ring-agglomeration pattern along the Pearl River Estuary with
the core of Guangzhou since early in the 1990s. This is the fastest
growing region in China in terms of its industrial output, tertiary
output, and export trade [10].

2) Urban Expansion Direction: The expansion direction of an
urban agglomeration indicates the movement of the heart of the
regional economy, which is affected by policy guidance, the
population density, distance to road networks, distance to
existing urban area, and other factors. In Figs. 7–9, the maps
show the shift of the centroids over the past 30 years, thereby
demonstrating the different expansion directions of the three
urban agglomerations, which have been dominated by the
regional geographic conditions and national policy guidance.

Although it has changed circuitously and repeatedly, the
centroid of the Beijing–Tianjing–Hebei urban agglomeration
has tended to shift from the northwest towards the southeast.
From 1981 to 1995, it moved from the northwest toward the

Fig. 7. Urban expansion and the shift of the centroid (top right) of the Beijing–
Tianjing–Hebei urban agglomeration. The administrative boundaries of the cities
are indicated by solid curves. Note the point-agglomeration pattern with the
municipalities of Beijing and Tianjin, and the shift of the centroid from northwest
toward southeast.

Fig. 8. Urban expansion and the shift of the centroid (top right) of the Yangtze
River Delta urban agglomeration. The administrative boundaries of the cities are
indicated by solid curves. Note the belt-agglomeration pattern with the central
municipality of Shanghai and the shift of the centroid from southeast toward
northwest.
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southeast, but from 1995 to 1998, it experienced a short inverse
change. From 1998 to 2003, it changed from west towards east,
but from 2003 to 2005, it again made an inverse change. From
2005 to 2010, it began to shift from north to south again. The
rapid expansion of Tianjin, especially the development of the
Binhai New Area bounded by the Bohai Gulf since 1994, has
contributed to the shift of the centroid.

In contrast, the centroid of the Yangtze River Delta urban
agglomeration has moved dramatically from the southeast
toward the northwest. With the exception of the short inverse
change in 1995, the centroid shift pattern and trend has been
steady, which is expected to continue in the future. Although
Shanghai is the economic growth engine of the region, especially
the PudongNewArea has expanded rapidly since 1992, the south
area of Jiangsu Province, i.e., Suzhou, Wuxi, and Changzhou,
has a higher population and more land for expansion than
Shanghai, which has led to a shift of the centroid.

However, the centroid of the Pearl River Delta urban agglom-
eration has shifted counterclockwise during this period. From
1981 to 2003, it moved in a counterclockwise direction, with the
exception of the change in 1995. From 2003 to 2008, it shifted
from the southeast to the northwest, while it tended to shift
counterclockwise again from 2008 to 2010. This counterclock-
wise shift indicates that the economic heart of the Pearl River
Delta urban agglomeration has been relatively steady and it has
remained around the Pearl River Estuary over the past three
decades.

3) Urban Expansion Intensity: The urban expansion
intensities of the three urban agglomerations were calculated
to compare the expansion rates per unit area during 1981–2010.
Fig. 10 shows that they experienced rises, falls, and subsequent
rises again. The urban expansion intensity of the Pearl River
Delta changed the most dramatically and had the highest value
compared with the other two urban agglomerations during the
first two decades. It reached a peak during 1998–2000, then
decreasing markedly, and increasing again in 2003–2005. In the

Yangtze River Delta, the urban expansion intensity began to
exceed that of the Pearl River Delta in 2003–2005, which was
followed by a very rapid increase, with the highest level in the
final decade. Beijing–Tianjin–Hebei had the lowest urban
expansion intensity among the three agglomerations, because
it had a point-agglomeration pattern instead of belt-
agglomeration pattern, but it also experienced major increases
over the past 10 years.

4) Relative Ratio of Urban Expansion: We calculated the
ratios of the urban expansion rates of the three urban
agglomerations relative to that of China over the past three
decades, which fluctuated during different periods, as shown
in Fig. 11. Clearly, most of the points were , which shows that
the expansion rates of the three urban agglomerations were

Fig. 9. Urban expansion and the shift of the centroid (bottom) of the Pearl River
Delta urban agglomeration. The administrative boundaries of the cities are
indicated by solid curves. Note the ring-agglomeration pattern with the central
municipality of Guangzhou and the counterclockwise shift of the centroid.

Fig. 10. Urban expansion intensities of the three urban agglomerations. Note the
intense fluctuation in the value for the Pearl River Delta, the highest value for
the Yangtze River Delta over the last decade, and the lowest value for the
Beijing–Tianjin–Hebei.

Fig. 11. Relative ratios of urban expansion for the three urban agglomerations.
Note that the highest ratios occurred successively in Beijing–Tianjin–Heibei,
Pearl River Delta, Yangtze River Delta, and Beijing–Tianjin–Heibei.
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higher than the average expansion rate in China. However, there
were great differences among the regions. The expansion of the
Beijing–Tianjin–Hebei urban agglomeration occurred earlier
than that of others, which was related to the concentration
effects of the capital Beijing. Its relative ratio of urban
expansion was much higher than that of the others in the
1980s. The Pearl River Delta urban agglomeration expanded
most in the 1990s because of the policy advantages that applied
in the Special Economic Zones of Shenzhen and Zhuhai. The
Yangtze River Delta and the Beijing–Tianjin–Hebei urban
agglomerations predominated successively in the 2000s,
which benefited from the rapid development of the Pudong
New Area and the Binhai New Area, respectively.

V. CONCLUSION

Using our proposed method, we detected and analyzed the
urban expansion of China during the past 30 years based on
DMSP-OLS nighttime light data and NDVI data. During this
period, China’s urban area experienced a tremendous expansion
(11.89 times), as well as the most rapid economic development
and urbanization ever known.However, there were high regional
variations in the urban expansion. This expansion has profoundly
changed the proportion of impervious surface and the local
circulation, whichwill influence the regional climate and thermal
environment.

The intercalibration processing based on second-order poly-
nomial regression equations improved the continuity and com-
parability of the time-series of nighttime light data. According to
our visual and quantitative comparisons of the urban boundaries
and areas, the proposed local SVM-based region-growing
method delivered better performance than the local thresholding
method because it required no empirical strategies or manual
trial-and-error procedures, while it also outperformed the global
SVM-based region-growing method because it implemented the
SVM training and region-growing procedures for each economic
region. However, more calibration cities could be investigated to
make this assessment more convincing.

Among the 30-year urban area products, the accuracies of the
urban areas from 1992 to 2010 were better than those from 1981
to 1991 because the NDVI re-labeling method did not work well
when the urban areas were converted from other land instead of
vegetation areas.Meanwhile, the coarse spatial resolution (5 km)
of theNDVI data from 1981 to 1997 produced the relative under-
estimation of the urban area during this period. The few pseudo-
urban pixels in themaps of the Pearl RiverDelta during the 1980s
illustrated these problems. Moreover, the urban areas during the
10 phases illustrated the expansion patterns over 30 years, but the
annual products will indicate the key aspects of the expansion
procedure more accurately.

The proposed urban expansion rate indicated the national and
regional urban growth levels. Moreover, the proposed urban
expansion direction, urban expansion intensity, and relative ratio
of urban expansion of the typical urban agglomerations indicated
the regional variations in China’s urban expansion. Clearly, our
description of the urban expansion during the three decades
based on the proposed method agreed with the economic devel-
opment situation in China. In future research, more urban

agglomerations could be investigated to understand the varia-
tions in urban expansion in China more profoundly.
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