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Abstract

China’s extensive urbanization has resulted in a massive loss of natural habitat, which is threatening the nation’s bio-
diversity and socioeconomic sustainability. A timely and accurate understanding of natural habitat loss caused by
urban expansion will allow more informed and effective measures to be taken for the conservation of biodiversity.
However, the impact of urban expansion on natural habitats is not well-understood, primarily due to the lack of accu-
rate spatial information regarding urban expansion across China. In this study, we proposed an approach that can be
used to accurately summarize the dynamics of urban expansion in China over two recent decades (1992-2012), by
integrating data on nighttime light levels, a vegetation index, and land surface temperature. The natural habitat loss
during the time period was evaluated at the national, ecoregional, and local scales. The results revealed that China
had experienced extremely rapid urban growth from 1992 to 2012 with an average annual growth rate of 8.74%, in
contrast with the global average of 3.20%. The massive urban expansion has resulted in significant natural habitat loss
in some areas in China. Special attention needs to be paid to the Pearl River Delta, where 25.79% or 1518 km? of the
natural habitat and 41.99% or 760 km? of the local wetlands were lost during 1992-2012. This raises serious concerns
about species viability and biodiversity. Effective policies and regulations must be implemented and enforced to

sustain regional and national development in the context of rapid urbanization.
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Introduction

The loss of natural habitat is one of the main causes of
declines in biodiversity (Pimm & Raven, 2000; Brooks
et al., 2002; Fahrig, 2003). Many human activities, espe-
cially farming and logging, have caused significant nat-
ural habitat loss (McKinney, 2002). In addition, rapid
urban expansion on a massive scale has also resulted in
a substantial loss of natural habitat around the world
(McDonald et al., 2008, Chao, 2009; Scolozzi & Gene-
letti, 2012; Seto et al., 2012). Specifically, large areas of
natural habitat, including forest, grassland, and wet-
land, have been converted into artificial, impervious
(e.g., cement, asphalt) surfaces (McKinney, 2002; Irwin
& Bockstael, 2007; Seto et al., 2012). Mapping and quan-
tifying natural habitat loss following urban expansion
is important for understanding its impact on biodiver-
sity (Grimm et al., 2008; McDonald et al., 2013; Sushin-
sky et al., 2013).

China has been experiencing remarkable urban
expansion since its reform and opening up, primarily
due to rapid economic development and population
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growth (Normile, 2008; Qiu, 2010; Liu et al., 2012b).
From 1981 to 2011, China’s built-up area increased
nearly fivefold, from 7.44 x 10° km? to 4.36 x 10* km?
(Ministry of Housing & Urban-Rural Development
PRC, 2012). China’s widespread urban expansion has
resulted in extensive natural habitat loss (Li et al., 2006;
Xie & Ng, 2013), and has seriously threatened the coun-
try’s biodiversity (Wang et al., 2007; Li et al., 2010;
McDonald et al., 2013). For example, the total area of
forest and water coverage decreased from 113.3 km” in
1987 to 85.3 km? in 1999, with a decline of 24.71% in
Wuhan, Hubei, China (Li et al., 2006). Similarly, from
1988 to 2008, the Shenzhen River basin experienced a
22% (by 159.48 km?) decrease (Xie & N g, 2013). Hence,
studying natural habitat loss due to urbanization is
particularly crucial in China.

Most studies on urbanization-related habitat loss in
China have been conducted at the local (e.g., Li et al.,
2006) and regional (e.g., Xie & Ng, 2013) scales. Few
studies have considered the national scale, due to the
lack of a suitable approach for accurately and timely
obtaining urban expansion information across the
entire country, among other reasons (He et al., 2006;
Liu et al., 2012b).

© 2014 John Wiley & Sons Ltd
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Because the integration of multiple sources of remo-
tely sensed data is effective for modeling urban expan-
sion at a large geographic scale (Schneider et al., 2003;
Lu et al., 2008; Cao et al., 2009; Tang et al., 2012; Yang
et al., 2013), we quantified and mapped natural habitat
loss due to urban expansion in China from 1992 to 2012
by integrating and analyzing three different data sets:
data on nighttime light levels, the normalized differ-
ence vegetation index (NDVI), and land surface tem-
perature (LST). The spatiotemporal dynamics of urban
expansion was modeled at the national, ecoregional,
and local levels. Loss was further evaluated in ecore-
gions and hotspot areas that had experienced signifi-
cant urban growth.

Materials and methods

Data sources

Nighttime light data. Both the historical time series of night-
time stable light (NSL) data and the newly released NSL data
with a better quality (Baugh ef al., 2013) were collected to
cover the time span of our study, including the Version 4 NSL
data (1992-2010) collected by the US Air Force Defense Meteo-
rological Satellite Program’s Operational Linescan System
(DMSP/OLS) and the Visible Infrared Imaging Radiometer
Suite (VIIRS) NSL data of 2012 from the Suomi National Polar-
orbiting Partnership (NPP) Satellite.

The former was acquired by six DMSP satellites (F10, F12,
F14, F15, F16, and F18) and can be obtained from the National
Oceanic and Atmospheric Administration’s National Geo-
physical Data Center (NOAA/NGDC) website (http://ngdc.
noaa.gov/eog/dmsp/downloadV4composites.html, accessed
August 14, 2013). An annual composite image was produced
based on images from the year in which all these satellites had
the best data quality. The data were also processed to remove
the effects of sunlight, glare, moonlight, clouds, and auroras.
Ephemeral events such as fires were also discarded (Elvidge
et al., 2009; Baugh et al., 2010). In the annual composites, the
digital number (DN) value of each pixel represents the aver-
age strength of light from cities, towns, and/or other sites
with constant lighting. In each case, the background noise was
identified and replaced with a value of 0. The DN values for
lit pixels fell in the range of 1-63. The annual NSL composite
images produced were subsequently clipped to the adminis-
trative boundaries of China. Due to the inherent discontinuity
and incomparability of NSL data, the annual composite
images were further processed using the approaches intro-
duced by Elvidge ef al. (2009) and Liu et al. (2012b). The
processing includes the three key steps of intercalibration,
intra-annual composition, and interannual series correction.
Please refer to Elvidge et al. (2009) and Liu ef al. (2012b) for
more details.

The VIIRS NSL data of 2012 were also obtained from the
NOAA/NGDC website (http://ngdc.noaa.gov/eog/viirs/
download_viirs ntl.html, accessed August 14, 2013). These
data were delivered as a composite of images taken between
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April 18-26, 2012 and October 11-23, 2012 (Baugh et al., 2013).
The VIIRS NSL data were processed in a similar way to the
DMSP/OLS NSL data to remove the effects of moonlight and
clouds (Baugh et al., 2013). The DN values for lit pixels repre-
sent the radiance of light at night. The VIIRS NSL data were
also clipped to the boundaries of China.

NDVI data. The NDVI data acquired by two different satel-
lites were synthetically used in this study, including
NOAA’s Advanced Very High Resolution Radiometer (AV-
HRR) and the French Satellite Pour 1'Observation de la
Terre’s Vegetation Sensor (SPOT/VGT) (Loveland et al.,
2000; Eva et al., 2004). Specifically, a time series of 10-day
image composites of the NDVI from NOAA/AVHRR (1992,
1993, 1995, and 1996), and from SPOT/VGT (1998-2012)
were downloaded from the United States Geological Survey
(USGS) website (http://edc2.usgs.gov/1KM/1kmhomepage.
php, accessed August 14, 2013) and from the VITO website
(http:/ /free.vgt.vito.be/origin, accessed August 14, 2013),
respectively. These data had been radiometrically calibrated,
precisely georeferenced, and corrected for atmospheric
effects before their distribution. Monthly NDVI image com-
posites were generated by selecting the maximum NDVI
value for each pixel from three periods in each month (rep-
resenting days 1-10, 11-20, and 21 to the end of the month).
This maximum value composition (MVC) method served to
minimize the effects of cloud cover and the variability of
atmospheric optical depth (Holben, 1986). The NDVI com-
posites are believed to be well-suited for the detection of
vegetation dynamics at large scales (Loveland et al., 2000;
Eva et al., 2004). Furthermore, based on the works of Lu
et al. (2008) and Cao et al. (2009), we generated an annual
MVC image for each year. Although an annual MVC image
of NDVI conceals land cover changes within the year, it can
effectively reduce contamination by clouds while capturing
spatial vegetation characteristics on an annual basis (Lu
et al., 2008; Cao et al., 2009).

LST data. As one of the most commonly used LST data
sources (Keramitsoglou et al., 2011), the Moderate-resolution
Imaging Spectroradiometer (MODIS) 8-day composite imag-
ery of LST from 2000 to 2012 was obtained from the data
archive and distribution system of the National Aeronautics
and Space Administration (NASA) (http://ladsweb.nascom.
nasa.gov, accessed August 14, 2013). Each image is composed
of average LST values over an 8-day period (Wan, 2009). Dif-
ferences in LST between urban and nonurban areas are much
more significant at night than during the day (Buyantuyev &
Wu, 2009; Zaksek & Ostir, 2012). Therefore, MODIS nighttime
LST data would be better suited for distinguishing between
urban and nonurban areas (Keramitsoglou ef al., 2011), and
thus this is what we used in the present study. Following Mil-
drexler et al. (2009), we produced an MVC image of LST to
capture the nighttime LST characteristics in each year from
2000 to 2012.

All of the NSL, NDVI, and LST images collected for this
study were further reprojected to the Albers projection and re-
sampled to a spatial resolution of 1 km.
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Land use/cover data. The 1990, 1995, 2000, and 2005
national land use/cover datasets (NLCD) of China were
obtained from the Data Sharing Infrastructure of the Earth
System Science at the Chinese Academy of Science (http://
www.geodata.cn/Portal/index.jsp, accessed August 14,
2013). These datasets were produced at 1 km resolution in
the Albers projection through the visual interpretation of
Landsat Thematic Mapper (TM) images (Liu ef al., 2005).
The proportion of land use/cover for each pixel was
summarized from the original 30 m pixels. These NLCD
maps fairly accurately represent actual land-use/cover con-
ditions in China during their corresponding years (Liu et al.,
2005).

Table 1 Descriptive information of the Landsat TM/ETM+
data used in the study

City
covered Path/row Date
Beijing 123/32 September 7,1992; May 17, 2012
Nanjing 120/38 October 20, 1992; April 26, 2012
Guangzhou 122/44 November 2, 2012
Kunming 129/43 August 16, 1992;

January 20, 2012

Zhengzhou 124/36 October 16, 1992;
September 13, 2012

Nanchang 121/40 May 20, 1992; October 10, 2012

Shenyang 119/31 September 10, 2012
Urumgqi 143/29 September 2, 2012
143/30 April 27, 2012

Ecoregional boundaries and species data. The ecoregion
boundaries used in our study were obtained from the Terres-
trial Ecoregions Database by the World Wide Fund for Nature
(WWEF) (Olson et al., 2001) (http://worldwildlife.org/publica-
tions/terrestrial-ecoregions-of-the-world, accessed August 14,
2013). The species information in all of the ecoregions was
obtained from the WWF’s Wild Finder database (http://
worldwildlife.org/publications /wildfinder-database, accessed
August 14, 2013). Similar to McDonald et al. (2008), for each
region of China, we calculated the number of threatened spe-
cies and classified them into four categories (near threatened,
vulnerable, endangered, and critically endangered).

Landsat TM/ETM+ data. Fourteen high-quality Landsat
Enhanced Thematic Mapper Plus (ETM+) images were
obtained from the Geospatial Data Cloud operated by the Chi-
nese Academy of Sciences (http://www.gscloud.cn, accessed
August 14, 2013), to cover the eight mega-cities of China (Beij-
ing, Nanjing, Guangzhou, Kunming, Zhengzhou, Nanchang,
Shenyang, and Urumqji) at the start and end of our study per-
iod (Table 1).

Socioeconomic census data and administrative bound-
aries. The 1992, 2000, and 2010 socioeconomic census data,
including information on the urban population and gross
domestic product (GDP) of each province, were obtained from
the Statistical Database of Economic and Social Development
by the National Knowledge Infrastructure of China (http://
tongji.cnki.net, accessed August 14, 2013). The administrative
boundaries for the provinces, cities, and counties were
obtained as GIS files from the National Geomatics Center of
China.

E ional
/ Land use/cover maps/ /NSLIdata //NDV,I data/ LST data/ coregion

and county

* boundaries

Extract natural habitats

Extract urban land using
SVM classification

v

Spatial d1str1but1 on of
natural habitats in 1990

Urban land maps
(1992-2012)

Analyze the dynamics of urban [
expansion at multi-scales

v

Urban expansion in | | Urban expansion in | | Urban ex pansion in
the whole nation ecoregions hotspot areas
1
v

| Evaluate natural habitat loss caused by urban expansion |

¥

[ Natural habitat loss caused by urban expansion in the ]

ecoregions and hotspot areas with significant urban growth

Fig. 1 Methodology flow chart.
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Methods

Our method for evaluating natural habitat loss caused by
urban expansion included four steps: (i) mapping natural hab-
itats from land use/cover data in 1990; (ii) extracting the area
of urban land by applying the support vector machine (SVM)
classification method to the NSL, NDVI,and LST data from
1992 to 2012; (iii) analyzing the dynamics of urban expansion
at the national, ecoregional, and local scales; and (iv) evalu-
ating natural habitat loss caused by urban expansion in
ecoregions and hotspot areas with significant urban growth

(Fig. 1).

Mapping natural habitats

The Habitats Classification Scheme developed by the Interna-
tional Union for Conservation of Nature and Natural
Resources (IUCN) was adopted in this study (IUCN, 2013),
and was used for the extraction of natural habitats from the
NLCD of 1990. According to this classification scheme, the
term ‘natural habitat’ refers to any nonartificial vegetation,
including forest, grassland, wetlands, and so forth. The more
specific land use/cover types in the NLCD were combined
into habitat classes (Table 2). Each categorical image of natural
habitats was further aggregated from 30 m to 1 km resolution
by keeping the percentage area covered by natural habitats for
each pixel (Fig. 2).

Extracting urban land

Among the published methods for remotely sensed image
classification, the stratified SVM method has been demon-
strated as an accurate and reliable one without the need to
include any other ancillary data (Cao et al., 2009; Yang et al.,
2013). Therefore, the stratified SVM method (Yang et al., 2013)
was used with the NSL, NDVI, and LST data to extract urban
land areas on a yearly basis, and the urban expansion dynam-
ics were modeled (He et al., 2006) for 1992-2012. We used only
NSL and NDVI imagery to map urban land in 1992, 1993,
1995, 1996, 1998, and 1999, but also included LST imagery to
map urban land through 20002010 and 2012.

There is a great variation in physical environment and
socio-economic development status across the vast area of
China. To mitigate the effects of such variation on urban infor-
mation extraction, China was divided into eight subregions
that are relatively more homogeneous each and distinguish-
able one from another: northeast, northwest, southwest, north-
ern coastal, southern coastal, eastern coastal, middle reaches
of the Yellow River, and middle reaches of the Yangtze River
(Development Research Center of the State Council in China,
2005; Yang ef al., 2013). Training samples of NSL, LST, and
NDVI values were taken across the various socioeconomic
and physical environments within each subregion (Lu &
Weng, 2006; Cao et al., 2009; Liu et al., 2012b). The SVM classi-
fication was subsequently performed with an adaptive post-
classification to create a binary map of urban land for China in
each year, based on the original NSL, NDVI, and LST images
collected.

© 2014 John Wiley & Sons Ltd, Global Change Biology, 20, 2886-2902

Table 2 The natural habitat types and their corresponding
land use/cover types used in the NLCD

Natural habitat Land use/cover

type* type** Area (km?)  Percentage
Forest 2 254 487 29.77%
Forest 1373 313 18.13%
Shrub wood 483 396 6.38%
Open forest 352 943 4.66%
Other forest 44 834 0.59%
Grassland 3 038 536 40.12%
Dense grass 1 004 646 13.27%
Moderate grass 1 105 256 14.59%
Sparse grass 928 634 12.26%
Wetlands 288 509 3.81%
Stream 36 644 0.48%
and rivers
Lakes 75 481 1.00%
Reservoir 32 883 0.43%
and ponds
Beach and shore 6654 0.09%
Bottomland 49 549 0.65%
Swampland 87 297 1.15%
Rocky areas 599 209 7.91%
Bare rock 599 209 7.91%
Desert 1,094,590 14.45%
Sandy land 569 896 7.53%
Gobi 494 775 6.53%
Bare soil 29 918 0.40%
Other 297 548 3.93%
Permanent ice 69 670 0.92%
and snow
Salina 135 895 1.79%
Other unused 91 983 1.21%
land
Total 7 572 879 100.00%

*The natural habitat types are standard terms in the Habitats
Classification Scheme (Version 3.1) developed by the Interna-
tional Union for Conservation of Nature and Natural
Resources (IUCN) (IUCN, 2013).

**The descriptions of land use/cover types in the NLCD can
be found in Liu et al. (2005).

According to He et al. (2006), the urban areas could be
assumed to continuously grow outward in China from 1992 to
2012, and an urban pixel with a spatial resolution of 1 km
detected by nighttime light data in an earlier year would
remain as urban in a later year. Using this assumption, we
implemented further data processing with geographical infor-
mation system (GIS) data to obtain reliable urban dynamics in
China (Fig. 3). The data processing can be summarized by the
following formula:

0 DNy414) =0
DN(nj) =<1 DN(}HLI') =1& DN(n—l,i) =1 (])
DN,  otherwise

where DN, ;, DN(,_1,), and DN,.1,, are the class values
(urban or non-urban) at the ith pixel in the nth, n — 1th, and
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Fig. 2 The spatial distribution of natural habitats in China in 1990 (the ecoregions with a natural habitat loss of less than 50% are
labeled using their abbreviations). Yellow Sea saline meadow (YSSM), Huang He Plain mixed forests (HHPMF), Sichuan Basin ever-
green broadleaf forests (SBEBF), Bohai Sea saline meadow (BSSM), Northeast China Plain deciduous forests (NCPDE), Changjiang

Plain evergreen forests (CPEF), Amur meadow steppe (AMS).

n + 1th years respectively. A class value of 1 represents urban
while 0 represents nonurban.

Analyzing the dynamics of urban expansion

Because the spatiotemporal dynamics of urban expansion
appear to be significantly different at different scales (Jiang
et al., 2012; Wang et al., 2012), we examined it at the national,
ecoregional, and local scales.

As an important indicator of urbanization, the growth of
the urban area relative to the total area was first calculated for
the entire country, each ecoregion, and then each county in
China. Ecoregions with a relatively higher growth than the
country average were selected for closer examination. At the
local scale, spatial autocorrelation analysis (Goodchild, 1986;
Anselin, 1995) was performed to identify and map hotspot
areas, and clusters of counties with a higher growth in each
rapidly urbanizing ecoregion were identified.

Evaluating natural habitat loss caused by urban
expansion

According to Hoekstra et al. (2004) and Xie & Ng (2013), natu-
ral habitat loss caused by urban expansion refers to the con-
version of natural habitats into urban land use. Therefore, for
evaluation purposes, we calculated the area of each type of
natural habitat lost in the urban expansion process for each

pixel. The area of habitat type j lost in the i™ pixel due to
urban expansion was determined using formula 2:

1990
HLj =HAgj" -

i (Urban?"? — Urban,**?)

)
where HL;; is the area of habitat type j lost at the ith pixel
from 1992 to 2012; HA{7is that for 1990; and Urban;*'* and
Urban;** are the class values at the i pixel in the urban land
maps in 1992 and 2012 respectively. A class value of 1 repre-
sents urban while 0 represents nonurban. The total area of nat-
ural habitat loss in each pixel was calculated through
summation as shown in formula 3:

t

> Hig)

j=1

HL; 3)

where HL, is the total area of natural habitat loss within the i
pixel from 1992 to 2012, and ¢ is the original number of natural
habitat types. These calculations were performed for all ecore-
gions and hotspot areas with significant urban expansion.

Results

Natural habitats of China in 1990

There are a large number of natural habitats, primarily
grassland and forest in China (Table 2). In 1990, natural
habitats covered 79.26% (7.57 million km?) of the total

© 2014 John Wiley & Sons Ltd, Global Change Biology, 20, 2886-2902
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Fig. 3 The dynamics of urban expansion in China from 1992 to 2012.

land area, with grassland and forest accounting for
more than 20% of the total land area. Of the total area
of natural habitat, grassland and forest made up 40.12%
(3.04 million km? and 29.77% (2.25 million km?). All
other types accounted for less than 20% each. It should
be pointed out that wetland in particular only
accounted for 3.81% (0.29 million km?) of the total natu-
ral habitat area.

In terms of spatial distribution, natural habitats are
generally more dominant in the west than in the east
(Fig. 2), accounting for more than 95% of both the
Qinghai-Tibet Plateau (located in southwest China) and
the arid and semiarid region of northwest China. How-
ever, they generally make up less than 70% of the total
area in the monsoon region to the east, and even less
than 50% in some subregions (e.g., in all ecoregions of
eastern China; Fig. 2). Among these ecoregions, Yellow
Sea saline meadow (YSSM), Huang He Plain mixed
forest (HHPMF), and Sichuan Basin evergreen broad-
leaf forests (SBEBF) have particularly low proportions
of natural habitat: 11.91% (600.65 km?), 15.06%
(65 112.99 km?), and 16.89% (16 549.05 km?) of their
total land areas respectively. The Bohai Sea saline

© 2014 John Wiley & Sons Ltd, Global Change Biology, 20, 2886-2902

meadow (BSSM), Northeast China Plain deciduous
forest (NCPDF), Changjiang Plain evergreen forest
(CPEF), and Amur meadow steppe (AMS) have rela-
tively higher proportions of natural habitat (20-50%).

Urban expansion in China from 1992 to 2012

China experienced rapid urban expansion over the past
two decades, at a much higher rate than the world’s
average. China’s total urban land area increased from
12 192 km* (0.13%) in 1992 to 65 186 km” (0.68%) in
2012, with an average annual growth rate of 8.74%,
while the global average over 1990-2000 was only
3.20% according to Angel et al. (2005). Furthermore, the
urban expansion rate in China over the past decade far
exceeded the annual growth rates of 1.12-4.33% pro-
jected by Seto et al. (2011) for 2000-2030 under various
scenarios.

There was clear spatial disparity in terms of urban
expansion when the different ecoregions were com-
pared (Fig. 4). The 16 ecoregions in eastern China expe-
rienced a higher rate of urban growth than the national
average of 0.55% (Table 3). Among them, the urban



2892 C. HE etal.

100°E
I

110°E 120°E
1 1

40°N

30°N

Growth in urban land percentage (%)
>3
T2 -3
-2
0.55-1
<0.55

20°N

Ecoregional boundary
0 200 400
—C &

—— National boundary

SCVSEF (3.60%) &

50°N

DFS (1.02%)

40°N

30°N

20°N

STMRF (0.91%)

800 1200 1600
1k

T T
90°E 100°E

T T
110°E 120°E

Fig. 4 Urban growth in the ecoregions of China from 1992 to 2012 (ecoregions with a growth rate above the national rate of 0.55% are
labeled). Bohai Sea saline meadow (BSSM), South China-Vietnam subtropical evergreen forests (SCVSEF), Changjiang Plain evergreen
forests (CPEF), Huang He Plain mixed forests (HHPMF), Sichuan Basin evergreen broadleaf forests (SBEBF), Taiwan subtropical ever-
green forests (TSEF), Helanshan montane conifer forests (HMCEF), Daurian forest steppe (DFS), Northeast China Plain deciduous forests
(NCPDF), South Taiwan monsoon rain forests (STMRF), Ordos Plateau steppe (OPS), Jian Nan subtropical evergreen forests (JNSEF),
Yellow Sea saline meadow (YSSM), Yunnan Plateau subtropical evergreen forests (YPSEF), Daba Mountains evergreen forests (DMEF),

Nenjiang River grassland (NRG).

area in BSSM increased from 103 km? in 1992 to
548 km? in 2012, with a net growth of 445 km? or 4.78%
of the total land area. It is worth noting that around
6580 km? of the new urban areas that developed during
the time period studied were originally covered by
south China—Vietnam subtropical evergreen forests
(SCVSEF). In addition, 2-3% of the three ecoregions of
CPEF, HHPMF, and SBEBF was urbanized whereas
1-2% of four (e.g., Taiwan subtropical evergreen forest,
TSEF) and 0.55-1% of seven (e.g., south Taiwan
monsoon rain forest, STMRF) other ecoregions were
urbanized (Fig. 4). These 16 ecoregions covering
29.02% of China’s land area contained around
85.01% of the newly developed urban areas from 1992
to 2012.

Eight hotspot areas that experienced extremely rapid
urban expansion were identified (Fig. 5). In four of
them, more than 20% of the land area was converted
into urban use from 1992 to 2012. Specifically, these
were the Pearl River Delta (32.77%: 4169 km?), the Yan-
gtze River Delta (27.08%: 5117 km?), the Changsha-
Zhuzhou-Xiangtan area (21.45%: 441 km?), and the

Metropolitan Beijing area (20.83%: 1085 km?). The three
metropolitan areas of Chengdu, Fuzhou-Quanzhou-
Xiamen, and Kunming-Yuxi experienced medium
levels of urbanization with more than 500 km? of newly
developed urban area accounting for 10-20% of their
total area (Table 4).The Ordos-Yulin area had the low-
est percentage (3.54%: 663 km?) of its land urbanized
during the same time period. These eight hotspot areas
account for a small fraction (around 0.80%) of China’s
total land area but contain 27.17% of the country’s new
urban development in terms of area.

Natural habitat loss at the ecoregional scale

In the 16 ecoregions that experienced significant urban
expansion, the rate of natural habitat loss (0.58%) was
lower than that of urban growth (1.63%) from 1992 to
2012 (Table 3). However, the area of wetlands
decreased by a much higher rate of 3.29%, which is
equal to about 3346 km? (Fig. 6).

Some ecoregions experienced severe wetland losses
such as the alarming 14.07% (923 km?) decline in

© 2014 John Wiley & Sons Ltd, Global Change Biology, 20, 2886-2902



URBAN EXPANSION AND HABITAT LOSS IN CHINA 2893

¥ "L Ul Se awues a1} 918 SUOHLIASIQE UOI3DI009 S I,

%850 L¥98 %EI'1 T80 Sy %BLLES 086 987 1 Per 992 ¢ €10,

6l 44 96 L6 %810 616 %TL 0 LSLY %S1'8L 96¢ 919 118 099 JASNI

8 €l €9 €89 %020 90¢ %€9°0 2901 %S8°09 9¢e <01 021 891 J9Nd

6l 6¢ a8 801 %ST0 434 %990 06ST %6E 8L 610 881 $498 6€C JASIA

cl 9¢ €€ (4514 %LT0 S %160 €C %SV 1L 08 1 €ea ¢ AANLS

0 0 °ré €0¢ %Cy 0 €9 %190 [44" %99°€S 6.7 C1 09¢ €¢ AN

0 0 L9 ge9 %S¥'0 8¢¢ %01 avee %CLTE ey G 965 0€¢ JddON

|4 69 87 8¢S %8%°0 6L1 %¥6'L 6€9 %61°9L 6¥0 G¢ LL8 TE JASL

0 0 €C 61¢ %590 14 %690 et %16'LL 109 7¥0S NSSA

4 4 8¢ 0cy %EeL0 8L11 %9L°0 9991 %S9YL L¥6 091 ¥09 G1¢ SdO

C 4 €l 8¢¢ %e6'0 61 %80°L £9¢ %S8'E8 GIZ 0C 0L ¢ ADNH

6 LT |74 769 %¥6°0 8¢L1 %98°C 967 C1 %HLTTY 687 ¥81 Ly 9¢v A4dO

I L [44 qle %90°1 °14 %01 0¢ %CET8 L1ive 0€6C sdd

01 €l 0¥ 0€9 BLET 91¢ %SLC €01¢ %6891 674 91 800 86 4d94dS

0 I LS 819 %LGL 86 %CS'C G968 01 %90°S1 €Ll 99 LSV CEY ANJHH

8¢ 9 11 VLI %88'1 €01¢ %09°¢ 0899 %LT19 L¥0 ¢11 LL8 T81 JASADS

0 0 9¢ 0ve %19¥ 6L1 %8L'Y i %Y LT €L9¢ 80¢€6 NSS4
sarads SOTwIpUg samads ssauyPTy a3ejuadia g (LuoN) a3ejuadIa g (Lun)) a3ejuadia g (Luo)) (;uny) eare Luor3a1007

SIWIPUD pausjearyy eary vary eary puey [e30],
paujeaIy} JO IoquunN
Jo Jaquinpy ¢10¢ 031 T661 WoLy C10C 03 661 WOy 0661 Ul syejiqey [ernjeN

SSO[ jejiqey [einjeN

pue[ uegin Ul yimoir)

SuOr391009 Ure}Iad ur uorsuedxa ueqin juedyrudis Aq pasned sjejiqel] [eInjeu jo ssof 93 pue eare pue[ ueqin ur Yimoid oyl ¢ d[qelL

© 2014 John Wiley & Sons Ltd, Global Change Biology, 20, 2886-2902



2894 C. HE etal.

80°E 100°E  120°E = 140°E

30°N 40°N
o A
30°N 40°N

0 750 1500 °
| e km

90°E  100°E 110°E 120°E 130°E

20°N

20°N

Chengdu
SBEBF,

.,\_/—"/t\f'\

f

’JKumning‘.}Yuxi '
<2 YPSEF

A

L /LEAM
I Hotspots

[ JEcoregions including hotspots

]

{

—— National boundary

—— Ecoregional boundary

Ordos-Yulin

Pearl-RiverDelta ¥ 2 1\
N 3 .
Qg \ b - “'\j

SCVSEF N Y,

Beijing

Yangtze River Delta %

B,

CPEF

Changsha-Zhuzhou-Xiangtan

>

Fuzhou-Quanzhou-Xiamen g

INSEF &

2 ? N

@ 0 150 300 600 fA
— — km

Fig. 5 Hotspot areas with a significant urban expansion from 1992 to 2012. Please refer to Fig. 4 for an explanation of the

abbreviations.

Table 4 The growth in urban land area and the loss of natural habitats caused by urban expansion in the hotspot areas

Natural habitats in 1990

Natural habitat loss from
1992 to 2012

Growth in urban land
from 1992 to 2012

Total land
Hotspot area (km?)  Area (km?) Percentage = Area (km?) Percentage  Area (km?) Percentage
Pearl River Delta 12 721 5886 46.27% 4169 32.77% 1518 25.79%
Changsha-Zhuzhou-Xiangtan 2056 1017 49.49% 441 21.45% 155 15.25%
Yangtze River Delta 18 895 2740 14.50% 5117 27.08% 356 13.01%
Beijing 5211 601 11.52% 1085 20.82% 63 10.44%
Chengdu 4587 448 9.77% 889 19.38% 29 6.48%
Kunming-Yuxi 6267 4497 71.75% 760 12.13% 250 5.56%
Fuzhou-Quanzhou-Xiamen 7476 3888 52.00% 1276 17.07% 209 5.37%
Ordos-Yulin 18 727 14733 78.67% 663 3.54% 487 3.31%
Total 75 940 33810 44.52% 14 400 18.96% 3068 9.07%

SCVSEF (Fig. 7). Although it was less severe, SBEBF,
BSSM, and STMRF also lost a considerable portion
(5-10%) of their wetlands during the time period.

Natural habitat loss at the local scale

Widespread urban expansion resulted in a dramatic
loss of natural habitat in some hotspot areas during the
period of 1992-2012. Around 14 400 km? of land sur-
face was converted into urban use from 1992 to 2012 in
these areas, which led to a total loss of natural habitat

of 3068 km” accounting for 9.07% of the total area of
natural habitat in 1990 (Table 4).

Specifically, the Pearl River Delta lost 1518 km? or
25.79% of its area of natural habitat whereas in the
Changsha-Zhuzhou-Xiangtan Metropolitan area, the
Yangtze River Delta and the Metropolitan Beijing area
loss 10-20% (Table 4). The relatively less urbanized
Chengdu, Kunming-Yuxi, and Fuzhou-Quanzhou-Xia-
men areas also lost 5-10% of their area of natural habitat.

It should be noted that a highly significant propor-
tion (>30%) of wetlands was lost in the Pearl River

© 2014 John Wiley & Sons Ltd, Global Change Biology, 20, 2886-2902
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Fig. 7 Wetland loss caused by urban expansion in ecoregions
with significant urban expansion from 1992 to 2012. Please refer
to Fig. 4 for an explanation of the abbreviations.

Delta, the Changsha-Zhuzhou-Xiangtan area, and the
Fuzhou-Quanzhou-Xiamen area (Fig. 8). Special atten-
tion should be paid to the Pearl River Delta where an
alarming 41.99% or 760 km? of wetland was lost.

© 2014 John Wiley & Sons Ltd, Global Change Biology, 20, 2886-2902
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Fig. 8 Wetland loss caused by urban expansion from 1992 to
2012 in the hotspot areas.

Discussion

Integration of NSL, NDVI, and LST data provides a new
approach for capturing urban expansion dynamics more
timely and accurately at a large scale

Currently, two sources of data are primarily used to
model the dynamics of urban expansion in China:
socioeconomic census data in administrative units and
remotely sensed data at medium to high resolution
(e.g., Landsat images). For example, Gu & Pang (2009)
and Fang (2009) studied urban expansion before and
after the reform and opening up policy was imple-
mented in China, purely based on socioeconomic cen-
sus data. However, socioeconomic census data do not
usually possess the spatial details required for the
accurate mapping or analysis of urban expansion. In
contrast, Liu et al. (2012a) and Wang et al. (2012) both
used remote-sensing data to study urban expansion
dynamics at various spatial scales over the past
20 years in China. One of the major limitations of
extracting and mapping urban expansion in this way
is that it is computationally intensive and requires a
considerable amount of human interpretation. There-
fore, timely extraction or mapping is difficult to
achieve in such a manner for a vast country such as
China.

DMSP/OLS nighttime light data may be an effective
alternative data source because its spatial resolution
and temporal frequency are suitable for detecting urban
expansion at a large scale (Zhang & Seto, 2011). Using
DMSP/OLS nighttime light data, He et al. (2006) and
Liu etal. (2012b) modeled wurban expansion in
China over the periods 1992-1998 and 1992-2008. How-
ever, because these light data do not contain spectral
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information regarding land cover characteristics, they
only indirectly represent the spatial intensity of human
activities (Zhang et al., 2013). Furthermore, such data
suffer to a degree from overglow and saturation effects
(Cao et al., 2009), often leading to less accurate extrac-
tions of urban land area (Cao et al., 2009; Zhang et al.,
2013).

The integrative approach proposed in this study uti-
lized DMSP/OLS nighttime light data, NDVI data, and
LST data and was found to be an effective way for the
timely yet accurate mapping of urban expansion in
China. The accuracy of our results was assessed in two
ways. We first employed an indirect assessment
method introduced by Zhang & Seto (2011) and Liu
et al. (2012b), which relies on socioeconomic census
data to evaluate estimated urban expansion at the pro-
vincial level. The assessment showed that our esti-
mated results had a strong correlation (R > 0.8) with
the census data for urban population growth and GDP
at a significance level of 0.001 (Fig. 9). In addition, fol-
lowing methods suggested by Sutton ef al. (2006), Lu
et al. (2008), and Cao et al. (2009), we assessed the spa-
tial accuracy of our estimated urban expansion. In this
assessment process, eight important capital cities with

various levels of urbanization were selected as sample
areas, and the reference urban land uses in these areas
were extracted from Landsat TM/ETM+ images and
the NLCD. The assessments made for 1995, 2000, 2005,
and 2012 resulted in an average Kappa value of 0.66, an
average overall accuracy (OA) of 95.20%, an average
quantity disagreement (QD) of 2.24%, and an average
allocation disagreement (AD) of 2.56% (Figs 10 and 11;
Table 5). Moreover, the urban expansion over 1992-
2012 was also well-captured (Kappa: 0.58, OA: 92.20%,
QD: 2.08% and AD: 5.72%) (Fig. 12). It should be noted
that the evaluation results suggest that our method is
more accurate in urban information extraction when
compared with the method by Cao ef al. (2009). For
instance, the OA with our method reached 93.65% in
comparison with the 90.50% in Cao et al. (2009), the
Kappa improved from 0.62 to 0.70 (Fig. 10; Table 5).
The relatively high accuracy suggests that the proposed
approach is a fairly efficient and accurate method for
monitoring urban expansion dynamics across China.
The reason for the superior performance of our
approach is three fold. First, DMSP/OLS nighttime
light data can be used to map the intensity of human
activities, which is usually highly correlated with the

© 2014 John Wiley & Sons Ltd, Global Change Biology, 20, 2886-2902
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level of urbanization. Second, NDVI data can be effec-
tively used to distinguish between urban areas and
nonurban areas that have different vegetation cover
characteristics (Zhang et al., 2013). Finally, LST data
serve as another layer of information that helps to dif-
ferentiate urban land surfaces from nonurban surfaces
due to their different thermal capacities (Lu & Weng,
2006; Tang et al., 2012).

Moreover, our proposed approach has great potential
for use in monitoring or modeling global urban expan-
sion dynamics. Recently, Zhang & Seto (2011)
attempted to map urban expansion over the period of
1992-2008 in four urbanized countries including China,
the United States, India, and Japan, based on an
analysis of DMSP/OLS nighttime light data. The results
were relatively inaccurate due to the overglow and

© 2014 John Wiley & Sons Ltd, Global Change Biology, 20, 2886-2902
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Table 5 An assessment of the accuracy of the urban land maps generated for selected cities in 1995, 2000, 2005, and 2012

Year Index* Beijing Nanjing Guangzhou Kunming Zhengzhou Nanchang Shenyang Urumgi Average
1995 Kappa  0.77 0.62 0.63 0.61 0.74 0.53 0.76 0.53 0.65
OA 93.55% 96.37%  93.53% 98.10% 98.31% 98.57% 97.75% 96.96%  96.64%
QD 3.02%  0.71% 3.58% 0.17% 0.51% 0.51% 0.76% 1.72% 1.37%
AD 3.43% 2.92% 2.88% 1.73% 1.19% 0.92% 1.49% 1.32% 1.99%
2000 Kappa  0.81 0.66 0.52 0.63 0.75 0.55 0.72 0.55 0.65
OA 9411%  9597%  90.42% 97.21% 98.10% 98.47% 96.93% 96.42%  95.96%
QD 2.56% 0.80% 8.08% 2.28% 0.07% 0.14% 1.25% 1.82% 2.12%
AD 333%  3.23% 1.49% 0.51% 1.83% 1.39% 1.82% 1.77% 1.92%
2005 Kappa  0.75 0.64 0.64 0.41 0.78 0.69 0.72 0.61 0.65
OA 90.69%  93.90%  89.96% 94.94% 97.49% 96.80% 96.40% 96.40%  94.57%
QD 3.92%  2.46% 8.55% 4.93% 0.03% 0.04% 2.10% 1.46% 2.94%
AD 539%  3.64% 1.49% 0.14% 2.48% 3.16% 1.50% 2.14% 2.49%
2012 Kappa 0.71 0.69 0.70 0.69 0.76 0.67 0.72 0.67 0.70
OA 88.15% 92.94%  90.37% 93.91% 96.27% 96.22% 95.12% 96.21%  93.65%
QD 6.99%  0.17% 5.47% 4.15% 0.12% 1.28% 1.38% 0.67% 2.53%
AD 487%  6.89% 4.16% 1.94% 3.61% 2.50% 3.50% 3.12% 3.82%
Average Kappa  0.76 0.65 0.62 0.58 0.76 0.61 0.73 0.59 0.66
OA 91.63% 9479%  91.07% 96.04% 97.54% 97.51% 96.55% 96.50%  95.20%
QD 4.12% 1.04% 6.42% 2.88% 0.18% 0.49% 1.37% 1.42% 2.24%
AD 425%  4.17% 2.51% 1.08% 2.28% 1.99% 2.08% 2.09% 2.56%

*overall accuracy (OA), quantity disagreement (QD) and allocation disagreement (AD).

saturation effects associated with the DMSP/OLS
nighttime light data (Zhang & Seto, 2011). Zhang et al.
(2013) developed a Vegetation Adjusted NTL Urban
Index (VANUI) by combining DMSP/OLS nighttime
light data values with NDVI data values. Although the
use of VANUI was effective for alleviating the confu-
sion between the urban and nonurban areas that had
significantly different vegetation cover characteristics,
confusion remained between the NDVI values for simi-
lar urban and nonurban areas, such as arid or semiarid
rural areas vs. suburban areas (Zhang et al., 2013). Our
proposed approach is expected to improve the accuracy
of monitoring/modeling urban expansion in global
regions because it utilizes both the social (intensity of
human activities) and physical (vegetation cover condi-
tions and surface temperature) indicators of urban
development.

Urban expansion has resulted in considerable natural
habitat loss, threatening species in various areas of China

During the extremely rapid urban expansion in the last
two decades, considerable natural habitat loss had
been found primarily in the four identified hotspot
areas, including the Pearl River Delta, Changsha-Zhuz-
hou-Xiangtan, Yangtze River Delta, and the Metropoli-
tan Beijing area, where the area of natural habitat had
decreased by more than 10%. The Pearl River Delta is
particularly notable for having experienced an alarm-
ing 25.79% drop in natural habitat coverage; 42% of

© 2014 John Wiley & Sons Ltd, Global Change Biology, 20, 2886-2902

the wetlands in this area were converted into other
uses.

Loss of habitat is threatening the life and reproduc-
tion of many species in many areas (Fig. 13), mainly the
four ecoregions of SCVSEF, INSEF, CPEF, and HHPMF
and five hotspot areas (Pearl River Delta, Changsha-
Zhuzhou-Xiangtan, Yangtze River Delta, Metropolitan
Beijing area, and Fuzhou-Quanzhou-Xiamen). Within
these ecoregions, where circa 1000 km? or more natural
habitats lost, the loss was more pronounced (>75% or
700 km?) in wetlands and forests, which generally have
a higher biodiversity (Fig. 13). As a result of the natural
habitat loss, over 600 species have been influenced in
each of the four ecoregions (Table 3). At least 50 species
of them have been threatened in these areas (Fig. 13;
Table 3). Moreover, almost half of the 40+ endemic spe-
cies in SCVSEF and JNSEF have been threatened
(Table 3). Special attention should be paid to SCVSEF,
where 117 of the 1114 species and 28 of the 62 endemics
species have been confirmed to be threatened by the
lasting urban expansion with around 2103 km? of natu-
ral habitat area lost (Table 3). Continued loss in these
already endangered areas will further decrease their
biodiversity and disrupt local-regional ecosystems.
Therefore, it is very important to better protect the
threatened species in these areas and implement effec-
tive policies for wildlife conservation in the face of
aggressive urban expansion.

Our findings are consistent with results from previ-
ous studies (e.g., McDonald et al., 2008) in terms of the
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Fig. 12 An assessment of the accuracy of estimated urban expansion from 1992 to 2012 for selected cities in reference to the classifica-
tion results from the Landsat TM/ETM+ data.

© 2014 John Wiley & Sons Ltd, Global Change Biology, 20, 2886-2902



URBAN EXPANSION AND HABITAT LOSS IN CHINA 2901

| SCVSEF
[ JNSEF
YPSEF
[ |cpEF
[ |NCPDF
[ |HHPMF
[ |pMEF
[ |TSEF
[ |SBEBF
[ |STMRF
[ lops
[ IBssm I [_] Wetlands
C_INeG | [ Forest
[ Grassland
|: YSSM [ Desert
[_|pFs I Rocky areas
l , [ ]HMmCF [ Other
100 50 0 0 1000 2000
Number of Area of natural

threatened species habitat loss (km?)
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loss in the ecoregions with a significant urban expansion from
1992 to 2012. Please refer to Fig. 4 for an explanation of the
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imbalance in urban development between eastern and
western China, the ecoregions identified (e.g., SCVSEF
and HHPMF) as having much higher urban growth
rates, and the serious concerns regarding threatened
species and decreasing biodiversity.

Limitations and future perspectives

There are a few limitations to our proposed
approach. For example, due to the relatively low
spatial resolution of the urban land, there were mis-
classifications, especially in suburban areas (Fig. 10).
In addition, natural features such as small water
bodies may be classified as urban if they are situated
within an urban area, which was the major cause of
the relatively lower accuracy in the cities of Guangz-
hou and Nanchang (Fig. 10).

We investigated the natural habitat loss caused by
urban expansion from a geospatial and landscape per-
spective but the ecological outcomes or mechanisms
should also be studied. Moreover, spatial characteris-
tics across different ecosystems within a natural habitat
area were not studied, nor was the relationship
between landscape patterns and ecological processes.

In future studies, the availability of a VIIRS nighttime
light time series dataset with finer spatial resolution is
expected to provide a valuable data source for improv-

© 2014 John Wiley & Sons Ltd, Global Change Biology, 20, 2886-2902

ing the performance of our approach (Elvidge et al.,
2007; Zhang et al., 2013). With the increasing spatial res-
olution of the data, similar studies should be conducted
at a local level, so that the impacts of natural habitat
loss on ecosystem services can be evaluated using the
models offered by software such as the Integrated Valu-
ation of Ecosystem Services and Tradeoffs (InVEST)
(Tallis et al., 2013) and Service Path Attribution Net-
works (SPANs) (Johnson et al., 2012; Bagstad et al.,
2013). It will be very informative to apply our approach
to monitoring urban expansions in other countries or
regions and to make comparisons. An investigation at
these three levels is expected to offer a more thorough
and comprehensive understanding of the urbanization
process in the recent past.

In conclusion, we have proposed a new approach for
mapping and monitoring urban expansion through the
integrative use of NSL data, NDVI data, and LST data.
This approach was shown to be fairly efficient and accu-
rate with an average Kappa value of 0.58 and an average
OA of 92.20% when used to estimate urban expansion
in China over the period 1992-2012. Natural habitat loss
caused by urban expansion was further evaluated at
multiple scales. The results clearly showed that urban
expansion in China has resulted in severe natural habi-
tat loss in some areas. Special attention needs to be paid
to the Pearl River Delta, where 25.79% (1518 km?®) of
natural habitat including 41.99% (760 km® of the wet-
lands were lost during 1992-2012. This raises serious
concerns about species viability and biodiversity. Effec-
tive policies and regulations must be implemented and
enforced to sustain regional and national development
in the context of rapid urbanization.
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