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Abstract: Rapid urbanization with sizeable enhancements of urban population and built-up land in
China creates challenging planning and management issues due to the complexity of both the urban
development and the socioeconomic drivers of environmental change. Improved understanding of
spatio-temporal characteristics of urbanization processes are increasingly important for investigating
urban expansion and environmental responses to corresponding socioeconomic and landscape
dynamics. In this study, we present an artificial luminosity-derived index of the velocity of
urbanization, defined as the ratio of temporal trend and spatial gradient of mean annual stable
nighttime brightness, to estimate the pace of urbanization and consequent changes in land cover in
China for the period of 2000–2010. Using the Defense Meteorological Satellite Program–derived time
series of nighttime light data and corresponding satellite-based land cover maps, our results show
that the geometric mean velocity of urban dispersal at the country level was 0.21 km¨yr´1 across
88.58 ˆ 103 km2 urbanizing areas, in which ~23% of areas originally made of natural and cultivated
lands were converted to artificial surfaces between 2000 and 2010. The speed of urbanization
varies among urban agglomerations and cities with different development stages and urban forms.
Particularly, the Yangtze River Delta conurbation shows the fastest (0.39 km¨ yr´1) and most extensive
(16.12 ˆ 103 km2) urban growth in China over the 10-year period. Moreover, if the current velocity
holds, our estimates suggest that an additional 13.29 ˆ 103 km2 in land area will be converted
to human-built features while high density socioeconomic activities across the current urbanizing
regions and urbanized areas will greatly increase from 52.44 ˆ 103 km2 in 2010 to 62.73 ˆ 103 km2

in China’s mainland during the next several decades. Our findings may provide potential insights
into the pace of urbanization in China, its impacts on land changes, and accompanying alterations in
environment and ecosystems in a spatially and temporally explicit manner.
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1. Introduction

As the nation’s economy continues to grow, China is experiencing a historically unprecedented
scale and pace of urbanization. Between 2000 and 2010, the percent of the population residing in
cities dramatically increased from 36.2% (0.46 billion) to 50.1% (0.66 billion) [1,2]. Based on the
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current trend, the proportion of urban population is projected to be ~76% by 2050, and 0.3 billion
more people will likely be added to China’s urban areas in the next several decades [3]. Meanwhile,
continuous rural-urban migration and urban expansion will drive the emergence of more megacities,
large cities and new cities [3]. Rapid urbanization usually leads to incremental changes and shifts
in environmental systems resulting from the rising demands of infrastructure construction, material
production, appropriation and consumption due to escalated human social and economic activities [4].
In the context of sustainable development and political decision-making, improved understanding
of the pace of urbanization across geographical ranges is therefore of crucial importance for spatially
tracking urban growth, land change, environmental shift and ecological responses to the propagation
of urban-related activities (i.e., population, socioeconomic status, buildings and infrastructures) [5–7].
Despite its importance, the spatial rate of urban growth in China has until now been much less
investigated, mainly owing to the limited capability of statistical data and land use maps for estimating
spatio-temporal dynamics of urban activities and the complexity of urbanization processes [8,9].

Satellite-derived observations of anthropogenic brightness at night have been universally regarded
as effective proxy measures of urban dynamics due to significant quantitative relationships between
nighttime lighting signals and demographic and socioeconomic variables in relation to urbanization
processes at local, regional and national scales [10–13]. In comparison with statistical data and land use
maps, continuous surveys of nighttime lights can provide consistent and spatially explicit information
regarding human activities and urban development [14–16]. Most previous works were dedicated
to studying quantitative responses of artificial nighttime radiances to corresponding socioeconomic
variables within given administrative units and obtaining general estimates for urbanization patterns
and trends. The spatio-temporal spreads of nighttime lights, while closely related to the expansions
of high density human settlements and crucial for expanding our understanding of urbanization
processes, have received much less attention. Recent efforts suggest that long-term observations
of spatial distributions and fluctuations in artificial nighttime radiances could enable us to track
the pace of urbanization in a spatially and temporally explicit manner [17–19]. Hence, the primary
objective of this paper is to develop a nighttime light-based index of the velocity of urbanization.
This quantitative index is derived from the pixel-level ratio of temporal trend and spatial gradient of
mean annual stable nighttime radiances. We use the index of the velocity of urbanization to estimate
the spatial propagation rate of high density demographic and socioeconomic activities during the
rapid and remarkable urbanization process in China and its impacts on land use change for the period
of 2000–2010. In this study, we investigate the velocity of urbanization and subsequent land use change
at three different levels: country, conurbation and city, in order to obtain understanding of multi-scale
urbanization processes in China. Moreover, velocity-based predictions of urban growth are carried
out for extra-large and large cities to demonstrate the potential application of the index of velocity in
urbanization studies.

2. Materials and Methods

2.1. Nighttime Luminosity Data

Annual cloud-free composited stable nighttime light (NTL) imagery obtained by the Defense
Meteorological Satellite Program (DMSP) [20] was used to investigate the urban growth in China
from 2000 to 2010. DMSP data consist of 30 ˆ 30 arc-seconds (approximately 1 ˆ 1 km at the
equator) gridded cell-based nocturnal luminosity ranging from 0 to 63. DMSP nighttime light
imagery spanning 1994–2013 were separately collected by five sensors: F12 (1994–1999), F14
(2000–2003), F15 (2000–2007), F16 (2004–2009) and F18 (2010–2013). To improve the accuracy
and precision of our urbanization assessment, we performed the following operations: First, to
reduce inter-annual variations and response variations among different sensors, we employed a
second-order regression method to inter-calibrate DMSP data with respect to the 1999 F12 composite
(according to Elvidge et al. [21,22]). The annual composites which showed the best fitting regression
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in inter-calibration were then assembled into a time series of nighttime light data for subsequent
analyses. Second, maximum correlation analyses were employed to detect the pixel shift between
different images for inter-correcting geo-location biases of DMSP data [23]. A sample region (spatially
ranged from 51.61N to 51.73N and from 124.29E to 124.48E) covering Xinlin City, with no conspicuous
increases in urban extent and population over the past decade according to land use maps and
population census data, was chosen to obtain estimates for relative shifts of pixels to match the
1999 F12 image to maintain consistency with the inter-calibration of radiance [22]. All target DMSP
images were geo-corrected based upon the estimated relative pixel shifts. Third, MODIS (Moderate
Resolution Imaging Spectroradiometer) derived monthly average normalized difference vegetation
indices (NDVI) (July through September) were applied to adjust corresponding nighttime light values
through calculating (1-NDVI) ˆNTL at the pixel level to reduce the saturation effect and to enhance
inter-urban variability of DMSP nighttime light radiances [24]. Finally, we used a locally weighted
scatter plot smoothing algorithm [25] to further eliminate inter-annual fluctuations and noise within
the NTL time series at the pixel level to obtain clearer trends in long-term observations of artificial
nighttime lights.

2.2. The Calculation of the Velocity of Urbanization

Closely akin to the index of instantaneous horizontal velocity of temperature change proposed by
Loarie et al. [26], the nighttime light-derived velocity of urbanization Vurban (km¨yr´1) is defined as
the ratio of the rate of nighttime luminosity through time Ttrend (NTL¨ yr´1) and the spatial gradient of
mean annual stable nighttime light at that location Gspatial (NTL¨km´1):

Vurban “
Ttrend

Gspatial
(1)

We used a linear regression model to calculate the temporal trend in the time series of nighttime
light Ttrend from 2000 to 2010:

NTLt “ Intercept` Ttrend ˆ t pt “ 2000, ¨ ¨ ¨ , 2010q (2)

where NTLt stands for the NTL value in year t. Linear least-squares estimation was used to estimate
Ttrend with a two-tailed t-test for statistical significance testing:

Ttrend “

2010
ř

t“2000
pt´ taveqpNTLt ´ NTLaveq

2010
ř

t“2000
pt´ taveq

2
(3)

where NTLave and tave are the mean value of the NTL series and year, respectively. As illustrated in
Figure 1, spatial gradients of nighttime light Gspatial were estimated from the map of mean annual
DSMP radiance data using the average maximum technique (typically used in the calculation of terrain
slope and aspect [27]) based on a 3 ˆ 3 grid cell neighborhood:

Gspatial “

b

rdNTL{dxs2 ` rdNTL{dys2 (4)

rdNTL{dxs “ rpNTL2 ` 2NTL5 ` NTL8q ´ pNTL0 ` 2NTL3 ` NTL6qs{p8ˆ xsizeq
rdNTL{dys “ rpNTL6 ` 2NTL7 ` NTL8q ´ pNTL0 ` 2NTL1 ` NTL2qs{p8ˆ ysizeq

(5)

The velocity of urbanization, at which rising artificial nighttime radiances closely related to
intensifying demographic and socioeconomic activities tend to diffuse in geographical space, yields
quantitative estimates for both the spatial rate and direction of urban activity displacement. To decrease
the incidence of minor and infinite speeds, caused by slight temporal trends and spatial gradients,
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respectively, only grid cells with significant positive trend (p > 0.05) and conspicuous spatial gradient
(ě1 digital number) were taken into account. In addition, to reduce the effects of distortions in distance
and area under the WGS84 geographic coordinate reference system, we applied the great circle distance
and the ellipsoid trapezoid area to calculate the size and the area of DMSP pixels, respectively.
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2.3. Land Use and Socioeconomic Data

Land cover data of China (named ChinaCover) were used to investigate the responses of land
use dynamics to synchronously increasing urban activities. The primary objective of the ChinaCover
land use product is to facilitate understanding of anthropogenic land use changes and environmental
consequences in China between 2000 and 2010 [28]. ChinaCover data were produced from 30 m
Landsat imagery (for 2000) and 30 m HJ-1 data (for 2010), respectively, through the association of
knowledge-based visual interpretation and object-oriented automatic classification technology [28].
The classification scheme of ChinaCover includes six classes and 39 subclasses of lands: 13 subclasses of
forest and shrub lands, four subclasses of grass lands, seven subclasses of wet lands, two subclasses of
croplands, four subclasses of artificial lands and nine subclasses of desert and bare lands. Classification
results and accuracy have been verified by field investigations [28].

Gridded population data and a density map of POIs (points of interest, mainly consisting of
residential areas, restaurants, hotels, traffic stations, entertainment, public utilities and commercial
service sites) with spatial resolution of 30 ˆ 30 arc-seconds were used to identify nighttime lighting
areas with conspicuous human activity. A population map was produced from population census data
in 2010 by a dasymetric mapping method in which county-level census counts were disaggregated
to gridded cells according to probability coefficients, jointly estimated from terrain, land cover,
road proximity and residential areas which may have distinct influences on the distribution of
ambient population (detailed descriptions and explanations regarding the method can be found
in Dobson et al. [29]). For generating the gridded density map of POIs, we first counted the number
of POIs contained within each gridded cell. Second, we used Gaussian kernel to locally smooth the
density of POI counts assuming spatial continuity in human activities. Based upon these two gridded
maps, DMSP nighttime light pixels in which no POIs or population have been identified were excluded
from subsequent analysis.

3. Results and Discussions

3.1. Spatial Features of the Velocity Map of Urbanization

As exemplified by cities in the Yangtze River Delta (Figure 2), mapping the velocity of urbanization
allows us to portray the spatio-temporal evolution and pattern of urban expansion through measuring
the dispersal of artificial nighttime light signals. As demonstrated in Figure 2c,d, rapid increases
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in nighttime lights generally occurred in the initial peri-urban and urban-rural transition zones
which gradually evolved to developed areas with continuously enhanced socioeconomic activities.
Conversely, no significant velocity was detected in the original central urban areas which typically
showed consistently high nighttime light radiances and flat spatial gradients. Thus, using the velocity
map of urbanization, we could spatially partition a given city region into two different types according
to nighttime light dynamics: (1) urbanizing areas with significantly enhanced artificial radiances
since 2000 and (2) urbanized areas with relatively high and stable nocturnal brightness, generally
being local central areas and those closely connected to high density population and human-built
features in comparison to contiguous urbanizing areas (Figure 2e). Moreover, the geographical
distribution of nighttime lights typically reveals a radial outward movement of relatively intensive
urban activities, with gradual spatial dispersal and emergence of artificial surfaces geographically
along the center-to-periphery gradient (Figure 2e). The index of the velocity of urbanization therefore
enables us to investigate how fast urban activities expanded in geographical space, with concurrent
land use change (Figure 2f).
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3.2. The Velocity of Urbanization for China’s Urban Areas 
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Figure 2. Illustrations of the index of the velocity of urbanization for cities in the Yangtze River Delta.
Solid dots represent the local centers of cities. (a) Mean annual nighttime stable lights for the period
of 2000–2010; (b) long-term linear trends in nighttime lights; (c) the spatial gradient of mean annual
nighttime lights; (d) the velocity of nighttime light change; (e) the speed and direction of nighttime light
change for Changzhou City, in which the central gray region indicates the developed area surrounded
by developing areas and (f) artificial surface change between 2000 and 2010.

3.2. The Velocity of Urbanization for China’s Urban Areas

Nationwide estimates reveal that marked dispersals of urban activities have occurred
on 88.58 ˆ 103 km2 of land surface with a geometric mean velocity of 0.21 km¨yr´1 around
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20.53 ˆ 103 km2 developed areas. (The geometric mean is used throughout due to skewed
distributions of the velocity.) Figure 3 shows the distribution of the velocity of urbanization by land
area of major and smaller cities. Fifty-nine percent of land area was within 251 major cities (defined as
having at least 0.2 million inhabitants inside the city’s administrative districts in 2010 and having a
significant velocity of urbanization). Major cities have an above-average velocity of urbanization with
a mean speed of 0.22 km¨yr´1. Around 14.97 ˆ 103 km2 of urbanized area was within those major
cities. Comparatively, even though starting from only 5.56 ˆ 103 km2 in built-up area, small cities,
new cities and towns in total account for a considerable proportion (41%) of urbanizing areas with a
corresponding mean velocity of 0.19 km¨yr´1. The proportion of China’s urban population in small
cities and towns increased markedly from 16% in 2000 to 30% in 2010 [1,2], most likely resulting from
locally rising rural-urban migration promoted by institutional changes and small-town construction.
These results imply a significant urban growth in small cities and towns comparable to that in larger
cities over the past decade in China.
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3.3. The Velocity of Urbanization in Urban Agglomerations and Cities

Urban agglomeration, generally linked to the term of conurbation, is defined as a large urban
cluster where the urban areas of distinct cities are spatially connected by continuous built-up
development. Urban agglomeration plays a crucial role in China’s urbanization due to the increasing
importance of both regional development and environmental impacts [30]. Our estimates show
various magnitudes and velocities of urbanization among the 10 largest conurbations from 2000 to
2010 (Figure 4). The largest and fastest growing urban regions appeared in the Yangtze River.

Delta conurbation has a high velocity of 0.39 km¨yr´1 on 16.63 ˆ 103 km2 of land. Urban
agglomerations in Jing-Jin-Ji and the Pearl River Delta also exhibit sizeable urbanization dispersals:
over 9.26 ˆ 103 km2 with 0.17 km¨ yr´1 and 7.88 ˆ 103 km2 with 0.22 km¨ yr´1, respectively. Moreover,
although the urbanizing areas are similar, the urbanization velocities in western urban agglomerations,
including Central Shaanxi Plain (0.23 km¨yr´1) and Sichuan-Chongqing (0.27 km¨yr´1), are
conspicuously higher than in central urban agglomerations (Central Plains and Middle Reaches
of Yangtze River, 0.19 km¨ yr´1 and 0.17 km¨ yr´1, respectively), and two eastern urban agglomerations
(Liaodong Peninsula and Shandong Peninsula, 0.15 km¨ yr´1 and 0.18 km¨ yr´1, respectively), driven
by the performance of the western region development strategy since 2001 [31].

Estimations at the city level suggest that China’s major cities varied in speed of urbanization and
growth in urbanizing areas from 2000 to 2010 (Figure 5). The high mean speed of urbanization has
been found in Changzhou (0.69 km¨yr´1), Wuxin (0.64 km¨yr´1) and Suzhou (0.63 km¨yr´1), with
relatively moderate urbanizing area: 0.74 ˆ 103 km2, 0.81 ˆ 103 km2 and 0.93 ˆ 103 km2, respectively.
The fact that these three cities are located within the Yangtze River Delta further indicates that this
region had the fastest urbanization process in China from 2000 to 2010, and was a component of
that regional process. Comparatively, although having a similar urbanizing area and larger current
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urban population than in the Yangtze River Delta (except Shanghai), cities in the Pearl River Delta
(for instance, Shenzhen and Dongguan, with speeds of 0.12 km¨ yr´1 and 0.17 km¨ yr´1, respectively)
typically show a lower velocity of urbanization over the past decade. This result could indicate that
notable urbanization processes have occurred before 2000 in the Pearl River Delta region. Moreover,
megacities, including Beijing (0.20 km¨yr´1), Shanghai (0.43 km¨yr´1), Guangzhou (0.28 km¨yr´1)
and Tianjin (0.25 km¨yr´1) generally show medium velocities but with larger urbanizing land area:
2.11 ˆ 103 km2, 2.92 ˆ 103 km2, 1.55 ˆ 103 km2 and 1.76 ˆ 103 km2, respectively. This implies
continuous and consistent urban growth in China’s extra-large cities.
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3.4. Land Use Changes during Urbanization

During urban expansion, increases in artificial surfaces and changes in land use patterns could
bring a wide array of environmental problems and impose a considerable challenge for the conservation
of resources and sustainable development [5,7]. Associating the map of velocity of urbanization with
30 m resolution land cover images, we investigated the response of land use and land cover dynamics to
simultaneous urban growth between 2000 and 2010 in China. As mentioned above, every DMSP pixel
covers approximately 900 ChinaCover pixels. Thus, we can examine the conversion proportion of land
cover to artificial surfaces for a given DMSP pixel with estimated urbanization speed. Figure 6 shows
the significant positive linear relationship (with a two-tailed t-test, p < 0.001) between the proportion
of land cover converted to artificial surfaces and the mean speed of urbanization for vigintiles of the
velocity summarized from pixel level within China’s cities. This result suggests that faster dispersal of
urban activities might lead to greater land use conversion to urban impervious surfaces.
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Figure 6. The pixel-level relationship between the conversion proportion of land cover to artificial
surfaces and the median of individual vigintiles of the speed of urbanization. One vigintile means
5% of all pixels. The 25th–75th percentile for individual vigintiles are presented in boxplots. The red
dashed line represents the linear fit.

Circular plots (shown in Figure 7, referring to Abel and Sander, [32]) illustrate different types of
land use conversions for urbanizing areas identified as having conspicuously growing and spreading
urban activities over the past decade based on the velocity of urbanization. In all urbanizing lands
of China’s cities and towns (Figure 7a), artificial surfaces have grown greatly from 32.32 ˆ 103 km2

to 46.56 ˆ 103 km2, most of which (84%, 11.99 km2 of total 14.24 km2) was converted from cropland
(including irrigated and dryland) owing to prime quality for construction purposes and proximity to
the urban area. Nearly 28% (11.99 km2 of total 42.04 km2) of China’s cropland has been lost since 2000
due to urban growth. Croplands have also contributed to substantial percent increases in artificial areas
within 251 major cities (83%, 7.69 km2 of total 9.21 km2) (Figure 7b) and most urban agglomerations,
particularly in the Shandong Peninsula (98%, 1.02 km2 of total 1.04 km2) (Figure 7h) and the Central
Shaanxi Plain (97%, 0.33 km2 of total 0.34 km2) (Figure 7l). Furthermore, sizable proportions of
growing artificial surfaces have likely been contributed by former wetland in the Pearl River Delta
(21%, 0.21 km2 of total 1.02 km2) (Figure 7e), the Middle Reaches of the Yangtze River (16%, 0.07 km2 of
total 0.43 km2) (Figure 7j) and former forest and shrubland in the West Side of the Straits (50%, 0.19 km2

of total 0.38 km2) (Figure 7g), the Pearl River Delta (22%, 0.18 km2 of total 0.81 km2) (Figure 7e) and
Sichuan-Chongqing (16%, 0.10 km2 of total 0.63 km2) (Figure 7k).
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3.5. Prediction of Urban Growth

Based upon geographic distribution of the velocity of urbanization, we can further explore
two major issues for individual cities: (1) how long does it take urban activities similar to those in
central urbanized areas before 2000 to cover adjacent urbanizing areas? Additionally; (2) how many
intensively urbanized areas will emerge along with urban expansion based on the current velocity?
To answer these questions, we calculated spread times and spread areas under the assumption of a
ring-shaped expansion of urban growth around the central developed areas (as shown in Figure 8a).
Figure 8b exhibits the estimated spread times and spread areas for 16 extra-large (>10 million urban
population according to 2010 census data) and large (5–10 million urban population) cities. For those
newly urbanizing areas (after 2000), high density urban activities generally require longer spread
times to expand across the entire periphery in megacities (45 ˘ 14 yrs, mean ˘ 1 sd) than those
of large cities (37 ˘ 11 yrs). Similarly, owing to differences in the size of urbanizing areas and the
velocity, the rate of increases in expanding areas substantially varies among cities on the order of
0.35–50.39 km2¨yr´1. Particularly, Shanghai (68 km2¨ yr´1) and Suzhou (47 km2¨ yr´1) had the fastest
increases and Shanghai (3.69 ˆ 103 km2), Beijing (3.26 ˆ 103 km2) and Tianjin (2.09 ˆ 103 km2) showed
the most notable expansion of intensively urbanized areas. Furthermore, if the current trend and
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velocity of urbanization holds, sizeable conversions of land use from agricultural and natural lands to
human-built features will continuously increase in the next several decades. Our estimates indicate
that nearly 13.29 ˆ 103 km2 of land in China will be converted to artificial surfaces, most likely derived
from cropland, while the proportion of human built-up areas in urban regions will increase from a
current 52% (the mean proportion in urbanizing areas of all cities and towns) to 67% (the average
percent in the urbanized areas). This result also indicates an increasing threat to cultivated land
reservations due to the preference for cultivated lands during urban land expansions.
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4. Conclusions

Continuous observations of anthropogenic nighttime light signals, which are closely correlated
with population and socioeconomic dynamics in urban areas, provide timely and spatially explicit
metrics of urbanization processes. Based upon a time series of satellite-derived nocturnal luminosity
data, we developed a new index of the velocity of urbanization through calculating the pixel-level
ratio of temporal gradients and spatial gradients of nighttime brightness to investigate the spatial
growth of urban activities in China from 2000 to 2010. Our method provides quantitative measures for
assessing the speed of urban growth at multiple levels and its variations among urban agglomerations
and cities in China over the decade.

Our findings also indicate that the index of the velocity of urbanization encompassing both speed
and direction can provide a spatially explicit and consistent measure for studying the expansion
of urban areas through estimating how fast they grow and how they geographically expand.
Moreover, the combination of the geographic pattern of velocity of urbanization and the pattern
of land use change that reveals radially outward expansions of high density urban activities across
developing areas and the accompanying emergence of human-built surfaces can further improve
our understanding of spatio-temporal dynamics of urban processes and the resulting land cover
change. Hence, with the assistance of the velocity of urbanization, we can make projections of future
urban expansion and underlying conversions of coupled human and natural landscapes to fully
human-dominated urbanscapes.
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In addition, the measured velocity of urbanization could potentially generate estimates
and predictions for environmental and ecological responses to aggravated human disturbances
during urban expansion. A few but notable observations commonly show geographically explicit
consequences of accelerating urban growth in China’s cities: for instance, spatially shrinking and
fragmentizing lake wetlands within Wuhan [33], gradually disappearing mangrove swamps with the
expansion of urban areas to the shoreline in Shenzhen [34], changes in nest features of Magpies along
the urban-rural gradient in Hangzhou [35], human settlement density-related fluctuations in baseline
hormone levels in Beijing [36], decreased macroinvertebrate richness in stream habitats in relation
to urban development level in the Qiantang River [37], and altered surface albedo owing to rapid
urbanization [38]. All these observed changes and shifts seem to geographically coincide well with the
dispersal of urban activities. Hence, urban planning and management decision-making concerning
resource preservation and ecological sustainability should take the spatial rate of urban expansion
and subsequent environmental changes into account to meet the challenges of rapid and substantial
urbanization progress in present-day China. Further studies on the relationships between the velocity
of urbanization and gradients of change in the environment and ecosystems are required in order to
expand our knowledge of the urbanization process and its consequences.
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