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Abstract: Nighttime light (NTL) images provide uniform, consistent, and valuable data
sources. Based on four reference regions, the NTL imagery of China was fully intercalibrated
during the period 1992–2012. Using lit areas and the intensity of NTL imagery, this study
synthetically analyzed the urbanization process and rural transition in China. The results
showed that, over the whole country, the pixel numbers of urban areas increased by 173%
from 1992 to 2012. During the 2000s, urban areas expanded much more quickly than during
the 1990s. Urban growth varied greatly across the four regions, which could be pictured
using the flying-geese paradigm. In the 1990s, East China experienced the most rapid rate
of growth, while a decade later Middle China had the highest growth rate. NTL imagery can
also be used to describe changes in rural human activities if the imagery is corrected using
completely dark rural pixels. In China, because of the massive rural-urban migration, some
marginal regions experienced a decrease in nighttime light intensity (NTLI) and rural areas
went through a period of transition.
Keywords: China; full intercalibration; nighttime light image; rural transition; urban growth

1. Introduction
The world is becoming an urbanized society; at present, around 54% of the world’s population lives
in urban areas. Projections show that another 2.5 billion people will be added to urban populations by
2050, with about 90% of the increase concentrated in Asia and Africa [1]. A large proportion of the new
population has migrated from rural areas [2]; the proportion approaches 40%–50%, according to a survey
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by the United Nations of 29 developing countries [3]. The massive rural-urban migration may cause a
recession in rural human activities and rural socio-economic transitions [4–6].
To picture the distribution and changes in human activities, various data and methods have been
adopted [7], such as using remote sensing to map urban spatial extent, and using censuses, and
socio-economic or investigation data to describe the temporal-spatial differences of rural-urban
migration [8–10]. The Defense Meteorological Satellite Program (DMSP) and Operational Linescan
System (OLS) have provided uniform and valuable data sources [11], which have been widely used for
investigating urban growth [12–17], economic development [12–15,18], energy consumption [19,20],
population density [21], and urban transition [22]. The DMSP/OLS data covered an extended period
from 1992 to the present [23]; this made possible the continuous identification of human activities in
urban areas.
China has been experiencing rapid urbanization created by history’s largest flow of rural-urban
migration in the world [10]. From 1990 to 2010, the urban population increased from 0.30 billion to
0.71 billion, while the rural population decreased from 0.85 billion to 0.64 billion [24]. Internal migration
maintained its pattern of strongly favoring major coastal regions, and to a lesser degree, the far west [24].
In contrast, a number of inland provinces, notably Sichuan and Chongqing, recorded actual population
decline in the 2000s [25]. The massive migration of population, especially migration from rural to urban
areas, has been part and parcel of the tremendous economic and social transformation over the past two
decades [5]. Thus, accurate knowledge of the size and spatial distribution of the urban population has
been useful for understanding many social and political processes and phenomena [26]. However, in
China, it is very difficult to obtain consistent and comparable population data, due to changes in statistical
criteria. Recently, some authors have used DMSP/OLS data to delineate urban dynamics in China [27–30],
since the data is consistent and comparable. Ma et al. (2012) quantified the long-term relationships
between weighted lit areas and population, gross domestic product (GDP), built-up areas, and electric
power consumption in China [29]. Ma et al. (2014) subsequently examined the regional differences in
urban impervious surface growth in China from 1992 to 2009 [28].
As mentioned above, previous studies have proved that nighttime light imagery provides valuable data
for picturing the extent of human settlements and city size [26]. However, most of these studies mainly
use lit areas of nighttime light (NTL) imagery to estimate urban growth, and the NTLI is often ignored.
As an accompaniment to the rapid urbanization in many countries, rural areas may undergo a recession
in human activities, due to massive migration to urban areas [31]. Few existing studies, however, use
DMSP/OLS data to measure the changes in NILI (nighttime light intensity) in rural areas. Therefore this
study focused on the process of urban growth, and the decrease in NILI in rural areas of China by
synthetically using lit areas and the NTLI of imagery. The same method can be used to rapidly picture
changes in urban and rural development in other developing countries that are also experiencing
urbanization and a decrease in rural human activities.
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2. Data and Methods
2.1. Land Use and NTL Data Sources
In this study, land-use data with a spatial resolution of 30 m in 2000, was interpreted from the Landsat
Thematic Mapper (TM) remotely sensed data, which was provided by the Resources and Environment
Data Center of the Chinese Academy of Science (EDC-CAS). These data were produced through visual
interpretation of Landsat TM images. The random sample check showed that average interpretation
accuracy for land-use/land-cover was more than 92% [32].
The NTL data from 1992 to 2012, with 30 arc second grids in the Version 4 DMSP-OLS nighttime
light time series dataset, were downloaded from the NGDC [33]; the data were acquired by six DMSP
satellites: F10, F12, F14, F15, F16, and F18. A number of constraints were used to select the highest
quality data for entry into the composites. For instance, sunlit and moonlit data, and lighting features
from the aurora were excluded. In addition, observations that included clouds were excluded.
2.2. Intercalibration
The OLS had no on-board calibration. To reduce the differences between sensors and improve
comparability of the NTL data for different years, the individual composites had to be cross-calibrated
carefully via an empirical procedure [23,34,35]. In the existing literature, the NTL data were often
intercalibrated using the method of Elvidge et al. [35] by applying the second order regression model
in Equation (1):

DN adjusted = C0 + C1 × DN + C2 × DN 2

(1)

where DNadjusted is the adjusted DN and C0, C1 and C2 are coefficients.
The NTLI was coded in a grid format as six-bit digital number (DN) values which range from 0 to
63. Because the data from satellite year F12 in 1997 had medium digital values in China, this year was
used as the reference, and the data from all other satellite years were adjusted to match the F12 1997
data range using Equation (1).
In the existing literature, there are several methods for selecting reference pixels (“no change” areas)
for convenient use of the intercalibration model. Many studies use urban areas with stable nighttime
lights as reference regions [34,36], because the DMSP images in these areas have signal saturation. In
addition, some small cities with very low rates of urban growth were also selected as reference regions,
such as Jixi city in the Heilongjiang provinces of Northeast China [27]. Lastly, because one of the aims
of this study was to picture rural transition, the reference pixels needed to contain a full range of DN
values, from completely dark rural pixels to fully saturated urban ones, which were lit at a constant
brightness throughout the period [34].
Thus, the following four reference regions were selected which represented the three kinds of reference
pixels. First, the central part of Beijing represented urban areas with signal saturation. Second, Jixi and
Tumen, two medium-size cities in Heilongjiang province that developed very slowly over the last two
decades [27], were regarded as stable regions with a very low urban growth rate (Figures 1 and 2). Third,
an area in the Taklimakan desert of Xinjiang was selected as a completely dark rural region, in which
there was no human activity (Figures 1 and 2D). In addition, according to the regression method, the
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outliers (the pixels with a change rate of over 50%) were viewed as suspected changed pixels and were
discarded [34,36]. Therefore, using the F12 from 1997 as a reference image, a second order regression
model was developed for each satellite year to calculate C0, C1 and C2 coefficients in Equation (1) (Table 1).

Figure 1. Regional division and administrative boundaries in China. Mainland China is
commonly divided into four regions: East China, Middle China, West China, and Northeast
China. In China, East China is the most developed region, and some large cities are located
in this region, such as Beijing, Shanghai, Guangzhou, Shenzhen, Tianjin, Qingdao, and Nanjing.
Table 1. Coefficients for the intercalibration of the annual nighttime lights products.
Satellite
F10
F10
F10
F12
F12
F12
F12
F12
F14
F14
F14

Year
1992
1993
1994
1995
1996
1997
1998
1999
2000
2001
2002

C0
−0.1468
−0.8466
−0.6505
0.3861
0.0963
0.6539
0.6538
1.1476
0.7473
0.8743

C1
1.1493
1.4270
1.3473
1.0602
1.0813
0.8154
0.9853
1.0250
1.1726
1.2963

C2
−0.0023
−0.0065
−0.0053
−0.0010
−0.0013
0.0027
0.0000
−0.0006
−0.0030
−0.0051

R2
0.9783
0.9877
0.9882
0.9906
0.9924
0.9954
0.9881
0.9892
0.9828
0.9879
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Table 1. Cont.

Satellite
F14
F14
F15
F15
F16
F16
F16
F18
F18
F18

Year
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012

C0
0.8958
0.7628
0.4330
1.3578
1.8094
1.4156
2.5110
2.2363
1.8494
2.8175

C1
1.5372
1.4563
1.4564
1.3234
1.0031
0.9678
0.5976
0.3625
0.6240
0.3409

C2
−0.0089
−0.0075
−0.0074
−0.0056
−0.0007
0.0000
0.0055
0.0090
0.0051
0.0090

(A)

(B)

(C)

(D)

R2
0.9771
0.9923
0.9838
0.9727
0.9684
0.9850
0.9756
0.9674
0.9690
0.9523

Figure 2. Four reference regions of China for the intercalibration model. (A) Jixi city in
Heilongjiang province in Northeast China; (B) Tumen city in Heilongjiang province in
Northeast China; (C) Beijing city center; (D) Taklimakan desert in Xinjiang.

2.3. Method for Extraction of Urban Areas for Different Tier Cities
There is a close relationship between city size and NTLI [30]. To examine the relationship, this study
overlaid the urban land use map and the nighttime light image of 2000. The urban land use map was
interpreted from TM images. In this way, the average DN value for each city was regarded as its NTLI
and obtained through ArcGIS software provided by Environmental Systems Research Institute of the
United States. NTLI can be calculated using Equation (2):
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Intensityi =

n
1
× ∑ Pixelin
n n =1

(2)

Here, Intensityi is the NTLI of city i. Pixelin is the value of DN of the nth pixel of city i. Thus, by
analyzing the relationship between city size and the corresponding NTLI in China, the urban area for
different sized cities can be extracted from NTL imagery.
In addition, a logarithm function is used to describe the relationship between city size and the
corresponding NTLI, since the relationship is nonlinear and is best described by this function [23].
3. Results and Discussion
3.1. Growth of Urban Areas with Different DN Values
Using Equation (2), NTLI of each city was calculated for the year 2000. The relationship between city
size and the corresponding NTLI in China could be described by a logarithm function and R2 was about
0.65 (Figure 3). With an increasing size of urban built-up area, the NTLI value increased. On the basis
of this relationship, lit areas can be divided into three classifications (Table 2): urban area, transition zone,
and remote rural area. In this study, the term “remote rural areas” referred to those areas with a DN value
under 4, as this threshold value will exclude most large rural settlements. In addition, this study regarded
regions with a DN value of over 15 as an urban area, since the total area of these regions equaled the urban
built-up area obtained from land-use data interpreted from TM data provided by EDC-CAS in 2000.
This was similar to a previous study in which lit areas in China with DN values over 12 were regarded
as urban areas [29]. In addition, urban built-up areas from land use maps can be divided into four
classifications (Table 2), and their corresponding average DN values can be calculated (Table 2).

Figure 3. The relationship between city size (measured as urban built-up area interpreted
from TM image) and the corresponding NTLI in China in 2000.
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Table 2. The division of NTLI (DN value) and changes in NTLI from the sub-period
(1992–1994) to the sub-period (2010–2012).
Land Use
Types

DN Value

Remote rural
area
Transitional
zone

Urban area

Urban Built Area
Classification (km2)

Increase Rate (%)
China as a
Whole

Northeast
China

Middle
China

East
China

West
China

DN < 4

−3

−3

−6

−14

−1

4 ≤ DN < 15

47

19

59

31

94

15 ≤ DN < 30
30 ≤ DN < 45

2–5
5–20

95
188

42
103

97
211

80
208

154
184

45 ≤ DN < 52

20–50

284

164

283

343

221

DN > 53

≥ 50

428

349

454

534

288

Note: In every sub-period, NTLI is the average DN value of three years. Transitional zone refers to rural-urban transitional
zones and some small towns.

Over the whole country, urban areas increased rapidly (Figures 4) and the pixel numbers of urban
areas increased by 173% during the study period (Figure 4). To examine the temporal changes in lit
areas, the study period was divided into seven sub-periods of three years (Figure 4). In the 1990s,
the growth rate of urban areas was slower than that of the 2000s. From the first sub-period (1992–1994)
to the third sub-period (1998–2000), urban areas increased by 25%, while the corresponding rate was
119% from the third period to the seventh sub-period (2010–2012; Figure 4). This was similar to the
previous results based on TM data [37], which also suggested that, in the 2000s, built-up area growth
was much faster than in the 1990s.
Urban areas with a DN of more than 52 increased by 428%, which was the most rapid increase among
the four classifications of urban areas (Table 2 and Figure 4). By contrast, urban areas with a DN between
15 and 30 only increased by 95%. Thus, in the larger cities, urban areas expanded more quickly (Figure 4).
The faster growth of large areas was mainly a result of population growth. In China, during the period
1990–2010, the population of cities with over 5 million inhabitants increased by 764%, while the
corresponding percentage for cities with populations less than 50 thousand was only 56%, according to
data provided by Department of Economics and Social Affairs, United Nations [1].
3.2. Regional Differences in Urban Growth and the Flying-Geese Paradigm
Traditionally, mainland China is divided into four parts: East China, Middle China, Northeast China,
and West China (Figure 1). To examine spatial differences in urban dynamics, this study examined urban
growth in the four regions. First, in East China, the most developed region of the country, from the first
sub-period to the third period, urban areas had the fastest growth rate (34%) among the four regions.
Furthermore, urban growth was mainly concentrated in large cities with a DN value over 52 (Figure 4
and Table 2).
Second, in Middle China, urban areas increased rapidly in the 2000s. In the 1990s, Middle China had
a very low rate of economic growth and urban expansion, which was lower than in East China and West
China (Figure 4). Urban areas only increased by 14% from the first sub-period (1992–1994) to the third
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sub-period (1998–2000). However, from the third period to the seventh period (2010–2012), urban areas
increased by 126%. This confirmed previous projections. Some authors projected that Middle China
would experience a significant increase in residential and industrial land after 2000, since urban land
expanded very slowly in the 1990s [38,39]. This growth was closely related to the Rise of the Central
China Plan, a development strategy to coordinate regional growth in Middle China, which started in
2004 [40].

Figure 4. The changes in distribution of different types of lit areas in China from the first
sub-period (1992–1994) to the seventh sub-period (2010–2012). The whole period was
divided into seven sub-periods. In this figure, the lowest value of the vertical axis for East
China is 70%, while the value for the rest is 86%.
Third, West China had a very high growth rate throughout period studied. In the last two decades,
urban areas increased by 186%, the highest, after East China, in the four regions. In 2000, the State
Council of China launched the Western Development Strategy, which called for the central government
to invest in infrastructure construction and natural resource exploitation, and set up market liberalization
policies to create regional economic development centers [40]. This effectively solved the problems of
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the weak industrial base and poor transportation and was of great benefit to the economic development
of these regions.
Fourth, northeast China had the lowest growth rate of the four regions. Urban areas increased by
101% over the last two decades, which was much lower than the average for the country as a whole
(173%). In particular, from the first sub-period to the third sub-period, urban areas only increased by
5%. By contrast, remote rural areas increased, due to the serious recession in resource-based cities
(Figure 4). In 2003, to rejuvenate industrial bases in Northeast China, the central government of China
adopted a Northeast China Revitalization policy, which promoted economic development and urban
growth in Northeast China.
In China, the regional differences in the growth of urban areas can be pictured by the flying-geese
paradigm. This paradigm has become well known as a means of explaining rapid economic growth in
East Asia [41]. The paradigm predominantly features the following processes: developed countries/regions
go through industrial upgrading, and foreign direct investment flows from developed countries/regions
to developing countries in an open-economy context, due to comparative advantages regarding labor
cost and land rent [42]. Furthermore, China is a country with a vast territory. Foreign direct investment,
economic development, and urbanization also underwent a similar process to that of the flying-geese
paradigm. In the 1990s, East China was the most developed region and had the fastest growth rate.
However, in the 2000s, the growth rate of urban areas was lower than in Middle China and West China,
which entered a stage of accelerated urbanization.
3.3. Rural Transition
Rural transition has been studied from many angles, including rural housing transition, rural land use
transition, and rural dependencies [43,44]. Because lit areas and the NTLI of imagery have close relationships
with human phenomena, such as population density, GDP, and electric power consumption [26,28,29].
This study focused on two aspects: changes in the extent of remote rural areas, and changes in NTLI in
remote rural areas (Figure 5). First, from the first sub-period to the fifth sub-period, the extent of remote
rural areas in China with a DN value of less than four rapidly decreased due to the expansion in human
activities such as urbanization, industrialization, and population growth (Figure 4). However, in the
2000s, changes in remote rural areas in China underwent a significant transition in some regions. During
the last two sub-periods (2007–2012), the extent of remote rural areas stopped decreasing at the national
rate. In East China, in the 2000s, the extent of remote rural areas even showed a tendency to increase.
Rural transition in this region was noticeable. In Middle China and Northeast China, the extent of remote
rural areas also stopped decreasing during the last two sub-periods. Second, in some remote areas,
nightlight intensity became noticeably weaker, especially in the northwestern part of Xinjiang, the eastern
part of Inner Mongolia, and in the rural areas of Sichuan and Guizhou (Figures 1 and 5). This transition
largely resulted from a decrease in the rural population. In China, due to rural-urban migration, the rural
population decreased by 16.5%, from 0.81 billion in 2000 to 0.67 million in 2010, according to the data
provided by the sixth national census [45]. In the remote rural areas, population density was very low
because of meager natural resources and a poor basic infrastructure. Some villages in these regions
therefore disappeared, because of spontaneous migration or migration determined by government policy.
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According to the sixth census data the rural population in these regions also decreased significantly. For
instance, in Nenjiang county in Heilongjiang, the rural population decreased by 31% in the 2000s.

Figure 5. The changes of NTLI from 2000 to 2010. Note: NTLI 2000 and 2010 refer to
the average DN values of the years 1999, 2000, and 2001, and the years 2009, 2010, and
2011, respectively.

In remote areas, rural decline is closely related to an aging population, since most migrants are
young people. In addition, the basic infrastructure and sanitary conditions are very poor, and the natural
environment is harsh, and this greatly affects the livelihood of older rural residents. It is very difficult to
improve the basic infrastructure, especially in the high mountain areas.
4. Conclusions

DMSP/OLS provides a valuable data source, which can effectively mirror urban growth and transition,
economic development, energy consumption, and so on. However, these data must be intercalibrated
carefully, since the OLS has no on-board calibration. To reduce the differences between sensors, and
improve the comparability of NTL data for different years, this study selected four regions to fully
intercalibrate the data. The four regions included three types of reference pixels: The city center of Beijing
with signal saturation, medium cities that were developing slowly, and a region in the central part of the
Taklimakan desert which was a completely dark rural area. By synthetically using the lit area and the
brightness of NTL imagery, this study analyzed the urbanization process and rural transition in China.
Urban areas quickly increased in size. At the national level, urban areas with a DN value over 15
increased by 173%. The growth rate of urban areas in the 1990s, however, was slower than that of the
2010s. From the first sub-period to the third sub-period, urban areas increased by 25%, while the rate of
increase was 119% from the third period to the seventh period.
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Urban area growth varied across regions, in accordance with the flying-geese paradigm. Initially, East
China was the most developed region of the country and showed its fastest growth rate in the 1990s. The
second most developed region was Middle China where urbanization rapidly increased in the 2010s. In
the 1990s, Middle China had a very low rate of economic growth and urban expansion, with an urban
area increase of only 14% from the first sub-period (1992–1994) to the third sub-period (1998–2000).
However, from the third sub-period to the seventh sub-period, urban areas increased by 126%, which was
the highest rate in the four regions. Of the four regions, Northeast China has had the lowest growth rate
of urban areas over the last two decades.
Over the whole country, urban areas with a DN value of above 52 increased by 428% in the study
period, which was much faster than the other types of urban areas. These high DN areas were mainly in
large cities that covered over 50 km2. The above findings were very similar to those in existing literature,
and led to a similar conclusion: the big cities grew more rapidly than other cities or towns during the
acceleration stage of the process of urbanization. It is suggested that greater attention should be paid to
this finding by urban planners and governments in developing countries.
NTL imagery can also be used to describe rural changes if the imagery is corrected using completely
dark rural pixels. In this study, a region in the central part of the Taklimakan desert in Xinjiang was
selected as the dark rural pixels. During the last two sub-periods (2007–2012), remote rural areas stopped
decreasing at the national rate. In East China, remote rural areas had increasing trends and experienced
a transition period. It was also noticeable that nighttime light intensity became weaker in some rural
areas, such as in northwest parts of Xinjiang, eastern parts of Inner Mongolia, and in the rural areas of
Sichuan and Chongqing. The rural transition was closely related to rural-urban migration. Accordingly,
in the above remote rural areas, the rural population rapidly decreased in the 2000s.
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