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Accurate monitoring of urban regions and urban sprawls is critical to the detection and assessment of regional development. /e
nighttime light images of DefenseMeteorological Satellite Program’s Operational Linescan System (DMSP/OLS) provide us direct
solutions to make spatial descriptions of urban regions. Unfortunately, accurate monitoring of urban regions is apt to be
hampered due to the shortages of the DMSP/OLS data. In this study, we utilized a new urban region extraction strategy based on
the edge-detection method which is widely applied in automatic digital image processing. /e edges of urban areas in Zhejiang
province were identified based on the distributions and values of pixels. Compared with other traditional methods, the urban
regions extracted in this study present a higher overall accuracy and kappa coefficient (OA� 93.1409%; Kappa� 0.8755). Two
periods of the urban dynamic process and urban sprawl pattern in Zhejiang from 1992–2013 were further detected by the
proposed method. At city level, the drastic increase in urban areas was found in cities of Hangzhou and Ningbo. /is study
provides an objective and convenient solution to the accurate identification of urban regions, which is also an important step to
better understand the urban dynamics and urban development.

1. Introduction

/e dynamic changes of urban areas as well as the distri-
butions of urban regions are essential criteria in government
decision-making about urban development planning.
According to the National Bureau of Statistics of China, the
urbanization rate of Mainland China in 2017 has increased
nearly 3 times to 58.52% compared with that in 1978 (http://
www.stats.gov.cn/). Great changes have taken place with the
rapid increase in urban sprawl. Acquiring accurate infor-
mation about the urban sprawl and urban dynamics at
different levels is essential to the better understanding of
urban development.

Traditional urbanization studies are mostly based on
statistic data collected by the government, which is usually
lack of timeliness and accuracy and thus could not provide
timely spatial detection of urbanization. Fortunately, the
techniques of remote sensing show better results in detecting
urban sprawls and urban regions since they can provide

much more direct and frequent temporal coverage of the
study regions [1, 2]. Various remote sensing data have been
applied at different scales with different research targets such
as the Landsat /ematic Mapper/Enhanced /ematic
Mapper plus (TM/ETM+), QuickBird, IKONOS, and SPOT/
High Resolution Visible (HRV). Although these datasets
present high or medium spatial resolutions, they are less
popular in long-time detection of regions with large scales
due to the relatively high cost, complicated data processing
procedure, and high equipment requirements. Compared
with those images, the nighttime light image of Defense
Meteorological Satellite Program’s Operational Linescan
System (DMSP/OLS) is more economical and is available
over a larger temporal window [3, 4]. It seems to be a better
data source for monitoring urban regions with large scales
and long histories.

/e DMSP/OLS images record nighttime light emitted
from the earth’s surface which is derived from a variety of
natural and man-made phenomena, such as those from
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human settlements and gas flares. /e nighttime light would
not be affected by shadows, vegetation covers, and other
interference factors [5, 6]. Although the application of the
data has been greatly limited due to the shortages of
blooming, over flow, and loss of calibration [7, 8], it can
provide both light brightness and geospatial information of
the human activities, which has been proved to be a valuable
source for both the natural and social sciences detection
[9–11]. Moreover, in 1992, the open access digital archive
was established by the National Oceanic and Atmospheric
Administration/National Geophysical Data Center (NOAA/
NGDC). Since then, the DMSP/OLS nighttime images can
be acquired freely and timely [12], which leads to many
related research studies, such as population density
detecting, urbanization process monitoring, regional GDP
estimating, electricity consumption modeling, and so on
[13–18].

/e DMSP/OLS nighttime light images consist of pixels
with locations and illuminance information of ground
surface, and it had been widely accepted in urbanization-
related research studies, especially the detections related
with spatial information [19, 20]. However, most of the
previous studies are limited by the accurate extraction of
urban regions from lighted pixels. /e urban region ex-
traction method was firstly proposed by Imhoff based on a
threshold method [21]. With the initial effort of Imhoff, the
official census data-based methods and scale-based
thresholds were subsequently proposed [22–24]. However,
these threshold-related methods often omit small propor-
tional settlements or overestimate urban extents [17]. For-
tunately, based on the traditional solutions of remote sensing
image classification, some semiautomatic-based detection
methods were derived, such as the marker-controlled wa-
tershed segmentation method, neighborhood statistics
analysis method, and support-vector machine- (SVM-)
based detection supervised and unsupervised classification
methods. /ese methods provide us relatively objective and
accurate solutions to identify urban areas, but they have not
been widely accepted since the data calculation process is
relatively complicated and labor intensive [25–28].

In order to monitor urban dynamics and extract urban
regions accurately and quickly, an edge-detection-based
method using the consequential Sobel operator was applied
in this study. /e Sobel operator was first proposed by Irwin
Sobel [29]; with the selected filter, the operator can not only
collect information of edges but also keep detailed infor-
mation of images. /us, it is quite prominent in information
technology fields such as machine learning, digital media,
and computer vision [30–32]. Compared with the afore-
mentioned methods, the Sobel operator can automatically
recognize and understand image features with the detected
edges and is not limited by other data sources [33].
/erefore, in this study, pixel-based identification using the
Sobel operator was applied to map urban areas. Moreover, to
validate the effect of the proposed method in urban region
mapping, the long-term urban dynamics and urban sprawl
of Zhejiang province were further detected.

/is study aims to extract urban regions and detect
urban dynamics accurately and effectively at regional level

using the DMSP/OLS nighttime light images./e Sobel edge
detection operator was applied to extract urban regions;
comparative analyses with other widely used urban ex-
traction methods mentioned above were also performed. In
addition, the long-term urban regions and urban sprawl
dynamics of Zhejiang province were detected.

2. Methodology

2.1. Study Area and Data

2.1.1. Study Area. Zhejiang province, located in the east of
China, is an important part of the urban agglomeration in
the Yangtze River Delta and is therefore the subject of this
study. /e Yangtze River Delta is one of the biggest urban
agglomerations around the world, of which Zhejiang
province occupies a total of 105.5 thousand km2. In the past
few decades, Zhejiang experienced a fast socioeconomic and
urban development. According to the National Bureau of
Statistics, the population of Zhejiang has grown to nearly 50
million, showing an increase of more than 15% compared
with that in 1990s. /e total gross domestic product (GDP)
of Zhejiang in 2010 increased nearly 30 times over 1990s,
from 90.4 billion Yuan (in 1990) to more than 2774.7 billion
Yuan (in 2010).

Although the socioeconomic growth is rapid in Zhejiang
province, it is regional-dependent. /e western and inland
areas are mostly mountainous, while the plains are con-
centrated in the eastern and coastal areas (Figure 1(a)). Also,
making the regional development of inland areas slower
than coastal areas leads to significant differences of regional
GDP and population distribution (Figures 1(b) and 1(c)). So,
we choose Zhejiang province as the study region in this
analysis.

2.1.2. Data and Data Processing. /e annual stable DMSP/
OLS nighttime light images of version 4 from 1992–2013 and
land use and land cover change (LUCC) data of 2010
Zhejiang province were used in this study. DMSP/OLS data
can be obtained from NOAA/NGDC (https://www.ngdc.
noaa.gov), and LUCC data were downloaded from the
Resource and Environment Data Cloud Platform of Chinese
Academy of Sciences (REDCP, CAS) (http://www.resdc.cn).
Apart from these, grid format of population andGDP data of
Zhejiang province in 2010 were also acquired from the
REDCP, CAS, and auxiliary data related to province and
cities boundaries.

Since the DMSP/OLS nighttime light images applied in
this research were acquired from different satellites, covering
years from 1992 to 2013, the second-order polynomial re-
gression model was applied firstly to calibrate the images
[34]:

DNcal � a + b∗DN + c∗DN
2
, (1)

where DNcal is the calibrated value of DN and a, b, and c are
coefficients of the regression model.

Moreover, DMSP/OLS and LUCC are with respective
different spatial resolutions and produced under different
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coordinate systems. /erefore, all of them were projected
firstly using the WGS84 geography coordinate system and
resampled into 1 km for further comparisons. After that,
they were also clipped according to the boundaries of
Zhejiang province and cities for further analyses.

2.2. Urban Region Extraction. In this study, the urban re-
gions were defined according to the characteristics of light
emanation from DMSP/OLS nighttime images. Also, based
on the DN values and distance from pixels, the DMSP/OLS
nighttime images were firstly divided into 3 consecutive
parts, namely, potential rural regions, potential urban
transition regions, and potential urban centers. In rural and
urban center regions, pixels are always with low or high DN
values and are relatively stable, while the pixel values in
transition regions always locate between urban centers and
rural regions, cover a wide range of DN values, and also
experience drastic changes [35–37].

To define boundaries of each part from the nighttime
images, a step-by-step flowchart was developed (Figure 2).
First, we extract potential nonurban pixels and urban center
pixels of the selected regions using the threshold method
which has been widely applied in previous studies. /en, a
Sobel edge operator was applied to the transition regions to
calculate the gradient distributions of each pixel. With the
detected gradient, edges of urban regions within transition
areas can be identified; together with the extracted urban
centers, urban regions of selected study areas can be
mapped. Moreover, an accuracy assessment was further
made to test the extraction results of the proposed method.

2.2.1. Transition Region Identification. To extract urban
regions, we need to define the scope of transition regions in
which the urban boundaries locate in. In this step, the
generally used threshold method was employed, and the DN
value of 30 and 60 were chosen as urban boundaries based on
empirical analysis from previous detections [14, 21, 24, 27].
So, in this study, the DN value of 30 and 60 were chosen as
initial limits to distinguish transition regions from rural and
urban centers.

2.2.2. Application of the Sobel Operator. /e Sobel edge
operator performs a 2D spatial gradient measurement on the
images and is a well-known solution applied in image edge
detection in various research fields [32]. /e Sobel operator
consists of 2 3∗ 3 moving-window kernels of different di-
rections; the gradient results measure how rapid pixels
values are changing with distance in two perpendicular
directions and also the difference with other surrounding
pixels [29, 38]; in addition, they can also be combined to-
gether to calculate the gradient (G) at each pixel and even the
direction of the gradient [39]. Using the Sobel edge detection
method discussed aforementioned, the gradients of each
pixel within transition regions can be calculated.

2.2.3. Urban Region Identification. /e gradient of pixels
within transition regions can be calculated with the Sobel
operator, and each gradient value represents the difference
with the other 8 surrounding pixels within the nighttime
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Figure 1: (a) /e distribution of topography, (b) regional GDP distribution, and (c) population distribution of Zhejiang.
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Figure 2: Flowchart of the urban extraction method.

Mathematical Problems in Engineering 3



images. /e lower the gradient value is, the higher unifor-
mity the 3∗ 3 convolution kernels (representing 9 km2)
have. In the gradient distribution of DMSP/OLS nighttime
images, the value experienced multiple changes when the
distance from urban centers decreases. Pixels gradients close
to the defined regions of rural and urban centers are rela-
tively smaller than the transition regions because of the
higher uniformity. Based on the above analysis, we assumed
that pixel distributions of region boundaries are quite dif-
ferent and the gradients are thus larger. So, in this study, the
gradient value of local maximum was considered as the
identified boundary to separate rural and urban areas within
transition regions. /erefore, the urban areas of study re-
gions can be identified.

/ere are no direct urban region products which can be
applied to validate the accuracy of our detection; so, in this
study, the widely accepted LUCC data were selected to
provide ground surface information of Zhejiang province.
Overall accuracy and the Kappa coefficient were used as
statistical criteria.

3. Result

3.1. Urban Regions Detected in Zhejiang Province. With the
proposed method, urban regions of Zhejiang province from
1992 to 2013 were mapped. /e result indicated that great
urban development has taken place in the past few decades,
significant regional difference of urban sprawl also occurred,
and the urban development in the north and coast areas were
muchmore active than inland regions as shown in (Figure3).

3.2. Accuracy Assessment of the Proposed Method. To assess
the superiority of our proposed method in urban region
identification, a few widely used strategies were selected to
make comparative analyses: mutation detection, scale-based
threshold method, neighborhood statistics analysis, and
stratified SVM-classification method. Meanwhile, the LUCC
image of Zhejiang province was chosen as ground truth. /e
assessment results in Figure 4 and Table 1 indicate that the
edge-detection method applied in this study is much more
accurate and convincing in urban region identification
compared with other methods, with higher overall accuracy
and kappa coefficient (OA� 93.1409%; Kappa� 0.8755),
followed by the stratified SVM-classification method and
scale-based threshold method, where these two methods are
always computationally intensive and the processes are quite
complicated.

3.3. Long-Term Urban Dynamics of Zhejiang Province.
With the edge-detection method in this study, urban regions
can be extracted. Based on the extraction results, we further
analyzed urban region dynamics of Zhejiang province from
1992 to 2013. Figure 5(a) demonstrates the dynamics of
urban region pixels and the annual increase of urban pixels
within detected regions. During the study period of 1992 to
2013, the urban areas of Zhejiang increased a lot and the
increase trend was relatively steady with smaller annual
increase from 1992–2013. However, after the turning point

of 2003, the speed of urban dynamics increased rapidly and
the annual increase was larger than before. Figure 5(b) shows
the urban sprawl pattern of Zhejiang province from 1992 to
2013; the distribution and characteristics of urban regions
were detected. We found that the urbanized regions during
the study period of Zhejiang mainly located in the north and
coastal areas of the province, which provide us a quick and
direct description of urban development.

3.4. Feasibility of City-Level Detection. Previous research
found that the extraction accuracy of other methods is re-
lated to the level of urban development. However, in this
study, we performed city-level extraction to verify the ef-
fectiveness of the proposed edge-detection method; cities
with different regional characteristics and development
levels in Zhejiang Province were chosen (the island of
Zhoushan was ignored in this analysis because the size is
relatively small and the night light phenomenon is easily
disturbed by light blooming which might obscure the
detecting result).

Figure 6 shows the city-level extraction results of urban
regions, and in Table 2, official socioeconomic indicators
related with urban development levels and accuracy as-
sessment results can be seen. Together with the comparative
study of extraction results in Figure 6, it is clear that the OA
and Kappa are quite high within highly developed cities such
as Hangzhou and Wenzhou (with high level of population
and per capita GDP), and in less developed cities (Pop-
ulation and per capita GDP are relatively small) of Lishui
and Quzhou, the same results can also be found. It is sur-
prised that, in the highly developed city of Jiaxing, the
detected OA and Kappa are unexpectedly smaller than
others. Hence, we believe that the method in this paper can
achieve effective extraction result at the city level, and the
extraction accuracy has nothing to do with the level of urban
development, which is superior to other methods.

3.5. City-Level Urban Development of Zhejiang Province.
With the detected urban regions fromDMSP/OLS nighttime
images, the sprawl of urban areas in each city of Zhejiang
was also detected in Figure 7. Each city underwent an urban
region expansion during the study period and presented
differently in urban dynamics. In cities of Hangzhou and
Ningbo, the detected urban regions are larger than other
cities and drastic increase of urban regions were also found,
while in inland cities such as Quzhou and Lishui, both the
urban regions and urban dynamics were smaller.

4. Discussion

4.1. Priorities of the Edge-Based Method. /e DMSP/OLS
nighttime light images provide us direct descriptions of the
night scene as for land surface, and a large number of
methods have been applied to extract urban areas from it
[40]. Compared with the traditional threshold-based and
semiautomatic methods in previous research studies, the
edge-detection method has the following advantages. First,
the proposed method mainly depends on the brightness and
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Figure 3: Extracted urban regions of Zhejiang province. (a) 1992, (b) 2000, (c) 2007, and (d) 2013.
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Figure 4: Continued.
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distribution characteristics of pixels and does not rely on
statistical data, so it is not affected by the accuracy and
timeliness of statistics data [41]. Second, the urban areas
were identified based on the value and regional

characteristics of pixels in the proposed method, the process
is relatively objective, and the result can be more approxi-
mate to the real distributions [42]. Moreover, the proposed
method operates a separable and integer-valued 3∗ 3 filter in

Table 1: Overall accuracy and kappa coefficient of different extraction methods.

Method Overall accuracy (%) Kappa coefficient
Mutation detection 83.7427 0.6892
Scale-based threshold 90.5186 0.8514
NSA 85.7964 0.7626
Edge detection 93.1409 0.8755
SVM 89.3865 0.7830
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Figure 4: Urban extraction results of Zhejiang province in 2010 using the Sobel edge detection method (a), NSA method (b), SVMmethod
(c), mutation detection method (d), Scale-based threshold method (e), and land use and land cover change (f ) of Zhejiang province in 2010.
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Figure 5: (a) Dynamics of extracted urban pixels and (b) distribution of urban sprawl of Zhejiang province.
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Figure 6: City-level urban extraction result within Zhejiang province.

Table 2: Socioeconomic development and extraction accuracy of different cities.

City Population (10000 persons) Per capital GDP (yuan) OA (%) Kappa
Hangzhou 689.12 86691 94.1412 0.8911
Huzhou 259.98 50149 90.3974 0.8286
Jiaxing 341.60 67534 79.8020 0.6793
Jinhua 466.65 45031 93.4396 0.8787
Lishui 259.65 24913 98.0914 0.9611
Ningbo 574.08 90175 86.9175 0.7806
Quzhou 251.24 30153 96.6188 0.9347
Shaoxing 438.91 63770 90.5757 0.8322
Taizhou 583.14 41777 94.4976 0.8815
Wenzhou 786.80 37359 94.6773 0.8989
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two orthogonal directions and is relatively convenient and
quick in processing, especially when comparing with other
existing semiautomatic methods [38]. Finally, the edge-
detection methods show better accuracies in urban region
detection compared with previous methods with higher
overall accuracy and Kappa coefficient.

4.2. Factors Related withDetection. In Figure 6, we can find
that urban regions within cities with different levels of
development were extracted and the edge-detection
method was quite effective in different cities with high
value of OA and Kappa coefficient. However, the result in
the city of Jiaxing was different, and a further analysis of
the characteristics and distributions of pixels within
Jiaxing was made. We found three main reasons to ex-
plain the relatively low overall accuracy and Kappa co-
efficient of the Jiaxing city. First, the nighttime images
cannot effectively reflect the light phenomenon within the
city. As a well-known city of rivers and lakes, nearly 10%
of the land surfaces in Jiaxing are covered by water, and
the situation of light reflection in water regions are quite
drastic which caused the light blooming of adjacent pixels
(this phenomenon is quite common in NTL images,
especially the water regions). Blooming is the basic
feature of DMSP/OLS images in which the DN values
recorded in a pixel are equal to the light of real brightness
plus the reflected light from nearby pixels, so the ground
truth of light brightness is exactly smaller than the light
recorded on the applied images [43]. Second, the com-
plexity of DN-value distribution was analyzed. As we can

see in Figure 6, the DN value of Jiaxing is relatively high,
with an average of 19.43 which is much larger than the
average value of Zhejiang province (6.88). /ese high-
brightness areas are scattered and are with small areas,
which makes the Sobel operator difficult to distinguish
exact boundaries of urban and rural; therefore, the ability
of our method was limited. Finally, the low sensitivity of
Sobel in the fragmentized area was determined. /e Sobel
operator extracts features from the ground surface, and
its 3 ∗ 3 convolution kernel might soothe the input image
to a greater extent, making the operator less sensitive to
distinguish, especially in mixed areas, and the result
might be imprecise [32].

4.3. Limitations and Further Research. /e proposed edge-
detection method provided an accurate solution to extract
urban regions from nighttime light images; however, there
are a few limitations need to be concerned. For example, the
detection results obtained with this method are always in a
binary format, and further processing is needed if we want to
acquire more information about the city lights. Moreover,
the night images applied in this study are in coarse reso-
lution and the phenomenon of saturation and blooming
exists; to acquire accurate information of features of urban,
finer resolution images are required. Besides, acquiring
urban regions using the nighttime light images only is still
weak in reliability compared with other finer resolution data
sources; hence, in the future studies, we might test the
automatic extraction results combined with other remote
sensing data.
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Figure 7: City-level urban sprawl of Zhejiang province.
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5. Conclusion

With the edge-detection operator, we proposed a much
more accurate and convenient method to automatically
extract urban areas from the DMSP/OLS nighttime light
images. We found that the applied method was quite ef-
fective to identify boundaries of rural and urban with high
value of OA compared with traditional methods. Moreover,
based on the proposed method, we successfully detected the
urban dynamics and urban sprawl pattern at provincial and
city level from 1992 to 2013 and discovered that the pro-
posed method was effective to distinguish urban areas from
regions with different developing levels which are superior
to other methods. /e proposed method significantly
overcomes the limitations of traditional methods such as
statistics-based evaluation and large data volume and pro-
vides a quick and objective judgment of urban areas; it is
beneficial to monitoring of urban dynamics and urban
sprawls.
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/e tif data used to support the findings of this study can be
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