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Abstract: The boundary of urban built-up areas is the baseline data of a city. Rapid and accurate
monitoring of urban built-up areas is the prerequisite for the boundary control and the layout
of urban spaces. In recent years, the night light satellite sensors have been employed in urban
built-up area extraction. However, the existing extraction methods have not fully considered the
properties that directly reflect the urban built-up areas, like the land surface temperature. This
research first converted multi-source data into a uniform projection, geographic coordinate system
and resampling size. Then, a fused variable that integrated the Defense Meteorological Satellite
Program/Operational Linescan System (DMSP/OLS) night light images, the Moderate-resolution
Imaging Spectroradiometer (MODIS) surface temperature product and the normalized difference
vegetation index (NDVI) product was designed to extract the built-up areas. The fusion results
showed that the values of the proposed index presented a sharper gradient within a smaller spatial
range, compared with the only night light images. The extraction results were tested in both the area
sizes and the spatial locations. The proposed index performed better in both accuracies (average error
rate 1.10%) and visual perspective. We further discussed the regularity of the optimal thresholds in
the final boundary determination. The optimal thresholds of the proposed index were more stable in
different cases on the premise of higher accuracies.

Keywords: urban built-up areas; night light images; land surface temperature; fused variable;
optimal thresholds

1. Introduction

China is now in a period of rapid urbanization [1–3], which has an impact on the
gravity of different human dynamics [4]. Accurate acquisition of urban built-up areas is an
important guidance for China’s urban construction, management and research. The built-
up areas also reflect the economic strength and urbanization level of a city [5]. However,
the manual method on specifying the boundaries of built-up areas is extremely inefficient
and it is not suitable for the rapid urban expansion. The main reason lies in the fact that the
process of fast urbanization makes it more difficult to delimitate the urban sprawl. Owing
to the multiphase property, the satellite sensors, like Landsat, Worldview and Gao Fen,
have been widely employed to extract the urban built-up areas and monitor the change
of the city boundary [6,7]. Compared with the remote sensing images acquired during
the day, the images acquired by the night light sensors directly reflect the human activi-
ties [8,9]. For example, Defense Meteorological Satellite Program/Operational Linescan
System (DMSP/OLS) and National Polar-orbiting Partnership/Visible Infrared Imaging
Radiometer (NPP/VIIRS) are both frequently used night light sensors [10–13].
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The differences in the brightness of the night light images between urban and rural
areas make it possible to extract the spatial ranges of urban built-up areas. A number
of studies focused on obtaining the optimal threshold in urban built-up extraction by
night light images. The methods of obtaining the optimal threshold can be summarized
into three categories: First, in the empirical threshold method, an artificial threshold is
set according to the experience, and pixels with the values exceeding this threshold are
defined as the built-up areas [14–16]. This method is simple, but the results will vary
with different situations. Second, the mutation detection method selects the threshold
when the city begins to break with the increase of the threshold value [17]. The theoretical
premise of this method is that the urban built-up area will maintain a complete geometric
shape. However, many cities with “satellite clusters” do not conform to that assumption,
which leads to the limitation of the applicability of the mutation threshold method. Third,
obtaining the threshold by the auxiliary data, including high-resolution image data [18]
and statistical data [19]. High-resolution image data, such as Google Earth and Landsat
images, are complicated to operate and have very large data volume. They are suitable
for the extraction of built-up areas of specific cities and periods [20]. However, an optimal
threshold for one case may not be the same for other cases, which brings difficulties to the
threshold determination in built-up area extraction by night light images. In fact, if a kind
of data representation can yield a relatively stable optimal threshold for different cases, like
different time point, the optimal threshold for one case will be applicable to other cases.
The image fusion, that combines the useful information of different data sources, is likely
to provide the index with more stable threshold.

Compared with single-source remote sensing images, the multi-source remote sensing
images have higher complementarity, including different resolutions and revisit peri-
ods [21–25]. By developing the image fusion algorithms, the complementary properties of
different data sources can be merged [26,27]. As for the urban built-up area extraction, the
recent research has combined night light images with daytime spectral images to enhance
the built-up information [28–30]. For example, a study constructed a human settlement
index (HSI) to extract the residential areas in southern China by combining MODIS NDVI
and DMSP data [28]. More concise indices were designed to identify the urban built-up
areas by DMSP/OLS and MODIS NDVI product [26]. Other urban studies fused night light
images and other images/products for urban area size extraction [31,32], urban spatial-
temporal change analysis [33] and the simulation of socio-economic factors [34]. Most
studies combined the MODIS products and daytime images with night light images to
understand the urban built-up information, but few studies introduced the surface tem-
perature, which is an important characteristic corresponding to the urbanization and heat
island effect [35,36]. Urban heat islands occur in the regions with dense population, high
building density and high concentration of the industry and commerce, while the heat
island intensity of suburbs is low owing to the high vegetation cover rate [36].

This paper contributed to the existing research and combined the DMSP/OLS night-
time light data, MOD13A3 vegetation index product and MOD11A2 surface temperature
product [37–39] to design a normalized urban built-up area index (NUBAI) for urban
built-up area extraction. This research took Shenyang city, Liaoning province, China as the
example. The urban built-up areas were then extracted according to the optimal threshold
determined by Landsat images for different years. The fluctuation level of the optimal
thresholds, the data fusion results in visual perspective and the extraction accuracies were
compared, respectively.

2. Study Area and Data
2.1. Study Area

The study area is Shenyang city, the provincial capital of Liaoning province, Northeast
China (Figure 1). The geographic location is within 122◦25′ to 124◦49′ east longitude and
41◦11′ to 43◦3′ north latitude. The city is 115 km from east to west and 205 km from
north to south. The climate type belongs to temperate and semi-humid continental climate.
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The annual temperature ranges from −35 ◦C to 36 ◦C. The average temperature is 8.3 ◦C.
The built-up area is mainly distributed in the middle of the administrative area. The
urbanization process in Shenyang was fast during the years 2005 to 2013, and since the
year 2013, the urbanization has stabilized. This study took the years 2005 to 2013 as the
study period to test the identification of urban built-up areas during fast urbanization. In
2005, the built-up area size was 310 square kilometers. As for 2013, the built-up area size
was 455 square kilometers.
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2.2. Data
Extraction Areas

(1) Night light images
Since this study took the years from 2005 to 2013 as the time period, we collected the

annual DMSP/OLS data from 2005 to 2013 [8]. The values of the images were averaged
annually. The spatial resolution of DMSP/OLS is 2400 m. The higher values of the images
indicate the brighter light in the night.

(2) MODIS products
This study obtained MOD11A2 daytime surface temperature bands and MOD13A3

data for 2005–2013. MOD11A2 is a surface temperature product that is synthesized every
8 days with a spatial resolution of 1 km, including both the daytime and nighttime surface
temperature bands [38,39]. MOD13A3 is a 16 day composite surface vegetation index
product with a resolution of 1 km, mainly including normalized vegetation index and
enhanced vegetation index [37]. Both MOD11A2 products and MOD13A3 products were
acquired at the DOY (day of year) of 213.

(3) Landsat images
Landsat7 Enhanced Thematic Mapper (ETM+) images between the years 2005 and

2012 and Landsat8 Operational Land Imager (OLI) images of 2013 were employed to
determine the thresholds of the built-up areas and verify the results. Landsat ETM+ images
contain 8 bands. The spatial resolution of band 1–5 and band 7 is 30 m, while the spatial
resolutions of band 6 and band 8 are 60 m and 15 m, respectively. Landsat 8 images contain
11 bands. The spatial resolution of bands 1–7 and band 9–11 is 30 m, while the spatial
resolution of band 8 is 15 m. Band 10 and band 11 were acquired from the thermal infrared
sensor (TIRS) with the spatial resolution of 100 m. The satellite can achieve global coverage
every 16 days. The path and row of the images obtained in this study are, respectively,
30–31 and 119.

(4) Statistical data
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The statistical data were acquired from “Liaoning Province Statistical Yearbook” (
http://data.cnki.net/area/Yearbook/Single/N2011110059?z=D06 access on 24 May 2021).
We collated the statistical data of the built-up areas between 2005 and 2013 for 9 years
(310 km2, 325 km2, 347 km2, 370 km2, 395 km2, 412 km2, 430 km2, 455 km2 and 455 km2,
respectively). These data were recognized as the test data in the built-up area extraction.

3. Methodology
3.1. Data Preprocessing

All data, including MOD13A3, MOD11A2 and DMSP/OLS night light images of
the 9 years, were converted into a uniform Albers equal area projection and WGS-84
geographic coordinate system. Besides, the resolution was unified by resampling and the
resampling size is 1 km × 1 km.

Since the digital number (DN) values in MOD11A2 indicated the relative values of the
brightness temperature, the land surface temperature values of the ground were obtained
through the formula operation [40] (Equation (1)):

LST = Scale ∗ DN (1)

where LST is the land surface temperature, DN is the gray value of the image pixel and
the scale value is 0.02. Then, the result was normalized by Equation (2) to better fuse the
multi-source remote sensing data:

LST =
LSTi − LSTmin

LSTmax − LSTmin
(2)

where LST is the normalized LST value; LSTi, LSTmin and LSTmax are the ith pixel’s LST
value, the minimum LST value and the maximum LST value, respectively.

For the night light images, the relative invariant target area method was employed to
calculate the mathematical relationships between the inter-annual night light images. A
power function relative correction model was established to correct the discontinuous and
incomparable DMSP lighting data. Due to the high noise in the fitted images, the Gaussian
low-pass filtering with a window of 13 × 13 was used to eliminate the effect of the image
noise caused by sporadic weak lights. Finally, a continuity correction between different
years is carried out from 2005 to 2013 [12]. The rules were as follows:

NL(n,i) =


0 NL = 0

NL(n−1,i) NL(n+1,i)> 0 and NL(n−1,i)> NL(n,i)
NL(n,i) the others

(3)

where NL(n−1,i), NL(n,i) and NL(n+1,i) represent the DN values of the ith pixel of the
nighttime light image in the n − 1st year, the nth year and the n + 1st year, respectively.

3.2. Normalized Urban Built-Up Area Index (NUBAI) Considering Surface Temperature and
Vegetation Index

This study introduced the surface temperature products in extracting the built-up
areas. We integrated night light images, vegetation index products and surface temperature
products into an index to improve the extraction of the built-up areas (Equation (4)):

NUBAI =
NL ∗ LST ∗ (1− NDVI)

4 ∗
(

1− NL
2

)(
1− LST

2

)
(1 + NDVI)

(4)

http://data.cnki.net/area/Yearbook/Single/N2011110059?z=D06
http://data.cnki.net/area/Yearbook/Single/N2011110059?z=D06
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where NL is the normalized night light data, LST is the normalized real surface temperature
data being processed by MOD11A2 and NDVI is the MOD13A3 normalized vegetation
index data. NDVI is calculated by Equation (5) [41]:

NDVI =
NIR− Red
NIR + Red

(5)

where NIR is the value of near infrared band and Red is the value of red band.
According to Equation (4), NL, LST and 1-NDVI have positive correlation with the

built-up areas, while 1- NL/2, 1-LST/2 and 1+NDVI have negative correlation with the
built-up areas. That means if a pixel has higher NL and LST values and a lower NDVI
value, the pixel is more likely to be identified as urban built-up area. The index includes
not only urban built-up information, but also vegetation features and real surface tem-
peratures. Since NL, LST and NDVI data are all continuous in space, the spatial details
can be better reflected in this index. According to the equation, the combination of the
surface temperature and vegetation index reduces the blooming effect which led to the
overestimation of the urban areas [18,42].

3.3. Threshold Determination by Reference Data from Landsat Images

In this study, we first calculated NDVI and normalized difference water index (NDWI)
for each Landsat image covering the study areas [43,44]. NDWI is calculated by Equation (6):

NDWI =
Green− NIR
Green + NIR

(6)

where Green is the value of green band and NIR is the value of near infrared band. Then,
the thresholds were set to mask out the vegetation and water areas for each image by visual
interpretation. The remaining areas were mainly the built-up areas and bare land. Since the
built-up areas and bare land are not easy to be automatically extracted by Landsat images,
we masked out the other land cover types (mainly bare land) by visual interpretation and
Google Earth references. We took 0.01 as the step size and set the thresholds for night light
images and NUBAI, respectively. The urban built-up area size under each threshold was
calculated and the thresholds with the lowest absolute differences between the result and
the reference data were selected for each year [19]. Finally, for each pixel, if the values
(nightlight data and NUBAI) were higher than the threshold, they were labeled as the
urban built-up pixels. We have to mention that this research did not propose a general
threshold-based approach because the step-size based method was expected to yield quite
accurate thresholds. Instead, we aimed to find the distribution of the thresholds in different
periods under different variables. If a variable gives relatively stable thresholds and high
accuracies for different cases, it will contribute to the threshold determination and built-up
area extraction.

The extraction process is illustrated in Figure 2.
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3.4. Accuracy Assessment of Area Sizes and Spatial Locations

This study tested the extraction results of Shenyang built-up areas from 2005 to 2013
in both the area sizes and the spatial locations. The statistical data of urban built-up areas
in China statistical yearbook is used to test the area sizes; moreover, we superimposed
the extracted results with Landsat images and verified the spatial position by visual
interpretation for the year 2005 and 2010.

(1) Area size accuracies
The calculation of the area error in this paper is presented in Equation (7) [45]:

a =
Sext − Ssta

Ssta
% (7)

where Sext is the area size of the extracted built-up areas, and Ssta is the statistical area size
of the built-up areas in the China statistical yearbook.

(2) Spatial location accuracy
This study superimposed the extracted built-up areas into the Landsat images of the

same years for both 2005 and 2010. The built-up areas in Landsat images of each time
phase were obtained by manual interpretation, and the results of visual interpretation were
recognized as the reference data for the verification of the spatial location [18]. The area
sizes of error identification and missing identification were calculated by comparing the
extraction results with the actual spatial distributions.

4. Results
4.1. Fusion Results of Multi-Source Remote Sensing Data

The fusion results of night light images and MODIS data were shown in Figure 3. The
results were presented by density slicing with the step of 0.1. Both groups of time-series
images reflected the characteristics of urban expansion of Shenyang city from 2005 to 2013.
According to the Landsat images of the study area, the fusion results of NUBAI showed that
the area of high-brightness region was significantly smaller than that of the only night light
images. The low-brightness areas (represented by black color) of NUBAI were almost not
the urban areas. While a large number of high-brightness pixels in the night light images
belonged to non-urban areas. Specially, the values of NUBAI were evenly distributed in
high-brightness regions, while the normalized values of the night light images were mostly
concentrated above 0.9. That meant the fused NUBAI variable effectively reduced the
blooming effect.

4.2. Extraction Results of Built-up Areas
4.2.1. Extraction Areas

Taking the years 2005 and 2013 as the examples, Figure 4 showed the extraction results
of the built-up areas based on both variables (night light data and NUBAI). It was obvious
that the extraction results based on night light images were quite different from those
based on the fused variables, especially for the urban fringe and sprawl areas. In addition,
the results further confirmed that the only night light images were not strong enough
to indicate the built-up areas, because values of the areas outside the extracted built-up
areas were still high and the brightness was close to that of the built-up areas. While the
NUBAI was more indicative, and the contrast between built-up and non-built-up areas
was striking.
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4.2.2. Accuracy Analysis

(1) Area size accuracies
The area size accuracies were calculated by Equation (7). Table 1 shows the sizes of

the extracted urban built-up areas and the error rates for each year.
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Table 1. Error analysis of the area sizes from 2005 to 2013.

Years
Statistical

Area
Sizes/km2

Extraction Results by Night
Light Data Extraction Results by NUBAI

Area Sizes/km2 Error Rate Area Sizes/km2 Error Rate

2005 310 307 −0.97% 312 0.65%
2006 325 326 0.31% 322 −0.92%
2007 347 351 1.15% 351 1.15%
2008 370 368 −0.54% 374 1.08%
2009 395 410 3.80% 388 −1.77%
2010 412 410 −0.49% 408 −0.97%
2011 430 462 7.44% 426 −0.93%
2012 455 504 10.77% 449 −1.32%
2013 455 504 10.77% 450 −1.10%

For most years, NUBAI produces better identification performance. The average
absolute extraction error of the only night light images and NUBAI were 4.03% and 1.10%,
respectively. Moreover, the variation range of NUBAI’s accuracy was relatively small,
while the accuracies by night light data were quite unstable. For example, the area error
of year 2012 and 2013 was close to 50 km2 (the error is 10.77%), and that of year 2009
was 15 km2 (the error was 3.80%). As for NUBAI, the maximum value of the area error
was 7 km2. The possible reason is that the incorporation of temperature and vegetation
information stretched the values of the regions where the values might be concentrated in
the night light data. Consequently, a small error in the threshold values will not result in
more misidentified pixels by NUBAI.

(2) Spatial location accuracy
Figure 5 presented the visually interpreted reference data (yellow color) and extracted

results of the built-up areas (red color). The extraction results based on night light images
showed higher deviation, and the consistent rate between the NUBAI extraction results
and the reference data was higher. Table 2 showed the omitted and misidentified areas
by both variables. In general, NUBAI had better performance and the results by the only
night light images had higher error rate and missing rate.
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Table 2. Statistics of the omitted area sizes and misidentified area sizes.

Years
Night Light Data NUBAI

Omitted/km2 Misidentified/km2 Omitted /km2 Misidentified /km2

2005 35.00 31.91 9.82 11.73
2010 43.24 41.23 23.35 19.33

4.3. Optimal Thresholds for Different Periods

Since this research found the optimal threshold in extracting the built-up areas with
the step size of 0.01, the paper reported the optimal thresholds of the only night light
images and NUBAI variable for all the 9 years. Figure 6 showed the optimal threshold for
each period and the related absolute error. According to the figure, the optimal thresholds
of NUBAI were relatively low and stable, which were quite close to 0.30 in all periods.
While the threshold fluctuation range of the normalized night light images was larger, the
thresholds were very close to the maximum value 1. As the values of night light images
were relatively concentrated, a small change of the thresholds yielded a greatly influence
on the extraction results. It can be inferred that the optimal thresholds of night light images
are likely to produce poor extraction results in certain years, like year 2009, 2012 and 2013.
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5. Discussions
5.1. Major Findings from the Experiments

This study built the NUBAI index to extract the urban built-up areas by introducing
MODIS surface temperature product and vegetation product. The extraction performance
was tested according to the real data of the 9 year area sizes of Shenyang city. According to
the above results, the built-up areas extracted by NUBAI proved better effect and the error
was lower. Specially, the temperature information is worth of consideration in built-up
extraction. Moreover, the incorporation of vegetation index and temperature data produced
more stable thresholds (close to 0.30 for all periods).

Here, we discuss the reasons. (1) According to Equation (4), the fusion of vegetation
index products and land surface temperature products reduced the likelihood that the
greenery outside the city would be identified as the urban built-up areas. That is why the
values of NUBAI presented a sharper gradient within a smaller spatial range. (2) Due to
the fluctuation of MODIS temperature products and vegetation index products, the values
of NUBAI were more stratified. Consequently, the multiple-center property of the city was
better presented in NUBAI, which was consistent with the findings in other studies [46,47].
(3) The combination (multiplication) of multiple normalized MODIS products made the
distribution of values more dispersed rather than concentrated in the high values (values
in the normalized night light images were mostly above 0.90). As a result, the thresholds
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were lower (all around 0.30), more stable and reliable (the thresholds did not appear where
the values were very concentrated, like in the night light images).

Moreover, we evaluate the usability of the fused variable from two aspects. (1) The
previous studies focused on finding the optimal thresholds in urban built-up area extraction
by night light images [48,49]. We believe that it is also important to explore the indicative
variables or indices. Specially, a better index should have a stable optimal threshold
for different cases and periods, because it is difficult and time-consuming to extract the
optimal threshold for different cases. The proposed variable generated relatively stable
thresholds in the extraction of built-up areas, and then thresholds for one period would be
appropriate for different periods. Therefore, we believe the proposed variable is expected
to be indicative and usable in practice. (2) In this study, the DMSP/OLS night light images,
MOD11A2 daytime surface temperature products and MOD13A3 vegetation products
were employed to build the fused variable. These data and products are open, and the
calculation of NUBAI is relatively simple. That means the index can be fast realized.

5.2. Limitations of This Study

We must mention the limitations of this study. As for the night light images, we
only acquired DMSP/OLS data. However, other open data like National Polar-orbiting
Partnership/Visible Infrared Imaging Radiometer (NPP/VIIRS) and Luojia 1 night-time
light images were not used in this research [11,50,51]. We will consider integrating different
data into the designed index in future studies. Moreover, the temporal relationships were
not considered in the extraction of built-up areas in this study, like the characteristics of the
rapid development of the study area. If a city is under the period of rapid urbanization, the
possibility that the built-up areas transform to other land cover types is quite low [1,52].

6. Conclusions

This research integrated DMSP/OLS images, MOD13A3 and MOD11A2 products, and
designed a fused variable NUBAI for urban built-up area extraction. Taking Shenyang city
as the example, the urban built-up areas from year 2005 to 2013 were extracted by both the
night light images and NUBAI. We compared the image fusion results, extraction results
and time-series distribution of the optimal thresholds between NUBAI and the only night
light images. In general, NUBAI performed better in urban built-up area extraction with
higher accuracies (average error rate 1.10%) and more consistent rates with the reference
data. Specially, the optimal thresholds by the fused variable were quite stable. It can be
concluded that night light images combined with multiple-source data will better extract
the built-up areas and the proposed NUBAI was indicative. The possible reasons for
the differences of the results were further discussed based on the methodology and the
experimental results. The properties of multi-source data led to the improvements. Since
the variable was designed by open data and products, the fusion algorithm of the research
was a fast and practical method. In future studies, the night light images of multiple
sensors should be applied to the designed variable, and the index should be employed to
extract the built-up areas of more cities.
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