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Abstract: Urban built-up areas are the main space carrier of population and urban activities. It is of
great significance to accurately identify urban built-up area for monitoring urbanization dynamics
and their impact on Sustainable Development Goals. Using only nighttime light (NTL) remote sensing
data will lead to omission phenomena in urban built-up area extraction, especially for SDGSAT-1
glimmer imager (GLI) data with high spatial resolution. Therefore, this study proposed a novel
nighttime Lights integrate Building Volume (LitBV) index by integrating NTL intensity information
from SDGSAT-1 GLI data and building volume information from Digital Surface Model (DSM) data to
extract built-up areas more accurately. The results indicated that the LitBV index achieved remarkable
results in the extraction of built-up areas, with the overall accuracy of 81.25%. The accuracy of the
built-up area extraction based on the LitBV index is better than the results based on only NTL data
and only building volume. Moreover, experiments at different spatial resolutions (10 m, 100 m, and
500 m) and different types of NTL data (SDGSAT-1 GLI data, Luojia-1 data, and NASA’s Black Marble
data) showed that the LitBV index can significantly improve the extraction accuracy of built-up
areas. The LitBV index has a good application ability and prospect for extracting built-up areas with
high-resolution SDGSAT-1 GLI data.

Keywords: SDGSAT-1; built-up area; nighttime light remote sensing; building volume; sustainable
development goals

1. Introduction

Cities have developed into hubs of human activity [1]. It is estimated that about 70% of
the world’s population will live in cities by 2050 [2]. Urbanization accelerates changes to the
landscape and global climate [3], posing enormous challenges to biodiversity and human
well-being [4,5]. The expansion of urban built-up areas is the most significant manifestation
of urbanization process. An urban built-up area is not only the main gathering area of
the population and economic activities, but also the spatial carrier of urban activities [6].
The United Nations Sustainable Development Goal (SDG) 11 emphasizes the need to
quantify changes in urban built-up areas for sustainable cities and human settlements [7–9].
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Therefore, the accurate identification of urban built-up areas helps us understand the
dynamics of urbanization and human activities, which is of great significance for mitigating
the global crisis and achieving the SDGs.

Over the past few decades, a large amount of data and methods have been developed
to map the dynamics of global urban built-up areas. Remote sensing satellite data are
widely used in mapping urban built-up areas in large areas [10–13]. With the development
of remote sensing technology, new remote sensing data represented by nighttime light
(NTL) remote sensing data have shown unique advantages in the study of urbanization [14].
By capturing artificial light sources in the city, NTL data reflect various social activities of
human beings at night [15], and have been successfully applied in the research of urban
issues such as economic indicator estimation [16], population estimation [17], urban center
identification [18], impervious water surface extraction [19], carbon emission [20], and
poverty evaluation [21]. Remote sensing images of NTL have been widely verified and
applied in depicting urbanized areas (built-up areas) [22–24].

At present, the threshold method is a widely used and effective method to extract
the urban built-up area based on the radiation intensity of NTL [22,24–28]. According to
the brightness threshold of NTL, the boundaries of urban limits (built-up areas) and other
types of areas (such as suburban and rural areas) can be divided [22]. Imhoff et al. [25] used
the threshold method based on remote sensing images of NTL for the first time to convert
“city lights” into “urban areas” maps. Liu et al. [26] used statistical data to propose the
optimal thresholds for extracting urban areas from nighttime light imagery. Shi et al. [24]
used the statistical data-assisted threshold method to reveal the ability of NTL data from
the Visible Infrared Imaging Radiometer Suite (VIIRS) carried by the Suomi National
Polar-Orbiting Partnership (Suomi NPP) satellite to extract urban built-up areas. Based
on Defense Meteorological Satellite Program (DMSP)/Operational Linescan System (OLS)
NTL data, Zhou et al. [22] developed the quantile method to extract urban built-up areas
by successively excluding rural and suburban areas from potential urban agglomerations.
The quantile method does not require the participation of auxiliary data and can obtain
better results than other methods.

In November 2021, the Sustainable Development Science Satellite 1 (SDGSAT-1) was
launched. The NTL remote sensing images from the SDGSAT-1 glimmer imager (GLI) are
multi-band (three RGB bands and one panchromatic band) and have high spatial resolution
(40 m/10 m). The SDGSAT-1 GLI provides new data for urban studies and the evaluation
of the UN SDGs [29]. The availability of SDGSAT-1 GLI data with high spatial resolution is
a unique opportunity to extract fine-scale urban built-up areas.

However, although high spatial resolution SDGSAT-1 GLI data have achieved great
breakthroughs in urban spatial detail [29], buildings (especially residential buildings) that
are not illuminated at night are often not recorded in its images. Li et al. [30] developed an
improved quantile method based on SDGSAT-1 GLI data to extract urban built-up areas.
It can be seen from the results of Li et al. [30] that there are omission phenomena in the
results of built-up area extraction based on SDGSAT-1 GLI data, and effectiveness accuracy
in Shanghai is only 0.2428. Similarly, using building data alone to extract urban built-up
areas also results in omission problems. For example, there are no buildings (i.e., building
volume is zero) on a horizontal road, which causes the built-up area division based on a
building volume threshold to incorrectly exclude the road. Therefore, using only NTL data
or only building volume data will result in omission or commission in the extraction of
built-up areas.

A large part of urban light at night is emitted by buildings, so the distribution and func-
tion of buildings are closely related to the distribution and intensity of urban light [31–33].
Some researchers studied the relationship between urban architectural form and nighttime
light intensity, and found that building height or volume was positively correlated with
night light intensity [34–37]. Wu et al. [38] explored the relationship between global NTL
remote sensing data and urban building data on multiple spatial scales, and the results
showed that the spatial pattern between nighttime light intensity and building form could
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be used as an indicator of urbanization. Combining NTL intensity and building form can
improve the accuracy of urban problem research [37,39,40].

Therefore, this study attempts to combine NTL information with building information,
integrating socio-economic and physical environment aspects to enhance the extraction
effect of urban built-up areas based on SDGSAT-1 GLI data. The main contents include:
(1) proposing a novel LitBV index, which combines NTL intensity and building volume;
(2) applying the LitBV index based on SDGSAT-1 GLI data to extract urban built-up areas;
and (3) testing the application prospect of the LitBV index in different spatial resolutions
and different types of NTL data.

2. Study Area and Datasets
2.1. Study Area

In this study, Shanghai, China, is selected as the research area (Figure 1). Shanghai is
one of the largest cities in the world, with an area of 6340.5 km2 and a population larger
than 25 million people, making it one of the most densely populated cities in the world.
There are frequent social and economic activities in Shanghai at night, and the information
from night lighting is abundant. In addition, Shanghai, as a highly urbanized metropolis,
has a large number of large commercial buildings and high-density residential buildings
with different shapes and forms. Shanghai’s abundant information on night activities and
diverse buildings make it an ideal experimental area for studying NTL intensity and the
three-dimensional structures of urban buildings.
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data; (b) nDSM data; (a-i) and (b-i) locally enlarged images.

2.2. Datasets

In this paper, three types of NTL remote sensing data and building 3D data, as well as
3 kinds of auxiliary dataset, were used.

2.2.1. SDGSAT-1 GLI Data

The SDGSAT-1 GLI data provide high spatial resolution information on urban night-
time lights. SDGSAT-1 GLI data are available in 4 bands: color bands (R/G/B) with a
spatial resolution of 40 m and a panchromatic band with a spatial resolution of 10 m. In this
study, panchromatic band data with a high spatial resolution of 10 m were used to obtain as
much spatial detail as possible and tap the application potential of high spatial resolution
NTL data. We downloaded the SDGSAT-1 GLI data from the International Research Center



Remote Sens. 2024, 16, 2278 4 of 17

for Big Data for Sustainable Development Goals (data imaging time: 21:03:40 local time on
13 December 2021).

However, due to the correction error of the sensor components’ response function,
the influence of external temperature and environment on the photoelectric system, and
the influence of atmosphere on the incident short-wave radiation flux [41,42], there are
obvious stripes and salt-and-pepper noise phenomena in SDGSAT-1 GLI data. Stripes and
salt-and-pepper noise pervaded the entire image, affecting both qualitative and quantitative
image-based analysis [42,43]. In our previous work [44], a denoising algorithm for SDGSAT-
1 GLI data was developed, which successfully solved the noise problem in images. Here,
we use the denoising algorithm to de-noise SDGSAT-1 GLI panchromatic band data.

In addition, NTL data from Luojia-1 and NASA’s Black Marble product suite (VNP46A4
data) were used to discuss the application effect of our method on different data types.
The Luojia-1 data have a spatial resolution of about 130 m and are downloaded from the
High-Resolution Earth Observation System of the Hubei Data and Application Center
(http://59.175.109.173:8888/app/login.html (accessed on 20 June 2019)). Black Marble
data have a spatial resolution of 500 m and are downloaded from the Level-1 and Atmo-
sphere Archive and Distribution System (LAADS) Distributed Active Archive Centers
(DAACs) (https://ladsweb.modaps.eosdis.nasa.gov (accessed on 6 March 2024)). To match
the building volume data, the Luojia-1 data were resampled to a spatial resolution of 100 m.

2.2.2. Building Volume Data

This study obtained the digital surface model (DSM) of Shanghai in 2021 from the
Shanghai Surveying and Mapping Institute. The DSM has a spatial resolution of 0.25 m
and a vertical accuracy of 0.5 m. The DSM data include the height of the buildings and
the height of the relief of the terrain. In order to obtain the height of the buildings, we
obtained the digital terrain model (DTM) from the DSM by a mathematical morphological
filter according to the method of Wu et al. [37]. The DTM is then subtracted from the DSM
data to obtain the normalization DSM (nDSM) data, which represent the net height of
surface entities. nDSM data include not only buildings but also some non-buildings such
as vegetation. Therefore, this paper uses the “Building” type in the high-resolution land
cover type data (SinoLC-1 data with 1 m spatial resolution [45]) to mask the nDSM data
and extract the height of the building. Pixel values outside the “Building” type are assigned
a height of 0. Then, multiply the area of the pixel by the nDSM height value to obtain the
building volume. Finally, the building volume data were adjusted to the same 10 m spatial
resolution as the SDGSAT-1 GLI data, using the aggregation method.

2.2.3. Auxiliary Datasets

This study obtained the 10 m resolution land cover type data of ESRI (https://
livingatlas.arcgis.com/landcoverexplorer (accessed on 8 March 2024)), 100 m resolution
land cover type data of Copernicus Global Land Cover Layers (CGLS-LC100) (https:
//lcviewer.vito.be/download (accessed on 8 March 2024)), and 500 m resolution land
cover type data of MODIS (MCD12Q1) (https://ladsweb.modaps.eosdis.nasa.gov/ (ac-
cessed on 8 March 2024)), and uses the category “Built-up Area” as the reference data for
the extraction results of the built area.

3. Methods

The research methods and contents of this paper include two parts (Figure 2): (1) the
integration of NTL information and building information; and (2) the extraction of the
built-up area. Specifically, in order to further verify the application prospect of the LitBV
index proposed in this study, we carried out the built-up area extraction experiments on
different spatial resolutions in the results. SDGSAT-1 GLI data were resampled to spatial
resolutions of 100 m and 500 m to represent different spatial resolutions based on the same
data. In addition, the application effect of the LitBV index in different types of NTL data
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was further discussed. SDGSAT-1 GLI data, Luojia-1 data, and NASA’s Black Marble data
represent three typical NTL data derived from completely different sensors.
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3.1. Integration of NTL Information and Building Information

In this study, considering that from the countryside to the urban center, the greater the
NTL intensity and the larger the building volume the more likely it is to be an urban built-
up area, a new nighttime Lights integrate Building Volume (LitBV) index (Formula (1)) was
constructed in the form of multiplication to extract the built-up area. The approach was
inspired by the work of Zhao et al. [46] and Eberenz et al. [47].

LitBVi = ln((NTLi + δ)× (BVi + δ)) (1)

where LitBVi is the LitBV index of the ith pixel, and NTLi and BVi represent the NTL
intensity and building volume of the ith pixel, respectively. To avoid pixels that are
unilluminated but have buildings, or illuminated but have no buildings, being assigned
zero values, the added δ is equal to 1. In addition, the NTL intensity multiplied by the
building volume in some pixels will result in a very large value, resulting in a great variation
in the central area of the city and a small variation in the boundary between the built-up
area and the unbuilt-up area. Yu et al. [48] proved that logarithmic transformation can
expand the difference between the built-up area and the unbuilt-up area and significantly
improve the extraction effect of built-up areas. Therefore, in the extraction of built-up areas,
logarithmic transformation was used to further enhance the index.
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3.2. Extraction of Built-Up Area

In this paper, the downward quantile method was used to extract the built-up area
to test the application ability of the LitBV index, considering that the downward quantile
method has been successfully applied to the panchromatic band of SDGSAT-1 GLI data [30].
The principle of the quantile method is shown in Figure 3; urban areas are separated from
surrounding surface types in potential urban clusters by determining a threshold of the
LitBV index. LitBV index values vary rapidly along the border between urban, suburban,
and rural areas. The quantile curve (i.e., index values of different quantile grades) is
below the reference line (the linear decrease in index values from highest to lowest) for the
predominantly rural area (Figure 3a) and above the reference line for the predominantly
urban area (Figure 3b). Thus, the turning point G (the point at which the quantile curve
differs the most from the reference line) represents the demarcation boundary between
different types (i.e., urban, suburban, and rural area). Then, a heuristic rule (Figure 4) is
adopted to obtain the threshold of urban built-up area extraction: first, excluding pixels
with LitBV index values higher than the threshold D1 (urban and suburban areas) and then
excluding pixels with LitBV index values higher than the threshold D2 (rural areas). More
details of the downward quantile method can be seen in Zhou et al. [22] and Li et al. [30].
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Figure 3. A conceptual model of quantile-based approach in a potential urban cluster for urban-
(a) and rural (b)-dominated potential clusters. The blue curve is the quantile curve of the LitBV index
value, and the red line is the reference line. Turning points (G) are identified locations (quantile
level at Q with a threshold of DN value at D) with the maximum gap between these two lines
(Zhou et al. [22]).
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Figure 4. Downward heuristic rules of mapping different urban clusters (Li et al. [30]). The downward
quantile method excludes pixels with LitBV index values higher than threshold D, first eliminating
urban and suburban areas (D1), then rural areas (D2). The urban built-up areas can be divided after
the rural areas are eliminated.

In this study, overall accuracy (OA) and Kappa Coefficient were used to measure
the accuracy of built-up area extraction. In addition, for comparison with other similar
studies, two other accuracy evaluation measures used in Li et al.’s [30] study were applied:
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Applicability Accuracy (AA) and Effectiveness Accuracy (EA). The AA represents the
proportion of built-up area in extracted information, and the EA refers to the proportion of
the extracted real built-up area that has been extracted.

AA = 1 − Areacommission
Built up AreaNTL

(2)

where Areacommission is the commission area compared with the reference land cover data,
and Built up AreaNTL is the whole built-up area derived based on the NTL data.

EA = 1 − Areaomission
Built up AreaLULC

(3)

where Areaomission is the omission area compared with the reference land cover data,
and Built up AreaLULC is the whole built-up area derived based on the reference land
cover data.

4. Results
4.1. Characteristics of LitBV Index

Figure 5 shows the spatial distribution relationship between the NTL intensity from
SDGSAT-1 GLI data and the building volume from nDSM data. It can be seen that most
areas in the suburbs of Shanghai are black, indicating that the NTL intensity and building
volume in these areas are very low; these areas are almost all farmland or water, with
almost no buildings or night lighting. The road shows obvious high NTL intensity and
small building volume. In the residential area divided by the road, there are a large number
of residential buildings, but the night lighting in the residential area is very low. In general,
NTL information can be integrated with building information to represent the urban entity
and its scope.
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Figure 5. Spatial distribution pattern of NTL intensity from SDGSAT-1 GLI and building volume. The
natural breakpoint method was used to divide the NTL intensity of SDGSAT-1 GLI and the building
volume into three levels. Black to yellow indicates that the NTL intensity was from low to high, and
black to blue indicates that the building volume was from small to large. (a) Spatial distribution of
NTL intensity from SDGSAT-1 GLI and building volume in Shanghai; (b) locally enlarged image in
commercial area; (c) locally enlarged image in airport.

Figure 6 shows the distribution of the LitBV index in the study area. The minimum
value of the LitBV index is 0, and the larger the LitBV index, the richer the information
volume of NTL intensity and building volume. Areas with lighting and buildings show
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significantly high values, while areas with non-human activities such as water bodies
and farmland show low values. Combined with high-resolution daytime images, it can
be seen that the densely built areas in Figure 6(b-i) have a high LitBV index, reflecting
rich information about the built environment and human activities. The farmlands in
Figure 6(b-ii) have lower LitBV values, but farmhouses and field-hardened roads are still
visible in the LitBV index.
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4.2. Built-Up Area Extraction Results

According to the downward quantile method, the extraction threshold of urban built-
up areas was obtained at 10 m spatial resolution. The built-up area extraction threshold
based on the SDGSAT-1 GLI data is 10, the threshold based on the building volume is
466.500, and the threshold based on the LitBV is 2.068. Figure 7 shows the extraction results
of urban built-up areas.

There is obvious blooming phenomenon in the original NTL remote sensing image,
which leads to strong NTL intensity in the non-built-up area. Some of the non-built-up
areas (green in Figure 7(a-i) is the river) are incorrectly identified as built-up areas. Urban
night lighting mainly comes from street lamps [49–51], and in residential areas, night
lighting is usually very low, which will cause the residential areas that originally belong
to the built-up areas to be undetected (Figure 7(a-ii)). The volume of buildings represents
the distribution of urban buildings well in the built-up area, and the road is obviously an
important part of the built-up area. However, the building volume value of the road tends
to 0, resulting in the omission of a large number of roads in the built-up area extraction
results based on the building volume (Figure 7b). As can be seen from Figure 7c, the
extraction results of built-up areas based on the log-transformed LitBV index can well
avoid the commission of non-built-up areas such as rivers, effectively supplement the
information of residential areas and roads, and greatly reduce the problems of commission
and omission. The extraction results based on the log-transformed LitBV index are more
consistent with the real built-up area distribution.
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Figure 7. Built-up area extraction results. (a) Extraction results based on SDGSAT-1 GLI data, locally
enlarged image in (i) urban area and (ii) suburban area; (b) extraction results based on building
volume, locally enlarged image in (i) urban area and (ii) suburban area; (c) extraction results based
on LitBV index, locally enlarged image in (i) urban area and (ii) suburban area.

As shown in Table 1, the accuracy of built-up area extraction based on original NTL
data and based on building volume is 56.27% and 56.19%, respectively, while the accuracy
based on the log-transformed LitBV index can reach 81.25%. The Kappa coefficient of
built-up area extraction accuracy based on the LitBV index is also significantly higher than
the other two data types, indicating that the extraction results of the built-up area are more
consistent with the real built-up area distribution. The AA represents the proportion of
the built-up area in the extracted information, i.e., user’s accuracy (UA). The results show
that the AA based on the original NTL data is 0.9459, which is comparable to the results of
Li et al. [30] (AA is 0.9012, EA is 0.2428). The log-transformed LitBV index-based AA is
also over 0.9, with fewer commissions. The EA represents the proportion of real built-up
areas that are correctly classified, i.e., producer’s accuracy (PA). The results show that
the EA based on the original NTL data and based on building volume is only 0.2799 and
0.3483, respectively, with a large number of omission areas, while the EA based on the
log-transformed LitBV index is 0.7481, which greatly alleviates the omission problem.

Table 1. The accuracy of the results of built-up area extraction (pixels).

Extraction Result

SDGSAT-1 GLI Building Volume LitBV

BA Non-BA BA Non-BA BA Non-BA

Reference data
BA 11,256,910 28,964,036 14,009,126 26,211,820 30,077,582 10,129,476

Non-BA 644,112 26,845,146 3,451,115 24,038,143 2,559,925 24,893,245

Overall accuracy 56.27% 56.19% 81.25%

Kappa 0.2205 0.1970 0.6274

AA 0.9459 0.8023 0.9216

EA 0.2799 0.3483 0.7481

BA: built-up area, Non-BA: non-built-up area.
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Figure 8 shows the LitBV index based on SDGSAT-1 GLI data resampled to 100 and
500 m, respectively. It can be found that the LitBV index, which incorporates NTL intensity
and building volume, has a wider spatial distribution range than the original NTL data at
different resolutions. The original NTL data have a large numerical dynamic range between
the urban center area and the suburban area, while the LitBV index value distribution is
more uniform.
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500 m spatial resolution; (d) LitBV index based on SDGSAT-1 GLI data at 500 m spatial resolution.

The downward quantile method was used to extract built-up areas at the two resolu-
tions. At the 100 m spatial resolution, the threshold of division based on the original NTL
data is 1.102, the threshold based on the building volume is 8225, and the threshold based
on the LitBV index is 6.838. At the 500 m spatial resolution, the threshold based on original
NTL data is 0.019, the threshold based on building volume is 259,759, and the threshold
based on LitBV index is 11.478. Figures 9 and 10 are the extraction results of built-up areas
at 100 m spatial resolution and 500 m spatial resolution, respectively. It can be seen that at
different spatial resolutions, there are still a large number of omission areas in the extraction
results of built-up areas based on the original NTL data (yellow areas in Figures 9a and 10a).
In the extraction results of built-up areas based on the LitBV index (Figures 9c and 10c),
the area of correctly classified built-up areas was significantly improved. There are a few
commission phenomena in the extraction results of built-up areas based on the LitBV index
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(green areas in Figures 9c and 10c). The commissions mainly occurred in the southeast of
Shanghai and Chongming Island in the northeast. In recent years, the urbanization of these
two areas has developed rapidly, and the land cover type has changed rapidly. The existing
land cover data are based on the annual average status to identify the land cover type,
so the current land cover reference data in these rapidly changing regions have a certain
uncertainty, resulting in a poor comparative verification effect of the extraction results in
this paper. In fact, the construction of buildings and lighting infrastructure usually means
that the area has been developed as a built-up area, so the extraction results of the built-up
area with the LitBV index integrating building information and night lighting information
may be more realistic. In the quantitative evaluation (Tables 2 and 3), the accuracy of
built-up area extraction based on original NTL data is less than 70%, while the accuracy
of built-up area extraction based on the LitBV index is more than 80%. Although the AA
accuracy of the built-up area extraction results based on original NTL data and building
volume is higher, the overall performance of the built-up area extraction results based on
the LitBV index is better. Moreover, the extraction accuracy at 500 m spatial resolution is
higher than that at 100 m spatial resolution.

Table 2. The accuracy of the results of built-up area extraction at 100 m spatial resolution.

Extraction Result

SDGSAT100m Building Volume100m LitBV_SDGSAT100m

BA Non-BA BA Non-BA BA Non-BA

Reference data
BA 127,681 214,780 215,771 126,268 303,102 39,359

Non-BA 26,174 309,024 21,282 314,338 93,686 241,512

Overall accuracy 64.44% 78.23% 80.37%

Kappa 0.2930 0.5658 0.6066

AA 0.8299 0.9102 0.7639

EA 0.3728 0.6308 0.8851

BA: built-up area, Non-BA: non-built-up area.
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LitBV index.



Remote Sens. 2024, 16, 2278 12 of 17

Table 3. The accuracy of the results of built-up area extraction at 500 m spatial resolution.

Extraction Result

SDGSAT500m Building Volume500m LitBV_SDGSAT500m

BA Non-BA BA Non-BA BA Non-BA

Reference data
BA 5893 7770 10,715 994 11,854 1809

Non-BA 678 12,754 3012 12,374 2249 11,183

Overall accuracy 68.82% 85.21% 85.02%

Kappa 0.3791 0.7048 0.7004

AA 0.8968 0.7806 0.8405

EA 0.4313 0.9151 0.8676

BA: built-up area, Non-BA: non-built-up area.
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Figure 10. Built-up area extraction results at 500 m spatial resolution. (a) Extraction results based on
SDGSAT-1 GLI data; (b) extraction results based on building volume; (c) extraction results based on
LitBV index.

5. Discussion

Experiments with different spatial resolutions confirmed the efficacy of the LitBV index
in SDGSAT-1 GLI data. What is the applicability of the LitBV index to different types of NTL
data? By using the method proposed in this study, LitBV_Luojia and LitBV_BlackMarble
(Figure 11) were built, respectively based on Luojia-1 data and Black Marble data. Then, the
applicability and effect of LitBV_Luojia and LitBV_BlackMarble in extracting the built-up
area were tested.

Using the downward quantile method, the threshold of built-up area division based
on Luojia-1 data is 10256, the threshold based on LitBV_Luojia index is 13.627, the threshold
based on NASA’s Black Marble data is 162, and the threshold of built-up area division based
on LitBV_BlackMarble index is 16.363. Figure 12 and Table 4 show the extraction results
of built-up areas based on Luojia-1 data. The results based on the original Luojia-1 data
found a lot of commissions, the overall accuracy is only 74.08%, and AA and EA are low.
Particularly at airports and coastal industrial areas, unusually high NTL intensity leads
to the commission of built-up areas (Figure 12a). There are some omissions in the results
based on the building volume, which can be seen as the omission phenomenon caused by
the road (Figure 12b), and EA is the lowest, only 0.6308. The extraction results based on
the LitBV_Luojia index are optimal (Figure 12c), and the overall accuracy is the highest,
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reaching 80.33%. Although there are still a small number of commissions, it significantly
alleviates the problem of omission, and AA and EA are higher. Figure 13 and Table 5 show
the extraction results of built-up area using NASA’s Black Marble data. Table 5 shows that
although the overall accuracy of the three kinds of data is similar, the result based on the
original Black Marble data still has more commissions and AA is lower. Results based on
the building volume have more omissions and lower EA.
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Table 4. The accuracy of the results of built-up area extraction based on Luojia-1 data.

Extraction Result

Luojia-1 Data Building Volume LitBV_Luojia

BA Non-BA BA Non-BA BA Non-BA

Reference data
BA 237,240 105,232 215,771 126,268 297,247 45,325

Non-BA 71,053 264,134 21,282 314,338 88,059 247,584

Overall accuracy 74.08% 78.23% 80.33%

Kappa 0.4802 0.5658 0.6061

AA 0.7695 0.9102 0.7715

EA 0.6927 0.6308 0.8677

BA: built-up area, Non-BA: non-built-up area.
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Table 5. The accuracy of the results of built-up area extraction based on NASA’s Black Marble data.

Extraction Result

BlackMarble Data Building Volume LitBV_BlackMarble

BA Non-BA BA Non-BA BA Non-BA

Reference data
BA 10,691 2976 10,715 994 11,940 1727

Non-BA 1422 12,029 2952 12,457 1267 12,184

Overall accuracy 85.26% 85.45% 88.96%

Kappa 0.6759 0.7093 0.7792

AA 0.8826 0.7840 0.9041

EA 0.7822 0.9151 0.8736

BA: built-up area, Non-BA: non-built-up area.

All in all, the LitBV index has achieved good results in extracting built-up areas.
Especially in the high spatial resolution of SDGSAT-1 GLI data, the LitBV index greatly
improves its application capability. At present, the improvement in spatial resolution is
an important manifestation of the updating iteration of NTL remote sensing data. The
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emergence of NTL data with an increasingly fine resolution can provide a very large stage
for the application of the LitBV index, and the LitBV index may play a greater role in
future applications.

6. Conclusions

This paper proposed a novel LitBV index for the extraction of built-up areas based on
NTL data. Through the convenient multiplication and logarithm transformation method,
the LitBV index can effectively integrate the city nighttime lighting information from the
NTL remote sensing data and the city three-dimensional information from the building
volume. Information complementation improved the application performance of NTL
remote sensing data.

The LitBV index has achieved remarkable results in the extraction of built-up areas.
The accuracy of the built-up area extraction based on the LitBV index is better than the
results based on the only NTL data and the results based on the only building volume data.
The extraction of built-up areas based on the LitBV index reduces the problem of omission
and commission, especially for SDGSAT-1 GLI data with high spatial resolution. Moreover,
experiments in our study showed that the LitBV index can improve the extraction accuracy
of built-up areas at different resolutions and in different types of data. The LitBV index can
provide a significant boost to the refined monitoring of SDGs based on SDGSAT-1 GLI data.
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