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ABSTRACT With the urban built-up area becoming one of the most prominent forms of urban expansion,
accurately extracting the urban built-up area is becoming more and more important to judge the urbanization
process and evaluate the urban environment. Since it is difficult to significantly improve the accuracy of
single satellite data in the extraction of urban built-up areas, this study proposes a method integrating POI
(Point of Interest) data and Luojia-1A data to improve the extraction accuracy of urban built-up areas.
In this study, integrated Density Graph, OSTU and geometric mean are used to extract urban built-up areas
respectively. The highest precision of urban built-up areas extracted before data integration is 74.3%with the
highest Kappa value of 0.54; while the highest precision of urban built-up area extracted after data integration
is 91.4%,with the highest Kappa value of 0.91. Therefore, it can be concluded that comparedwith the existing
widely used night-light-based methods, this method can integrate the advantages of POI data and Luojia-1A
data, that is, it can not only solve the long-term oversaturation phenomenon of night light data, but also can
extract urban built-up areas in a more refined way. The method used in this study, which integrates POI data
and Luojia-1A data, can not only provide a new method for urban built-up area extraction, but also can play
an active guiding role in urban planning and construction.

INDEX TERMS Urban expansion, LuoJia-1A, data integration, urban space, urban morphology.

I. INTRODUCTION
In recent decades, with the rapid urbanization of China and
the intensification of agricultural modernization in urban
built-up areas, cities have undergone unlimited expansion,
and changes have also occurred [1], [2]. Urban built-up areas
are the carrier of all urban activities, the main gathering areas
for the population and economic activities, and a prominent
manifestation of urbanization [3], [4]. The implementation
of ‘‘national spatial planning’’ in China clearly proposes the
demarcation of the boundary line between urban and rural
areas [5], [6]. Therefore, the extraction of urban built-up areas
has become increasingly important.

The urban built-up area refers to the expropriated land
and the non-agricultural production construction area devel-
oped by actual construction within the municipal admin-
istrative area, which includes the concentrated part of the
urban area and the urban construction land that is scattered
in the suburban area but has close contact with the city
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and has basically improved and perfected municipal public
facilities [7]. At present, the extraction and division of urban
built-up areas in China mainly depends on the guidance of the
government’s statistical yearbook and planning documents,
but these resources cannot truly and objectively reflect the
scope of urban built-up areas [8]. This study aims to further
improve the extraction effect of urban built-up areas through
data integration based on existing research.

II. LITERATURE REVIEW
A. RESEARCH ON NIGHT-TIME LIGHT DATA
Night-time light remote sensing data, which reflect the func-
tion of urban infrastructure through the brightness of urban
night-time lights, are basic data that are widely used in rele-
vant urban research [9], [10]. To some extent, night-time light
data can compensate for the lack of panel statistical data in
urban space research. Moreover, night-time light data can be
applied in the study of urban space [11] because urban activ-
ities are closely correlated with electricity consumption [12],
and many studies have proven that the intensity of urban light
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has a high correlation with urban population distribution [13].
Therefore, night-time light data are currently mainly used in
urban expansion [14], urban morphology and structure [15],
and social and economic status decisions [16].

In research on urban spatial structure, researchers have
tested the relationship between urban residential areas and
rural areas [17] by using DMSP/OLS ((Defense Meteorolog-
ical Satellite Programmed/Operational Lines can System))
data. Yu developed a new object-oriented method in 2014 to
characterize the urban model for the analysis of night satel-
lite images [18], moreover, VIIRS (visible infrared imaging
radiometer) data make it possible to examine the urban inter-
nal spatial structure in more detail [19], Furthermore, subse-
quent scholars have also conducted studies on urban spatial
structure with finer resolution [20] based on VIIRS data,
including the re-evaluation of social and economic indicators
[21] and detection of urban internal regional structure [22].

The LuoJia-1A night-time light image, newly released by
Wuhan University in 2018, has a spatial resolution of 130
meters and can more clearly reflect the night-time structure
of a city [23]. Although night-time light data have a relatively
higher spatial stability than other types of data and retain the
integrity of the study area as much as possible, night-time
light sensors cannot record socio-economic attributes and
human daily activities [11], [24], [25]. Moreover, the sensors
record not only strong light emitted by a city but also strong
light emitted by airports, roads, ports, etc., which further leads
to the inaccurate judgement of urban areas [26], [27].

B. APPLICATION OF POI DATA
amount of big data has begun to be applied to the study
of cities [28], including network review data [29], social
software data [30], Internet data [31], thermal graph data [32],
POI data [33], dating data [34], IC card data [35], mobile
phone signal data [36] and GPS data [37] and so on. The
influences of these factors on the spatial connection of cities
[38], the functional layout of cities [39], and the behavioral
space of cities [40] have been studied in detail. These studies
show that big data have higher adaptability in urban space
research than traditional data [41], [42].

POI (point of interest) data express all urban entity abstrac-
tions in virtual geographic space and have the advantages of
high accuracy, fast data update speed and large data volume
etc., so big data have been widely used as new geospatial data
in recent years [43], [44]. At present, POI data are mainly
used to determine the spatial structure of cities, including
the extraction of urban centres [45], the distribution of urban
facilities [46], the division of urban functions [47], and the
analysis of spatial patterns [48]. Compared with traditional
data, POI data research in urban space has the advantages
of higher speed and better accuracy [49]; however, there
are relatively few studies on the application of POI data in
the extraction of urban built-up areas. Some scholars have
extracted the abrupt character of POI data at the city boundary
[50] and summarized the general threshold value of POI data
to deduce the city boundary in Chinese cities. POI data are

also used to extract the main built-up areas of cities with high
agglomeration in urbanization [50]. However, due to the high-
density difference between the number of POIs in built-up
and non-built-up urban areas, it is easy to make errors [47].

C. RESEARCH ON DATA INTEGRATION
Although an increasing number of scholars have begun to
pay close attention to the application of data integration in
urban cities and there have also been studies showing that
night-time light data and POI data have a strong coupling
relationship in urban spaces [51], there are still few studies
on the integration of night-time light data and POI data, let
alone the use of data integration to extract urban built-up areas
[52]. To extract the urban built-up areas of Kunming, China,
which have undergone drastic changes, this study attempts to
integrate POI data with night-time light data.

It is also hoped that a new method can be used to integrate
POI data and night light data to explore the improvement
of the accuracy of urban built-up area extraction by data
integration on the basis of comparing the results of different
data extraction of urban built-up area.

III. RESEARCH AREA AND RESEARCH DATA
A. RESEARCH AREA
Kunming, the provincial capital of Yunnan Province, is one
of the most urbanized cities in western China. With the devel-
opment and promotion of national macro strategies such as
‘‘One Belt and One Road’’ and ‘‘western development’’, the
urban built-up area of Kunming has expanded significantly
in recent years [53]. According to the statistical yearbook of
Yunnan Province in 2019, the urbanization rate of Kunming’s
main urban area exceeded 70% in 2019. As the provincial
capital city, Kunming has a relatively perfect urban economic
structure, social structure and spatial structure with complete
urban functions and configurations in terms of economy,
culture, transportation and other aspects. The research area
of this study is the main urban area of Kunming (including
5 administrative districts, FIGURE 2. POI Data (a) and
LuoJia-1A Data (b) of 2019). The reason why the research
area does not include other districts and counties except the
main urban area is mainly due to the significantly lower
area of urban built-up areas of other districts and counties
compared with the main urban area.

B. RESEARCH DATA
1) LUOJIA-1A DATA
The night-time light data used in this study are derived
from the LuoJia-1A scientific experiment satellite launched
by Wuhan University of China, with a spatial resolution
of 130 meters. The main reasons for choosing LuoJia-1A
night-time. light data in this study are as follows. First,
the use of LuoJia-1A night-time light data greatly improves
the time and spatial resolution of night-time light data.
Second, the use of these data improves some problems
with traditional night-time light data, including the low
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FIGURE 1. Research area.

FIGURE 2. POI data (a) and LuoJia-1A data (b) of 2019.

resolution of DMSP/OLS and NPP/VIIRS data and light
overflow. In addition, the use of these data also provides
light data for the extraction of individual cities and small
and medium-sized urban built-up areas. The night light data
of October 2018, December 2018, and March 2019 are
obtained by this study from the Hubei Data and Application
Network of the High-resolution Earth Observation System

(http://59.175.109.173:8888/index.html) (Luojia-1A data is
available for download fromOctober 2018, and beforeMarch
2019, data in the study area can only be obtained for the three
periods of October 2018, December 2018, and March 2019),
and the night light data of (FIGURE2, b) of FIGURE 2 (a)
is obtained on the basis of averaging the data of the three
periods.
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2) POI DATA
POIs refer to all urban entities abstracted in geographic space.
Each POI contains the attribute categories and longitude and
latitude of an abstract urban entity, and the abstract urban
entities basically cover all aspects of urban functions due to
their very large number. The POI data used in this study are
mainly fromAmap ( http://www.amap.com), which, as one of
the three major map service providers in China, provides the
most extensive and relatively accurate positioning services.
In this study, with the help of the API interface provided by
Amap, a total of 465,941 POI data points is obtained from
the main urban area of Kunming in March 2019, as shown in
FIGURE 2, b.

3) VERIFICATION DATA
1000 pixel points are randomly generated in the research area.
Through data screening, it is determined that all the 1000
pixel points are located in Kunming. Besides, it is found that
281 of 1000 random points belong to urban built-up areas and
719 random points belong to non-built-up areas on the basis
of field extraction of 1000 random points with the help of
Google Earth.

IV. METHODS
A. OSTU THRESHOLD SEGMENTATION METHOD BASED
ON GGM FUNCTION
In previous studies on the extraction of night-time light from
urban built-up areas, different methods have often been used
to determine the extraction threshold of night-time light. The
reason for this is that the accurate selection of the night-time
light threshold is considered to be most important. The night-
time light data mainly contain the grey level information of
the image, so the grey level segmentation algorithm of the
image signal science can be used to segment the grey level
characteristics of the night-time light. The OSTU algorithm
is an efficient algorithm for image binarization proposed by
Japanese scholar OSTU in 1979. To put it simply, the image
grey level is set as 1 by default, the non-grey level is set as 0 by
default, and the grey level feature is used for the binarization
operation to extract the grey level of the image.

The basic idea of the OSTU algorithm is to divide the
image into two parts according to the selected threshold:
the target (grey level) and the background (non-grey level),
calculate the maximum variance value corresponding to the
pixel target and the background grey level, and take the
threshold corresponding to the maximum variance value as
the best threshold value.

The OSTU threshold segmentation method is a very good
algorithm for image threshold segmentation for the following
reasons: first, the OSTU threshold can be calculated by the
MBV (maximum between-cluster variance) image; second,
the OSTU algorithm has the advantages of a simple calcula-
tion, fast operation and effective results. Therefore, this aims
hopes to use the OSGM algorithm based on the GGM (grey
level and gradient mapping) function to detect the extraction

FIGURE 3. Segmentation model diagram based on OSTU algorithm.

threshold of night-time light [54], [55]. If α represents the
greyscale value of the image and β represents the average
gradient value of the image, then the mapping function β =
s(α), where the mapping relation s(•) stands for the average
gradient value level α of all pixels with greyscale.

As shown in FIGURE 3, the proportion of the background
to the image is w0 with an average grayscale of u0; the
proportion of the object to the image is w1 with an average
grayscale is u1. If the total average grayscale of the image is u,
and the variance of the segmentation scene and the reference
scene is g, then T is the optimal segmentation threshold of the
image background and object.

Suppose that the function f (x, y) stands for the greyscale
value of the pixel whose coordinate is (x, y) in the image
and that its gradient value is defined by the two-dimensional
vector as follows:

∇f = [
∂f
∂x
∂f
∂y

] (1)

The calculated value of the two-dimensional vector is:
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2
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2
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Suppose that the function G (x, y) stands for the gradient
function of the image; then, G (x, y) = ∇f . Suppose that the
number of pixels with greyscale i(i ∈ [0; 1, · · · L − 1], where
L is the existing greyscale level) is ni; then, its pixel set should
be expressed as:

Ri = {(x, y)|f (x, y) = i} (3)

Then, gray level and gradient mapping are defined as
follows:

T (i) =

∑
(x,y)∈Ri G(x, y)

ni
i ∈ [0, 1, · · · ,L − 1] (4)

where T stands for the average gradient and i for greyscale.
Therefore, the mapping relationship between greyscale and
gradient is established. That is, the OSTU algorithm based
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on the GGM function obtains an appropriate segmentation
threshold for the image.

B. DENSITY-GRAPH
POIs have different densities in different positions in the city.
The density is higher in areas with higher urbanization and
lower in areas with lower urbanization. In the actual spatial
analysis, different density variables give different feedback to
the spatial structure [56]. In a city, the density distribution of
POIs will decrease from a built-up area to a non-built-up area,
and the density of POIs will show an irreversible downward
trend at the junction between the built-up area and the non-
built-up area [50]. The breakpoint in this trend is the boundary
between built-up and non-built-up areas. Since this trend is
also an important connotation expressed by different spatial
locations and densities, the density distribution of POIs in an
urban space can directly reflect the spatial structure inside the
city.

The basic idea of the density graph is to determine the
critical value of the curve by constructing the relationship
between the change in the POI curve value d and the theo-
retical radius 1sd ∧ (1

/
2) of the theoretical area Sd of the

closed isoline. The steps of the density graph algorithm are
as follows. First, it is necessary to determine the relationship
between the density value d and the theoretical radius incre-
ment 1sd ∧

(
1/
2
)
; the theoretical radius increment 1sd ∧(

1/
2
)
needs to be derived, and then equation lim d(1Sd∧(1/2))

dd
can be established. Second, it is necessary to judge the critical
value of the density graph. In fact, the city is a very complex
system. The vast majority of cities are composed of multiple
city centres or more groups of non-uniform outward expan-
sion, and the curve of point elements changes sharply in the
urban space. Therefore, the performance of the density graph
curve in the urban interior should fluctuate. However, from
the perspective of the whole urban space on a macro scale, the
fluctuation in the density-graph curve in urban space should
be a critical point with overall significance. In other words,
when lim d(1Sd∧(1/2))

dd > r , that is, when the fluctuation of the
density graph shows an irreversible growth trend, it can be
considered that R is a critical point with overall significance,
and this critical point is the critical value of the urban built-up
area; then, the urban built-up area can be calculated.

As shown in FIGURE 4, the critical value of the POI num-
ber mutation is determined by constructing the density graph
of the POI point density curve value d and the theoretical area
Sd of the closed contour, the theoretical radius 1sd ∧

(
1/
2
)
,

if

lim
d(1Sd ∧ (1/2))

dd
> r (5)

The density of POI will fluctuate (rise or fall) in the built-
up area of the city. When the built-up area turns into the
non-built-up area, the POI density generally decreases, and
the decreasing trend is irreversible when the decreasing trend
reaches a critical value. This is represented in the formula 5 as

FIGURE 4. Density-graph model diagram.

when there is a limit value r after deriving the density value
d of the closed POI density curve and the theoretical radius
1sd ∧

(
1/
2
)
, and only when the POI density value is greater

than the limit value r , it is a built-up area.

C. DATA INTEGRATION
There are shortcomings in only using night-time light data
and only using POI data to extract urban built-up areas. For
example, there are problems such as low spatial resolution
and light overflow when only using night-time light data to
extract urban built-up areas. Only using POI data would result
in too high of a density difference between built-up and non-
built-up areas. This is the reason why this study attempts to
integrate the two kinds of data into new comprehensive data
to extract urban built-up areas [51]. Integrated data for urban
built-up areas are extracted by the density graph and OSTU
threshold segmentation algorithms, and then the extraction
accuracy of urban built-up areas with a single data source and
integrated data can be judged separately.

In this study, the ‘‘geometric mean’’ is used to integrate
night-time light data and POI data. The reason for this is
that there is a considerable difference between the POI kernel
density value and the DN value of night-time light, and there
are noise points in the night-time light data. The use of the
geometricmean in image integration can effectively eliminate
the impact of image extremum and retain the original image
information [57], so it is widely used in image integration
[58]. The LJ & POI data after integration can eliminate the
difference in the order of magnitude caused by the too-large
density analysis value. Meanwhile, to some extent, these data
can eliminate the background noise of night-time light images
and reduce the influence of light overflow. The calculation
formula is as follows:

POIDNi =
√
POIi × DNi (6)
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FIGURE 5. Urban built-up areas extracted by POI data.

where POIDNi is the composite index, POIi is the POI kernel
density value of point i, and DNi is the night-time light
brightness value of point i.

V. RESEACH RESULTS
A. URBAN BUILT-UP AREAS EXTRACTED BY DIFFERENT
DATA
1) URBAN BUILT-UP AREAS EXTRACTED BY POI DATA
The spatial distribution of POIs in Kunming is obtained by
the point density analysis of POIs. It can be concluded from
FIGURE 5 that the POIs in the main urban area of Kunming
present a spatial distribution pattern of decreasing circles.
A high POI density is mainly found in regions with higher
urbanization levels.With the decline in the urbanization level,
the POI density also shows a decreasing trend. From the
perspective of the overall spatial distribution of the POI point
density in the study area, the distribution of POIs in urban
space clearly follows is the rule that the POI density changes
from dense to sparse from the urban center to the urban edge.

According to the POI density graph in FIGURE 5, the
ratio relationship between the POI density and the theoretical
radius is calculated by constructing a density graph. It is
concluded that when the theoretical radius of POI density is
772, the POI density shows an irreversible downward trend.
That is, when r = 722, the area enclosed by the POI density
radius is the urban built-up area.

The area of the urban built-up area extracted by POIs is
381.68 square kilometers, and the circumference is 415.5
kilometers. The ratio of area to circumference is 0.92. The
boundary of the extracted urban built-up area is of low
complexity. Although the number of patches extracted from
urban built-up areas is as many as 41, the internal details of
urban built-up areas are not reflected in the patches of large

urban built-up areas, and the actual situation of urban built-
up areas is not reflected in the patches of scattered urban
built-up areas; however, the degree of plaque separation here
is high. As seen from FIGURE 5 the distribution pattern
of urban built-up areas in Kunming conforms to the pattern
of urban built-up areas, urban fringe areas and non-built-up
areas. Objectively speaking, urban built-up areas based on
POI extraction generally generate smooth curves near the
extracted boundary, with the shortcomings of simple edge
details and serious information loss; therefore, the extraction
results do not conform to the actual urban built-up areas.

In general, the urban built-up areas extracted by POI have
significant improvements.

2) URBAN BUILT-UP AREAS EXTRACTED BY LUOJIA-1A DATA
It can be seen from the night-time light graph of LuoJia-1A
in Kunming that the LuoJia-1A data can be used to clearly
sketch the outline of urban built-up areas in Kunming, and the
brightness of night-time light is obviously positively corre-
lated with the urbanization level of the region. However, due
to the high light value of the airport and the serious problem
of light overflow in the whole city, it is difficult to determine
the segmentation threshold of night-time light just through
observation. The segmentation threshold can be calculated
by the OSTU algorithm based on the GGM function, with
the optimal segmentation threshold of night-time light of
LuoJia-1A in Kunming city being T (i) = 0.00063, and the
urban built-up area extracted by T (i) = 0.00063 is shown in
FIGURE 6.

The area of the urban built-up area extracted by LuoJia-
1A is 391.84 square kilometers, and the circumference is
706.98 kilometers. The ratio of area to circumference is 0.55,
which shows that the complexity of the boundary of the
extracted urban built-up area has been improved. Although
the total number of plaques extracted in the urban built-up
areas is as many as 96, most of the built-up area plaques
are severely fragmented, and the extraction of urban built-
up areas is severely disturbed, except for the plaques of the
urban built-up area of the three major cities of Chenggong
New Town, the airport, and the central city. It can be seen
from FIGURE 6 that the edge details of urban built-up areas
extracted by night-time light are too complex, and there is
too much interference information inside. In addition, there
is the problem of light overflow, which interferes with the
extraction of urban built-up areas. Although the urban built-
up area is roughly the same, the boundary details are more
complex compared with the urban built-up area extracted by
POI data.

3) URBAN BUILT-UP AREAS EXTRACTED BY SIMPLE
INTEGRATION OF DATA
By simply integrating POI data with LJ-1A data, new inte-
grated LJ_POI data can be obtained. Then, by performing
density graph and OSTU analysis on the integrated data,
the urban built-up area extracted in FIGURE 7,a can be
obtained. If the theoretical radius of the urban built-up area
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FIGURE 6. Urban built-up areas extracted by LuoJia-1A data.

is extracted by the density graph r = 691, the density curve
shows an irreversible declining trend. The area of the urban
built-up area extracted by LJ_POI data based on the density
graph is 401.28 square kilometers, the circumference is 679.3
kilometers, and the perimeter area ratio is 0.59. The number
of extracted urban built-up area patches is 60. The internal
and marginal details of the extracted urban built-up area are
improved, and the extraction of urban built-up area is also
more accurate.

The segmentation threshold of LJ_POI data can be deter-
mined by using the algorithm, which is calculated by the
OSTU algorithm based on the GGM function. When the seg-
mentation threshold T (i) is 633.21, the algorithm achieves the
best effect (FIGURE 7, b). The urban built-up area extracted
from the LJ & POI data based on the OSTU algorithm of the
GGM function is 407.2 square kilometers, with a circumfer-
ence of 643.72 kilometers and an area circumference ratio
of 0.63. The extracted built-up area boundary becomes less
complex. The number of extracted plaques in urban built-up
areas is 53, and not only is the degree of plaque fragmentation
increased compared with that of the single data source but the
void in urban built-up areas is also reduced. All these results
indicate that data integration has improved the extraction of
urban built-up areas in edges and details.

Compared with the urban built-up areas extracted by POI
and Luojia-1A, the urban built-up areas extracted after simple
integration of data are all more accurate in terms of the area,
perimeter, number of patches and edge details.

4) THE URBAN BUILT-UP AREA EXTRACTED AFTER THE
INTEGRATION OF GEOMETRIC MEAN OF THE DATA
The new integrated LJ & POI data (FIGURE 8), are obtained
by the integration calculation of the geometric mean value
between the POI data and the LuoJia-1A data. It can be found

through observation that the LJ & POI data combine the
advantages of two kinds of data: namely, it has the stability
and effectiveness of POI data while further eliminating the
influence of light noise. Comparedwith LuoJia-1A data, LJ&
POI data significantly improve the problem of light spillover.
In addition, the expression of internal details, including urban
streets, is clearer and more complete. Compared with POI
data, LJ & POI data havemore real urban internal expressions
and richer urban boundaries. In general, from the perspective
of the data integration effect, the integrated LJ & POI data
can more accurately express the urban built-up area.

Through the construction of the density graph analysis of
LJ&POI data and the comparison of the relationship between
the added value of LJ & POI density and the theoretical
radius, it is concluded that when r = 738, the density
extracted by the LJ & POI data presents an irreversible
downward trend. The urban built-up area extracted based on
r = 738 is shown in FIGURE 9,a.
The area of the urban built-up area extracted by the LJ &

POI data based on the density graph is 413.46 square kilome-
ters with a perimeter of 669.7 kilometers. The ratio of area to
circumference is 0.62, which shows that the complexity of the
boundary of the extracted urban built-up area is slightly high.
Although the total number of urban built-up area plaques
extracted is as many as 64, the urban built-up area plaques
are well separated, and the internal details of the extracted
urban built-up area are clear, especially in the urban boundary
zone. Due to the improvement of the complexity of the urban
boundary, the effect of extraction is closer to the real situation
of the urban built-up areas, and the urban built-up area is
better expressed.

The segmentation threshold of the LJ & POI data can
be calculated by using the OSTU algorithm based on the
GGM function. It can be seen from the algorithm calcula-
tion that when the segmentation threshold T (i) is 672.38,
the algorithm obtains the best result, so the area with
pixel value greater than 672.38 is the urban built-up area
(FIGURE 9,b).

The area of the extracted urban built-up area extracted by
the OSTU algorithm based on the GGM function of LJ &
POI is 405.05 square kilometers with a perimeter of 635.65
kilometers. The ratio of area to circumference is 0.62, which
shows that the complexity of the boundary of the extracted
urban built-up area is reduced. Although the total number of
plaques extracted from the urban built-up area is as many as
52, the degree of plaque fragmentation in the urban built-up
area is reduced, and the gaps in the urban built-up area are
well compensated within the city. As seen from FIGURE 9,b,
the urban built-up area extracted based on the LJ & POI data
can better express the urban built-up area, and the complex
interference information of the boundary of the urban built-
up area extracted from the integrated data is less, whichmakes
the extracted built-up area closer to the real built-up area
and the internal details of the extracted built-up area closer
to the real built-up area; the inner details of the city are also
improved.
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FIGURE 7. Urban built-up areas extracted by LJ_POI.

FIGURE 8. Integrated LJ & POI data.

B. COMPARISON OF EXTRACTION RESULTS
After the extraction and comparison of the results of urban
built-up areas extracted in the above chapters, it is found that
there are subtle differences among the urban built-up areas
extracted by different data, but their approximate ranges are
the same as shown in FIGURE 10 The subtle difference in
the overall performance among the data sources is that the
effect of urban built-up areas extracted by the integrated data
is better than that of urban built-up areas extracted by a single

data source. In addition, the result of data recognition based
on geometric mean integration is better than the result of
simple data integration recognition. The extracted detailed
built-up area data are shown in Table 1.

According to FIGURE 10 and Table 1, the overall effect of
urban built-up areas extracted after data integration is better
than that before data integration. The extracted urban built-up
area shows that the data effect of geometric mean integration
is greater than that of simple data integration and greater than
that of a single data source, while the same data extracted
based on two different methods shows little difference in the
urban built-up areas.

Comparing the urban built-up areas extracted by POI and
LuoJia1-A data, it can be found that the urban built-up
areas extracted by LuoJia-1A data are superior to the urban
built-up areas extracted by POI data in terms of different
indexes. However, the urban built-up areas extracted by these
two kinds of data also have some shortcomings. First, the
perimeter of the urban built-up areas extracted by POI data
is relatively short, and the details of the boundaries of the
urban built-up areas are relatively simple. The urban built-
up area extracted by LuoJia-1A data is too complicated, with
the number of plaques reaching 96, which seriously interferes
with the extraction of real urban built-up areas.

There is a principle that the living and related auxiliary
facilities in the area with high urbanization are relatively high,
while in areas with lower urbanization, the number of related
facilities is relatively low. Objectively, there will be a sharp
drop in the number of POIs at the boundary of urban built-
up areas extracted by POI data, but, this trend, which mainly
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FIGURE 9. Built-up area extracted by LJ&POI data based on the density graph.

TABLE 1. Urban built-up areas extracted by different data.

depends on the decline of urbanization, is not as obvious in
urban built-up areas because there are still many urban built-
up areas in zones with low urbanization. Not only will urban
built-up areas extracted by POIs have distorted details at the
edges but the extracted urban built-up areas will also be small.
The LuoJia1-A data are based on the principle that the higher
the night-time light value is, the greater the probability that
the relevant area belongs to the urban built-up area. Therefore,
objectively speaking, areas with light value belong to urban
built-up areas; however, for actual urban night-time light,
in addition to the strong light from airports and ports, which
will affect the final built-up area extraction results, there will
also be light overflow and a light hole phenomenon in the
city interior, which will further interfere with the extraction
of urban built-up areas.

Comparing the urban built-up areas extracted by differ-
ent data (FIGURE 10), it is found that although there are
differences in the scope of urban built-up areas extracted

by different data, the main differences mainly exist in
the following four major locations: the Changshui airport
(FIGURE 10,1), Luosiwan(FIGURE 10,2), Chenggong New
Town(FIGURE 10,3), and Xishan District(FIGURE 10,4).
Because the Changshui airport is an aviation center and the
development of other urban-related facilities is slow except
for aviation-related facilities, although there are relatively
large urban built-up area plaques in the results of LuoJia1-
A extraction, the results are quite different from the results
of POI extraction. Although Chenggong New Town, the seat
of the Kunming municipal government and the university
center, has been vigorously constructed in recent years, the
development of relevant urban facilities cannot be compared
with the speed of urban construction, which makes the urban
built-up areas extracted by POI and LuoJia-1A data relatively
smaller because of the impact of urbanization. The situation
of Luosiwan is similar to that of Chenggong New Town.
Due to its proximity to Dianchi Lake and the elegant nat-
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FIGURE 10. Comparison of urban built-up areas extracted by different
data.

ural environment, most of the villas in Kunming are built
in Xishan District; thus, although the urban built-up area
and urban related facilities in Xishan district are gradually
developing, the light intensity value at night is weak, which
leads to great differences in the urban built-up area extracted
by LuoJia-1A data.

C. VERIFICATION AND COMPARISON OF ACCURACY
RESULTS
The verification of accuracy results is the most important step
to test the reliability of experimental results. In this study,
conintegration matrix and overall accuracy are used to verify
the urban accuracy extracted by POI, LuoJia-1A, LJ_POI,
LJ&POI data respectively. The accuracy verification of the
extracted conintegration matrix is shown in Table 2.

As can be seen from Table 2, the highest accuracy in
extracting urban built-up areas by single data is the POI and
Luojia-1A data integrated by geometric mean, and the overall
accuracy verified is 88.8% and 91.4% respectively, and the
Kappa coefficient is 0.91 and 0.86 respectively. The second
highest accuracy is obtained by simply integrating POI data
and Luojia-1A data with the verified overall accuracy of
84.6% and 83.1% respectively, and the Kappa coefficient of
0.77 and 0.79 respectively. The data with the lowest verifica-
tion accuracy are the POI data and the Luojia-1A data with the
verification accuracy of only 73.9% and 74.3% respectively,
and the Kappa coefficient of only 0. 47 and 0.54 respectively,
so the fitting effect is too low.

It can be found through accuracy verification that the over-
all accuracy of single data extraction of urban built-up areas
is general, but the Kappa coefficient is too low, which proves
the limitation of single data extraction in urban built-up areas.
After the integration of POI data and Luojia-1A data, the
accuracy reaches over 85% and the Kappa coefficient reaches

over 0.75, which proves the superiority of data integration
in urban built-up area extraction. Among which, the data
integration method based on geometric mean proposed in this
study has the best effect.

VI. DISCUSSION
In this study, POI data, LuoJia-1A data and integrated data are
used to extract the urban built-up area of the main urban area
of Kunming. This study posits that the urban built-up areas
extracted by the POI data and LuoJia-1A data based on the
density graph and GGM functions of the OSTU algorithm,
respectively, all supplement the deficiencies of the previously
extracted data and methods of urban built-up areas. First, the
use of POI big data based on a density graph is reliable for
extracting urban built-up areas, as this method objectively
eliminates the subjective thresholds set arbitrarily in the pre-
vious data and the scale effect under the spatial scale. The
case study of Kunming proves the value of POI big data
in exploring urban space, especially in urban built-up areas.
Second, the night-time light data of LuoJia-1A are used to
extract urban built-up areas, which, on the one hand,makes up
for the lack of research on night-time light data in small and
medium-sized cities due to the spatial resolution and, on the
other hand, provides a case study on the use of LuoJia-1A
data. The conclusion of this study can be further extended to a
large number of cities in China and provide effective practical
experience for the study of urban built-up areas. Compared
with the latest relevant research results, the overall extraction
accuracy of the global artificial impairment area (GAIA) is
greater than 90% on a global scale [59], while the accuracy
of the urban built-up area extracted in this study is 91.4%,
closing to the overall accuracy of the relevant researchers
conducted by Gong and his team, which shows that the
integrated data of this study has high accuracy in extracting
urban built-up areas, therefore the extracted urban built-up
areas can also be applied to related research and analysis of
urban spatial structure [60]. However, since this study focuses
on the extraction of urban built-up areas at the microscopic
scale under a single city, the coarse resolution of night lights
determines the limitation of the extraction accuracy of urban
built-up areas at the microscopic scale [61], so the results of
this study are more practical in the refined urban scale.

In addition, the integrated LJ & POI data are proposed
in this study based on POI data and LuoJia-1A data, which
provide a better solution. Finally, the new integrated data
have also achieved good results in the practical application
of extraction studies of urban built-up areas, which will play
a useful role in future research on urban built-up areas. How-
ever, compared with traditional data, integrated data have still
been the subject of little research, and further theoretical and
practical research on data integration should be conducted.
This is a process of continuous exploration.

There are still some deficiencies in this study that need to
be further improved. First, in terms of the use of POI big data,
in this study, the weighted measure of POI data in space is
assumed to be consistent, but as a geographic entity point,
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TABLE 2. Conintegration matrix and kappa coefficient.

the entity category represented by each point of POI should
be unequal. It is not discussed here whether there will be
deviations from the existing results in the extraction of urban
built-up areas if the spatial weights of POI data are considered
separately. Second, the data integration method proposed in
this study is not suitable for the analysis of long-term span
evolution because the time series of POI data is very short, but
both the POI data and LJ & POI data in this study include POI
data. Therefore, in future research, multiple data integrations
should be properly considered for the long-term monitoring
of changes in urban built-up areas.

VII. CONCLUSION
Based on POI data and Luojia-1A data, this research proposes
a new method that integrates the two data to extract urban
built-up areas. The built-up areas are extracted by POI data,
Luojia-1A data and the integration of the two kinds of data.
Finally, 1000 random verification points are used to verify
and analyze. Therefore, it can be concluded that data inte-
gration can not only provide a new method and approach for
the extraction of urban built-up areas, but also play an active
role in guiding the actual planning and construction of future
cities.
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