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ABSTRACT The spatial difference between urban and rural areas is the direct result of urban-rural relations.
Accurate identification of urban-rural area is helpful to judge the urban-rural mechanism and promote the
integration development of urban-rural area. Previous studies only used single nighttime light (NTL) data
to identify urban and rural areas, which is likely to have an impact on the identification results due to the
large brightness difference of lights. Therefore, based on NTL data and combine with data level fusion
algorithm, this study separately fuses point of interest (POI) data that representing the quantity distribution of
urban infrastructure and Baidu migration big (BM)data that representing the change relationship of regional
population mobility to identify urban and rural areas by using deep learning method. The results show that
the highest accuracy of urban-rural spatial identification with single NTL data is 84.32% and kappa is 0.6952,
while the highest accuracy identified by data fusion is 95.02% and kappa is 0.8259. It can be seen that the
differences caused by light brightness are effectively corrected after data fusion, which greatly improves
the accuracy of urban and rural spatial identification. By comparing the results of NTL data modified by
different big data, this study analyzes and identifies the accuracy of urban and rural area by using deep
learning method, which not only enriches the study of data fusion in urban area, but also provides a basis
for analyzing regional urban-rural relations and urban-rural development. Therefore, this study is believed
to have important practical value for the coordinated development of urban and rural areas.

INDEX TERMS Urban-rural difference, POI, night light, BM data, Zhengzhou.

I. INTRODUCTION proposal and intensively promotion of strategy for rural

With the acceleration of urbanization, more and more pop-
ulation, especially rural population swarm into urban area,
resulting in the disordered expansion of cities [1], then tradi-
tional urban-rural boundary is becoming too vague to express
the regional differences between urban and rural areas [2],
[3], [4]. On the other hand, rural area has many impor-
tant functions that cannot be replaced by urban area [5],
including but not limited to agricultural production and
environmental protection [6], [7]. The blind expansion of
urban area means the massive encroachment and impaired
function of rural area, which could undoubtedly affect the
sustainable development of urban area [8], [9]. With the
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revitalization and strategy for urban finer governance, the
importance of rural area is becoming more and more obvi-
ous. While the accurate identification of urban-rural area is
the chief precise to achieve the finer governance of urban
area [10], [11].

The accurate identification of urban-rural area means
the accurate distinguishment of urban-rural differences,
which would greatly contribute to the formulation of
demand-oriented policy of different areas [12], so that to
limit the disordered expansion of urban area and protect the
rural area and finally achieve the harmonious development
of both urban and rural area [13], [14]. However, current
studies on the identification of urban-rural area mainly use
indicators including the area of urban built-up area, the popu-
lation size of urban and rural population, and the industrial
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distribution to distinguish the urban-rural area [15], [16],
[17], which resulting in the identified area pays more atten-
tion to entity form without considering the development
difference between urban rural area. Additionally, with the
promotion of urban-rural integration strategy and coordinated
development between regions strategy, more and more rural
area is sharing same spatial characteristics with urban area,
which makes the urban-rural boundary even more vague [18],
[19]. Therefore, the accurate identification of urban-rural
spatial difference is of great practical significance to the
harmonious development of both urban area and rural area.

As one kind of remote-sensing data. Nighttime light (NTL)
data could express the spatial distribution of population
and development status of infrastructures by capturing the
nighttime light brightness generated by human activity and
infrastructures [20], [21]. Therefore, NTL data is widely used
in studies on the analysis of human activities and on the esti-
mation of socio-economic indicators [22], [23]. Using NTL
data, scholars has successfully identified urban built-up area
and observed human activities among different cities in years
[24], [25], which all benefits to the obtaining of the difference
of human activities in different period [26]. Besides, schol-
ars have also analyzed the internal spatial structure within
urban area [27], including the identification of urban center
and delineation of urban boundary by using NTL data [28],
[29]. Additionally, the development status of different cities
in different period has also been successfully comparative
analyzed by using NTL data [30], [31]. However, on the
other hand, there is an oversaturation problem in the practical
application of NTL data in urban space [32], [33]. Therefore,
in order to improve the heterogeneity of urban interior space,
researchers often use normalized difference vegetation index
(NDVI) to correct the oversaturation of nighttime light [34],
[35]. However, in some cities with rapid urbanization process,
vegetation in the saturated area generally does not change
significantly in a short period of time [36], and such methods
rarely take the interference of human activity intensity and
other factors into account [37], [38]. Therefore, this study
uses the composite index of vegetation and human activity to
modify NTL data, taking into account the impact of human
activity intensity while improving the spatial heterogeneity
within the city.

In October 2018, Wuhan University launched the
Luojia-01 experimental satellite, which began to provide
high-resolution nighttime light data with a spatial resolution
of 130 meters. The great improvement in spatial resolution of
the Luojia-01 data makes it possible to evaluate the urban
internal spatial structure in a fine way [39]. Additionally,
the higher spatial resolution makes the urban internal spatial
structure reflected by the Luojia-01 more complete. There-
fore, it can be concluded that Luojia-01 data have changed
the study emphasis of NTL data from focusing on urban
agglomerations and metropolitan areas to focusing on a single
city [40], [41]. However, although NTL data could relatively
represent the urban internal structure, there is a light spill
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phenomenon [42], [43], which means that the areas with
nighttime light are larger than actual urban areas [44], [45].
Therefore, studies that aim to improve the extraction accuracy
of NTL data have been conducted [46].

Compared with traditional data, big data not only has the
advantages of wider sampling range and faster collection
speed [47], but it has also been found that there is a strong
perceived fit between big data and the urban internal structure
[48], [49]. At present, there are three kinds of spatial location
big data that are widely used in studies related to urban space,
including POI data [50], cellular signaling data and popula-
tion migration data [51], [52]. Among which, POI data are a
dataset where different urban entities are extracted in virtual
geographical space, with which urban functions with differ-
ent attributes can be represented by the construction of POI
data [53], [54]. POI data is used to delineate urban boundary
and to identify urban centers with different functions [55].
As for BM data, it can reflect the population flow in different
regions by reflecting the degree of population agglomeration
in specific period on the map [56]. Additionally, this study
analyzes the spatial vitality of different regions through the
population heat provided by BM data [57]. Therefore, it can
be concluded that there is a strong relevance between POI
data and NTL data in urban-related studies. Therefore, POI
data and NTL data have been fused by researchers in the hope
of obtaining a better observation effect on urban space after
data fusion [58].

Although there is a significant difference among infor-
mation provided by different data, it is becoming increas-
ingly harder for single-source data to accurately represent the
complex information within urban cities, so it has become
increasingly popular to use different source data to modify
NTL data to perform studies related to urban cities [59].
Data fusion refers to the fusion of multiband information
from the same sensor and refers to the fusion of different
types of sensors to remove the redundancy and contradiction
that might exist among different sensors, hoping to perfect
the timeliness and reliability of remote sensing information
extraction to obtain a more defined, more secure, and more
reliable estimation and judgment than single-source data
[60], [61]. In order to identify urban and rural area more
accurately, this study attempts to fuse POI data, BM data
and NTL data through deep learning method, to make up
for the deficiency of single-source data. Then the results
of different data compensating for NTL data are verified.
Finally, feasible methods and paths for urban and rural spatial
identification are proposed. By accurately identifying urban
and rural space, this study enriched the theoretical study on
urban and rural differences on the one hand. On the other
hand, it is also believed that the accurate identification of
urban and rural space area would undoubtedly contribute
to the accurate judgment of urban-rural differences, thus
providing a theoretical foundation for regional governance
and policy-making regarding the harmonious urban-rural
development.
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Il. MATERIALS AND METHODS

A. STUDY AREA

The study area is located in the main urban area of Zhengzhou
City, Henan Province, China, including Jinshui District,
Zhongyuan District, Guancheng District, Erqi District,
Huiji District, Shangjie District and Xingyang City. As the
core area of Zhengzhou, the urbanization process of the
main urban area of Zhengzhou has accelerated significantly
in recent years. By the end of 2020, the urbanization rate
of the main urban area of Zhengzhou is 78.40%, ranking
first in Central China. The rapid urban modernization has
intensified the expansion of urban space in the main urban
area of Zhengzhou, constantly occupying rural space, and
highlighted the contradiction between urban and rural areas,
which makes the case study of Zhengzhou representative
[62]. This study identifies the urban-rural spatial area of the
main urban area of Zhengzhou, helps to understand the cur-
rent situation of urban-rural development, and provides fea-
sible suggestions for the healthy development of urban-rural
integration in Zhengzhou.
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FIGURE 1. Study area.

B. STUDY DATA
The study data used in this study are mainly NDVI data,
Luojia-01 NTL data, POI data and BM data.

The NDVI data are obtained from MODIS with a spatial
resolution of 250m and a temporal resolution of 16d. The
average NDVI data of 2020 can be obtained by averag-
ing the acquired images. Luojia-01 data, provided by the
Luojia-01 experimental satellite, can be downloaded for free
at http://59.175.109.173:8888/Index.html. Compared with
DMSP/OLS and NPP/VIIRS NTL data, Luojia-01 NTL data
have a resolution of 130 m and a width of 20 km, which
enable Luojia-01 NTL data to be more perfect in spatial scale
analysis. Additionally, the finer numeric features of NTL
data greatly improve its extraction ac-curacy within urban
space. The NTL data of Zhengzhou from October 2018 to
October 2021 were obtained for this study after accessing
the website mentioned above, and the preprocessing figure
of Zhengzhou NTL data (Figure 2) was obtained after con-
ducting radiation correction and monthly average processing
on all the obtained NTL data.
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FIGURE 2. Preprocessing result of NTL data in Zhengzhou main urban
area.

POI data refer to the point dataset in a networking elec-
tronic map, which consists of four attributes: name, address,
coordinate and category [31]. At present, numerous map
companies, such as Baidu Maps, Amap and QQ Maps, have
provided developers with API (application programming
interface) access services, which allow users to sense all
kinds of reasonable data. By accessing the API provided by
Baidu maps (www.baidumap.com), this study sourced POI
data from Zhengzhou in December 2021, and the category
and quantity of POI data were 22 and 623,354, respectively.
After screening, duplicate checking, filtering and cleaning all
the obtained POI data, the category and quantity were 16 and
385,632, respectively. The quantity and spatial distribution of
POI data in Zhengzhou are shown in Figure 3.
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FIGURE 3. The quantity and spatial distribution of POI data in Zhengzhou
main urban area.

BM data can directly represent the spatial distribution, den-
sity, and variation trend of regional population by represent-
ing the color depth and brightness of the data, so as to reflect
the important data source of regional population change.
Since BM data correspond to different spatial resolutions
according to different levels, the 130m spatial resolutions
of POI data and NTL data are considered in this study.
The migration data from January to December 2020 were
obtained by accessing Baidu Map API. After average pro-
cessing of the obtained data, the population heat distribution
in the main urban area of Zhengzhou is obtained, as shown
in Figure 4.
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FIGURE 4. BM data of the main urban area in Zhengzhou.

C. STUDY METHODS

1) COMPOUND EXPONENTIAL MODEL ADJUSTED
NIGHTTIME LIGHTS INDEX

As a spatial domain weighted fusion algorithm, the image
fusion technology of PCA is to remove the redundant
information in the source image by the principal compo-
nent decomposition method to obtain the principal compo-
nent components and the corresponding eigenvalues of each
source image, and then determine the corresponding weight-
ing coefficients, and finally obtain the fused image [56], [57],
[58]. This method outperforms other non-multiscale fusion
methods. As the NTL data value gradually decreases from
the urban center to the suburbs, while the vegetation coverage
gradually increases from the urban center to the suburbs [63],
after normalization, the difference between nighttime light
intensity and vegetation coverage shows a trend of gradually
decreasing from the urban center to the suburbs [64]. The
VANUI index of nighttime light data modified by NDVI is
as follows:

VANUI = (1 — NVDI) % NTL 1

Although the light index NTL gradually decreased from
the urban center to the suburbs, while the vegetation index
NDVI gradually increased from the urban center to the sub-
urbs, 1-NDVI changes the trend of NDVI to be the same as
that of NTL and improves the spatial heterogeneity within
urban area. Therefore, VANUI index could increase the DN
value within urban area. Additionally, the DN value gradually
decreases to the suburbs, which enhances the heterogeneity of
inner urban space [65].

It has been shown by related studies that from rural areas
to urban centers, with the increase of distance, the increase
of population density is not a single linear growth, but a
nearly reverse change based on light intensity and vegetation
index [66]. Therefore, considering the change of population
density, this study proposes a composite index model CEANI
to modify NTL index, whose formula is:

ks ZENTL=NDVI)
CEANI = ¢ " 2-WNTL-NDVI) % NTL 2)

Among them, NTL and NDVI are normalized data, and
the value of NTL-NDVI ranges from —1 to 1, showing a
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gradual increasing trend from suburbs to urban centers. When
the value of NTL-NDVI is zero, this area is mostly the
transition zone between urban centers and suburbs. Taking
this transition zone as the critical point, the closer it is to
the urban center, the greater its saturation degree would be.
Therefore, it can be concluded that the distribution trend of
composite urban population density has higher modification
value for NTL data on the premise of reflecting urban spatial
heterogeneity.

2) MULTI-SCALE TRANSFORM DOMAIN FUSION ALGORITHM
Image fusion algorithms include data level image fusion,
feature level image fusion and decision level image fusion
[67], [68]. Among which, data level image fusion has become
one of the key directions of current image fusion study since
data level image fusion can not only retain as much origi-
nal data as possible but can provide subtle information that
other fusion methods cannot provide [69]. Data-level fusion
includes space domain algorithm and transform domain algo-
rithm, and wavelet transform is the most important method in
spatial domain transformation algorithm [70].

Wavelet transform can achieve image fusion by scaling
and shrinking different images at different scales, so as to
extract the feature information of the image. The unique
time-frequency scaling window of wavelet transform can not
only retain the feature part of the image, but also reflect the
multiple features of different source data after fusion. Thus,
wavelet transform has more significant advantages in data
fusion [71]. The formula of wavelet transform is:

+00
1 —-b
WT (e, r)=f(t)<p(t)=ﬁf(t) / w(tT)dt (&)

where, f(¢) is the signal vector, ¢() is the wavelet function,
« controls the scaling of the wavelet function, T controls the
translation of the wavelet function, and b is the parameter.

The main idea of Formula 3 is to perform translation t
in the wavelet function firstly, and then do inner product
with the analysis signal f(¢) at different scales « to achieve
multi-scale image fusion. In the actual fusion process, the
original images such as NTL data, POI data and BM data
are decomposed by wavelet to obtain a series of sub-images
of different high and low frequency bands, which can reflect
the local features of the image. Then, different high and
low frequency components are processed by different fusion
rules. Finally, the fused images can be obtained by inverse
wavelet transform.

3) IMAGE FEATURE EXTRACTION BASED ON U-NET

The identification of urban and rural spatial scope is
essentially the classification and extraction of urban and
rural spatial characteristics. On the other hand, deep learn-
ing has obvious advantages in image feature extraction,
firstly, the main feature and advantage of deep learning
is that it can greatly improve the interpretation of data
by learning the inherent laws and representation levels of
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sample data so as to achieve accurate extraction of image
features [72]. Additionally, the high-efficiency algorithm
replaces the previous manual calculation, which makes the
extraction of image feature information simpler and more
efficient [73], [74].

As a method of deep learning, U-net is a segmentation
network based on feature extraction evolved from the fully
convolutional network (FCN). Compared with other neural
networks, such as convolutional neural network (CNN) and
FCN, U-net can solve the problems of less fuzzy segmenta-
tion results and longer training time in jumping layer structure
by transforming the input size of the image [75], [76]. Addi-
tionally, U-net can not only reflect the global information of
the image, but also reflect the details of the image, which
makes it possible to greatly improve the accuracy of image
features [77].

The main idea of U-net extracting image features is to
learn and train the sample data with urban and rural spatial
characteristics respectively by using the officially published
urban and rural spatial range data, then the index of each
item can be obtained and the final training weights need to
be saved, and finally the test data need to be read into the
network for verification, so as to identify different images
with the set network, and the urban and rural space of different
images could be finally obtained.

The main process of urban and rural spatial identification
is shown in Figure 5.
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FIGURE 5. Framework of study methods.

The study ideas of this study are as follows :(1) perform
desaturation on NTL data to obtain desaturated NTL data, and
then identify urban and rural areas through U-net. (2) The
desaturated NTL data and POI data are fused at the data level
by wavelet transform, and then the urban and rural areas are
identified by U-net. (3) The desaturated NTL data, POI data
and BM data are fused by wavelet transform, and then the
urban and rural areas are identified by U-net. (4) The different
urban and rural area identified by different data fusion are
verified and compared, and the conclusion of this study could
be got.
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FIGURE 6. NTL data modified by CEANI index.

Ill. STUDY RESULTS

A. URBAN-RURAL AREA OF ZHENGZHOU IDENTIFIED BY
DIFFERENT DATA

1) MODIFICATION OF NTL DATA

The NTL data modified by the CEANI index is shown
in Figure 6. From the comparison between Figure 6 and
Figure 2, it can be found that the oversaturation of NTL
data has been modified to a certain extent, and the internal
contour and spatial heterogeneity of the urban area have
been highlighted, especially in the main areas of population
activities with high nighttime light values such as in Jinshui
District, high-speed railway stations and university town.

2) URBAN-RURAL AREA OF ZHENGZHOU IDENTIFIED BY
NTL DATA

NTL data distinguish urban and rural space by light bright-
ness, that is, the areas with high light brightness are urban
areas, and the areas with low light brightness are rural areas,
which is also the main manifestation of urban-rural develop-
ment difference. By analyzing desaturated NTL data, it can
be found that the high NTL values are mainly concentrated in
Jinshui District, Zhengzhou railway station of Erqi District,
the college town of Zhongyuan District and the Zijingshan
trading area of Guancheng District, while the NTL values in
other districts are relatively lower such as Shangjie District
and Xingyang District. Therefore, it can be seen from the dis-
tribution of high and low NTL values that there is a significant
spatial difference in the spatial development of Zhengzhou
urban-rural area.

In this study, U-net is used to extract image features and
the urban-rural area identified is shown in Figure 7. Figure 7
shows that the area identified by NTL data mainly has the
following features. First, the area of urban-rural space iden-
tified by NTL data is 512.69 and 1514.51 km?, respectively,
accounting for 25.29% and 74.71% of the whole urban-rural
area of Zhengzhou, we can find that the urban space identified
by NTL data is smaller than the rural area, accounting for
66.33% of the whole urban-rural area of Zhengzhou. Second,
the identified urban area is mainly concentrated in Erqi
District, Guancheng District, Zhongyuan District and Jinshui
District, while the identified rural area is mainly concentrated
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in Xingyang city and Xinzheng District, so we can see that
the identified spatial distribution is similar with the spatial
distribution of NTL high and low values. Third, from the
perspective of identified urban areas, the uneven distribution
of light brightness leads to the fragmentation of urban cluster
patches to a certain extent, and some rural patches are also
identified in urban areas. Additionally, the identification of
urban-rural boundary is too complicated due to the irregular
edge of nighttime lights and the excessive brightness of some
roads. Generally, although the urban and rural area identified
by NTL data is obvious, the urban cluster is scattered, the
fragmentation of urban patches is more serious and the urban-
rural boundary is too complex, which all call for subsequent
studies to perfect the identification results.

i) NTL Rural
Z7Z) NTL Urban <t
| NTL Urban-Rural Boundary

T — T

FIGURE 7. Urban-rural area of Zhengzhou identified by NTL data.

3) IDENTIFIED URBAN AREA OF ZHENGZHOU AFTER
MODIFYING NTL DATA WITH POI DATA
There is a deep connection between the distribution of POI
data and development level of urban city; that is, the more
concentrated the POI data are, the higher the development
level will be. The number and spatial distribution of POI data
in Zhengzhou are shown in Figure 3. Figure 3 shows that
POI is mainly distributed in the most areas of Erqi District,
Zhongyuan District, Guancheng District and Jinshui District,
as well as a small amount area of Shangjie District and
some areas of Xingyang City. Compared with NTL data, the
quantity and spatial distribution of POI data more directly
reflects the difference between urban and rural areas.
Wavelet transform is firstly used in this study to fuse
POI data and NTL data and the fused image is shown in
8.a, then this study uses U-net to extract the features of
fused images and the identified urban-rural area is shown in
Figure 8.b. Figure 8.b shows that the area identified after the
fusion of POI data with NTL data mainly has the follow-
ing features. First, the area of urban-rural space identified
by NTL-POI data is 544.32 and 1482.97 km?, respectively,
accounting for 26.85% and 73.15% of the whole urban-rural
area of Zhengzhou, we can find that the urban space identified
by NTL_POI data is bigger than that identified by NTL
data, accounting for 70.41% of the whole urban-rural area
of Zhengzhou. Second, although the urban area identified
by NTL_POI data is mainly concentrated in Erqi District,
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FIGURE 8. Identified urban area of Zhengzhou after modifying NTL data
with POI data.

Guancheng District, Zhongyuan District and Jinshui District,
there are only single urban area clusters in both Xingyang city
and Xinzheng District. Third, from the perspective of identi-
fied urban areas, not only did the number of rural clusters
identified within urban clusters significantly decrease, but
also the degree of patch fragmentation and the complexity
of urban-rural boundaries also decreased. In general, the
results of urban-rural area identified by NTL_POI data are
significantly improved.

4) IDENTIFIED URBAN AREA OF ZHENGZHOU AFTER
MODIFYING NTL DATA WITH BM DATA

NTL data and POI data mainly use static factors to iden-
tify urban and rural area, which cannot reflect the dynamic
changes within urban and rural area. While, on the other hand,
BM data reflects the population change in a certain period,
which is more obvious in urban areas than in rural areas.
It can be seen from Figure 4 that the thermal high values are
concentrated in Erqi District, Zhongyuan District and Jinshui
District, while the thermal values are not obvious in other
regions.

In this study, BM data and NTL data are firstly fused
by wavelet transform and the fused image is shown in 9.a,
then the features of fused images are extracted by U-net, and
the identified urban and rural area is obtained as shown in
Figure 9.b. Figure 9.b shows that the area identified after
the fusion of POI data with BM data mainly has two fea-
tures. First, the area of urban-rural space identified by fused
BM_NTL data is 561.37 and 1465.83 km?Z, respectively,
accounting for 27.69% and 72.31% of the whole urban-rural
area of Zhengzhou, we can find that the urban space identified
by BM_NTL data is bigger than that identified by POI_NTL
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TABLE 1. Comparison of urban areas identified by different data.

Urban Area  Urban Area/Municipal Area Urban Built- Urbag Area/Urban
up Area Built-up Area
NTL 512.60 25.29% 772.97 66.33%
POI_NTL Data 544.23 26.85% 772.97 70.41%
BM NTL Data 561.37 27.69% 772.97 72.63%

(@) |

Nighttime_Heat Map & i

2 N_BRural
77 N_B Utban™==
\__ N_B Urban Rural Boundary

FIGURE 9. Identified urban area of Zhengzhou after modifying NTL data
with BM data.

data,, accounting for 70.41% of the whole urban-rural area of
Zhengzhou. Second, although the patches and boundaries of
urban and rural areas identified by BM_NTL data are similar
to those identified by POI_NTL data, patches of urban space
identified by BM_NTL is obviously correlated with each
other.

B. COMPARATIVE VERIFICATION OF THE

IDENTIFICATION RESULTS

1) COMPARATIVE ANALYSIS OF THE

IDENTIFICATION RESULTS

It can be seen from Table 1 that the area of urban space
identified by NTL data is 512.69 km?, accounting for
25.29% of the whole urban area of Zhengzhou and for
66.33% of Zhengzhou’s whole urban built-up area; while the
area of urban space identified by the fused POI_NTL data is
544.23 km?, accounting for 26.85% of the whole urban area
of Zhengzhou and for 70.41% of Zhengzhou’s whole urban
built-up area; and the area of urban space identified by the
fused BM_NTL data is 561.37 kmZ, accounting for 27.69%
of the whole urban area of Zhengzhou and for 72.63% of
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Zhengzhou’s whole urban built-up area. Therefore, it can be
concluded that from the area of the identified urban space,
although the area identified by the fused BM_NTL data is
the largest, the improvement of BM_NTL data on urban area
identification results is not as obvious as POI_NTL data.

From the identification results of NTL data, POI data
and BM data, there is a high degree of similarity in macro
geographical space among these three data, they also directly
reflect the urban internal spatial structure, which helps to
distinguish urban and rural space more obvious., Secondly,
from the urban center to the edge of the city and even to
the rural areas, the values of the three kinds of data all
show a declining trend. Additionally, the results of the urban
and rural area identified by POI_NTL data is similar to that
identified by BM_NTL data. In general, different data can
accurately identify the urban internal spatial structure.

By comparing the urban and rural areas identified by dif-
ferent data (Figure 10), it can be found that since the NTL data
only has the unique attribute of nighttime light brightness, the
NTL data identifies the area with high light value as urban
area, identifies the area with low light value or no light as
rural area, which will cause errors in the identification results
to a certain extent. Specifically, on the one hand, only a small
amount of light is generated in residential and commercial
areas inside the city at night, resulting in obvious light holes
in urban space. While these light holes are often identified as
rural space by NTL data. On the other hand, as NTL data often
show discontinuity in areas with rapid decline in light value,
that is, there is a great difference in light value change at
the urban-rural edge, which makes the urban-rural boundary
identified by NTL data more complicated and inconsistent
with the actual situation of urban-rural spatial development.
Additionally, in the process of identifying urban and rural
area, the level of NTL value cannot reflect the possible con-
nection between urban and rural areas, especially the mutual
flow of population.

After the fusion of POI data, the fused POI_NTL data fur-
ther comprehensively analyzes the concentration of POI num-
ber in the process of identifying urban-rural area rather than
only considering the nighttime light brightness. Figure 10
shows that the fused POI_NTL data has the following two
characteristics: First, the number of interlacing rural patches
is decreasing, that is, the overall patch fragmentation is
improving. The reason is that POI data are also widely
distributed in some areas with weak light at night, which
weakens the impact caused by light holes. Secondly, near the
main road connecting urban and rural area, due to the needs
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FIGURE 10. Comparative analysis before and after data fusion.

of urban development, although these places will generate
strong light brightness at night, which will form a high con-
centration of NTL value around the road, there is almost no
distribution of POI data next to the road, which reduces the
complexity of the identified urban-rural boundary. In short,
essentially speaking, the fused POI_NTL data is still a static
element, which needs to supplement the mutual flow of
dynamic elements within urban-rural area.

While the fused BM_NTL data combines the population
change with the original light attribute of NTL data, which
makes the identified urban area take light intensity and area
population change into account at the same time. For exam-
ple, although there is high light intensity in industrial and
business office areas, the population flow is relatively small.
From the identified urban spatial patches and urban-rural
boundaries, there is no significant difference in the identi-
fication results between the fused POI_NTL data and the
fused BM_NTL data. The reason is that both data correct the
misjudgment of single NTL data to a certain extent. Although
POI data is through the quantitative difference of urban and
rural infrastructure, BM data is through the population mobil-
ity in urban and rural areas. By further analysis of urban and
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rural patches identified by different data, it can be found that
the number of urban spatial clusters identified by NTL data
is the largest, and the existence of each cluster is relatively
isolated, although the number of urban patches identified by
the fused POI_NTL data is significantly reduced, there is
no connection between each patch. While the urban patches
identified by the fused BM_NTL data are obviously con-
nected by a linear space. The reason is that the population
flow in the regional area is often connected, and such vir-
tual connection in geographical space is identified as urban
area.

In general, although NTL data, POI data and BM data
all can represent urban spatial structure, different data play
different roles. The advantage of NTL data is to distinguish
urban and rural areas through the difference of light bright-
ness, but the difference of light brightness will have an impact
in turn on the identification results. While the fused POI_NTL
data and the fused BM_NTL data not only consider the
level of urban development but also take into account the
actual conditions of different cities including infrastructure
distribution and population flow, which greatly modify NTL
data and make the urban and rural areas better identified.
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TABLE 2. Verification results of confusion matrix.

Verification Data

Spatial Distribution of

Data Source Random Pixel Verification Points Population
Urban Rural Accuracy Kappa Accuracy Kappa

Urban 821 179

NTL 83.959 0.6952 84.329 0.6014
Rural 142 858 % &
Urb 933 67

POI NTL roan 94.20% 0.8013  95.02% 0.8003
Rural 49 951
Urban 944 56

BM NTL 93.45% 0.8059 93.47% 0.7893
Rural 75 925

2) PRECISION VERIFICATION OF IDENTIFICATION RESULTS
Since the changing state of urban and rural area, it is very
complicated to verify the identification results, traditional
verification methods such as urban built-up areas cannot
accurately verify urban-rural area. Therefore, this study using
two kinds of data to verify the identification results. The
first data is population spatial distribution data, since there is
a significant difference between urban and rural population
density, this data can be used to verify the identification
result. The population spatial distribution data used in this
study are derived from the spatial grid distribution of China’s
resident population at the end of 2020. Second data is ran-
dom pixels. A total of 2000 random pixels in Zhengzhou
are selected to verify the urban-rural area identified in this
study, of which 1000 pixels are training data and 1000 pixels
are verification data. After conducting field visits with the
help of Google Earth high-resolution image data, all 2000
pixels are verified to be located within the urban-rural area
of Zhengzhou. The confusion matrix obtained according to
the verification results is shown in Table 2. The precision
in Table 2 is the proportion of all the pixels that have been
successfully verified. While the kappa coefficient is used to
verify classification precision to further track consistency, the
possible values of the kappa coefficient range from —1 to 1;
the closer the value is to 1, the better the extraction will be.

As can be seen from Table 2, the results of random pixel
verification points and population spatial distribution data
test are roughly similar, indicating that this study has high
credibility. Additionally, as seen from Table 2, the precision
of the urban-rural area identified by NTL data, POI_NTL data
and BM_NTL data are 84.32%, 95.02% and 93.47%, with
kappa coefficients of 0.6952, 0.8013 and 0.8259, respectively.
It can be concluded that although the identification precision
obtained by the fused POI_NTL data and BM_NTL data have
an edge over that obtained by the single-source NTL data, the
accuracy difference is not obvious.

IV. DISCUSSION
In this study, the characteristics of NTL data, POI data and

BM data within urban-rural area are analyzed first, and then
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the advantages and disadvantages of identifying urban-rural
areas by NTL data are used for reference to fuse POI data
and BM data to improve identification accuracy after data
fusion by using deep learning method. After competitive
analysis of the urban-rural area identified by NTL data with
that identified by the fused POI_NTL data as well as by the
fused BM_NTL data, it can be concluded that compared with
identifying the urban-rural area by single-source data, the
result identified by data fusion is superior.

Although NTL data are one of the commonly used types of
data in urban-related studies, the deficiency of NTL data leads
to large errors in the study results of urban-rural identification
[78]. Moreover, there is light overflow and oversaturation
in NTL data. Therefore, researchers began to try to fuse
urban big data to improve the accuracy of NTL data in urban
space on the basis of considering the strong spatial corre-
lation between big data and NTL data in urban space [79].
Among which, it is more common to fuse POI data with NTL
data to extract urban built-up areas and to delineate urban
agglomeration boundaries, etc. The accuracy of some studies
even reaches more than 95%, indicating the high accuracy
of data fusion in urban-related studies and making a great
contribution to the study of data fusion [80], [81]. On the basis
of referring to relevant studies, this study verifies the previ-
ous conclusions through case analysis. Although the highest
accuracy achieved in this study is 95.02%, which is close
with the highest accuracy of other studies [82], then this study
further compares and analyzes the fusion of different big data
with NTL data. The results show that unlike other results
obtained by other studies (the more data used, the higher
the accuracy of the results will be), there is no significant
difference in big data’s modification on NTL data in this
study, which indicates that while big data modifies NTL data,
NTL data also modifies the two kinds of big data, so the final
difference is not obvious.

The traditional identification and extraction of urban-rural
areas mainly depends on the subjective will of the government
or the use of socioeconomic and statistical data [83]. The
extensive application of remote sensing data represented by
NTL has made the identification of urban-rural area gradually
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move toward quantitative analysis. However, NTL data can
only judge whether a certain area is an urban area simply by
capturing the nighttime light brightness generated by urban
infrastructure, which ignores the actual social development
of urban space. This study fuses POI data that can represent
the development of urban functions with NTL data and fuses
BM data that can represent the population flow within urban
area by using wavelet transform algorithm, and the rural and
urban areas are identified by U-net of deep learning, which
comprehensively considers the relationship between urban
infrastructure and population flow, making the related studies
of data fusion and deep learning play a greater advantage in
the application of urban and rural spatial identification.

However, there is no doubt that there are some limitations
in this study, which are mainly reflected in the fact that the
development and change of urban areas are dynamic, and
the scope of urban-rural areas will change dramatically with
the development of the city. Therefore, to better identify
urban-rural area and better serve urban planning and con-
struction, it is necessary to identify the scope of urban-rural
area in different periods of time to analyze the relationship
between the spatial changes and urban development and fur-
ther propose better strategies and plans conducive to urban
development. Additionally, although this study fuses different
big data and analyzes the differences of the identified urban
and rural areas after data fusion, big data itself also has certain
shortcomings, so the shortcomings of different data should
be considered in the next study to minimize the error of data
fusion.

V. CONCLUSION

Accurate identification of urban and rural area is an impor-
tant prerequisite for judging the urbanization process and
analyzing the relationship between urban and rural areas.
Combining with the spatial characteristics of NTL data, POI
data and BM data, this study fuses POI data and BM data
respectively with NTL data on the identification of urban-
rural area by using wavelet transform, then the characteristic
of urban and rural areas are identified by using deep learning
method. The highest identification accuracy obtained by NTL
data is 84.32%, and the kappa coefficient is 0.6952. The
highest identification accuracy of POI_NTL data is 95.02%,
the Kappa coefficient is 0.8013, and that of BM_NTL data
is 93.47%. Kappa coefficient is 0.8059. It can be concluded
that after data fusion, urban infrastructure distribution and
population flow are taken into comprehensive consideration,
which effectively eliminates the error caused by single light
brightness to the results and significantly improves the iden-
tification results. However, there is little difference between
the results identified by the fused POI_NTL data and the
BM_NTL data, which is mainly caused by the noise of big
data itself.

In general, this study effectively modifies NTL data with
urban big data, and explores a feasible method for identifying
urban and rural area. The accurate Identification of urban and
rural area is conducive to judging the differences between
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urban and rural development, putting forward differentiated
development strategies for urban and rural development, and
promoting harmonious development between urban and rural
areas.
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