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Abstract: The accurate delineation of urban agglomeration boundary is conductive to not only the
better understanding of the development relationship between cities in urban agglomeration but
also to the guidance of regional functions as well as the formulation of regional management policies.
At the same time, the fusion of land relations and urban internal relations can greatly improve the
accuracy of the delineation of urban agglomeration boundary. Still, for all that, previous studies
delineated the boundary only from the perspective of land relations. In this study, firstly, wavelet
transform is used to fuse Night-time Light data (NTL), POI (Point of Interest) data and Tencent
Migration data, respectively. Then, the image is segmented by multiresolution segmentation to
delineate the urban agglomeration boundary of GBA. Finally, the results are verified. The results
show that the accuracy of urban agglomeration boundary delineated by NTL data is 85.57%, with the
Kappa value as 0.6256, respectively. While, after fusing POI data, the accuracy is 88.97%, with the
Kappa value as 0.7011, respectively. What is more, the accuracy of delineating urban agglomeration
boundary by continuous fusion of population movement data reaches 93.60%, and that of Kappa
value as 0.8155. Therefore, it can be concluded that compared with delineating the boundary of
urban agglomeration only based on land relations, the fusion of population movement data of
urban agglomerations by wavelet transform strengthens the interconnection between cities in urban
agglomeration and contributes to the accurate division of urban agglomeration boundaries. What
is more, such accurate delineation not only has important practical value for optimizing the spatial
structure of urban agglomerations, but also assists in the formulation of regional management and
development planning policies.

Keywords: urban space; population movement; image fusion; wavelet transform; urban expansion

1. Introduction

Urban agglomeration is a brand new regional areal unit for a country to participate
in global competition and international division of labor, and it is the most dynamic
and potential growth pole in economic development [1]. China’s unique institutional
environment makes the spatial evolution texture of Chinese urban agglomerations different
from that of western countries, so as the scope and scale of it [2]. However, as an urban
system with complex internal urban ecology, information exchange and so on [3,4], urban
agglomeration would play an important role in both country and region with a greater
impact far beyond the administrative boundaries no matter whether in China or a western
country. Therefore, the accurate boundary delineation is of great significance to optimize
the spatial structure of urban agglomeration.
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However, it is a pity that there is still no unified delineation standard for the bound-
aries of urban agglomerations at present, instead, the boundary delineation in different
urban agglomerations around the world is relative and somehow of local regional char-
acteristics [5]. For China, it is increasingly difficult to delineate the boundary of urban
agglomerations accurately. The reasons are as follows: first, the level of output, per capita
output value, innovation input and urbanization process of China’s urban agglomerations
are far lower than those of global urban agglomerations except for its administrative area;
second, the rapid urbanization in China in recent years has accelerated the evolution of
urban agglomerations [6]. Therefore, it is an important prerequisite to study and under-
stand urban agglomeration and the key to spatial optimization and governance of urban
agglomeration in the future to determine the scope and boundary of urban agglomeration
through scientific and accurate methods [7].

As basic data representing ground information, remote sensing satellite images are
one of the most extensive bases for studying urban spatial structure. With the advantages
of high resolution and fast collection speed, remote sensing satellite images gradually
replace the traditional statistical data on economy and population [3]. While as the most
common remote sensing data, NTL data could represent the intensity of urban activities
and further represent the distribution characteristics of urban population and economy
as well as evaluate the level of urbanization [8–10]. The NTL data including Defence
Meteorological Program Operational Line-Scan System/Suomi National Polar-orbiting
Partnership/Visible Infrared Imaging Radiometer Suite and Luoojia-01 are used by re-
searchers to refer to and further carry out the identification of urban spatial structure [11],
the comparison of urban development level [12], the extraction of urban built-up areas [13],
and the delineation of urban boundaries [14], etc. On the one hand, the spatial resolution
of Defence Meteorological Program Operational Line-Scan System data is only 1000m,
which is so low that the research of Defence Meteorological Program Operational Line-Scan
System data in urban space is not refined enough. Moreover, the time span of Defence
Meteorological Program Operational Line-Scan System data is only from 1992 to 2013, so
the time scale is too early to reflect the drastic changes of current urban space [15]. While,
the appearance of Suomi National Polar-orbiting Partnership/Visible Infrared Imaging
Radiometer Suite data improves the spatial resolution of NTL data from 1000 to 500 m. At
the same time, NPP/VIIRS data can provide longer-time series of observation data, which
all have made great progress in related studies of urban space [16]. However, for the study
of urban space, the spatial resolution of 500 m is still too high, which makes the research
of Defence Meteorological Program Operational Line-Scan System and Suomi National
Polar-orbiting Partnership/Visible Infrared Imaging Radiometer Suite data focus more on
the spatial scope of large geographic scale of metropolitan circle and urban agglomera-
tion [17,18]. In October 2018, the emergence of Luojia-01 data provided new possibilities for
detailed research on urban space. Compared to the Defence Meteorological Program Oper-
ational Line-Scan System and Suomi National Polar-orbiting Partnership/Visible Infrared
Imaging Radiometer Suite data, with the spatial resolution of 130 m, Luojia-01 data greatly
improve the observation precision of the urban space, higher observation precision also
makes the study of NTL in urban space shift from large geographic scales such as urban
agglomeration and metropolitan circle to small and medium geographic scales [19,20].
However, due to the short time series of Luojia-01 data, less observation images can be
provided, making it difficult for Luojia-01NTL data to be applied in multiperiod simulation
of urban spatial structure [21].

At present, as a widely used geospatial data, POI data mainly expresses the spatial
form of urban functions by reflecting the density range of the data in geographic space,
which has a good application in the extraction of urban built-up areas and the identifi-
cation of urban centers [22,23]. However, the relatively single attribute of POI density
not only makes the study of POI data in urban space focus more on the form of spatial
function, but also makes the expression of structural characteristics of urban function
not deep enough [24]. Therefore, researchers began to try to fuse the two kinds of data
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in related studies due to the advantages and disadvantages of POI data and NTL data,
respectively [22]. Data fusion is one of the important directions of data analysis [25],
which has been widely used in urban spatial analysis [26], urban calculation [27] and other
aspects. Data fusion refers to the fusion of the data acquired by different sensors of the
same target or in the same region. The fused data can not only reflect the information of
different data, but also make a more comprehensive and accurate judgment on the target
and region [28,29]. In addition, data fusion can improve the efficiency and effectiveness of
the data after fusion while retaining the characteristics of different data, thereby improving
the accuracy of data in use [30,31]. The development of existing data fusion research has
evolved from simple addition to arithmetic averaging to pyramid fusion, but the results
obtained after data fusion are not much better than that before the fusion [32]. From the
perspective of basic image fusion of data, image fusion at pixel scale is the most basic and
important way of fusion of images [33]. It has been shown that in existing studies that due
to the high spatial correlation between NTL data and POI data in cities [34], the accuracy
of urban built-up area extraction [35], urban spatial structure identification [36], urban
boundary division [37] has been greatly improved after the fusion of NTL data and POI
data. It can be found that the fusion of POI data and NTL data makes the related research
of urban space more refined [38,39], which indicates that data fusion is one of the important
directions of future research [40].

Tencent Migration data is an index of population movement in a fixed area within
a certain period of time provided by Amap of Tencent, which reflects the population
movement in a short period of time [41]. Compared with Baidu heat map and other
data, Tencent Migration Data has the advantages of more extensive data coverage and
more accurate sampling with the help of Tencent APP. With these advantages, Tencent
Migration data plays an important role in reflecting the inter-regional movement of urban
population [42], especially in providing important support for the risk assessment of
epidemic transmission during COVID-19 in 2020 [43,44]. In the current study of urban
agglomeration, data including NTL data and POI data are mainly used to delineate the
boundary of urban agglomeration from the perspective of urban spatial structure and
urban functional form with the help of land relations [45]. Although some studies have
explored the relationship between urban population movement and urban boundaries,
few studies have fully considered the relationship between urban population and urban
land in delineating urban agglomeration boundaries [46,47]. However, it is well known
that the boundary of urban agglomeration is not only the boundary of urban construction
land, the delineation of urban infrastructure and urban functional form [2,48], but also
the relationship of population movement within urban agglomeration [49]. Therefore, the
delineation of urban boundary should fully consider the relationship between population
and land.

Through sorting out and comparing research on the delineation of urban agglomera-
tion boundaries, it can be found that the delineation of urban agglomeration boundaries
mainly focuses on the following aspects: first, the boundary of urban agglomeration is
delineated by the basic theories of urban agglomeration, including the central place the-
ory [50], growth pole theory [51], fractal theory [52], agglomeration and diffusion effect of
classical geography [53], in an attempt to explain and clarify the relatively fuzzy bound-
ary problem of urban agglomeration from geological theory. Second, the delineation of
urban boundaries is based on model calculation and simulation, including urban gravity
model [54], gravity model [55], urban network model [56], Voronoi diagram and so on [57]
to quantitatively simulate and measure the scope of urban agglomeration. Using these
spatial model methods, the boundary of urban agglomeration can be well delineated quan-
titatively. Third, spatial big data is widely used in the delineation of urban boundaries. In
the past, the traditional population, economy, transportation and other statistical data were
used by spatial econometric methods [58,59], which caused that the boundaries of urban
agglomerations failed to reflect the regional cooperation and regional influence of urban
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agglomerations [60–62]. Therefore, it is necessary to adopt research methods suitable for
spatial big data to effectively delineate the most real boundaries of urban agglomerations.

GBA is a world-class urban agglomeration with the highest degree of openness and
the strongest economic vitality in China. However, at present, the boundary of the urban
agglomeration in the area is determined by administrative divisions and socioeconomic
indicators, which greatly limits the spatial regional development within the urban ag-
glomeration [63]. In this study, Luojia-01 data, POI data and Tencent Migration data are
fused to delineate the urban agglomeration boundary with the help of multiresolution
segmentation. Finally, the segmentation results are tested and comparatively analyzed.

2. Materials and Methods
2.1. Study Area

Located in the Pearl River Delta region, GBA consists of the two special administrative
regions of Hong Kong and Macao, and nine cities in Guangdong Province, including
Guangzhou, Shenzhen, Zhuhai, Foshan, Huizhou, Dongguan, Zhongshan, Jiangmen, and
Zhaoqing (Figure 1). With a total area of 56,000 square kilometers and a total population of
70 million in 2018, GBA is the largest urban agglomeration currently under construction
in China and is playing an important strategic role in China’s national development [47].
Therefore, accurate delineation of the boundaries of the urban agglomeration in GBA
will not only help to accurately determine the urbanization status of the area, thereby
formulating corresponding regional development policies, but also could greatly con-
tribute to provide an important reference for the healthy and rapid development of urban
agglomerations in both China and the whole world.

Figure 1. Guangdong–Hong Kong–Macao Greater Bay Area, China.

2.2. Study Data

The data used in this study include Luojia-01 data, POI data, Tencent Migration data
and Google Earth data.

2.2.1. Night-Time Light Data

Luojia-01 night-time light data was launched by Wuhan University in 2018. It is
equipped with a large field of view and highly sensitive night-light remote sensing camera,
which has the capability of 130 m resolution and 260 km width night-light imaging. Luojia-
01 data can be obtained from Hubei Data and Application Network of High-Resolution
Earth Observation System (http://59.175.109.173:8888/index.html, accessed on 25 March
2021), where it provides a free download service. Luojia-01 data proposed the satellite-
borne coupled stray light avoidance method and the dynamic range extension method of

http://59.175.109.173:8888/index.html
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combined gain processing to construct the in-orbit geometric radiation calibration model
of “daytime imaging calibration + night imaging correction”. LuoJia-01 data implements
nocturnal imaging with high sensitivity, high dynamic range and high geometric radiation
quality, which is in the leading position of similar satellite sensors in the world. In addition,
Luojia-01 data also proposes a weak rendezvous plane-area net adjustment method, which
makes its absolute geometric accuracy superior to other night-time light data. The Luojia-01
data of GBA from October 2018 to March 2019 were obtained through the website, and the
preprocessing result of monthly average processing was conducted to obtain the NTL data
in Figure 2.

Figure 2. NTL data preprocessing of urban agglomerations in GBA.

2.2.2. POI Data

POI generally refers to point data in Internet electronic maps, which basically contains
four attributes: name, address, coordinate and category. It is derived from the vector data
set of point map elements in the basic mapping result Digital Line Graphic. In Geographic
Information System, it refers to an object that can be abstracted into points for management,
analysis and calculation. The amount of POI data represents the development level of
a city to some extent. As for the POI data used in this study, it was obtained by using
the Application Programming Interface of Amap (www.amap.com). Although there are
as many as 22 kinds of POI data, parts of PO1 data do not have practical significance.
Therefore, 14 kinds POI data of GBA were finally obtained after screening, filtering and
cleaning of POI data obtained in 2021, with a total number of 2,477,184. The POI data of
each city and the corresponding classification are shown in Table 1.

Table 1. The proportion of the 22 kinds of POI data in Guangdong–Hong Kong–Macao Greater Bay Area during 2021.

Data Spatial Data Sources Time

Luojia-01 130 m × 130 m http://59.175.109.173:8888/index.html,
accessed on 25 March 2021 2018.10–2019.03

POI Density 30 m × 30 m www.amap.com, accessed on 25 March 2021 2021.03
Tencent Migration 30 m × 30 m www.amap.com, accessed on 25 March 2021 2020.01–2021.01

Google Earth 4.78 m × 4.78 m http://earth.google.com/, accessed on
25 March 2021 2021.03

www.amap.com
http://59.175.109.173:8888/index.html
www.amap.com
www.amap.com
http://earth.google.com/
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2.2.3. Population Movement Data

Tencent migration data shows the regional population flow and the overall proportion
of the geographical area where the population is in the designated area in the form of
special highlighting. Tencent Migration data from January 2020 to January 2021 of GBA was
also obtained by using the Application Programming Interface of Amap (www.amap.com,
accessed on 25 March 2021). Then the heat map of population movement in the area
(Figure 3) was obtained by performing the monthly average processing of the data. The
reference verification data is a high-resolution satellite image of the area in March 2021
provided by Google Earth, with a spatial resolution of 4.78 m. The use of the reference
verification data is helpful for the final comparison and verification of the extracted urban
agglomeration boundaries. The corresponding description of the data is shown in Table 2.

Figure 3. The heat map of Tencent Migration data in GBA.

2.3. Methods
2.3.1. Kernel Density Analysis (KDA)

KDA is a method to simulate the spatial distribution by calculating the distribution
density of points and lines in geographic space [64], so as to reflect the spatial agglomeration
form of points and lines elements. The formula of kernel density analysis is as follows:

pi =
1

nπR2 ×
n

∑
j=1

k j

(
1−

D2
ij

R2

)2

(1)

where, pi stands for the nuclear density value of the spatial location, Dij for the distance
between the spatial point i and the research object j, n represents the spatial location where
the distance is less than or equal to Dij, k j stands for the spatial weight, and R the search
radius. The geometric meaning of KDA is that the density value is the highest in each core,
and the increase of spatial distance between the point and the core will lead to the decrease
of density value until the kernel density value is 0. In addition, different search radius will
lead to different results of nuclear density analysis. Therefore, the results of nuclear density
analysis can be determined by the verified search radius. The formula of search radius is
as follows:

0.9×min

(
SD, Dm ×

√
1

ln2

)
× n−0.2 (2)

where, SD stands for the standard distance, Dm for the median of the distance, and n for
the number of event points.

www.amap.com
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Table 2. Data description.

Traffic Restaurant Shopping Life Leisure Residential School

Macao 1707 1572 329 303 1278 153 248
Hong Kong 50,569 57,503 31,143 8708 21,428 3153 3285
Dongguan 13,878 13,380 13,047 8997 14,270 18,942 1350

Foshan 7793 6159 5938 4762 8208 5764 1714
Guangzhou 21,645 27,738 24,686 12,396 14,366 16,134 2544

Huizhou 25,580 28,141 23,194 5418 6357 7688 625
Jiangmen 10,473 11,687 5648 2230 4410 2055 607
Shenzhen 15,512 16,920 10,522 13,397 18,965 16,202 1990
Zhaoqing 4756 4841 3256 1252 4131 1496 298

Zhongshan 7381 8011 6227 3464 5261 5519 579
Zhuhai 11,945 12,839 9334 2314 3053 2687 315

Tourist
Attractions Hospital Hotel Financial Government Public

Services Business

Macao 813 862 1811 5628 26 847 274
Hong Kong 6468 10,956 15,758 131,864 31 7868 5757
Dongguan 18,808 22,292 32,775 43,277 496 92,469 47,315

Foshan 16,502 20,606 27,342 37,264 482 67,099 34,385
Guangzhou 34,893 46,575 57,882 76,418 1034 95,459 58,195

Huizhou 10,162 13,895 12,340 25,622 234 42,467 11,564
Jiangmen 9040 8168 8509 17,944 174 55,471 7996
Shenzhen 20,654 31,449 49,319 56,927 675 127,603 50,372
Zhaoqing 7963 6033 7246 13,101 152 37,099 4777

Zhongshan 6907 10,329 11,118 17,261 58 37,354 13,137
Zhuhai 4576 6876 5903 12,332 36 19,584 6073

2.3.2. Multiresolution Segmentation

At present, Multiresolution Segmentation is one of the most widely used methods [65].
The main reason is that image segmentation is the most important step for image clas-
sification and feature extraction in geographic image analysis [66]. On the other hand,
Multiresolution Segmentation is one of the object-oriented algorithms, which can be im-
plemented in the image recognition software such as Trimble eCognition. What is more,
Multiresolution Segmentation is also a bottom-up segmentation algorithm, which can
segment images more accurately on the premise of ensuring the heterogeneity and homo-
geneity of images. Therefore, it soon becomes one of the most important segmentation
algorithms in the image analysis of geographic objects [67].

Multiresolution Segmentation segments the image into objects depending on the
scale parameter. The scale parameter controls the internal heterogeneity of the image
through Shape, Scale, and Compactness. The precision of Multiresolution Segmentation
depends on the average size of the segmenting object, which is why the selection of an
accurate scale parameter value becomes an important process of segmentation of remote
sensing images. Visual judgment is considered to be one of the best evaluation methods
at present, but the lack of automation makes it difficult to deal with large-scale image
segmentation [68]. In 2010, relevant scholars proposed a new tool named ESP (Estimation
of Scale Parameters) [69], which can continuously conduct scale tests on images to finally
approximate the most appropriate scale parameter value, thus greatly improving the
processing speed and accuracy of Multiresolution Segmentation.

In addition, the number of images after segmentation, the mean value of objects and
the area of images can be obtained by using the scale parameters determined by ESP tool,
and the weighted mean variance can be calculated to verify whether the segmentation
effect is optimal.

Ck =
1
n

n

∑
i=1

Ci (3)
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Ck =
1
m

m

∑
k=1

CK (4)

S2 =
1
m

m

∑
k=1

(Ck − C)2 (5)

where n stands for the number of pixels of the geographical object after segmentation, Ci
for the DN (Digital Numbers) value of the pixel i in the k segment, m for the total number
of geographical objects after segmentation, and S2 for the weighted average variance of the
DN value of the geographical object after segmentation.

2.3.3. Wavelet Transform

The relationship between time and frequency in the image should be considered
during the image fusion process. The wavelet transform has the function of amplification
of localization in time and frequency [70], which is mainly realized by a time observation
window that changes with frequency. The local features of time and frequency are focused
to analyze some parts of the image, so as to achieve a good unification of frequency in the
time domain. Wavelet transform can decompose the image into several time and frequency
independent parts without losing the information contained in the original image [71]. The
specific formula is as follows:

WT(α, τ) = f (t)ϕ(t) =
1√
α

f (t)
+∞∫
−∞

ϕ

(
t− b

α

)
dt (6)

wherein, f (t) stands for the signal vector, ϕ(t) for the wavelet function, and α, τ, b,
respectively, represent the scale, translation and parameters.

The fundamental of wavelet transform is to segment the image which needed to
be fused by wavelet transform, then the horizontal, vertical and diagonal high and low
frequency components, that include the details of all images, can be obtained, respectively.
Subsequently, the details of different images are compared in the wavelet transform domain,
the appropriate scale is selected for image fusion, and finally the inverse wavelet transform
is performed, and the resulting image is the final fused image [72].

The analysis structure of this study is shown in Figure 4.

Figure 4. Structure analysis diagram.
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3. Results
3.1. Boundaries of Urban Agglomerations Delineated by Different Data
3.1.1. Boundary of the Urban Agglomeration Delineated by Luojia-01 Data

The airport was selected as the highest light threshold region, and the sea was selected
as the lowest light threshold region for Luojia-01NTL data processing. According to the
NTL map of GBA in Figure 2, it can be seen that the regions with high NTL values are
located in the central and southern parts, including the main urban areas of Guangzhou,
Shenzhen and Dongguan, as well as Macao and Hong Kong. NTL values are relatively
lower in the western and northeastern parts of GBA, which also reflects that there are
obvious differences in urbanization levels in the area.

In this study, image threshold segmentation was carried out by using cognition. Since
different segmentation scales would change the number of segmentation regions, the
weighted mean variance diagram of ESP and Scale (Figure 5) was used to determine the
corresponding Scale parameters. The Scale, Shape, and Compactness values are 17, 0.4,
and 0.6, respectively.

Figure 5. Weighted mean variance results of different scales.

The image segmentation of Luojia-01NTL data was carried out by using Scale, Shape
and Compactness, whose scale parameter values are 17, 0.4, 0.6. respectively. Then the
boundary of the urban agglomeration in GBA was obtained as shown in Figure 6. It can be
seen that the area of the urban agglomeration in the area delineated by NTL data is 8719.14
square kilometers, accounting for 15.57% of the administrative area. The delineated urban
agglomeration regions are mainly concentrated in the main urban areas of Guangzhou,
Foshan and Shenzhen, as well as Hong Kong and Macao. From the point of view of the
urban agglomeration boundaries delineated by NTL, the urban agglomeration boundaries
of Guangzhou, Hong Kong and Macao are relatively more complete, while the boundary
of urban agglomerations in other regions is more fragmented, which is caused by the
appearance of several light clusters due to the different brightness of the light values.
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Figure 6. Urban agglomeration boundaries delineated by NTL.

3.1.2. Urban Agglomeration Boundaries Delineated by NTL and POI Data Fusion

POI data represents the virtual representation of the actual unit of each city in the
geographical space, therefore, POI data can reflect the morphological differences of different
functions in urban space by showing the agglomeration of density [73]. Besides, what is
shown in most studies is that there is a significant difference in the density distribution
of POI between urban and rural areas. Therefore, in the study of urban agglomeration
delineation, areas with a higher POI density can be delineated into urban areas, and on the
contrary, areas with a lower POI density can be delineated into rural areas. Kernel density
analysis of POI in the urban agglomeration of GBA shows that the POI high-density areas
are concentrated in Guangzhou, Foshan, Dongguan and parts of Shenzhen, as well as Hong
Kong and Macao. The results are shown in Figure 7 as follows.

Figure 7. KDA of POI in Guangdong–Hong Kong–Macao Greater Bay Area.

The fusion of NTL and POI density maps was realized by wavelet transform, which
needs to highlight the feature parts of the transformed image, and these feature parts corre-
spond to the absolute value of the wavelet coefficient. Therefore, the larger the absolute
value of the wavelet coefficient, the more obvious the feature parts of the transformed
image. In other words, as long as the absolute value of wavelet coefficients in wavelet
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transform domain can be ensured to be the largest, wavelet fusion with different reso-
lutions can be realized. Therefore, when processing the image signals of NTL and POI,
the optimal scale of image fusion can be determined by analyzing the variance graph of
wavelet coefficients (Figure 8a). In this study, the optimal scale of image fusion of NTL and
POI is 8.

Figure 8. (a) Wavelet coefficient variance graph; (b) weighted average variance graph.

The fusion image after wavelet transform is shown in Figure 9. It can be seen that
compared with NTL images, the high values of NP (NTL_POI) images are still concentrated
in Guangzhou, Foshan, Shenzhen, Hong Kong and Macao. However, compared with NTL
images, the details of the fused NP images are more complete in the center and boundary.

Figure 9. Image after fusion of NTL and POI data by wavelet transform.

The parameters of Scale, Shape and Compactness determined by the ESP tool and the
weighted mean variance diagram (Figure 8b) are 17, 0.5, and 0.7, respectively. According to
the determined scale parameters, the urban agglomeration boundaries of the NP image are
delineated. Then the boundary of the urban agglomeration in GBA is obtained as shown in
Figure 10. It can be seen that the area of the urban agglomeration in the area delineated
in Figure 10 is 8279.56 square kilometers, accounting for 14.78% of the administrative
area. The delineated urban agglomeration regions mainly concentrate in the main urban
areas of Guangzhou, Shenzhen, Dongguan and Foshan, as well as Hong Kong and Macao.
From the point of view of the urban agglomeration boundaries delineated here, the urban
agglomeration boundaries of Guangzhou, Foshan, Dongguan and Shenzhen are relatively
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more complete. What is more, the outlines of these urban agglomerations are more obvious
because there are relatively few interference groups.

Figure 10. Urban agglomeration boundaries delineated by NTL_POI.

3.1.3. Urban Agglomeration Boundaries Delineated by NTL, POI and Population
Movement Data Fusion

A heat map of population movement change was generated according to population
movement data. The heat map represents the population movement change index in a
fixed area within a certain period of time. The higher the value, the more obvious the
regional population movement change [74]. Therefore, heat maps are mostly used for the
study of population movement in different cities and among cities. The more significant the
urbanization is, the more obvious the population movement is. After average processing
of Tencent Migration data in GBA from 2019 to 2020, the heat map shown in Figure 3
is obtained.

Firstly, NTL, POI density and heat map were fused by wavelet transform, and then the
optimal scale of fusion of the three images was determined to be 7 by wavelet coefficient
variance (Figure 11a). The NPH (NTL_POI_HM) image after wavelet change fusion is
shown in Figure 12. It can be found that compared with the NTL and NP images, the high
value of the fused NPH image is more obvious in Guangzhou, Foshan, Shenzhen, Hong
Kong and Macao. In addition, the details of NPH images in the urban center and boundary
are further improved, and the urban center is more prominent.

Figure 11. (a) Wavelet coefficient variance graph; (b) weighted average variance graph.
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Figure 12. NTL, POI and heat map image fused by wavelet transform.

After the fusion by wavelet transform, the scale parameters of Scale, Shape and
Compactness of NPH image determined by the ESP tool and the weighted mean variance
diagram (Figure 11b) are 15, 0.5 and 0.5, respectively. According to the determined scale
parameters, the urban agglomeration boundaries of the NPH image, delineated as shown in
Figure 13, were obtained. It can be seen that the area of the urban agglomeration delineated
in Figure 13 is 8925.11 square kilometers, accounting for 15.93% of the administrative
area. Compared with NTL and NP, the area of the delineated urban agglomeration regions
by NPH is the largest, which mainly concentrate in the most parts of Guangzhou and
Shenzhen, as well as the main urban areas of Dongguan and Foshan. The boundary of the
urban agglomeration is the most complete, and there is almost no single city group within
the urban agglomeration.

Figure 13. Urban agglomeration boundaries delineated after NTL_POI_HM fusion.

3.2. Comparison before and after Data Fusion

Through the analysis of Figure 14, it can be found that the urban agglomeration
of GBA delineated by these three single data of NTL, NP and NPH has the following
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characteristics: firstly, the spatial structures delineated by these three single data are similar;
secondly, from the perspective of the distribution of high and low values of different data,
the values of NTL, NP, and NPH show an overall downward trend from urban center to
urban fringe and finally to rural areas. Moreover, the spatial distribution of the high value
regions of the three kinds of data is also roughly the same in urban agglomerations, which
mainly concentrated in the main urban areas of Guangzhou, Shenzhen, Dongguan, as well
as Hong Kong and Macao. These characteristics all indicate that NTL, NP and NPH data
all have the advantage of NTL data, that is, they all can reflect the basic spatial structure of
urban agglomeration by reflecting the brightness of urban light.

Figure 14. Comparison before and after different data fusion.

By comparing NTL data with NP data, it can be found that on the one hand, NTL data
can only determine whether this area is a city or a country by reflecting the light brightness
threshold of this area in the urban agglomeration, the reason for this is that NTL data only
has the attribute of light brightness, which to a certain extent makes the delineation of urban
agglomeration have certain error [35]. For example, the strong light brightness that appears
in the main traffic road network at night makes the traffic road and the surrounding urban
area have a clear contrast of light brightness, resulting in the appearance of light “holes”,
which will make the inner space of urban agglomeration fragmented in the boundary
delineation of urban agglomeration [75]. While, on the contrary, NP data, after fusion with
POI data, not only retains the advantages of POI data, that is, even when the light intensity
around the main traffic road network is very strong, the density of POI would not lead to a
significant difference in the light intensity between the main road and the urban area. This
is why the fusion of NP data and POI data can better explain the regional differentiation in
the process of urbanization.
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By comparing NPH data with NP data, it can be found that although both NP data
and NPH data all are fused with POI data, which contribute to the repair of the urban
internal space fragmentation in the main areas of urban agglomerations, the NP data fused
with NTL and POI more reflects the urban spatial function of urban land. However, there
should be spatial connection between cities and urban clusters in urban agglomerations,
which constitutes urban agglomerations different from administrative divisions. NPH data,
which fuses population movement data, strengthens the relationship between cities and
urban clusters, makes the spatial structure within urban agglomerations more complete,
and helps to express the development status of urban agglomerations.

In a word, although NTL data can reflect the urban macro spatial structure by reflecting
the light brightness in the city at night, the difference in light brightness will produce more
"holes" of urban light, which will affect the integrity of urban internal space. Compared
with NTL data, POI data can reflect the agglomeration of urban functions by expressing
its distribution density, which enables POI data to correct the light differences in cities
by portraying the urban functions so as to enrich the details of the inner space of urban
agglomerations. As for population movement data, it can reflect the spatial connection
between cities and urban clusters through the spatial movement of population in a certain
period of time, which can greatly strengthen the interaction between urban agglomerations.

3.3. Comparison and Verification of the Results of Urban Agglomeration Delineation

The results of urban agglomerations delineated by different data are shown in
Figure 15. It can be seen that the urban agglomerations identified by NTL, NP and NPH
data are 8719.14, 8279.56 and 8925.11 square kilometers, respectively, accounting for 15.57%,
14.78% and 15.93% of the total area of the administrative area. Besides, from the perspective
of the scope of urban agglomerations identified, there is no obvious difference among
these different data. However, from the perspective of urban agglomeration boundaries
delineated by different data, there are many urban "holes" at the boundary between urban
and rural areas in the urban agglomeration boundaries delineated NTL data, which makes
the delineated urban agglomeration boundaries too fragmented and difficult to obtain
continuous and effective urban agglomeration boundaries [76]. What is worse, due to the
difference of light brightness, NTL data will generate some urban clusters far away from
the main area of the urban agglomeration, which reflects that NTL data fails to consider
the interrelation among cities when identifying the urban agglomeration scope.

Comparing the boundaries of urban agglomerations delineated by NP data and NTL
data, the fragmentation of inner space of urban agglomerations caused by NTL data leads
to the emergence of discontinuity in the boundary delineation of urban agglomerations.
This discontinuity results in two consequences: firstly, it makes the edge details of the
borders delineated by NTL too complicated, and secondly, the fragmented urban interior
space would produce redundant urban boundary lines. While, after the fusion with POI
data, NP data not only has the advantage of NTL data to identify the scope of urban ag-
glomerations, but also could highlight the importance of urban functions in urban space. By
combining urban functions with urban space, the fragmentation of urban internal space will
undoubtedly be improved. For example, in the area of Qingyuan and Shenzhen, the newly
delineated urban agglomeration boundary eliminates the fragmentation and imperfection
before, which makes the delineated urban agglomeration boundary more continuous.

Comparing the urban agglomeration boundaries delineated by NPH data and NTL,
NP data, it can be found that, first, there are many overlapping parts of the urban ag-
glomeration boundaries delineated by NPH data and NP data in space. Second, when
delineating the boundary, the fusion with the urban function by these data makes the
boundary of urban agglomeration more similar on the whole. However, both NTL data
and NP data do not take into account the interrelation between cities and urban clusters in
urban agglomerations, which means that there are still many urban clusters in the urban
agglomeration boundary delineated by both NP data and NTL data, such as Foshan and
Dongguan. On the other side, the fusion of population movement data with NPH data
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greatly strengthens the flow connection of elements within urban agglomerations, which
makes the boundary of urban agglomerations delineated by NPH not far away from the
main region of urban agglomerations.

Figure 15. Comparison of results of urban agglomerations delineated by different data.

In a word, although NTL, NP and NPH data can delineate urban agglomeration
boundaries, the urban agglomeration boundaries delineated by NTL data do not take into
account urban functions and population movement, which leads to serious fragmentation
and discontinuity of the delineated urban agglomeration boundaries. On the one hand, NP
data solves the problem of fragmentation by taking advantage of the agglomeration of POI
data. On the other hand, on the premise of taking into account the urban land relationship,
NPH data also takes into account the relationship of population movement within the
urban agglomeration, which strengthens the interconnection within the delineated urban
agglomeration and makes the boundary of the urban agglomeration more complete.

In this study, 3000 random verification pixel points located in GBA were selected
to verify the delineated boundary of the urban agglomeration. Then Google Earth high-
resolution image data was used for field confirmation. It can be found that among the 3000
random pixel points, 464 pixel points are located in urban areas and 2536 pixel points are
located in rural areas. The confusion matrix of urban agglomeration boundary delineated by
different data based on the verification of random pixel points is shown in Table 3. Where,
accuracy is the percentage of the number of all random pixel points that are successfully
verified, while Kappa coefficient is used for consistency test and can be used to measure
classification accuracy. The calculation steps of Kappa coefficient are as follows: the first
step is to multiply the total number of pixels in all real surface classification by the sum
of diagonal lines of confusion matrix, and the second step is to subtract the product of
the total number of real surface pixels of a certain type and the total number of pixels
mistakenly divided into the same type to sum all types. The third step is to divide by the
square variance of the total number of pixels and subtract the sum of the total number of
surface real pixels in a certain category and the total number of classified pixels in this
category. The value of Kappa coefficient is –1–1. The closer the coefficient value is to 1, the
higher the classification accuracy.
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Table 3. Confusion matrix.

Data Urban Rural Accuracy Kappa

NTL
Urban 332 66

85.57% 0.6256Rural 261 2235

NP
Urban 358 36

88.97% 0.7011Rural 71 2311

NPH
Urban 446 16

93.60% 0.8155Rural 36 2362

It can be seen from Table 3 that the precision of the boundaries of the urban agglom-
eration delineated by NTL data, NP data and NPH data is 85.57%, 88.97% and 93.60%,
respectively. From the point of the effect of the precision, the improvement of precision
of the boundaries delineated by the fusion of POI and NTL data is only 3.4%, and the im-
provement of precision delineated by the fusion of NPH data and population movement is
only 4.63%. Compared with the area of 56,000 square kilometers, although the verification
accuracy of the NP data integrated with POI is close to 90%, the improvement effect is not
significant. However, by comparing the Kappa coefficients, it can be found that the Kappa
coefficients of the boundaries delineated by NTL, NP and NPH are 0.6256, 0.7011 and
0.8155, respectively. It can be concluded that from the perspective of the improvement of
Kappa coefficient, the boundaries of urban agglomerations can be delineated with higher
accuracy after the fusion of POI and population movement data.

In a word, the fusion of NTL data and POI data improves the integrity of the internal
structure of urban agglomerations, which contribute to the improvement of the accuracy
of the boundaries of the delineated urban agglomerations as well. On this basis, the
continuous integration of population movement data reflects the clusters among cities
within urban agglomerations and among cities, which strengthens the internal connection
of urban agglomerations and further improves the accuracy of boundary delineation of
urban agglomerations.

4. Discussion

The characteristics of NTL data, POI data, and population movement data in urban
agglomerations were analyzed in this study. Combining the characteristics of the three
types of data, on the premise of combining the characteristics of the three data and con-
sidering the land relationship and population movement within the urban agglomeration,
this study holds the idea that the urban agglomeration boundary delineated by the fusion
of NTL, POI and population movement data has significant advantages.

Although NTL data is one of the most important data in the study of urban space, the
research accuracy is reduced due to the existence of light spillover and over-saturation of
NTL data in the study of urban space [12]. Therefore, researchers began to pay attention to
the study on the fusion of NTL data and POI data in urban space. It has been shown in most
studies that POI data can effectively make up for the deficiency of NTL data in urban space
research [17,36], especially in the extraction of urban built-up areas and the delineation
of urban boundaries with significant accuracy improvement [35,39]. The accuracy of the
boundary delineated by the fusion of NTL and POI data also reached 88.97%, which is close
to the overall research accuracy of 90% of the global artificial impervious area [77]. On the
premise of considering urban space and urban function, this study further considers the
influence of population movement on boundary delineation in urban agglomerations. This
makes the accuracy of delineating the boundary of urban agglomeration by fusing the NPH
data of population movement reach 93.60%, which is higher than that of other research on
urban built-up areas and urban boundaries. Moreover, on the premise of highlighting the
relationship between urban land, NPH data further fuses the relationship of population
movement data within urban agglomerations, making the boundary delineation of urban
agglomerations more accurate.
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Traditionally, the delineation of urban agglomeration boundary mainly refers to the
establishment of an index system of administrative region [14], or the delineation of urban
agglomeration boundary by the use of spatial analysis of socioeconomic and geographical
data [19]. Although studies ranging from the single NTL data to the fusion of NTL and POI
have played an important role in promoting the study of urban agglomeration [40], most
studies have ignored population movement, which is the most critical aspect reflecting the
inter-relationship within cities [37]. Based on the fusion of NTL data and POI data, this
study further fuses population movement data, and finds a new index that delineates the
boundaries of urban agglomerations, which not only comprehensively considers urban
land relations and population movement, but also plays a great role in delineating urban
agglomeration boundaries. The research results of GBA also show that the fused data has a
more significant effect in delineating the boundaries of urban agglomerations.

However, it is true that this study has certain limitations. First of all, the popula-
tion movement data is obtained using Tencent Migration Data, which cannot reflect the
migration of all urban populations (mainly confined to the elderly and children), so the
population movement value obtained in this study should be a little smaller than the actual
population movement value. Secondly, the boundary of urban agglomeration is dynamic
and uncertain, which would change with the actual development of the urban city. Even
so, the delineation of current urban agglomeration boundaries is still conducive to the
delineation of urban agglomeration and the identification of internal development rela-
tions. Therefore, in order to better promote the formulation of regional policies on urban
agglomeration, it is also necessary to simulate future urban agglomeration boundaries so
as to better serve urban planning and practice.

5. Conclusions

Accurate delineation of urban agglomeration boundaries plays an important role not
only in judging the process of urbanization but also in evaluating the inter-relationships
within cities. Based on NTL and POI data, this study further fuses urban population
movement data. While by comparing and verifying the urban agglomeration boundaries
delineated by different data, it was found that the accuracy of NTL data is 85.57%, and that
of Kappa is 0.6256. The accuracy of NP data, which fuses POI and NTL data, is 88.97%,
and that of Kappa is 0.7011. The accuracy of NPH, which fuses population movement,
NTL and POI data, for dividing urban agglomeration boundary is 93.60%, and Kappa is
0.8155. It can be concluded that although NTL data and POI data eliminate the inner hole
of urban cities, the fused population movement data strengthen the inner relationship of
urban agglomerations by reflecting the population movement among cities and among
urban clusters within urban agglomerations, which contributes to the improvement of
the accuracy of urban agglomeration boundary. A more accurate urban agglomeration
boundary that is delineated by fusing new data on land relations and urban population
movement on the basis of wavelet transform used in this study could not only contribute to
more efficient management of urban agglomerations, but also has important value for the
policy formulation and planning development of regional space in urban agglomerations.
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