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Abstract: Identifying and evaluating polycentric urban spatial structure is essential for understanding
and optimizing current urban development. In order to accurately identify the urban centers of the
Guangdong-Hong Kong-Macao Greater Bay Area (GBA), this study firstly fused nighttime light data,
POI data, and population migration data based on wavelet transform, then identified the polycentric
spatial structure of the GBA by carrying out cluster and outlier analysis, and evaluated the level of
different urban centers byconducting geographical weighted regression analysis. Using data fusion,
we identified 4579.81 km? of the urban poly-center area in the GBA, with an identification accuracy
of 93.22%. Although the number and spatial extent of the identified urban poly-centers are consistent
with the GBA development plan outline, the poly-center level evaluation results are inconsistent with
the development plan, which shows there are great differences in actual development levels among
different cities in the GBA. By identifying and grading the polycentric spatial structure of the GBA,
this study accurately analyzed the current spatial distribution and could provide policy implications
for the GBA’s future development and planning.

Keywords: urban agglomeration; big data; nighttime light data; data fusion; spatial planning

1. Introduction

Urban agglomerations, as the main spaces for a region or country’s high-quality
economic development activities, play a vital role in regional and national economic
growth [1,2]. In January 2019, the “Report on Influence of the Four Great Bay Areas
(2018): New York, San Francisco, Tokyo, Guangdong-Hong Kong-Macau Greater Bay
Area” released by the Chinese Academy of Social Sciences, pointed out that the economic
impact of the Guangdong-Hong Kong-Macao Greater Bay Area (GBA) ranks first among
the four major bay areas in the world [3]. Additionally, with its polycentric advantage, the
GBA has the potential to become the world’s foremost bay area [3].

With rapid urban development, the form and function of the urban spatial structure
have undergone substantial changes. Some metropolitan areas have gradually evolved
from an initial monocentric urban spatial structure to a polycentric urban spatial struc-
ture [4,5]. Based on planning and development experience, the polycentric spatial structure
is ideal for a mature urban agglomeration [6]. The polycentric urban spatial structure
generally includes several main centers and subcenters. The main center is often the most
densely populated area of the city, including the central business district (CBD), which is
the core of the city [7,8]. The subcenter, including satellite cities and new airport cities, is
the area that has a certain distance from the main center and has significantly different
and relatively more intensive urban activities compared to the surrounding areas. The
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primary function of subcenters lies in evacuating the over-concentrated population and
economic activities in the main center [9]. Urban agglomerations, including the GBA, gen-
erally adopt a poly-center spatial structure development model in development plans [10].
However, effectively identifying and evaluating the polycentric spatial structure of urban
agglomerations remains a difficult problem for scientific planning implementation [4,11].

The existing polycentric urban agglomeration spatial structure research used different
data sources and analysis methods. One of the earliest data used for urban center iden-
tification are demographic and socioeconomic data [12]. For example, researchers used
economic data to identify areas with high GDP as urban centers [13], and census data to
identify macro-scale urban centers [14]. In 2003, researchers developed a relatively complex
but more accurate method for identifying urban centers based on demographic data [15].
Using locally weighted regression and spatial autocorrelation analysis, the above method
defines an urban subcenter as a densely populated place that has a certain distance from
the primary urban center. This method is widely accepted by the academic community
and significantly impacts the study of polycentric urban structures [16,17]. Subsequent
studies continued to contribute to polycentric urban structure studies by using analysis
techniques such as local autocorrelation and geographically weighted regression (GWR) to
identify urban centers [18,19]. However, identifying urban centers based on demographic
and socioeconomic data requires a basic understanding of the study area and has a certain
degree of subjectivity [20]. Compared with statistical data, remote sensing images can
reflect the objective spatial characteristics of the urban landscape and infrastructure and,
therefore, are widely used in the study of urban space [21]. The nighttime light data, as the
most commonly used remote sensing data in this context, reflect the spatial characteristics
of the city using the degree of urban brightness at night [22]. The key to using nighttime
lights to identify urban spatial structures is to determine their extraction threshold. Re-
searchers proposed a natural city method to identify the city center [23], which determines
the extent of the urban center using the difference between the upper and lower end of the
pixel value and the mean pixel value of the nighttime light data [24]. Although nighttime
light data have higher spatial stability and objectivity than statistical data, they suffer from
the shortcoming of light spillover effects and cannot reflect the actual activity of people in
urban space [25,26].

In recent years, the application of urban big data has played a critical role in urban
geography and planning, providing a dynamic approach for the observation of urban
spatial characteristics [27]. For example, researchers can use Point of Interest (POI) data for
detailed analysis of different urban functional areas [28], mobile phone signaling data for the
urban jobs and housing space and commuting analysis [29], and population movement data
to reflect the element flows and interactions between and within cities [30]. However, big
data usage in urban spatial analysis is more inclined towards cartographic simulation; thus,
urban spatial structure analysis still lacks objective and scientific methods [31]. Therefore,
researchers have begun to shift their research focus toward fusing multi-source big data and
traditional data to improve the accuracy of urban spatial research [32,33]. Existing studies
have shown that multi-source big data fusion has achieved good results in urban built-up
area extraction [34], urban boundary delineation [35], and urban center identification [36],
significantly improving the observation accuracy of urban spatial structure [37].

At present, studies related to the application of data fusion mainly use image sig-
naling methods such as wavelet transform to fuse NTL data and POI data, which means
carrying out pixel-level image fusion, so that the fused image retains the basic features
and information of the original image to the maximum extent [38,39]. In 2021, He and
others successfully delineated the boundaries of urban agglomerations and extracted urban
built-up areas by using this method to fuse NTL data, POI data, and population migration
data. However, the fused data still has a certain amount of noise and some features are
too different to be fused [31,40]. Therefore, it is not only necessary to fuse the data, but
also necessary to denoise and optimize the fused data through feasible methods. On the
basis of previous studies, wavelet transform is firstly used to fuse NTL data, POI data,
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and population migration data, then spectral difference segmentation is used to optimize
the fused data, then case analysis is carried out to identify and evaluate the less involved
polycentric areas of urban agglomeration, which is of high theoretical and practical value.

As one of the largest urban agglomerations in China, the Guangdong-Hong Kong-Macao
Greater Bay Area (GBA) has remarkable urban development and economic growth. To
accurately identify and evaluate the GBA’s spatial structure, this study fuses nighttime
light data, POI data, and population migration data to identify and evaluate the polycentric
spatial structure of the GBA urban agglomeration. This work extends the previous studies
by fusing multi-source big data and further proposing a polycentric hierarchical evaluation
method based on the identification results of urban centers. [41,42]. The study results of
identified and evaluated GBA urban centers can be used to assess urban agglomerations’
development status accurately so as to provide a theoretical reference for the urban planning
strategies for urban agglomerations.

2. Materials and Methods
2.1. Study Area

The Guangdong-Hong Kong-Macao Greater Bay Area (hereinafter referred to as the
GBA) consists of the Special Administrative Regions of Hong Kong and Macau and nine
cities in Guangdong Province, namely Guangzhou, Shenzhen, Zhuhai, Foshan, Huizhou,
Dongguan, Zhongshan, Jiangmen, and Zhaoqing. The city composition (Figure 1) has a
total area of 56,000 square kilometers. According to the seventh national census of 2020,
the population of the GBA has reached 83.0598 million, making it the largest urban ag-
glomeration in China. Due to historical reasons, the Greater Bay Area has formed a unique
management pattern of “one country, two systems” (on the premise of adhering to the One-
China principle, the main body of the country will adhere to the socialist system, and Hong
Kong, Macao, and Taiwan will maintain their original capitalist system). Political, legal and
administrative differences make the GBA unique among urban agglomerations worldwide.
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Figure 1. The Guangdong-Hong Kong-Macao Greater Bay Area (GBA).

2.2. Study Data

The data used in this study include nighttime light data, POI data, and population
migration data. The nighttime light data is Luojia-01 data, which is provided by the Luojia-
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01 experimental satellite launched by Wuhan University in 2018. The wavelength range of
the data is 480-800 pum, with a resolution of 130 m and a width of 260 km. By constructing
the on-orbit geometric radiometric calibration model for daytime imaging calibration and
nighttime imaging correction, Luojia-01 data has realized the noctilucent imaging with
high sensitivity, high dynamic range, and high geometric radiation quality, reaching the
leading level of similar satellite sensors in the world. Additionally, Luojia-01 data has also
proposed a weakly rendezvous plane-area net adjustment method, which makes its absolute
geometric accuracy superior to other nighttime light data. We accessed the nighttime light
data in the GBA from October 2018 to March 2019 from the Hubei Data and Application
Network of the High-resolution Earth Observation System (http://59.175.109.173:8888/,
accessed on 21 March 2021). After radiation correction, radiation brightness conversion,
and multi-period average processing, the nighttime light data of the GBA are shown in
Figure 2.
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Figure 2. Preprocessing result of nighttime light data in the GBA.

As a map provider of digital content, navigation, and location service solutions,
Amap’s POl solution provides users great convenience in navigation and regional search,
enabling it to occupy most of the electronic map market in China. POI data used in this
study were obtained via Amap API in 2021, including POI attributes for name, address,
coordinates, and category. After checking, screening, and filtering POI data, the total
number of POlIs in the GBA is 2477184 (Figure 3).

The population migration data were obtained by accessing the Tencent location big
data platform and randomly selecting 12 weeks of population migration data in the GBA
from 1 January to 31 December 2020. Data attributes include origin and destination point,
longitude and latitude, population inflow, population outflow, and the migration ratio of
different modes of transportation. Finally, we uniformly resampled the data to a spatial
resolution of 130 m (Figure 4). The details of the accessed data are listed in Table 1.
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Figure 4. Preprocessing result of population migration data.
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Table 1. Details of analyzed data.

Analyzed Data Spatial Resolution Data Source Accessed Time
Luojia-01 130 m x 130 m http://59.175.109.173:8888/ October 2018-March 2019
POIL — www.amap.com January 2021
Population migration 25m x 25 m https:/ /heat.qq.com/bigdata/index.html  January 2020-December 2020

2.3. Study Method
2.3.1. Wavelet Transform (WT)

Wavelet transform is an image algorithm based on pixel scale, which can fully consider
the interaction relationship between time and frequency in the process of image fusion.
Through a time, observation window that changes with frequency, the local properties of
time and frequency are amplified to obtain the local features of data [43]. Compared with
other algorithms, wavelet transform can decompose data into several independent time
and frequency parts without losing the information in the original data [44]. The formula
for wavelet transform is as follows:

+o0

WT(w,7) = f(19lt) = —=f() [ o

—00

t—b
o

)dt @

where f(t) is the signal vector of the image, ¢(t) is the wavelet transform function, « is the
wavelet transform scale, T is the translation of the image signal, and b is the parameters.
Scale « (positive) controls the longitudinal scaling of the wavelet function, and T (which
can be positive or negative) controls the translation of the wavelet function, that is, the
scale corresponds to the frequency, and the translation corresponds to the time. Different &
produces different frequency components, while T enables the wavelet to perform traversal
analysis along the time axis. The meaning of wavelet transform is to shift the basic wavelet
function T and then inner product it with the analysis signal f(¢) at different scales a.

2.3.2. Spectral Difference Segmentation (SDS)

Spectral difference segmentation is an image optimization method. Based on image
fusion, SDS determines whether to merge objects by judging and analyzing whether the
differences between adjacent fused objects meet a given threshold [45]. After merging the
fused images, SDS improves the fusion effect [46]. After normalizing the weights of the
bands, the spectral difference segmentation formula is:

1 1
Saiff = kawk (5 2 bn =~ ) @)

where, S, is the spectral difference value of adjacent objects, k is the number of bands,
wy is the weight of the kth band, w is the sum of the band weights, n and m are the
total numbers of pixels in adjacent objects, and b, and b, is the gray value of the nth
and mth pixels in adjacent objects, respectively. Sy;s is the only parameter used in the
spectral difference segmentation algorithm. The larger the value is, the easier it is to merge
adjacent objects.

2.3.3. Clustering and Outlier Analysis

As the spatial differences between the main central area of the urban agglomeration
and other regions are significant and clusters and outliers reflect the degree of difference
between a single geographic unit and other geographic units [47,48], this study used
clusters and outliers to identify the main center of the urban agglomeration in the GBA.
The formula for clustering and outlier analysis is:

Xi—X

="
52

27:1/]‘?&‘ wij (xi - y) (3)
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where, [; is the number of statistical points of i for clustering and outlier analysis, w;; is the
spatial weight matrix, x; is the attribute value of i, X is the average value of all attribute
values, and S? is the variance of all samples:

Yiqjzi(xi—%)
=R @ @

Normalization of the spatial weights matrix w;;:

Y Z};i Wwij=n ®)

Introduce Z score to represent statistics with similar values in I;

N Li—E(L)
h Ii .
where (I;) }1:1]'# w;
E(h) = - =20 )
Var(l) = E(13) — E(1)’ ®)

The final analysis output includes H-H, H-L, L-H, and L-L four kinds of clusters, and
all the H-H cluster areas represent the main center of urban agglomeration.

2.3.4. Geographically Weighted Regression (GWR)

Urban centers are considered to have relatively high urban activity density. The urban
activity density of different subcenters has a significant relationship with the distance
between the subcenter to the main center, which manifests as the closer to the main center,
the higher the density of urban activity [49]. This study used geographically weighted
regression analysis (GWR) to identify urban agglomeration centers [50], and the formula
for GWR analysis is:

yi = Bo(pi, vi) + Z;(:l Bj(pi, vi)xij + €; )

where y; is urban activity density, y;, v; are the spatial center, By (¢, v;) is the intercept,
B (1ti,v;) is the local estimation coefficient, and ¢; is the residual.

3. Results
3.1. Fusion of Multi-Source Big Data

Data fusion integrates data obtained for the same target or the same area in different
ways. The fused data can reflect the characteristics of various data, improve the efficiency
and effectiveness of data after data fusion, and achieve a better understanding of the target
area. Nighttime light data, POI data, and population migration data have a solid spatial
relationship in urban space, manifesting as the gradual decrease in nighttime light value
from the city center to the city edge, the decline in the number of POlIs, and the reduction in
population migration. Therefore, nighttime light data, POI data, and population migration
data can be fused in urban space [51].

In the wavelet transformation of different images, the original data images of nighttime
lights, POI, and population migration can be regarded as a two-dimensional signal matrix,
assuming that the size of the matrix is N x N and there are N = 2"n (n is a non-negative
integer) image signals. Each wavelet transformation decomposes a two-dimensional signal
matrix into four two-dimensional signal matrices of 1/4 of the original signal matrix. Each
signal matrix contains different frequency bands (HH, HL, LH, LL) corresponding to new
wavelet coefficients (equivalent to sampling the horizontal and vertical directions of the
original two-dimensional signal matrix at intervals). The wavelet coefficients corresponding
to HH represent the diagonal edge characteristics of the image, the wavelet coefficients
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corresponding to HL represent the horizontal direction characteristics, and the wavelet
coefficients corresponding to LH represent the vertical direction characteristics. After
wavelet transformation, the data’s horizontal frequency components, vertical frequency
components, and diagonal frequency components were obtained. Then, we compared
the details of different data in the wavelet transform domain and performed inverse
transformation to obtain the final fused data. The flowchart of wavelet transform data
fusion is shown in Figure 5.

Nighttime Light

POI Density

Tencent Migration

»

MVCTSC aveIC Nighttime Light+POI+TM
transform

wavelet transform

Figure 5. The fusion process of multi-source big data.

Comparing the three different datasets, the distribution of values of POI data and
population migration data in the urban agglomeration area is similar to that of nighttime
lights. The high values are mainly concentrated in Guangzhou, Shenzhen, Dongguan,
and Hong Kong, and the low values are mainly distributed in Zhaoqing, Jiangmen, and
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Huizhou, indicating that POI and population migration data can reflect the urban spatial
structure as accurately as nighttime light data. Nighttime lights identify the urban center
by the nighttime light value of the area, which may be inaccurate to a certain extent. For
example, areas with high nighttime light values, such as airports, ports, and power plants,
are not the urban center. POI data can represent urban infrastructure construction through
their quantitative distribution. Infrastructure construction in airports, ports and other places
is significantly different from urban centers. Therefore, fusing POI data with nighttime
light data can help correct certain areas’ brightness. The nighttime light and POI data
show the city’s static space, so the city’s inner space appears fragmented. The population
migration data express the population flow between and within cities. Therefore, fusing
the population migration data strengthens the connection between and within cities, thus
better representing dynamic urban space.

Although nighttime light data, POI data, and population migration data can all
describe the urban spatial structure, some misrepresentations of nighttime light differences
affect the identification of the urban center. Fusing the POI data with the nighttime light data
can help correct the brightness difference of nighttime lights. Population migration data
can strengthen the spatial connection between and within urban areas through population
movement. In addition, the fusion of population migration data helps to supplement the
spatial details between and within urban agglomerations.

3.2. The Identification of Poly-Centers in the GBA

This study used the spatial differences between urban spaces with different urban
development and spatial structures to identify urban centers. Nighttime lights, POIs,
and population migration data express different aspects of urban spatial differences. For
nighttime light data, the urban center has high nighttime light values, while the non-central
areas have relatively low values. For POls, POls are highly concentrated in the urban center
and scattered in non-central areas. For population migration data, population migration is
prominent in the central urban areas and minor in the non-urban areas.

Only certain parts of the area can be defined as urban centers in a city or metropolis.
Therefore, it is essential to define urban centers quantitatively. Based on existing research
on urban center identification, we propose four indicators to determine the city center. To
be determined as urban centers, the areas need to satisfy the following four indicators
simultaneously (Table 2).

Table 2. Urban center identification indicators.

Indicators Equation Urban Center  Non Urban Center Definition
Area S— NxCS > 15 km? < 15 km? N is the numbgr of Plxels; CSis the
pixel size
Density standard N >0 ~0 x; is the value of ith pixel, X is the
deviation % Y (x — 7)2 =~ average value of pixels
i=1
Compactness index CI = 47S/P? Close to 1 Close to 0 P is the perimeter of the city center
LEN and WID are the major and
Elongation ratio ELG = LEN/WID <3 >3 minor axes of the minimum

bounding rectangle in the city
center, respectively

The area is the identified metropolitan area in the urban center identification index [52].
According to the existing study on urban center identification, the minimum size of the
first-tier urban center in China is 15 km?, and the urban center area of an ordinary city
is no less than 5 km?. Therefore, this study selected 15 km? as the minimum area of the
urban center in the GBA [26]. The density standard deviation is a measure of how scattered
the pixels are. A larger standard deviation means that most of the values in the pixel are
different from the average. The purpose of using the standard deviation is to remove some
high pixel values that cannot be considered urban centers (such as airports, ports, and
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power plants with high pixel values). The value of the compactness index ranges from 0 to
1. The smaller the compactness index, the less compact and scattered the shape of the area,
and the urban center should be more compact than the non-urban center. The elongation
ratio aims to eliminate the urban center formed by narrow roads. By comparing a large
number of elongation-ratio-related studies, we found that the urban center elongation ratio
formed by narrow roads is greater than 3 [53]. The identification process of the city center
in the GBA is shown in Figure 6.

A.Data B.Anselin Local Moran's I(H-H)

C. The Spatial relation
calculated by GWR

D. Identification results

Figure 6. Flowchart of urban center identification.

The identified urban agglomeration center of the GBA based on nighttime light data
analysis and urban center identification index constraints is shown in Figure 7. The urban
center area is 2222.89 km? and includes Guangzhou, Shenzhen, Hong Kong, Zhuhai, Macau,
and other places, accounting for 3.97% of the total administrative area. The urban centers
identified by nighttime lights show that Guangzhou, Shenzhen, and Hong Kong, as super-
first-tier cities, play a dominant role in the development of the GBA, and the extent of these
urban centers far exceeds that of Zhuhai, Hong Kong, Foshan, and other urban centers. The
urban center area identified by nighttime lights depends on the level of the nighttime light
brightness value. The area with the high light brightness value and an extensive range is
recognized as the urban center, while the area with the low light brightness value is not
recognized as the city center range. However, areas including Baiyun International Airport
and Nansha Port were also identified as urban centers, showing the limitations of solely
relying on nighttime light data.
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A:Urban Poly-centric Area Idtitified by NTL s

Quantity: 16 Areas/Percentage: 2222.89 km*/3.97%

B:Urban Poly-centric Area Idtitified by Fusion of NTL POI
Quantity: 16 Argas/Percentage: 3481.05 km?6.22%

C:Urban Poly-centric Area Idtitified by Fusion of NTL_POI _TM

Quantity: 17 Areas/Percentage: 4579.71 km*8.18%

Figure 7. The identification results of polycentric spatial structure in the GBA.

After the fusion of nighttime light data and POI data, the high values are mainly
clustered in Guangzhou, Foshan, Shenzhen, Zhuhai, Hong Kong, and Macau. Among
them, Guangzhou, Foshan, Shenzhen, Hong Kong, Macau, and Zhuhai show a trend of
integrated development, which is in line with the current state of urban development in
the GBA. The urban center area identified after the fusion of nighttime light and POI data
is 3481.05 km?, mainly concentrated in Guangzhou, Foshan, Shenzhen, Hong Kong, Macau,
Zhuhai, Dongguan, and Shunde, accounting for 6.22% of the total administrative area. The
results of the urban center identified by fusing with the POI data showed similar results
with solely nighttime light data analysis but have a wider extent—identifying the Shunde
urban center. Fusing the POI data corrects the false urban center areas with high nighttime
brightness values. After fusing POI data, the areas with a single high nighttime brightness
value, such as Baiyun International Airport and Nansha Port, were not identified as urban
centers. The newly identified urban centers had lights. The newly identified urban center
has the dual characteristics of high light value and a high number of POL

Nighttime light and POI data represent the development level of urban areas, the
distribution trend of urban infrastructure, etc., but focus on static space and fragmented
structures. There are also dynamic spatial connections between and within cities in urban
agglomerations—this connection includes the mutual flow of population, information, and
materials. Therefore, the static urban space represented by nighttime light data and POlIs
cannot fully reflect this dynamic connection. Fusing the population data based on nighttime
light data and POI data fusion, the urban center area identified is 4579.71 km?2, accounting
for 8.18% of the total area of the urban center administrative district. The extent of the urban
center has increased significantly. This method also identified a small number of urban
centers in new airport cities, where there is a large volume of population migration and
cities in the east and west of the GBA with a lower level of development. The mechanism
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behind this is that the urban subcenters share the population burden of the main city center.
The population migration forms urban subcenters in cities, such as Kaiping, Huidong, and
new airport cities. The spatial structure of newly identified urban centers in the GBA shows
an integrated development trend in Guangzhou, Foshan, Shenzhen, Hong Kong, Macau,
and Zhuhai, which is in line with the planning of the GBA.

3.3. Validation of Identification Results

Urban centers rarely have detailed scope and definition in planning documents and
are more part of a widely recognized subjective will. Therefore, the lack of a gold standard
of urban centers makes validating identified urban centers challenging. Existing studies
have shown a significant spatial correlation between population distribution and urban
centers—urban centers are often the centers of large population clusters [54,55]. Therefore,
this study used the clustering distribution populations obtained from the permanent popu-
lation spatial distribution data in the GBA at the end of 2020 to validate the results of the
identified urban center using a consistency test. The permanent resident population spatial
distribution data are from statistical data, acknowledged by the academic community as
the gold standard of population data. The consistency test results are shown in Table 3.

Table 3. The validation result of urban center identification in the GBA.

Validation Nighttime Light ~ Nighttime Light + POI usnhttime Light + POI +

Indicators Population Migration
Accuracy 78.13% 87.37% 93.22%
Kappa 0.6637 0.7961 0.8744

Table 3 shows that the accuracy of nighttime light identified urban centers is 78.13%,
and the Kappa coefficient is 0.6637; the accuracy of nighttime light and POI identified
urban centers is 87.37%, and the Kappa coefficient is 0.7961; and the accuracy of nighttime
light, POI, and population migration data fused identified urban centers is 93.22%, and
the Kappa coefficient is 0.8744. Single nighttime light data have the lowest accuracy in
identifying urban poly-centers, and the identification accuracy significantly improved after
correcting nighttime lights by integrating POI data. Additionally, integrating population
migration data strengthened the internal spatial connection of urban agglomerations and
identified urban poly-centers with the highest accuracy.

3.4. Hierarchy Evaluation of the Identified Urban Poly-Centers

The proposed development plan of the GBA aims to build the GBA into a high-
ranking world-class bay area and metropolis. The planned urban agglomeration spatial
structure planning exhibits “four regional main centers, one regional subcenter, six local
main centers, and several local subcenters”. In addition, it plans three spatial development
arteries: Guangzhou-Foshan, Shenzhen-Hong Kong, and Zhuhai-Macau (Figure 8). In the
development plan, the leading regional centers are Guangzhou, Shenzhen, Hong Kong,
and Macau, and the subregional center is Zhuhai. The leading local centers are Zhaoqing,
Foshan, Zhongshan, Jiangmen, Dongguan, and Huizhou. The comparison results of the
identified poly-centers of the GBA in this study and the poly-centers proposed in the GBA
development plan are shown in Figure 8. The number of urban centers identified in this
study is consistent with the number of centers proposed in the development plan. From
the perspective of the central development arteries, the integrated development trend of
Guangzhou and Foshan is noticeable. The urban centers of Shenzhen and Hong Kong have
also been connected. In contrast, the integrated development trend of Zhuhai and Macao
urban centers is relatively weak, which is consistent with the development plan outline of
the GBA.



Remote Sens. 2022, 14, 2705

13 of 20

Outline Development Plan for the Guangdong-Hong Kong-Macao Greater Bay Area

P

L L
1 = 4 Bl
2 f-/\“ é L
= 9 e (.
{, . :/HL"\ Y = b o
- oo 0\
il :%H g
‘!(_,..,J’Guangzhou Airport Ne; g1t1es o r
-~
L a i
o Y i
y

b 4
N ’
P
Q.
uidong

Ao 1
- Daya Bay NC((N Aréa.
T ! { 4
K R —~

. Centers Proposed
in GBA Planning

Regional Main Centers|

-

I Regional Sub-ceters

[}
i
@ Local Main Centers

@® Local Sub-centers
Km - Urban Poly-centric Area Q Regional Development Pole

Figure 8. Comparison between identified urban poly-center and that proposed in the GBA develop-
ment planning.

In terms of spatial distribution, the identified urban poly-centers in the GBA are gen-
erally consistent with the centers proposed in the development plan outline. However,
development differences between and within main and subcenters lead to the same urban
centers belonging to the same categories having different development levels and hierar-
chies. As we cannot observe and determine the hierarchy level of urban centers by their
spatial extent, we need to evaluate their hierarchy level from quantitative measurement
methods. Evaluating the hierarchy level of urban poly-centers can provide planning and
management authorities insights to allocate urban resources better. Therefore, based on the
GBA metropolis’s urban poly-center identification results, this study further evaluates the
development level of different urban centers based on their spatial heterogeneity. Accord-
ing to the natural city method, nighttime light data follow a heavy-tailed distribution (that
is, there are many pixels with low values). The head-to-tail segmentation identifies the
urban center (the head refers to the pixels with values higher than the average). Iterating
head-to-tail segmentation can identify the places with the highest pixel values as urban
centers, which is more reliable than the bisection method [56].

After determining the poly-centers of the GBA, there are apparent differences in
morphology and development between identified urban centers. We performed iterative
calculations on different identified urban centers based on the natural city method through
clustering and outliers. Assuming that the identified city center indices are all 1, we
increased the center index by one each time we iteratively calculate the H-H clustering until
there was no obvious spatial difference. Figure 9 shows the urban poly-center hierarchical
level evaluation process of the GBA.
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Figure 9. The working flow of the urban poly-center hierarchical level evaluation process.

Referring to the method of evaluating urban poly-centers in the natural city, cluster
analysis, and outlier analysis were used to evaluate the center levels of the GBA. The main
center levels of urban regions were obtained as shown in Figure 10, and the highest, lowest,
and average levels of different urban centers are shown in Table 4. The highest levels of
urban centers in the four regional main centers of Hong Kong, Macao, Guangzhou, and
Shenzhen are 7, 5, 10, and 9, respectively, the highest level of urban centers in Zhuhai
is 10, and the highest levels of urban centers in the other six regional sub-centers of
Foshan, Huizhou, Dongguan, Zhongshan, Jiangmen, and Zhaoqing are 5,4, 7, 6, 5, and 5,
respectively. From the perspective of the urban center level, the primary and secondary
order of urban multi-centers in the GBA should be Guangzhou, Shenzhen, Hong Kong,
Zhuhai, Dongguan, Zhongshan, Foshan, Zhaoqing, Macao, Jiangmen, and Huizhou. As
can be seen, the obtained evaluation results of the multi-center level of the GBA are quite
different from those proposed in the GBA Development Plan.

The GBA development plan outline categorizes Hong Kong, Macau, Guangzhou, and
Shenzhen as the regional main centers. Still, our evaluation of the urban center level shows
that Guangzhou has the highest level of the urban center, followed by Shenzhen. Although
Hong Kong and Macao serve as the Asian international financial center and international
free port, respectively, and are planned as the regional main center in the development plan
outline, the development level of these two cities is lower than Guangzhou and Shenzhen.
It is equivalent to the level of Zhuhai, Foshan, and other regions, which are cities planned
as secondary regional centers in the plan outline. The reason behind this discrepancy is
that, on the one hand, Hong Kong and Macao play a critical role in the development plan
outline due to their positions of functioning as essential gateways for international trade.
On the other hand, urban development has achieved great success in mainland China,
especially in the Pearl River Delta region.
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Figure 10. Evaluation results of urban poly-center hierarchical level (the numbers in the figure
indicate the hierarchy of urban centers).

Table 4. The hierarchical level evaluation of the urban poly-centers.

- . The Highest Hierarchy The Lowest Hierarchy The Average Level
Cities and Development Corridors of Urban Center of Urban Center of Urban Center

Hong Kong 7 3 5

Macau 5 2 3.5
Guangzhou 10 3 6

Shenzhen 9 3 54
Zhuhai 7 2 3
Dongguan 7 2 3

Zhongshan 6 2 3.3

Foshan 5 1 1.8

Huizhou 4 1 15
Zhaoging 5 1 2

Jiangmen 5 1 1.6

Hong Kong-Shenzhen Development Corridor 9 3 3.2

Macau-Zhuhai Development Corridor 7 2 2.4
Guangzhou-Foshan Development Corridor 10 1 4

4. Discussion

The traditional identification and evaluation of the urban centers mainly rely on statis-
tical survey data and remote sensing data. The use of statistical survey data suffers from
subjectivity and irreproducibility, and remote sensing data such as nighttime light data are
often interfered with by the data itself, such as the spillover effect of lights [57]. Therefore,
to the best of our knowledge, there is a lack of scientific, objective, and straightforward
methods to evaluate the heterogeneous spatial development of urban agglomerations. We
first used the wavelet transform to fuse nighttime light, POI, and population migration.
Second, we conducted clustering and outlier analysis and GWR to identify and grade the
urban poly-centers in the GBA. This study explored a reliable and straightforward urban
center identification and grade evaluation workflow. It provides an objective method to
evaluate urban development in the GBA.

As commonly used data for urban center identification, nighttime light data can
directly reflect the development level difference among urban areas through light intensity.
They then can determine the extent of the urban center, which is the key to urban center
identification [58]. However, the nighttime light data’s limitations, such as the light spillover
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effect, resulted in some unsatisfactory recognition results [59]. Later, scholars explored
and discovered the strong spatial correlation between POI data and nighttime light data
and tried to use POI data to correct the errors caused by nighttime light data. The method
that fused the POI and nighttime light data achieved a better urban center identification
result [60]. The nighttime light data and POI data only show the static aspect of urban space,
while the urban agglomeration is dynamic between and within cities and districts [61].
Therefore, this study contributes to the existing studies on evaluating the urban spatial
development by integrating nighttime light, POI, and population migration data, and
taking both dynamic and static elements of urban space into account [62].

Urban polycentric spatial structure identification lays the foundation for urban agglom-
eration spatial optimization research. However, only the number and extent of identified
urban poly-centers cannot directly reflect the urban development level. For example, in
the rapid development of cities, multiple urban centers may expand and merge into a
larger urban center. Although the number of urban centers decreases, the level of urban
development increases [63,64]. Therefore, it is necessary to further evaluate the hierarchy
of different urban centers to accurately understand the current status of urban develop-
ment [65]. The poly-center hierarchical evaluation in this study does not stop at identifying
the primary and sub-centers. Instead, it can accurately grade the level of each urban center
based on urban center identification. Our study has high application prospects and is
relatively straightforward to compute compared with the existing research [66]. Our results
on the development status of the GBA’s urban poly-centers can shed light on guiding the
spatial development of urban agglomerations.

Compared with other multi-source big data fusion models, this study uses wavelet
transform to perform multi-resolution and multi-scale transformation and fusion of dif-
ferent data, which maximizes the effect of data fusion while maintaining different data
characteristics [30,67,68]. Additionally, this study uses SDS to optimize and adjust the fused
images, and fuses them by using the spectral differences of adjacent pixels, which further
improves the effect of data fusion [69,70]. The data fusion method proposed in this study is
not only simple to operate, and easy to apply in a wide range, but also has low noise and
a small amount of redundant data after fusion, which has not been achieved by the data
fusion methods proposed in other studies [71-73].

Despite this, our analysis results suffer from the limitation of neglecting the heteroge-
neous urban functions among cities. For example, although some identified urban centers
belong to the same hierarchical level, such as the urban centers in Macau and Foshan, the
two urban centers have different urban functions [74]. Secondly, there are some uncertain-
ties in the data used in this study, especially POI data and population migration data. To
some extent, these two data are only the abstract simulation of different elements in the
virtual geographical space, which is still different from the actual development of urban
spatial elements and the spatial flow of population elements. Therefore, in the next study,
not only can the functions of urban centers of the same level be classified and continuously
discussed, but also the spatial registration of POI data and population migration data
with the actual urban space and population flow can be carried out to further improve the
data quality. Finally, this study puts forward a feasible method to identify and evaluate
urban polycentric, which has certain guiding significance for future urban polycentric
identification and evaluation.

5. Conclusions

As the polycentric spatial structure is an inevitable choice for rapid urban development,
it is essential for urban planners to identify and evaluate the polycentric spatial structure of
existing urban agglomerations. Using nighttime light, POI data, and population migration
data, we identified an area of 4579.81 km? of urban poly-centers of the GBA, accounting
for 8.18% of the total administrative area with a recognition accuracy of 93.22% and the
Kappa coefficient of 0.8744. The number and extent of the identified multi-centers are
consistent with the development plan outline for the GBA. As for the hierarchy of different



Remote Sens. 2022, 14, 2705 17 of 20

urban centers, Guangzhou, Shenzhen, Hong Kong, Zhuhai, Dongguan, Zhongshan, Foshan,
Zhaoqing, Macao, Jiangmen, and Huizhou rank from the highest to the lowest in the urban
center hierarchy.

The evaluation result differs from the development plan outline, showing that the
actual development level of the GBA is different from the proposed planning. This study
puts forward a new method to identify and evaluate the urban polycentric spatial struc-
ture, adding objectivity and robustness to urban centers’ identification and evaluation
that previously relied solely on subjective judgment. Our results on the spatial develop-
ment of the GBA can provide realistic guidance for future urban planning and regional
development plans.
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