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Abstract: The accelerated growth of urban areas has resulted in substantial alterations to the spatial
structure of these settlements. The accurate identification of the multi-centre spatial structure is a
fundamental prerequisite for the assessment of urban spatial development and the optimisation
of urban space. Accordingly, this study aimed to identify the multi-centre spatial structure of
cities through a novel approach of data fusion based on night-time lighting data, LandScan data,
and population heat data. Furthermore, this study compared the differential effects of population
distribution and population mobility in identifying urban spatial structures. The empirical research
results for Zhengzhou City demonstrate that the accuracy of using LandScan data fusion to identify
multi-centre spatial structures was 0.7463, while the accuracy of using night-time light data fusion to
identify urban spatial structures through population mobility reached 0.8235. This suggests that, in
the context of increasing population mobility and economic activity, the integration of population
mobility data may have a significant impact on the accuracy of urban spatial research. Moreover, this
study places a dual focus on population distribution and population mobility and a new method of
data integration for urban spatial research. These are of considerable practical value in facilitating
spatial optimisation and the coordinated development of cities.

Keywords: population distribution; population mobility; urban polycentres; spatial structure;
Zhengzhou

1. Introduction

The term “urban spatial structure” refers to the configuration and organisation of
various functional areas within a city. This reflects the distribution of land use types in each
area of the city and the layout of urban functional areas [1]. The accurate identification of a
city’s spatial structure enables an understanding of the layout and development trend of
each functional area. This, in turn, facilitates the promotion of spatial optimisation, thereby
enabling the formulation of reasonable urban development planning and construction
programmes. These programmes are designed to ensure the efficient operation of the
city [2,3].

In the context of rapid urbanisation, the spatial structure of cities typically evolves
from a monocentric to a polycentric configuration [4]. The spatial structure of urban
monocentricity is characterised by a centralised core and a radial distribution of different
functional areas. This spatial structure is more prevalent in cities with smaller scale, conve-
nient traffic patterns, and a more concentrated population distribution [5,6]. However, as
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urban areas expand, populations grow, and lifestyles change, single-centre areas frequently
encounter challenges related to traffic congestion, land resource scarcity, and rising living
costs. These challenges make it increasingly challenging to meet the demands of urban
development in the present era [7]. In this context, the multi-centre spatial structure has
emerged as a novel trend in urban development. The urban structure of polycentricity
refers to the development and layout of a city comprising multiple centres or nodes, which
are geographically independent of each other but functionally interconnected and coordi-
nated [8]. In contrast to a monocentric spatial structure, within the same spatial scope, a
polycentric urban spatial structure not only optimises the utilisation of resources within
the city but also improves the accessibility and equality of services within the city. This is
conducive to the promotion of balanced development between urban areas. Consequently,
it is of paramount importance to accurately identify the urban spatial structure [1].

Since the 1960s, researchers have extensively explored the urban spatial structure from
different perspectives. The emergence of the concept of urban polycentricity can be traced
back to this time when the traditional single-centre urban structure began to change due to
the growing popularity of automobiles and urban expansion. Researchers have noticed that
the development of suburban areas means not only the expansion of residential areas but
also the spillover of commercial and service functions. For example, although Burgess and
Hoyt do not explicitly propose the concept of polycentricity in their concentric circle and
fan-shaped models, respectively, they already imply a trend of outward diffusion of urban
functions [9,10]. Multicentric research made significant progress in the late 1980s and early
1990s. During this period, scholars in the field of urban studies began to systematically
study the formation mechanism and spatial characteristics of multi-centre structures in
cities. Garreau’s “Edge City” theory is one of the important contributions of this period,
as he pointed out the formation of secondary centres with significant economic vitality
on the edge of large cities [11]. In addition, McDonald and McMillen’s research further
validated the existence and economic impact of multi-centre structures in major cities
in the United States through empirical analysis [12]. In the 21st century, with the rapid
development of globalisation and information technology, research on urban polycentricity
has further deepened. Researchers have begun to pay attention to polycentricity on a
global scale and its impact on urban planning and policies. For example, Hall and Pain’s
theory of polycentric network cities proposes that globalisation promotes the formation
of intercity networks, and a polycentric structure within cities is an important component
of this network [13]. Meanwhile, studies by scholars such as Batten and Davoudi also
emphasise the role of polycentricity in enhancing urban competitiveness and sustainable
development [14,15].

Previous methods for identifying the urban spatial structure have included spatial
statistical analysis [16], network analysis [17], the gravity model [18], primacy [19], the
Pareto distribution [20], the Gini index [21], White’s coefficient [22], the relative disper-
sion coefficient [23], and least-squares estimation [24], among others. The research data
primarily comprise census data, economic data, and traffic data [25,26]. These datasets
are employed to identify the urban spatial structure by elucidating the spatial patterns of
economic agglomeration and population distribution within cities through the application
of quantitative methods. For instance, in 2001, McMillen defined an urban sub-centre as
an area with a high population density situated at a certain distance from the city’s main
centre, as determined by employing census data [27]. In 2009, Adolphson proposed a
method for measuring the number of urban cores, the distribution of the size of urban
cores, the spatial distribution of urban cores, and the degree of polycentricity. This involved
measuring the polycentric urban structure and the connectivity between urban resources
in the region [28]. The application of urban remote sensing and big data in recent years
has also provided a new way of identifying the urban spatial structure [29]. However, the
identification of urban centres is still primarily focused on single economic or demographic
data sources. Yet, both the economy and the population play dominant roles in the process
of the evolution of the urban spatial structure. The distribution of economic activities and
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the pattern of development determines the formation of and change in a city’s functional
areas, while the population size and mobility further promote and adjust these spatial
layouts [30,31].

Economic growth, as the primary driving force behind urban development, can fre-
quently result in the transformation of urban spatial structure and the formation of new
centres [32]. Concurrently, economic growth increases the cost of living in specific ar-
eas, which may result in the migration of the population away from these areas. This
can include migration from the main centre to a sub-centre, as well as from the centre to
the periphery [33,34]. In other words, despite the fact that the overall economy exhibits
growth, population mobility also contributes to a more complex and diverse urban spatial
structure [35]. In contrast to economic growth, population data offer a more nuanced
understanding of the urban spatial structure, encompassing resident, employed, and mo-
bile populations, among others. In this context, studying the employed population is
more likely to reveal professional centres, while studying the resident population tends to
reveal urban centres through the concentration of population density and the demand for
public service facilities. As the urbanisation process accelerates and population mobility
increases, the distribution of mobile populations (including commuter and tourist popula-
tions, among others) within cities and their mobility characteristics become increasingly
important for the identification of urban centres [36,37]. Existing studies indicate that the
mobile population can serve as a proxy for the vitality and attractiveness of a city. This
allows for the identification of commercial centres and cultural and entertainment centres
and reveals the dynamic characteristics of the urban space. Additionally, it reflects the
connection between different centres of the city through the need for transportation and
infrastructure planning [38,39]. Consequently, the spatial structure of urban centres can be
identified through an analysis of the mobile population.

When studying the urban spatial structure, multi-source data fusion has emerged as a
significant research methodology. This approach is primarily concerned with a compre-
hensive analysis and understanding of the urban space from multiple perspectives and at
different levels, achieved through the integration of diverse data sources [40]. Data sources
commonly used to identify the spatial structure of cities include population data, land use
data, traffic data, remote sensing images, socioeconomic data and Internet data [41,42]. The
methods of multi-source data fusion include data integration, spatial analysis techniques,
statistical analysis and machine learning, and spatiotemporal analysis [43–45]. The specific
applications of multi-source data fusion in urban spatial structural research include the
identification of urban centres, the division of functional areas, the analysis of traffic flows,
the assessment of environmental quality, and the planning of emergency management
and security measures. For instance, the fusion of population data, traffic data, and land
use data enables the identification of the core and sub-centre areas of a city [46]. Simi-
larly, the combination of land use data, socioeconomic data, and remote sensing imagery
facilitates the classification of functional areas of the city [47]. By combining traffic and
population mobility data, the spatial and temporal distribution of traffic flows can be
analysed and transport planning and management can be optimised [48]. Similarly, by
combining environmental data and population distribution data, the environmental qual-
ity of different areas of the city can be assessed and environmental protection measures
formulated [49]. The existing research indicates that data fusion can effectively improve
observation accuracy for urban spaces.

The study of urban development is informed by two key factors: the economy and the
population. The current methods for identifying urban centres through data fusion typically
combine these two types of data. Economic data frequently employ night-time lighting
data as a proxy variable, while demographic data commonly utilise LandScan data—that
is, a high-resolution population distribution dataset that primarily reflects the spatial
distribution of the resident population and is effective for identifying densely populated
areas and residential areas [50]. However, as urbanisation and population growth slow,
many cities have begun to experience population contraction. Resident population data are
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insufficient to fully reflect the dynamic changes in cities [51]. For instance, some regions
may have a relatively small resident population, yet may have a high urban centre status
due to a dense mobile population for business, tourism, or other reasons. Consequently,
relying solely on resident population data may no longer fully reflect the dynamic changes
of the city [52]. In this context, more accurate observations can be achieved by using the
mobile population distribution. However, there are relatively few studies of this kind, and
further exploration is urgently needed.

This study uses night-time lighting data, LandScan data, heat-map data, and Weibo
check-in data. Night-time lighting data are used to reflect the level of economic develop-
ment, LandScan data are used to reflect the spatial distribution of the population within
the city, heat-map data are used to reflect the movement of the population within the city,
and Weibo check-in data are used to validate the accuracy of the identified city centre.
Specifically, this study encompasses two main areas of investigation. The first is the anal-
ysis and integration of data pertaining to the city’s economic development, as reflected
by night-time lighting, with data on population density, as reflected by LandScan data,
and the flow of people, as reflected by heat-map data. The second area of focus was the
identification of the polycentric spatial structure of Zhengzhou City, based on the fusion of
night-time lighting data and LandScan data and of night-time lighting data and heat-map
data. The third aspect of this study was a comparison of the results and verification using
Weibo and microblog check-in data, to identify the spatial structure of the Zhengzhou urban
polycentre. By using night-time lighting data, LandScan data, heat-map data, and social
media data, this study aims to explore a more accurate and popular method for identifying
urban centres by integrating data from different sources. By accurately identifying the
multi-centre spatial structure of a city, it can provide an effective policy basis for urban
planning and resource allocation.

2. Materials and Methods
2.1. Research Area

Zhengzhou City, the capital of Henan Province, has undergone significant urbanisa-
tion in recent years. By 2020, the city’s resident population had reached approximately
12.6 million, with an urbanisation rate of 78.4%. Zhengzhou City is representative of a city
where population mobility has driven the transition from a monocentric to a polycentric
urban spatial structure, contributing to a more differentiated urban functional area [53].
Zhengzhou City has seen the formation of three distinct districts, each with a specific role
within the urban landscape. Zhongyuan District is home to a multitude of commercial and
administrative activities, Xinzheng District serves as a gateway for international exchanges,
and Zhengdong New District is a hub for high-tech enterprises and financial institutions.
This study accurately identified the urban polycentric spatial structure of Zhengzhou City,
thereby facilitating the spatial optimisation and layout of the city by providing a reference
for the development planning of the city. The study area comprised the eight major admin-
istrative districts of Zhengzhou (Table 1): Jinshui District, Zhongyuan District, Guancheng
District, Erqi District, Huiji District, Shangjie District, Xinzheng City, and Xingyang City.

Table 1. Relevant information on the eight major administrative districts of Zhengzhou.

District GDP (Ten
Thousand RMB)

Population (Ten Thousand
People)

Land Area
(km2)

Built-Up Area
(km2)

Jinshui 19,320,380 162.4 243 85.79

Zhongyuan 7,653,319 96.9 198 66.81

Guancheng 6,782,355 82.5 199 78.59

Erqi 7,856,087 106.5 155 71.98

Huiji 3,062,251 56.1 222 73.6

Shangjie 1,654,160 20.1 61 34.39

Xinzheng 8,198,484 120.4 885 134.37

Xingyang 5,587,621 73.4 943 83.11
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2.2. Research Data

The data employed in this study were primarily NPP-VIIRS night-time light data,
LandScan data, heat-map data, and microblog check-in data. The specific treatment and
processing flow of each dataset are outlined below (Table 2).

Table 2. Relevant information about the dataset used.

Dataset Format Resolution Date Source Link

Night-time light data Tiff 500 m × 500 m January 2022–December 2022
https://eogdata.mines.edu/

nighttime_light/monthly/v10/
(accessed on 1 March 2024)

LandScan data Tiff 1 km × 1 km January 2022–December 2022 https://landscan.ornl.gov/
(accessed on 10 January 2024)

Population heat
distribution Tiff 30 m × 30 m January 2022–December 2022 https://huiyan.baidu.com/

(accessed on 5 February 2023)

Weibo check-in data Point — January 2022–December 2022
https://github.com/WanZixin/

SinaWeibo-LocationSignIn-spider
(accessed on 20 December 2023)

2.2.1. Night-Time Light Data

The NPP/VIIRS (Suomi National Polar-orbiting Partnership/Visible Infrared Imaging
Radiometer Suite) dataset is a high-resolution night-time light dataset compiled by NASA
and NOAA. Its 500-metre spatial resolution allows for the provision of fine night-time light
information, which has led to the widespread use of NPP NTL data in the analysis and
monitoring of night-time light changes in specific areas. In this study, the 2022 NPP/VIIRS
NTL data for Zhengzhou City were obtained from the NASA Earth Observation Data
Centre website. We pre-processed the acquired data, which included radiometric correction
and monthly averaging. The results of this pre-processing are presented in Figure 1.
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2.2.2. LandScan Data

LandScan is a high-resolution global population distribution dataset developed and
maintained by Oak Ridge National Laboratory (ORNL), Oak Ridge, TN, USA. LandScan
data are generated by integrating multiple data sources, including satellite imagery, remote
sensing data, geographic information system (GIS) data, census data, and other statistical
data. It uses a multi-scale approach, including land use/land cover, night-time light data,
road networks, slopes, terrain, and other factors, to accurately model population data
and allocate them to high-resolution grid cells. The spatial resolution of LandScan data is
1 km, and the temporal resolution is continuous. This study was conducted by visiting
official websites, including https://landscan.ornl.gov/, in order to obtain the LandScan

https://eogdata.mines.edu/nighttime_light/monthly/v10/
https://eogdata.mines.edu/nighttime_light/monthly/v10/
https://landscan.ornl.gov/
https://huiyan.baidu.com/
https://github.com/WanZixin/SinaWeibo-LocationSignIn-spider
https://github.com/WanZixin/SinaWeibo-LocationSignIn-spider
https://landscan.ornl.gov/
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population data for Zhengzhou City in 2022. The data were then pre-processed in order to
obtain a spatial distribution map of Zhengzhou City’s population, as shown in Figure 2.
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2.2.3. Population Heat Distribution

The Baidu heat map is a big data service provided by Baidu Maps. It utilises user
location data to generate city heat maps, reflecting the population densities, flows, and
activities in different areas. These heat-map data can be represented visually, such as the
spatial distribution of population, traffic flows, or commercial activities, through the use of
colour. Additionally, visuals can be employed to display dynamic changes in time-series
data. The Baidu heat-map data for 2022 were obtained via the Baidu Map Open Platform
API interface. In order to eliminate discrepancies in population mobility between dates,
the heat data were averaged for the entire year of 2022. This process yielded the heat
distribution of the population, as illustrated in Figure 3. Red indicates areas with a high
population density, while green and blue indicate areas with a low population density.

Land 2024, 13, x FOR PEER REVIEW 7 of 20 
 

 
Figure 3. The pre-processing results of population heat distribution data. 

2.2.4. Weibo Check-in Data 
Weibo check-in data were derived from the Sina Weibo platform. As the Internet con-

tinues to evolve, individuals are engaging in an increasing number of online social activ-
ities on Sina Weibo, Zhihu, Xiaohongshu, and other social media platforms. With regards 
to Sina Weibo, the platform’s active user base reached approximately 300 million during 
the 2023 Spring Festival Gala, thus ranking first among mainstream social media in China. 
Weibo check-in data are geographic data that include latitude and longitude, location in-
formation, and text content. Weibo offers a significant quantity of data, a wealth of infor-
mation, and real-time performance at a low cost. In this study, we obtained Weibo check-
in data for Zhengzhou City in 2022 by accessing the open platform of Sina Weibo, with a 
total of 198,753 entries. Following the pre-processing of the obtained data, which included 
deduplication, format conversion, handling of missing values, outlier detection, and ver-
ification of data quality, the final results were obtained and are presented in Figure 4. 
Finally, the Weibo check-in data were compiled into a 0.1-kilometre grid. 

 
Figure 4. The pre-processing results of Weibo check-in data. 

Figure 3. The pre-processing results of population heat distribution data.



Land 2024, 13, 1159 7 of 20

2.2.4. Weibo Check-in Data

Weibo check-in data were derived from the Sina Weibo platform. As the Internet
continues to evolve, individuals are engaging in an increasing number of online social
activities on Sina Weibo, Zhihu, Xiaohongshu, and other social media platforms. With
regards to Sina Weibo, the platform’s active user base reached approximately 300 million
during the 2023 Spring Festival Gala, thus ranking first among mainstream social media
in China. Weibo check-in data are geographic data that include latitude and longitude,
location information, and text content. Weibo offers a significant quantity of data, a wealth
of information, and real-time performance at a low cost. In this study, we obtained Weibo
check-in data for Zhengzhou City in 2022 by accessing the open platform of Sina Weibo,
with a total of 198,753 entries. Following the pre-processing of the obtained data, which
included deduplication, format conversion, handling of missing values, outlier detection,
and verification of data quality, the final results were obtained and are presented in Figure 4.
Finally, the Weibo check-in data were compiled into a 0.1-kilometre grid.
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2.3. Research Methodology

In order to unify the spatial resolution of the data, we performed resampling operations
on different TIFF data. The spatial resolution was uniformly resampled to 500 m for
subsequent calculations.

2.3.1. Data Fusion

The wavelet transform is an exemplary algorithm for data fusion, which operates
by decomposing data from different sources at multiple scales, extracting the details and
approximate information at each scale, and then selecting or generating key features
according to specific fusion rules. Finally, the fused features are reconstructed into a new,
more information-rich image through inverse wavelet change. In comparison to other
algorithms, the multi-resolution analysis capability and signal localisation features of the
wavelet transform permit the efficient processing and analysis of data at both global and
local levels [54]. The formula for the wavelet change is as follows:

WT(α, τ) = f (t)φ(t) =
1√
α

f (t)
∫ +∞

−∞
φ

(
t − b

α

)
dt (1)
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In Equation (1), f(t) is the image signal vector, φ(t) is the wavelet transform function, α
represents the wavelet transform scale, τ represents the image signal translation amount,
and b is a parameter.

2.3.2. Local Autocorrelation

Local autocorrelation is a statistical method for measuring the similarity between
data points in geospatial space, which is particularly useful for identifying urban centres.
This method is predicated on the analysis of data within a region in comparison to its
neighbours, with the objective of determining whether spatial aggregation exists. The most
common local autocorrelation indices include the local Moran’s I index, Geary’s C index,
and the Getis–Ord G* index, which reveal spatial dependence or aggregation trends among
geographic units [55,56]. The Moran index is capable of sensitively capturing the global
autocorrelation of spatial data for a wide range of data types. Furthermore, it provides
statistical significance tests (e.g., Z-scores and p-values) to ensure the reliability of the
results. Furthermore, the results of the Moran index are straightforward to interpret and
visualise, which facilitates the generation of intuitive spatial clustering maps indicating
areas of high and low concentration within a city. Consequently, the Moran index was
selected in this study to identify the principal urban centre of Zhengzhou City. The formula
for the Moran index is as follows:

Ii =
xi − x

Si
2

∑n
j=1,j ̸=i wij(xi − x) (2)

In the equation above, Ii is the statistical count of LMI for point i, wij is the spatial
weight matrix, xi is the attribute value of point i, x is the mean value of all attribute values,
and S2

i is the total sample variance.

S2
i =

∑n
j=1,j ̸=i (xi − x)2

n − 1
(3)

The spatial weight matrix wij is normalised as follows:

∑n
i=1 ∑n

j ̸=i wij = n (4)

The Z score is introduced to represent the statistical values with similar values of Ii:

Z(Ii) =
Ii − E(Ii)√

Var(Ii)
(5)

where E(Ii) is

E(Ii) = −
∑n

j=1,j ̸=i wij

n − 1
(6)

Var(Ii) = E
(

Ii
2

)
− E(Ii)

2 (7)

A high positive Z score (greater than 1.96) indicates that a statistically significant
(0.05 level) cluster has been obtained, and an aggregation of these high scores is denoted as
a high–high region, i.e., there is a strong correlation. When all the high-score spatial units
cluster together, it is referred to as an HH area.

2.3.3. Geographically Weighted Regression

Geographically weighted regression (GWR) is a local spatial analysis technique that
reveals the local characteristics of geographic processes by introducing location weights into
the regression model so that the model parameters vary with geographic location. GWR
is particularly suitable for dealing with spatial heterogeneity, where data from different
locations exhibit different statistical characteristics [57]. Due to the fact that GWR allows
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regression coefficients to vary with spatial location, it can capture the differences in features
within different regions of the city. By considering spatial heterogeneity, GWR provides a
detailed spatial analysis capability that traditional regression analysis cannot achieve. By
analysing the changes in local relationships between data from different areas, GWR can
identify specific areas that have an impact on urban functions, thus effectively identifying
the sub-centres of a city. The formula for GWR is

yi = β0(µi, vi) + ∑k
j=1 β j(µi, vi)xij + εi (8)

In the equation above, yi represents the density of urban activity, which is the depen-
dent variable; µi,vi represents geographic location of the spatial centre; β0 (µi,vi) is the
intercept, which represents the basic regression value at the geographical location (µi, vi),
where the intercept varies with the geographical location; βj (µi, vi) represents the local
estimation coefficient, which reflects the local influence of the explanatory variable on the
dependent variable and captures spatial heterogeneity; xij represents the jth explanatory
variable for the ith observation; and εi is the residual value, representing the randomness
that the model cannot fully explain.

The identification of urban sub-centres is contingent upon the significance of the
regression coefficients and the goodness of the model fit. An area can be identified as an
urban sub-centre when the effect of the explanatory variables on the dependent variable
is significantly higher than that of the surrounding areas and when the model fit is good.
GWR reveals the complexity of local differences in urban development and provides more
accurate decision support for urban planning.

2.3.4. Accuracy Verification

In order to assess the accuracy of urban polycentric spatial structural recognition, the
F1 per unit pixel was calculated based on the population activity centre reflected in the
microblog check-in data. Here, F1 was the reconciled average of the check-full rate (recall)
and check-accuracy rate (precision), with a value range from 0 to 1, where a larger value is
associated with higher accuracy. The check-full rate, the check-accuracy rate, and the F1 are
as follows:

precision =
aoverlap

acomputed
(9)

recall =
aoverlap

acomparative
(10)

F1 =

(
2

recall−1 + precision−1

)
= 2 · precision · recall

precision + recall
(11)

Here, aoverlap represents the total area of overlap between the identified city centre
and the urban population’s activity centre reflected in the Weibo check-in data, acomputed
represents the identified city centre, and acomparative represents the urban population’s
activity centre reflected in the Weibo check-in data.

3. Results
3.1. Multi-Source Big Data Fusion

Data fusion is the integration of data from the same area obtained through different
methods. The resulting fused data can better reflect the characteristics of the phenomena,
thus improving the efficiency and effectiveness of data use and facilitating a more com-
prehensive and accurate judgement of the target area. In this case, the spatial connection
between night-time lighting data and LandScan and heat-map data in urban areas was
strong. The former reflected the economic activities and residential density of the city,
while the latter provided detailed information on the population distribution and mobility.
In this study, the wavelet transform was employed to extract features from multiple data
sources and perform prediction and analysis. Due to the different spatial resolutions of the
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data, we resampled the data during the data processing. During the resampling process,
it was found that the 1 km spatial resolution lost too much spatial information, while the
100 m spatial resolution had complex redundant information. Therefore, we chose 500 m
spatial resolution as the resampling result.

By fusing the night-time lighting data with the LandScan data, a new dataset, desig-
nated NTL-LandScan, was generated. This is illustrated in Figure 5, showing high-value
areas of the NTL-LandScan data concentrated in the western region of Jingshui District,
the southeastern part of Zhongyuan District, the northeastern region of Erqi District, the
northwestern region of Guancheng District, and the southern region of Huiji District. These
areas exhibit high night-time lighting brightness, indicating intense economic activity and
a dense population. This concentration of values forms a high-value concentration circle,
which is recognised as the primary central area of Zhengzhou City. In addition, other areas,
including Xingyang City, the majority of Xinzheng City, all of Shangjie District, and the
majority of Huiji District are classified as address clusters. These areas exhibit significantly
lower brightness and population densities, indicating a transition zone between the city
and the surrounding rural or natural areas.
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The night-time lighting data were integrated with the heatmap data to generate novel
NTL-Heatmap data, as illustrated in Figure 6. The high-value areas in the figure are
concentrated in Jinshui District, the northern and eastern parts of Zhongyuan District, the
northern part of Erqi District, and most of the northern part of Guancheng District. These
areas not only exhibit high economic activity at night but also serve as principal gathering
points for population mobility. In the Xingyang and Xinzheng Districts, for instance, the
brightness of these areas is low, and several areas of high values on the map form clear
clusters, particularly in and around the city centre. Areas such as the Jinshui, Zhongyuan,
and Erqi Districts exhibit a notable concentration of high values, which suggests that these
areas serve as major commercial and residential hubs. The high-value areas are connected
by corridors with high brightness, indicating the presence of major transport networks and
economic links within the city. Conversely, areas such as Xingyang and Xinzheng exhibit
markedly lower brightness, reflecting the divergence in economic activities and population
mobility between these regions and the city centre.
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A comparison of the data before and after fusion revealed that the distribution of high
and low values of the NTL-LandScan and NTL-Heatmap data in Zhengzhou City was
similar to that of night-time lights. High values were mainly concentrated in the Jingshui,
Zhongyuan, Erqi, and Guancheng Districts, indicating that both NTL-LandScan and NTL-
Heatmap data can reflect the spatial structure of a city centre accurately. Nevertheless,
the accuracy of the night-time lighting data fused with the LandScan and heat-map data
required further verification.

3.2. Spatial Structure of Urban Polycentres Identified by Night-Time Lighting Data Fusion with
LandScan Data

The city centre of Zhengzhou, as identified by the NTL-LandScan data, is illustrated
in Figure 7. This figure demonstrates that five urban centres in Zhengzhou were identified,
with a total area of 384.03 km2. The main centre is concentrated in the core area of urban
development, while the sub-centres are distributed in the peripheral areas of the city, form-
ing a relatively clear urban polycentre pattern. The NTL-LandScan data revealed a single
main centre located in the Zhongyuan, Jinshui, and Erqi Districts. These districts serve
as both the administrative and commercial centres of Zhengzhou and are characterised
by a high concentration of economic activities, the highest luminance at night, and the
highest density of resident population. The area of these districts is 316.90 km2. Sub-centres
are located in Shangjie District, Xinzheng City, and Xingyang City, with centre areas of
27.17 km2, 17.68 km2, 15.23 km2, and 4.97 km2, respectively. Although the night-time light
luminance and the resident population density of these areas are not as high as in the main
centre, they still demonstrate significant economic and population densities and a high
level of economic and demographic vitality.
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3.3. Spatial Structure of Urban Polycentres Identified by Fusing Heatmap Data with Night-Time
Lighting Data

The eight centres of Zhengzhou city, as identified by NTL-Heatmap data, are depicted
in Figure 8. Of these is the main centre, while the remaining seven are sub-centres. The main
centre area is primarily situated within the boundaries of the Zhongyuan, Jinshui, and Erqi
Districts, which collectively represent the primary economic and population concentration
areas within the city. The total area of this zone is 230.97 km2, representing a reduction of
153.06 km2 in comparison to the main centre area identified by the NTL-LandScan data.
The NTL-Heatmap data identified seven sub-centres, located in Shangjie District, Xingyang
City, Zhongyuan District, Huiji District, and three in Xinzheng City. The areas of the various
sub-centres were as follows: 21.28 km2, 16.46 km2, 15.97 km2, 6.71 km2, 15.38 km2, 1.49 km2,
and 8.21 km2.

From the centres identified by NTL LandScan and NTL Heatmap, in addition to the
main centre of Zhengzhou, the sub-centres of Zhengzhou can be roughly divided into the
following types: administrative sub-centre, commercial sub-centre, industrial sub-centre,
and residential sub-centre. For example, the sub-centre in Shangjie District is the industrial
sub-centre, the sub-centre in Xingyang is the industrial and residential sub-centre, the sub-
centre in Xinzheng City is the comprehensive sub-centre, and the sub-centre in Huiji District
is the residential and commercial sub-centre. The main and sub-centres of Zhengzhou have
complementary and synergistic effects in the overall urban development. Each sub-centre
has a clear division of labour in terms of functional positioning. For example, Shangjie
District focuses on industry, Xingyang and Xinzheng have both industrial and residential
functions, while Zhongyuan District and Huiji District focus on commerce and residence.
This division of labour and collaboration helps to balance the distribution of urban functions
and alleviate the pressure on the main centre. The sub-centre and the main centre support
each other economically and functionally, forming a positive, interactive relationship. The
main centre focuses on high-end service industries and administrative functions, while
the sub-centre ensures the overall efficiency of the city’s operation by providing support
functions such as residential, industrial, and logistical. Although there may be competition
among sub-centres in certain areas, this is more about attracting resources and optimizing
services, with the ultimate goal of promoting the prosperity of the entire city.
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A comparison of the spatial structures of urban polycentres identified by NTL-LandScan
and NTL-Heatmap revealed that the two fused datasets differed in the concentrations of
the main centres. The main centres identified by NTL-LandScan were more concentrated
and larger in area, indicating that the main centre areas it identified had higher economic
and population concentrations. In contrast, the main centres identified by NTL-Heatmap
were smaller, suggesting that the core areas identified were more dispersed, with reduced
economic and population density. Furthermore, the distribution of sub-centres differed
between the two datasets. NTL-LandScan had fewer and larger sub-centres, indicating that
each had relatively greater economic and population dynamism. In contrast, NTL-Heatmap
had a relatively large number of sub-centres, each with a smaller area, indicating that they
had a relatively low economic and population concentration. Finally, there was also a
difference in the coordination of spatial distribution. NTL-LandScan demonstrated a more
concentrated and clearer polycentric pattern, where the distribution of main centres and
sub-centres was conducive to the formation of a balanced urban structure. In contrast,
NTL-Heatmap illustrated a more dispersed polycentric pattern, characterised by a greater
number of sub-centres. This may indicate more vibrant economic and demographic activity
in the peripheral parts of the city, contributing to the expansion and diversification of
the city.

3.4. Comparative Analysis

A comparison of the spatial structures of the Zhengzhou City polycentre identified
by NTL-LandScan (economic integration of resident population data) and NTL-Heatmap
(economic integration of population mobility data) revealed a significant difference between
the two (Figure 9). The area of the city centre identified by NTL-LandScan was larger,
with the main centre covering 316.90 km2, and four sub-centres were identified, also with
a larger area. This indicated a high concentration of the city centre area and a limited
expansion of the peripheral area. The NTL-Heatmap identified smaller urban centres, with
the main centre covering 230.97 km2 and a larger number of sub-centres (seven) covering a
smaller area, indicating a more decentralised polycentric structure of the city, with economic
and demographic activities distributed over a wider area. The NTL-LandScan data are
mainly based on the resident population, reflecting a more static pattern of urban centres.
Today, the increased mobility of the urban population and the dispersion of economic
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activities make it challenging to accurately capture the actual urban polycentric structure
with the traditional resident-population-based urban centre identification method. NTL-
Heatmap data, however, combine population mobility and can more dynamically reflect
the economically and demographically active areas within a city.
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In particular, NTL-Heatmap data incorporate information on population movements
and thus can dynamically capture the actual movements of people within a city. In contem-
porary urban environments, populations are no longer constrained to their fixed residences.
Instead, individuals frequently traverse diverse spatial domains at disparate temporal
intervals. By analysing these mobility data, it is possible to identify with greater accuracy
which areas are densely populated and economically active at particular times. Economic
activity is concentrated in high-traffic areas, such as business centres, work zones, and
entertainment districts. By capturing population movement data, NTL-Heatmap is able to
identify these hot zones of economic activity, rather than simply identifying areas with a
large population distribution. The advent of the sharing economy and the rise in popularity
of telecommuting have rendered traditional resident population data inadequate for reflect-
ing the distribution of economic vitality in cities. Modern cities are also becoming more
polycentric, with the emergence of sub-centres and new business districts. The identifica-
tion of multiple sub-centres by NTL-Heatmap indicates that economic and demographic
activities have been expanding over a wider area. Conversely, NTL-LandScan, which is
based on resident population data, may fail to identify these emerging areas and may not
fully reflect the diverse development pattern of the city. Finally, in the context of popu-
lation contraction, resident population data may underestimate the actual density of the
population and economic activities. In the context of population contraction, population
movement and redistribution are often observed. NTL-Heatmap can capture these changes,
thereby providing a more flexible identification of urban centres in real time. This enables
urban planners to gain a deeper understanding of the impacts of population contraction
and to respond accordingly.

3.5. Validation of Recognition Results

The real-time and dynamic nature of Weibo check-in data means that they can reflect
the population distributions at different times and locations in a timely manner. The pop-
ulations of urban centres are in constant flux, and Weibo check-in data can be employed
to capture such changes, accurately reflecting the level of activity in urban centres. More-
over, Weibo check-in data reflect the social behaviours of users, with social activities often
concentrated in areas of the city that are particularly busy, such as business centres and
cultural and entertainment districts. Consequently, Weibo check-in data can be employed
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to infer the concentrated areas of population movement, which align with the locations of
urban centres.

The results of fusing LandScan and heat-map data with the city centre and night-
time lighting data were validated by the microblog check-in data (Table 3). The F1 of
NTL-LandScan was found to be 0.7463, while that of NTL-Heatmap was 0.8235. The
recognition results indicated that NTL-Heatmap had higher accuracy, as it incorporated
real-time population mobility data and was thus better able to capture the dynamic changes
in population and economic activities within the city. In contrast, NTL-LandScan was
based on population distribution data, which reflected more static, long-term residential
conditions; therefore, they were unable to account for instantaneous changes in population
and economic activities in a timely manner. Furthermore, economic activities are usually
concentrated in places with high human flows, not just in areas with high population
distribution. NTL-Heatmap can identify actual economic hotspots and active areas through
population mobility data, while NTL-LandScan may underestimate these dynamic eco-
nomic centres. As modern urban development is becoming more polycentric, business
districts and sub-centres continue to emerge. NTL-Heatmap can capture these emerging
areas more sensitively, whereas NTL-LandScan may overlook such changes. Finally, in
the context of increasing population mobility and population contraction, NTL-Heatmap
can provide more flexible and real-time identification of urban centres by capturing mo-
bile population data; conversely, NTL-LandScan cannot accurately reflect these dynamic
changes due to its reliance on resident population data.

Table 3. Verification of the identification results.

Recall Precision F1

NTL-LandScan 0.6705 0.8416 0.7463
NTL-Heatmap 0.7710 0.8837 0.8235

4. Discussion

In recent years, urbanisation has been rapidly advancing, the urban structure has
become increasingly complex, and the traditional monocentric structure has become in-
sufficient for the needs of modern urban development [58]. The multi-centre spatial struc-
ture has emerged as a significant development mode, alleviating pressure on the central
region and facilitating balanced development across all regions by dispersing urban func-
tions [59]. This study has provided a detailed analysis of the polycentric spatial structure
of Zhengzhou City based on the dual perspectives of mobile and resident populations. The
population distribution data usually come from the population census, registered residence
or regular population sampling survey. These data reflect the population distribution of
fixed residents in Zhengzhou, which can reveal long-term stable population distribution
characteristics and population density in the central area of the city. Floating population
data can reveal the population distribution and concentration areas within the city dur-
ing different time periods, reflecting daily activity hotspots and temporary population
agglomeration of the city. Fusing resident population and mobile population data with
night-time lighting data provides a method for accurately identifying the spatial structure
of urban polycentres, which enables an in-depth analysis of the relationship between urban
population activities and spatial distribution, as well as an understanding of the density of
population activities and their changing law in each centre area. This not only facilitates
comprehension of the spatial configuration and functional disposition of a city but also
provides a robust scientific foundation for urban planning and administration, which has
considerable practical significance and application value.

In previous studies, the identification of the spatial structure of urban polycentres
has typically been based on a single data source, such as the distribution of the resident
population or night-time lighting data [60]. These traditional methods can provide some
information on the urban structure, but they have obvious limitations. The use of popu-
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lation distribution data is limited by their static nature, which precludes the capture of
instantaneous population movement and dynamic economic activities [61,62]. Furthermore,
although night-time lighting data can reflect the brightness distribution of a city, they are
unable to accurately distinguish the specific population and economic activities in different
areas [29]. This study has addressed the limitations of traditional methods by proposing a
novel approach to identify the spatial structure of urban polycentres. The proposed method
integrates night-time lighting data, population distribution data, and population mobility
data. In particular, NTL-LandScan data integrate the distribution of economic activities and
resident populations, while NTL-Heatmap data incorporate the dynamic characteristics of
economic activities and population mobility. We can display the dynamic characteristics
of population mobility at different time periods through heat-map data. Combining them
with night-time lighting data can more comprehensively reflect the economic activities and
population mobility in different areas of the city. The introduction of dynamic features com-
pensates for the shortcomings of static data, making the identification of urban multi-centre
structures more in line with practical operational mechanisms. While breaking through the
limitations of traditional methods, it provides a more comprehensive and accurate means
of identification.

This study employed a novel approach to investigate the potential of population
mobility data in reflecting real-time demographic and economic activity changes within
cities. Conversely, traditional methodologies that depend on resident population data are
unable to capture these changes [63]. By utilising night-time lighting data, this study was
able to identify the most economically active areas within the city. The initial distribution of
economic activities was identified through the use of night-time lighting data, which was
then refined through the incorporation of population movement data, thereby enhancing
the precision of the results. Furthermore, the development of modern cities is often
characterised by a polycentric structure, which means that a single data source may not be
sufficient to identify emerging business districts and sub-centres [64–66]. The integration
of multiple data sources can facilitate the identification of these emerging areas, reflecting
the diverse development patterns observed in a city.

This study validated the enhancement provided by population mobility data fusion
in terms of the precision of urban polycentric spatial structural identification through
a comparative analysis. The recognition accuracy of NTL-LandScan was 0.7463, while
that of NTL-Heatmap was 0.8235. These values indicated that the fusion of population
mobility data enhanced the accuracy of urban polycentric structural recognition. NTL-
Heatmap is most effective at reflecting the actual situation within the city, particularly
in response to an increase in population mobility and the decentralisation of economic
activities [67]. This study enhanced the precision of identifying the spatial configuration
of urban polycentric areas by integrating multiple data sources. This accurate means of
identification is of great importance for urban planning and management, as it enables city
managers to gain a more comprehensive understanding of the distribution of economic
activities and the population within the city. This, in turn, facilitates the formulation of
more appropriate urban development strategies and resource allocation schemes, as well
as the promotion of coordinated urban development [68]. Furthermore, by fusing night-
time lighting and population movement data, the changes at play can be captured in a
more timely and accurate manner, thereby providing an effective tool for assessing rapidly
evolving urban dynamics.

In sum, this study proposed a novel method for identifying the spatial structure of
urban polycentres. This method integrates night-time lighting data, resident population
distribution data, and population movement data. This method overcomes the limitations
of traditional single data sources and can reflect the actual distribution of population and
economic activities within a city more comprehensively and dynamically.

Note, however, that although this study analysed the urban polycentric spatial struc-
ture from the perspective of data fusion, it did so using Zhengzhou City as a case study.
We achieved satisfactory results in Zhengzhou City, but the availability and accuracy of
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data sources may vary in different cities and regions. Consequently, further validation of
the applicability and effectiveness of this method in other cities is required. Furthermore,
although this study incorporated night-time lighting, resident population, and population
movement data; there are other important data sources that were not included (e.g., traffic
flows, mobile communication data, and social media data) [69]. The incorporation of
additional data sources may enhance the precision of identification and the intricacy of data
processing. Future research should continue to explore the optimisation and extension of
multiple-data-source fusion methods in order to further improve their recognition accuracy
and applicability.

5. Conclusions

As polycentrism is an inevitable trend in urban spatial development, the accurate
identification of polycentric spatial structures is crucial. Accordingly, this study proposed a
method for identifying the polycentric spatial structures of cities. This method integrates
night-time lighting data, population distribution data, and population mobility data to
present a comprehensive and dynamic reflection of the actual distribution of the population
and economic activities within a city. This investigation was conducted in Zhengzhou City;
the results demonstrated that using the method proposed in this study led to a notable
enhancement in identification accuracy in comparison to previous studies. Specifically, the
spatial structure of urban polycentricity was identified with an accuracy of 0.8235, verifying
the effectiveness of integrating population mobility data to improve the identification
accuracy. Compared to other data fusion studies on urban spaces, the results of this study,
especially in terms of accuracy, are a significant improvement [70]. Furthermore, in this
study, the previous finding of a polycentric development trend in Zhengzhou City was
validated, offering a valuable reference for urban planning and management in Zhengzhou.
The findings of this research not only contribute to the advancement of urban research
theory and methodology but also provide more scientific and intelligent decision-making
support for urban management.
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