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Abstract: Accurate identification of urban agglomeration spatial range is essential for
scientific regional planning, optimal resource allocation, and sustainable development,
forming the basis for regional development policy. To improve the accuracy of identifying
urban agglomeration boundaries, this study fuses nighttime light data, which reflects
urban economic levels, with LandScan data representing population distribution and
heatmap data indicating population mobility. This fusion allows for identification from
a differentiated perspective of population distribution and mobility. We propose a new
method for identifying the dynamic boundaries of urban agglomerations through multi-
source data fusion. This method not only provides technical support for scientific regional
planning but also effectively guides the functional positioning of edge cities and the
optimization of resource allocation. The results show that the spatial range identified by
NTL_LS has an accuracy of 80.37% and a kappa coefficient of 0.5225, while NTL_HM
achieves an accuracy of 89.17% with a kappa coefficient of 0.7342, indicating that the
fusion of economic level with population mobility data more accurately reflects the spatial
range of urban agglomerations in line with real development patterns. By adopting a
differentiated perspective on population distribution and mobility, we propose a new
approach to identifying urban agglomeration spatial range. The research results based
on this method provide more comprehensive and dynamic decision-making support for
optimizing transportation layouts, allocating public resources rationally, and defining the
functional positioning of edge cities.

Keywords: Pearl River Delta urban agglomeration; urban spatial range; differentiation;
population distribution; population mobility

1. Introduction
Urban agglomerations refer to a collection of cities centered around one or more

major cities, with surrounding cities closely connected through economic, social, and trans-
portation links [1]. As highly concentrated urban entities, urban agglomerations play a
significant role in national and regional development, serving as a key driver for regional
coordinated growth and efficient economic expansion [2]. However, during the develop-
ment of urban agglomerations, issues such as unclear boundaries, ambiguous functional
zoning within the agglomeration, and excessive concentration of resources in core cities
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have gradually emerged. These challenges not only hinder the sustainable development of
urban agglomerations but also present obstacles to regional coordination [3,4]. Therefore, in
order to address these problems more effectively, it is essential to accurately identify the spa-
tial range of urban agglomerations, enabling the exploration of how precise identification
of spatial boundaries can facilitate optimized resource allocation and regional collaborative
development. Since the 1980s, China has undergone a large-scale urbanization process
characterized by massive rural-to-urban migration and the high concentration of economic
resources in urban areas. This rapid urbanization has elevated the status of China’s urban
agglomerations, such as the Pearl River Delta, Beijing–Tianjin–Hebei, and the Yangtze
River Delta, within the global urban network [5,6]. The Pearl River Delta, in particular,
has attracted significant inflows of population and capital due to its favorable geographic
location and its role as a global manufacturing hub. This has resulted in a high-intensity
economic interaction zone centered around the Guangzhou–Shenzhen corridor. This urban-
ization process has not only shaped the regional economic structure within China but also
had profound implications for the East Asian and global economic systems. Pentland et al.
highlight that one key feature of China’s rapid urbanization is the dual driving forces of
globalization and regionalization. Through the clustering of regional urban agglomerations,
China has optimized resource allocation among regions domestically while also becoming
an integral part of the global value chain. This dynamic characteristic serves as a crucial
context for urban agglomeration studies [7].

The spatial range of an urban agglomeration refers to a functionally integrated area
comprising a core city and its surrounding regions, closely linked in terms of geography,
economy, and society [8]. This range is typically determined by factors such as population
distribution, economic activity density, and transportation networks, and it continuously
adapts in response to urban expansion and changes in functional zones [9,10]. The defini-
tions of terms related to urban agglomerations may vary under different research contexts.
For example, a metropolitan area usually refers to the extended area of a single city, where
economic activities and population mobility are primarily concentrated in the core city
and its suburban areas. A functional area, on the other hand, emphasizes the functional
network characteristics that span administrative boundaries, such as transportation con-
nections and economic integration. The concept of conurbation highlights the overlapping
boundaries of multiple cities in geographic space, while urban agglomeration focuses on
the networked structure formed through economic, social, and transportation linkages
between cities. Moreover, the term economic functional area describes cross-regional de-
velopment corridors driven primarily by economic activities characterized by high levels
of industrial agglomeration. In contrast, a metropolitan region combines geographic and
economic characteristics, typically including one or more urban centers and their surround-
ing functional areas [11–14]. The definition of urban agglomeration boundaries involves
multiple disciplinary fields, including spatial modeling, urban morphology, and regional
economics. Spatial autocorrelation theory analyzes the similarity of geographic features,
revealing spatial connections and boundary characteristics between cities [15]. For example,
the Spatial Durbin Model (SDM) is widely used to examine the diffusion and spillover
effects of economic activities within urban agglomerations [5]. At the same time, network
theory conceptualizes urban agglomerations as complex networks composed of multi-
ple nodes (cities) and edges (economic or transportation links), highlighting functional
interactions and spatial structures between cities [16]. These theories provide important
conceptual support for identifying the spatial boundaries of urban agglomerations. Tradi-
tionally, the spatial boundaries of urban agglomerations have been delineated based on
administrative boundaries. However, this static approach often fails to accommodate the
complex, dynamic interactions within urban agglomerations, primarily because adminis-
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trative boundaries do not necessarily reflect the actual functional division and interactions
within the agglomeration [17,18]. Additionally, administrative boundaries overlook cross-
regional economic activities and population mobility, leading to misinterpretations of the
agglomeration’s true spatial range and structure [19]. Thus, a more accurate identifica-
tion of the spatial boundaries of urban agglomerations requires a comprehensive analysis
based on multi-dimensional data, including economic activity, population distribution,
and mobility.

The spatial range of urban agglomerations is closely linked to economic development
and population mobility. The concentration and expansion of economic activities drive the
spatial range of urban agglomerations, impacting not only the physical expansion but also
the layout of functional zones [20,21]. Economic activities such as industrial distribution
and infrastructure investment directly influence the direction and scale of urban agglomer-
ation delineation. Analyzing economic factors can reveal the levels of economic activity in
different areas of the agglomeration, thereby identifying the spatial and temporal trends
in its boundary shifts [22,23]. On the other hand, population plays an equally crucial role
in defining the spatial range of urban agglomerations [24]. Firstly, changes in the resident
population reflect long-term settlement and concentration of economic activities within the
agglomeration, influencing functional zoning and determining the core structure of the
agglomeration [25]. Secondly, the mobility of the population through migration reveals
economic connections between regions, prompting dynamic adjustments in the spatial
boundaries of urban agglomerations [26]. Therefore, in the development of urban agglom-
erations, the interaction between economic growth and population dynamics determines
both the scale and direction of the spatial range. In recent years, the Global Human Settle-
ment Layer (GHSL), as a global approach based on satellite imagery and spatial modeling,
has been widely applied in urban spatial identification. GHSL provides a unified global
perspective that allows for the analysis of spatial changes in urban morphology across
regional differences. It also effectively reflects the boundaries and structural characteristics
of cities in different areas. Compared to traditional methods based on economic or pop-
ulation data, GHSL integrates multi-source remote sensing data and a global analytical
framework, offering significant advantages in capturing the dynamic evolution of urban
agglomerations, cross-regional connections, and morphological distribution patterns [27].
Studies using GHSL data have analyzed the boundary dynamics of major urban agglomer-
ations in Europe, revealing the interaction between urban morphology and transportation
networks [28]. Furthermore, the application of GHSL in functional area division provides a
useful reference framework for the rapidly developing East Asian region [28].

Previous approaches for identifying the spatial range of urban agglomerations from an
economic perspective include spatial econometric models, multi-level regression analysis,
and urban growth boundary models [29,30]. These approaches reveal the spatial charac-
teristics of urban agglomerations by analyzing inter-city economic interactions, spillover
effects, and the impact of economic activities on land use and spatial structure [31]. Some
scholars have applied spatial autocorrelation models and Spatial Durbin Models (SDMs) to
analyze economic linkages and spillover effects among cities [32], while others have em-
ployed Hierarchical Linear Models (HLMs) to explore economic growth factors at different
scales [33]. The data used in these studies mainly include macroeconomic indicators, spatial
economic data, transportation and logistics data, and regional policy data, which help
delineate the spatial range of urban agglomerations through insights into economic activity,
industrial division, transportation infrastructure, and policy influence [34,35]. Some studies
use land use and housing price data to analyze urban agglomeration boundaries [36],
while others assess the impact of infrastructure using transportation data [17]. However,
these traditional data sources lack sufficient temporal and spatial precision, as well as
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real-time accuracy, making it difficult to accurately capture the dynamic changes in urban
agglomerations. Nighttime light (NTL) data, which reflects economic activity and spatial
development patterns, has been widely applied to identifying urban spatial boundaries [37].
Nevertheless, limitations such as spillover effects and limited spatial resolution of NTL
data still restrict their precision in defining urban boundaries [38].

From a demographic perspective, methods for identifying the spatial range of urban
agglomerations include analyses of population density and spatial distribution, migration
patterns, age structure, occupational distribution, and housing demand [39]. Researchers
utilize data on population density, migrant populations, age structure, and housing demand
to reveal the population dynamics and characteristics that inform the spatial delineation
of urban agglomerations [40]. Some studies analyze housing demand data to define the
spatial boundaries of urban agglomerations, while others explore the effects of population
concentration [41]. Among the widely used population distribution datasets is LandScan, a
global population dataset that enables the rapid identification of densely populated areas
within urban agglomerations, thus helping to define their spatial boundaries [42–44]. How-
ever, LandScan data also face limitations, such as insufficient resolution and low update
frequency, which constrain its applicability in dynamic change analysis. In recent years,
scholars have begun to fuse economic and demographic perspectives to identify urban
spatial boundaries more comprehensively [45,46]. This approach provides a more holistic
view of urban agglomeration analysis [47]. Currently, many studies employ data fusion
methods, combining NTL data with LandScan data [48]. NTL data reflect the intensity of
economic activity, while LandScan data display resident population distribution, making it
relatively more accurate to delineate urban agglomeration boundaries by combining both
sources [49]. However, it is important to note that the increasing mobility of population
factors within urban agglomerations complicates reliance on resident population data
alone for boundary identification, especially as migrant populations have an increasingly
significant impact on urban economic and social dynamics [50]. Overall, urban agglomera-
tion boundary identification methods based on remote sensing imagery have been widely
applied, with NTL data being a common source due to their ability to visually reflect the
distribution of economic activity [51]. However, NTL data suffer from spillover effects,
making it difficult to precisely identify economic activities in peripheral areas [52]. In
comparison, LandScan data provide a static perspective on urban agglomeration through
high-resolution population distribution information, but their lack of dynamic features
limits their ability to capture short-term changes [53]. In recent years, heatmap data have
become an important source for identifying the dynamic boundaries of urban agglomera-
tions due to their ability to capture real-time population mobility. This study fuses NTL,
LandScan, and heatmap data, combining the dynamic characteristics of economic activity,
population distribution, and mobility. It proposes an innovative method to identify urban
agglomeration boundaries from a multi-dimensional perspective.

With the advancement of big data, the collection of population mobility data has be-
come increasingly feasible. Data sources such as mobile device location data, social media
sign-ins, and transit card swipe records are now used to analyze population flows and
spatial structures [54–56]. To further enhance the accuracy of urban spatial boundary identi-
fication, researchers are increasingly incorporating various big data sources, such as Points
of Interest (POI) data and transportation data, which provide detailed information on the
distribution of functional zones and patterns of human activity within cities [57]. However,
static data often fail to fully capture real-time population mobility patterns, leading to in-
creased attention to heatmap data that can reflect real-time population flows [58]. Heatmap
data, based on geolocation information, visually depict the intensity and distribution of
human activity within specific areas. Observing macro-level mobility trends helps identify
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functional areas and boundaries between cities, effectively capturing dynamic interactions
within a region [59]. Heatmap data allow for an intuitive analysis of high-frequency popu-
lation mobility paths and hotspot areas, revealing the actual intensity of connections across
city boundaries. For example, in the Pearl River Delta region, the intensity of population
mobility along the Guangzhou–Shenzhen corridor reflects not only economic activities
but also serves as an important basis for defining functional areas. Compared to static
administrative boundaries, boundary identification methods based on dynamic mobility
data offer greater flexibility. By integrating heatmap data, researchers can better represent
dynamic population flows within urban agglomerations, offering a more accurate and
flexible approach to identifying urban agglomeration boundaries, especially in areas with
dense migrant populations. This method significantly improves the precision and reliability
of urban agglomeration boundary identification [60,61], thereby providing a more scien-
tific basis for urban development and policymaking. Although existing studies propose
various methods to identify the spatial boundaries of urban agglomerations, including
spatial econometric models based on economic activities, urban expansion models based
on land use changes, and dynamic analysis methods based on population distribution,
these approaches have notable limitations. Methods relying on a single data source often
fail to capture cross-boundary connections and dynamic changes between regions [45].
Moreover, many studies heavily depend on administrative boundaries or resident popula-
tion distribution data, whose static characteristics make them unsuitable for addressing the
complex dynamics of rapid urbanization and population mobility [62]. To address these
issues, this study fuses multi-source data (NTL data, LandScan data, and heatmap data)
and adopts a dual perspective of economic activity and population mobility. This approach
provides a more comprehensive method for identifying the spatial boundaries of urban
agglomerations, overcoming the shortcomings of existing methods in terms of dynamism
and applicability.

This study selects the Pearl River Delta (PRD) urban agglomeration as a case study,
integrating NTL, LandScan population distribution data, and heatmap data to identify the
spatial range of the urban agglomeration. First, by fusing NTL and LandScan data, an
NTL_LandScan dataset is created to delineate the spatial boundaries of the PRD urban
agglomeration. Next, an NTL_Heatmap dataset is generated by combining NTL and
heatmap data to further refine the identification of the urban agglomeration’s spatial
range. Finally, the identification results from the NTL_LandScan and NTL_Heatmap
datasets are subjected to accuracy validation and comparative analysis. By fusing NTL,
LandScan, and heatmap data, we aim to systematically explore the identification of urban
agglomeration spatial boundaries from a perspective that combines static and dynamic
analyses. This approach addresses the limitations of traditional methods based on a
single data source, offering significant advantages, particularly in capturing cross-regional
dynamic connections and high mobility characteristics. It also enables a more accurate
identification of the spatial boundaries of the Pearl River Delta urban agglomeration
from different perspectives. Furthermore, it provides reliable references for resource
allocation and regional development in the Pearl River Delta, contributing to its sustainable
development.

2. Materials and Methods
2.1. Study Area

The PRD urban agglomeration is located in the southern part of Guangdong Province,
China, and is one of the most economically active and densely populated urban agglomera-
tions in the country (Figure 1). The PRD includes nine major cities—Guangzhou, Shenzhen,
Foshan, Dongguan, Zhuhai, Zhongshan, Huizhou, Jiangmen, and Zhaoqing—covering a
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total area of approximately 56,000 square kilometers. The PRD is highly representative of
urban agglomeration development in China. In 2023, the combined GDP of these nine cities
reached 11.02 trillion RMB, accounting for 81.24% of Guangdong’s GDP and approximately
8.81% of the national GDP. This high economic concentration positions the PRD as a crucial
link for the aggregation and diffusion of production factors between regions, establishing
a unique model of economic interaction. As of 2023, the PRD’s permanent population
exceeded 86 million, making it one of the most densely populated and dynamic regions in
terms of population mobility in China [63]. The continued expansion of the PRD has not
only fueled regional economic growth but also introduced complex challenges in urban
functional zoning and resource allocation. Therefore, this study employs both economic
and demographic perspectives to identify and analyze the dynamic changes in the spatial
range of the PRD urban agglomeration, aiming to reveal its functional structure and spatial
boundary characteristics amid rapid development.
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2.2. Study Data

The data used in this study primarily include NTL data, LandScan data, and heatmap
data. The specific processing methods and workflow for each type of data are detailed as
follows (Table 1):

Table 1. Data attribute.

Data Type Data Source Advantages Limitations Processing Steps

Nighttime Light
Data (NTL)

NPP-VIIRS
(NASA/NOAA)

Reflects economic
activity intensity;
high-resolution

Spillover effect:
difficult to capture

small-scale economic
activity

Data denoising,
radiometric

calibration, contrast
adjustment

Population
Distribution Data

(LandScan)

Oak Ridge National
Laboratory (USA)

Reflects resident
population
distribution;

comprehensive
spatial coverage

Low update
frequency;
insufficient
resolution

Filling missing
values,

standardization,
resolution

adjustment

Heatmap Data Baidu Maps Open
Platform

Reflects real-time
population mobility

hotspots

Biased toward
high-mobility areas,
limited by the data

platform

Outlier removal, data
interpolation, spatial

overlay, and
temporal alignment
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2.2.1. NTL Data

The NPP-VIIRS (Suomi National Polar-Orbiting Partnership Visible Infrared Imaging
Radiometer Suite) data, jointly provided by NASA and NOAA, has a spatial resolution
of 500 m, enabling more precise capture of light intensity distributions within urban
agglomerations, particularly in areas with concentrated economic activity and population
density. Available since 2011, these data have a daily revisit cycle. The dynamic range of
NPP-VIIRS NTL data is extensive, effectively detecting weak light sources and providing
insights into economic activities in smaller and emerging cities, thus enhancing the accuracy
of urban agglomeration spatial structure identification [64]. In this study, we access 2023
NPP-VIIRS NTL data for the PRD urban agglomeration through NASA’s Earth Observing
System Data and Information System (EOSDIS) website. The data undergo preprocessing,
including cloud removal, radiance correction, and contrast adjustment, resulting in the
preprocessed NTL data (Figure 2).
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2.2.2. LandScan Data

LandScan is a global high-resolution population distribution dataset developed by the
Oak Ridge National Laboratory in the United States. It is generated using a combination of
remote sensing, census data, and geographic information, producing a global population
distribution map with a resolution of 30 arc seconds (approximately 1 km). This dataset is
widely applied for analyzing global population spatial dynamics. Compared to traditional
population data, LandScan’s advantage lies in its high spatial resolution and ability to
capture both daytime and nighttime population activities, making it particularly suitable
for studies within the spatial structure of urban agglomerations [65]. In this study, we
obtain 2023 population distribution data for the PRD urban agglomeration from the official
website (https://landscan.ornl.gov/, accessed on 10 November 2024). We preprocess the
data by filling in missing values, normalizing population density, and adjusting spatial
resolution, resulting in the preprocessed LandScan data (Figure 3).

https://landscan.ornl.gov/
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2.2.3. Heatmap Data

Population mobility refers to the migration and movement of people between different
regions for reasons such as employment, education, and housing. It reveals the strength of
connections between regions, the intensity of socio-economic activities, and the balance
of resource distribution. In population mobility studies, heatmaps are a commonly used
visualization tool, representing the density of certain phenomena in space through color
gradients. Specifically, in population mobility research, heatmaps can illustrate high- and
low-density migration areas, highlighting hotspots of population concentration within a
specific timeframe and their changing trends. Compared to other forms of data represen-
tation, such as traditional point or line charts, heatmaps provide a more intuitive view
of hotspots and spatial distribution patterns of population mobility, aiding in identifying
regional activity levels and population aggregation trends [66].

Numerous platforms provide heatmap data, such as Baidu Maps, Google Maps, and
Tencent Maps. Among them, Baidu Maps, with its large user base, extensive coverage, and
high-precision location information, offers real-time updates and API support on an open
platform, making its heatmap data widely utilized for analyzing patterns of population
concentration and movement within cities. In this study, we obtain 2023 heatmap data for
the PRD urban agglomeration through Baidu Maps’ open platform website (https://lbsyun.
baidu.com/, accessed on 15 November 2024). To enhance data accuracy and effectiveness,
we perform rigorous data cleaning and preprocessing. The specific steps included: first,
removing outliers and noise, such as missing data or inaccurate geographic coordinates;
second, resampling and interpolating the data to address inconsistencies in temporal and
spatial resolution due to uneven data collection frequencies; finally, conducting spatial
overlay and temporal alignment to produce the preprocessed heatmap data (Figure 4).

https://lbsyun.baidu.com/
https://lbsyun.baidu.com/
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2.3. Methods
2.3.1. Wavelet Transform

Wavelet Transform (WT) is an algorithm that effectively integrates different signals
by decomposing them into various frequency components for analysis. Unlike the Fourier
Transform, the Wavelet Transform possesses time-frequency localization properties, allow-
ing for localized analysis in both the time and frequency domains. This enables the Wavelet
Transform to observe global trends and local details at multiple scales, making it particu-
larly suitable for analyzing and identifying the spatial range of urban agglomerations [67].
We choose wavelet transform as the data fusion method because of its powerful multi-scale
analysis capability. Through wavelet decomposition, features from different data sources,
such as the brightness distribution of NTL data and the hotspot distribution of population
mobility data, can be extracted at multiple levels and fused with high quality through
inverse transformation. This method effectively captures the economic and population
dynamics within the Pearl River Delta region and shows strong applicability, especially in
high-activity areas like the Guangzhou–Shenzhen corridor [67].

The process of using Wavelet Transform for data fusion involves the following steps:
First, each dataset undergoes multi-scale wavelet decomposition, breaking down the origi-
nal data into detail coefficients and approximation coefficients at different scales to extract
multi-level features. Next, according to a predefined fusion strategy (e.g., weighted averag-
ing, selecting maximum values), feature extraction and fusion processing are performed
on the decomposition coefficients across each frequency band to retain key informational
features during fusion [68]. Finally, by applying the inverse wavelet transform, the fused
frequency band coefficients are reconstructed back into the original space, resulting in a new
dataset that integrates both brightness information and population distribution features,
thereby producing higher-quality composite data. The formula for Wavelet Transform is
as follows:

WT(α, τ) = f (t)φ(t) =
1√
α

f (t)
+∞∫

−∞

φ(
t − b

α
)dt (1)

where f (t) is the image signal vector, φ(t) is the wavelet transform function, α is the
wavelet transform scale, τ is the translation of the image signal, and b is a parameter.
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2.3.2. SegNet Neural Network

SegNet is a deep convolutional neural network architecture widely used in remote
sensing image analysis. Its structure consists of an encoder and a decoder; the encoder
progressively extracts image features through convolution and pooling layers, while the
decoder up-samples by using pooling indices, effectively restoring spatial resolution [69].
Compared to traditional deconvolution methods, SegNet’s upsampling process is more
lightweight and precise, enabling it to maintain computational efficiency while accurately
reconstructing image details. This makes it particularly suitable for segmenting urban
parcels in large-scale remote sensing images. In identifying urban spatial boundaries,
SegNet is trained on annotated data, using a cross-entropy loss function to optimize the
model, allowing it to distinguish urban areas from non-urban regions. After predicting
new remote sensing images with the trained model, threshold processing is applied to
generate binary images, followed by denoising and smoothing of the results. This allows
for quantitative analysis of urban spatial range, supporting studies on urban expansion
and spatial layout [70]. Overall, SegNet, as a deep convolutional neural network model,
demonstrates significant advantages in processing large-scale remote sensing imagery.
Compared to traditional methods, SegNet preserves pooling indices, enabling efficient
feature extraction while accurately restoring the spatial resolution of images. Given the
multi-centered and complex characteristics of the Pearl River Delta urban agglomeration,
SegNet efficiently identifies core cities and peripheral functional zones, providing stronger
support for the dynamic identification of spatial ranges [71]. The formula for SegNet is
as follows.

Encoder Part:
Z(l) = f (W(l) ∗ X + b(l)) (2)

where Z(l) is the feature map of the l-th layer, W(l) is the convolution kernel of the l-th layer,
∗ is the convolution operation, b(l) is the bias term of the l-th layer, and f is the nonlinear
activation function.

P(l) = MaxPool(Z(l)) (3)

Here, P(l) is the pooled feature map.
Decoder Part:

Z,(l) = Unpool(P(l), pooling indices) (4)

where Z,(l) is the up-sampling result at the l-th layer. The up-sampled feature map is
smoothed and refined through convolution:

X,(l) = W ,(l) ∗ Z,(l) + b,(l) (5)

Final Output:
ŷi = So f tmax(X,(l)) (6)

Here, ŷi is the predicted class for pixel i, and l is the final layer.
In urban spatial range identification tasks, SegNet uses high-resolution remote sensing

images as input data, covering large-scale urban areas with each pixel labeled (e.g., build-
ings, roads, green spaces). These data are fed into the SegNet model, where the encoder
extracts deep-level features through convolution and pooling operations, simultaneously
reducing spatial resolution. The decoder then uses saved pooling indices for up-sampling
to restore the image resolution. After training, the model can generate pixel-level seg-
mentation maps from remote sensing images, precisely extracting areas of buildings,
streets, and other urban infrastructure. This enables analysis of urban spatial layout and
expansion characteristics.
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2.3.3. Accuracy Validation

To evaluate the accuracy of the NTL_LandScan and NTL_Heatmap data in identifying
the spatial range of the PRD urban agglomeration, we conduct verification and analysis
of the urban spatial identification results by randomly selecting validation points. The
spatial identification results are assessed using a confusion matrix, which allows for an
accuracy evaluation by comparing the actual values of the random verification points with
the identification results [72]. The evaluation methods include overall accuracy, confusion
matrix, and Kappa coefficient. The confusion matrix lists classification results for each
category, assisting in analyzing model performance and identifying categories that are easily
confused. The results of the confusion matrix can be displayed in a two-dimensional table to
show classification accuracy and error distribution across categories. The Kappa coefficient
is a measure of classification consistency, excluding consistency due to random factors
to more scientifically reflect the accuracy of the identification results. Based on previous
studies, a typical validation sample size for urban agglomerations is 3000 random pixels;
we create 3000 random validation points within the PRD area using ArcGIS. This sample
size design covers different areas of the Pearl River Delta urban agglomeration, including
core cities (such as Guangzhou and Shenzhen), secondary cities (such as Dongguan and
Foshan), and peripheral cities (such as Jiangmen and Zhaoqing). In particular, it reflects
varying intensities of economic activities and population mobility. Additionally, the design
of 3000 random points follows validation methods used in existing studies on urban
agglomerations of similar scales. This approach ensures statistical significance while
avoiding increased computational costs caused by excessive sample sizes. Finally, this
sample size aligns with mainstream practices in accuracy validation at the regional scale in
existing research, providing both practicality and reliability. The formula is as follows:

k =
po − pe

1 − pe
(7)

pe =
a1 × b1 + a2 × b2 + . . . . . . ai × bi

n × n
(8)

where: po is the overall accuracy, a is the real sample number of each category, b is the
predicted sample number of each category, and n is the total sample number. By comparing
the actual values of random validation points with the predicted results, the method’s
reliability in identifying urban boundaries can be scientifically evaluated.

3. Results
3.1. Spatial Range of the PRD Urban Agglomeration Identified by NTL_LandScan (NTL_LS)
Fusion Data

The fusion of NTL data with LandScan data resulted in the NTL_LS dataset (Figure 5).
The figure indicates that high-value areas of NTL_LS are primarily concentrated in the core
cities of the PRD urban agglomeration, including Guangzhou, Shenzhen, and Foshan, re-
flecting active economic activities and high population density in these cities. Additionally,
the continuous brightness distribution along the Guangzhou–Shenzhen corridor demon-
strates a significant economic and population clustering effect. Secondary high-value
areas include Dongguan and Zhongshan, which exhibit strong economic connections and
relatively high population density, indicating that they play a secondary core role within
the PRD urban agglomeration. Low-value areas are mainly located in peripheral cities such
as Jiangmen, Zhaoqing, and Huizhou, suggesting relatively weaker economic activities and
lower population concentration in these regions. Furthermore, high-value distributions are
sparse in the northern and western regions of the PRD urban agglomeration, such as parts
of Zhaoqing and Qingyuan, reflecting lower economic and population densities.
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The spatial range of the PRD urban agglomeration identified by the NTL_LS data is
shown in Figure 6, with a total identified area of 6069.51 km2, primarily concentrated in
the central and eastern parts of the study area, including Guangzhou, Shenzhen, Foshan,
and Dongguan. These cities serve as economic centers of the PRD urban agglomeration,
characterized by a developed industrial base, a highly dense population, and strong
resource-attracting capacity. The high brightness and population density in these areas
reflect active economic activities and strong agglomeration effects. This spatial clustering
is attributed to the economic advantages, industrial clusters, and well-developed urban
infrastructure in these cities, which attract substantial employment opportunities and a
mobile population, further driving the growth of surrounding areas.
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In the mid-eastern cities of the PRD urban agglomeration, such as Dongguan and
Foshan, the proximity to core cities, coupled with relatively high economic and popula-
tion densities, creates tight economic connections and an integrated urban network with
Guangzhou and Shenzhen, establishing these cities as essential components of the PRD
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urban agglomeration. This network effect reinforces spatial clustering within the region,
forming a multi-core structure within the urban agglomeration. In contrast, the western
and peripheral regions of the PRD urban agglomeration, including Jiangmen, Zhaoqing,
and Huizhou, while encompassed within the agglomeration’s spatial boundaries, exhibit
lower economic and population densities, resulting in less spatial coverage identified in the
NTL_LS data. This characteristic may be influenced by factors such as regional industrial
structure, infrastructure development levels, and the strength of economic connections with
core cities. Geographic distance and transportation accessibility further contribute to the
relatively weak spatial clustering of these peripheral cities. Notably, ecological protection
zones in the western PRD urban agglomeration, including wetlands and mountainous
areas, also constrain spatial development in this region, impacting the spatial expansiveness
of the urban agglomeration.

3.2. Spatial Range of the PRD Urban Agglomeration Identified by NTL_Heatmap (NTL_HM)
Fusion Data

The NTL_HM data, generated by fusing NTL data with heatmap data, are shown
in Figure 7. The high-brightness areas are primarily concentrated in core cities such
as Guangzhou, Shenzhen, Foshan, and Dongguan and their surroundings; Zhong-
shan, Huizhou, and Zhuhai also display relatively high brightness, though lower than
Guangzhou and Shenzhen. In contrast, Jiangmen and Zhaoqing exhibit significantly lower
brightness, reflecting weaker economic activity and population mobility in these peripheral
cities. Compared to the NTL_LS data, the high-brightness areas in the NTL_HM data
more prominently represent the distribution characteristics of population mobility. The
continuity of high brightness along the Guangzhou–Shenzhen corridor, in particular, high-
lights this corridor as not only an economic axis but also a primary channel for population
movement. Zhongshan, Huizhou, and Zhuhai show relatively high brightness but lower
than Guangzhou and Shenzhen, indicating weaker population mobility. This data fusion
approach is more effective for analyzing the spatial patterns of economic activity and
population mobility within the region.
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The spatial range of the PRD urban agglomeration identified based on NTL_HM data
is widely distributed (Figure 8), covering an area of 9038.47 km2, particularly concentrated
in cities around the Pearl River Estuary, including Guangzhou, Shenzhen, Foshan, and
Dongguan. These areas, marked by economic vitality and high levels of urbanization,
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serve as major zones for economic activity and population mobility, reflecting the high
concentration of economic and population flows within the PRD urban agglomeration.
These cities, as crucial regions for economic development and population concentration,
not only play a dominant role in the regional economy but also attract a significant amount
of migrant population, providing employment and living opportunities for surrounding
areas. Substantial spatial range is also identified in Zhongshan, Huizhou, and Zhuhai,
indicating relatively high economic activity and population mobility in these regions. In
particular, areas between Zhongshan, Dongguan, and Huizhou near Shenzhen show dense
population flows, reflecting close economic ties with cities like Guangzhou and Shenzhen
and indicating strong development potential. In contrast, the peripheral areas of the PRD
urban agglomeration, such as Jiangmen and Zhaoqing, show a relatively smaller identified
spatial range, suggesting lower levels of economic activity and population mobility. Due
to their greater distance from the main economic centers, these cities experience a weaker
economic spillover effect and thus lack the large-scale population mobility and economic
agglomeration seen in core areas, placing them in regions of lower population and economic
density within the PRD urban agglomeration.
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Compared to the spatial range of the PRD urban agglomeration identified by NTL_LS
data, which integrates LandScan’s resident population distribution characteristics, the
NTL_LS-identified range emphasizes areas of stable, long-term economic activity and high
population density. Consequently, it primarily captures the core areas of high economic and
population concentration within the PRD urban agglomeration. By contrasting the spatial
range identified by the two datasets, it becomes apparent that cities like Guangzhou and
Shenzhen have the highest resident population density and most active economic activity,
while areas such as Zhongshan, Huizhou, and Zhuhai exhibit relatively less economic and
population mobility, resulting in a smaller identified range. Peripheral cities like Jiangmen
and Zhaoqing display even smaller spatial ranges, with lower levels of economic activity
and fewer residents, indicating that these areas are in a low-density state regarding resident
population and economic agglomeration within the PRD urban agglomeration.

3.3. Comparative Analysis

Based on the fusion results of NTL data with LandScan and heatmap data, respectively,
the NTL-fused heatmap data demonstrate higher accuracy and consistency in identifying
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the spatial range of the PRD urban agglomeration (Table 2). Specifically, the identifica-
tion accuracy of NTL_HM reaches 89.17%, compared to 80.37% for NTL_LS. Addition-
ally, the Kappa coefficient for NTL_HM is 0.7342, significantly higher than the 0.5225 for
NTL_LS. The Kappa coefficient measures the consistency of classification results, with
higher values indicating more reliable classifications. Therefore, in terms of accuracy and
consistency, NTL_HM clearly outperforms NTL_LS in identifying the range of the PRD
urban agglomeration.

Table 2. Verification of Identification Results.

Data Urban Rural Accuracy Kappa

NTL_LS
Urban 1794 353

80.37% 0.5225Rural 236 617

NTL_HM
Urban 1978 169

89.17% 0.7342Rural 156 697

The advantage of NTL_HM in identification lies primarily in its capacity to capture
dynamic population mobility and its high adaptability to economic activity levels. The
dynamic population mobility information provided by heatmap data compensates for
the limitation of LandScan data, which only represent resident population density. This
enables NTL_HM to more accurately identify areas of frequent economic activity and
population mobility within the PRD urban agglomeration, particularly in transition zones
and expansion areas between cities. Specifically, compared to NTL_LS data, NTL_HM
data capture a wider spatial range due to their high sensitivity to dynamic population
mobility. For example, in the Guangzhou–Shenzhen corridor and cities along both sides
of the Pearl River Estuary, the NTL_HM method identifies a broader range, as these areas
experience frequent population mobility and active economic activities. In contrast, the
NTL_LS method, which relies on resident population distribution, focuses more on core
urban areas and overlooks the mobility characteristics of secondary cities and transitional
zones. This difference highlights the unique advantage of dynamic data in identifying
spatial ranges. Therefore, with its sensitivity to economically active zones and population
mobility characteristics, NTL_HM is better suited for identifying fast-growing and highly
dynamic urban agglomerations like the PRD urban agglomeration. In contrast, due to
its reliance on resident population distribution, NTL_LS data respond less effectively to
dynamic economic and population characteristics, resulting in relatively limited spatial
range identification for peripheral areas and secondary cities.

Overall, NTL_HM data demonstrate higher accuracy and consistency in identifying the
spatial range of the PRD urban agglomeration, confirming the importance and effectiveness
of dynamic population mobility information in urban agglomeration spatial identification.

4. Discussion
This study identifies the spatial range of the PRD urban agglomeration by fusing NTL

data, Landscan residential population data, and heatmap data on the floating population.
By combining the static distribution of the resident population with the dynamic char-
acteristics of the floating population, this approach aims to overcome the limitations of
traditional methods that rely solely on resident population or economic activity data. Data
on the floating population capture the characteristics of short-term economic activities and
dynamic changes in population mobility, which traditional methods relying on resident
population data cannot reflect [73]. Observing high-mobility patterns in areas such as
the Guangzhou–Shenzhen corridor, Dongguan, and Foshan reveals dynamic changes in
economic functional zones and sub-core areas within the Pearl River Delta. Furthermore,
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this method plays a significant role in analyzing cross-regional functional networks, such
as logistics corridors and transportation hubs, and offers new research directions for the
dynamic adjustment of urban agglomeration boundaries in the future [74]. The integrated
identification process with multi-source data not only delineates the spatial boundaries
of the PRD urban agglomeration but also highlights dynamic hotspots of population
movement within the region. This approach provides a scientific basis and reference for
accurately defining the spatial range of the PRD urban agglomeration.

Introducing floating population data into the identification of urban agglomeration
spatial range is of significant importance [26]. Traditional studies often rely on census data
of the resident population or single-source economic activity data, which, while reflecting
the long-term aggregation characteristics of urban agglomerations, fail to capture short-
term economic and population dynamics. This limitation constrains the identification of
urban agglomeration spatial range to a static model [75,76]. Some studies have analyzed
the spatial expansion of the PRD or other regional urban agglomerations through census
or economic statistical data; however, these methods have limitations in identifying high-
mobility areas and primarily reflect the stable core regions of economic and population
concentration [77,78]. Consequently, the boundaries of urban agglomerations tend to
remain fixed, overlooking the identification of active economic corridors and high-mobility
zones within the region [79]. In contrast, this study fuses the mobility characteristics
reflected by heatmap data, enabling the identification results to encompass not only areas
of stable population aggregation but also non-central urban areas with high economic
activity and dense population movement. Consequently, the identified spatial range
offers a more comprehensive representation of the expansion areas surrounding cities.
Comparative analysis reveals that the spatial range identified by our NTL_HM data is
broader, as urban agglomeration boundaries are inherently dynamic [80]. For example,
the identified Guangzhou–Shenzhen corridor and its extended areas better capture the
active elements within the PRD urban agglomeration compared to traditional methods.
Conventional approaches based on resident population or economic activity often overlook
or marginalize these high-mobility areas [18,81], resulting in a relatively smaller, more fixed
boundary [82]. In contrast, the NTL_HM data in this study, by incorporating dynamic data,
more accurately reflects the actual dynamic expansion of urban agglomerations. Therefore,
our findings differ from traditional identification methods in some ways, yet they offer
a distinct advantage in recognizing high-mobility areas, underscoring the importance of
floating population data in identifying dynamic spatial range.

This study proposes a dynamic identification method based on multi-source data
fusion, combining NTL data with static resident population data and dynamic floating
population data to enhance the accuracy and applicability of identifying the spatial range
of the PRD urban agglomeration. This approach effectively addresses the limitations of
relying on single-source data, revealing both the stable economic and population aggre-
gation areas of the PRD and identifying hotspots of economic activity and population
mobility. It offers a new approach to urban agglomeration spatial identification that inte-
grates dynamic and static factors. Furthermore, this integrated method provides a more
scientific basis for regional planning and policymaking, especially in highly economically
active regions like the PRD, underscoring its strong practical value. The results of this
study hold significant implications for regional policy planning. The edge cities identified
through the NTL_HM method, such as Jiangmen and Zhaoqing, show lower economic
activity intensity but higher population mobility density. This indicates their potential for
growth within the regional economic network. Policymakers can gradually enhance the
economic connectivity of these regions to the core cities by strengthening infrastructure
development and industrial support policies in these regions, thereby realizing the bal-
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anced development of the PRD region. Additionally, the identified high-mobility areas,
such as the Guangzhou–Shenzhen corridor, can serve as priority regions for optimizing
transportation hubs and public resource allocation. Specifically, in transportation planning,
the population mobility hotspots identified by heatmap data provide a key basis for op-
timizing the layout of regional transportation hubs. By building efficient transportation
networks, these efforts promote the rational flow of resources and labor within the urban
agglomeration. In terms of public service allocation, identifying high-mobility and sub-core
areas allows the government to more precisely allocate public resources such as healthcare
and education, alleviating overcrowding in core cities. In economic planning, the dynamic
population mobility trends observed in edge cities, such as Zhaoqing and Jiangmen, offer
new directions for promoting regional economic integration. Relevant departments can
formulate industrial policies targeting these areas to help them gradually integrate into the
Pearl River Delta urban agglomeration network.

However, this study has certain limitations, primarily in capturing spatiotemporal
dynamics. Due to the limited time span and granularity of the data, this study is unable to
explore in depth the dynamic impacts of population mobility on the urban agglomeration
boundary across different time periods [83]. Additionally, there is a degree of ambiguity
in identifying peripheral areas, which may lead to an underestimation of regions with
low economic activity but high mobility [84]. Therefore, future research could enhance
the capacity for dynamic monitoring of spatiotemporal changes in urban agglomerations
by incorporating finer time scales and more diverse dynamic data sources (such as traffic
flow and social media data). This would allow for a more accurate reflection of the
spatiotemporal evolution patterns of urban agglomerations, providing a more precise basis
for spatial range identification and future development predictions.

5. Conclusions
This study fuses NTL data, resident population data, and floating population data to

identify the spatial range of the PRD urban agglomeration from the dual perspectives of
population distribution and population mobility. The results show that the spatial range
identified by NTL_LS covers 6069.51 km2, with an accuracy of 80.37% and a Kappa coef-
ficient of 0.5225, whereas the spatial range identified by NTL_HM covers 90,338.47 km2,
with an accuracy of 89.17% and a Kappa coefficient of 0.7342. The accuracy and consistency
of NTL_HM are significantly higher than those of NTL_LS. The NTL_HM-identified spatial
range of the PRD is broader, particularly in the Guangzhou–Shenzhen corridor and its
surrounding expansion areas, offering more comprehensive coverage of high-mobility
zones and short-term economic activity hotspots. This suggests that incorporating floating
population data into urban agglomeration identification not only improves the accuracy
of spatial range identification but also better reflects the dynamic characteristics of popu-
lation and economic activity in economically active regions like the PRD. This approach
effectively addresses the limitations of resident population data in capturing economic and
population dynamics.

This study provides a new approach for urban agglomeration spatial range identifi-
cation based on multi-source data integration by comparing the identification results of
NTL_HM and NTL_LS data. By incorporating the dynamic characteristics of economic
activity and population mobility, the identification method proposed in this study not
only enhances the accuracy of spatial range identification but also offers more timely and
dynamic reference information for regional planning and policymaking in complex urban
agglomerations like the PRD urban agglomeration.
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