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Abstract: The Central Place Theory (CPT) proposed the basic concepts of central places and
their service areas. Urban parks provide a wide variety of ecosystem services to residents.
Most studies on central places focus on urban commercial facilities; however, it remains
unclear whether parks exhibit patterns of central places, what features their service areas,
and hierarchical structures. Based on mobile signaling data, we identified the service
areas, dominant influence areas, and hierarchical structures of Beijing and Changsha. We
also analyzed the factors influencing the hierarchical structure of park services, as well as
the number of visitors and dominant service areas at each level of parks. We found that
visits by residents to parks in Beijing and Changsha exhibit a clear hierarchical structure.
Parks that occupy the top level attract a large number of residents and demonstrate strong
service capacity and extensive coverage. We also found that park area and infrastructure
attributes are significantly correlated with the hierarchical outcomes in Changsha but
entirely different results in Beijing. Box plot analysis of visitor numbers and service areas
at each level reveals that the influencing factors for these two aspects differ. Overall, both
cities’ parks exhibit centrality and hierarchical structures in providing services to residents;
however, there is a considerable difference in the factors influencing visitor numbers and
dominant service areas for the two cities. These conclusions provide important theoretical
support for government officials to better understand the characteristics of park services and
offer practical guidance for optimizing urban park planning, enhancing service efficiency,
and formulating policies that promote equitable access to green spaces.

Keywords: central place theory; mobile signaling data; recreational service; dominant
influence area; urban parks

1. Introduction
The Central Place Theory (CPT) was proposed by German urban geographer W.

Christaller and German economist A. Lösch in 1933 and 1940, respectively. It is one of the
foundational theories for studying urban clusters and urbanization [1–3]. CPT explains
the distribution and relative size of central places within a region. In the conception of
CPT, the hierarchy of central places is typically determined by indicators such as regional
gross domestic product, total retail sales of consumer goods, non-agricultural population,
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the proportion of the tertiary industry, population density, and the proportion of the
workforce employed in service-oriented industries. The central place hierarchy is often
used to describe the spatial range of goods or services consumption, with the k = 3 system
forming its foundational part, known as the market principles. The transportation and
administrative principles can be seen as supplements to the market principles. Although
urban parks do not directly provide goods, they offer various ecosystem services. At the
same time, these services are also subject to supply relationships and can be influenced by
transportation principles.

As important spaces for providing leisure services to residents, urban parks enrich
green vegetation, facilities, and cultural heritage sites, thereby also providing multiple
ecosystem services such as recreational services and air quality regulation [4–6]. In addition,
urban parks play an irreplaceable role in promoting urban biodiversity, improving micro-
climates, and enhancing the value of urban landscapes [7–9]. Therefore, urban parks are
crucial for improving the quality of life for residents. However, in China, urban park plan-
ning and development have long been overlooked in comprehensive urban development.
Chinese cities, especially large cities, face issues such as insufficient per capita public green
space, irrational park distribution, and imbalances between supply and demand when
providing public services to residents [10]. The CPT emphasizes hierarchical structures
and service areas, which are directly related to the equity and efficiency of urban parks in
serving residents. Therefore, an in-depth analysis of the park’s service area and their CPT
patterns are of great practical importance in understanding the rationality of the park’s
spatial pattern for serving residents.

Whether for commercial centers or parks, the residential locations of visitors can
be seen as the service areas that determine the centrality and hierarchy in Central Place
Theory. Early research on park service areas can be categorized into two paradigms. One
approach simulates park service areas based on accessibility, focusing on the geographic
perspective and using methods such as cost distance to delineate service areas [11,12].
This method overlooks stakeholders’ selectivity and can be regarded as a potential service
area. The other approach uses empirical data to infer park service areas, offering a more
objective reflection of actual service areas. Studies in this paradigm typically relied on
survey data [13,14], but with the development of big data technologies, internet and mobile
signaling data have become increasingly popular in this research [15–17]. Compared to
traditional survey data, big data offers a clear advantage in terms of data volume. Currently,
park service area analyses based on big data often focus on horizontal analyses [18,19], with
less attention paid to the hierarchical structure of park services. Defining dominant parks
through the hierarchy of service areas is of significant importance for urban managers, as it
helps assess the rationality of park spatial patterns from the perspective of citizens.

Obtaining service areas and intensity is a fundamental step in analyzing CPT patterns.
Mobile signaling data from urban park visitors provides an objective means to capture both
aspects simultaneously. Based on this, our study focuses on two key research questions.
First, how can mobile signaling data be used to delineate park service areas and intensities
and further analyze the central place hierarchy of urban parks? Second, what are the
key factors influencing the formation of this hierarchy? Additionally, we compare the
differences between cities of different scales.

2. Materials and Methods
2.1. Study Area

As the capital of China, Beijing is classified as a megacity in terms of both population
and built area. Its administrative region covers a total area of 16,410 km2, with a population
of 21.86 million in 2023. Early urban planning in Beijing aimed to increase the number
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of ring roads surrounding the city center, along with the development of radial roads
extending outward [20]. These ring roads have gradually evolved into what are now the
Second to Seventh Ring Roads. The area within the Sixth Ring Road is densely populated
and includes a large amount of land designated for construction [21–23]. Changsha, the
capital of Hunan Province, is classified as a second-tier city in China. It covers a total
administrative area of 11,819 square kilometers, with a population of 10.513 million in
2023. In its early stages of urban planning, Changsha emphasized a development strategy
centered on the core urban area, gradually expanding outward through a transportation
network. Similar to Beijing, Changsha optimized its urban traffic structure by constructing
ring roads and radial roads. In the early planning stages, the city developed a “dual-bank
development pattern” along the Xiang River as its central axis [24], connecting major urban
areas and surrounding regions through ring roads. As the city expanded, Changsha’s ring
road system was gradually refined, now forming a network of “First to Third Ring Roads”
centered around the Ring Expressway. Within the Third Ring Road, the population and
construction land are highly concentrated, particularly in core districts, which support a
significant share of residential, commercial, and public service functions.

Apart from differences in urban development patterns, economic scale, and population
size, Beijing and Changsha also differ in their park development strategies and geographic
characteristics. Beijing prioritizes the development of a “Park City”, emphasizing the
integration of ecology and urban life to create a livable environment. In addition to serving
as spaces for recreation and leisure, Beijing’s parks also play essential roles in ecological
conservation and cultural heritage preservation [25] and integrate natural landscapes and
ecological green spaces to form the green framework of a modern mountain-water city,
developing an urban green space system that combines riverfront and roadside green
belts [26]. Furthermore, Beijing, a representative northern city, has a temperate monsoon
climate, whereas Changsha, a southern city, experiences a subtropical monsoon climate with
hot, humid summers and diverse park vegetation. These differences in climate, geography,
and park landscapes provide a valuable comparative perspective on how CPT patterns
align with urban parks. Specifically, we examined 143 parks in Beijing and 173 parks in
Changsha as part of our research (Figure 1).

Land 2025, 14, x FOR PEER REVIEW  4  of  23 
 

 

Figure 1. Study area. 

2.2. Mobile Signaling Data 

As the location attributes of mobile signaling data are determined by signal towers, 

the positioning accuracy is 250 m. In this study, we used mobile signaling data obtained 

from China Unicom. A new grid was created by applying park boundaries (excluding a 

250 m buffer zone) and a regular grid, mapping the signaling data onto the grid. Weighted 

centroids were then used to identify park visitors’ residential areas. Finally, the regular 

grid was utilized to determine their origin. Additionally, the mobile signaling data source 

had already filtered out non-local residents to avoid interference from out-of-town tour-

ists. After excluding  the effects of  the pandemic and major events, we selected mobile 

signaling data from 17 to 23 June 2019 in Beijing and 6 to 12 November 2023 to reflect the 

activity patterns of city residents. 

Figure 1. Cont.



Land 2025, 14, 673 4 of 22

Land 2025, 14, x FOR PEER REVIEW  4  of  23 
 

 

Figure 1. Study area. 

2.2. Mobile Signaling Data 

As the location attributes of mobile signaling data are determined by signal towers, 

the positioning accuracy is 250 m. In this study, we used mobile signaling data obtained 

from China Unicom. A new grid was created by applying park boundaries (excluding a 

250 m buffer zone) and a regular grid, mapping the signaling data onto the grid. Weighted 

centroids were then used to identify park visitors’ residential areas. Finally, the regular 

grid was utilized to determine their origin. Additionally, the mobile signaling data source 

had already filtered out non-local residents to avoid interference from out-of-town tour-

ists. After excluding  the effects of  the pandemic and major events, we selected mobile 

signaling data from 17 to 23 June 2019 in Beijing and 6 to 12 November 2023 to reflect the 

activity patterns of city residents. 

Figure 1. Study area.

2.2. Mobile Signaling Data

As the location attributes of mobile signaling data are determined by signal towers,
the positioning accuracy is 250 m. In this study, we used mobile signaling data obtained
from China Unicom. A new grid was created by applying park boundaries (excluding a
250 m buffer zone) and a regular grid, mapping the signaling data onto the grid. Weighted
centroids were then used to identify park visitors’ residential areas. Finally, the regular
grid was utilized to determine their origin. Additionally, the mobile signaling data source
had already filtered out non-local residents to avoid interference from out-of-town tourists.
After excluding the effects of the pandemic and major events, we selected mobile signaling
data from 17 to 23 June 2019 in Beijing and 6 to 12 November 2023 to reflect the activity
patterns of city residents.

2.3. Park Service Areas

Based on the mobile signaling data, we identified the origin locations of park visitors.
Since the original data consisted of vector point data, we used the point density analysis
function in ArcGIS 10.3 to convert the point data into raster data, ultimately obtaining
visitor source density data for each park. Figure 2 shows the mobile signaling hotspot
map for the parks of Beijing and Changsha. This hotspot represents the sampled data of
the residential locations of park visitors. The example mapping of Chaoyang Park and
Martyrs’ Park indicates that the hotspot intensity gradually decreases from the park to the
suburbs (Figure 2b,d). The highest hotspots for all parks are distributed in the southern
and southeastern areas within the Fourth Ring Road (Figure 2a). This suggests that more
residents in these areas get park services compared to other regions.

Since visitor density tends to approach zero in areas far from the parks, it is necessary
to select a threshold to determine the service area of the parks. In this study, we chose 95%
of the maximum park service density as the threshold for defining the park service area.

Pg = arg maxpKp
(
xg, yg

)
(1)

DIAp =
{

g ∈ G
∣∣ Pg = p

}
(2)
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The service areas of different parks significantly overlap in space, meaning that resi-
dents in these areas can benefit from the services provided by multiple parks. To differenti-
ate this service intensity, we defined “park service advantage areas”. For each analysis grid
g, different residents within the grid Kp

(
xg, yg

)
may choose to visit different parks. We

defined the park visited by most residents within the grid Pg as the dominant influence area
(DIA). Based on this, we delineated the DIA for all parks and also delineated the service
areas for each type of advantage park.
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Figure 2. Visitor source hotspots in Beijing & Changsha parks (city residents), (a) map of visitor
source hotspots in all Beijing parks; (b) visitor source hotspots in Chaoyang Park (case mapping);
(c) map of visitor source hotspots in all Changsha parks; (d) visitor source hotspots in Martyrs’ Park
(case mapping).

2.4. Analysis of Factors Influencing the Park Service Areas

The DIA of a park is influenced by multiple factors, among which we focused on parks’
intrinsic characteristics. The intrinsic characteristics of parks mainly include park area, lake
area, infrastructure conditions, and vegetation coverage within the park. These features
determine a park’s scale, landscape attributes, functional properties, and accessibility,
making them key factors in attracting local residents. Given the diverse attributes and
differences in data representation, all data were effectively structured (as shown in Table 1).
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Table 1. Grading criteria of park properties.

Properties Grading Grading Basis

Area 1⃝ 1–10 ha; 2⃝ 10–50 ha; 3⃝ >50 ha [27]

Facilities
1⃝ support large-scale outdoor activities;
2⃝ support regular sports like basketball
3⃝ basic facilities

Downloaded through an API from
https://lbs.amap.com/
(accessed on 3 March 2020)

Lake 1⃝ with lake; 2⃝ without lake Interpretation from remote sensing data

Cultural heritage
1⃝ heritage-less; 2⃝ regular heritage; 3⃝ history

relics; 4⃝ lager-scale former industrial sites Obtained from the Internet

Vegetation cover
1⃝ low; 2⃝ medium–low; 3⃝ medium;
4⃝ medium–high; 5⃝ high Extracted from remote sensing data

Location Five categories from Second to Sixth Ring Road The centroid location of parks

Since park service areas exhibit differences in both “vertical” and “horizontal” direc-
tions, we employed logistic regression and box plots to analyze the factors influencing
parks’ DIA. The “vertical” spatial differences refer to the significant overlap in service
areas of parks located close to each other, with one park typically dominating. This can be
used to categorize parks. Logistic regression is a classic method for solving classification
problems and can explicitly reflect the degree of correlation between various influencing
factors. Therefore, this study applies the logistic regression method to evaluate the impact
of different park characteristics on park hierarchy. The independent variables in the logistic
regression model are the park attribute characteristics, while the dependent variable is the
park’s classification level. For model evaluation, we used precision, recall, and F1-score to
assess classification performance. These metrics provide a comprehensive evaluation of
the model’s predictive capability, with F1-score balancing precision and recall. Addition-
ally, we performed binary classification significance tests on category distinctions using
p-values. This ensured that the classification was statistically meaningful and that the
model effectively captured differences among park categories.

For parks of the same hierarchy, differences in their service areas can be considered
the result of competition in the “horizontal” direction. We used box plots to better visualize
the impact of each park characteristic on the advantage service area within each hierarchy.

3. Results
We completed the hierarchical classification of DIA for Beijing’s parks, the service inten-

sity decay curves with distance, and the correlation analysis related to park characteristics.

3.1. Dominant Influence Areas of Park Service

Figure 3 shows the DIA of park service in two cities. The results show that Chaoyang
Park and Olympic Forest Park are the two parks with the largest DIAs, and the two parks
cover most of the northeastern and due north areas of Beijing, respectively. The south-
western area is mainly covered by New City Waterfront Forest Park in Fangshan District,
and other parks such as Old Summer Palace, Taoranting Park, and Lotus Pond Park also
cover a larger area. In Changsha, park service areas are more fragmented than in Beijing.
Parks such as Changsha Gardon Eco Park and Dashiba Forest Park have relatively larger
dominant service areas.

https://lbs.amap.com/
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The above describes the advantage service areas of parks across Beijing. Among the
143 parks, only 22 have their DIAs, so these 22 parks are classified as Level-1 (Figure 4a).
After excluding these 22 parks, we mapped the remaining 121 parks. The results show that
28 parks now have their DIAs (Figure 4b), including large parks like the Temple of Heaven
and Dongba Country Park. However, none of these areas are as extensive as the advantage
service areas of Level-1 parks such as Chaoyang Park and Olympic Forest Park. These
28 parks are defined as Level-2 parks. After excluding these, we mapped the remaining
93 parks. The results indicated that the advantage service areas have further diminished,
with only parks like Haidian Park and Jinyu Nanhu Park exhibiting relatively large service
areas. Ultimately, we classified these 93 parks as Level-3 parks (Figure 4c). The number of
parks of each level in Changsha is 32, 34, and 107, respectively (Figure 4d). As the park
level decreases, the number of parks increases. Meanwhile, park DIA becomes increasingly



Land 2025, 14, 673 8 of 22

fragmented, and the average service area gradually decreases. This pattern aligns with the
conception of with the conception of CPT.
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The analysis of visitor density trends with distance for parks of different levels
(Figure 5) reveals that the service intensity of Level-1 parks is not always greater than
that of Level-2 and -3 parks. Only Taoranting Park, Chaoyang Park, Longtan Park, and
Lotus Pond Park have visitor densities higher than those of Level-2 and -3 parks. Among
the Level-2 and -3 parks, visitor densities are relatively high in places like the Temple of
Heaven Park, Tuanjiehu Park, and Longtan Xihu Park. While visitor density decreases with
distance for each level of parks, the rate of decline varies significantly. For example, Taorant-
ing Park and the Temple of Heaven Park belong to Level-1 and Level-2, respectively, but
the visitor density of the Temple of Heaven Park within a 2 km radius is noticeably higher
than that of many Level-1 parks. Temple of Heaven is classified as a Level-2 park primarily
because its service area is largely overlapped by Taoranting Park due to its proximity.
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In Changsha, among the 173 parks, 32 have their own dominant service areas and are
classified as first-tier parks (Figure 6a). Additionally, 34 parks are categorized as second-tier
parks (Figure 6b), while the remaining 107 are classified as third-tier parks (Figure 6c). In
both Beijing and Changsha, the number of parks increases progressively across the three
tiers. However, the numbers of first-tier and second-tier parks are relatively close. The DIA
fragmentation of parks in Changsha is more pronounced than in Beijing. Moreover, in both
cities, fragmentation increases progressively across the tiers.
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The analysis of service intensity trends across different park tiers with increasing
distance (Figure 7) reveals notable patterns. Similar to Beijing, the service intensity of
Level-1 parks is not always higher than that of Level-2 and -3 parks. Only a few parks,
such as Meixi Lake Park and Yanghu National Wetland Park, exhibit higher visitor density
than Level-2 and -3 parks. Among Level-2 and -3 parks, Longwang Harbor Scenic Area
and Bafang Park have relatively high visitor densities. Visitor density in all levels decreases
with distance, but the rate of decline varies significantly. For instance, in the 0–2 km range,
Meixi Lake Park experiences a sharp drop in visitor density, whereas in Martyrs’ Park, the
decline is much more gradual. A similar pattern is observed among Level-2 and -3 parks.

Land 2025, 14, x FOR PEER REVIEW  12  of  23 
 

The analysis of service intensity trends across different park tiers with increasing dis-

tance (Figure 7) reveals notable patterns. Similar to Beijing, the service intensity of Level-

1 parks is not always higher than that of Level-2 and -3 parks. Only a few parks, such as 

Meixi Lake Park and Yanghu National Wetland Park, exhibit higher visitor density than 

Level-2 and -3 parks. Among Level-2 and -3 parks, Longwang Harbor Scenic Area and 

Bafang Park have relatively high visitor densities. Visitor density in all levels decreases 

with distance, but the rate of decline varies significantly. For instance, in the 0–2 km range, 

Meixi Lake Park experiences a sharp drop in visitor density, whereas in Martyrs’ Park, the 

decline is much more gradual. A similar pattern is observed among Level-2 and -3 parks. 

 

Figure 7. Trends  in visitor density with distance  for each park  in Changsha:  (a) parks with DIA 

Level-1; (b) parks with DIA Level-2; (c) parks with DIA Level-3. 

3.2. Factors Analysis for Park Grading 

In the previous subsection, we examined the service level distribution of parks in two 

cities. This classification may be influenced by the inherent attributes of the parks. There-

fore, it is necessary to further analyze the potential influencing factors and their statistical 

significance. 

In Beijing, the results of the logistic regression analysis on factors influencing park 

hierarchy (Figure 8) show that the correlation coefficients of all six park attributes are be-

low 0.5. Factors such as cultural heritage sites and park areas exhibit a positive correlation 

Figure 7. Trends in visitor density with distance for each park in Changsha: (a) parks with DIA
Level-1; (b) parks with DIA Level-2; (c) parks with DIA Level-3.



Land 2025, 14, 673 12 of 22

3.2. Factors Analysis for Park Grading

In the previous subsection, we examined the service level distribution of parks in
two cities. This classification may be influenced by the inherent attributes of the parks.
Therefore, it is necessary to further analyze the potential influencing factors and their
statistical significance.

In Beijing, the results of the logistic regression analysis on factors influencing park
hierarchy (Figure 8) show that the correlation coefficients of all six park attributes are below
0.5. Factors such as cultural heritage sites and park areas exhibit a positive correlation
with park hierarchy, while vegetation coverage and infrastructure development show a
negative correlation. However, significance testing results indicate that most intrinsic park
characteristics do not pass the significance test, with only cultural heritage sites meeting the
0.05 significance level for distinguishing between first-tier and third-tier parks (Figure 7b).
Additionally, the model’s prediction accuracy for first- and second-tier parks is only 0.50
and 0.25, respectively, whereas the accuracy for third-tier parks reaches 0.67. The overall
model accuracy is 0.63. Given the correlation coefficients of each factor, the results suggest
that no single attribute significantly influences park classification.
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Unlike Beijing, park area and infrastructure in Changsha show a significant positive
correlation with park classification. Except for infrastructure, which passes the 0.05 sig-
nificance test for distinguishing between second- and third-tier parks, all other factors
pass the 0.01 significance test (Figure 9). This suggests that in Changsha, park area and
infrastructure development play a dominant role in determining park hierarchy. In other
words, larger parks with better infrastructure are more likely to be classified at a higher tier.
Additionally, the model’s prediction accuracy for Changsha reaches 0.81, outperforming
that of Beijing.
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3.3. Factors Analysis for DIA on Each Level

Based on the results in Section 3.1, we found that the DIA of parks does not completely
align with the number of visitors (Figures 4 and 5). Therefore, We analyzed boxplots of
park attributes versus the number of visitors and scope of services for each level separately.
For Level-1 parks in Beijing, facilities and lakes have a positive impact on the number of
visitors, while other influencing factors do not show a consistent trend (Figure 10). Only the
park area has a positive relation with the service area. There are some park characteristics
corresponding to a large fluctuation in the number of visitors, and for vegetation cover, the
range of visitors with a vegetation cover rating of 1 fluctuates widely, from 200 to 15,000.
For park lake, the number of visitors in the park with a lake also fluctuated in a larger
range, while the parks without a lake all covered less than 3000 residents. Overall, there
was a large difference in the impact of park characteristics on the number of visitors and the
service area. Park area and infrastructure positively influence visitor numbers for first-tier
parks in Changsha, while other factors show no consistent trend. In terms of service area,
only park area exhibits a consistent pattern of variation.

For Level-2 parks, we found that location and facilities are the primary influencing
factors (Figure 11). As the location level increases, so does the number of visitors, indi-
cating that for Level-2 parks, the closer the park is to the city center, the more visitors it
attracts. Other factors do not exhibit consistent trends. Unlike visitor numbers, no park
characteristics exhibit consistent patterns with service areas. In Changsha, only park area
shows a relatively strong correlation with service areas. Other parks’ characteristics do not
demonstrate a clear consistency with either visitor numbers or service areas. For Level-2
parks in Changsha, neither park area nor infrastructure maintains a consistent relationship
with visitor numbers or service areas.
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For Level-3 parks, the attribute influencing visitor numbers, as shown in the box plot
(Figure 12), is primarily location. As the location rank increases, the number of visitors also
increases. This suggests that for Level-3 parks, parks located closer to the city center tend
to attract more visitors. Other factors do not exhibit consistent trends. Similar to Level-2
parks, park area is a positive factor influencing the dominant service area of parks. In
Changsha, park area positively influences both visitor numbers and service areas. Unlike
in Beijing, there is only one third-tier park in Changsha with a relatively large area, while
in Beijing, larger parks fall into Level-3.
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Figure 11. Boxplot of park visitors and service area for Level-2 parks versus park attributes. “+”
represents outliers that fall beyond 1.5 times the interquartile range; “−” indicates that the sample
size is 1 or all values are identical, resulting in a collapsed box; the color green represents visitor
numbers; the color blue represents service area.

In summary, our analysis highlights CPT patterns in park service areas, visitor density,
and influencing factors across different hierarchical levels in Beijing and Changsha. The
classification of parks into three levels reveals that a small number of large parks dominate
service provision in both cities. The service intensity analysis indicates that higher-tier parks
do not always maintain the highest visitor densities, as proximity and local competition
significantly affect park usage. The logistic regression results suggest that in Beijing,
individual park attributes have limited influence on service hierarchy, with only cultural
heritage sites showing a statistically significant correlation. However, in Changsha, park
area and infrastructure play a more substantial role in determining park classification.
Further factor analysis demonstrates that visitor density and service areas are influenced by
different attributes depending on each level. Overall, our findings emphasize the complex
interplay between park attributes, spatial distribution, and service intensity.
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Figure 12. Boxplot of park visitors and service area for Level-3 parks versus park attributes. “+”
represents outliers that fall beyond 1.5 times the interquartile range; “−” indicates that the sample
size is 1 or all values are identical, resulting in a collapsed box; the color green represents visitor
numbers; the color blue represents service area.

4. Discussion
4.1. Data Reliability

With the widespread application of geographic big data, researchers have begun to
integrate new data and methods into urban geography studies [28–30]. This study utilized
mobile signaling data as the core data source. Although it is more objective compared to
traditional survey methods, potential biases in these data still need to be acknowledged.
Mobile signaling data, as a type of social sensing data, can reflect the perspectives of specific
groups in the city. However, they are still sample data, with the sampling process involving
supplier selection and data thinning by the providers, which may lead to temporal and
spatial sparsity and bias, thereby affecting the reliability of the research results.

Therefore, when using big data as empirical data, particular caution should be exer-
cised for “counterintuitive” results in the conclusions. In this study, we found that some
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of our findings align with previous research, such as Chaoyang Park and Olympic Forest
Park being classified as Level-1 parks with extensive DIA [10]. However, Taoranting Park,
despite having fewer visitors than the aforementioned parks, attracts more visitors despite
its smaller park area and fewer facilities. By comparing population distribution (Figure 1),
we found that the population density near Taoranting Park is much higher than that near
Olympic Forest Park, which may partly explain the higher number of visitors at Taoranting
Park. Regardless, conclusions drawn from big data need to be interpreted with caution,
especially when it comes to anomalies, which must be properly explained; otherwise,
potential biases inherent in the data should be considered.

Michiel et al. conducted a study based on Twitter and Foursquare data to analyze
the central place patterns of Louisville, Kentucky [31]. Their conclusions suggest that big
data-based methods are not fundamentally different from classic central place theory (CPT).
They first determined the range and thresholds of various central functions through an
analysis of the micro-foundations of CPT. However, the researchers also emphasized that
the robustness of big data should not be overestimated [32–34]. In summary, although this
study used relatively objective mobile signaling data, the data source remains somewhat
limited. If multi-source data such as internet media data and video data could be used for
cross-validation, the reliability of the conclusions would be strengthened.

4.2. The CPT Mode for Parks’ Recreational Services

The morphology of cities, such as residential areas, commercial districts, parks, and
roads, varies widely in geospatial distribution. As a result, fitting center-place locations
in ideal regular geometries (e.g., Christaller’s hexagonal pattern) becomes analytically
less important. Previous studies have established that real-world geographic features can
rapidly distort the hexagonal geometric location of CPT, significantly altering their spatial
configuration [35–37]. While the results of this study do not strictly adhere to a hexagonal
pattern, certain areas exhibit hexagonal characteristics. For example, in the Level-1 parks,
Old Summer Palace, Osun Park, and Chaoyang Park seem to form part of a hexagonal
shape (Figure 5a). In Changsha, the distribution of “central parks” does not conform to
the hexagonal shape, which also leads to another problem: the theory of central place is
a theory for commercial services, although the service objects of commercial centers and
parks are both residents, the logic of the construction of commercial centers and parks
is indeed different. For example, the construction of parks will take more consideration
of the natural geographical conditions, such as the distribution of rivers, lakes, cultural
heritage, and post-industrial landscapes [38–41], which complicates the formation of a
regular geometric pattern for the distribution of “center parks”.

Additionally, we found that for hierarchical structures, the enclave phenomenon
of Level-1 parks’ advantage service areas is not significant. Taking Chaoyang Park and
Olympic Forest Park as examples, our observations indicate that although these parks have
large advantage service areas, their boundaries are clear and continuous. This suggests
that residents’ choices for parks within the same level tend to be homogeneous based
on accessibility.

We also found that when parks provide services to residents, they still adhere to core
concepts of Central Place Theory, such as “hierarchy” and “centrality”, exhibiting character-
istics where the higher the level, the fewer the park count. Urban parks exhibit a hierarchical
effect when serving residents, which can be simply understood as the phenomenon where,
regardless of how close a park is to a residential area, its number of visitors may still
be dominated by a larger, more distant park, thereby establishing the irreplaceability of
the larger park. For example, Olympic Forest Park offers a full 10 km of plastic running
path, which most other parks do not have. Furthermore, the hierarchical phenomenon
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determined by park visitor numbers does not align with the government’s planned park
types. For example, Taoranting Park and Temple of Heaven are both classified as historical
and cultural parks by the government, but they belong to Level-1 and Level-2, respectively.
In fact, this irreplaceability extends beyond urban parks. Recent studies have begun to
explore the concept of “irreplaceability” in urban geography [42,43], which is often closely
linked to the high demand for certain facilities and their limited availability [44].

Similarly, the results of our grading of park DIA also reveal some interesting results.
For instance, Old Summer Palace, Temple of Heaven, and Summer Palace are among
Beijing’s most well-known parks [45–47], yet our analysis indicates that these parks belong
to different levels when it comes to providing recreational services to residents. Old
Summer Palace is a Level-1 park, with a clear advantage service area, while Temple of
Heaven is a Level-2 park, with its DIA significantly constrained by the nearby Taoranting
Park. Even in Level-3 parks, the DIA of the Summer Palace is substantially reduced by
other parks. This suggests that more residents in the vicinity of Old Summer Palace benefit
from its recreational services, while Temple of Heaven Park and Summer Palace provide
fewer such services to residents.

Although urban parks in both Beijing and Changsha align with the hierarchical struc-
ture of the Central Place Theory (CPT) model, they exhibit notable differences. In Beijing,
first-tier parks are primarily dominated by major parks such as Olympic Forest Park and
Chaoyang Park, with a relatively large DIA. In contrast, first-tier parks in Changsha are
more fragmented. This discrepancy is likely closely related to urban planning and land
use policies.

For instance, Beijing’s urban planning emphasizes functional zoning, with the cen-
tral district primarily serving administrative functions [20]. As a result, large parks are
concentrated in specific areas and play a significant role in providing ecological and recre-
ational services. This has led to a tendency for urban residents to gravitate toward certain
major parks. In comparison, Changsha’s urban expansion has been more balanced, featur-
ing a greater number of small and medium-sized parks distributed throughout the city.
Additionally, due to differences in population scale, Changsha does not have residential
communities exceeding 300,000 residents, as seen in Beijing. Two super-large residential
communities, Huilongguan and Tiantongyuan in Beijing, are respectively covered by the
DIA of Olympic Forest Park and Chaoyang Park, despite the considerable distance between
them. Consequently, the spatial distribution of first-tier parks’ DIA differs significantly
between the two cities.

Moreover, in Changsha, park area and infrastructure have a strong positive correlation
with the hierarchical levels, indicating that these two factors positively influence the
attractiveness of parks. In contrast, Beijing’s park attributes do not significantly affect park
classification. The factors influencing visitor numbers and DIA also differ across park levels.
Existing research has shown that the correlation between park area and user numbers is
not significant [34], and our findings in Beijing support this conclusion. Additionally,
visitor numbers and DIA do not align, and the density of park visitors declines at varying
rates with distance. This suggests that the factors influencing how parks serve the public
are complex.

In addition to the six factors considered in this study, other elements, such as ticket
prices, park reputation, and transportation accessibility [16,48,49], need to be quantified.
Existing studies have begun to focus on the influence of external factors on park service
areas. Research by Gou et al., based on mobile signaling data, indicates that population
density and the number of commercial facilities significantly impact park service areas [16].
Furthermore, factors like human mobility characteristics and travel habits may also play a
decisive role. Integrating park characteristics with external factors in a systematic way is
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essential for a more comprehensive understanding of the CPT model in parks. This is also
a key aspect that this study aims to refine.

Compared to commercial centers, urban parks share a key common characteristic as
well as a distinguishing feature. The common characteristic is that both commercial centers
and urban parks provide services to urban residents. The distinguishing feature is that the
development of commercial centers differs from that of parks. The location of commercial
centers is primarily influenced by factors such as population density, transportation acces-
sibility, and economic vitality et al. [50–52]. The development of urban parks with strong
natural attributes usually depends on the city’s original natural geographical conditions
(such as the distribution of water systems and lakes within the city) [53,54], while parks
with strong cultural attributes depend on the location of cultural heritage sites [41,55].

The central place theory for urban parks holds significant practical implications for
urban planners’ comprehension of citizens’ travel habits. More scholars are now analyzing
the value of urban parks from the perspective of social equity [56]. In our study, we found
the irreplaceability of Level-1 parks, which cannot be compensated simply by reducing
travel distances. The construction costs of Level-1 parks differ substantially from those
of small community parks. Therefore, it is crucial to plan the layout of Level-1 parks as
reasonably as possible within the limited urban space to ensure social equity.

5. Conclusions
The primary objective of this study was to analyze the CPT patterns of urban parks.

Using mobile signaling data as the core dataset, we delineated the service areas of urban
parks in Beijing and Changsha and subsequently derived the DIA. Based on the DIA, we
assessed the centrality and hierarchy of urban parks. Finally, we examined the factors
influencing park hierarchy and the determinants of service area variations across different
park levels. The key findings are as follows:

First, urban parks in both cities exhibit clear centrality and hierarchical structures,
with the number of parks increasing as their hierarchical level decreases. Level-1 parks
are the least numerous but exhibit the highest centrality. Most Level-1 parks have a larger
and more intense service area than Level-2 parks. However, Beijing has fewer Level-1
parks than Changsha, and the top-ranked Level-1 parks in Beijing serve significantly larger
areas than those in Changsha. This suggests that the DIA in Changsha is more fragmented.
Additionally, the visitor density decay curves indicate that the rate at which service intensity
declines with distance varies across parks, reflecting differentiation among them.

Second, the factors influencing park hierarchy differ between the two cities. In Chang-
sha, park size and infrastructure are significant determinants of park hierarchy, whereas
these factors do not exhibit statistical significance in Beijing. Similarly, the factors affecting
park service areas and visitor numbers vary between the two cities. This finding suggests
that the physical characteristics of parks influencing residents’ access to park services are
not consistent across different urban contexts. Our findings of urban parks’ CPT patterns
provide valuable insights for urban planning and park management. To enhance the ef-
ficiency and accessibility of urban parks, planners should consider both park attributes
and external urban factors in decision-making. A well-structured park system can promote
spatial equity by ensuring that recreational opportunities are not concentrated in a few
high-level parks but are accessible to diverse urban populations. Additionally, improving
connectivity between parks and surrounding urban areas can enhance residents’ travel
convenience and optimize park utilization. By integrating data-driven approaches and
comprehensive spatial planning, policymakers can create a more balanced and sustainable
urban park network that better serves public needs.
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Additionally, we found that the factors influencing urban park services and their
CPT patterns are highly complex. Therefore, future research will consider incorporating
additional factors that may influence the CPT patterns of urban parks. Additionally, by
expanding data types and refining the specific purposes of recreational services, we aim to
provide a deeper understanding of the CPT patterns in urban parks.
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