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Abstract: The spatial distribution of Leisure Urban Spaces (LUSs) is closely linked to urban sustain-
ability and residents’ quality of life. This study uses the Central Urban Area of Nanjing as the study
area. Using POI and AOI data, the locations of LUS were precisely identified and categorized, includ-
ing parks, squares, waterfront spaces, and leisure blocks. GIS spatial analysis methods, the nearest
neighbor index, standard deviation ellipse, and kernel density estimation were used to analyze these
spaces’ form, directivity, and density. Population activity intensity (PAI) data at various time points,
collected by Baidu heat map, are correlated with LUS distribution through multiple linear regression
analysis. (1) Parks and squares exhibit significant clustering tendencies, whereas waterfront spaces
show weaker clustering, and leisure blocks are randomly distributed; (2) The central points of all
types of LUS are located in the city center, extending from southeast to northwest, with parks and
squares offering a broader range of services; (3) The overall LUS layout shows a ‘core and multiple
points’ structure, with varying density patterns across different spaces, indicating concentrated and
dispersed leisure areas; (4) The correlation between LUS distribution and PAI strengthens throughout
the day and is greater on weekends than weekdays. Leisure blocks significantly enhance activity
intensity, while parks have a limited effect, and waterfront spaces often show a negative correlation
due to their remote locations. These results provide insights for future urban planning in Nanjing
and underscore patterns in residents’ leisure activities.

Keywords: leisure urban spaces; spatial distribution; population activity intensity; GIS spatial
analysis; big data; Nanjing

1. Introduction

Leisure is considered a core function of urban spaces, reflecting the level of urban life
quality [1]. As living standards improve and lifestyles evolve, the demand for urban leisure
has significantly increased, becoming a crucial component of modern life. Leisure urban
spaces (LUSs) are not only vital components of the urban ecological and social systems,
but their effective allocation also indicates a city’s environmental, social, and economic
development level [2]. These spaces provide venues for entertainment and social interac-
tion and play a critical role in enhancing urban vitality [3,4], improving residents’ health
and well-being [5,6], and strengthening social cohesion [7,8]. However, despite the gradual
improvement of public services, the distribution of services enjoyed by residents remains
highly uneven, with significant disparities in leisure service provision between different re-
gions and urban–rural areas [9]. Therefore, studying the spatial distribution characteristics
of LUS is crucial for identifying potential planning issues, promoting reasonable facility
layout, and improving residents’ quality of life.

Analyzing the spatial distribution of urban spaces not only aids in understanding
urban forms but also addresses real social issues such as social justice. Specifically, equitable
spatial distribution can alleviate socioeconomic segregation in cities and, by ensuring
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that different social groups have access to high-quality leisure facilities, can enhance the
quality of life for all residents [10]. Notably, existing studies often limit themselves to the
spatial distribution analysis of single types of leisure facilities, such as parks [11,12], tourist
attractions [13,14], cultural facilities [15,16], and sports venues [17]. Overall, comprehensive
studies on urban spaces with leisure functions are relatively scarce, especially in regions
with well-developed leisure services like Nanjing. Therefore, a thorough understanding and
categorization of the functions of LUS are essential for effectively utilizing these resources
to meet broad societal needs. By examining the commonalities and differences in the
distribution of different leisure urban spaces, one can reveal some regional characteristics
of leisure in the city.

According to the “Classification and Requirements for Urban Public Leisure Spaces”
(GB/T31171-2014) issued in China, Chinese leisure urban spaces are categorized into spe-
cialized public leisure spaces and comprehensive public leisure spaces [18]. This paper
focuses on comprehensive public leisure spaces with a welfare-oriented approach, consider-
ing them more representative and capable of showcasing the current state and diversity of
activities in China’s leisure spaces. Therefore, based on previous research, Chinese LUS can
essentially be summarized as parks, squares, waterfront spaces, and leisure blocks. These
four types of leisure urban spaces have distinct characteristics and functions. Parks empha-
size ecological and entertainment facilities [19]; squares, often surrounded by buildings,
serve as social hubs [20]; waterfront spaces combine natural and artificial elements, offering
leisure options around water bodies [21]; and leisure blocks concentrate on cultural, retail,
and dining activities, prioritizing pedestrian comfort [22].

With rapid technological advancements, tools such as Geographic Information Systems
(GISs), big data analytics, and social media data have significantly enhanced the precision
and depth of urban space studies. Primary research directions include using geographic
spatial information described in maps through Point of Interest (POI) or Area of Interest
(AOI) data to analyze urban structures [13,15,17] and identify urban functional zones [23,24].
Additionally, data related to human activity, such as remote sensing data [25,26], GPS
trajectory data [27], mobile signaling data [28,29], and Baidu heat map data [30,31], are
used to analyze the spatiotemporal behavior of urban populations. Some studies also
utilize user reviews on social media platforms to reveal urban activities’ spatiotemporal
dynamics and behavioral preferences [32,33].

Although big data analysis has been widely applied to study urban spatial structures
and the behavioral characteristics of urban residents, research on the dynamic spatiotempo-
ral relationship between the distribution of LUS and the PAI remains limited. The study
emphasizes the importance of researching urban population density distribution due to the
complexity of the urban internal structure [34]. An in-depth analysis of the distribution of
population activity intensity (PAI) helps reveal residents’ movement and activity patterns
within urban spaces, providing new perspectives on urban residents’ leisure activities and
lifestyles [35]. Therefore, by analyzing the relationship between the distribution of LUS and
the PAI, it is possible not only to understand how residents utilize these spaces but also to
identify which areas are deficient in leisure facilities, thus guiding future urban planning
and resource allocation to ensure that the optimized layout of leisure facilities meets the
needs of all residents.

This study explores the distribution characteristics of LUS and their relationship
with the PAI. Utilizing Point of Interest (POI) and Area of Interest (AOI) data, along with
social media platforms, the study verifies the location information of various LUSs and
analyzes their distribution characteristics through GIS. Furthermore, given the timeliness
and extensive coverage of Baidu heat map data, the research employs a multivariate linear
regression analysis to examine the relationship between the distribution of LUSs and PAI.
The findings from this study are intended to provide a scientific basis for urban planning,
promote sustainable urban development, and enhance the quality of life for residents.
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2. Materials and Methods
2.1. Study Area

This study selects the Central Urban Area (CUA) of Nanjing, China, as the research
region, primarily based on the following considerations. For a detailed visual reference,
Figure 1a,b illustrate the specific locations of Nanjing and its CUA. Firstly, Nanjing, the
largest provincial capital in Eastern China, in the Yangtze River Delta Economic Zone, has
a permanent population of 9.31 million according to the 2020 national census, with an
urbanization rate of 86.9% [36]. The densely populated and highly urbanized population
urgently requires leisure activities to relax and improve their physical condition. Secondly,
the CUA of Nanjing not only holds a special geographical position as the core of the
Nanjing metropolitan area and the main area carrying the central urban functions of
Nanjing but also features various geographical elements. Nanjing, renowned as a historical
and cultural city, attracts millions with its rich cultural resources and unique heritage,
as evidenced by the over 10 million tourists in 2019 alone [37]. It has a natural wetland
protection rate of 68.6%, a built-up area green coverage rate of 45.16%, and a water system
coverage rate of 11.4% [25,38]. In summary, with its rich historical and cultural resources,
unique geographical location, and positive urban planning and leisure space developments,
Nanjing provides an ideal setting for this study’s analysis.

Figure 1c illustrates the CUA of Nanjing, which spans 804 square kilometers and is
designed to enhance the city’s stature with a planned population of 7.85 million. The CUA
comprises the culturally rich Jiangnan region, south of the Yangtze, focused on improving
environmental quality and city functionality, and the developing Jiangbei region to the
north. Additionally, the Old City Area (OCA) within Jiangnan is a crucial zone with a
dense population and high-quality resources, which is vital for understanding Nanjing’s
urban structure [39].

Sustainability 2024, 16, x FOR PEER REVIEW 3 of 22 
 

The findings from this study are intended to provide a scientific basis for urban planning, 

promote sustainable urban development, and enhance the quality of life for residents. 

2. Materials and Methods 

2.1. Study Area 

This study selects the Central Urban Area (CUA) of Nanjing, China, as the research 

region, primarily based on the following considerations. For a detailed visual reference, 

Figure 1a,b illustrate the specific locations of Nanjing and its CUA. Firstly, Nanjing, the 

largest provincial capital in Eastern China, in the Yangtze River Delta Economic Zone, has 

a permanent population of 9.31 million according to the 2020 national census, with an 

urbanization rate of 86.9% [36]. The densely populated and highly urbanized population 

urgently requires leisure activities to relax and improve their physical condition. Sec-

ondly, the CUA of Nanjing not only holds a special geographical position as the core of 

the Nanjing metropolitan area and the main area carrying the central urban functions of 

Nanjing but also features various geographical elements. Nanjing, renowned as a histori-

cal and cultural city, attracts millions with its rich cultural resources and unique heritage, 

as evidenced by the over 10 million tourists in 2019 alone [37]. It has a natural wetland 

protection rate of 68.6%, a built-up area green coverage rate of 45.16%, and a water system 

coverage rate of 11.4% [25,38]. In summary, with its rich historical and cultural resources, 

unique geographical location, and positive urban planning and leisure space develop-

ments, Nanjing provides an ideal setting for this study’s analysis. 

 
(a) 

Figure 1. Cont.



Sustainability 2024, 16, 7160 4 of 21Sustainability 2024, 16, x FOR PEER REVIEW 4 of 22 
 

  

 

Figure 1. Maps showing: (a) the location of Nanjing in China; (b) the Central Urban Area within 

Nanjing; (c) a detailed map of the Central Urban Area. Source: (Author, 2024). 

Figure 1c illustrates the CUA of Nanjing, which spans 804 square kilometers and is 

designed to enhance the city’s stature with a planned population of 7.85 million. The CUA 

comprises the culturally rich Jiangnan region, south of the Yangtze, focused on improving 

environmental quality and city functionality, and the developing Jiangbei region to the 

north. Additionally, the Old City Area (OCA) within Jiangnan is a crucial zone with a 

dense population and high-quality resources, which is vital for understanding Nanjing’s 

urban structure [39]. 

2.2. Analytical Framework 

This study utilizes a comprehensive analytical framework depicted in Figure 2. As 

illustrated, the study area is initially divided into 1000 × 1000 square meter grids. Accord-

ing to related research, this size aligns with the commonly used grid sizes of 250, 500, and 

1000 square meters for urban functional area layout analysis, primarily to balance data 

density and computational efficiency [40]. This study aims to analyze the correlation be-

tween the number of LUSs and the population within each grid. The use of larger grid 

sizes ensures sufficient LUS and population data within each analytical unit, also aligning 

with the spatial scale of the study area, thus enhancing the accuracy and effectiveness of 

the research. The results of the study are presented in two parts: 

Result 1: Utilizing POI and AOI data obtained via the Amap API, the locations of 

LUS, including parks, waterfront areas, and leisure blocks, were identified and catego-

rized. Using GIS spatial analysis techniques, the spatial distribution characteristics of 

these different types of LUS were analyzed. 

Result 2: Employing location-based population activity data provided by the Baidu 

map and selecting five time points on Tuesday and Saturday (6:00, 10:00, 15:00, 19:00, and 

21:00), the PAI at different times was statistically analyzed. A linear regression analysis 

was used to explore the correlation between the distribution of LUS and the aggregation 

of population activities. 

(b) (c) 

Figure 1. Maps showing: (a) the location of Nanjing in China; (b) the Central Urban Area within
Nanjing; (c) a detailed map of the Central Urban Area. Source: (Author, 2024).

2.2. Analytical Framework

This study utilizes a comprehensive analytical framework depicted in Figure 2. As
illustrated, the study area is initially divided into 1000 × 1000 square meter grids. According
to related research, this size aligns with the commonly used grid sizes of 250, 500, and
1000 square meters for urban functional area layout analysis, primarily to balance data
density and computational efficiency [40]. This study aims to analyze the correlation
between the number of LUSs and the population within each grid. The use of larger grid
sizes ensures sufficient LUS and population data within each analytical unit, also aligning
with the spatial scale of the study area, thus enhancing the accuracy and effectiveness of
the research. The results of the study are presented in two parts:
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Result 1: Utilizing POI and AOI data obtained via the Amap API, the locations of
LUS, including parks, waterfront areas, and leisure blocks, were identified and categorized.
Using GIS spatial analysis techniques, the spatial distribution characteristics of these
different types of LUS were analyzed.

Result 2: Employing location-based population activity data provided by the Baidu
map and selecting five time points on Tuesday and Saturday (6:00, 10:00, 15:00, 19:00, and
21:00), the PAI at different times was statistically analyzed. A linear regression analysis
was used to explore the correlation between the distribution of LUS and the aggregation of
population activities.

2.3. Data and Pre-Processing
2.3.1. POI Data and AOI Data

This study primarily utilizes Point of Interest (POI) and Area of Interest (AOI) data
to collect location information on LUS. The data for these two categories were retrieved
from the (http://ditu.amap.com/) (accessed on 20 August 2023) API using web scraping
techniques. AOI data, similar to POI data, typically include basic information such as
name, address, category, and latitude and longitude coordinates but also encompass area
boundary coordinates to mark two-dimensional geographic entities on electronic maps.
Given the similarities between AOI and POI data, they often originate from the same
electronic internet map platforms.

However, the location information for some LUSs cannot be directly obtained from
these two data sources. To address this, the study utilizes GIS technology combined with
data from social media platforms for location verification and data confirmation. Figure 3
displays the data processing procedure for four types of LUS. The location information for
all squares and some parks and blocks can be obtained through POI data. To accurately
obtain the location information for leisure blocks, this study incorporates data cleaning
and location matching using the Meituan–Dianping platform. Meituan–Dianping is one of
China’s leading online-to-offline (O2O) platforms, where locals can rate various commercial
and leisure locations [33]. Moreover, its specialized category for leisure blocks addresses
the lack of such detailed classifications in traditional map data.
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Waterfront spaces are defined as the leisure green spaces surrounding natural water
bodies within the study areas, including areas near the Yangtze River and the Qinhuai

http://ditu.amap.com/
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River. Using ArcGIS software (version 10.8.2), a 100 m buffer zone is created around these
water bodies to identify and clean the central point location information of green spaces
adjacent to the water bodies and match them with positions on Amap, thus determining
the final location of the waterfront spaces. Park locations are determined by merging park
POI with waterfront space location information and removing duplicate geographic data
points. Ultimately, the study acquired location data for 407 LUSs, including 186 parks,
166 squares, 27 waterfront spaces, and 28 leisure blocks.

2.3.2. Baidu Heat Map Data

The Baidu Heat Map Data (BHMD) utilize location information from hundreds of
millions of mobile phone users engaging with Baidu products to calculate the heat values of
pedestrian traffic in various areas and times, effectively reflecting the density of people in a
region. As a big data application with hundreds of millions of users, the Baidu Heat Map is
significant for urban studies [34]. Therefore, BHMD extensively mirror the crowd heat in
precise areas and are widely used in studies on population dynamic distribution [30,31].
BHMD’s real-time data, accessible via API (https://huiyan.baidu.com) (accessed on 23
August 2023) from Baidu’s site, effectively captures spatiotemporal behavior patterns.
Data are collected in 200 × 200 grid cells over one-hour intervals, assigning heat values
to cell centroids based on user locations from Baidu apps. The cell centroids represent
the locations of population activities, and their heat values indicate the intensity of these
activities. This method reveals not only the intensity of population but, more importantly,
the spatial distribution characteristics of their activities.

Leisure activities exhibit two behavioral patterns on weekdays and weekends [28,41].
To deeply understand these differences, this study selected two representative days, 22
August 2023 (Tuesday) and 26 August 2023 (Saturday), to collect population activity data
in the study area using BHMD at five key time points (6:00, 10:00, 15:00, 19:00, and 21:00).
These time points were chosen as they typically reflect the peaks of various leisure activities
throughout the day, including morning wake-up time, afternoon rest, and evening social
and relaxation periods.

2.4. Research Methods
2.4.1. GIS Spatial Analysis

This section employs three distinct GIS techniques for spatial analysis: Nearest Neigh-
bor Index (NNI), Standard Deviation Ellipse (SDE), and Kernel Density Estimation (KDE).
Each method offers unique insights into the spatial distribution patterns of Leisure Urban
Space (LUS) locations. The analyses were conducted using ArcGIS software, version 10.8.2.

Nearest Neighbor Index (NNI): The NNI describes distribution patterns by measuring
the distance between the nearest points [42]. By measuring the distance from each location
point to its nearest neighbor and comparing these distances with the expected values
of a random distribution, it can be determined whether the location points tend to be
clustered or dispersed [14,15,43]. The Nearest Neighbor Ratio, denoted as R, interprets the
distribution, the smaller the value of R, the more clustered the distribution. If R > 1, the
spatial distribution is dispersed; if R = 1, it is random; if R < 1, it is clustered. The formula
is as follows:

R =
robs
rexp

=
1
n ∑n

i=1 dmin(i)
0.5√ n

A

(1)

In the formula, R is the NNI value; robs is the observed average nearest neighbor
distance; rexp is the expected average nearest distance; A is the size of the study area; dmin(i)
represents the distance from each point to its closest neighbouring point.

Standard Deviation Ellipse (SDE): SDE, first introduced by Lefever in 1926, is a spatial
statistical method that reveals the multidimensional characteristics of geographic feature
distributions [44]. SDE involves the dispersion of data points and their primary trend
direction, ultimately forming an ellipse. This method has been extensively integrated into

https://huiyan.baidu.com
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GIS analyses to reveal spatial relationships of geographic features [45]. The calculation
of SDE depends on several key parameters: the center of the ellipse reflects the relative
position and change of the centroid of the geographic features; the orientation angle
indicates the main trend direction; the standard deviations in the X and Y directions
represent the dispersion of spatial features in the primary and secondary trend directions,
respectively. Their ratio reveals the pattern of dispersion [14,46]. The formula is as follows:

SDEx =

√
1
n∑n

i=1(xi − x)2 (2)

SDEy =

√
1
n∑n

i=1(yi − y)2 (3)

In the formula, xi and yi denote the coordinates of each element i; {x, y} represents
the mean center of the elements; and n is the total number of elements.

Kernel Density Estimation (KDE): KDE is an interpolation technique used to compute
the probability density function of a random variable, widely applied for estimating the
spatial density distribution of geographic features [47]. As a common statistical method for
analyzing point feature distributions, KDE visually displays the distribution of discrete
measurements in a continuous area. This method is extensively used in studies of spatial
distribution characteristics, helping to analyze and understand geographical phenomena
by revealing the spatial distribution patterns and characteristics of point features [14,15,17].
The higher the kernel density value, the more concentrated the point distribution; the lower
the value, the more dispersed the distribution. The formula is as follows:

f̂ (x, y) =
3

nh2π
∑n

i=1

[
1 −

(
(x − xi)

2 + (y − yi)
2

h2

)]2

(4)

In the formula, f̂ (x, y) represents the estimated density value at the location (x, y);
n is the total number of data points; (xi, yi) are the coordinates of the i-th point; h is the
bandwidth, controlling the smoothness k is the kernel function, determining how each
point contributes to the density estimate.

2.4.2. Correlation Analysis

Linear regression is widely used to determine variables’ interactions, impact levels,
and underlying statistical patterns [48]. Many studies have successfully utilized this
method to explore factors influencing urban public facilities [29,49]. This research employs
a multiple linear regression approach to assess the impact of different types of LUS (parks,
squares, waterfront spaces, leisure blocks, and overall leisure urban spaces) on the PAI at
different times (Wednesday at 6, 10, 15, 19, 21 and Saturday at 6, 10, 15, 19, 21). Unlike
Geographically Weighted Regression (GWR) or other spatial analysis models, this study
posits that the correlation between leisure urban spaces and the PAI is primarily driven by
the types of spaces rather than their spatial positions. Therefore, spatial non-stationarity
is not a concern in this issue. Instead, the linear regression method provides a better
explanation and assessment of how the quantity of different LUS influences the PAI. The
formula is as follows:

Y = β0 + β1X1 + β2X2 + . . . + βnXn + ε (5)

In the formula, Y is the dependent variable representing the PAI at different times,
including average numbers (Ya) on Tuesday (Yw6, Yw10, Yw15, Yw19, Yw21) and on Saturday
(Ys6, Ys10, Ys15, Ys19, Ys21). X is the independent variable representing the supply numbers of
different space types, including the overall number (Xo), parks (Xp), squares (Xs), waterfront
spaces (Xw), and leisure blocks (Xb). β0 is the intercept, β1, β2, . . ., βn are the coefficients
for the independent variables, and ε is the random error.
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R2 indicates the proportion of sample data the regression equation can explain; values
closer to 1 indicate a more accurate model. In multiple regression, an R2 between 0.8
and 1 suggests a high model fit; an R2 between 0.5 and 0.8 indicates a reasonable fit. The
regression coefficients reflect the impact of the independent variable X on the dependent
variable Y; a larger coefficient indicates a greater impact; positive values indicate that Y
increases with X, while negative values indicate Y decreases with X.

3. Results
3.1. Distribution Characteristics of Leisure Urban Spaces
3.1.1. Nearest Neighbor Analysis

Nearest Neighbor Analysis indicates a pronounced clustering trend within leisure
urban spaces. Key metrics elucidate the distribution patterns within the study area. Specif-
ically, according to Table 1, the observed average distance is approximately 612.29 m,
whereas the expected average distance for a random distribution is 1175.94 m. This results
in a significant Nearest Neighbor Ratio of about 0.52, highlighting a high degree of spatial
clustering of leisure activities. The statistical significance of these results is further sup-
ported by a Z-value of −18.5 and a p-value of 0, indicating that the observed clustering is
not a random occurrence but highly statistically significant.

Table 1. Results of nearest distance analysis.

Average
Observational
Distance (m)

Expected Average
Distance (m) NNI (R) Z-Value p-Value Spatial

Distribution Type

Overall 612.29 1175.94 0.52 −18.5 0 Clustered

Parks 779.13 1199.82 0.65 −9.15 0 Clustered

Squares 775.17 1346.89 0.58 −10.46 0 Clustered

Waterfront
Spaces 1338.97 1735.60 0.77 −2.3 0.02 Weakly clustered

Leisure Blocks 1766.75 1788.38 0.99 −0.12 0.9 Random

Different types of leisure urban spaces exhibit varying clustering characteristics. Parks
and squares show significant clustering, with Nearest Neighbor Index (NNI) values of 0.65
and 0.58, respectively, and Z-values and a p-value of 0 significantly support this clustering.
These results indicate strategic arrangements in urban planning for these spaces, evidently
influenced by careful landscape design and urban layout. In contrast, waterfront spaces
have an NNI of 0.77, with a Z-value of −2.3 and a p-value of 0.07, displaying a relatively
weak clustering trend, suggesting a distribution close to random but still slightly inclined
towards clustering. Leisure blocks nearly exhibit a random distribution, with an NNI of
0.99, a Z-value of −0.12, and a p-value of 0.9, showing a more uniform distribution pattern
across these spaces.

3.1.2. Standard Deviation Ellipse Analysis

SDE analysis reveals the spatial distribution characteristics and directional trends of
different LUSs within the study area. These spaces are relatively centralized around the
central geographical coordinates but differ in rotation angles and distribution ranges (see
Figure 4). As shown in Table 2, the overall LUSs cover an average area of 545.98 square
kilometers, accounting for 68% of Nanjing’s CUA (802 square kilometers). This indicates
that these spaces are widely distributed in the CUA and are significant in residents’ daily
lives. The standard deviations for the XStdDist and YStdDist are both 0.109, suggesting
a relatively balanced distribution within the CUA of Nanjing, with a clear directional tilt
from southeast to northwest at 132.43 degrees.
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Table 2. Results of standard deviation ellipse analysis.

Area (Km2) Center X Center Y XStdDist YStdDist Rotation

Overall 545.9836 118.7848 32.0595 0.1093 0.1087 132.4345

Parks 614.4414 118.7989 32.0667 0.1233 0.1084 65.9951

Squares 485.4175 118.7855 32. 0588 0.097 0.109 159.8054

Waterfront Spaces 242.0485 118.7483 32.0497 0.0638 0.0826 23.8854

Leisure Blocks 275.7554 118.7836 32.0251 0.0439 0.1369 144.099

LUSs show significant clustering, primarily concentrated in the Jiangnan region’s
Gulou, Xuanwu, Jianye, Qinhuai, and Yuhuatai districts. The centroids of all types of LUS
are located in the Jiangnan region, demonstrating a commonality in their layout, being
close to the main urban functional areas and densely populated districts. The analysis
results further reveal the distribution characteristics and directional trends of different
types of LUS in Nanjing. Parks occupy the largest area, at 614.44 square kilometers, slightly
above the city’s overall average, with a rotation angle of 65.99 degrees, suggesting an
east–west orientation. The standard deviation ellipse area for squares is 485.42 square
kilometers, with a central position (X: 118.79, Y: 32.06) consistent with the overall level and
a rotation angle of 159.81 degrees tilting northwest, possibly reflecting its integration with
the urban structure. Waterfront spaces are relatively concentrated, covering 242.05 square
kilometers, distributed along a north–south direction (rotation angle of 23.89 degrees),
consistent with the linear characteristics of water bodies. The distribution of leisure blocks
is the most concentrated, covering an area of 275.76 square kilometers, primarily along a
southeast–northwest direction (rotation angle of 144.10 degrees), with the center located at
the southernmost point (X: 118.78, Y: 32.03).

Parks and squares in Nanjing’s CUA cover large areas with notable directionality,
indicating their strategic deployment in urban planning to fulfil residents’ daily leisure
needs. Waterfront spaces, though smaller, are strategically placed along the city’s water-
ways, highlighting the influence of water resources on leisure space planning. Leisure
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blocks are highly concentrated and serve as commercial and entertainment hubs, effectively
generating a clustering effect. Despite the overall uniform distribution of LUSs in the
central district, the limited range of waterfront spaces and leisure blocks suggests potential
for future expansion.

3.1.3. Kernel Density Distribution

KDE analysis provides a clearer representation of the unit density of elements within
their surrounding neighborhoods. As seen in Figure 5, the CUA of Nanjing exhibits
distinct spatial characteristics in the distribution of LUS, presenting a “one core, multiple
points” pattern. LUSs are densely distributed and exhibit strong spatial continuity at the
intersection of the Gulou, Qinhuai, and Xuanwu districts within the Old City Area (OCA),
forming the most densely clustered area in large groups, with wide-ranging, high-density,
and strong continuity spreading outward. Beyond this high-density cluster, other areas also
feature smaller clustered centers, such as the Luhe district in the northeast and the Qixia
district in the southeast. Some new urban areas, such as the Jianye, Pukou, and Jiangning
districts, show lower sprawl and diffusion density.

Parks are primarily concentrated in the OCA and the urban new areas in the northeast,
mainly consisting of two connected high-density cores represented by the Qinhuai and
Yuhuatai districts and a high-density core in the Jiangning district to the northeast, forming
three similarly sized clustered centers. In the OCA, parks are densely distributed, providing
convenient leisure spots despite their smaller size. The southern Yuhuatai district has
many parks with larger areas, forming a significant leisure green network. In the eastern
Qixia, southeastern Jiangning, and northwestern Pukou districts, parks are more sparsely
distributed but offer expansive outdoor activity spaces. The northern Luhe and Pukou
districts have fewer parks, but these open areas are generally suitable for park development.
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Squares are mainly concentrated in the core areas of the OCA and the northern
new urban districts. At the intersection of the Gulou, Qinhuai, and Xuanwu districts
within the OCA, squares are densely distributed, often in commercial areas and key nodes,
providing convenient social and leisure places. In the south (Jianye, Yuhuatai, and Jiangning
districts), squares are widely distributed, with new development projects’ squares fostering
community interaction. There are fewer squares in the east and north (Qixia and Liuhe
districts), but they cover larger areas that support community activities. In the western
Pukou district, square distribution is sparse but still provides important public spaces
at key locations. The distribution of squares is focused on core areas, with a significant
presence in both old and new urban districts, reflecting their importance in urban public
life, similar to the distribution characteristics of parks.

Waterfront spaces form distinct clusters in areas adjacent to the Yangtze River and
Qinhuai River water bodies, consisting of a large cluster center in the middle of the Yangtze,
two smaller centers, and a small cluster center along the Qinhuai River. Waterfront spaces
are densely distributed in the Jiangnan region’s Gulou, Jianye, and Yuhuatai districts,
offering a wealth of water-based activities and leisure places. In the western Pukou
district, waterfront spaces along the north bank of the Yangtze provide unique waterfront
landscapes and recreational opportunities. In the eastern and southern new development
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areas, such as the Qixia, Jiangning, and Liuhe districts, waterfront spaces are relatively
sparse but still provide important leisure resources at some key locations.

Leisure blocks are primarily concentrated in the OCA, particularly in the Gulou and
Qinhuai districts, often in commercially bustling areas. These areas serve as primary venues
for leisure and entertainment, offering diverse social and cultural activities. A few leisure
blocks exist in the Jianye, Xuanwu, and Pukou districts, with almost no supply in other
areas. Overall, the siting of leisure blocks is similar to squares, concentrated in areas of
frequent commercial and social activities, but their distribution is more focused, and there
is very little supply in newly developed areas.

3.2. Correlation between the Distribution of Leisure Urban Spaces and the Intensity of
Population Activity

To enhance readability and provide additional data supporting our research findings,
Figures 6 and 7 set the stage for our analysis by mapping the distribution of LUSs and
PAI across urban grids. Figure 6 visualizes the concentration of LUSs, providing a spatial
context for understanding the areas with high leisure potential. Complementing this,
Figure 7 depicts the PAI in these grids, using color gradients to indicate varying activity
levels. This visual foundation illustrates the geographic dynamics and directly supports
our regression analysis results.
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The regression analysis results (Table 3) indicate a significant correlation between
leisure urban spaces and the PAI. The adjusted R-squared values range from 0.106 to 0.523,
with all models displaying high statistical significance, as evidenced by F-statistics ranging
from 0.000 to 0.005. Leisure blocks consistently show a significant positive impact at all
time points, underscoring their central role in enhancing the intensity of urban population
activities. Conversely, waterfront areas generally exhibit a negative impact, and parks
also show negative correlations during certain periods, aligning with residents’ patterns
of work and recreation during the day and rest in the evening. However, the impact of
squares is statistically insignificant, suggesting their limited influence on the PAI.

Table 3. Results of multiple linear regression.

Workday 6:00 10:00 15:00 19:00 21:00

Overall 42.183 *** 78.741 *** 64.289 ***
Parks −54.468 ** −26.308 *

Squares
Waterfront Spaces −22.026 *** −61.777 ** −70.212 ** −70.398 ** −78.694 **

Leisure Blocks 25.176 *** 71.621 *** 111.947 *** 217.578 *** 169.428 ***
R2 0.203 0.142 0.25 0.455 0.511

Adj. R2 0.169 0.106 0.218 0.432 0.491
F 6.05 3.921 7.896 19.819 24.828

Sig. 0.000 0.005 0.000 0.000 0.000

Weekend 6:00 10:00 15:00 19:00 21:00

Overall 27.577 ** 51.439 *** 78.741 *** 106.303 ***
Parks −54.468 ** −57.155 *

Squares
Waterfront Spaces −15.583 * −60.389 ** −69.652 ** −70.398 ** −99.07 **

Leisure Blocks 21.935 *** 86.784 *** 125.127 *** 217.578 *** 264.931 ***
R2 0.147 0.186 0.275 0.455 0.523

Adj. R2 0.111 0.151 0.245 0.432 0.503
F 4.088 3.921 5.419 9.016 26.086

Sig. 0.004 0.005 0.001 0.000 0.000

***, **, * represent significance levels of 1%, 5%, and 10%, respectively.
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On weekday, the PAI is significantly positively influenced by the overall LUS starting
from 15:00, marking residents’ transition from daily work to leisure and social activities.
Waterfront spaces and leisure blocks are the primary spaces influencing daytime activities,
with leisure blocks showing a continuous positive effect and waterfront areas displaying the
opposite trend. The impact of both increases over time, reflecting the changing reliance on
and activity patterns within these spaces throughout the day. Around dinner time (approxi-
mately 19:00), the significant negative impact of parks may be related to environmental and
safety factors, but by 21:00, this effect lessens, likely due to residents choosing to visit parks
for walks and other routine leisure activities after completing evening family activities.

The situation on weekends is similar to weekdays but with notable differences. From
10:00, the overall space significantly influences the PAI, indicating an increase in leisure
activities starting in the morning. This change shows that weekend residents are more
flexible in choosing the timing of their leisure and social activities. Especially by 21:00, the
positive effects of overall space and leisure blocks and the negative impact of waterfront
areas are more pronounced than on weekdays. These findings suggest that urban residents
have a higher intensity and participation in leisure activities on weekends compared to
weekdays, emphasizing the flexibility of weekend time management and the importance
of urban planning in adapting to residents’ needs.

4. Discussion
4.1. Clustering Trends and Distribution Patterns of Leisure Urban Spaces

Through a holistic analysis, this study demonstrates that Nanjing’s LUSs exhibit a
pattern of central clustering with sparse peripheries, indicating meticulous urban planning
to optimize spaces for residents’ leisure and social activities. This pattern confirms the
significant core–periphery structure of urban leisure resource distribution highlighted in
prior studies [12,13].

NNI analysis shows significant clustering tendencies for parks and squares in the
city center, reflecting an urban planning focus on enhancing residents’ quality of life. This
aligns with the suggestion that the vitality of these spaces is crucial for urban vitality [4].
The analysis suggests that parks and squares, as essential components of urban leisure, are
well situated in densely populated areas, while waterfront spaces and leisure blocks show
potential for expansion due to their limited range.
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SDE analysis reveals a strategic distribution of these spaces along the southeast-
to-northwest trajectory, likely influenced by Nanjing’s topography and historical urban
expansion. This orientation is intended to maximize leisure space coverage and accessibility,
leveraging natural geography and existing urban structures [12]. Different periods and
cities show varied trends in leisure space orientation, influenced by multiple factors,
including natural and socioeconomic conditions, exemplified by Beijing’s leisure industry
trend “northeast-southwest” [35].

KDE analysis identifies a “one core, multiple points” distribution of LUSs in Nan-
jing’s central district, particularly prominent at the intersections of the Gulou, Qinhuai,
and Xuanwu districts. This pattern shows a high density and continuity of LUSs, with
parks and squares predominantly located in these core areas, highlighting a strategic bal-
ance between established and developing parts of the city. In contrast, waterfront spaces
adjacent to natural water bodies show limited clustering and coverage. Many of these
areas, previously underutilized or industrial, have been transformed into active sites for
commerce and recreation, underlining the importance of urban waterfront development
in city planning [50]. Leisure blocks are randomly distributed, typically along historical,
cultural streets, integrating into commercial and cultural hubs. However, detailed research
into the spatial characteristics of leisure blocks is scarce, suggesting a need for focused
studies on these areas [51].

However, this distribution may also lead to resource concentration, with relatively
lacking facilities in newly developed surrounding areas. Therefore, urban planning needs
to focus on the equitable distribution of leisure resources to avoid the “core-periphery”
differentiation of city services, ensuring that all residents can fairly enjoy high-quality
leisure and social facilities.

4.2. Impact of Leisure Urban Space Configuration on Residents’ Activity Patterns

This study highlights the significant role these LUS play in shaping everyday behav-
ioral patterns. The findings indicate that the activity levels of different spaces vary with
time and location, with notably higher activity on weekends compared to weekdays, a
phenomenon supported by the literature [28,41]. Leisure blocks, especially those in bustling
old city areas, demonstrate significant activity intensity regardless of the day of the week
due to their concentrated commercial functions and prime locations. Conversely, parks
show decreased activity around dinner time (7 p.m.), reflecting a preference for post-dinner
walks and other leisure activities, aligning with findings from previous research [52]. How-
ever, squares do not exhibit statistically significant impacts, possibly indicating their design
or functionality limitations or an underactivation of their sociocultural roles. Additionally,
waterfront spaces often display limited appeal in attracting residents and tourists due to
their remote locations. Additionally, the distance and accessibility of leisure urban spaces
(LUSs) like parks and waterfront spaces are critical factors affecting visitor utilization, as
suggested by other studies [53,54]. These insights underscore the importance of enhancing
accessibility in urban planning to increase the frequency of space usage and public satisfac-
tion. Urban planners should consider different LUSs’ activity patterns and spatiotemporal
variations to optimize functionality and safety.

While the analysis of the correlation between the spatial distribution of LUSs and
the PAI can reveal specific patterns of residents’ leisure behaviors, this paper argues
that the interaction between LUS spatial configurations and residents’ leisure behaviors
and social interactions is far more complex than what is superficially observed. This
complexity is likely driven by urban social determinants that shape residents’ access to
LUSs and profoundly determine the usage patterns of these spaces [55]. As a critical
metric for measuring urban accessibility, real estate prices directly affect the geographic
distribution of leisure spaces and the structure of communities. Real estate prices may not
only determine the geographical locations of leisure spaces but also shape the structure
and dynamics of surrounding communities, thereby indirectly influencing the social value
and functional realization of these spaces [56]. Surrounding environmental factors, such
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as recreational facilities and commercial services, significantly affect population activity
patterns, increase footfall, and sometimes even alter surrounding areas’ social structure
and economic activities [4]. Climatic conditions, especially microclimate and outdoor
thermal comfort, significantly affect the use of LUS and the distribution of populations.
Favorable climatic conditions can significantly enhance the frequency of outdoor activities
and strengthen community interactions [57]. Therefore, future research needs to explore
and validate the comprehensive impact and mechanisms of various environmental and
social factors on the distribution and use of LUS further.

4.3. Limitations

While this study provides detailed insights into the distribution characteristics of LUSs
in the CUA of Nanjing and their relationship with PAI, it also encounters several limitations.
Firstly, the focus on Nanjing’s CUA may restrict the broader applicability of the findings, as
other cities or regions within Nanjing might exhibit different leisure space distributions and
activity patterns. Secondly, the types of LUS covered are limited, including primarily parks,
squares, waterfront spaces, and leisure blocks, and do not encompass other types of leisure
spaces, such as gardens or art spaces that might be prevalent in other urban or regional
contexts. Moreover, although the study includes data on population activities during the
weekday and weekend, it does not account for seasonal variations or special holidays,
which could significantly impact population activity levels. Additionally, the correlation
analysis reveals general urban leisure activity trends and does not delve into specific
patterns and distributions. Finally, the population in these spaces may not comprehensively
represent the entire city’s demographic. Mainly, these high-quality spaces often attract
residents with specific socioeconomic characteristics, which may limit the generalizability
of conclusions, as the results might be biased towards middle- and high-income groups
that frequently visit these leisure facilities.

To enhance the breadth and depth of future research, studies should expand the scope
to include comparative analyses across different types of LUS and examine how seasonal
changes affect the usage of spaces and the PAI. Integrating urban climate models, especially
microscale building resolution models like PALM, ENVI-met, and MITRAS, is recom-
mended. These models precisely document the impacts of microclimatic variations and
outdoor thermal comfort on LUS at various times. They are instrumental in identifying and
mitigating urban heat island effects, optimizing climate change adaptation measures, and
providing robust empirical data for urban planning and adaptive strategies [58]. Research
should also refine the categorization of LUSs based on regional characteristics to compre-
hensively assess their contributions to urban quality of life. Furthermore, future studies
should employ more sophisticated data analysis techniques to deepen the understanding
of leisure activity patterns and identify activity hotspots in specific areas. Future research
should include a broader demographic sample, particularly those from low-income and less
frequent users of these facilities, to provide a more comprehensive and inclusive assessment
of urban leisure space use. In light of the discussion above, further validating the impact
and mechanisms of various environmental and social factors on the distribution and use of
LUS is necessary.

4.4. Urban Planning Recommendations

Based on an in-depth analysis of the distribution characteristics of LUS in Nanjing’s
Central Urban Area (CUA), the study proposes targeted recommendations to enhance
urban leisure environments: (1) Develop a Balanced Urban Leisure Network: Prioritize
easy access to LUS within walking distance across all neighborhoods, especially targeting
underserved peripheries and newly developed areas. Establish a diversified leisure system
responsive to local population density and needs. (2) Optimize Park Functionality and Dis-
tribution: Increase green space availability in densely populated districts by constructing
small parks and micro-green areas. In less dense areas like Pukou, Liuhe, and Jiangning,
develop larger parks to meet growing leisure demands. (3) Enhance Squares for Social and
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Cultural Interaction: Establish new squares in high-need areas such as Pukou and Qixia to
improve leisure space distribution and accessibility. Promote cultural activities and public
interactions in existing squares, transforming them into vibrant urban cultural exchange
hubs. (4) Enhance the Attractiveness and Functionality of Waterfront Areas: Transform
underutilized waterfront areas along the Yangtze River in the Jiangbeweand Qinhuai River
into accessible public spaces. Restore historical waterways and construct cultural facilities
to enhance these areas’ cultural heritage and recreational appeal. Strengthen connectivity
between waterfront spaces to enrich the city’s overall functional layout. (5) Develop Re-
gionally Distinctive Leisure Blocks: Develop culturally unique leisure blocks in the Luhe
district in Jiangbei and the Qixia and Yuhuatai districts in Jiangnan, blending historical and
modern design elements to enhance regional distinctiveness. These strategies aim to create
inclusive, functional, and attractive leisure environments, fostering enhanced quality of life
and greater social interaction among residents of Nanjing.

5. Conclusions

This study conducted an in-depth analysis of the distribution of LUSs in the Central
Urban Area of Nanjing and their impact on PAI, revealing these spaces’ clustering trends
and spatial characteristics and how they influence residents’ daily life patterns. By integrat-
ing POI and AOI data, this study accurately captured the locations of various types of LUS
and used Baidu heat map data to analyze PAI thoroughly. The study employed nearest
neighbor analysis, standard deviation ellipse analysis, and kernel density estimation and
further explored the impact of LUS on PAI through multiple linear regression analysis.

The results show that parks and squares in the CUA of Nanjing exhibit strong clus-
tering tendencies, while waterfront spaces show relatively weak clustering and leisure
blocks tend to be randomly distributed, reflecting strategic planning for different LUSs.
Standard deviation ellipse analysis reveals that LUSs in the CUA of Nanjing are relatively
concentrated and exhibit a clear southeast-to-northwest direction of clustering expansion,
with parks having the largest spatial distribution and widest service range, centered approx-
imately in the old town area. Kernel density analysis indicates that the spatial distribution
pattern of LUS in Nanjing’s CUA displays a “one core, multiple points” layout, with the
intersection of the Gulou, Qinhuai, and Xuanwu districts as the major core, gradually
expanding outward. The distribution of different spaces includes parks forming three
dense cores, squares concentrated in the city center and northern new districts, waterfront
spaces distributed along major water bodies forming a large central cluster and several
smaller clusters, and leisure blocks mainly concentrated in the bustling commercial areas
of the old town.

Furthermore, the study revealed the pivotal role of LUS in influencing residents’ daily
activity patterns and demonstrated how activity intensity varies over time. Leisure blocks
in the city center exhibit high activity levels on weekends and weekdays, while the activity
in parks decreases during dinner time, reflecting a trend towards evening leisure activities.
In contrast, squares’ social and cultural functions seem not to be fully activated, and their
impact is less significant than expected. Additionally, the attractiveness of waterfront
spaces is lower due to their remote locations.

These findings reveal the patterns of residents’ daily leisure activities and provide
empirical support for the future planning of leisure spaces in Nanjing. The study shows
urban planners how to effectively configure leisure spaces to enhance the region’s cultural
vitality and resource efficiency, thereby significantly improving urban living quality and
residents’ well-being. Additionally, the research emphasizes the importance of considering
spatiotemporal patterns in the design of leisure spaces and suggests that future studies
explore the usage patterns of leisure urban spaces in different cultural and climatic contexts
and their potential health impacts.
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