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Abstract: Exploring the spatiotemporal characteristics of park visitors and the “push and pull” factors
that shape this mobility is critical to designing and managing urban parks to meet the demands
of rapid urbanization. In this paper, 56 parks in Shenzhen were studied in 2019. First, cell phone
signaling data were used to extract information on visitors’ departure locations and destination
parks. Second, the bivariate Moran’s I and bivariate local Moran’s I (BiLISA) methods were used to
identify the statistical correlation between the factors of the built environment and the park recreation
trips. Finally, linear regression models were constructed to quantify the factors influencing the
attractiveness of the park. Our study showed the following: (1) Recreation visitors at large parks
varied significantly among population subgroups. Compared with younger adults, teenagers and
older adults traveled lower distances and made fewer trips, and in particular, older adults of different
genders differed significantly in park participation. (2) Recreational trips in large parks were related
to the functional layout of the built environment around their residence. In areas with rich urban
functions (e.g., southern Shenzhen), trips to large parks for leisure are more aggregated. (3) The
findings reinforce the evidence that remote sensing data for urban vegetation can be an effective
factor in characterizing park attractiveness, but the explanatory power of different vegetation data
varies widely. Our study integrated the complementary human activity and remote sensing data
to provide a more comprehensive understanding of urban park use and preferences. This will be
important for future park planning.

Keywords: urban green space; recreation and leisure; urban travel; cell phone data; bivariate
Moran’s I; bivariate local Moran’s I (BiLISA)

1. Introduction

Urban parks are natural and artificial spaces with green potential in urban areas. They
not only provide recreational services for residents, but also serve as important urban
infrastructure for maintaining ecological balance and achieving sustainable urban devel-
opment [1,2]. With accelerated urbanization and rapid population expansion, most urban
outdoor spaces are crowded by high-rise buildings and dense road networks, which makes
urban parks a major place for recreational activities. Exploring the spatial and temporal
characteristics of recreation and leisure trips to parks and parks’ spatial connections with
the built environment can provide a scientific basis for the planning and design of parks
and policy-making on land use in the future. However, the relationship between park recre-
ation and leisure trips and the urban environment has not been sufficiently investigated in
Chinese cities [3].

Previous research on parks has focused on the urban ecological benefits from a land-
scape gardening perspective. In recent years, studies have gradually shifted to balance
urban ecosystems and social welfare. Most studies have focused on community gardens,
neighborhood parks, and street gardens [4–7] because of their walkability, abundance of
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recreational and sports facilities, and closeness to the elderly and children. For example,
in Australia, it has been found that most users of small parks come from within a 500 m
radius of the park [8]. In China, although the service radius of parks is not specified in
the Standard for the Classification of Urban Green Space (CJJ/T85-2017) [9], some cities
have park plans with 500 m as the service radius of parks to facilitate the travel of the
surrounding residents. A recent study found that the actual service radius of large parks
does not match, or far exceeds, the expected service radius planned by the government [10].
The reason for this was that travel distance is often less important for visitors who prefer
large parks with specific facilities [11,12]. In addition, larger parks are considered to offer
more ecological benefits, as well as more diverse and enjoyable outdoor activities than
smaller community parks that are frequently used by surrounding residents [13]. Therefore,
it is essential to investigate the usage characteristics of large urban parks from the actual
recreational trips of visitors.

Spatial disparity in parks is common in many cities [14–16]. In Wuhan, China, the
accessibility of park green spaces showed spatial polarization, with most of the under-
served areas distributed in the eastern and southwestern parts of the city center [14]. In
Fuzhou, China, the spatial distribution of effective park area presented a clear and notably
decreasing trend from the urban center to its periphery [15]. The research results from
Harbin showed that the supply of small parks is severely insufficient and the distribution
of comprehensive parks is too concentrated [16]. Previous studies also have found that the
supply of green space varies by race [4,17], gender, and age [18–20]. This, in turn, can affect
the accessibility and balanced distribution of people’s park visits [19]. Accordingly, urban
planning has placed great emphasis on the spatial analysis of the efficiency of use and
serviceability provided by parks [21–23]. However, most studies have focused only on the
neighborhood environment of parks and their differential characteristics, whereas fewer
studies have examined long-distance large park visits and their spatial heterogeneity with
the built environment [24]. Measuring the empirical relationship between park recreation
trips and the built environment can provide a way to evaluate policies that stimulate or
promote these factors and help improve our understanding of how to create enjoyable
and healthy parks. A growing body of research has concluded that in addition to the
socioeconomic attributes of individuals, park recreation trips are heavily influenced by
their travel behavior and the surrounding built environment, such as population density,
land-use diversity, and infrastructure availability [3,7,10]. However, there is still limited
empirical evidence exploring the relationship between large parks and these factors. In
most studies of environmental influences, researchers have used neighborhood-level char-
acteristics (e.g., surrounding population density, the number of nearby bus stops, and the
number of nearby commercial services) and park attributes (e.g., the number of facilities,
internal accessibility) to examine the impact on park visitation [10,22,25,26]. In recent
years, with the promotion of green and sustainable concepts, there has been a growing
concern about ecological quality. From the existing studies, the ecological factors of parks
such as vegetation were often analyzed as aesthetic features of parks [27], whereas studies
on the correlation between vegetation quality and park visitation are still lacking [28,29].
In addition, from a provider’s perspective, recreation agencies require multiscale infor-
mation to determine the location of facilities [24]. Research methods typically analyze
urban built environment factors around parks at a fixed scale (e.g., 800 m [10]), whereas
the evidence-based multiscale characterization of built environment factors around parks
is scarce.

Traditional research methods for investigating park recreation tend to obtain data
through surveys or observations, but their small and time-consuming sample sizes do not
provide much information for park management at the city or regional level [30]. The
recent boom in the use of geolocated social media (GSM) has created new ways to measure
the characteristics of park visitation, such as geospatial data from Flickr photo-sharing
sites [25,31], Gaode Maps [32], and other social media [33]. Weibo is one of the most used
social media tools in China. Weibo was used in Li’s [34] study to evaluate the use of



Remote Sens. 2022, 14, 499 3 of 21

13,759 parks in 287 cities in China, and they found that the density of the points of interest
(POI) around parks had the most positive influence, whereas the park service area and
landscape shape index (LSI) had a negative influence. Similarly, in Liu’s study [35,36], GSM
data were used to analyze the spatial and temporal patterns of park visitation in central
Shanghai and to measure and compare visitation to different types of parks. Compared
with social media data, cell phone signal data have less group representativeness bias
and higher temporal resolution and are, therefore, more suitable for measuring the usage
patterns of large urban parks. Although multiple data sources have been used in park
visitation studies [33–36], satellite data reflecting the quality of urban vegetation have
rarely appeared in previous studies. They are more often used to analyze the relationship
between resident health and the environment [37,38]. In the field of urban park recreation,
the relationship between environmental status captured by satellite data and park visitation
needs to be further validated.

In order to explore the factors related to the built environment and parks’ surroundings
that can shape recreation mobility to parks, this study was conducted with 56 parks in
Shenzhen in 2019. Combining data from cell phone signals, satellite-captured vegetation
status, building heights, and urban POIs, we first analyzed the spatial and temporal
characteristics of urban park visitation on weekdays, weekends, and holidays. Secondly,
we used geostatistical methods to identify the spatial correlation between elements of the
built environment and urban park trips. Finally, we constructed a set of multiple linear
regression models to quantify the factors affecting park attractiveness, such as the park’s
surroundings, its own conditions, and accessibility. We aimed to identify (1) the differences
in park visitation characteristics between age groups at different times; (2) the spatial
correlation characteristics between built-environment-related factors and recreation trips
to parks; and (3) the factors of the parks’ surroundings that contribute significantly to
park visitation.

The rest of the paper is organized as follows. Section 2 describes the study area and
dataset. Section 3 describes the methods for extracting the locations of park visitors and
the methods for analyzing the relationship that recreation trips to parks have with the
built environment and the parks’ surrounding elements. Section 4 shows the experimental
results. Section 5 discusses the data results. Section 6 presents our conclusions.

2. Study Area and Datasets

Shenzhen is located in the south of Guangdong, China, and is the core city of the
Guangdong–Hong Kong–Macao Greater Bay Area. It is a city built in parks. From the five
parks that were built at the beginning of the Reform and Opening-Up, this city has a total
park area of 31,466.43 hectares today, with a coverage rate of 90.87% in a 500 m service
radius. These parks constitute the natural ecosystem in Shenzhen. The park classification
system of Shenzhen in 2020 divides them into three categories: urban parks, natural parks,
and community parks [39]. Considering the positioning accuracy of the cell phone signal
data used in this study, a total of 56 parks with a high matching degree between park size
and the service coverage of the cell phone base station and which are known to residents
were selected for this study (Figure 1, Appendix A Table A1). In the selected parks, the
largest number belonged to urban parks, accounting for 48, whereas there were 9 nature
parks. Community parks were not included in this study because of their small size.
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Figure 1. Distribution of parks in the study area. The numbers represent the selected parks listed in 
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in the map. 
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adults) 
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Male >60 4136 4782 4375 
Female >55 8642 9979 8830 

To understand characteristics of the built environment that influence park recreation 
trips, the following data were used in this study: (1) Park data. We selected 56 large urban 
and natural parks and manually mapped the boundary of each park with the help of 
Gaode Maps and Google Images. (2) The cell phone signal data were processed indirectly 
by the API interface provided by China Mobile Communications Group Shenzhen Co., 
Ltd. This dataset contained activity records of all cell phones in the Shenzhen municipal 
area from 1 October 2019 to 31 October 2019. According to the statistical calculation 
method provided by China Mobile Communications Group, there were a total of 410 
million cell phone records. (3) Point of interest (POI) data [41] were captured from the 

Figure 1. Distribution of parks in the study area. The numbers represent the selected parks listed in
Table 1. City boundary data are from RESDC [40]. For clarity, Dapeng District is not fully included in
the map.

Table 1. Average number of daily trips in three time periods for different age groups (persons/day).

Group Gender Age Workday Weekend National Day

Group 1
(teenagers)

Male 7–18 4379 5224 5688
Female 7–18 3263 4222 4434

Group 2
(younger adults)

Male 19–60 163,334 182,741 159,278
Female 19–55 122,416 146,228 125,185

Group 3
(older adults)

Male >60 4136 4782 4375
Female >55 8642 9979 8830

To understand characteristics of the built environment that influence park recreation
trips, the following data were used in this study: (1) Park data. We selected 56 large urban
and natural parks and manually mapped the boundary of each park with the help of Gaode
Maps and Google Images. (2) The cell phone signal data were processed indirectly by
the API interface provided by China Mobile Communications Group Shenzhen Co., Ltd.
This dataset contained activity records of all cell phones in the Shenzhen municipal area
from 1 October 2019 to 31 October 2019. According to the statistical calculation method
provided by China Mobile Communications Group, there were a total of 410 million cell
phone records. (3) Point of interest (POI) data [41] were captured from the Gaode Maps
open API interface [42] and converted to the WGS-84 coordinate system. There were
1.4 million records of POI data, covering 23 categories such as public facilities, companies,
and businesses. The 23 categories were combined into 11 categories based on possible
influences on park recreation trips, namely catering services (CS); corporate and enterprise
services (CES); shopping services (SS); transportation facilities (TF); financial and insurance
services (FIS); science, education, and culture services (SECS); residential housing (RH);
living services (LS); sports and leisure services (SLS); health care services (HCS); and
accommodation services (AS). (4) Electronic map and administrative boundary data. Road
networks were downloaded from the Open Street Map website for 2019, and administrative
boundary data from Resource and Environment Science and Data Center (RESDC) for
2015 [40] were used for mapping. (5) Vegetation condition data. Tree height data were
obtained from the Global Land Analysis & Discovery group [43]. Vegetation index data
(Landsat 8 enhanced vegetation index (EVI)) were downloaded from the Chinese Scientific
Data [44] for the same time as the acquisition of cell phone signal data.
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3. Methods

The research methodology of this paper is divided into three steps (as shown in
Figure 2), as follows:

(1) Park visitor identification and residential location extraction
The cell phone signal data were processed through the API interface provided by

China Mobile Communications Shenzhen. To protect the privacy of user data, the study
area was divided into 22,693 grid cells of 250 m × 250 m, and the final aggregate results
obtained through the API were used as the values of each grid cell.
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First, we extracted the dwell points in the cell phone signaling data. A location where a
resident exceeds the dwell time threshold (30 min) at a base station or multiple adjacent base
stations during a trip was taken as a dwell point, and the latitude and longitude location of
the dwell point was derived by the algorithm provided by China Mobile Communications
Group Shenzhen Co., Ltd. Second, park visitors were extracted from the information
provided by the dwell point data. The records that were not present in Shenzhen at night
in one month were excluded to obtain the records of Shenzhen residents. Furthermore,
records of park staff and short stays were removed to obtain results for all park visitors.
Finally, we extracted the residences of park visitors and aggregated the visit characteristics
of each park and the travel characteristics of each grid cell. In cities, parks are not always
equitably distributed. Access to parkland is often based on age and gender, as well as other
axes of difference. However, the criteria for classifying sociodemographic characteristics
are not uniform for different research purposes. For example, Veitch [45] chose women
aged 18–45 and children aged 5–12 to study differences in park characteristics between
urban and rural areas, and Sister [17] used the number of children (aged under 17) as an
index of park demand. Teenagers under the age of 18 have more opportunities to visit
parks after school and on holidays, and older adults have more time to participate in park
recreation after retirement in China. Therefore, we divided the park visitors into three
groups in terms of availability of park recreation participation time (as shown in Table 1).
The first group was males and females under the age of 18. In China, there is a difference in
the retirement age between males and females, so here we used 55 years old for women
and 60 years old for men as the retirement age threshold, and we also used this to divide
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adults into two groups, one for younger adults (Group 2) and the other for older adults
(Group 3). We used the grid cell as the origin (O) of the recreation trips and the parks as the
destination (D) of the trips. Finally, the average daily trips of the three groups for each O–D
pair were counted during weekdays, weekends, and the National Day holiday. Moreover,
we weighted the recreation trip distance of each grid cell to determine the service radius of
each park. The service radius is calculated as follows:

Di =
∑n

j dijxij

∑n
j xij

(1)

where Di is the service radius of the park i, dij is the straight-line distance from the grid cell
i to the park j, xij is the number of recreation trips from the grid cell i to the park j, and n
is the total number of grid cells that have visitors to the park i. In contrast to the service
radius of a park specified at the time of planning, the service radius obtained by weighting
the distance of the O–D pair actually represents the attractiveness of the park for the cell
phone population. To further analyze the spatial aggregation of recreational trips in parks,
we used Getis–Ord Gi* to generate spatial hotspot maps for different age groups in three
time periods.

(2) Spatial correlation between recreation trips to parks and the built environment
The elements of the built environment that affect travel for park recreation activities are

multidimensional and complex, involving land use, road systems, and services. Shenzhen is
one of the most economically developed cities in China, with a small urban area and dense
population, housing, and roads. At the same time, it is located in a subtropical region with
lush vegetation in the city, making it a typical forest city. According to the density, diversity,
and accessibility in the five dimensions of urban design [46], we divided the elements of
the built environment into POI diversity, road density, population density, average building
height, average tree height, and the mean value of EVI. According to the grid division of
the study area, the values of each factor in each grid cell were calculated separately. In
particular, POI diversity is represented by the entropy index, which is calculated as:

EI = ∑ Si × ln(1
/

Si) (2)

where EI is the entropy index of POI, i is the POI type, and Si is the proportion of class i POI
in the grid out of the total number of POIs. The value of EI can reflect the mixing degree of
city functions. The larger the entropy index is, the more balanced the distribution of various
POIs in the city. On the contrary, the POI distribution tends to be regionally specialized.

On the basis of the above parameters, we used the global bivariate Moran’s I to explore
the spatial correlation between park recreation trips and the built environment in each grid
cell. The global bivariate Moran’s I statistic quantifies the spatial correlation between two
variables xl and xk at the same location i and is defined as follows.

Ikl =
ZkWZl

n
(3)

where n is the number of observations, and Zk = [xk − xk]/σk and Zl = [xl − xl ]/σl have
been standardized such that the mean is 0 and the standard deviation equals 1. W is the
row-standardized spatial weight matrix. The value of Ikl is between −1 and 1. Ikl > 0
means the variables are spatially positively correlated; the larger the value, the more
obvious the spatial positive correlation. Ikl < 0 means the variables are spatially negatively
correlated; the smaller the value, the more obvious the spatial negative correlation. Ikl = 0
means the variables are spatially randomly distributed.

The global bivariate Moran’s I does not provide any information on where the clusters
exist. It is likely that the global statistics wrongly show that there is no relationship among
the data, although there might be a strong correlation in different parts of the study area.
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The bivariate local Moran’s I (BiLISA) provides a measure of association for each grid cell
and helps to identify the type of spatial correlation. The BiLISA can be defined as follows:

Ii
kl = Zi

k ∑
j

wijZ
j
l (4)

This statistic indicates the degree of linear association (positive or negative) between
the value of one variable at a particular location i and the mean of another variable at a
neighboring location (e.g., js). The result of BiLISA is a map representing the positive spatial
cluster pattern (high–high or low–low cluster) and the negative spatial correlation or spatial
outliers (high–low or low–high cluster) for the two variables, respectively. The global
bivariate Moran’s I and BiLISA in this paper were conducted by GeoDa [47] software.

(3) Factors affecting the attractiveness of the park’s surroundings
The functional clustering and behavioral perceptions of a specific location [48] in-

fluence the activity patterns of residents, which are usually expressed as the recreational
attractiveness of the park to residents, and are important criteria for measuring park quality.
In addition to the park’s own facility elements, the type of services, road density, vegeta-
tion, and other features in its vicinity can also facilitate or constrain residents’ recreational
activities and affect the duration of activities and the comfort of the experience. For this
reason, we constructed multiple regression models using the average daily number of park
visitors as the dependent variable and park environmental elements as the independent
variables to measure the influence of each element on the number of park visitors. The
parks’ environmental elements include three categories: the quality of the park’s vegetation,
the richness of the surrounding facilities, and the road network density. The average tree
height and EVI index are used to represent the ecological quality of the park. The road
network density is used to represent the potential for travel to the park. The buffer zones of
the park were set to 200, 400, 600, 800, and 1000 m, and the number of various POIs in the
buffer zone is used to represent the richness of the surrounding facilities and to facilitate
the subsequent exploration of the specific impact range of various facilities around parks.
Finally, 58 variables were selected (as listed in Appendix A Table A2).

Multiple regression analysis was used to explore the correlation between elements
of the surrounding environment and participation in recreational activities in large parks
and to identify potential influencing factors and their magnitude. Stepwise regression
analysis is a special form of multiple regression analysis. It is based on the principle of
eliminating variables that do not have a significant effect on the dependent variable and
introducing only those variables that have a significant effect on the dependent variable
into the regression model, thus obtaining the best explanatory model. The general form of
multiple regression analysis is

y = β0 + β1x1 + β2x2 + · · ·+ βmxm + ε (5)

where y is the dependent variable, xi is the independent variable, βi is the correlation
coefficient of the corresponding independent variable, and ε is the random error term in
the regression model.

4. Results
4.1. Spatial and Temporal Characteristics of Park Visitation
4.1.1. Characteristics of Recreation Trips to Parks

As can be seen in Table 1, this group had fewer park visits on weekdays and had the
highest park visits on the National Day holiday. More males in this group participated in
park recreation compared to females. In Group 2, there was a significant difference in the
number of males and females visiting parks. In contrast to Group 1, weekends were the
preferred recreation time for Group 2. In particular, the National Day holiday is a special
time for travel and recreation activities in China, but surprisingly Group 2 made fewer
recreation trips during this period than on weekdays. Group 3 is older adults. During
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the three time periods, almost twice as many elderly females as males visited. As can be
summarized from Table 1, during the three time periods for which cell phone signal data
were collected, teenagers made fewer recreation trips to parks, younger adults accounted
for the largest proportion of recreation trips, and older females preferred park recreation
activities compared to older males.

The spatial travel hotspots were quite similar for each time period and age group
(as shown in Figure 3). The areas with higher park visits for each group in different time
periods were mainly distributed in Futian; Luohu; the streets of Nanshan and Nantou in
Nanshan District; and the streets of Xixiang, Xin’an, Fuhai, and Fuyong in Bao’an District.
The difference was that the intensity of travel hotspots for Groups 1 and 3 in Nanshan
and Bao’an districts changes at different times. Groups 2 and 3 were particularly scarce
in travel hotspots in Longgang and Dapeng districts. Only Group 1 had obvious travel
hotspots during weekends and the National Day in Longgang Street and Baolong Street.
The major difference with Groups 1 and 3 was that Group 2 had obvious travel hotspots in
Longhua Street and Bantian Street in all three time periods, whereas the other two groups
were not obvious.

4.1.2. Efficiency of Park Services

Each point in Figure 4 represents the average daily visits and service radius for
56 parks in Shenzhen on weekdays, weekends, and the National Day holiday. To compare
differences in the characteristics of park visits and park service radius (in persons/day,
meters) across age groups and time periods, medians, which are not easily influenced by
extreme values in the data, were used as the average daily visits. Figure 4a–c shows the
daily park visits for the three age groups. The daily visits for males in Group 1 were the
lowest (35.17) on weekdays, whereas the difference between the daily visits for weekends
and the National Day holiday was not significant (41.12 and 40.5, respectively), and the
order of daily visits for females was as follows: the National Day (35.76) > weekends (32.65)
> weekdays (25.38). The order of daily visits of male visitors in Group 2 was as follows:
the National Day (1455.5) > weekends (1408.58) > weekdays (1206.38). On weekdays and
the National Day holiday, they outnumbered the females in the same group, whereas on
weekends the two were closer (1353.56 for females). The daily visits for older males were
lower than those for older females in the three time periods. In terms of the number of
daily visits, Shenzhen’s parks were equally attractive to adolescent males and females,
more attractive to males than females in Group 2, and less attractive to older males than
older females in Group 3. Figure 4d–f shows the park service radius for the three age
groups. The difference in park service radius between the weekdays and weekends was
smaller for males and females in Group 1, and the difference between the service radius
for males (7738.9) and females (6990.23) was larger on the National Day. Compared to
Group 1, the park service radius for males and females in Group 2 differed significantly
more between weekdays and weekends (6060.68 for males and 5196.85 for females on
weekdays and 6813.27 for males and 6063.12 for females on weekends) and less on the
National Day. In Group 3, the service radius for older males and females was similar to the
characteristics in Group 1. Overall, the park service radius in the three groups at different
time periods was in the order of weekdays < weekends < the National Day. The park
service radius for males and females is the largest among the three time periods, and the
shortest is weekdays.
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4.2. Spatial Correlation between Recreation Trips to Parks and the Built Environmental Factors

Table 2 shows the global bivariate Moran’s I (BMI) values between the average daily
park recreation trips and the built environment elements for different age groups during
weekdays, weekends, and the National Day. Overall, each variable showed a positive
correlation with recreation trips to parks and passed the 0.001 significance level test, which
indicated that the spatial correlation was obvious. In the 19–55/60 age range, the BMI
values of male and female recreation trips with population density and POI diversity were
greater than 0.25, indicating that this age range showed a significant correlation with these
two variables. Meanwhile, they showed a significant correlation with the average height
of buildings. Compared with other time periods, the BMI values in this age range with
population density and POI diversity were the smallest during weekdays. The BMI values
with EVI were smaller compared to all variables, with 0.025, 0.015, and 0.001 for weekdays,
weekends, and the National Day, respectively. In the 7–18 age range, the correlations
of recreation trips with each variable were lower and more varied for the three time
periods; for example, the largest correlations were found for road density on weekdays
and weekends, whereas the National Day has the largest correlation with POI diversity.
This age range has an increasing correlation with each variable as the intensity of recreation
trips increases; for example, the BMI values of POI diversity are in the order of weekdays
(0.102) < weekends (0.113) < the National Day (0.120). In the >60/55 age range, recreation
trips to parks for the three time periods reflected high correlations with road density and
EVI, whereas they reflected lower correlations with the average height of buildings.

Table 2. The BMI values between recreation trips to parks and the built environment factors.

Time Period Age Group Age
Range

Average
Building Height

Road
Density

Average
Tree Height EVI Mean Population

Density
POI

Diversity

Workday
Group 1 7–18 0.089 0.113 0.066 0.111 0.072 0.102
Group 2 19–55/60 0.206 0.184 0.036 −0.033 0.264 0.281
Group 3 >60/55 0.075 0.115 0.092 0.133 0.089 0.08

Weekend
Group 1 7–18 0.098 0.129 0.067 0.109 0.090 0.113
Group 2 19–55/60 0.225 0.197 0.033 −0.052 0.294 0.304
Group 3 >60/55 0.082 0.134 0.100 0.128 0.116 0.105

National Day
Group 1 7–18 0.105 0.113 0.068 0.100 0.088 0.120
Group 2 19–55/60 0.229 0.195 0.025 −0.070 0.304 0.311
Group 3 >60/55 0.097 0.135 0.098 0.129 0.130 0.125

To further illustrate the spatial correlations between the number of recreation trips
and built environment variables in each grid cell, three age-group spatial clustering maps
were generated using BiLISA. From the results, the BiLISA spatial clustering maps were
relatively similar for each age group in the three time periods. So here, we illustrated
with the BiLISA spatial clustering map for the National Day (as shown in Figure 5). The
red, light red, blue, and light blue in the figure indicate the high–high (I), high–low (II),
low–low (III), and low–high (IV) spatial clustering characteristics of recreation trips with
built environment variables, respectively. In southern Shenzhen, the three age groups
showed high–high (I) patterns. These places are mainly located in areas with dense parks,
buildings, and business activities, such as Futian and Nanshan districts. Groups 1 and
3 showed a sparser clustering pattern compared to Group 2. From Figure 5g–l, it can
be seen that the recreational clustering with population density, POI diversity, and road
network density of Group 2 showed a low–low (III) clustering pattern in northern and
eastern Shenzhen, whereas a strong high–high (I) clustering pattern existed in southern
Shenzhen. For the average height of buildings, there was a low–low clustering pattern in
the north, a high–high clustering pattern in the south, and a less pronounced clustering
pattern in the east. For the average tree height, the peripheral areas of Shenzhen showed
a low–low clustering, the southern areas had fewer high–high values, and the central
areas of Shenzhen had a clear low–high clustering. For the EVI index, its clustering
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characteristics showed a clear east–west variation. The low–low and high–low values are
obviously clustered in the western part of Shenzhen, and the low–high and high–high
values are obviously clustered in the eastern part of Shenzhen. In general, the spatial
clustering characteristics of Group 1 and Group 3 are sparser (as shown in Figure 5a–f,m–r).
Compared with Group 2, the high–high clustering was more obvious for the elderly in
Group 3, whereas Group 2 showed more obvious low–low clustering, such as the average
tree height and EVI in Figure 5a–f,m–r, with low–low values appearing denser in Group 1
in the east and high–high values appearing denser in Group 3 in the south.

Figure 5. Cont.
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Figure 5. The BiLISA spatial clustering maps of recreation trips to parks with built environment
variables. (a–f) Spatial clustering characteristics of Group 1 with the average building height, road
density, POI diversity, population density, average tree height, and the mean value of EVI. (g–l) Spatial
clustering characteristics of Group 2. (m–r) Spatial clustering characteristics of Group 3.

Figure 6 shows a statistical heat map of the BiLISA results for recreation trips with
each built environment variable for the three age groups. First, the number of grid cells
in the high–high, low–low, low–high, and high–low patterns was calculated from the
clustering maps, and their proportions in the total number of grid cells where recreation
trips occurred were calculated. The horizontal coordinate in Figure 6 indicates the type
of spatial clustering, the vertical coordinate indicates different time periods of the same
variable, and the value indicates the proportion of grid cells in the spatial clustering pattern.
As can be seen from the figure, the main difference between Groups 1 and 3 is that on
weekends, the trips of the elderly are less correlated with the mean building height at
high–high values, whereas the correlation increases at low–high and high–low values.
The difference between Group 2 and Groups 1 and 3 is more obvious. The clustering
characteristics related to the average building height, population density, POI diversity,
and road network density are lower in Group 2 in the three time periods. Overall, the
proportion of low–low clustering is larger in different groups, and the highest dependence
on the average value of building height is evident in Group 2.
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4.3. Factors Affecting the Attractiveness of the Park Surroundings

The 58 variables were screened by stepwise regression and the best models were found
by the least squares method. Table 3 shows the 18 best models for different populations at
the three time periods. The mean of the adjusted R-squared for all best models was 0.6998,
which indicated the goodness of fit of the 18 models. The majority of models were fitted
well except for females aged 7–18 on weekdays and weekends. Upon performing an F-test
on the models, each regression model passed the 0.001 significance level. This indicated
that the variables were effective in explaining the impact on the number of park visits.

In the 7–18 age group, the r2 values for males and females were lowest on weekends
and highest on the National Day. The number of explanatory variables in the best model
differed significantly across the three time periods. The number of explanatory variables for
females was 5, 3, and 7 for weekdays, weekends, and the National Day holiday, respectively,
whereas for males it was 3, 2, and 4, respectively. Especially on weekends, the type of
explanatory variables in the model differed more than the other two periods. Group 2
had the best model fit on weekdays, with little difference in fit between weekends and the
National Day holiday. Of the six models in Group 2, the difference in fit was greater for
females aged 19–60 years on weekdays (r2 = 0.774) and weekends (r2 = 0.666). Group 3
had a good model fit on weekdays, weekends, and the National Day, and the number of
explanatory variables in the model was relatively stable with four variables. Similar to the
other two groups, the model had the highest fit value on weekdays.
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Table 3. The best regression model for each age and gender group.

Workday Weekend National Day

Group 1 2 3 1 2 3 1 2 3

Sex/Age Male
7–18

Female
7–18

Male
19–60

Female
19–55

Male
>60

Female
>55

Male
7–18

Female
7–18

Male
19–60

Female
19–55

Male
>60

Female
>55

Male
7–18

Female
7–18

Male
19–60

Female
19–55

Male >
60

Female
> 55

Adj R2 0.710 0.615 0.760 0.737 0.770 0.799 0.669 0.587 0.655 0.661 0.723 0.719 0.752 0.663 0.676 0.660 0.723 0.718

R2 0.733 0.640 0.774 0.754 0.785 0.812 0.685 0.600 0.666 0.682 0.741 0.737 0.779 0.685 0.691 0.686 0.740 0.736

CS 0.676 5 / / / / / / / / / / / 0.748 5 / / / / /

HCS / / / / / / / / / 0.174 1 / / / / / / / /

SECS −0.739 5 / / / / / / / / / / / −0.887 5 / / / / /

AREA / / 0.563 / / / / / / / / / / 0.423 0.337 / / /

SLS / 0.958 3 / −0.476 5 / / 0.455 2 0.676 2 / / / / 0.235 1 0.428 1 / 0.188 2 / /

LS / / / / −0.214 2 −0.212 2 / / / / / / / / / / / /

SS / / / −0.161 4 / / 0.458 1 −0.170 5 −0.245 3 −0.234 3 −0.371 3 / / −0.272 4 −0.278 3 −0.276 3

EVI / / −0.293 1 / 0.232 5 / 0.514 2 0.517 2 0.392 2 0.345 2 0.210 5 0.199 5 / / / / 0.191 5 0.186 5

THT 0.293 0.368 / 0.234 / 0.196 / / / / / / 0.351 / / 0.250 / /

RD 0.504 1 0.717 1 0.538 1 0.388 1 0.294 1 0.319 1 / / / / 0.260 1 0.607 1 0.749 1 0.567 1 0.473 1 0.227 1 0.245 1

TF 0.693 1 / 0.618 2 0.708 2 0.835 2 0.847 2 / / 0.557 2 0.584 2 0.749 2 0.745 2 0.858 1 0.258 1 0.508 1 0.484 1 0.756 2 0.748 2

Superscript labels 1, 2, 3, 4, and 5 indicate buffer distances of 200, 400, 600, 800, and 1000 m, respectively.
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In terms of the individual explanatory variables, transportation facilities (TF) appeared
in 15 models. They only did not appear in the three models for weekdays and weekends
for 7–18-year-olds. This indicates a significant positive correlation between TF and park
visits, and the correlation is reflected in buffer distances of 200–400 m. The road density
(RD) appeared in 14 models except for Group 1 and Group 2 on weekdays, and the positive
regression weight value was followed only by TF. Moreover, the park visits were strongly
correlated with RD at a park extent of 200 m. The total height of trees (THT) in the park
was positively correlated with males on weekdays, whereas the correlations differed more
at other times and for other age groups. In particular, THT did not appear in the model
on weekends. EVI was more significantly positively correlated with each age group on
weekends, whereas it differed more on weekdays and on the National Day. Particularly,
EVI was negatively correlated with males aged 19–60 on weekdays. The range of EVI
correlations was not consistent; for example, elderly and adult visits were positively
correlated with EVI within 1000 m and 400 m of the park, respectively. SS was negatively
correlated with park visits except for males aged 7–18 years on weekends, and the range of
correlations was large (200–800 m). LS appeared only in the model for males aged 19–60 on
weekdays and was negatively correlated. SLS did not appear in the six models of Group 3
and showed a positive correlation in the other groups except for Group 2 for females
aged 19–55. Park area rarely appeared in the best model. SECS appeared in two models
and showed a negative correlation. Additionally, FHCS and CS, although appearing in a
small number, were positively correlated in several models.

5. Discussion
5.1. Park Visits Are Heterogeneous for Different User Groups

Although previous studies have investigated the role of the attributes of the built
environment (e.g., density and diversity) in shaping the mobility of the general population
(regardless of age) [49–51], they were based on the assumption that citizens most often use
the nearest park [17]. As disposable income increases and transportation improves, urban
residents can easily reach more distant parks for a variety of recreational activities [52].
Therefore, ignoring distant visitors may lead to an underestimation of actual park service
capacity [53]. In addition, findings for the general population may not easily extend
to population subgroups with many unique characteristics [54], such as younger and
older adults. Our spatial correlation results suggested that average building height, road
network density, and the diversity of points of interest were associated with high cluster
characteristics for recreational trips to parks in residential areas. This result was more
pronounced for adults (females aged 19–55 years, males aged 19–60 years). For younger
and older adults, high–high clusters are more pronounced only in some areas, such as
eastern Futian, whereas low–low clusters are more concentrated in the north. Evidence
from previous studies on the relationship between individual recreational activities and
the residential environment is limited and inconsistent. This may be due to the lack of fine-
grained spatial and temporal data, as well as the lack of the subdivision of the population,
resulting in (ignoring the heterogeneous usage patterns of different user groups) the
inability to reveal the contribution of the built environment factors to recreational activities.

The service radius is commonly used to describe the park’s sphere of influence [55]
and ability to serve visitors, with the radius being equal to the maximum desired distance
for visitors to the park [56]. In practice, these are mostly determined by urban planners,
and the designation of the park service radius, as well as its meaning, is not consistent
across countries [53]. Two recent studies used big data methods to overcome the drawbacks
of simply predetermining the service radius of parks [10,53]. The statistical results of the
cell phone signal data showed that the service radius of urban parks in Beijing and Tianjin
varied widely, ranging from 3 to 22 km. From our experimental results, the service radius
of large parks in Shenzhen reflected by cell phone signals was above 5 km. We further
confirmed that there were significant differences in the service radius of parks for different
subpopulations at different time periods, and the service radius of parks for teenagers
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(Group 1) and older adults (Group 3) was smaller than that of younger adults (Group 2).
Furthermore, the service radius of each subpopulation will increase with the availability of
recreational travel opportunities. Our findings also further indicated that park planning
should pay more attention to the spatially variable relationship of recreational trips to
prevent possible imbalance in park allocation among subpopulations.

5.2. Human Activity and Remote Sensing Data Can Work Together to Explain the Attractiveness of
the Park

In previous studies of park recreation impact factors, the types of factors of concern
and the techniques used were diverse. These studies showed that the attractiveness of
urban parks to visitors is the result of a combination of factors in the parks themselves and
their surroundings [37,53]. It has also been confirmed that ecological infrastructure such as
vegetation and water bodies in the park can reflect the attractiveness of the park [37,57].
However, manual survey methods for park vegetation are time-consuming and laborious.
There was also a study that used Google Street View to measure the relationship between
vegetation and mobility [54]. We, therefore, hypothesized that at the appropriate spatial
scale, remote-sensing vegetation data may be an effective factor in characterizing the attrac-
tiveness of the park. This study combined EVI data and tree height data characterizing park
ecology with POI data characterizing human activities and further confirmed that vegeta-
tion factors were reflected in the regression models for several population subgroups. This
indicated that remote-sensing vegetation data can provide valid information for revealing
park attractiveness factors. However, the explanatory power of different vegetation data
varies greatly. Across the 18 models, the sum of tree heights appeared less frequently in the
subpopulation groups than the sum of EVI. In addition, the sum of EVI was weaker in ex-
plaining the attractiveness in regression models for the older adults compared to teenagers
and younger adults. Our observations support that ecology affects various populations to
different degrees. One possible reason for this may be that high naturalness is important
for young people and adults when assessing landscape values, but relatively unimportant
among older adults [58].

Furthermore, the traditional approach to measuring park impacts is to delineate
fixed buffers [10,38,53] at distances ranging from 200 to 1000 m. This approach makes
it difficult to give a reasonable distance value and tends to ignore the heterogeneity of
different impact factors. In this paper, we determined the spatial extent of each factor
by using regression with buffer ranges of 200, 400, 600, 800, and 1000 m. The results
revealed a disproportionate influence of distances for each factor in different population
subgroups by comparing regression models. Policymakers and planners drafting park
plans to improve public visitability should be aware of the effective distances of factors
influencing park attractiveness.

5.3. Limitations and Future Research

In this paper, we took Shenzhen as an example and used cell phone signaling data as
a basis for determining park visits. Compared with traditional park surveys and on-site
statistics, cell phone signaling data can capture detailed information such as the departure
location of park visitors. Moreover, this type of data also suffers from the problem of
under-representation and can only be analyzed to derive the characteristics of park visitors
who use cell phones. In addition, the localization error of cell phone signaling data depends
on the strength of the associated localization algorithm. The data we used were provided by
mobile communication companies with corrected positioning algorithms, which to a certain
extent ensures the reliability of the data quality. Overall, the coverage and granularity of the
data are still relatively high compared to traditional methods such as manual surveys and
video monitoring. There are reliable records of where park visitors leave, when they visit,
etc. Therefore, the obtained results have a high reliability in the population of cell phone
users. In the future, we will continue to track park recreation activity studies with cell phone
signal data and add data sources that can record park visitors, such as social networks. The
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reliability of the analysis of park visitors will be improved by this complementary long
time series of observation data.

6. Conclusions

Parks play an important role in improving urban ecology and meeting the recreational
needs of citizens. Therefore, exploring the spatiotemporal characteristics of park visitors
and the “push–pull” factors that shape this mobility is critical for designing and managing
urban parks. First, information on park visitors’ departure locations and the visited parks
was extracted using cell phone signal data to explore the differential characteristics of
recreation trips to parks for different groups of people. Second, the association between
recreation trips to parks and the urban built environment was examined with the help of
global bivariate Moran’s I and BiLISA using satellite vegetation, building height, and POI
data. Finally, we developed multiple regression models with the number of park visits
as the dependent variable to quantify the constituent factors affecting park attractiveness.
Our study showed the following: (1) Recreation visitors at large parks varied significantly
among population subgroups. Compared with younger adults, teenagers and older adults
traveled smaller distances and made fewer trips, and in particular, older adults of different
genders differed significantly in park participation. (2) Recreational trips in large parks
were related to the functional layout of the built environment around their residence. In
areas with rich urban functions (e.g., southern Shenzhen), trips to large parks for recreation
are more aggregated. (3) The findings reinforce the evidence that remote sensing data
of urban vegetation can be an effective factor in characterizing park attractiveness, but
the explanatory power of different vegetation data varies widely. Therefore, we suggest
that park planning should pay more attention to the spatially changing characteristics of
recreation trips to prevent the imbalance on the park configuration for potential subpopu-
lations and integrate complementary human activity and remote sensing data to ensure
real-time and reliable urban park recreation research and planning to adapt to changing
urbanization trends.
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Appendix A

Table A1. List of selected parks in Shenzhen.

ID Name ID Name

1 Lianhua Mountain Park 30 Honghu Park
2 Jinxiuzhonghua Folk Village 31 Weiling Park
3 Happy Valley 32 Qiushuishan Park
4 Rose Coast 33 Shiyaling Xinyi Sports Park
5 Shenzhen Wild Animal Park 34 Dayun Park

https://lbs.amap.com/api/webservice/guide/api/search
https://lbs.amap.com/api/webservice/guide/api/search
https://www.resdc.cn/
https://glad.umd.edu/dataset/gedi/
http://databank.casearth.cn
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Table A1. Cont.

6 Lizhi Park 35 Longcheng Park

7 Yangtaishan Forest Park 36 Guanlan Shanshui Tian Yuan Tourism
and Culture Park

8 International Garden and Flower Expo 37 Guangming New Town Park
9 Eastern Overseas Chinese Town 38 Tiezai Mountain Park
10 Fenghuangshan Forest Park 39 Baoan Park
11 Wutong Mountain 40 Lingzhi Park
12 Dameisha 41 Xiaonanshan Park
13 Xiaomesha 42 Wen Tianxiang Memorial Park
14 Xianhu Botanical Garden 43 Nanshan Park
15 Guanlan Printmaking Village 44 Pinglun Mountain Park
16 Dutch Flower Town 45 Lixin Lake Park
17 Mangrove Nature Reserve 46 Wangniuting Park
18 Window of the World 47 Sea Field Park
19 Shenzhen Bay Park 48 Qilin Mountain Park
20 Talent Park 49 Pinghu Ecological Park
21 Zhongshan Park 50 Julongsan Ecological Park
22 Lixiang Park 51 Yanziling Ecological Park
23 Dashahe Park 52 Pingshan Central Park
24 Yanhanshan Country Park 53 Baxianling Park
25 Bijia Mountain Park 54 Malushan Country Park
26 Shenzhen Central Park 55 Tanglang Mountain Park
27 Huanggang Park 56 Sihai Park
28 Cuizhu Park
29 Donghu Park

Table A2. The variables for analyzing the attractiveness of the park’s surroundings.

AREA TF RD
Tree Height EVI

SS LS SLS SECS HCS CS AS
Mean Sum Mean Sum

No
buffer

√ √ √

200 m
√ √ √ √ √ √ √ √ √ √ √

400 m
√ √ √ √ √ √ √ √ √ √ √

600 m
√ √ √ √ √ √ √ √ √ √ √

800 m
√ √ √ √ √ √ √ √ √ √ √

1000 m
√ √ √ √ √ √ √ √ √ √ √

Note:
√

indicates the selected variable. The abbreviations in the table are as follows: park area (AREA);
transportation facilities (TF); road density (RD); enhanced vegetation index (EVI); shopping services (SS); living
services (LS); sports and leisure services (SLS); science, education, and culture services (SECS); health care services
(HCS); catering services (CS); and accommodation services (AS).
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