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Abstract: Green areas or parks are the best way to encourage people to take part in physical
exercise. Traditional techniques of researching the attractiveness of green parks, such as surveys and
questionnaires, are naturally time consuming and expensive, with less transferable outcomes and only
site-specific findings. This research provides a factfinding study by means of location-based social
network (LBSN) data to gather spatial and temporal patterns of green park visits in the city center of
Shanghai, China. During the period from July 2014 to June 2017, we examined the spatiotemporal
behavior of visitors in 71 green parks in Shanghai. We conducted an empirical investigation through
kernel density estimation (KDE) and relative difference methods on the effects of green spaces
on public behavior in Shanghai, and our main categories of findings are as follows: (i) check-in
distribution of visitors in different green spaces, (ii) users’ transition based on the hours of a day,
(iii) famous parks in the study area based upon the number of check-ins, and (iv) gender difference
among green park visitors. Furthermore, the purpose of obtaining these outcomes can be utilized in
urban planning of a smart city for green environment according to the preferences of visitors.

Keywords: geospatial visualization; big data; kernel density estimation; green parks; geospatial
knowledge; smart cities

1. Introduction

Urban areas are generally marked by downgraded ecosystems, rising environmental damage,
higher temperature, and a decreasing number of green parks. Urban green spaces (UGS) are important
for improving quality of life in metropolitan areas, balancing thermal comfort with thermal budget [1],
and helping the public heal from the physical and emotional pressures of their daily lives [2]. Green
spaces in an urban environment are vital for improving living conditions by improving air quality and
aesthetics, which eventually lead to higher real-estate values and a reduction in energy use for cooling.
Urban green spaces can also be applied as a cumulative resource for enhancing the sustainability of
urban areas [3]. They also provide children with much-needed space to play, significant for their social,
cognitive, and mental functions [4].

Urban green spaces—in general, parks—offer many advantages to people’s well-being, such
as psychological and social well-being and physical health [5–7]. Visits to green parks provide
an opportunity to experience the extra benefits of “natural” environments directly, especially for
people with limited natural contact. Consequently, quantifying the visits of residents to urban green
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spaces and recognizing the factors that influence their visits are vital for urban park management
and planning. It is important to measure visitation of parks and urban green spaces to recognize
their recreational interests and define the factors that influence them. Visitor polls, on-site counters,
and direct observation are traditional methods for estimating the number of visitors [8,9]. These
methods of organized observation usually pick a representative sample of urban green spaces and
collect information about green park use—for example, visitation numbers and features, activities,
and behavior of green park visitors. However, these approaches are typically time-consuming and
site-specific and, therefore, have restricted spatial coverage [10]. The advent of free social media data
offers new methods of calculating urban green park visits. Data collected from social media and other
“big data” reliable sources grow in size every year and can be utilized to research how the public
interact with actual environments and to accurately assess individual preferences through time and
space [11].

The World Health Organization (WHO) reports on the environment, urban planning, and
health released in 2010–2016 reveals that green spaces can positively affect physical activity, social and
psychological well-being, improve air quality, and reduce the exposure to noise [12,13]. Epidemiological
research has used a wide range of methods to calculate the positive impact of green parks’ accessibility
and availability on health. Due to the ability of urban green spaces to act as an environment
for promoting health, it is essential to summarize available evidence, recognizing, where possible,
the underlying mechanisms that contribute to positive and negative health outcomes of green spaces.
Recent developments in social media analysis based on geographic information systems (GIS) provide
an opportunity to examine spatial and temporal, and even affective dimensions of the behavior of
users, including public spaces and visits to parks [14,15]. However, some of these analyses still have
drawbacks, because only a relatively small number of social media posts are analyzed manually.

The kernel density estimation (KDE) method was used to model geolocation data spatially and
offers an additional particular and comfortable structure for spatial estimation of density. The method
was used for the assessment of environmental attributes—for example, healthcare properties [16],
the diet environment [17], and green space advantages. It boosts access or measuring distance by
transforming point data into something similar to a nonstop surface and allowing the density of
the characteristic to be measured at any point on the map’s surface [18]. In this research, we expected
to examine the effects on visitation rates of users’ check-in behaviors to green spaces. We utilized
a sample of data to research green park-related check-in behaviors, including likes and dislikes, as
a summary of the behavior or preferences of the general public in various activities while using park
resources. Similarly, the aim of the study is to address the following questions: (i) Is using the social
media network dataset feasible for this kind of environmental studies? (ii) How often does the time of
day influence the behavior of the general public in green parks? (iii) Which district is the center of
activities in the city center of Shanghai? To properly grasp the link between green parks and visitor
behavior, we analyzed users’ spatiotemporal trends in urban green spaces using a large-scale dataset
from July 2014 to June 2017, with almost 70,000 check-ins. Our main results indicate the user check-in
distribution in different green parks and exciting behavioral changes based on the time of day in
24 hours and the day of the week. We also investigated the gender difference among districts and days
by applying the relative difference formula. By examining these factors, we could analyze the use of
urban green parks and its variance across a range of temporal scales. This method of capturing visitor
activity in urban green spaces is an attempt to solve the drawbacks of previous studies. This method
paves the way for socioecological research using crowdsourced and social network data instead of
relying on the results of subjective coverage and observational data.
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2. Materials

2.1. Study Area

Shanghai City is among the fastest-growing metropolises in the world, with a population of
22,125,000 in an area of 4015 km2 [19]. The overall number of green parks within the city of Shanghai is
366 [20]. As part of the alluvial plain, Shanghai and the Yangtze River Delta have an average elevation
of around 4 m. From east to west, there is a slight terrain gradient. The land is plain, except for some
southwesterly foothills. Shanghai is part of the climate zone for the north subtropical humid monsoon.
There are four seasons with abundant sunshine and rainfall. Therefore, in such a metropolitan area,
extreme events and urbanization have had a substantial influence on public health-promotion services
and the country’s economy. Shanghai is indeed the world’s tenth-most prominent agglomeration
region. It also states that the process of urbanization is relatively quick. The United Nations (UN),
in its future forecasts of urbanization, stated that Shanghai’s urban population ranks as the world’s
second-largest and China’s largest [21]. Figure 1 represents the study area.
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Figure 1. Study area.

In 2016, Shanghai was divided into 16 districts: 15 districts (Baoshan, Changning, Fengxian,
Hongkou, Huangpu, Jiading, Jing’an, Jinshan, Minhang, Pudong New District, Putuo, Qingpu,
Songjiang, Xuhui, and Yangpu) and 1 county (Chongming) [22]. Seven regions (Changning, Hongkou,
Huangpu, Jing’an, Putuo, Xuhui, and Yangpu) are located in Puxi (literally Huangpu West) and are
known as Shanghai’s downtown or city center [23,24].
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2.2. Dataset

The dataset that we used to examine the number of visits to green parks comes from the Chinese
popular microblog Weibo. Weibo is considered to be comparable to China’s Twitter and the major
social media blog in China. The amount of Weibo customers is huge, representing the biggest dataset of
obtainable geotags. According to its latest annual report, Weibo announced that more than 500 million
active users registered on the platform in 2018 and reached 462 million monthly active users in
December 2018 [25]. The demographics of Weibo users are inconsistent with the total population.
It was decided to launch the public interface of the Weibo location-based service (LBS) on May 28,
2012. Weibo users have since been able to share their location on the internet in real-time. As a kind
of scalable and available large-scale crowdsource data, Weibo sign-in data are the most appropriate
dataset we could obtain to estimate the actual number of park visitors. However, an earlier study of
87 city parks situated in Shanghai, China showed that there was an important link between data from
Jiepang social media platforms and official visit numbers [26].

2.3. Dataset Filtaration

In this part of the procedure, improper data were distinguished, filtered, and modified to
avoid incorrect conclusions. Preprocessing consisted of cleaning out unrelated columns, eliminating
duplicate rows, resolving discrepancies, and performing data management, allowing improved data
interpretation in the analysis method. We also translated the data, because the dataset was written in
the Chinese language, so it was necessary to first change it to English as can be seen in Table 1.

Table 1. Transformation.

Location ID Lat. Long. Category/EN Location Name District

B2094757D068A2FB469E 31.00728 121.4233 park Minhang Park Minhang
B2094654DB6EABFC459E 31.03845 121.4096 park Quinta Park Minhang
B2094757D06FA4F9439F 31.11351 121.5968 park Zhoupu Park Pudong
B2094655D268A7FB419A 31.02493 121.2308 park QICHANG Park Songjiang
B2094757D068A6FE4799 31.03036 121.2238 park Sixian Park Songjiang

Weibo was created in August 2009 and is one of China’s largest social media sites and a popular
microblogging platform that allows people to post and share their daily activities with their circle of
friends. The term “check-in” shows that a user willingly wants to share or proves their location on
the LBSN by publicizing it on a location-sensing smartphone or tablet while participating in certain
activities [27]. Using the check-in data of Weibo [28], a new model was proposed that integrated
the parameters of an urban environmental function network, thereby enriching the definition of
the structure of urban networks. However, although using Weibo check-ins as a visit proxy is still
uncommon, earlier research utilizing data from similar social media sites or platforms—for example,
Facebook, Flickr, and Instagram—found important beneficial links between official visit stats and
the amount of visitors reported on these sites. However, due to the unavailability of Facebook and
the fact that Weibo is also considered the Chinese Facebook, we considered Weibo data to be the best
source for this study [10,29].

We also collected population data from the census of Shanghai [30] on the districts in the study area,
as presented in Table 2. Figure 2 represents the criteria that we deployed for collecting the check-ins.
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Table 2. Area and population in the districts.

District Area (km2) Population (per 10,000) Check-Ins

Putuo 54.83 128.47 20.93%
Jingan 36.88 106.62 10.24%

Hongkou 23.46 79.90 7.79%
Yangpu 60.73 131.34 16.98%

Huangpu 20.46 65.48 17.48%
Changning 38.3 69.37 13.43%

Xuhui 54.76 108.83 13.15%
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Figure 2. Criteria.

The Weibo application program interface (API) helps with data collection. After retrieving this
location information, we found that some locations we added were not green parks (e.g., sidewalks,
former homes of famous people, and sculptures). We checked these locations and removed those that
were not in the green park category, but we still counted a part of the parking lot or park areas that
were linked. Some larger parks have more than two location IDs—for example, a garden area, kids’
play area, and barbecue area combined into one location ID [31]. After preprocessing, filtration, and
cleaning, a total of 69,132 geotagged visits to green parks in 7 districts of Shanghai were included.
The data were collected with the help of Python (version 2.7.12).
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3. Methodology

3.1. Data Preparation

The data that we collected cover all check-ins made within the Shanghai boundary. The data
downloaded were included in many JSON files. Figure 3 presents the data preparation process flow.
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Figure 3. Data process flow diagram.

In this study, the Weibo dataset included a unique user ID, check-in, date, and time. In
addition, information about the geographic location (latitude and longitude) and gender were
collected through the Weibo API. The LBSN dataset therefore assumes that daily trends are
archived of the users’ daily activities, behavior on social media, and spatiotemporal evidence [32].
A typical Weibo check-in is represented as follows: check-in (B2094554D064ABF44293) = {1758115961,
####, B2094554D064ABF44293, Mon July 25 14:47:41 +0800 2016, m, and 121.484566, 31.270601},
where B2094554D064ABF44293 denotes “location_id”; 1758115961 denotes “user_id”; #### denotes
“user_name”; Mon July 25 14:47:41 +0800 2016 denotes “day, month, date, time, and year”; m denotes
“gender”; and 121.484566, 31.270601 denotes the “geolocation”. Further, JSON is a Java programming
platform format that is the most-commonly used data format, although Java is considered to be
the main programming language with open-source accessible reader and writer modules. [33,34] Using
selected software, the data were filtered into a comma-separated values (CSV) file format, so that all
user data, which included the geolocations, could be identified and stored in the database regardless of
the publication date. Table 3 shows an example of a check-in in CSV file format.

Table 3. Example of Weibo check-in.

Building_id User_id Month Date Day Time Year Gender Long. Lat. Address

B2094554
D064ABF

4429
### 08 24 Wed 0:00:03 2016 F 121.6650 31.14363 ZhaoHang_Park

B2094757
D06FA0F

8409D
### 11 11 Frit 1:24:45 2016 F 121.5244 31.265614 Jiangpu_Park

B2094757
D06FA6F

B409B
### 05 29 Mon 3:02:19 2017 M 121.3787 31.34228 Gucun_Park
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3.2. Social Media Data Analytics

In this research, we have analyzed Weibo-based geolocation datasets in 7 districts of Shanghai,
China (July 2014 to June 2017). Figure 4 shows a check-in behavior analysis framework in which
the LBSN data analysis method includes the framework, data preprocessing and cleaning, temporal,
and spatial analyses of the LBSN data and statistics to deliver the worth of the LBSN data.
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3.3. Temporal Analysis

To track variations in user behavior, we divided time stamps with check-ins into different time
classifications. Daily patterns show the hourly distribution of check-ins during the day. First, we
divided the timestamps for 24 hours according to check-in data for knowing the peak time of visitors
in green parks. Secondly, we divided the check-in data according to numbers for daily stamps to know
the accurate visitation rate for weekdays and weekends. We used Tableau 2019.2 for the visualization
techniques to explore and analyze the relational databases and data cubes.
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3.4. Spatial Analysis

Kernel density estimation is effective in calculating the visitor density spatial structure within
the study area. It is a statistical method for estimating a smooth and continuous distribution from
a small number of observations. We utilized this method to create a smooth surface density for
check-in hot spots in the geographic area. The method is a nonparametric estimation technique for
the density of a random sample of data [35] and smooths each data point into small density bumps,
after which, all the small bumps are combined to make a final estimation of the density. The KDE
method has been widely accepted for spatial distribution [36–38]. It describes the spatial density
distribution combined with the distance-decay effect and projects the hotspots by transforming scatter
point data into a continuous density surface [39]. The KDE technique is an evolving spatiotemporal
means that has previously been used [40–42] to inspect several features of social media (but not
restricted to LBSN) data analytics such as users’ online activity and movement trends [43], check-in
behavior [44], city boundary descriptions [45,46], and point-of-interest recommendations [47]. It also
explores the distribution of destinations in communities, enabling researchers to see where there are
densely scattered destinations and where they are more scattered. Eventually, this seeks to create
a smooth surface of density within the geographical space of spatial point cases [33]. The authors
utilized the KDE method for the analysis of spatiotemporal patterns in green parks [48]

The data taken into account in our analysis are in the form of geotagged check-ins. Let “E” be
a collection of historical data for check-in; that is, E = {e1, . . . . . . , en}, where ei = < x, y > is a check-in
geolocation 1 < i < n of individual i and on time “t", where “E” represents the dataset we used.
The total of the kernel’s functions is scaled to construct a smooth curve that is a unit field. This results
in a bivariate of KDE in the following form:

fKD(e|E, h) =
1
n

n∑
i=1

Kh
(
e, ei

)
(1)

Kh =
1

2πh
exp (−

1
2

(
e, ei

)t
−1∑
h

(
e, ei

)
) (2)

where “e” denotes the check-in location in dataset “E”, along with bandwidth “h”; “h” is supposed to
be reliant on the estimated density “fKD”, producing a smooth density surface around “E” at the data
point “ei”.

ArcGIS 10.0 was used to evaluate the spatial distribution of the check-ins in space. We used ArcGIS
10.0 (Environmental Systems Research Institute, Inc., Redlands, CA, USA) software with a Shanghai
map developed in 2016 using the WGS 1984 geodesic coordinate system. The base map also included
major transportation lines (line layer) and administrative districts (polygon layer and district layers)
with new OpenStreetMap subway lines and entries (point layer).

4. Results

For this analysis, 71 green parks locations were chosen after processing the data collected from
Weibo in the city center. The distribution of different green parks included in this research is shown in
Figure 5.



ISPRS Int. J. Geo-Inf. 2020, 9, 360 9 of 19

1 
 

 

Figure 5. Parks and outlier locations in the study area.

As can be seen, there are some outlier locations. We had a dataset of Shanghai, and our study
area was based upon the city center, which is why there were some outlier locations that came with
the overall Shanghai check-ins. However, after filtration, only locations within the study area were
chosen. As per the requirements and for significance, the locations that were among the study area
criteria of seven districts (Changning, Hongkou, Huangpu, Jingan, Putuo, Xuhui, and Yangpu) are
represented in Figure 6.
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Figure 6. Green park locations after filtration.

We utilized KDE to examine the spatial distribution of check-in data and ArcGIS for visualization
to investigate the Weibo geolocation check-in data. Figure 7 indicates the overall check-in density
between July 2014 and June 2017. The red spots show higher human density, higher levels of activity,
and a higher percentage of social media usage. It is unsurprising that the green parks in Putuo District
have large clusters of activities.
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Figure 8 presents the overall check-in density in all the districts, which has been divided into
seven. Our results show that the most check-ins were found in Putuo, Huangpu, and Yangpu Districts.
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Figure 9 shows the temporal differences in the number of visitors over 24 hours. Although visitors
contributed in all periods of the day, the maximum number of check-ins were made between 2:00 p.m.
and up to 6:00 p.m. in the parks considered in the research. The trend keeps increasing until between
10:00 p.m. and midnight.
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Figure 9. Absolute numbers per hour.

Figure 10 shows the district percentage for the three-year check-in dataset in the downtown area of
Shanghai, revealing the differences in the check-in behavior of users in different districts. The number
of check-ins in Putuo and Huangpu were really high compared to other districts, which makes Putuo
District famous for visitors, which is why the density was high in this district compared to others.
The reason for this is that Putuo District is larger in area, and population is also higher than other
districts, which is why Putuo District is denser than others.
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With nearly an equal number of check-ins, every weekday has fewer check-ins than Saturday and
Sunday, and the weekly patterns are quite normal. Figure 11 describes the general pattern of weekly
check-ins. On weekends, the number of check-ins is high in Yangpu District compared to the others.
It reveals that mostly of the check-ins found on weekends (Saturday and Sunday) in every district.
The interesting thing to note here is that Yangpu and Putuo Districts have higher numbers of check-ins
on weekends but lesser visitation rates on weekdays.
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Figure 11. Weekly trends in green parks.

This result indicates that Shanghai’s green parks are fast becoming popular recreational destinations
for the people of Shanghai. Figure 12 shows the most popular parks in our study area based on
the number of check-ins. Mostly people visit these parks in the city center and share their experience
by posting on Weibo. Table 4 also represents the number of check-ins in famous parks.

ISPRS Int. J. Geo-Inf. 2019, 8, x FOR PEER REVIEW 16 of 22 

ISPRS Int. J. Geo-Inf. 2019, 8, x; doi: FOR PEER REVIEW www.mdpi.com/journal/ijgi 

 

 

 
Figure 12. The most popular parks according to number of check-ins. 

Table 4. Number of check-ins in the famous parks. 

Name of park Number of check-ins Check-ins % 
Gongqing Forest Park 6144 22.65% 

People's Park Lotus Pond 3749 13.82% 
Soccer Green Park 3567 13.15% 

Peaceful park 3164 11.67% 
Daning White Beach Park 2975 10.97% 

Longevity Park 2147 7.92% 
Begonia Park 2126 7.84% 
South Park  1642 6.05% 
Luxun Park 6144 5.93% 

 
Table 5 shows the number of check-ins for the districts, days, and gender. 

Table 5. Overall statistics. 

District Gender Sun Mon Tue Wed Thu Fri Sat 

Changning 
F 1.20% 1.14% 1.21% 1.16% 1.15% 1.22% 1.13% 
M 0.71% 0.73% 0.75% 0.76% 0.73% 0.75% 0.80% 

Hongkou F 0.85% 0.47% 0.49% 0.54% 0.55% 0.72% 0.87% 
M 0.73% 0.35% 0.32% 0.32% 0.33% 0.55% 0.70% 

Huangpu F 1.54% 1.42% 1.49% 1.57% 1.49% 1.58% 1.56% 
M 0.99% 0.97% 0.93% 1.02% 0.91% 0.96% 1.05% 

Jingan F 0.94% 0.93% 0.89% 0.91% 0.88% 0.87% 0.90% 

Figure 12. The most popular parks according to number of check-ins.



ISPRS Int. J. Geo-Inf. 2020, 9, 360 14 of 19

Table 4. Number of check-ins in the famous parks.

Name of Park Number of Check-Ins Check-Ins %

Gongqing Forest Park 6144 22.65%
People’s Park Lotus Pond 3749 13.82%

Soccer Green Park 3567 13.15%
Peaceful park 3164 11.67%

Daning White Beach Park 2975 10.97%
Longevity Park 2147 7.92%
Begonia Park 2126 7.84%
South Park 1642 6.05%
Luxun Park 6144 5.93%

Table 5 shows the number of check-ins for the districts, days, and gender.

Table 5. Overall statistics.

District Gender Sun Mon Tue Wed Thu Fri Sat

Changning F 1.20% 1.14% 1.21% 1.16% 1.15% 1.22% 1.13%
M 0.71% 0.73% 0.75% 0.76% 0.73% 0.75% 0.80%

Hongkou F 0.85% 0.47% 0.49% 0.54% 0.55% 0.72% 0.87%
M 0.73% 0.35% 0.32% 0.32% 0.33% 0.55% 0.70%

Huangpu F 1.54% 1.42% 1.49% 1.57% 1.49% 1.58% 1.56%
M 0.99% 0.97% 0.93% 1.02% 0.91% 0.96% 1.05%

Jingan F 0.94% 0.93% 0.89% 0.91% 0.88% 0.87% 0.90%
M 0.56% 0.53% 0.60% 0.54% 0.58% 0.57% 0.55%

Putuo
F 2.19% 1.68% 1.68% 1.74% 1.70% 1.84% 2.32%
M 1.44% 0.98% 0.93% 1.02% 0.93% 1.13% 1.38%

Xuhui
F 1.72% 0.62% 0.68% 0.73% 0.74% 1.13% 1.74%
M 1.53% 0.46% 0.52% 0.52% 0.49% 0.83% 1.45%

Yangpu F 2.78% 0.67% 0.63% 0.75% 0.65% 1.36% 2.71%
M 2.30% 0.47% 0.45% 0.47% 0.46% 1.12% 2.18%

We investigated gender (male and female) data in Shanghai to explore the check-in numbers and
behavior. A comparison of male and female user check-ins in days of the week, as well as in districts,
examines the difference between male and female visitors in Shanghai. We used the relative difference
(dr) [48,49] to estimate the gender differences in Shanghai districts and also for days of the week. It is
frequently used as a quantitative indicator of superiority control and quality guarantee and is stated as
follows:

dr =

∣∣∣ Pm − P f
∣∣∣(

|Pm |+
∣∣∣P f

∣∣∣
2

) (3)

Tables 6 and 7 show the results of the relative difference calculated by using differences between
male and female users in a week, and districts are pragmatically shown at the cumulative level.
We calculated the gender differences of check-ins by the week and district as a percentile of total
accumulated check-ins generated during the course of the study. Table 6 shows the outcomes of
the relative difference computed in a week using Equation (3). For Friday and Saturday, the comparative
difference values were substantially higher than other days. Table 6 reveals that gender differences of
Friday, Saturday, and Sunday are higher than the other days, and likewise, Table 7 shows the outcomes
of the relative difference computed in districts, and it reveals that gender differences in Putuo, Xuhui,
and Yangpu Districts are higher.
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Table 6. Gender difference during the week. dr: relative difference.

Days Check-Ins Female Male dr

Mon 11.40% 6.92% 4.48% 0.518
Tue 11.56% 7.06% 4.49% 0.511
Wed 12.04% 7.39% 4.65% 0.518
Thu 11.58% 7.17% 4.42% 0.512
Fri 14.62% 8.71% 5.91% 0.519
Sat 19.32% 11.22% 8.10% 0.518
Sun 19.49% 11.22% 8.27% 0.528

Table 7. Gender difference between the districts.

District Check-Ins Female Male dr

Changning 13.43% 8.21% 5.22% 0.516
Hongkou 7.79% 4.49% 3.30% 0.517
Huangpu 17.48% 10.66% 6.83% 0.508

Jingan 10.24% 6.31% 3.93% 0.514
Putuo 20.93% 13.13% 7.80% 0.478
Xuhui 13.15% 7.35% 5.80% 0.563

Yangpu 16.98% 9.54% 7.44% 0.549

The gender differences in the districts and days is also represented in Figure 13.
ISPRS Int. J. Geo‐Inf. 2019, 8, x FOR PEER REVIEW  16 of 20 

ISPRS Int. J. Geo‐Inf. 2019, 8, x; doi: FOR PEER REVIEW  www.mdpi.com/journal/ijgi 

 

 

Figure 13. (a) Gender differences in the districts/days, (b) gender difference weekly, and (c) gender 

differences in the districts. 

5. Discussion 

This study used geolocated social network check‐in data as a proxy for estimating the number 

of visits to urban parks. This approach is time‐efficient and labor‐intensive and provides outstanding 

spatial coverage. In this research, we performed a temporal analysis of sex‐based variations in human 

behavioral patterns  to  investigate  trends of hourly and daily check‐ins, along with weekdays and 

weekends. The findings revealed that women are much more likely to use social media throughout 

the weekdays compared to men in almost all districts. In the city center, Putuo District was found to 

have a high density of check‐ins. As the research shows, Weibo data constitute a valuable tool for the 

evaluation of urban green park functionality and the study of spatiotemporal factors. The advantage 

of using social media data to evaluate urban green spaces is that we can collect contextual and large‐

scale knowledge about an entire city in more detail. For this reason, Weibo data are the best source 

for geospatial data analysis. 

The kernel density estimation is a tool for determining the probability density function and is a 

must‐have that allows the user to examine the distribution of probability studied better than when 

using  a  traditional  histogram.  The  kernel  technique,  unlike  the  histogram,  provides  smooth 

estimation, uses the locations of all sample points, and, more convincingly, implies multimodality. 

KDE  is  a  function  in which  events  are  balanced  according  to  their distances  and  necessary  two 

parameters. The first of these is the bandwidth, the distance of control. Bandwidth selection has a big 

effect  on  performance.  The  second  parameter  is  the weighting  function K, most  often  a  normal 

function. The  bandwidth  of  the  kernel  is  a  free  parameter  that displays  a  strong  impact  on  the 

Figure 13. (a) Gender differences in the districts/days, (b) gender difference weekly, and (c) gender
differences in the districts.



ISPRS Int. J. Geo-Inf. 2020, 9, 360 16 of 19

5. Discussion

This study used geolocated social network check-in data as a proxy for estimating the number of
visits to urban parks. This approach is time-efficient and labor-intensive and provides outstanding
spatial coverage. In this research, we performed a temporal analysis of sex-based variations in human
behavioral patterns to investigate trends of hourly and daily check-ins, along with weekdays and
weekends. The findings revealed that women are much more likely to use social media throughout
the weekdays compared to men in almost all districts. In the city center, Putuo District was found
to have a high density of check-ins. As the research shows, Weibo data constitute a valuable tool for
the evaluation of urban green park functionality and the study of spatiotemporal factors. The advantage
of using social media data to evaluate urban green spaces is that we can collect contextual and large-scale
knowledge about an entire city in more detail. For this reason, Weibo data are the best source for
geospatial data analysis.

The kernel density estimation is a tool for determining the probability density function and
is a must-have that allows the user to examine the distribution of probability studied better than
when using a traditional histogram. The kernel technique, unlike the histogram, provides smooth
estimation, uses the locations of all sample points, and, more convincingly, implies multimodality. KDE
is a function in which events are balanced according to their distances and necessary two parameters.
The first of these is the bandwidth, the distance of control. Bandwidth selection has a big effect
on performance. The second parameter is the weighting function K, most often a normal function.
The bandwidth of the kernel is a free parameter that displays a strong impact on the resulting estimate.
Compared to the commonly used histogram, the estimator of kernel density offers many advantages.
It is a smooth curve and, therefore, better displays the details and uses the locations of all sample
points, so the information included in the sample should be better revealed. KDE calculates smooth
distributions by excluding the local noise to a particular degree, which minimizes the error by providing
a nonparametric probability distribution with an optimum bandwidth. We applied the kernel density
estimation in green parks, and according to our Weibo data, the number of check-ins in Putuo and
Huangpu Districts are higher than the other districts, and it can been seen that, after applying the KDE,
we have same results that makes Putuo and Huangpu denser than others due to large clusters of
density. For example, we can also get the better results by applying the KDE if we take a mean number
of people in two or more than two parks. The role of the DKE in green spaces and the environment are
really important and have been used by many researchers in the research of green parks [31,50,51].

Availability of the data is the main barrier in LBSN studies, mostly due to security and personal
privacy. Sharing the present geolocation of visitors and their social circle using LBSNs creates serious
issues over individual confidentiality. Personal information is an issue not only for individuals but,
also, for institutional or organizational employers who share their information on LBSNs. Quite often,
users share their personal data on a voluntary basis, whereas, at other times, data could be collected
extrinsically by giving users various incentives and benefits for their details. User locations could be
recognized by LBSN services like Google Latitude, Fire Eagle, and WeChat Nearby. Several LBSN
services offer additional features that recognize the location of your friend as well [25]. In summary, as
the check-in data is too raw and imprecise for assessing the transfer of activities from one location to
another, the data cannot reliably reflect the precise nature of district user progression.

This methodology has its own limitations, but, because we cannot access measured visitor rates,
we have been unable to determine if there was a healthy association between the check-in and visitation
data observed in the urban-area planning and evaluation. Unlike conventional census data, it is of
major consideration that social media data usually do not include clear information such as ethnicity
and family status. There are, however, ways to obtain these indirectly [34]. The relationship between
Weibo’s check-in frequency and actual visitation can vary throughout green parks. The factors affecting
the changing conduct of urban behavior in space and time should be investigated. This study’s
extensive spatial scope offers valuable knowledge that could boost urban green space planning and
growth in other major cities. With the effective use of urban green areas, there is considerable potential
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to promote moderate-to-strong physical activity among urban residents. These findings highlight
the importance of using urban green parks to boost the health of people living in cities all over
the world.

6. Conclusions and Future Work

In this study, we applied a big data methodology to overcome the issue of environmental justice
linked to the spatial provision of urban green parks in Shanghai. We utilized geotagged Weibo check-in
data as park visit indicators in seven districts of Shanghai, which are called the city center or downtown
area, and investigated the number of check-in visits. We achieved an in-depth experimental analysis
of check-in behavior that used intensity maps and patterns from LBSN data. The findings reveal
the distribution of users in parks by check-in data and show that Weibo data is feasible for this study,
because it has a lot of potential compared to traditional data. The outcomes show that Putuo District
is the center of activities according to the number of check-ins. The total number of Weibo users,
depending on the hour of the day, shows that the peak time of visits to green parks is from noon
to midnight. We also explored the famous parks in our study area, which are mostly situated in
Putuo and Xuhui Districts. Lastly, gender-based variations were measured in green park visitors, and
findings reveal that female visitors or users are more involved in their use of social media services
when visiting green parks. Our results also show that visitors visit the green parks until midnight, so
planners should pay more attention to the facilities and also boost up the surveillance system, because
there are some park-like forests where there could be some security concerns. Using medical data with
this type of data has great significance, because green parks provide a healthy environment and a place
where visitors can engage in different types of activity.
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