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Abstract: While urban green spaces (UGSs) are important places for residents’ leisure activities, stud‑
ies describing the long‑term daily UGS usage of residents (including the total number of activities,
the types of activities, and the touring experience) have not been conducted due to difficulties in data
collection. Based on social media text data (SMTD), in this study, the total number of daily activities,
the intensities of optional and social activities, and the daily touring experience in 100 UGSs in Xi‑
amen, China, were inferred based on the ERNIE 3.0 text pre‑training semantic classification model.
Based on this, linear regression modeling was applied to analyze the internal environmental factors
of the effects of places and external urban form factors regarding daily UGS usage. The research
results revealed the following. (1) A descriptive study was conducted on the total numbers, types,
and touring experience of activities using SMTD, and the results were verified by line transect sur‑
veys, management statistics, and a publicly available dataset. (2) The number of human activities in
UGSs was found to be significantly influenced by historical and cultural facilities, nighttime lighting,
population density, and the proportion of the floating population. (3) During the daytime, optional
activities were found to be significantly influenced by the park type and historical and cultural facili‑
ties, and social activities were found to be significantly influenced by historical and cultural facilities
and population density. In the evening, optional activities were found to be significantly influenced
by the park type, historical and cultural facilities, nighttime lighting, and the proportion of the float‑
ing population, and social activities were found to be influenced by the proportion of the floating
population. (4) Regarding the touring experience, in the daytime, the park type, green space ratio,
and proportion of the floating population had significant effects on the touring experience. In the
evening, the park type, historical and cultural facilities, and security factors were found to have sig‑
nificant effects on the touring experience. The methodology and findings of this study aid in the
understanding of the differences in daytime and nighttime activities, and in the discovery of plan‑
ning tools to promote human leisure activities in UGSs.

Keywords: social media text data; optional activity; social activity; urban form; nighttime lighting

1. Introduction
Urban green spaces (UGSs) are one of the most important and popular places for

residents’ activities [1,2]. Not only do UGSs have the effect of purifying the air [3], but
their openness and safety also make them the first choice for almost all types of outdoor
sports and leisure activities [4–6]; thus, they indirectly enhance physical, mental, and social
health conditions by attracting residents to engage in physical and social activities [6–19].
This has led to UGSs becoming an essential activity space for cities. Residents are the first
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users of UGSs, and the conversion of the health benefits of UGSs relies on their use by
residents [20,21]. Therefore, understanding the relationship between the characteristics
and usage of UGSs is of great significance to the realization of health benefits [22].

As the pace of urban life continues to accelerate, nighttime urban public life is grad‑
ually becoming a continuation of daytime urban public life, and urban life has gradually
begun to display a 24 h trend [23]. Therefore, the heterogeneity of the daily activities of
residents in UGSs should be taken into account. For residents, the gradual increase in
working hours and the decrease in the frequency of daytime outings have changed the
rhythm of life, which indirectly induces certain chronic diseases and mental illnesses [24].
Nevertheless, the night provides a comfortable atmosphere and unique landscape expe‑
rience for residents to engage in various leisure activities to recover from the fatigue and
stress accumulated during the day, which is called the “need for recovery” [25,26]. The
space for nighttime leisure activities has become a source of social wellbeing, community
building, and psychological support [27]. Some local governments are encouraging the de‑
velopment of nighttime activities through the construction of nighttime spaces to promote
economic development [28,29]. Overall, via a multiplicity of activities, both daytime and
nighttime urban spaces can be a friendly and healthy place to promote the development
of a city. However, few previous studies have addressed the differences in daily usage
by residents in different UGSs. According to a questionnaire study, 78.5% of the people
flow in parks occurs during the day [30]. Conversely, a different study has shown that
the number of people who travel at night is 78.24% of the total number of those engaging
in trips [31]. Nighttime leisure activities are taking up an increasing proportion of resi‑
dents’ daily lives and for longer periods [31]. Although there is no clear conclusion on
the influence of daytime and nighttime on residents’ activities in UGSs, there is no doubt
that it is an influencing factor. Understanding the different daily activities of residents in
UGSs reflects the residents’ preferences and habits in using UGSs. Therefore, for the plan‑
ning and management of UGSs, it is of great significance to study the differences in the
usage of UGSs by residents from the perspective of promoting public health behavior and
the economy.

On the other hand, the use and planning of UGSs have been a constant topic consid‑
ered by relevant scholars. This facet of research can be categorized as studies considering
the internal environmental factors of UGSs and external urban form factors [32]. Scholars
have pointed out that the difference in the design factors within UGSs, such as the green
area ratio, historical and cultural facilities, and hydrophilicity, may cause differences in
the length of use and experience of UGSs (Table 1). Moreover, these factors can affect the
number of residents present in UGSs for different activities, such as physical and social
activities, thus indirectly affecting public health. Regarding external factors, the equitable
and equal access to UGSs has been a planning issue of great concern in the process of rapid
urbanization, and ensuring the balanced and active participation of residents in UGSs is
themain goal of planning [33]. Unbalanced planning, such as that with spatial deprivation
and morphological differences [8], may be responsible for the differences in daily UGS us‑
age (Table 1).
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Table 1. The existing pathways of the promotion of the potential impacts of UGS usage.

Impact Factor Pathways to Promote the Potential Impact of UGS Activities Positive Correlation No Correlation Negative Correlation

Internal environmental factors

Area
The large scale of UGSs provides more entertainment and increases
their attraction [34], in addition to influencing the positive mood of

residents [35].
[34–36]

Hydrophilicity

Beautiful water features can attract residents to carry out activities and
enhance their touring experience of the site, and also have a positive
effect on the physical and psychological recovery of residents [35];
however, water features have negative impacts on human activities
due to water pollution, the occupation of the activity space, and

breeding mosquitoes [37,38].

[31,34,35,39–43] [44] [37,38]

Historical and cultural facilities
Historical and cultural activities will enhance residents’ interest in
participating in outdoor activities, and cultural facilities will help

residents develop a positive perception of the park.
[39] [31]

Green area ratio

A high green area ratio and the abundant planting of trees, shrubs, and
grasses can attract more active people and provide a more comfortable
environment for activities, thus diversifying the types of activities to
some extent [36]. In addition, the experience of nature promotes a high
level of wellbeing [45]. However, it is possible that an environment
with a high green area ratio has an increased sense of danger [46].

[4,35,36,39,43,45,47–50] [46,51–54]

Lighting facilities
Adequate onsite lighting facilities can increase the safety of residents
conducting nighttime activities [55] and enhance the aesthetics of the

landscape at night [31].
[13,31,39,41,43,52,55–58]

External urban form factors

Public security Sites with poor law and order environments can inhibit residents from
carrying out their activities [59]. [19,31,53,55,59–64] [7]

Proportion of the
floating population

Floating populations often sacrifice their leisure time to earn more
money [65]. [18] [8,63,65–70]

Population density Population density plays a role in attracting higher people flow [32]. [32]
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It can be seen that the total number of activities, the types of activities, and the tour‑
ing experience are the main directions of the current research on UGS planning and de‑
sign. The aforementioned studies related to the promotion ofUGSusage, despite attracting
some attention, were limited by the difficulty of collecting data on UGS usage, thus mak‑
ing it difficult to draw consistent conclusions [51,71]. As reported in Table 1, most studies
adopted questionnaires, few exceeded the investigation of 30 parks using 1000 question‑
naires, and very few analyzed different UGSs at the citywide scale. When studying the
total number of people active inUGSs, questionnaires are usually used [31], and a few stud‑
ies have used mobile signal data, night lighting data, Wi‑Fi probe data, etc. [18,51,71,72].
Among these methods, the survey method does not allow for the simultaneous observa‑
tion of the number of people at multiple sites in a city. Moreover, the spatial resolution
of nighttime lighting data and mobile signaling data is between 100 and 3000 m [18,73];
thus, it is impossible to estimate the intensity and type of activity in smaller parks. On
the other hand, in previous studies investigating the types of human activities, the use
of questionnaires, activity notes, pedestrian counts, etc. [74], was largely time‑consuming
and difficult to carry out for large‑scale parks. In addition, in recent years, the touring
experience of parks (visitor satisfaction) has primarily been measured via questionnaires,
semi‑structured interviews, and wearable sensors [35,75,76]. However, these traditional
methods have obvious limitations: questionnaires are limited by small sample sizes and
low temporal and spatial resolution [77] and semi‑structured interviews are often time‑
consuming, arduous, and dependent on the level of participant cooperation. Furthermore,
wearable sensors are biased and costly in terms of data collection. Therefore, these meth‑
ods cannot be used to fully explore the different impacts of UGSs on the touring experience.

With the rise of socialmedia, people can share their feelings in a timelymanner almost
constantly [78]. By using social media text data (SMTD), it is possible to conduct research
on the total numbers, types, and touring experience of human activities, free from the dif‑
ficulties of collecting large amounts of data from traditional surveys, questionnaires, and
interviews. Social media tools are increasingly being used to analyze the spatial and tem‑
poral patterns of visitor activity in UGSs, and the combination of geolocation SMTD with
statistical methods is an important way to obtain information about park visits [32]. In one
study on the total number of human activities, the correlation coefficient between SMTD
and official park statistics was found to be 0.712 [79], indicating that SMTD can provide
an approximate representation of actual park visits. In research on the types of activities,
the use of SMTD with geographic information allows for the collection of information on
a large scale and at a low cost; SMTD can provide information about the types of activi‑
ties in which people engage (e.g., eating, working out, meeting friends, etc. [80–86]), thus
allowing for the further investigation of their interactions with urban elements [87]. In
addition, the emergence of semantic analysis methods for social media has provided re‑
searchers with the idea to measure touring experience. A few studies have used SMTD
to measure textual affective tendencies with the help of various neural network sentiment
analysis modules to calculate mental health and public mood in specific areas [88,89], as
well as the types of activities; based on this, the impacts of urban or smaller‑scale human
habitats on human emotions, activities, and health have been explored.

Taking Xiamen, China, as an example, the research objectives of this study are to an‑
swer the following three questions regarding UGS usage: (1) What are the daily character‑
istics and influencing factors of the total number of residents’ activities? (2) What are the
daily characteristics and influencing factors of different types of activities? (3)What are the
daily characteristics and influencing factors of residents’ touring experience? To answer
these questions, the daily UGS usage in 100 UGSs was quantified based on Weibo SMTD.
Eight linear regression models incorporating both internal and external UGS design and
location factors were used to analyze the correlations between various built environment
factors and the impact on the daily UGS usage of residents. The results aid in the under‑
standing of the differences in daytime and nighttime UGS usage, as well as the revelation
of planning and design means to promote the daily leisure activities of residents.



Forests 2023, 14, 1569 5 of 24

2. Methods and Data
At present, there are four main methods used for research on the daily UGS usage of

residents: questionnaires [31], nighttime lighting [72], mobile signaling [18], and surveys
(includingWi‑Fi probes) [51,71,90]. However, these methods either lack precision or quan‑
tity, or lack the consideration of different types of activities. In this study, the technical
process of using SMTD to estimate the total numbers of activities, the types of activities,
and the touring experience of residents in UGSs included the following steps (Figure 1).
Step 1 was data collection, and Steps 2 through 4 were, respectively, the analysis of the to‑
tal number of activities, the types of activities, and the touring experiences. Each of these
steps included validation, characterization, and correlation analyses.
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2.1. Study Area
Xiamen is a sub‑provincial city inChina located at the southeast end of Fujian Province,

with a total land area of 1569.3 km2. Xiamen was one of the first four special economic
zones in China to implement the policy of opening up to the outside world. From 2009
to 2019, Xiamen’s citywide resident population increased from 3.3 million to 4.29 million,
and the built‑up area of the city increased from 212 km2 to 383 km2, causing the city’s
urban construction to be at the forefront of the country. Xiamen’s green space planning
and construction have also reached high levels; from 2009 to 2019, the built‑up area green
space rate increased from 35.56% to 40.90%, and the per capita park green space area in‑
creased from 10.95 m2 to 15.60 m2. Xiamen also won the title of National Eco‑Garden City
in 2019, its ecological civilization index is ranked first in the country at the prefecture level
and above, and it has reached an advanced level on the global scale. Xiamen’s nighttime
economy also has a certain scale; Xiamen was named one of the top ten cities in terms of
nighttime economy in 2019. In addition to the development of the nighttime economy,
Xiamen is also committed to promoting nighttime cultural and tourism activities; it won
the title of China’s Tourism Influence Annual Night Tour City. However, the process of
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rapid urbanization has also brought about disparities in the usage of UGSs and spatial
inequities [91]. Therefore, Xiamen, a representative city, was chosen as the study area.

The UGSs of Xiamen, a total of 100 places, were extracted from the land‑use map of
Xiamen in 2019 and the Xiamen big data security open platform (https://data.xm.gov.cn/,
accessed on 21May 2022). (Figure 2). The data were also based on the “Xiamen City Green
Space System Planning Revision and Green Line Delineation (2017–2020)” and the types
of the urban parks, which included 20 comprehensive parks (CPs), 32 theme parks (TPs),
7 linear parks (LPs), and 41 roadside green spaces (RGSs).
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2.2. A Method with Which to Infer the Daily UGS Usage of Residents Based on SMTD
2.2.1. Using SMTD to Identify the Number of Residents’ Daily Activities in UGSs

The SMTD were sourced from Sina Weibo, a social media networking platform with
the largest number of users in China [80]. It is a location‑based social network that en‑
courages users to check in constantly and frequently, records users’ daily activity patterns
and behaviors, and depicts users’ daily operations [80,81,92]. Compared with sensor sam‑
pling data sources, such as mobile signaling data and nighttime light data, SMTD, which
have higher geographic accuracy, are more suitable for crowd behavior research. As an
open geodatabase, Weibo text data can be used to crawl the content of texts using Python
to obtain bulk public information data, such as geographic locations, generation times,
text contents, and usernames [93,94]. This study utilized SMTD (363 days from 2 January
to 30 December 2019 [45]) obtained by crawling through the Sina Weibo application pro‑
gramming interface (API) in batches in March 2020. Within the administrative boundary
of Xiamen, 2,182,450 points of data were collected. The data were preprocessed via the
following two steps: (1) duplicate or invalid records, such as BOM characters, plain space
statements, etc., were eliminated [81], and (2) users whose registration location was not
Xiamen were screened out. Finally, 67,765 points of SMTD collected over 363 days from
100 UGSs in the Xiamen area were identified, and all the information was geo‑digitized.

2.2.2. Identifying the Types of Resident Activities in UGSs Using NLP Text
Classification Methods

Gehl considered the series of activities that people perform in a space as the basic
element that determines the vitality of urban space [95]. According to Gehl’s theory of
outdoor space, activities can be classified into three types, namely necessary, optional, and
social activities [95]. Necessary activities in UGSs, such as commuting to get to or from
work, largely offer no choices for participants, and such activities have little to do with
UGS planning and design. However, non‑essential activities (optional activities, social
activities) are the main activities in UGSs and the focus of this research.

Optional activities are those that occur when people have the will to participate and
the external conditions are suitable and attractive, such as walking, sunbathing, and exer‑
cising. Social activities, on the other hand, are activities that depend on the participation
of others in a public space. They can be called “resultant” activities, because, in most cases,
they are developed from the other two types of activities; thus, social activities are of higher
rank than optional activities.

Two methods were used to classify specific activities based on Gehl’s theory of out‑
door space. The first method was classification based on the purpose and manner of peo‑
ple’s activity. If people come to a park to accomplish a certain task, such as to buy some‑
thing, take their children to school, etc., then they are performing a necessary activity. If
people come to a park to enjoy the outdoor environment and atmosphere of the place, such
as to walk, see the scenery, etc., then they are engaging in an optional activity. If people
come to a park to interact and communicate with others, such as to play games, chat, etc.,
then they are engaging in a social activity. The second method was classification based on
the degree of people’s dependence on the physical built environment: necessary activities
are not influenced by the environment, while optional and social activities are closely re‑
lated to the built environment. Thus, the daily activities of residents were classified into
three specific types, namely necessary, optional, and social activities (Table A1).

There were three steps for the identification of the types of resident activities in UGSs
using natural language processing (NLP) classification methods. First, 10,000 SMTD were
manually labeled according to the resident activity types (represented in Table A1) to form
amachine learning training sample called “text‑resident activity”. Later, the ERNIE 3.0 pre‑
training classificationmodel was loadedwith the “text‑resident activity”machine learning
training samples, allowing the machine to build a multi‑layer NLP model and learn to au‑
tomatically analyze the relationships between the potential resident activity types and the
text. Finally, based on the pre‑training model, the texts in the UGSs identified as described
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in Section 2.2.1 were predicted and were divided into optional activities, social activities,
necessary activities, and non‑activities, according to the recognition results. The predic‑
tion results were then saved. The study samples and code are provided at https://figsha
re.com/articles/dataset/Classifier_of_human_behavioral_activities/21342024, accessed on
1 February 2023. An example of the classification is provided in Table A2.

2.2.3. Identifying the Sentiments of Resident Activities in UGSs Using NLP Text
Classification Methods

The quantification of the sentiments of UGS residents was performed using the Baidu
ERNIE NLP deep learning classifiers. The open‑access model SKEP based on ERNIE 3.0
was used to analyze the sentiments [96]. First, the pre‑trained model dataset was used to
build a learning platform based on sentiment knowledge. Then, 10,000 points of SMTD
were manually labeled with sentiments. Machine learning based on pre‑trained samples
teaches computers how to quantify sentiments in SMTD [97]. Unlike scoring methods,
such as sentiment dictionaries and cloud sentiment analysis [89], the localized SKEP
method is similar to human subjective thinking, and the method is reproducible. The over‑
all sentiment index of a UGS was constructed by calculating the average of the sentiment
scores of the SMTD in that UGS. The advantage of this method is that the calculated senti‑
ment of the UGS is related to each point of SMTD in the city, and any change in the data
will cause a corresponding change in the average. The sentiment scores of the social media
text had a range of [0, 1]. The actual meaning of the index is as follows: an increase of 0.01
indicates a 1% increase in the positive park sentiment of SMTD; the closer the value is to 1,
the more positive the overall sentiment of the park [89,97]. The sentiment analysis prepro‑
cessing model has been shared at https://doi.org/10.6084/m9.figshare.21524391, accessed
on 1 May 2023.

2.3. Environment Variable Collection
(1) Control variables

The daily UGS usage of residents is influenced by a number of variables indirectly
related to the site’s internal environmental and external urban form. Thus, it is necessary
to use control variables to provide more accurate statistics on the relationships between
the site’s internal environment and external urban form and the touring experience of res‑
idents’ daily activities. According to Giles‑Corti et al. (2005), the area of a UGS affects the
number of users (Table 1). Therefore, the area of the UGS [34] was selected as the control
variable, and the data were derived from the current land‑use map of Xiamen from 2019.

(2) Internal environmental factors

The daily UGS usage of residents may be affected by some internal environmental fac‑
tors of UGSs. According to the expected link between environmental factors within UGSs
and the daily UGS usage of residents summarized in Table 1 [36,41,55],
hydrophilicity [31,34,37–44], historical and cultural facilities [31,39], the green area
ratio [4,36,39,43,46,47,51–54], and lighting facilities [13,31,39,41,43,52,55–58] were selected
as variables thatmay have an impact on residents’ daily behavior. These variables quantita‑
tively describe the internal environment ofUGSs. Table 2 provides the calculationmethods
for these internal environmental elements of UGSs.

(3) External urban form factors

Previous studies have shown that urban form inequities may cause differences
in the daily UGS usage of residents [59,98]. Therefore, the possible factors linking
the urban form factors of UGSs with the UGS usage of residents were screened
according to Table 1. The three urban form variables of the number of public security
facilities [7,19,31,53,55,59–64]within 1 kmof the site [99], the proportion of the floating pop‑
ulation [8,18,63,65–70], and the population density [32] were selected to measure whether
the urban built environment is spreading and fragmented. These indicators were calcu‑
lated using point‑of‑interest (POI) data compared to the current land‑use map from 2019.

https://figshare.com/articles/dataset/Classifier_of_human_behavioral_activities/21342024
https://figshare.com/articles/dataset/Classifier_of_human_behavioral_activities/21342024
https://doi.org/10.6084/m9.figshare.21524391
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Table 2 provides the calculation methods for these urban form factors. The descriptive
statistics for all these variables are presented in Table 3.

Table 2. The definitions of the variables.

Variable Hierarchy Variable Method

Dependent variables

Y1 Total daytime activities Extract the number of daytime activities in Xiamen between
06:00 and 18:00 based on SMTD; see Section 2.2.1.

Y2 Total nighttime activities Extract the number of nighttime activities in Xiamen between
18:00 and 06:00 based on SMTD; see Section 2.2.1.

Y3 Intensity of daytime optional activities Extract the number of optional activities in Xiamen between
06:00 and 18:00 based on SMTD; see Section 2.2.2.

Y4
Intensity of nighttime
optional activities

Extract the number of optional activities in Xiamen between
18:00 and 06:00 based on SMTD; see Section 2.2.2.

Y5 Intensity of daytime social activities Extract the number of social activities in Xiamen between
06:00 and 18:00 based on SMTD; see Section 2.2.2.

Y6 Intensity of nighttime social activities Extract the number of social activities in Xiamen between
18:00 and 06:00 based on SMTD; see Section 2.2.2.

Y7 Daytime touring experience
Extract all social media text in Xiamen between 06:00 and
18:00 according to SMTD and rate the sentiments; see
Section 2.2.3.

Y8 Nighttime touring experience
Extract all social media text in Xiamen between 18:00 and
06:00 according to SMTD and rate the sentiments; see
Section 2.2.3.

Control variable X1 Site area (hm2) Extract the UGSs of Xiamen and calculate their sizes according
to the current state map of land use in Xiamen in 2019.

Internal site
environmental factors

X2 Hydrophilicity Carry out on‑the‑spot investigation to determine whether the
site contains water or is adjacent to water; yes = 1, no = 0.

X3 Historical and cultural facilities

According to the 2019 AMAP POI data, calculate the number
of historical and cultural facilities inside the UGS (such as
historical and cultural sites, memorials, museums, art
galleries, temples, ruins, memorial statues, etc.).

X4 Green area ratio

According to the current state map of land use in Xiamen
from 2019, and in combination with remote sensing images,
calculate the following: UGS green area ratio = green area in
remote sensing images/total UGS site area on the current map.

X5 Lighting facilities

Field investigation lighting evaluation classification: 1 = dark
(no streetlights planned), 2 = dark (only sporadic streetlights),
3 = neutral (medium‑brightness streetlights), 4 = bright
(planned lights), 5 = bright (with complete night lighting,
facilities, and lighting landscape).

External urban form factors

X6 Public security
According to the 2019 AMAP POI data, calculate the number
of public security facilities within 1 km of the site (such as
police stations, police offices, public security bureaus, etc.).

X7 Proportion of the floating population

According to Xiamen’s 2019 public security survey data,
calculate the following: total number of the floating
population within 1 km around the site/total number of
permanent residents within the range.

X8 Population density (people/m2)
According to Xiamen’s 2019 public security survey data,
calculate the following: total number of the population within
1 km of the site/area of the 1 km buffer zone around the site.

Table 3. The descriptive statistics of the variables.

Variable N Minimum Value Maximum Value Average Value Standard Deviation

X1 Area 100 2.47 1112.40 39.03 128.79
X2 Hydrophilicity 100 0.00 1.00 0.63 0.49
X3 Historical and cultural facilities 100 0.00 21.00 0.78 2.63
X4 Green area ratio 100 0.06 0.32 0.18 0.05
X5 Lighting facilities 100 1.00 5.00 1.97 0.70
X6 Public security 100 0.00 20.00 2.91 3.92
X7 Proportion of the floating population 100 0.08 0.88 0.55 0.20
X8 Population density 100 0.00 0.04 0.01 0.01

Valid N 100

2.4. Statistical Models
First, linear regression models were used to determine whether the internal environ‑

mental factors and external urban form factors significantly affect residents’ daily UGS
usage. A total of eight linear regression models were used to assess the degrees of associ‑
ation between the total number of daily activities, daily optional and social activities, and
residents’ daily touring experience (a total of eight dependent variables) and seven inde‑
pendent variables (four internal site environment variables and three external urban form
variables). Among them, the dependent variables of the daily touring experience and the
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intensities of optional and social activities ensured that there were more than 20 total ac‑
tivities in each UGS in the daytime and nighttime. Control variables were included in the
model to explain the variation unrelated to the urban form. Furthermore, the daily UGS
usage of residents is not only related to factors in the UGS itself but may also be related
to the type of park of the UGS; on this basis, the intra‑class correlation coefficient (ICC)
was calculated to test for differences in the dependent variables brought about by different
park types.

3. Results of the Characterization and Correlation Analysis of UGS Usage
3.1. Total Daily Activities in UGSs
3.1.1. Feasibility Analysis of the Use of SMTD to Study the Total Daily Activities of
Residents in UGSs

Real‑time andmonth‑by‑month people flowdatawere selected to verify the reliability
of the use of SMTD to study the total daily activity of residents. These data were sourced
from the statistics of the management of the sampled parks. The real‑time people flow
(January, March, June, and September 2019) andmonth‑by‑month people flow (12months
in 2019) of the sampled parks were analyzed separately from the of number SMTD points
in the UGS. The verification results reveal that the SMTD points were highly consistent
with the park people flow data. The correlation between the month‑by‑month people flow
and the number of SMTD points was R2 = 0.813, and the correlation between the real‑time
people flow and the number of SMTD points was R2 = 0.807. This confirms that the spatial
distribution of the total daily activities of residents can be adequately speculated by using
SMTD.

3.1.2. Spatial and Temporal Distribution Characteristics of the Total Daily Activities of
Residents in UGSs

Based on SMTD calculation, Figures 3 and 4 respectively present the estimated total
daytime and nighttime activities of residents in the UGSs. In general, 59.94% of the total
resident activities in the UGSs occurred during the day.
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Regarding the effect of the park type on the total number of resident activities, dur‑
ing the daytime, the highest number of total resident activities was found to occur in TPs,
followed by CPs and LPs. The total number of resident activities increased significantly
in CPs at night, second only to that in TPs (Figure 3), and the residents had a significantly
higher touring experience in integrated and specialized parks than in RGSs. The park with
the highest total number of activities was found to be the Xiamen Botanical Garden (TP).

3.1.3. Effects of the Internal Environment and External Urban form Factors on the Total
Daily Activities of Residents in UGSs

According to the method described in Section 2.3, the internal environment and the
external urban form factors in UGSs were calculated, and the descriptive statistics are re‑
ported in Table 3. Then, according to the method described in Section 2.4, the linear regres‑
sion models were found to have a significance level (p‑value) of less than 0.001, indicating
the predictive power of the models. After adjustment, the R2 values of all linear regression
models ranged from 0.755 to 0.835. All the regression models had low multicollinearity,
and the variance inflation factor (VIF) was less than 1.6 [100–102]. The regression model
reveals that there were correlations between the internal environment and external urban
form of UGSs with the total daily activities of residents in Xiamen (Table 4). Table 4 only
reports the percentage changes of the variables that are significant at p < 0.05. Figure 5
shows the variables that are significant at p < 0.05 and the strengths of their effects.

Table 4. The linear regression analysis of the built environment and the total daily activities of resi‑
dents (non‑standardized regression coefficient B).

Index Model 1 for Y1
(Total Daytime Activities)

Model 2 for Y2
(Total Nighttime Activities)

ICC for park type ‑ ‑
X1 Area 3.679 *** 1.929 ***
X2 Hydrophilicity ‑ ‑
X3 Historical and cultural facilities 248.549 *** 128.168 ***
X4 Green area ratio ‑ ‑
X5 Lighting facilities / 180.903 ***
X6 Public security ‑ ‑
X7 Proportion of the floating population ‑ −453.600 *
X8 Population density 16,242.073 ** 10,924.166 **

Adjusted R2 0.835 0.755
N 100 100

Note: *** represents significance at the 0.001 level; ** represents significance at the 0.01 level; * represents signifi‑
cance at the 0.05 level; “‑” represents p > 0.05; and “/” indicates that no analysis was conducted.
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3.2. Types of Daily Activities
3.2.1. Feasibility Analysis of the Use of SMTD to Study the Types of Daily Activities of
Residents in UGSs

To verify the reliability of the use of SMTD to identify residents’ activities, 16 UGSs
were randomly selected from the 100 UGSs as a sample to conduct a sample line survey
(including parks of different types, sizes, and locations to ensure the representativeness of
the sample). A field survey was conducted on weekdays from 11 November to 28 Novem‑
ber 2019, between 12:00–14:00 and 18:00–20:00, and the number of participants of optional
and social activities in each UGS was recorded. The data obtained from the sample line
survey were correlated with the SMTD. The validation results showed that the optional
daytime and nighttime activities of residents indicated by the SMTD were consistent with
the actual activity data of residents (the correlation between the number of optional ac‑
tivities and the number of points of SMTD for optional activities was R2 = 0.709, and the
correlation between the number of social activities and the number of data points for so‑
cial activities was R2 = 0.646). This confirms that the spatial distributions of different daily
activities of residents can be inferred by the use of SMTD.

3.2.2. Spatial and Temporal Distribution Characteristics of the Types of Resident Daily
Activities in UGSs

Based on SMTD calculation, Figures 6 and 7, respectively, present the estimated in‑
tensities of the optional and social activities of residents in the UGSs. In general, 61.68%
of optional activities occurred during the day, with the period of 13:00 to 14:00 having
the highest intensity of optional activities at 6.32%. Moreover, 55.47% of social activities
occurred at night, with the period of 22:00 to 23:00 having the highest intensity of social
activities at 10.02% (Figure 6).

Regarding the park types, the Xiamen Botanical Garden (TP) had the highest intensi‑
ties of optional and social activities during the daytime, as well as the highest intensity of
optional activities at night. The park with the highest intensity of social activities at night
was found to be Haiwan Park (CP).

3.2.3. Effects of the Internal Environment and External Urban form Factors on the Types
of Resident Daily Activities in UGSs

As in Section 3.1.3, the linear regression models were validated with p‑values of less
than 0.001, indicating the predictive power of the models. After adjustment, the R2 values
of all the linear regression models ranged from 0.100 to 0.851. All the regression models
had low multicollinearity, and the VIF was less than 1.6 [100–102]. The regression model
shows that there were correlations between the internal environment and external urban
form of UGSs and the types of daily activities of residents in Xiamen (Table 5). The ICC re‑
sults indicate that the intensity of the daily spontaneous activity of residents varied greatly
between park types. Table 5 only reports the percentage changes of the variables that are



Forests 2023, 14, 1569 13 of 24

significant at p < 0.05. Figure 5 shows the variables that are significant at p < 0.05 and the
strengths of their effects.
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Table 5. The linear regression analysis of the built environment and the types of resident daily activ‑
ities (non‑standardized regression coefficient B).

Index
Model 3 for Y3

(Daytime
Optional Activities)

Model 4 for Y4
(Nighttime

Optional Activities)

Model 5 for Y5
(Daytime

Social Activities)

Model 6 for Y6
(Nighttime

Social Activities)

ICC for park type 0.056 * 0.051 * ‑ ‑
X1 Area 0.812 *** 0.400 *** 0.030 *** 0.036 *
X2 Hydrophilicity ‑ ‑ ‑ ‑
X3 Historical and cultural facilities 94.689 *** 45.373 *** 1.067 *** ‑
X4 Green area ratio ‑ ‑ ‑ ‑
X5 Lighting facilities / 57.864 ** / ‑
X6 Public security ‑ ‑ ‑ ‑
X7 Proportion of the floating population ‑ −206.865 ** ‑ −32.555 **
X8 Population density ‑ ‑ 204.763 ** ‑

Adjusted R2 0.851 0.770 0.567 0.100
N 72 72 72 72

Note: *** represents significance at the 0.001 level; ** represents significance at the 0.01 level; * represents signifi‑
cance at the 0.05 level; ”‑” represents p > 0.05; and “/” indicates that no analysis was conducted.

3.3. Daily Touring Experience
3.3.1. Feasibility Analysis of the Use of SMTD to Study the Daily Touring Experience of
Residents in UGSs

To verify whether using SMTD to study the touring experience of residents in UGSs
is reliable, a publicly available dataset was first used to verify whether the ERNIE NLP
classification method accurately identified the evaluated sentiment in texts. The results of
the comparison with the manually annotated public Chinese corpus (https://console.bce.
baidu.com/ai/#/ai/nlp/sentiment/dict/list, accessed on 24 May 2022.) show that the classifi‑

https://console.bce.baidu.com/ai/#/ai/nlp/sentiment/dict/list
https://console.bce.baidu.com/ai/#/ai/nlp/sentiment/dict/list
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cation accuracy of the localized SKEPmodel was 95.8%. The accuracy and recall of positive
sentiment classification were 95.7 and 96.4%, respectively, and the accuracy and recall of
negative sentiment classification were 96% and 95.1%, respectively. This indicates that the
sentiment classification results are reliable.

3.3.2. Spatial and Temporal Distribution Characteristics of the Daily Touring Experience
of Residents in UGSs

Based on SMTD calculation, Figures 8 and 9 respectively present the estimated total
touring experience of residents in UGSs. Overall, there were large fluctuations in residents’
touring experiences throughout the day; the experience of visiting a UGS was higher at
03:00 and worse at 19:00–20:00. In terms of park types, residents had a significantly higher
touring experience in CPs and TPs than in RGSs. the park with the best resident mood
during the day was Xueling Park (TP), while that with the worst resident mood was the
green space on the east side of Guanxunxi Road (RGS). The park with the best resident
mood at night was Yanwei Mountain Ecological Park (TP), while that with the worst mood
was the green space on the west side of Xin’ao Road (RGS).

Forests 2023, 14, x FOR PEER REVIEW 15 of 25 
 

 

X3 Historical and cultural fa-
cilities 

94.689 *** 45.373 *** 1.067*** - 

X4 Green area ratio - - - - 
X5 Lighting facilities / 57.864 ** / - 
X6 Public security - - - - 

X7 
Proportion of the floating 

population - −206.865 ** - −32.555 ** 

X8 Population density - - 204.763 ** - 
 Adjusted R2 0.851 0.770 0.567 0.100 
 N 72 72 72 72 

Note: *** represents significance at the 0.001 level; ** represents significance at the 0.01 level; * rep-
resents significance at the 0.05 level; ”-” represents p > 0.05; and “/” indicates that no analysis was 
conducted. 

3.3. Daily Touring Experience 
3.3.1. Feasibility Analysis of the Use of SMTD to Study the Daily Touring Experience of 
Residents in UGSs 

To verify whether using SMTD to study the touring experience of residents in UGSs 
is reliable, a publicly available dataset was first used to verify whether the ERNIE NLP 
classification method accurately identified the evaluated sentiment in texts. The results of 
the comparison with the manually annotated public Chinese corpus show that the classi-
fication accuracy of the localized SKEP model was 95.8%. The accuracy and recall of pos-
itive sentiment classification were 95.7 and 96.4%, respectively, and the accuracy and re-
call of negative sentiment classification were 96% and 95.1%, respectively. This indicates 
that the sentiment classification results are reliable. 

3.3.2. Spatial and Temporal Distribution Characteristics of the Daily Touring Experience 
of Residents in UGSs 

Based on SMTD calculation, Figures 8 and 9 respectively present the estimated total 
touring experience of residents in UGSs. Overall, there were large fluctuations in resi-
dents’ touring experiences throughout the day; the experience of visiting a UGS was 
higher at 03:00 and worse at 19:00–20:00. In terms of park types, residents had a signifi-
cantly higher touring experience in CPs and TPs than in RGSs. the park with the best res-
ident mood during the day was Xueling Park (TP), while that with the worst resident 
mood was the green space on the east side of Guanxunxi Road (RGS). The park with the 
best resident mood at night was Yanwei Mountain Ecological Park (TP), while that with 
the worst mood was the green space on the west side of Xin’ao Road (RGS).  

 
Figure 8. The touring experience of residents in the UGSs at different times of the day. Figure 8. The touring experience of residents in the UGSs at different times of the day.

Forests 2023, 14, x FOR PEER REVIEW 16 of 25 
 

 

  
(a) (b) 

Figure 9. The daily touring experience of residents in the UGSs: (a) daytime touring experience and 
(b) nighttime touring experience. 

3.3.3. Effects of the Internal Environment and External Urban Form Factors on the Daily 
Touring Experience of Residents in UGSs 

As in Section 3.1.3, the linear regression models were validated with p-values of less 
than 0.001, indicating the predictive power of the models. After adjustment, the R2 values 
of all linear regression models ranged from 0.169 to 0.212. All the regression models had 
low multicollinearity, and the VIF was less than 1.6 [101–103]. The regression model 
shows that there were correlations between the internal environment and external urban 
form of UGSs and the daily touring experience of residents in Xiamen (Table 6). The ICC 
results indicate that the daily touring experience of residents varied greatly between park 
types. Table 6 only reports the percentage changes of the variables that are significant at 
p < 0.05. Figure 5 shows the variables that are significant at p < 0.05 and the strengths of 
their effects. 

Table 6. The linear regression analysis of the built environment and the daily touring experience of 
residents (non-standardized regression coefficient B). 

 Index 
Model 7 for Y7 

(Daytime Touring Experi-
ence) 

Model 8 for Y8  
(Nighttime Touring Experi-

ence) 
 ICC for park type 0.241 *** 0.099 ** 

X1 Area - - 
X2 Hydrophilicity - - 
X3 Historical and cultural facilities - 0.009 ** 
X4 Green area ratio 0.415 * - 
X5 Lighting facilities / - 
X6 Public security - 0.008 *** 

X7 
Proportion of the floating popu-

lation 
−0.130 * - 

X8 Population density - - 
 Adjusted R2 0.169 0.212 
 N 72 72 

Note: *** represents significance at the 0.001 level; ** represents significance at the 0.01 level; * rep-
resents significance at the 0.05 level; “—” represents p > 0.05; and “/” indicates that no analysis was 
conducted. 

  

Figure 9. The daily touring experience of residents in the UGSs: (a) daytime touring experience and
(b) nighttime touring experience.



Forests 2023, 14, 1569 16 of 24

3.3.3. Effects of the Internal Environment and External Urban Form Factors on the Daily
Touring Experience of Residents in UGSs

As in Section 3.1.3, the linear regression models were validated with p‑values of less
than 0.001, indicating the predictive power of the models. After adjustment, the R2 values
of all linear regression models ranged from 0.169 to 0.212. All the regression models had
lowmulticollinearity, and the VIFwas less than 1.6 [100–102]. The regressionmodel shows
that there were correlations between the internal environment and external urban form of
UGSs and the daily touring experience of residents in Xiamen (Table 6). The ICC results
indicate that the daily touring experience of residents varied greatly between park types.
Table 6 only reports the percentage changes of the variables that are significant at p < 0.05.
Figure 5 shows the variables that are significant at p < 0.05 and the strengths of their effects.

Table 6. The linear regression analysis of the built environment and the daily touring experience of
residents (non‑standardized regression coefficient B).

Index
Model 7 for Y7

(Daytime
Touring Experience)

Model 8 for Y8
(Nighttime

Touring Experience)

ICC for park type 0.241 *** 0.099 **
X1 Area ‑ ‑
X2 Hydrophilicity ‑ ‑
X3 Historical and cultural facilities ‑ 0.009 **
X4 Green area ratio 0.415 * ‑
X5 Lighting facilities / ‑
X6 Public security ‑ 0.008 ***
X7 Proportion of the floating population −0.130 * ‑
X8 Population density ‑ ‑

Adjusted R2 0.169 0.212
N 72 72

Note: *** represents significance at the 0.001 level; ** represents significance at the 0.01 level; * represents signifi‑
cance at the 0.05 level; “‑” represents p > 0.05; and “/” indicates that no analysis was conducted.

4. Discussion
4.1. Using SMTD to Study Daily UGS Usage

Traditional daily UGS usage research has been difficult to carry out due to the lim‑
itation of data acquisition. The data used in previous studies either had low spatial res‑
olution (or fuzzy classification) or lacked high‑resolution information. For example, the
use of questionnaires to survey residents’ activities [31] can incur high costs and face prob‑
lems associated with sample size limitations. While Yu et al. (2021) studied changes in
the intensity of residents’ activities via changes in the brightness of nighttime light [72], it
is difficult to separate lighting data from many unrelated light source areas, such as high‑
ways. Xiao et al. (2019) used mobile signaling data to survey resident activity; however,
due to the distance limitations of signal base station erection and signal reception, if a UGS
is small and a neighborhood has both residential homes and commercial facilities, the base
station may not be able to accurately distinguish whether the user is in the UGS, and can
only consider UGSs larger than 10 hectares [18]. Shen and Hu (2020) used Wi‑Fi probe
data to study resident activity. Although this approach could and did meet the need for
high accuracy in small‑scale UGSs, it required the acquisition of data from a single park
by building a self‑designed LAN environment [51,71]. To address these issues, the present
study proposed a new data collection method to analyze the daily UGS usage of residents
in UGSs by using location‑based SMTD. A dataset of the distribution of the daily activi‑
ties of Xiamen residents was constructed using SMTD and a pre‑trained model based on
ERNIE 3.0, a machine learning‑based text classification method. The method has the ad‑
vantage of being able to accurately characterize the spatial and temporal distributions of
daily UGS usage via large‑scale access to SMTD that record spatial and temporal informa‑
tion about users. Based on the accuracy validation, the proposed method can be used to
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characterize the spatial and temporal patterns of the distribution of residents’ daily UGS
usage and can reveal the factors that influence the intensities, types, and touring experi‑
ence of activities. Taking Xiamen as an example, the proposed method was used to find
the different characteristics of residents’ activities in UGSs. The total number of activities
peaked at 15:00 during the day and began to increase again at 19:00 at night. Regarding
the activity type, optional activities peaked earlier at 13:00 and varied significantly by park
type, and social activities increased sharply at 18:00 and peaked at 22:00. In terms of the
touring experience, the peak of residents’ touring experience in a day was found to be at
03:00 at night, and the experience in RGSs was the worst.

In combination with ICC, the intensity of the daily activities of residents in TPs was
found to be higher than that in the other three types of parks, especially during the day‑
time. At night, the intensity of the activities of residents in CPs increased significantly. This
is because TP attractions, such as the Xiamen Botanical Garden, Shuzhuang Garden, and
Sunlight Rock Park, are closed at night, and most tourist attractions close by 18:00, which
limits nighttime leisure behavior [1]. In contrast, most of the CPs, LPs, and RGSs are open
24 h a day, which allows them to attract more residents at night. It was also found that
the touring experiences of residents in CPs and TPs were significantly higher than those of
residents in RGSs. Themain reason for thismay be the differences in the function and qual‑
ity of different types of parks [35]. In contrast to CPs, TPs, and LPs, which are high‑grade
parks in citieswith high investments, long histories, rich content, and good facilities for res‑
idents to start various outdoor activities, RGSs are located next to urban road sites; thus, it
is difficult for them to provide better experiences and positive emotions for residents, both
during the day and at night.

4.2. Impact of the Built Environment on Daily UGS Usage
4.2.1. Total Daily Activities

It was found that the total daily activities of residents in UGSs were significantly in‑
fluenced by historical and cultural facilities, as well as population density. Sites with more
historical and cultural facilities inside the premises have a stronger cultural atmosphere
and are more likely to enhance residents’ interest in participating in activities [39]. It was
also found that historical and cultural facilities are the explanatory variable for environ‑
mental factors with the greatest impact on UGS usage other than the control variables; for
every standard deviation increase in historical and cultural facilities, there is an increase
of 0.60 standard deviations in the total number of resident activities during the daytime,
and an increase of 0.53 standard deviations in the total number of resident activities at
nighttime. Moreover, population density was found to have a significant effect on the pro‑
motion of the total number of residents’ daily activities, as a denser population around the
venue has the effect of attracting people to enter [32].

In addition, nighttime lighting and the proportion of the floating population have
significant impacts on the total number of residential activities at night. Nighttime lighting
plays a significant role in promoting residents’ activities at night, and having sufficient
lighting facilities in a place not only enhances the aesthetics of the landscape at night [31]
but also increases residents’ sense of security [55]. In contrast, the settlement space of the
floating population is not conducive to promoting nighttime activities in UGSs, and the
urban life of the floating population is, to some extent, centered around work, which is
more monotonous and characterized by fewer recreational activities [65].

4.2.2. Optional and Social Activities
The built environment impacts of the types of activities, especially optional activities,

are essentially the same as those of the total number of activities. Based on the type of
resident activity, during the daytime, optional activities were significantly influenced by
historical and cultural facilities, and social activities were significantly influenced by his‑
torical and cultural facilities and population density. It was found that for every standard
deviation increase in historical and cultural facilities, there is an increase of 0.71 standard
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deviations in daytime optional activities and an increase of 0.35 standard deviations in
daytime social activities. Moreover, social activities were found to be significantly affected
by population density; places where people gather tend to attract more commercial and
entertainment venues, which can enrich people’s social activities and thus increase the at‑
tractiveness of the venue [32,103].

Regarding nighttime activities, not only are optional activities influenced by historical
and cultural facilities, but nighttime lighting and the proportion of the floating population
also play a role. Nighttime lighting plays a significant role in promoting residents’ op‑
tional activities at night. It was found that nighttime lighting is second only to historic
and cultural facilities in its impact on nighttime optional activities, with each additional
standard deviation increasing nighttime optional activities by 0.20 standard deviations.
However, nighttime social activities are not influenced by the intensity of nighttime light‑
ing. In addition, the proportion of the floating population is the only environmental factor
explanatory variable that was found to influence nighttime optional activities; each one
standard deviation increase in the proportion of the floating population was found to de‑
crease the nighttime optional activity by 0.30 standard deviations. It is worth noting that
unlike during the day, historical and cultural facilities do not have a significant effect on
nighttime social activities. This is probably because, at night, historical and cultural facil‑
ities are in a dimmer environment, thus making it difficult for people to experience the
cultural atmosphere and reducing the motivation to engage in social activities.

4.2.3. Touring Experience
Residents’ touring experience during the daytime was found to be influenced by the

green area ratio and the proportion of the floating population. These results are in line
with those of previous research [45], which found that a higher green space ratio within a
site facilitates the touring experience of daytime residents. The experience of nature pro‑
motes a high level of well‑being [45]; residents are happier with more green space in their
living environment [48,49], and plant elements have a significant positive effect on resi‑
dents’ physical and mental recovery [50]. It was also found that floating population settle‑
ment spaces have a negative effect on the daytime touring experience of residents in UGSs,
which may be because these spaces are commonly found on the outskirts of suburban and
central urban areas. Moreover, floating populations often choose to live in low‑cost loca‑
tions where UGSs have low construction funds and poor quality, making it difficult for
them to meet the recreational needs of residents [97]. The proportion of the floating pop‑
ulation was found to be the only external urban form factor explanatory variable affecting
the daytime touring experience, with each one standard deviation increase decreasing the
daytime touring experience by 0.30 standard deviations.

The touring experience of residents in the evening was found to be influenced only
by historical and cultural facilities and public security factors. Historical and cultural facil‑
ities promote residents’ touring experience at night, and UGSs can create a good cultural
atmosphere that is conducive to improving residents’ touring experience. The public secu‑
rity around a site can have a significant impact on the promotion of the nighttime touring
experience of residents; the overall security of the environment increases the security of
residents’ activities, and a good security environment can also prolong the amount of time
for which residents use the UGS [64]. However, it is interesting to note that a higher green
space ratio was found to have no significant effect on the nighttime touring experience,
which may be because higher greenness increases the sense of danger at night [46], dense
vegetation is not conducive to identifying potential dangers in the environment, and open
spaces are safer for activities in UGSs at night.

5. Conclusions
Studies on residents’ daily UGS usage (including the total number of activities, the

types of activities, and the touring experience) have been difficult to carry out due to the
difficulty of data collection. This study proposed amethod for the analysis of the total num‑
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bers, types, and touring experience of daily activities in UGSs inferred based on SMTD and
the ERNIE 3.0 text pre‑training semantic classification model and used Xiamen as an ex‑
ample. Based on this, regression models were used to analyze the internal environmental
factors and external urban form factors of UGSs that influence the daily UGS usage of resi‑
dents. The research results revealed the following. (1) A study was conducted on the total
numbers, types, and touring experience of the activities of residents using SMTD, and the
results were verified by line transect surveys, management statistics, and a publicly avail‑
able dataset. (2) The number of human activities in UGSs was found to be significantly
influenced by historical and cultural facilities, nighttime lighting, population density, and
the proportion of the floating population. (3) During the daytime, optional activities are
facilitated by the park type and historical and cultural facilities, and social activities are
facilitated by historical and cultural facilities and population density. In the evening, op‑
tional activities are promoted by the park type, historical and cultural facilities, and night‑
time lighting, while the proportion of the floating population inhibits optional activities,
and the proportion of the floating population inhibits social activities. (4) Regarding the
touring experience, in the daytime, the park type and green space ratio have facilitating
effects on the touring experience, while the proportion of the floating population has an
inhibiting effect. In the evening, the park type, historical and cultural facilities, and public
security factors all have significant facilitating effects on residents’ touring experience.

Themethodology and findings of this study can aid in the discovery of planning tools
to promote the daily leisure activities of residents. Under the influence of the concept of
healthy city construction and planning justice, observing and deeply understanding the
different effects of various built environments on the daily UGS usage of residents in UGSs
are of great significance for building a livable environment that promotes activities, and
should be a focus of attention for intervention to residents’ physical and mental health.
To promote residents’ participation in daily activities in UGSs, planning and construction
should consider the needs of the different types of parks and activities of residents, and
should optimize and improve the built environment. Moreover, attention should be paid
to the planning and construction of historical and cultural facilities, the green space ratio,
and nighttime lighting, as well as the quality of UGSs around public rental housing. These
are of great significance for the improvement of residents’ social communication and the
promotion of their health. In the future, research on the influence of long time series and
more types of residents’ activities should be continued, and new research technologies and
frameworks of the urban planning and environmental management of UGSs for residents’
daily activities should also be constantly improved.
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Appendix A

Table A1. The relationship between the types of residents’ activities and SMTD.

Types of Residents’ Daily Activities in UGSs Text Behavior Example

Optional activities

Fitness, cycling, jogging or running, sports, walking, etc.
Drawing, watching movies, reading books, etc.

Seaside tours, sunset observation (nighttime viewing), flower
viewing, enjoying the scenery, getting fresh air, etc.

Going shopping at night markets, etc.

Social activities

Playing badminton or table tennis, square dancing, sports
competitions, group sports, etc.

Partying, playing cards, chatting, children playing, discussions,
jokes and greeting each other, greetings and conversations,

being with children or family, meeting friends, etc.
Dining together, playing board games, eating BBQ, etc.

Necessary activities, other activities, non‑activities

Activities other than the above, such as commuting, shopping
for necessities, working, going to school, etc.; inactive text
(such as emotions, experience exchanges, various news

comments, etc.)

Table A2. Examples of text‑activity classification.

Number Text Classification Result

6095
“一个人逛街一个人爬山感觉真不错”

A person feeling really good about shopping and
climbing a mountain.

Optional activity

13,375 “一个人走走停停”
Walking alone and stopping. Optional activity

12,648 “一个人的旅游观音寺”
A person’s travel to Guanyin Temple. Optional activity

17,039
“没人像我这么拼，大中午来爬山吧”

No one is as hardworking as me, come to climb the
mountain in the middle of the day.

Optional activity

19,081 “美哉！海沧大屏山公园”
Beautiful! Haicang Daping Mountain Park. Optional activity

12,590 “带着妈妈去旅行”
Take Mom on a trip. Social activity

11,879
“和朋友出去散散心，和家人聊聊天，抓住眼前的幸福”
Go out for a walk with friends, chat with family, and

seize the happiness in front of you.
Social activity

22,221 “和朋友跑步跑到海沧，好爽”
Running with friends to Haicang, so cool. Social activity

9825 “和你一起逛情人谷，感觉真独特啊哈哈”
It’s so unique to visit Lover’s Valley with you, haha. Social activity

21,156 “闺蜜出行，开心之旅…”
Girlfriend trip, happy trip... Social activity

9370 “上学是一种乐趣”
Going to school is a pleasure. Necessary activity

42,528 “阳光很灿烂，上班也不错”
The sun is shining and it’s nice to go to work. Necessary activity

249,259 “上医院，坐公交，挤地铁”
Go to the hospital, take the bus, take the subway. Necessary activity
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