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A B S T R A C T

Urban green spaces are vital for promoting physical activity and have a recognised positive impact on public 
health. Research consistently shows high levels of physical inactivity among adolescents, with their exercise 
habits influencing future travel behaviours. While most studies focus on neighbourhood settings, this study 
explores university campuses in China. Unlike Western campuses, Chinese universities are typically enclosed by 
physical walls, presenting unique spatial dynamics. This research involved a survey of 811 students across ten 
universities in Guangzhou, employing the International Physical Activity Questionnaire (IPAQ) to assess their 
levels of physical activity. To evaluate greenery from a pedestrian’s perspective, we applied a deep learning 
semantic analysis of street-view images. This method is consistent with human visual experience, providing a 
novel way to analyse campus green spaces. A multilevel linear regression model was used to explore the link 
between green space exposure and student physical activity within these enclosed environments. The findings 
indicate a significant positive correlation between accessible green spaces at eye-level and students’ physical 
activity. In addition, active travel behaviours, such as walking, correlate positively with greater physical activity 
among students. However, our study found no significant connection between green spaces analysed via remote 
sensing and student activity levels. These insights underscore the importance of integrating green spaces into 
urban planning to foster healthier communities.

1. Introduction

In recent years, insufficient physical activity (PA) has become a 
widespread global concern, which poses a severe threat to public health 
[16]. Approximately one-third of the global population falls short of 
achieving sufficient levels of PA [30]. This issue is particularly pro
nounced in China, where weekly PA levels among adults decreased by 
31 % between 1991 and 2011 [59]. Numerous studies have linked 
physical inactivity to declines in physical function and increased rates of 
preventable deaths [6,31,79]. Environmental improvement has been 
proven to offer a useful means of promoting PA and therefore addressing 
this issue [62]. Urban green spaces, such as parks and green corridors, 
can provide attractive settings for participating in PA [56,86]. Extensive 
research has established the role of green spaces in promoting PA [66,

71,81,91], with studies highlighting increased engagement in walking 
and cycling due to green environments [4,15,19]. A study by Li et al. 
[50] demonstrates how large-scale greenway interventions, like those 
implemented in Wuhan, China, significantly decrease sedentary 
behaviour, suggesting that the design of urban environments can play a 
crucial role in promoting more active lifestyles. However, despite 
extensive studies into their correlation, findings about the impact of 
green space on PA still remain inconsistent [42]. Most prior research has 
affirmed that green space has a beneficial impact on the frequency of PA 
[54,74]. For instance, Almanza et al. [3] found that children who had 
>20 min of green space exposure per day engaged in significantly more 
physical activity than those who had no exposure to green space. 
However, some scholars have reported a negative association between 
green space exposure and physical activity [36,60]. For example, a study 
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conducted by Hillsdon et al. [36] in Norwich, in the UK, reported no 
definitive association between exposure to greenery and recreational 
activity. Meanwhile, Kaczynski et al. [40] identified that neither the size 
of, nor distance to green space significantly affect levels of PA. Addi
tionally, much of the research has focused on residential or workplace 
environments as study sites [10,82,85], but fewer studies have investi
gated unique settings such as university campuses, particularly enclosed 
environments such as those in China, where green spaces may play 
distinct roles.

We found at least four types of potential research gaps in our study of 
the existing literature. Firstly, PA is not solely confined to neighbour
hood settings, but could also take place in distinct locales, such as 
workplaces [82] and educational institutions [87]. Bai et al. [4] exam
ined the impact of green spaces on active travel behaviours within 
university campuses, and Yang et al. [87] used Hong Kong as a case 
study with which to investigate the link between green space around 
schools and pupils’ PA. Nevertheless, substantial disparities exist be
tween university campuses in China and their counterparts in Western 
nations. In China, many university campuses operate as self-contained 
environments which are often referred to as ‘enclosed campuses’. It is 
not uncommon for university campuses in China to be planned and 
constructed as separate living spaces isolated by boundary walls due to 
management and historical reasons [70]. These are physically enclosed 
by boundary walls or fences, with entry and exit points regulated by 
security personnel. Within these campuses, students have access to 
essential facilities such as dormitories, teaching buildings, libraries, 
sports complexes, dining halls, and commercial amenities. Dormitories 
are provided on gated campuses at a cost well below market rates due to 
government subsidies, thus ensuring that students can enjoy good living 
conditions [70]. Daily activities, including commuting, studying, exer
cising, and socialising, are largely confined to the campus premises. 
While students can leave campus, movement is typically subject to 
institutional rules or permission protocols, particularly during events 
like public health emergencies. Consequently, this level of spatial 
enclosure directly influences patterns of accessibility, mobility, and 
physical activity among students. For example, the frequency of 
off-campus travel among Chinese university students was half that of 
Thai and American university students on average [12,51,90]. There
fore, studying the environmental factors that influence PA in a particular 
setting can contribute to the health of the university population. How
ever, while most studies have focused on students in open university 
settings [5,68,76], research into PA behaviour on enclosed campuses 
remains scarce [90].

Secondly, there is a notable gap in research concerning the built 
environment factors associated with physical activity (PA) among ado
lescents. According to the World Health Organisation [80], the majority 
of young people are not achieving the recommended minimum levels of 
PA. Furthermore, the Centers for Disease Control and Prevention (CDC) 
[11] claims that over half of university students in the United States are 
physically inactive, with approximately one-third of them never 
engaging in exercise. Furthermore, it is widely acknowledged that the 
PA habits developed during this period of life will also determine a 
person’s level of PA after they graduate from university [38]. Similarly, 
it is essential to gain a better understanding of the travel behaviour of 
university students in order to predict future travel patterns and develop 
transport facilities [93]. The travel habits formed during an individual’s 
school and university years are likely to influence their future travel 
patterns [58,73]. For example, the behavioural habits that students form 
during their time at university may have a significant effect on deter
mining their attitudes towards travel after graduation, thus influencing 
their future travel behaviour [67], and providing the motivation for this 
study to concentrate on exploring the link between PA among university 
students and built environment factors.

A third factor contributing to inconsistencies is the variability in the 
relationship between green space and PA, which is influenced by the 
measurement methods employed. Traditionally, remote sensing has 

commonly been used to measure green spaces in studies [34,52]. 
However, these top-down views from remotely sensed images may not 
accurately represent how green spaces are perceived at eye level [4,18,
55,75]. For example, in some commercial streets tree canopy may be 
dense but not visible from street level, as it may be obscured by build
ings. Consequently, eye-level measurements obtained using street-view 
images provide a more precise evaluation of green spaces that can be 
used for studying their impact on PA. Although both street-view and 
satellite images can be used to quantify greenness, they differ signifi
cantly in terms of perspective and environmental representation. Met
rics derived from satellite imagery provide a top-down view of canopy 
coverage (typically measured using Normalised Difference Vegetation 
Index, NDVI), while those derived from street-view images capture 
greenness that is visible at eye level, thus aligning more closely with 
human perceptions. Despite this, methodological constraints have 
limited the number of studies comparing the effects of green space on PA 
using different measurement approaches [4,81]. For instance, Yang 
et al. [86] found that more street greenery could promote walking 
behaviour in older people by analysing street-view images. Similarly, Lu 
[54] assessed green space using Google street-view images, and 
confirmed that street greenery at eye level positively impacted recrea
tional PA. Therefore, there is a critical need to explore how the associ
ation between green space and PA among university students varies 
when assessed with different measurement techniques.

The fourth reason for the differences in study findings is connected 
with the structure of the data regarding PA. Most previous research 
investigating PA and green space has used quantitative methods. How
ever, stable conclusions cannot be drawn from cross-sectional studies 
alone, as there may be a relationship of inverse causality between the 
two variables, for example the issue of self-selection could come into 
play [85]. For example, suppose that people actively choose to live in 
environments with higher levels of green space. The results, in this case, 
may find no significant link between green space and PA. Therefore, 
higher levels of PA might be more influenced by individual character
istics than by environmental factors such as people’s surroundings [28]. 
People with a propensity to be active will probably choose to live in 
communities with more green space, which also leads to higher levels of 
PA [10,26]. To overcome this limitation, this study used multilevel 
linear regression modelling with a hierarchically nested structure. 
Moreover, our study was also able to mitigate residential self-selection 
bias as the Chinese university students were randomly assigned to the 
campuses on which they live.

In line with this perspective, our study seeks to address these gaps by 
exploring the relationship between green space and PA levels among 
university students using different green space measurements. We 
employed the International Physical Activity Questionnaire (IPAQ) to 
measure students’ PA, and two green space metrics - NDVI (from sat
ellite imagery) and Green View Index (GVI, from street-view imagery) - 
were calculated to assess their respective impacts on PA, which are 
increasingly popular in recent studies investigating PA [42,54,83]. In 
this study, we chose university students as the subject of investigation, 
as their PA patterns have become predominantly individually driven. 
We identified the Higher Education Mega Centre in Guangzhou, China 
(HEMC), as the site of investigation due to the substantial amount of 
greenery it contains, the high density of the student population, and the 
fact that the campuses are enclosed. The Chinese government’s pro
motion of active travel and physical activity, as outlined in the Healthy 
China 2030 initiative [69], highlights the critical role of the built 
environment in shaping public health outcomes. These policy priorities 
resonate with the planning principles of the HEMC, which features 
extensive green infrastructure and has a compact urban form, despite 
having been planned before the launch of the initiative.

Overall, having identified four key research gaps in relation to 
context, measurement, behaviour, and methodology, this study seeks to 
address two key questions: (RQ1) Does green space influence physical 
activity among university students, and if so; (RQ2) which metric of 
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green space (eye-level or satellite-derived) more effectively explains 
variations in physical activity among Chinese university students on 
enclosed campuses? By investigating these issues, the research provides 
new insights into the relationship between green space and PA and offers 
evidence-based strategies for enhancing adolescent health outcomes 
through targeted campus design and urban planning.

2. Case study, data and methodology

2.1. Study area and population

Our research was conducted at the Guangzhou Higher Education 
Mega Centre (HEMC), a densely populated university cluster in the 
Panyu district of Guangzhou. Situated on Xiaoguwei Island in the Pearl 
River Delta, the HEMC is surrounded by the Pearl River, forming a semi- 
enclosed environment conducive to independent urban planning. The 
HEMC is a representative example of enclosed campuses in China, home 
to ten higher education institutions where over 180,000 students and 
20,000 faculty members reside [37]. The HEMC covers approximately 
17.9 km², with a population density exceeding 11,000 people/km² [64], 
reflecting the intensive land use model characteristic of China’s higher 
education planning.

The HEMC is administered under a coordinated municipal planning 
framework, which aspires to create an ‘internationally leading univer
sity district’ [27]. While official demographic or travel-mode data are 
not publicly available, our survey shows that about 70 % of people have 
a bus or metro pass and nearly 70 % favour active travel (walking or 
cycling). The internal road network supports walking and cycling, with 
access to off-campus destinations controlled via campus gates. These 
figures demonstrate the prevalence of both public transport and 
non-motorized commuting among university students, illustrating the 
significance of green spaces and connectivity within the enclosed 
campus environment. Its distinctive geospatial layout, featuring an 
enclosed campus environment and high population density, makes it an 
ideal setting for studying the PA patterns of university students (Fig. 1)

Data from this study were gathered through a questionnaire survey 
was conducted between May and June 2021 among Chinese students 

aged 18 and over who were able to engage in PA independently. The 
survey incorporated trap questions and underwent manual screening to 
eliminate invalid responses, yielding a valid sample of 811 participants 
drawn from 10 universities within the HEMC.

2.2. Data

2.2.1. Physical activity among university students
The level of PA was assessed using the modified International 

Physical Activity Questionnaire (IPAQ), a widely accepted and reliable 
instrument for evaluating PA. The general validity and reliability of 
IPAQ have been widely confirmed [14]. The questionnaire was designed 
to elicit information about the PA levels within three domains: vigorous, 
moderate, and light-intensity activities. Vigorous activities, such as 
running or football, involve significant increases in respiration and heart 
rate, while moderate activities, like brisk walking or badminton, result 
in moderate physiological changes. Light activities, such as slow walking 
or table tennis, lead to minimal exertion. PA was assessed by the 
following questions: 1) How many days in the last 7 have you done 
vigorous physical activity? (e.g. playing basketball or fast cycling); 2) 
On average, how much time did you usually dedicate to vigorous 
physical activity on each day during a 7-day period/week? 3) How many 
days in the last 7 did you do moderate physical activity? (e.g. cycling or 
playing badminton) 4) On average, how much time did you usually 
dedicate to moderate physical activity on each day during a 7-day 
period/week? 5) How many days in the last 7 did you do light phys
ical activity? (e.g., walking, playing table tennis) 6) On average, how 
much time did you usually dedicate to light physical activity on each day 
during a 7-day period/week? To accurately measure PA, we employed 
the Metabolic Equivalent Task (MET) as defined by Ainsworth et al. [1], 
which quantifies energy expenditure by indicating the exertion rate of 
an activity relative to the resting metabolic rate. PA data were converted 
to energy expenditure, expressed in MET - minutes, with higher values 
indicating more intense PA. The PA profiles were then normalised to a 
z-score for statistical analysis.

Fig. 1. Spatial Layout of the Guangzhou HEMC.
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2.3. Campus green space

2.3.1. Eye-level greenery
He et al. [32] argue that the correlation between street-level green

ery and PA is more important than other measures of green space. They 
suggest that street-view imagery serves as an effective means of 
assessing how pedestrians perceive their environment. We used Baidu 
Street View (BSV) and ArcGIS software (ESRI, USA) to measure street 
greenery. Baidu Maps is a mapping service widely used in China that 
provides high-quality street-view images, and can be considered a reli
able source of this type of data [92]. Following the method used by 
Helbich et al. [35], we process the image as follows: First, we established 
a Baidu Maps API for extracting street view images. Next, we generated 
1443 sampling points across the street network of Guangzhou HEMC, 
placing representative points along each street segment to ensure 
balanced spatial representation (Fig. 2). Finally, panoramic images were 
collected at each sampling point using the Baidu API to cover 360-de
gree street views. After excluding 127 images due to obstructions or 
mismatches with the location criteria, we retained 1316 sample images 
with which to conduct our evaluation of green space.

We then applied deep learning semantic segmentation algorithms to 
evaluate green space [81]. Deep learning techniques serve as a potent 
tool for object identification within images [46]. Semantic segmentation 
enhances the accuracy of colour classification in images by considering 
the contextual information in an image, rather than solely relying on the 
pixel, which helps differentiate between natural and artificial green 
objects [35,45,53]. In this study, we used fully convolutional neural 
networks (FCN-8s), which have demonstrated promising results in prior 
research [4,65,75]. These networks were trained to identify and quan
tify the distribution and proportion of green space within street-view 
images. The performance of the network was evaluated using pixel 
contrast accuracy, achieving 0.814426 with the training dataset and 
0.66839 with the test dataset [88]. After the image segmentation, the 
GVI was calculated at each point by determining the proportion of green 
space pixels relative to the total number of pixels in the image. It is 
important to note that while the GVI was derived from sampling points 
across the HEMC, the survey data was collected at the individual level. 
To address this difference in scale, GVI values were aggregated at the 

university campus level using ArcGIS [47] to compare the degree of 
greenness between the various universities. It was assumed that students 
living within the same campus were exposed to a comparable level of 
visible greenery during their daily activities. This limitation was also 
mitigated through campus-level clustering in the multilevel model 
design. Fig. 3 illustrates the distribution of the GVI values across the 
HEMC.

2.3.2. Normalised difference vegetation index (NDVI)
The NDVI, a standard metric for assessing vegetation coverage, is 

derived from the reflectance values in the near-infrared (NIR) and 
visible spectra of satellite imagery [82]. In this analysis, the NDVI values 
were calculated from Landsat 8 satellite imagery with a spatial resolu
tion of 30 m × 30 m. These values, ranging from − 1 to 1, indicate the 
level of vegetation, with higher values reflecting greater vegetative 
density. ArcGIS was utilised to compute the NDVI for each university 
campus, the results of which are detailed in the descriptive analysis 
tables. Fig. 4 illustrates the spatial distribution of the NDVI values for 
Guangzhou HEMC.

2.4. Control variables

In this study, we controlled for various socio-demographic factors 
including gender, age, education, income, partner status and hukou 
status (a household registration system unique to China), following 
previous studies [9,49,52,89]. Gender was treated as a binary variable, 
assigning a value of 0 to respondents identifying as ’male’ and 1 to those 
identifying as ’female’. Age was recorded as the respondent’s current 
age at the time that the questionnaire was completed. Educational status 
was also quantified through a binary variable, with 1 signifying ’post
graduate and above’ and 0 indicating ’undergraduate and below.’ Per
sonal income, in RMB per month, was categorised into three levels: 
<2000 (reference category), 2000–4000, and >4000. Partner status and 
hukou status were represented by dummy variables, where ’1′ signifies 
’with a partner’ and ’local household’ respectively, and ’0′ represents 
’without a partner’ and ’non-local household’. In addition to 
socio-economic characteristics, individual travel characteristics were 
also considered in our study, including travel ability, the main mode of 

Fig. 2. Spatial Distribution of Sampling Points.
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travel and active travel. The ability to travel includes the possession of a 
driving licence, a monthly bicycle sharing card and a public transport 
pass, measured by a binary variable where 1 means ’yes’ and 0 means 
’no’. We asked the question, "How did you travel mostly in the last 14 
days", to determine the mode of transport, which included driving, 
metro, bus, bicycle/electric bike and walking. Finally, we assessed re
spondents’ inclination toward PA to investigate the correlation between 
PA and active travel, which was represented by a binary variable. 
Furthermore, to ensure our data was structurally stratified, respondents 
were also asked, "Which university campus do you live on?"

2.5. Data analysis

The relationship between exposure to campus green space and PA 
was examined using multilevel linear regression models. Single-level 
regression models, which treat each respondent’s PA outcomes as in
dependent observations and do not account for hierarchical structures in 
the data, can lead to an overestimation of statistical significance [7]. 
Therefore, we used multilevel models, which took into account the 
nesting of respondents within neighbourhoods with similar levels of 
exposure to greenery and included socio-demographic variables as 
covariates [24]. PA scores were treated as continuous outcomes in the 
fully adjusted models [7]. Random intercepts were included to account 

for correlations due to the nesting of respondents within university 
campuses.

This study employed a stepwise approach to assess the impact of the 
natural environment on university students’ PA levels. Initially, we 
regressed the association between respondents’ PA status and street 
greenery (Model 1). Secondly, we further controlled for transport and 
travel ability covariates such as possessing a driving licence, bike- 
sharing or bus pass, based on Model 1 (Model 2). Third, due to the as
sociation between travel patterns and PA that has been evidenced in 
previous literature [41,77], Model 3 controlled for the main individual 
travel mode covariates, based on Model 2. Subsequently, in order to 
further investigate the influence of eye-level greenery within campus 
settings on various levels of PA in greater depth, we conducted addi
tional regression analyses on Model 3 with light PA, moderate PA, and 
vigorous PA as separate dependent variables (Model 3a-3c). To examine 
the differences caused by how green space was assessed, we re-ran the 
model but replaced NDVI with eye-level greenery (Models 1a-3a).

To ensure the robustness of the findings, the best-fitting model 
(Model 3) stability was tested (Models 4a-4c). First, we re-ran the model 
with quartiled IPAQ scores (Model 4a). Next, given the influence of in
come on PA [17], Model 4b excluded respondents earning more than 
RMB 4000 per month. As educational background may also affect in
dividual PA levels [29], respondents with a master’s degree or higher 

Fig. 3. Distribution of GVI values for Guangzhou HEMC.

Fig. 4. Distribution of NDVI values for Guangzhou HEMC.
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were then excluded (Model 4c). The model performance was assessed 
using the Akaike Information Criterion (AIC), with lower values indi
cating the model has a better fit [8].

3. Results

3.1. Descriptive analysis

Table 1 shows the individual socio-demographic variables and in
dicators of green space exposure. On average, university students at 
Guangzhou HEMC had a relatively high level of PA (Mean = 1833.22, 
SD = 806.42) which was higher than the average physical activity en
ergy expenditure of the adult population [39] and older individuals 
[84]. In terms of intensity levels, the highest energy expenditure was 
recorded for light PA (Mean = 667.45, SD = 309.99), followed by 
vigorous PA (Mean = 655.49, SD = 382.60) and moderate PA (Mean =
510.28, SD = 267.75). Active travel, such as walking or cycling, is 
popular among students. Our results show that about two-thirds of 
university students tend to travel actively (69 %), indicating these 
modes as their predominant forms of transport. Regarding built envi
ronment factors, all the green space indicators ranged from 0 to 1 in this 
study. The average GVI for the sites that were studied was 17 %. The 
median (16.78) was slightly less than the average of 17.04, suggesting a 
concentration of campuses with lower greenery levels. The NDVI also 
averaged 17 %, closely mirroring the GVI results, with a small standard 
deviation for both GVI and NDVI (2.55 and 1.02 respectively), providing 
a consistent baseline for PA analysis. Regarding the individual-level 

variables, the study involved a slightly greater number of female par
ticipants than males, with an average age of 22 years. Most respondents 
(83 %) held a bachelor’s degree or lower, and about 37 % possessed a 
local hukou. The majority (90 %) reported a monthly income below 
RMB 4000. In terms of transport characteristics, more than half of the 
participants possessed a driving licence (52 %) and/or a monthly shared 
bicycle card (47 %), while only a third (30 %) did not possess a public 
transport card. Meanwhile, a third of respondents travelled mainly by 
metro or bicycle/e-bike (29 % and 30 % respectively).

3.2. Multi-level regression model

Table 2 displays the results regarding the correlation between 
campus eye-level greenery, socio-demographic factors, and personal 
travel characteristics in relation to PA. The analysis of PA levels among 
university students (Model 1) yielded a statistically significant positive 
association between eye-level greenery and PA (p < 0.01). A 1 % rise in 

Table 1 
Descriptive statistics.

Category Subcategory Proportion 
(numbers)/mean (SD)

Median

Dependent variables ​ ​ ​
Total physical activity 

(PA)
MET * MIN 1833.22 (806.42) 1980

Light PA MET * MIN 667.45 (309.99) 660
Moderate PA MET * MIN 510.28 (267.75) 480
Vigorous PA MET * MIN 655.49 (382.60) 640
Independent variables ​ ​ ​
Green View Index 

(GVI)
% 17.04 (2.55) 16.78

NDVI ​ 0.17 (0.01) 0.17
Demographics ​ ​ ​
Gender Male 39 (320) 1

Female 61 (491) ​
Age Years 22 (5.20) 0
Qualification Undergraduate and 

below
83 (674) 0

Postgraduate and 
above

17 (137) ​

Income (RMB per 
month)

<2000 50 (404) 0
2000–4000 40 (321) ​
>4000 10 (86) ​

Hukou status Local 37 (298) 0
Non-local 63 (513) ​

Partner relationship 
status

Yes 35 (286) 0
No 65 (525) ​

Transport abilities ​ ​ ​
Driving licence Yes 52 (422) 1

No 48 (389) ​
E-bike card ownership Yes 47 (383) 0

No 53 (428) ​
Public transport card 

ownership
Yes 70 (577) 1
No 30 (234) ​

Travel mode ​ ​ ​
Main travel mode Car 6 (47) 2

Bus 16 (126) ​
Metro 29 (239) ​
Bike/e-bike 30 (244) ​
Walk 19 (155) ​

Active travel Yes 69 (558) 1
No 31 (253) ​

Table 2 
Multilevel regression results: Impact of GVI on PA.

Model 1 
Coef. (S.E.)

Model 2 
Coef. (S.E.)

Model 3 
Coef. (S.E.)

Fixed Part ​ ​ ​
Independent variables ​ ​ ​
GVI 0.288** 

(0.068)
0.288** 
(0.068)

0.278** 
(0.065)

Covariates ​ ​ ​
Demographic variables ​ ​ ​
Female (ref: male) 0.034 

(0.034)
0.034 
(0.035)

0.031 
(0.034)

Age 0.001 
(0.004)

0.000 
(0.004)

− 0.001 
(0.003)

Educational Attainment (ref: 
undergraduate and below)

​ ​ ​

Postgraduate and above 0.077 
(0.047)

0.085 
(0.047)

0.088 
(0.045)

Income (ref: Below 2000) ​ ​ ​
2000–4000 − 0.061 

(0.037)
− 0.056 
(0.037)

− 0.040 
(0.036)

Above 4000 − 0.046 
(0.063)

− 0.034 
(0.064)

0.000 
(0.062)

Local hukou (ref: non-local) 0.005 
(0.035)

− 0.009 
(0.035)

− 0.006 
(0.034)

Partner relationship 0.017 
(0.037)

0.014 
(0.037)

0.030 
(0.036)

Transport abilities ​ ​ ​
Driving licence ​ 0.035 

(0.035)
0.047 
(0.034)

E-bike card ​ − 0.038 
(0.035)

− 0.053 
(0.034)

Public transport card ​ 0.101** 
(0.038)

0.085* 
(0.037)

Travel Mode ​ ​ ​
Bus (ref: car) ​ ​ 0.031 

(0.080)
Metro (ref: car) ​ ​ 0.001 

(0.074)
Bike/e-bike (ref: car) ​ ​ 0.090 

(0.076)
Walking (ref: car) ​ ​ 0.267** 

(0.080)
Active travel ​ ​ 0.162** 

(0.039)
Constant − 5.103** 

(1.176)
− 5.152** 
(1.178)

− 5.156** 
(1.126)

Random Part ​ ​ ​
Var (Universities) (Estimate) 0.347* 

(0.157)
0.348* 
(0.157)

0.317* 
(0.143)

Var (Residual) (Estimate) 0.218** 
(0.011)

0.216** 
(0.011)

0.200** 
(0.010)

Number of individuals 811 811 811
Number of schools 10 10 10
AIC 1137.207 1134.016 1080.199

Note: * p < 0.05, ** p < 0.01.
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eye-level greenery was associated with a 0.288 standard deviation in
crease in university students’ PA, when other socio-demographic vari
ables were controlled for (Coef. = 0.288, S.E. = 0.068). This finding 
suggests that exposure to greenery tends to enhance PA levels in young 
people. Additionally, no significant associations were found between PA 
and other individual socio-demographic variables such as age, gender, 
monthly income, household, and partner status.

Upon incorporating personal travel characteristics (travel ability and 
mode) into Model 1 (resulting in Models 2 and 3), the fit of the model 
improved, as indicated by the lower AIC scores. The inclusion of per
sonal travel variables did not alter the statistical significance of the 
relationship between eye-level greenery and PA among university stu
dents, although it did lead to slight alterations in the coefficients’ 
magnitude (Model 1: Coef. = 0.288, S.E. = 0.068; Model 2: Coef. =
0.288, S.E. = 0.068; Model 3: Coef. = 0.278, S.E. = 0.065). In Models 2 
and 3, a significant association emerged between personal travel char
acteristics and PA among university students. Specifically, the results of 
Model 2 revealed a positive association between owning a public 
transport pass and physical activity levels among university students 
(Coef. = 0.101, S.E. = 0.038). In Model 3, while controlling for all other 
variables, it was observed that walking significantly correlates with 
higher PA levels compared to driving (Coef. = 0.267, S.E. = 0.080). This 
model further highlights that active travel, a sustainable mode of 
transport, correlates with higher levels of PA among university students. 
Students who favoured active travel exhibited an increase of 0.162 units 
in their PA scores compared to those who did not have a preference for 
active travel. (Coef. = 0.162, S.E. = 0.039).

To further examine the impact of green space on varying intensities 
of physical activity (PA), we categorised PA into light (Model 3a), 
moderate (Model 3b), and vigorous (Model 3c) levels of activity, based 
on the best-fit model (Model 3), as shown in Table 3. According to 
Table 3, eye-level greenery demonstrated a statistically significant 
positive effect on all three PA intensity levels among university students, 
showing a stronger association with light (Coef. = 0.245, S.E. = 0.068) 
and moderate (Coef. = 0.247, S.E. = 0.063) activities than with vigorous 
activities (Coef. = 0.214, S.E. = 0.045). Additionally, the analysis also 
revealed statistically significant associations between a few personal 
travel characteristics (travel ability and travel mode) and moderate PA 
among university students, but no such associations were found for light 
or vigorous PA. Active travel was particularly strongly correlated with 
moderate (0.146-unit increase) and vigorous (0.187-unit increase) PA 
among university students, but no significant association was found with 
light PA.

Table 4 assessed the association between the NDVI, a green spatial 
metric derived from satellite imagery, and physical activity (PA) among 
university students by adapting Models 1–3 (designated as Models 1a- 
3a) to include NDVI as the independent variable, replacing eye-level 
greenery. The analysis revealed no statistically significant correlation 
between NDVI and PA across all three models (p > 0.05), in contrast 
with the significant associations that were identified between eye-level 
greenery and PA. Despite this, the relationships between personal travel 
characteristics (including travel patterns and active travel) and PA, 
which were significant in Models 1–3, persisted in Models 1a-3a.

3.3. Robustness tests

The robustness tests (Table 5) reaffirmed the findings from Table 3, 
except for the absence of a significant association between bus pass 
ownership and PA among university students in Model 4a and Model 4c. 
This inconsistency could potentially be attributed to variations in eco
nomic and living conditions influencing bus pass utilisation. Overall, the 
persistent correlations between other indicators and PA across various 
models, along with the stability of the coefficients, highlight the con
sistency and reliability of the findings.

4. Discussion

In this study, we explored the association between exposure to 
greenery and physical activity (PA) among Chinese university students 
using multilevel linear regression models, which included both eye-level 
greenery estimated using machine learning and vertical greenery 
calculated from remote sensing images. This study focused on university 
students due to the unique living conditions they experience on enclosed 
campuses and relatively high levels of PA, aspects which have been 
somewhat overlooked in previous research. The effect of travel patterns 
on PA was also taken into consideration. Our findings revealed that eye- 
level greenery within university campuses significantly enhances PA 
levels, which is in line with previous research [54], thus answering our 
first research question (RQ1). Taking the broader urban context into 
account, a study by Ferenchak and Barney [21] underscores that access 
to parks and green spaces significantly impacts public health through 
active transport networks, particularly for socio-economically 

Table 3 
Multilevel regression results: Impact of GVI on different intensities of PA.

Model 3a 
Coef. (S.E.)

Model 3b 
Coef. (S.E.)

Model 3c 
Coef. (S.E.)

Fixed Part ​ ​ ​
Independent variables ​ ​ ​
GVI 0.245** 

(0.068)
0.247** 
(0.063)

0.214** 
(0.045)

Covariates ​ ​ ​
Demographic variables ​ ​ ​
Female (ref: male) 0.033 

(0.042)
0.037 
(0.043)

0.012 
(0.056)

Age 0.003 
(0.004)

− 0.003 
(0.004)

− 0.001 
(0.006)

Educational Attainment (ref: 
undergraduate and below)

​ ​ ​

Postgraduate and above 0.035 
(0.056)

0.082 
(0.057)

0.096 
(0.074)

Income (ref: Below 2000) ​ ​ ​
2000–4000 − 0.007 

(0.045)
− 0.049 
(0.046)

− 0.050 
(0.059)

Above 4000 0.066 
(0.077)

− 0.098 
(0.078)

0.012 
(0.102)

Local hukou (ref: non-local) − 0.027 
(0.043)

0.060 
(0.043)

− 0.032 
(0.056)

Partner relationship 0.009 
(0.045)

0.012 
(0.045)

0.047 
(0.059)

Transport abilities ​ ​ ​
Driving licence 0.035 

(0.043)
0.086* 
(0.043)

0.011 
(0.056)

E-bike card − 0.063 
(0.042)

0.005 
(0.043)

− 0.066 
(0.056)

Public transport card 0.012 
(0.046)

0.107* 
(0.046)

0.091 
(0.060)

Travel Mode ​ ​ ​
Bus (ref: car) 0.081 

(0.099)
0.136 
(0.100)

− 0.100 
(0.130)

Metro (ref: car) 0.028 
(0.092)

0.090 
(0.093)

− 0.088 
(0.122)

Bike/e-bike (ref: car) 0.082 
(0.095)

0.217* 
(0.096)

− 0.030 
(0.124)

Walking (ref: car) 0.139 
(0.099)

0.440** 
(0.100)

0.140 
(0.130)

Active travel 0.074 
(0.049)

0.146** 
(0.050)

0.187** 
(0.064)

Constant − 4.582** 
(1.179)

− 4.715** 
(1.089)

− 3.830** 
(0.793)

Random Part ​ ​ ​
Var (Universities) (Estimate) 0.345* 

(0.156)
0.292** 
(0.133)

0.144* 
(0.069)

Var (Residual) (Estimate) 0.309** 
(0.015)

0.316** 
(0.016)

0.536** 
(0.027)

Number of individuals 811 725 674
Number of schools 10 10 10
AIC 1430.700 1446.300 1863.236

Note: * p < 0.05, ** p < 0.01.
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disadvantaged groups, which parallels the findings in our study of 

university environments. Further analysis across different PA intensities 
(light, moderate, and vigorous) revealed positive associations for all 
three, albeit slightly weaker for vigorous PA. A possible explanation for 
the results is that a more pleasant environment could be created, 
depending on the time of year and how well maintained the plants are 
[44]. In summer, residents preferred areas shaded by trees and this led to 
an increase in PA. Nevertheless, while greenery at eye level showed a 
positive association, satellite-derived metrics were not found to be sta
tistically linked to PA among university students, in contrast with 
Pasanen et al. [63] and Tsai et al. [72] ’s findings. This outcome directly 
addresses our second research question (RQ2), indicating that eye-level 
greenery (or GVI) is more predictive of student PA than top-down 
measures such as NDVI. The broader NDVI metric does not fully cap
ture perceived greenery from a human eye-level perspective, thus 
reinforcing the idea that visible, street-level vegetation shapes daily 
movement patterns. Moreover, individual demographic factors such as 
gender, age, and household registration (hukou) were found to have no 
significant influence on PA levels among university students, which 
aligns with the results reported by Koo et al. [43] in a study conducted in 
South Korea.

Our study fills a gap in previous research by offering insights into the 
PA status of Chinese university students who live in enclosed spaces for 
substantial periods of time. As demonstrated by Wolff et al. [78], spatial 
constraints and accessibility significantly shape individuals’ perceptions 
and use of spaces, suggesting that students on enclosed campuses could 
exhibit comparable patterns of activity. It is likely that the enclosed 
nature of these campuses, combined with students’ daily routines, in
fluences their physical activity in similar ways to other constrained 
environments. Given that the study population consists of young adults 
in their 20s, it is crucial to recognise that their PA patterns may diverge 
from those of other age groups [20]. Our findings indicate that Chinese 
university students generally exhibit higher levels of PA compared to the 
PA energy expenditure of adults [39] and older people [84]. Addition
ally, our study explored the link between individual travel characteris
tics and PA levels among these students. Our findings suggest that 
approximately two-thirds of respondents were found to favour active 
travel, which is most likely influenced by the restricted access to other 
transport modes due to living on enclosed campuses [70], such as public 
transport and taxis. Furthermore, our study demonstrated that students 
inclined towards active travel tend to engage more in moderate and 
vigorous PA, such as cycling and walking. This finding supports the 
established connection between eye-level greenery and PA, including 
activities such as cycling [25] and walking [55], which is also true for 
other demographic groups, including older individuals [33].

The findings of this study have substantial implications for health- 
oriented urban planning. Given the limited research on how university 
students utilise green spaces, our results offer valuable insights for 
future urban landscape designs and planning efforts. A key policy 
recommendation from our analysis is the significant potential to foster 
PA among university students through the enhancement of visible 
greenery. According to a study conducted with 384 teenagers aged 
13–19 in Aydın, Turkey, barriers to adolescents’ physical activity in 
urban green spaces include a lack of greenness, distance to Urban 
Greening Systems, and concerns about safety and accessibility [2]. 
Therefore, considering the observed positive correlation between 
eye-level greenery and PA, universities should prioritise the enhance
ment of visual greenery within their campus environments. This can be 
achieved by planting trees, shrubs and other vegetation at a level that is 
easily visible, for example, along major pedestrian paths, as well as 
maintaining existing vegetation to ensure its health and visibility. 
Moreover, a study by Forde et al. [23] on alley greening underscores 
another dimension of urban green spaces, illustrating how transforming 
underutilised urban areas into greened alleys can significantly enhance 
community resilience, as was particularly noted during the COVID-19 
pandemic. This aligns with our findings that visible greenery posi
tively impacts public health and social interactions. In addition, the 

Table 4 
Multilevel regression results: Impact of NDVI on PA.

Model 1a 
Coef. (S.E.)

Model 2a 
Coef. (S.E.)

Model 3a 
Coef. (S.E.)

Fixed Part ​ ​ ​
Independent variables ​ ​ ​
NDVI 0.005 

(0.003)
0.005 
(0.003)

0.005 
(0.003)

Covariates ​ ​ ​
Demographic variables ​ ​ ​
Female (ref: male) 0.034 

(0.034)
0.034 
(0.035)

0.031 
(0.034)

Age 0.001 
(0.004)

0.000 
(0.004)

− 0.001 
(0.003)

Educational Attainment (ref: 
undergraduate and below)

​ ​ ​

Postgraduate and above 0.078 
(0.047)

0.086 
(0.047)

0.089* 
(0.045)

Income (ref: Below 2000) ​ ​ ​
2000–4000 − 0.061 

(0.037)
− 0.055 
(0.037)

− 0.040 
(0.036)

Above 4000 − 0.046 
(0.063)

− 0.034 
(0.064)

0.000 
(0.062)

Local hukou (ref: non-local) 0.004 
(0.035)

− 0.009 
(0.035)

− 0.006 
(0.034)

Partner relationship 0.017 
(0.037)

0.014 
(0.037)

0.030 
(0.036)

Transport abilities ​ ​ ​
Driving licence ​ 0.035 

(0.035)
0.046 
(0.034)

E-bike card ​ − 0.038 
(0.035)

− 0.052 
(0.034)

Public transport card ​ 0.101** 
(0.038)

0.085* 
(0.037)

Travel Mode ​ ​ ​
Bus (ref: car) ​ ​ 0.031 

(0.080)
Metro (ref: car) ​ ​ 0.002 

(0.074)
Bike/e-bike (ref: car) ​ ​ 0.090 

(0.076)
Walking (ref: car) ​ ​ 0.267** 

(0.080)
Active travel ​ ​ 0.162** 

(0.039)
Constant − 8.298 

(4.289)
− 8.302 
(4.299)

− 7.852 
(4.198)

Random Part ​ ​ ​
Var (Universities) (Estimate) 0.715* 

(0.322)
− 0.719* 
(0.323)

0.685* 
(0.308)

Var (Residual) (Estimate) 0.218** 
(0.011)

0.216** 
(0.011)

0.200** 
(0.010)

Number of individuals 811 725 674
Number of schools 10 10 10
AIC 1144.393 1141.225 1087.846

Note: * p < 0.05, ** p < 0.01.

Table 5 
Robustness tests.

Model 4a 
Coef. (S.E.)

Model 4b 
Coef. (S.E.)

Model 4c 
Coef. (S.E.)

Independent variables ​ ​ ​
GVI 0.291** (0.067) 0.276** (0.065) 0.277** (0.066)
Transport abilities ​ ​ ​
Public transport card 0.079 (0.050) 0.08* (0.038) 0.056 (0.040)
Travel mode ​ ​ ​
Walking (ref: cars) 0.220* (0.108) 0.256** (0.091) 0.293** (0.089)
Active travel 0.168** (0.054) 0.162** (0.041) 0.134** (0.042)
Number of individuals 811 725 674
Number of universities 10 10 10
AIC 1571.708 949.359 904.797

Note: * p < 0.05, ** p < 0.01.
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importance of accessibility to green space has been emphasised in 
relation to green space implementation and development on a global 
scale [48], leading to the introduction of guidelines by various coun
tries, including many in Europe and Asia. It is also recommended that 
the Green View Index (GVI) could be used as an indicator to measure 
greenery in other metropolitan areas. For example, the city of Kyoto, in 
Japan, has adopted Green Vegetation Ratio (an indicator similar to GVI) 
as guidline for its urban greening systems [61]. However, designers 
should recognise that reference indicators may differ in relation to 
different urban environments. Creating a more supportive environment 
for PA will contribute to healthier living within the wider community.

Another crucial insight from our study is the importance of inte
grating the concept of active travel into the design of urban green spaces. 
Urban green spaces should transcend their traditional roles of comfort 
and environmental sustenance to actively foster PA. Features such as 
higher street density, greater diversity, and larger community size pro
mote active travel, and local authorities should therefore support this by 
developing infrastructure that accommodates walking and cycling, such 
as urban greenways, and implementing incentives such as bike-sharing 
schemes [57]. In the case of green spaces, the planning of the HEMC 
potentially aligns with the goals of the Healthy China 2030 initiative. 
Although the plan was released in 2015, a year earlier than the initia
tive, it had already stipulated that green space should comprise no <45 
% of the total land area [27], demonstrating an early commitment to 
urban environments that promote health. However, it should be noted 
that market-oriented regulations and unbalanced policy-making can 
have adverse effects [13]. Urban planning policies that only focus on 
land use and ignore human well-being can exacerbate health and social 
inequalities. It is therefore crucial to ensure that planning policies pri
oritise human well-being and social equity in relation to sustainable 
urban development.

5. Limitations

We have identified five main limitations in relation to this study. 
Firstly, the IPAQ scale used in the survey did not accurately record the 
location of the physical activity, potentially overestimating on-campus 
PA due to a lack of specific location data. Secondly, our study lacked 
detailed data on the quality of green spaces, including individual pref
erences and types of vegetation, which might have elucidated the rela
tionship between tree canopy and physical activity more effectively 
[22]. Thirdly, there was a time lapse between the street-view data being 
obtained and the collection of the survey data. In addition, this study 
acknowledges the difference between the spatial scale of green space 
exposure (aggregated GVI) and the individual-level survey responses. 
Although multilevel modelling helps to accommodate this difference, 
future research could further improve upon this by integrating spatio
temporally matched exposure data at the individual level using wear
able or mobile sensing technologies. Lastly, this study focused only on 
the immediate impacts of green spaces on physical activity. Further 
research should explore the deeper mechanisms by which green space 
characteristics, such as vegetation type and density, affect physical ac
tivity levels.

6. Conclusion

Urban green spaces play a crucial role in promoting active lifestyles 
among urban residents, thereby positively impacting public health. In 
this study, we investigated how physical activity among university 
students on enclosed campuses is influenced by eye-level greenery and 
individual travel characteristics, using street-view imagery combined 
with survey data. The findings revealed a positive correlation between 
eye-level greenery and increased physical activity among university 
students, who were more active compared to the general population. 
Furthermore, an inclination towards active travel significantly influ
enced students’ physical activity, highlighting the potential for greening 

strategies and pedestrian-friendly design to foster daily movement in 
enclosed environments. Given the specificity of enclosed campuses, 
local administrators and planners should implement targeted strategies, 
such as adding plants, shrubs and trees along the main pedestrian routes, 
enhancing accessibility to green spaces, and developing supportive 
cycling and walking infrastructure, to maximise these health benefits. 
This study also demonstrated that the Green View Index (GVI) can serve 
as a useful indicator to promote walking and cycling, enabling local 
authorities to systematically enhance both greenness and active 
mobility. This study enhances our understanding of how urban green 
spaces, active travel, and public health intersect, underscoring the 
broader potential of campus planning to foster active lifestyles.
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[39] D. Jurakić, Ž. Pedǐsić, M. Andrijašević, Physical activity of Croatian population: 
cross-sectional study using international Physical activity questionnaire, Croat. 
Med. J. 50 (2) (2009) 165–173, https://doi.org/10.3325/cmj.2009.50.165.

[40] A.T. Kaczynski, L.R. Potwarka, B.E. Saelens, Association of park size, distance, and 
features with physical activity in neighborhood parks, Am. J. Public Health 98 (8) 
(2008) 1451–1456, https://doi.org/10.2105/AJPH.2007.129064.

[41] M. Keall, D. Hopkins, K. Coppell, S. Sandretto, E.G. Bengoechea, J. Spence, 
G. Wilson, S. Mandic, Implications of attending the closest school on adolescents’ 
physical activity and car travel in Dunedin, New Zealand, J. Transp. Health 18 
(2020) 100900, https://doi.org/10.1016/j.jth.2020.100900.

[42] J.O. Klompmaker, G. Hoek, L.D. Bloemsma, U. Gehring, M. Strak, A.H. Wijga, 
C. van den Brink, B. Brunekreef, E. Lebret, N.A.H Janssen, Green space definition 
affects associations of green space with overweight and physical activity, Environ. 
Res. 160 (2018) 531–540, https://doi.org/10.1016/j.envres.2017.10.027.

[43] J.-C. Koo, M.S. Park, Y.-C. Youn, Preferences of urban dwellers on urban forest 
recreational services in South Korea, Urban For. Urban Green. 12 (2) (2013) 
200–210, https://doi.org/10.1016/j.ufug.2013.02.005.

[44] G. Kothencz, T. Blaschke, Urban parks: visitors’ perceptions versus spatial 
indicators, Land. use policy. 64 (2017) 233–244, https://doi.org/10.1016/j. 
landusepol.2017.02.012.

[45] A. Larkin, P. Hystad, Evaluating street view exposure measures of visible green 
space for health research, J. Expo. Sci. Environ. Epidemiol. 29 (4) (2019), https:// 
doi.org/10.1038/s41370-018-0017-1. Article 4.

[46] Y. LeCun, Y. Bengio, G. Hinton, Deep learning, Nature 521 (7553) (2015) 7553, 
https://doi.org/10.1038/nature14539.

[47] X. Li, D. Ghosh, Associations between body mass index and urban “green” 
Streetscape in Cleveland, Ohio, USA, Int. J. Environ. Res. Public Health 15 (10) 
(2018) 10, https://doi.org/10.3390/ijerph15102186.

[48] X. Li, Y. Huang, X. Ma, Evaluation of the accessible urban public green space at the 
community-scale with the consideration of temporal accessibility and quality, Ecol. 
Indic. 131 (2021) 108231, https://doi.org/10.1016/j.ecolind.2021.108231.

[49] X. Li, C. Zhang, W. Li, R. Ricard, Q. Meng, W. Zhang, Assessing street-level urban 
greenery using Google street view and a modified green view index, Urban For. 
Urban Green. 14 (3) (2015) 675–685, https://doi.org/10.1016/j. 
ufug.2015.06.006.

[50] Z. Li, Y. Lu, B. Xie, Y. Wu, Large-scale greenway exposure reduces sedentary 
behavior: a natural experiment in China, Health and Place 89 (2024) 103283, 
https://doi.org/10.1016/j.healthplace.2024.103283.

[51] T. Limanond, T. Butsingkorn, C. Chermkhunthod, Travel behavior of university 
students who live on campus: a case study of a rural university in Asia, Transp. 
Policy. (Oxf) 18 (1) (2011) 163–171, https://doi.org/10.1016/j. 
tranpol.2010.07.006.

[52] Y. Liu, R. Wang, Y. Lu, Z. Li, H. Chen, M. Cao, Y. Zhang, Y. Song, Natural outdoor 
environment, neighbourhood social cohesion and mental health: using multilevel 
structural equation modelling, streetscape and remote-sensing metrics, Urban For. 
Urban Green. 48 (2020) 126576, https://doi.org/10.1016/j.ufug.2019.126576.

[53] J. Long, E. Shelhamer, T. Darrell, Fully convolutional networks for semantic 
segmentation. https://openaccess.thecvf.com/content_cvpr_2015/html/Long_ 
Fully_Convolutional_Networks_2015_CVPR_paper.html, 2015.

[54] Y. Lu, Using Google Street View to investigate the association between street 
greenery and physical activity, Landsc. Urban. Plan. 191 (2019) 103435, https:// 
doi.org/10.1016/j.landurbplan.2018.08.029.

[55] Y. Lu, C. Sarkar, Y. Xiao, The effect of street-level greenery on walking behavior: 
evidence from Hong Kong, Soc. Sci. Med. 208 (2018) 41–49, https://doi.org/ 
10.1016/j.socscimed.2018.05.022.

[56] Y. Lu, J. Zhao, X. Wu, S.M. Lo, Escaping to nature during a pandemic: a natural 
experiment in Asian cities during the COVID-19 pandemic with big social media 
data, Sci. Total Environ. 777 (2021) 146092, https://doi.org/10.1016/j. 
scitotenv.2021.146092.

[57] Y. Lyu, M. Cao, Y. Zhang, T. Yang, C. Shi, Investigating users’ perspectives on the 
development of bike-sharing in Shanghai, Res. Transp. Bus. Manag. 40 (2021) 
100533, https://doi.org/10.1016/j.rtbm.2020.100543.

[58] S. Nash, R. Mitra, University students’ transportation patterns, and the role of 
neighbourhood types and attitudes, J. Transp. Geogr. 76 (2019) 200–211, https:// 
doi.org/10.1016/j.jtrangeo.2019.03.013.

[59] S.W. Ng, A.-G. Howard, H.J. Wang, C. Su, B. Zhang, The physical activity transition 
among adults in China: 1991–2011, Obesity Rev. 15 (2014) 27–36, https://doi. 
org/10.1111/obr.12127. S1.

[60] K. Ord, R. Mitchell, J. Pearce, Is level of neighbourhood green space associated 
with physical activity in green space? Int. J. Behav. Nutr. Phys. Act. 10 (1) (2013) 
127, https://doi.org/10.1186/1479-5868-10-127.

[61] Osaka Prefecture, August, https://www.pref.osaka.lg.jp/attach/17426/00000000 
/guideline.pdf, 2013.

[62] N. Oven, E. Leslie, J. Salmon, M. J Fotheringham, Environmental determinants of 
physical activity and sedentary behavior, Exerc. Sport Sci. Rev. (2000). https 
://www.pubmed.ncbi.nim.nih.gov/11064848.

Y. Bai et al.                                                                                                                                                                                                                                      Sustainable Futures 10 (2025) 100788 

10 

https://doi.org/10.1016/S2468-2667(17)30166-4
https://doi.org/10.1249/01.MSS.0000078924.61453.FB
https://doi.org/10.2105/AJPH.2006.087734
https://doi.org/10.2105/AJPH.2006.087734
https://doi.org/10.1016/S0140-6736(16)30383-X
https://doi.org/10.1016/j.jsams.2012.11.136
https://doi.org/10.3390/ijerph15071367
https://doi.org/10.3390/ijerph15071367
https://doi.org/10.1186/s12966-015-0178-4
https://doi.org/10.1016/j.sbspro.2015.07.094
https://doi.org/10.1016/j.sbspro.2015.07.094
https://doi.org/10.1080/13549839.2023.2300949
https://doi.org/10.1080/13549839.2023.2300949
https://doi.org/10.1186/s12889-016-3050-9
https://doi.org/10.1186/s12889-016-3050-9
https://doi.org/10.1080/13549839.2023.2284944
https://doi.org/10.1080/13549839.2023.2284944
http://refhub.elsevier.com/S2666-1888(25)00353-3/sbref0024
http://refhub.elsevier.com/S2666-1888(25)00353-3/sbref0024
https://doi.org/10.1371/journal.pone.0143302
https://doi.org/10.1080/01441647.2019.1692965
https://doi.org/10.1080/01441647.2019.1692965
http://www.panyu.gov.cn/zwgk/zfxxgkml/xxgkml/qt/ghjh/qygh/content/post_5014994.html
http://www.panyu.gov.cn/zwgk/zfxxgkml/xxgkml/qt/ghjh/qygh/content/post_5014994.html
https://doi.org/10.1016/j.healthplace.2016.06.002
https://doi.org/10.1016/j.healthplace.2016.06.002
https://doi.org/10.1016/j.jshs.2019.07.003
https://doi.org/10.1016/S0140-6736(12)60646-1
https://doi.org/10.1177/2055102917753853
https://doi.org/10.1177/2055102917753853
https://doi.org/10.1016/j.trd.2021.103095
https://doi.org/10.1016/j.ufug.2020.126789
https://doi.org/10.1016/j.landurbplan.2021.104181
https://doi.org/10.1016/j.envint.2019.02.013
https://doi.org/10.1016/j.envint.2019.02.013
https://doi.org/10.1016/j.puhe.2006.10.007
https://doi.org/10.1109/ITSC.2012.6338868
https://doi.org/10.3200/JACH.57.2.159-164
https://doi.org/10.3325/cmj.2009.50.165
https://doi.org/10.2105/AJPH.2007.129064
https://doi.org/10.1016/j.jth.2020.100900
https://doi.org/10.1016/j.envres.2017.10.027
https://doi.org/10.1016/j.ufug.2013.02.005
https://doi.org/10.1016/j.landusepol.2017.02.012
https://doi.org/10.1016/j.landusepol.2017.02.012
https://doi.org/10.1038/s41370-018-0017-1
https://doi.org/10.1038/s41370-018-0017-1
https://doi.org/10.1038/nature14539
https://doi.org/10.3390/ijerph15102186
https://doi.org/10.1016/j.ecolind.2021.108231
https://doi.org/10.1016/j.ufug.2015.06.006
https://doi.org/10.1016/j.ufug.2015.06.006
https://doi.org/10.1016/j.healthplace.2024.103283
https://doi.org/10.1016/j.tranpol.2010.07.006
https://doi.org/10.1016/j.tranpol.2010.07.006
https://doi.org/10.1016/j.ufug.2019.126576
https://openaccess.thecvf.com/content_cvpr_2015/html/Long_Fully_Convolutional_Networks_2015_CVPR_paper.html
https://openaccess.thecvf.com/content_cvpr_2015/html/Long_Fully_Convolutional_Networks_2015_CVPR_paper.html
https://doi.org/10.1016/j.landurbplan.2018.08.029
https://doi.org/10.1016/j.landurbplan.2018.08.029
https://doi.org/10.1016/j.socscimed.2018.05.022
https://doi.org/10.1016/j.socscimed.2018.05.022
https://doi.org/10.1016/j.scitotenv.2021.146092
https://doi.org/10.1016/j.scitotenv.2021.146092
https://doi.org/10.1016/j.rtbm.2020.100543
https://doi.org/10.1016/j.jtrangeo.2019.03.013
https://doi.org/10.1016/j.jtrangeo.2019.03.013
https://doi.org/10.1111/obr.12127
https://doi.org/10.1111/obr.12127
https://doi.org/10.1186/1479-5868-10-127
https://www.pref.osaka.lg.jp/attach/17426/00000000/guideline.pdf
https://www.pref.osaka.lg.jp/attach/17426/00000000/guideline.pdf
https://www.academia.edu/33651391/Environmental_determinants_of_physical_activity_and_sedentary_behavior
https://www.academia.edu/33651391/Environmental_determinants_of_physical_activity_and_sedentary_behavior


[63] S. Pasanen, J.I. Halonen, C. Gonzales-Inca, J. Pentti, J. Vahtera, Y. Kestens, 
B. Thierry, R. Brondeel, T. Leskinen, S. Stenholm, Changes in physical activity by 
context and residential greenness among recent retirees: longitudinal GPS and 
accelerometer study, Health Place 73 (2022) 102732, https://doi.org/10.1016/j. 
healthplace.2021.102732.

[64] People’s Government of Panyu District, Guangzhou, Fact sheet on Guangzhou 
higher education mega center. https://www.panyu.gov.cn/jgzy/zzfjdbsc/fzqrmz 
fxgwjdbsc/zjgk/, April 15, 2025.

[65] W. Rawat, Z. Wang, Deep Convolutional Neural Networks for Image Classification: 
a comprehensive review, Neural. Comput. 29 (9) (2017) 2352–2449, https://doi. 
org/10.1162/neco_a_00990.

[66] J.F. Sallis, E. Cerin, T.L. Conway, M.A. Adams, L.D. Frank, M. Pratt, D. Salvo, 
J. Schipperijn, G. Smith, K.L. Cain, R. Davey, J. Kerr, P.-C. Lai, J. Mitáš, R. Reis, O. 
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