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ABSTRACT

A growing body of studies indicates the positive association between green space
and older adults’ health and well-being. However, many studies solely rely on
static residential contexts to evaluate green space exposure, overlooking the role
of daily mobility. Moreover, mobility-based exposure studies often ignore travel
modes, although active travel usually involves direct, immersive exposure to sur-
rounding environments. This study analyzedGPS tracking anddaily self-reported
data from 60 healthy older adults who participated in theMOASIS project over 15
days in 2024. Based on GPS data, I measured individuals’ static home and neigh-
borhood and daily active-travel-based dynamic green space exposure. I evaluated
the patterns of both green space exposure metrics, then compared the correla-
tions between them. Further, I examined the association between daily well-being
and dynamic green space exposure metrics. The results show that home-level
and neighborhood-level static green space exposure metrics were significantly
different among individuals. Activity space beyond the neighborhood and high
daily trip frequency are correlatedwith high daily dynamic green space exposure.
In addition to spatiotemporal factors, walking generated higher dynamic green
space exposure than cycling. Furthermore, dynamic green space exposures were
positively correlatedwith static neighborhood ones rather than static home-based
ones. Lastly, compared with distance-weighted and time-weighted green space
exposure, the total volume of dynamic green space exposure has a positive corre-
lation with daily self-rated health. Females and those with higher income, lower
education, and better general health can experience stronger well-being benefits
from dynamic green space exposure. This thesis emphasizes the value of incor-
porating daily mobility and active travel modes into green space exposure assess-
ment. Findings suggest that different active travel modes provide distinct levels of
green space exposure. A greener neighborhood can enhance older adults’ daily
green space exposure. This research contributes to more nuanced green space
exposure assessment and offers insights for health-promoting urban design and
infrastructure development, particularly in fostering equitable, green-rich neigh-
borhoods that support healthy aging.
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CHAPTER 1

INTRODUCTION

1.1 Motivation

More than 68% of the world's residents are anticipated to live in urban areas glob-

ally by 2050 (United Nations, 2018). The environment that residents interact with

daily can signi�cantly in�uence their health and well-being (Kre�s et al., 2018).

Urban nature has the potential to enhance the livability of cities by providing vari-

ous biophysical ecosystem services (Shanahan et al., 2015), including air �ltering,

micro-climate regulation, and noise reduction (Assessment Millennium Ecosys-

tem, 2005; Per and Sven, 1999). Green space, de�ned as �green in the sense of

being predominantly covered with vegetation� (Heckert, 2012, p. 811), is a pri-

mary component of urban natural environments (Yu and Kwan, 2024). A grow-

ing body of studies has highlighted that green space can contribute to diverse

physical, mental, and social health bene�ts (�g. 1.1), including increasing phys-

ical activity (PA), facilitating recovery from stress, and enhancing social contact

(Huang and Lin, 2023; Jin et al., 2024; Mao et al., 2024).

Figure 1.1: Ecosystem services provided by green spaces described in the Ecosystem
Drivers, Pressures, States, Exposures, E�ects, and Actions model (adapted
from Chiabai et al. (2018), as cited in Chen et al. (2024, p. 2)). Exposure consti-
tutes the critical nexus between green space and an array of health outcomes.
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Chapter 1 Introduction 1.1 Motivation

People's exposure is a vital linkage between green space and a wide range of

health outcomes (Bowler et al., 2010b; Liu et al., 2023a). While existing research

has consistently demonstrated the health bene�ts associated with green space ex-

posure (Jiang et al., 2020; Yu and Kwan, 2024), these bene�ts are not uniformly

experienced across individuals (Zheng et al., 2024b). Two key aspects contribute

to this variation. First, green spaces within urban living environments are not al-

ways equitably distributed, leading to signi�cant disparities in access and quality

(James et al., 2015; Wolch et al., 2014). Urban sprawl can also exacerbate this is-

sue by reducing the overall supply of green spaces in urban areas (Bertram and

Rehdanz, 2015; Chen et al., 2025). Second, the use and perceived bene�ts of green

spaces are in�uenced by socio-demographic factors such as age, gender, and in-

come (Dadvand et al., 2012a). These factors play a crucial role in shaping the ways

citizens engage with and utilize green space in everyday life (Sang et al., 2016).

Consequently, health outcomes in�uenced by green space exposure can diverge

across social groups (Remme et al., 2021).

Figure 1.2: Proportion (%) of the Swiss population aged 65 and above, by sex and citi-
zenship status (source: FSO - STATPOP).Note: A population is regarded as
being agingwhen more than 7% of people are 65 years or older and agedwhen
more than 14% of people are 65 years or older (Kasai, 2021).

Comprehending the associations of green space with the well-being and health of

older adults is essential for fostering healthy aging worldwide, but particularly

2



Chapter 1 Introduction 1.2 Aims

in post-industrial societies such as Switzerland (Phillipson, 2009). The World

Health Organization (WHO) de�nes healthy aging as �the process of develop-

ing and maintaining the functional ability that enables well-being in older age�

(World Health Organization, 2015, p. 28). With 19.6% of its population aged 65

years and over in 2024 (Federal Statistical O�ce, 2024), Switzerland represents a

notably large share of older adults (�g. 1.2). With the population aged 65 and

older projected to comprise 30% of the total population by 2060 (Lewis and Olli-

vaud, 2020), green space is likely to be instrumental in improving the health and

well-being of older adults in Switzerland. Recent studies highlight the diverse

bene�ts of green space exposure for healthy aging, including reductions in mor-

tality and cardiovascular risks (Yuan et al., 2021), increased walking and other

PA (Miao and Xiao, 2024; Wen et al., 2018), enhanced social interactions (Enssle

and Kabisch, 2020), and improvements in mental health and overall well-being

(De Keijzer et al., 2020; Zuo et al., 2024). However, most studies overlook the role

of daily mobility in shaping green space exposure, leading to potential biases in

estimating green space health bene�ts (Kwan, 2013).

Thus, it is crucial to examine the mobility patterns of older adults concerning

green space using precise and comprehensive measurements (Wang et al., 2021b).

Global Positioning System (GPS) technology o�ers a window into quantifying ac-

tual individual environmental exposure based on locations and time, viz., trajec-

tories, of people's movements in real-world settings (Li et al., 2018; Marquet et al.,

2023). Nevertheless, it is challenging to de�ne an appropriate quantitative indi-

cator to evaluate people's spatiotemporal green space exposure (Liu et al., 2023a;

Zhang et al., 2021). Moreover, the accessibility of individual daily GPS data is of-

ten restricted due to costly acquisition and potential privacy issues (Michael et al.,

2006; Wang et al., 2021b).

1.2 Aims

To address these gaps, my thesis aims to evaluate green space exposure with mul-

tiple measurements (i.e., spatial and spatiotemporal approaches with di�erent

green space metrics) from older adults' daily GPS tracking data. I will also exam-

ine the correlation between green space exposure and mental well-being for older

adults, considering sociodemographic factors. These �ndings are expected to de-

liver a framework that sheds light on the positive e�ects of green space exposure

on healthy aging in urban environments.

3



Chapter 1 Introduction 1.3 Structure

1.3 Structure

The remainder of this thesis is organized as follows. Chapter 2 illustrates the the-

oretical foundations of research on green space exposure and healthy aging, and

identi�es the key research gaps and questions guiding this study. Chapter 3 de-

scribes the study area and data sources. Chapter 4 details the methodological

approach, including data preprocessing, sample selection, green space exposure

measurements, and statistical analysis. Chapter 5 presents the primary �ndings,

followed by a critical interpretation in chapter 6. Finally, chapter 7 synthesizes the

contributions, main conclusions, limitations, and outlines directions for future re-

search.

4



CHAPTER 2

THEORETICAL FRAMEWORK

AND BACKGROUND

2.1 Nature Exposure

The term �exposure�, described as �contact between an agent and a target� under

a certain spatiotemporal context (Zartarian et al., 1997, p. 411), has been broadly

applied in epidemiology (Velentgas et al., 2013), public health (Bowler et al.,

2010b), and environmental health (Paustenbach, 2000). Concerned with the risks

of hazards to human health, exposure assessments in these �elds estimate human

exposures to environmental stressors, including toxicants (Paustenbach, 2000)

and pollutants (Marquet et al., 2023; Roe et al., 2020).

With the paradigm of the eco-environment health �eld shifting to positive health

bene�ts, early eco-psychological theories laid the groundwork in this �eld. The

biophilia hypothesisposits that humans have an innate tendency to seek connec-

tions with nature (Kellert and Wilson, 1995; Wilson, 1986). The stress reduction

theory(SRT) puts forward that natural scenes can reduce stress and elicit a posi-

tive a�ective response (Ulrich et al., 1991). Finally, the attention restoration theory

(ART) illustrates that exposure to nature can have restorative e�ects and improve

cognitive capacity (Kaplan and Kaplan, 1989; Kaplan, 1995).

Leveraging these theories, Bratman et al. (2019) describe the positive mental health

bene�ts of interacting with nature as psychological ecosystem services. They provide

a straightforward de�nition of nature exposureas "the amount of contact that an in-

dividual or population has with nature" (Bratman et al., 2019, p. 4). The pathway

linking natural features to mental health is conceptualized as a simple four-step

process: natural features, exposure, experience (i.e., the critical speci�cs of expo-

sure through multiple sensory modalities), and mental health e�ects, with each

component building on the preceding one. Expanding on this framework, Remme

5



Chapter 2 Theoretical Framework and Background 2.2 Green Space and Health

et al. (2021) demonstrate that exposure to nature can boost people's physical ac-

tivity levels, which in turn contributes to positive health outcomes. They further

argue that the magnitude of activity-related bene�ts can vary by di�erent socioe-

conomic and demographic factors.

Yu et al. (2024b, p. 2) propose the framework of exposure ecology, articulating the

concept of ecological exposureas �the amount (magnitude, frequency, and dura-

tion) of exposure that an individual or population has with natural ecosystems�.

They put forward a frame of axes, including subject-object and reality-virtual.

The domain �subject-reality� under this frame focuses on the health impacts on

individuals or population exposed to real natural ecosystems. With signi�cant

enhancements in technical means (e.g., street view images and deep learning

technologies) and data acquisition (e.g., portable GPS devices), recent studies on

this interface have gradually shifted from static to dynamic exposure assessment

(Pearson et al., 2024; Wang et al., 2021a).

2.2 Green Space and Health

Green space is a vital component of the natural environment in urban areas (Hunter

et al., 2019; Yu and Kwan, 2024). Mounting evidence suggests that green space

can foster physical, mental, and social health bene�ts, including improved birth

outcomes; lower cardiovascular disease prevalence and mortality; reduced psy-

chiatric morbidity; and enhanced social contact (James et al., 2015). Markevych

et al. (2017) summarize that green space can promote health and well-being under

three potential mechanisms: mitigation, restoration, and instoration (�g. 2.1).

2.2.1 Mitigation

Mitigation (reducing harm) involves reducing the harmful e�ects of environmen-

tal stressors such as heat, noise, and air pollution (Markevych et al., 2017).

Reducing exposure to heat: Green space can reduce land surface temperature

(LST) on site and in adjacent areas (Aram et al., 2019). Such thermal comforts

can promote human health and well-being especially during heat stress episodes

(Bowler et al., 2010a). For instance, in a survey study conducted in Italy and the

United Kingdom in July 2006 (the hottest month of the year), Lafortezza et al.

(2009) found that longer and more frequent visits to green spaces were associated

with higher perceived psychological and physical bene�ts and well-being status.

6



Chapter 2 Theoretical Framework and Background 2.2 Green Space and Health

Figure 2.1: Three domains of pathways linking green space to positive health outcomes,
including mitigation, restoration, and instoration. Arrows indicate theoreti-
cal in�uence patterns, whereby speci�c pathways within each domain can ex-
ert e�ects on one or more pathways in the remaining domains (adapted from
Markevych et al. (2017, p. 302) and Yu et al. (2024b, p. 5)). Resource of icons:
https://www.freepik.com/.

Reducing exposure to noise: Green space can reduce noise exposure and also

acts as a psychological bu�er that dampens stress responses to noise (Dzhambov

and Dimitrova, 2015). Accordingly, noise may mediate the association between

green space and mental health (Markevych et al., 2017). For example, Astell-Burt

et al. (2013) found that residents of greener neighborhoods had lower odds of

short sleep. Similarly, Van Renterghem and Botteldooren (2016) reported that

visible greenery from the living room was associated with lower noise annoyance.

These �ndings suggest that green space can confer bene�ts at both the physical

and perceptual levels in mitigating noise.

Reducing exposure to air pollution: Air pollution can be lower in and around

green space because major emission sources are absent and vegetation removes

pollutants via deposition (e.g., particulate matter (PM) of less than 10 ` m ( PM10)

and ozone) (Markevych et al., 2017). Consistent with these pathways, Dadvand

et al. (2012b) found that higher residential greenness was associated with lower

indoor and outdoor PM2•5 (PM of less than 2.5 ` m) among pregnant women and

with more time spent outdoors at home (i.e., in the area around the home). Sim-

ilarly, Dadvand et al. (2015) reported that decreased air pollution partially medi-

ated the association between residential greenness and children's cognitive devel-

opment.
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Chapter 2 Theoretical Framework and Background 2.2 Green Space and Health

2.2.2 Restoration

Restoration(restoring capacities) refers to the process of replenishing depleted ca-

pacities, including managing stress, improving a�ect, and revitalizing attention,

as described by SRT and ART. This restorative process enables individuals to ac-

crue health bene�ts (Yu et al., 2024b). Research in this domain examines whether

encounters with green space coincide with reduced physiological arousal and

more positive self-reported a�ect, as well as improved sustained attention and

broader executive functioning (Markevych et al., 2017).

Some �eld experiments have explored the restoration e�ects of green space. For

instance, Simkin et al. (2020) demonstrated that activities such as sitting or walk-

ing in urban forests produced greater restorative outcomes. Likewise, taking in

the forest atmosphere can have positive physiological e�ects, including lower con-

centrations of cortisol and blood pressure, greater parasympathetic nerve activity,

and reduced sympathetic nerve activity (Park et al., 2010). Observational stud-

ies also provide supporting evidence. Van den Berg et al. (2010) reported that

the associations between stressful life events and both the number of health com-

plaints and perceived general health were signi�cantly moderated by the amount

of green space near respondents' homes. Similarly, an online survey study by

Jiang et al. (2020) indicated that greater daily exposure to trees was related to

better health outcomes. In a longitudinal study, Alcock et al. (2015) found that

greater broadleaf and grassland cover was linked to lower odds of psychiatric

caseness in rural England.

2.2.3 Instoration

Instoration(promoting capacities) refers to constructing capacities and resilience

to face further threats to health (Beute et al., 2023). Two main dimensions fall

under this pathway: (1) promoting physical activities (PA) and (2) enhancing

social cohesion.

Promoting PA: PA usually underpins physical and mental health, and green space

can provide safe, convenient, and attractive settings for PA (Yu et al., 2024b). PA

conducted in green space (viz., green exercise, GE) may bene�t dwellers more

than in other (e.g., indoor) settings (Biddle and Mutrie, 2007; Thompson Coon

et al., 2011). Consistent with this, Kondo et al. (2018) found that greater green

space exposure corresponded to higher-level self-reported PA. PA also may medi-

ate the pathway from green space to physical and mental health (Markevych et al.,
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2017). For example, De Vries et al. (2013) showed that PA in public/green spaces

mediated the e�ect of streetscape greenery on several well-being outcomes.

Enhancing social cohesion: Social cohesion means the sense of trust, mutual re-

spect, and safety among neighbors, along with the belief that they are willing to

o�er assistance when needed (Markevych et al., 2017). Green space may sup-

ply a setting for social interactions, which is likely to enhance social cohesion

(Sugiyama et al., 2008; Yu and Kwan, 2024). Theoretically, community-level social

interaction and cohesion are associated with health and well-being (Hartig et al.,

2014). Recent studies also showed that social cohesion can be an intermediary be-

tween green space and mental health and well-being (Mao et al., 2024; Sugiyama

et al., 2008).

2.3 Green Space and Healthy Aging

Green space can bene�t health for all age groups, but such bene�ts can be partic-

ularly important for older population groups, given the aging of societies (Ben-

ton et al., 2021; World Health Organization, WHO Regional O�ce for Europe.,

2016; Lee et al., 2015). Furthermore, compared with younger groups, older adults

are, on average, less mobile and occupy smaller activity spaces (Rantanen et al.,

2012), making their proximal green space more consequential for daily exposure.

Calogiuri et al. (2016) found that weekly GE was more common in older adults

than younger adults. Moreover, older adults are more likely to perceive higher

aesthetic value in green spaces and report greater related well-being than younger

adults (Sang et al., 2016). Thus, green space in older adults' direct living environ-

ment can be vital to support their needs and enhance their health and well-being

(Douglas et al., 2017; Kemperman and Timmermans, 2014).

2.3.1 Physical Health and Well-being

Green space can provide high-quality outdoor environments for physical activi-

ties (Bedimo-Rung et al., 2005; Douglas et al., 2017). A growing body of research

suggests that, in older adults, green space is associated with improved physical

well-being and health. From a �eld experiment, Kabisch et al. (2021) reported

that visits to green spaces with higher naturalness were associated with better

cardiovascular health among adults aged 55 to 70. Herbolsheimer et al. (2020)

conducted a cross-sectional telephone survey and found that available parks were

9



Chapter 2 Theoretical Framework and Background 2.4 Green Space Exposure Measurements

positively correlated with walking time for transportation among older adults

in Metro Portland (USA) and Metro Vancouver (Canada). Likewise, Lau et al.

(2021) indicated that longer green space exposure was positively correlated with

perceived physical well-being in older adults based on an on-site survey.

2.3.2 Social Interaction and Social Contacts

Social interaction becomes particularly important in later life, as retirement, role

transitions, age-related loss, and mobility limitations can shrink daily networks

(Kemperman et al., 2019). Among older adults, greater social connection is linked

to better physical health, mental health, and psychological well-being (Yung et al.,

2016; Sugiyama and Thompson, 2006; Zhou et al., 2020). Green space can pro-

vide accessible venues for everyday encounters, enhancing social connectedness

(Bedimo-Rung et al., 2005). For instance, Yung et al. (2016) found that park fea-

tures enabling social connection and mobility were strongly correlated with older

users' satisfaction, indicating that green space can promote social contact in later

life. Similarly, Kemperman and Timmermans (2014) argued that higher levels of

greenness were associated with more social contact among aging neighbors.

2.3.3 Mental Health and Well-being

Emerging evidence suggests that green space is associated with improved mental

health and well-being among older adults. Luo et al. (2024) found in a �eld ex-

periment that greenery in residential open spaces was linked to lower emotional

arousal. In a cohort study, Astell-Burt and Feng (2019) reported that exposure to

tree canopy was associated with a lower incidence of psychological distress. Sim-

ilarly, an on-site questionnaire survey by Lau et al. (2021) indicated that longer

green space exposure was linked to better perceived mental well-being of adults

aged above 60. Moreover, using GPS tracking and momentary questionnaires,

Han et al. (nd) demonstrated that higher greenness was associated with a lower

negative a�ect in older adults.

2.4 Green Space Exposure Measurements

Measuring green space exposure is the primary challenge in evaluating the health

impact of green space (Yu and Kwan, 2024). A crucial preliminary step is to de-
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lineate the featuresof green space before attempting to assess exposure (Neuen-

schwander et al., 2014). Speci�cally, according to Liu et al. (2023a), green space

features can be described through attributes and components. Attributes usually

encompass areal size and type (e.g., parks, forests, trees, grassland, meadows,

public squares, etc.) for individual green space. Parks and vegetation (predom-

inantly forests and trees) are the most examined attributes in recent studies (Liu

et al., 2023a; Roe et al., 2020). At a regional scale, attributes contain the num-

ber, density, connectivity, and canopy coverage percentage of green space patches,

encompassing not only parks and forests but also other forms of greenery (e.g.,

grassland). Componentsof green space include amenities such as facilities for

physical activities, wildlife, individual trees that exhibit seasonal variations, and

diverse vegetation structures across a region (Duan et al., 2024).

Assessments of green space exposure based on static geographical contexts, such

as residential or workplace locations, are categorized as static green space exposure

(see details in section 2.4.1). However, limiting assessment to one or a few static

locations is overly simplistic relative to individuals' time-varying activity spaces

(Kwan, 2012; Yu and Kwan, 2024). In contrast, dynamic green space exposurere-

�ects individuals' interactions with green space based on their daily mobility and

activities, accounting for both spatial and temporal dimensions (Kwan, 2013; Xie

et al., 2023). This approach provides a more nuanced and comprehensive under-

standing of how people engage with green space in their everyday lives, extending

beyond the limitations of static exposure assessments (see details in section 2.4.2).

2.4.1 Static Green Space Exposure

Integrated with the framework of green justice (�g. 2.2), static green space expo-

sure is usually measured by three indicators: availability, accessibility, and visi-

bility (Labib et al., 2020; Šaszkiewicz et al., 2018; Xie et al., 2023; Yoo et al., 2022).

Availability refers to the physical quantity of green space within a certain spatial

unit (Bratman et al., 2019). The normalized di�erence vegetation index (NDVI) is

applied broadly in many studies to quantify the availability of green space (Kondo

et al., 2018; Marquet et al., 2023; Zhou and Wang, 2011). Similar metrics from

remote sensing data contain the soil-adjusted vegetation index (SAVI) and the

enhanced vegetation index (EVI) (Markevych et al., 2017). Land use/land cover

(LULC) and Light Detection and Ranging (LiDAR) data are also important data

sources for availability estimation (Liu et al., 2023a; Xie et al., 2023). Quantitative

indicators of availability include the tree density, the percentage of tree canopy
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Figure 2.2: Three domains of static green space exposure indicators (from Labib et al.
(2020, p. 5)): (a) availability (physical amount of green space), (b) acces-
sibility (spatial proximity of green space to locations of interest), and (c) vis-
ibility (the amount of greenness that can be seen visually from a particular
location of interest).

area, and the green space area ratio (GSAR) (De Keijzer et al., 2020; Kabisch et al.,

2016; Schmid et al., 2024; Yu and Kwan, 2024).

Accessibilityrefers to the ease with which a person can reach relevant sites, in this

case, green space (Geurs and Van Wee, 2004; Kwan, 1998). Accessibility estima-

tion considers the spatial proximity, temporal constraints, or the e�ects of tra�c

restrictions on people's ability to visit green space (Liu et al., 2021; Wu et al., 2019).

Accessibility is usually estimated in combination with availability metrics (Labib

et al., 2020). Measures here include the shortest distance or travel time to the

nearest green space, GSAR, NDVI, or other quanti�ed indicators within a speci�c

spatiotemporal context (e.g., from home to green space, within 10 minutes), usu-

ally based on bu�er and network analysis (Liu et al., 2023a; Wang et al., 2021b;

Xie et al., 2023).

Visibility refers to the perceived greenery within an individual's visual �eld. In

recent years, it is usually calculated by the pixel ratio of vegetation (Green View

Index, GVI) identi�ed in street view images fetched or sampled from an Applica-

tion Programming Interface (API) of a service such as Google Street View (Jiang
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et al., 2020; Wang et al., 2021a; Xie et al., 2023). GVI has been used extensively

to capture human-scale greenery as experienced on streets or pathways, which

di�ers from the broader overhead, birds-eye measurements provided by satellite

data (Jiang et al., 2020; Wang et al., 2021a; Zhai and Baran, 2016).

2.4.2 Dynamic Green Space Exposure

Static green exposure is crucial in evaluating the health impact of green space

because it re�ects the environmental e�ects in people's daily dominant activity

places, including residences, workplaces, and recreational places (Wang et al.,

2021b). However, people may experience exposure to green space while traveling

their daily routes outside these primary places (Kwan, 2012). Static green space

exposure neglects people's actual spatiotemporal mobility context (Hasanzadeh

et al., 2019; Kwan, 2013), which cannot su�ciently re�ect how people interact with

green space in reality.

GPS tracking can assess the actual exposure of individuals embedded with en-

vironmental and contextual features (Li et al., 2018; Pearson et al., 2024). Many

studies use GPS-enabled devices or mobile phones with GPS sensors to assess

individual-level dynamic green space exposure (Xie et al., 2023; Yoo and Roberts,

2022). For example, Marquet et al. (2023) estimated daily average exposure as

mean NDVI within a 20-m bu�er around GPS �xes. Other work computes cumu-

lative dynamic green space exposure: Yu and Kwan (2024) calculated NDVI along

travel routes using a 100-m street-network bu�er, and Wang et al. (2021a) derived

exposure from the GVI for each walking and cycling trip. Beyond GPS traces,

some studies also use travel surveys to acquire self-reported mobility paths for

assessing dynamic green space exposure (Wang et al., 2021b).

2.4.3 Linkages between Green Space Exposure Measurements

The comparison between static and dynamic green space exposure o�ers a lens

into the patterns and motivations behind residents' daily interactions with green

space. Nevertheless, recent studies have produced con�icting �ndings. Wang

et al. (2021b) reported no signi�cant association between green space exposure

metrics between working places and daily mobility paths. Xie et al. (2023) found

static green space exposure at workplaces positively aligned with commuters'

daily dynamic green space exposure. Likewise, Marquet et al. (2023) illustrated

that there was no signi�cant di�erence between dynamic and static green space
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exposures among seniors. Wang et al. (2021a), however, suggested that working

in environments with limited green space led to compensatory dynamic green

space exposure.

2.5 Research Gaps

Several research gaps (RGs) were identi�ed as a result of the literature review.

General RG
Lack of evidence from older adults' daily lives.

Recent work has begun to examine the relationship between dynamic and

static green space exposure at the individual level (Wang et al., 2021a; Xie

et al., 2023; Yoo and Roberts, 2022; Zheng et al., 2024a). Still, most studies

include multiple demographic groups or focus on commuters, with limited

attention to older adults. Meanwhile, substantial evidence links residential

greenness to better mental health and well-being in later life (De Keijzer et al.,

2020). Yet, much of this evidence comes from surveys (Kemperman and Tim-

mermans, 2014; Yang et al., 2022; Zhou et al., 2020) and �eld experiments

(Luo et al., 2024), with little focus on older adults' daily mobility and real-

world environmental contexts. There is a clear need for studies that, in older

adults, jointly measure dynamic and static green space exposure from their

daily lives.

RG 1
Lack of attention on vegetation.

The term �green space� is de�ned inconsistently across studies (Taylor and

Hochuli, 2017). This heterogeneity in de�nitions can underlie attributes of

green spaces, introducing biases into green space exposure measurements.

With respect to static green space exposure measurements, accessibility is of-

ten operationalized via proximity (e.g., minimum travel time estimation) to

urban parks (Xie et al., 2023), but this proxy may not re�ect static exposure

to natural land cover (Jarvis et al., 2020). As a result, the contribution of non-

park vegetation remains unclear. Emphasizing static green space exposure
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derived from LULC vegetation data is warranted.

RG 2
Lack of attention on active travel.

Active travel (human-powered modes such as walking and cycling) improves

human health by increasing physical activity (Doorley et al., 2015). Such

health bene�ts are substantial for maintaining overall mobility and well-being

among older adults (Yang et al., 2018).

Accordingly, individual accessibility to green space for older adults should be

evaluated considering active travel modes. Furthermore, active-travel green

space accessibility should produce an age-sensitive estimation: for older adults,

their active-travel mobility depends strongly on the travel environment (Duim

et al., 2017), and typical speeds are lower due to age-related declines in phys-

ical capacity (Bendall et al., 1989; Vlakveld et al., 2015), implying distinct ac-

cessibility needs. Topography (e.g., slope, elevation) is therefore incorpo-

rated into green space accessibility estimation (Weiss et al., 2018).

Also, most studies estimating dynamic green space exposure do not distin-

guish travel modes (Marquet et al., 2023; Yu and Kwan, 2024; Zheng et al.,

2024a). However, active travel (walking or cycling) generally entails more in-

tense and direct environmental exposure than passive transport (traveling in

vehicles). Travel mode detection should therefore be integrated into dynamic

green space exposure assessment, with a focus on active trips.

RG 3
Unknown daily mental well-being outcomes.

Yu and Kwan (2024) reported that, within a 4-hour window, streetview-based

dynamic green space exposure was correlated with lower momentary stress.

Relationships between dynamic green space exposure and daily subjective

well-being are rarely examined. While Marquet et al. (2023) compared dy-

namic with static green space exposure in older adults, their analysis stopped

at exposure metrics. Consequently, how dynamic green space exposure in-

�uences older adults' daily well-being remains an open question.
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2.6 Research Questions

Addressing the above research gaps, and using data from the MOASIS study

(Röcke et al., 2023), this thesis sets out to answer the following three research

questions (RQs):

RQ 1

What are the levels and patterns of green space exposure among older

adults during the study period?

RQ 2

To what extent are dynamic and static measures of green space exposure

correlated among older adults?

RQ 3

How strongly is mental well-being among older adults associated with dif-

ferent indices of green space exposure?
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CHAPTER 3

STUDY AREA AND DATA

This chapter describes the study area and the data utilized in this thesis. Figure 3.1

shows the schematic representation of each (sub)section and their relationships

in this chapter.

Figure 3.1: Diagram of data used in this study. X.X represents section numbers, andX.X.X
indicates subsection numbers.

3.1 Study Area

The Canton of Zurich, Switzerland (Figure 3.2) is the study area of this thesis.

This canton is the most populous among the 26 Swiss cantons, with a population

of 1–579–967residents (Federal Statistical O�ce, 2024). It covers 1729 km2 (Federal

Statistical O�ce, 2021) and features a mix of urban, periurban, but also major rural
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Chapter 3 Study Area and Data 3.1 Study Area

Figure 3.2: Study Area. Canton of Zurich, Switzerland. Source:
ThemaKart map boundaries - Set 2025, FSO.

Figure 3.3: Share of residents aged 65 years and over in the Canton of Zurich from 2019
through 2023 (source: FSO). The proportion of senior citizens in the Canton
has increased modestly in recent years, reaching 17.31% in 2023.Note: A pop-
ulation is considered agedwhen more than 14% of people are 65 years or older
(Kasai, 2021).
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areas. Over the past few years, green space in the canton has been under pressure

due to ongoing urbanization and increasing population (Marcelo et al., 2022).

Furthermore, with the proportion of older adults exceeding 14% (Kasai, 2021),

the canton has quali�ed as an aged society in recent years (Figure 3.3). Thus,

green space dynamics and demographic shift make the Canton of Zurich an ideal

case study for assessing how green space can promote healthy aging.

3.2 Topographic Data

Three topographic data sets were used for this study: the administrative bound-

ary, the topographic landscape model (TLM), and the digital elevation model

(DEM) of the study area. All data were obtained as open data products from

swisstopo, the Swiss national mapping agency.

The administrative boundary of the study area is from swissTLMRegio 1, which

contains two-dimensional vector data. The boundary here was used for (1) clip-

ping and integrating all spatial datasets to the study area extent, (2) visualization

in subsequent chapters, and (3) home and life space detection (see details in sub-

section 4.2.2).

The topographic landscape model (TLM) is obtained from SwissTLM3D 2. This

data set includes roads and rail tracks with their geometries and categories. Be-

cause the focus of this study was on active travel, walking and cycling road seg-

ments would ideally be isolated. However, SwissTLM3D does not encode legal

or physical pedestrian/cyclist access across the full road network (Morelle et al.,

2019). I therefore retained all road segments within the study area, except all

highway-related segments (Table 3.1), because use of highways by pedestrians

and cyclists is prohibited.

The digital elevation model (DEM) is taken from SwissALTI3D 3, a digital terrain

model with 0•5 m resolution over the study area. Because the road linestrings

were converted to two-dimensional vectors for segmentation, the DEM was used

to recover precise elevations at the start and end of each road segment. The road

segments with elevation data were utilized for individual accessibility estimation

under a travel mode with a time limit, regarding topographic factors (see details

1 https://www.swisstopo.admin.ch/en/landscape-model-swisstlmregio, accessed on 28 Febru-
ary 2025

2 https://www.swisstopo.admin.ch/en/landscape-model-swisstlm3d, accessed on 28 February
2025

3 https://www.swisstopo.admin.ch/en/height-model-swissalti3d, accessed on 28 February 2025

19



Chapter 3 Study Area and Data 3.3 Green Space Data

Table 3.1: Description of highway-related road segments (source: Objektkatalog swis-
sTLM3D 2.2). The column Wertebereich(meaning: type) shows the original
text of road types in German; the column Typerepresents the attribute of road
segemnts translated in English via DeepL. With the assumption that these roads
are not transitable for pedestrians and cyclists, they were removed from the
road network in active-travel accessibility estimation.

GDB-
code

Wertebereich Type

0 Ausfahrt Exit

1 Einfahrt Driveway

2 Autobahn Highway

3 Raststaette Rest Stop

4 Verbindung Connection

5 Zufahrt Access Road

6 Dienstzufahrt Service Entrance

21 Autostrasse Motorway

in subsection 4.3.2).

3.3 Green Space Data

To address natural landscape features (vegetation) as the vital attribute of green

space, three green space datasets were included (Table 3.2). The vegetation height

model (VHM) and the habitat map were utilized for static green space exposure

measurements. Similarly, the normalized di�erence vegetation index (NDVI) was

used for dynamic green space exposure assessments. Following Roberts and Hel-

bich (2021), I restricted the growing vegetation season in Europe, namely May to

September 2024, as the study period. During that period, vegetation indices were

stable and relevant to daily exposure, reducing bias induced by spring or winter

phenology.

3.3.1 Vegetation Height Model

Vegetation height models (VHMs) capture the vertical structure of vegetation that

matters for shade and screening (Ma et al., 2023). This data was generated based

on stereo aerial images for Switzerland with a 1-meter spatial resolution (Ginzler,

2021). The current VHM (2023) was clipped within the administrative boundary
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Table 3.2: Description of green space data in this study.

Data Description Spatial
resolution

Usage Source

Vegetation
Height
Model

Average vegetation
height for each cell

1 m Static
home-based
green space
exposure

(Ginzler,
2021)

Habitat
Map

Habitat class (land
cover type) of each
polygon

1 m Static
neighborhood
green space
exposure

(Price
et al.,
2024)

NDVI NDVI for each cell 30 m Dynamic
green space
exposure

(Gorelick
et al.,
2017)

of the study area and utilized as the home-based green space metric in this study.

3.3.2 Habitat Map

The Habitat Map of Switzerland maps the habitat types at 1 m spatial resolution

(Price et al., 2024). The map encoded habitat polygons in a hierarchical structure

according to the Swiss Habitat Typology (TypoCH) (Delarze et al., 2008). The

current habitat map (v1.1, 2024) was clipped within the administrative boundary

of the study area and utilized as the neighborhood green space metric, restricted

to land cover components (TypoCH �rst-level classes).

3.3.3 Normalized Di�erence Vegetation Index

Normalized di�erence vegetation index (NDVI) has been widely applied in recent

dynamic green space exposure studies (Marquet et al., 2023; Yoo and Roberts,

2022; Yu and Kwan, 2024). The NDVI product used here was derived from the

Landsat8 Operational Land Imager and Thermal Infrared Sensor at a spatial reso-

lution of 30 m and obtained from the Google Earth Engine (GEE) platform (Gore-

lick et al., 2017).

To minimize the e�ects of clouds, I utilized the GEE cloud score algorithm (Google

Earth Engine, 2024) before calculating the NDVI. The image collection was �ltered

to the study area and the study period. Only scenes with total cloud cover � 40%

were retained. Surface re�ectance bands were rescaled to re�ectance units. The
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QA_PIXEL band was used to identify cloud and cloud-shadow pixels via bit-wise

�agging. A supplemental threshold on the blue band (re�ectance � 0.2) further

screened remaining bright artifacts. All masked pixels were excluded from sub-

sequent data acquisition.

For preprocessed cloud-free images, the NDVI at each cell was calculated as in

Equation 3.1:

NDVI =
NIR � RED
NIR ¸ RED

(3.1)

Where NIR is Band 5, and RED is Band 4 in Landsat8. The NDVI value varies

between -1 and 1. The higher the value, the higher the density of green vegetation.

The code for image acquisition and NDVI calculation described in this subsection

is available at the GEE link4.

3.4 MOASIS Project

The mobility-related data used in this study is based on a larger project named

MOASIS (Mobility, Activity and Social Interaction Study), which deals with mo-

bility at older age (Röcke et al., 2023). The project recruited older adults aged

65 years or older with no clinically relevant cognitive impairments or depressive

symptoms. In 2024, recruitment used snowball sampling from April to November.

118participants aged 65 and above enrolled for a 15-day ambulatory assessment

phase;113of them completed the entire protocol. This study period largely aligns

with the vegetation growing season in Europe (May to September), which sup-

ports the green space domain of this thesis. The data collected by the MOASIS

study used in this thesis comprise mobility-related data, described in section 3.5,

and sociodemographic and subjective well-being data, described in section 3.6.

3.5 Mobility-related Data

Mobility-related data from older adults were collected with a custom wearable

sensor,uTrail, which includes a GPS sensor sampling at1 sintervals (Fastrax UC530)

(Fillekes et al., 2019c). Participants wore the device on the waist daily during their

4 The boundary of Canton Zurich in this code is same as in section 3.2.
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waking hours for a 15-day sampling period, removing it only for recharging over

night. Each GPS �x recorded latitude, longitude, and a timestamp in Coordinated

Universal Time (UTC). Although the logger also stored other attributes, such as

speed, altitude, HDOP (Horizontal Dilution of Precision), VDOP (Vertical Dilu-

tion of Precision), only coordinates (latitude and longitude) and timestamps were

used for analysis. The GPS preprocessing pipeline was subsequently delineated

in Chapter 4.

3.6 Self-reported Data

Two self-reported data sets were used in this study. Sociodemographic character-

istics and self-reported health were collected from the baseline assessment through

an online survey; daily well-being data were collected from a daily evening ques-

tionnaire during the 15-day sampling period. Table B.1 indicates how these vari-

ables were measured.

3.6.1 Baseline Measures

Participants completed a baseline survey containing an array of web-based ques-

tions at the beginning of the study period. Sociodemographic and physical health

measures from the baseline assessment were utilized in this study. Speci�cally,

sociodemographic measures contained conventional measures such as sex, age,

marital status, etc. Physical health was evaluated using the Short-Form Health

Survey (SF-12) (Lawton and Brody, 1969; Ware et al., 1996).

3.6.2 Daily Ambulatory Measures

Over the entire ambulatory assessment phase of 15 days, participants received

seven smartphone prompts per day for brief experience sampling. In this study,

daily subjective well-being was evaluated solely from the evening survey (the 7th

daily measurement, prompted at 21:00-21:15 (in HH-MM)), which captured a

retrospective appraisal of the entire day. Responses from daytime (1st to 6th)

experience-sampling prompts were not included in this study.
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CHAPTER 4

METHODOLOGY

4.1 Conceptualization

Figure 4.1 shows the work�ow of this study. Data processing and analysis were

conducted in R 4.4.1 (R Core Team, 2024) and RStudio 2024.12.1+563 (Posit team,

2025). Table C.1 shows the details of R packages and their usage in the thesis.

4.2 Data Preprocessing Pipeline

Figure 4.2 describes the sample selection of this study. Each step with its criteria

is explained throughout this section. There were 118 participants aged 65 years

or older who attended the MOASIS study in 2024; 113 of them �nished all assess-

ments with data available for analysis. The data preprocessing pipeline started

with the GPS data, then integrated the GPS data with the daily subjective well-

being data.

4.2.1 GPS Validity and Preprocessing

For GPS data, coordinates were projected from WGS84 (EPSG: 4326) to the Swiss

national coordinate reference system LV95 (EPSG: 2056); timestamps were con-

verted from UTC to Swiss time (Central European Time (CET); Central European

Summer Time (CEST)) by applying the Europe/Berlin time-zone o�set. Partici-

pants' GPS data were partitioned into person-days using a midnight (00:00:00, in

HH:MM:SS) cut-point. After this daily segmentation, the dataset comprised 1709

person-days of GPS data.

To ensure the GPS quality of person-days, I maintained person-days with a mini-

mum of 12 hours of GPS time coverage. This threshold can ensure that GPS data
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Figure 4.1: Work�ow of this thesis as described in Chapters 3 and 4. Note:X.Y represents
the corresponding section, X.Y.Z the relative subsection. The colors of sub-
sections and related measurements in Chapter 4 correspond to the scheme in
Chapter 3 to show which dataset(s) were used for measurements.
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Figure 4.2: Work�ow of sample selection. Color-�lled boxes show the subsections and
relative data, with blue for GPS data and orange for self-reported data. Gray-
�lled boxes with rounded corners show the number of remaining person-days
for each selection step, while the number of excluded person-days and applied
criteria are shown in the red boxes.
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reliably re�ect individuals' daily mobility (Fillekes et al., 2019c; Yu and Kwan,

2024). A 03:00:00 (HH:MM:SS) cut-point was further applied to minimize the

e�ects of short cross-midnight sampling in daily temporal coverage calculation

(Fillekes et al., 2019a). This criterion excluded 505 person-days with GPS time

coverage below 12 hours, yielding 1204 valid person-days (Step 1, �g. 4.2).

To denoise GPS �xes, speed outliers were detected and excluded. After calculat-

ing the speed between two consecutive GPS �xes in the unit of km/h, I applied an

iterative denoising procedure on each person-day's GPS trajectory (Fillekes et al.,

2019a): for each iteration, the speed between consecutive �xes was calculated, and

segments exceeding 250 km/h � the maximum train speed in Switzerland (Swiss

federal authorities, 2024) � were �agged as outliers and then removed. The pro-

cess was repeated until the proportion of outliers per person-day converged to a

stable value.

4.2.2 Home and Life Space Detection

Computing home location is a prerequisite for measuring static green space ex-

posure and mobility indicators. I used the denoised GPS data to infer home lo-

cations for each participant. Building on the approach of Fillekes et al. (2019b)

and Fillekes et al. (2019c), I applied the Density-Based Spatial Clustering of Ap-

plications with Noise (DBSCAN) algorithm to the third and last GPS �xes of

each person-day, using a neighborhood radius of 60 m and a minimum-points

threshold of 3 (Ester et al., 1996). The �rst two GPS �xes of each person-day were

dropped to avoid inaccurate positioning that might occur at device reactivation.

Clusters were represented as polygons. I retained the two largest-area polygons

as candidate home clusters. For each participant, I counted all GPS �xes across

all person-days that fell within the polygon. The home location was assigned to

the polygon centroid (i.e., the mean projected coordinate) of the candidate clus-

ter whose �x count exceeded the other by at least two �xes. If this criterion was

not met, or neither candidate cluster contained any GPS �xes, home detection was

deemed ambiguous, and that participant was excluded from analyses.

After home detection, 97 out of 98 participants had valid home locations; 62 out

of 97 home locations were within the study area. Thus, 434 person-days were

excluded due to detected home locations outside the study area (Step 2, �g. 4.2),

with 770 person-days left. In addition, I restricted activity spaces (all GPS �xes

of a person-day) to the study area (Fillekes et al., 2019c). I assumed that mobility

within this life space level can re�ect a typical day of older adults. 520 person-days
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were retained from those same 62 participants (Step 3, �g. 4.2).

4.2.3 Travel Mode Detection

Considering active travel usually involves physical activities and direct, immersive

connections with green space, only person-days with valid active-travel trips were

utilized for dynamic green space exposure measurements (Doorley et al., 2015;

Wang et al., 2021a). There were three steps to extract person-days with valid active

trips using GPS �xes: (1) stop-move segmentation, (2) travel mode detection, and

(3) valid exposure extraction.

Stop-move segmentation. Following the stop-move segmentation algorithm by

Montoliu et al. (2013), which has been applied in recent MOASIS studies (Fillekes

et al., 2019a,b,c), person�day GPS trajectories were further split at large gaps: a

chunk was �rst identi�ed when the inter-�x time exceeded 1 hour or the step

length exceeded 300 meters. Within each chunk, starting at the �rst �x, subse-

quent �xes were accumulated while all remained within a 150-meter radius of

that start point; if the resulting duration was � 5 minutes, the segment was la-

beled a stop, otherwise too short. Segments labeledtoo shortwere treated as move

segments for subsequent steps (Vanwolleghem et al., 2016). Consecutive stops

were �rst merged when separated by moves lasting � 3 minutes, and were subse-

quently merged if the inter-stop time gap was Ÿ 1 hour and the median-to-median

distance was � 150 meters. Each stop was represented by the median projected

coordinates of its �xes and by its arrival and departure timestamps.

Travel mode detection. In line with Carlson et al. (2015) and Vanwolleghem

et al. (2016), I classi�ed each �move� segment by its 90th-percentile speed (v90)

against two thresholds. Segments with v90 � 25 km/h were labeled passive (i.e.,

motorized) transport and those Ÿ 25 km/h active (i.e., non-motorized) transport.

Within the active class I further sub-labeled walking when v90 Ÿ 10 km/h ver-

sus cycling for 10 � v90 � 25 km/h. Finally, any single active segment �anked

by passive segments (a passive�active�passive pattern) was relabeled as passive

and merged with the adjacent passive stages into one continuous passive segment

(Schuessler and Axhausen, 2009). This post-processing step reduced spurious

mode switches caused by brief speed drops from congestion or tra�c �uctuations.
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Valid exposure extraction. A valid exposure was de�ned as a trip in detected

active travel modes with either a minimum distance of 300 meters (Yoo et al., 2020)

or a minimum duration of 3 minutes (Lee and Kwan, 2019). After this extraction,

362 person-days from 62 participants with valid exposure(s) were retained, �-

nalizing the GPS sample for subsequent integration with self-reported measures

(Step 4, �g. 4.2).

4.2.4 Self-Reports Validity

To examine the correlation between daily mental well-being and daily dynamic

green space exposure metrics, only person-days with the complete evening as-

sessment were retained. Applying this criterion, 62 person-days without evening

assessments were excluded from the sample (Step 5, �g. 4.2). Finally, 300 days

from 60 participants (Mean = 5, SD = 2.99) were utilized for analysis. As days

per participant were highly imbalanced (CV (coe�cient of variation) = 0.6), I

did not consider intra-individual heterogeneity via random or �xed e�ects in this

study.

4.3 Static Green Space Exposure

After home detection, two green space exposure metrics were calculated using the

green space area ratio (GSAR) based on the detected home location at di�erent

life space levels: (1) home-based and (2) neighborhood.

GSAR is the ratio of green space area to the total area of a certain zoneI (Yu et al.,

2024a), as given in eq. (4.1):

GSAR¹%º
I =

� green– I

� total– I
� 100 (4.1)

4.3.1 Home-based Static Green Space Exposure

Home-based static green space exposure was calculated as GSAR within a 50-

meter-radius bu�er around the detected home location. Using the VHM intro-

duced in Section 3.3.1, the green space here was de�ned as the cells with a vege-

tation height � 5 cm (Eggimann, 2022).
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4.3.2 Neighborhood Static Green Space Exposure

Neighborhood static green space exposure was assessed as GSAR in areas reach-

able within 15 minutes of walking and cycling, respectively, from participants'

home locations. Three classes of habitat were de�ned as green space at the neigh-

borhood level: (1) class 4: grasslands, (2) class 5: woodland edges, tall herb com-

munities, shrubs, and (3) class 6: forests (Price et al., 2023). The detailed groups

within each class of green space are reported in Table A.1. The computation of 15-

minute walking/cycling reachable areas from home locations is described below.

The neighborhood zones (15-minute walking/cycling reachable areas from home

locations) were delineated by isochrone polygons. Isochrones are lines of equal

travel time (O'Sullivan et al., 2000). An isochrone map can visualize the area

accessible from a certain location, given a certain travel mode (and thus travel

speed) considering the restrictions of the road network (Dovey et al., 2017).

With the focus of this study on active travel, topographic factors should be con-

sidered when assessing individual accessibility (Valls and Clua, 2023). Given

that, Tobler's Hiking Function (THF) was used to estimate the reachable areas

in a walking travel mode (Tobler, 1993), with eq. (4.2):

, F0;:8=6 = 64� 3•5
�
�3�
3Ģ 0•05

�
�

3�
3G

= ( = tan \
(4.2)

where , F0;:8=6is the walking speed [km/h], 3� is the elevation di�erence, 3Gis the

distance, ( is the slope, and \ is the angle of slope (inclination). Equation (4.2)

was used for walking estimation. Based on that, I used an adjusted base speed

(25 km/h instead of 6 km/h) for cycling estimation (Monteiro et al., 2023), with

eq. (4.3):

, 2H2;8=6= 254� 3•5
�
�3�
3Ģ 0•05

�
�

3�
3G

= ( = tan \
(4.3)

where , 2H2;8=6is the cycling speed [km/h], 3� is the elevation di�erence, 3Gis the

distance, ( is the slope, and \ is the angle of slope (inclination).
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With TLM and DEM introduced in section 3.2, a three-dimensional undirected

road network was generated in a 10-meter resolution (edge length) with vertices

and edges by sfnetworks (van der Meer et al., 2024). Three main steps were exe-

cuted: (1) I �rst clipped the network to a circular bu�er (radius: base speed � time

budget) based on the detected home location to limit the reachable area under a

constant speed without topography to improve the e�ciency of the following cal-

culations. (2) For the clipped road network, I assigned each edge a baseline travel

time (edge length divided by mode-speci�c base speed). Using travel time for

each edge as weights, the nodes reachable from the home location in the clipped

network within time budget can be generated using tidygraph::node_distance_

from() using Dijkstra's algorithm (Dijkstra, 2022; Pedersen, 2024). Nodes within

the time budget were deemed reachable. Subsequently, I extracted the corre-

sponding shortest paths as candidate paths from the home to all reachable nodes

with sfnetworks::st_network_paths() and retained the induced set of edges. (3)

Then, along each candidate path, I recalculated the travel time of each edge under

THF and the cumulative travel time from the home location. Once the cumula-

tive travel time reached the time budget (15 minutes), the reachable nodes were

extracted along each path. If not, all nodes along the path were retained and ex-

tracted.

Finally, all extracted nodes were combined and converted to a concave hull us-

ing the sf::st_concave_hull()in sf with alpha as 0.6 (Pebesma and Bivand, 2023;

Pebesma, 2018). The pseudocode of this approach was illustrated in Algorithm 1.

Figure 4.3 shows two examples of isochrone maps.

Figure 4.3: Two example isochrone maps of 15-minute walking (sky blue) and cycling
(orange) reachable areas from the home location used in this study. The shape
and area of isochrone polygons can be in�uenced by topographic factors (e.g.,
slopes, road network structures, etc.) around individuals' home locations. In
the left example, the reachable areas (unit: km2) were 2.45 for walking and
45.32 for cycling. The shape of both isochrone polygons is nearly round. In the
right example, however, the reachable areas (unit: km 2) were 1.71 for walking
and 24.57 for cycling. The shape of both isochrone polygons is a half moon.
Note: home locations, coordinates, and participant IDs are anonymized.
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