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Creating pedestrian-friendly neighborhoods and encouraging walking activities not only improves urban liveli-
ness but also delivers health and environmental benefits. Previous research has largely focused on individual
walking behavior, which often exhibits stronger associations with personal traits than with built environment
characteristics. Pedestrian volume, a significant indicator of urban vitality and collective walking behavior, may
have a stronger relationship with environmental characteristics. Moreover, prior studies often hypothesize a
linear relationship between built environmental determinants and walking behavior. The exploration of potential
non-linear influences may help policy makers and urban planners by identifying minimum, maximum, and
optimal values of built environmental variables conducive for walking. Furthermore, studies focusing on the
collective walking of older pedestrians remain scarce in the context of aging societies.

In this study, we utilize street view imagery and advanced computer vision algorithms to estimate citywide
pedestrian volumes and their corresponding age classifications (older adults vs. all). Additionally, we assessed
both micro and macro built environmental factors. The possible non-linear impact is examined using Gradient
Boosting Decision Tree (GBDT). Our findings reveal disparities in the influence of environmental determinants on
the volume of older pedestrians versus that of all pedestrians. Also, the significance of environmental elements
exhibits variations across different spatial resolutions. Further, both eye-level vegetation and building level show
an inverted U-shaped influence on the pedestrian count.

have endeavored to discern the diverse built environmental factors
shaping walking behavior and pedestrian demand for decades. Signifi-

1. Introduction

The investigation into walking activity forms a crucial component of
urban research (Adkins et al., 2017; Forsyth et al., 2009; Handy et al.,
2005; He et al., 2022; Saelens & Handy, 2008; Wang et al., 2016; Wu
et al., 2023). Firstly, collective pedestrian activity, e.g., pedestrian vol-
ume, often stimulates an area’s socioeconomic vitality and social
interaction (Chen et al., 2020; Im & Choi, 2019; Kim, 2018; Li et al.,
2022). Secondly, having adequate walking time for an individual halts
the trends of sedentary lifestyle and private automobile dependence,
manifesting considerable health (Aune et al., 2016; Boyle et al., 2012;
Manson et al., 1999; Smith et al., 2007; Wu et al., 2013) and environ-
mental benefits (Maioli et al., 2019; Pellicer-Chenoll et al., 2021).

To enhance these positive effects, urban planners and researchers

cant built environmental correlates include macroscale built environ-
mental factors, e.g., ‘five Ds’: density, diversity, design, accessibility to
destination, and distance to public transit (Adkins et al., 2017; Carr
et al., 2010; Im & Choi, 2019; Jacobs, 1961; Lynch, 1984) and micro-
scale elements, e.g., features of buildings (Boarnet et al., 2011), green
view (Lu, 2019; Yang et al., 2021), sky view (Yin & Wang, 2016),
sidewalk (Nagata et al., 2020). Some exploratory qualitative studies also
classified these variables into facilitator and barrier through interviews
and focus group studies (Ahlport et al., 2008; Galea et al., 2008; Lockett
etal., 2005; Mocnik et al., 2022). The facilitator represents the variables
making neighborhoods attractive for walking or improve accessibility,
which includes the availability of restaurants, retail, public services,

* Corresponding author at: Department of Architecture and Civil Engineering, City University of Hong Kong, 5408, 5/F, Mong Man-wai Building, 83 Tat Chee
Avenue, Kowloon Tong, Kowloon, Hong Kong, Hong Kong Special Administrative Region.
E-mail addresses: dongweliu3-c@my.cityu.edu.hk (D. Liu), yilu24@cityu.edu.hk (Y. Lu), yanglcO125@swjtu.edu.cn (L. Yang).

https://doi.org/10.1016/j.tbs.2024.100814

Received 29 November 2023; Received in revised form 21 March 2024; Accepted 30 April 2024

Available online 6 May 2024

2214-367X/© 2024 Hong Kong Society for Transportation Studies. Published by Elsevier Ltd. All rights reserved.


mailto:dongweliu3-c@my.cityu.edu.hk
mailto:yilu24@cityu.edu.hk
mailto:yanglc0125@swjtu.edu.cn
www.sciencedirect.com/science/journal/2214367X
https://www.elsevier.com/locate/tbs
https://doi.org/10.1016/j.tbs.2024.100814
https://doi.org/10.1016/j.tbs.2024.100814
https://doi.org/10.1016/j.tbs.2024.100814

D. Liu et al.

schools, sidewalks, bus stop density, and vegetation. On the contrary,
the barrier represents the variables undermining the accessibility or
sense of safety, comfort, and convenience including distance to the
business center, distance to railway stations, and traffic volume (traffic-
related variables). Besides, there are variables that exhibit dual impacts,
either positive or negative, or whose effects on pedestrian remain
unverified. Pedestrians perceive and evaluate these objective factors
from multiple subjective dimensions, e.g., safety, comfort, aesthetics
(Arellana et al., 2020; De Vos et al., 2023), and then make travel de-
cisions about walking, e.g., whether to walk or not, when and where to
walk. It is worth noting the same objective elements can be perceived
differently by respondents with different sociodemographic elements,
including age, gender, income, and education attainment, as well as
personal health, lifestyle choices, and cultural norms (Delclos-Ali6 et al.,
2022; Frank et al., 2008; Guzman et al., 2020; Hearst et al., 2013; Huang
et al., 2022; Yang et al., 2023).

1.1. Impacts of built environmental factors on travel behavior

Existing research on the built environmental determinants of travel
behavior bifurcates into two major categories. The first employs spatial
units as the focal point of the investigation, deploying measures such as
walkability indexes or walking scores. These composite built environ-
ment metrics primarily concentrate on the features of pedestrian envi-
ronments, e.g., the walkable infrastructure and opportunities for
pedestrian activity (Adkins et al., 2017; Carr et al., 2010; Zhao et al.,
2021). However, they generally omit individual’s socioeconomic and
personal variables, such as age, which can significantly influence
perceived walkability and therefore impact individual walking behavior
(De Vos et al., 2023; Lattman et al., 2018; Tiznado-Aitken et al., 2020).

The second adopts individual person as study subjects, emphasizing
their individual walking propensities. These personal attributes can
either amplify or discourage pedestrian’s perception of different aspects
of the built environment (Feng, 2017; Tcymbal et al., 2020; Wang et al.,
2020; Yang et al., 2022), and thereby influence their travel behaviors.

1.1.1. Specific characteristics of older pedestrians

As a special population subgroups, older pedestrians are often
involved with mobility limitations and are more sensitive to certain
environmental factors, e.g., road surfaces and lighting, than other pe-
destrians (Feng, 2017; Ghani et al., 2018). Compared with younger
adults, older adults tend to be more sedentary, make fewer and shorter
trips, and have smaller activity spaces (Harvey et al., 2015; Sjogren
et al., 2014). Older pedestrians also exhibit heightened sensitivity to
uneven walkways, which prompts a more cautious walking strategy in
older adults compared to younger adults (Ippersiel et al., 2021). Older
people with walking difficulty tend to report poor lighting, distances,
and terrain as barriers in the outdoor environment more often than those
without walking difficulty (Rantakokko et al., 2012).

Therefore, there is a need to study how environmental factors can
impact on different age groups, especially older pedestrians, who may be
more sensitive to walking barriers.

1.1.2. Difference between collective walking behaviors and individual
walking behaviors

As we mentioned earlier, most previous studies focused on the links
between built environmental characteristics and individual walking
behavior, such as speed, duration, frequency, and gaits of walking. Be-
sides built environmental determinants, a multitude of individual fac-
tors, inclusive of health status and motivation, can cause deviation in
individual walking behaviors. Instead, collective walking patterns,
including pedestrian volume, are less impervious to these influences.
Researchers found that built environment features can partially explain
two-thirds of the variance in pedestrian volume, and scarcely one-third
of the variability in individual walking duration (Jiang et al., 2021).
Further, pedestrian volume is a significant indicator of urban vitality
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that cannot be replaced by aggregating the individual walking behavior
of urban residents in a community (Cambra & Moura, 2020; Lee et al.,
2017; Middleton, 2018). Longer average walking duration of residents
in a community is not equivalent to higher pedestrian volume. The gap
may be attributed to the low population density in this area or to the fact
that walking occurs outside the community (Jiang et al., 2021). Simi-
larly, the associations between built environment and pedestrian vol-
ume may differ among different population subgroups. For example,
older pedestrians are more likely to concentrate in residential areas
while less appear in suburban and mountainous areas compared with
their counterparts (Liu et al., 2023a). However, evidence on the het-
erogeneity in the built environment-pedestrian volume link among
different population subgroups remains scarce, partly due to methodo-
logical limitation. It remains challenging to collect sociodemographic
information for all or most pedestrians in an urban area.

1.2. Collecting individual information for collective walking behavior

It’s crucial to recognize that pedestrian demand embodies a synthesis
of the activities of both local residents and non-local visitors, and
excluding the latter could potentially produce incomplete or biased re-
sults. However, collecting sociodemographic data from visitors is indeed
challenging due to their transient nature — they may not be easily
reachable for one-time or even longitudinal surveys. Traditional
methods, such as spot-based pedestrian counts, are notably costly and
time-intensive (Im and Choi, 2019; Kang, 2018; Li et al., 2024). To
enhance the accuracy and efficiency of pedestrian volume measure-
ments, researchers have employed alternative methods. The widespread
use of mobile Internet and location-based services (LBS) via smart-
phones has enabled the accumulation of extensive human mobility re-
cords, providing researchers with useful information on human mobility
distribution (Chen et al., 2022c; Liu et al., 2015). Several studies have
verified the high correlation between mobile phone location-based re-
cords and the spatiotemporal characteristics of human activities (Dun-
kel, 2015; Gariazzo et al., 2016). Nevertheless, the efficacy and precision
of mobile signal data analysis are innately tied to the density and
arrangement of signal towers or base stations (Caceres et al., 2012).
Further, mobile signal data may be inaccurate to identify a pedestrian,
and it remains imprecise to discern user activities—whether an indi-
vidual is standing on streets, or simply staying indoors next to a street
(Du et al, 2017). Furthermore, researchers have utilized
individual-level portable-GPS-based sensing data to measure mobility of
human and their exposure to various environment (Roberts & Helbich,
2021; Vich et al., 2019). However, this approach requires participants to
be equipped with GPS-based devices, making it only suitable for a
limited sample size. Besides, geolocated data from social media plat-
forms such as Instagram, Twitter, and Weibo have been utilized to
measure human mobility (Cesare et al., 2019; Hawelka et al., 2014;
Roberts et al., 2019). These data not only provide insights into the
volume of people in a location but also the associated emotions and
activities. However, Social media data might not represent the entire
population as it is usually created by a subset of the population, which
can introduce demographic biases (Morstatter & Liu, 2017). Nightlight
data extracted from satellite images has been extensively explored to
depict density of human activities. However, this dataset tends to pri-
marily capture human activity only at night and cannot measure
pedestrian volume directly. Furthermore, some researchers have uti-
lized origin—destination (OD) data from large-scale travel survey to
capture aggregate travel patterns, including commuter flows, and sub-
sequently calculated environmental exposure (Hankey et al., 2017;
Widener et al., 2013). This approach can be complex, and the process
may introduce errors or oversimplify the environmental context in
which individuals travel (Cheng et al., 2020). Certain studies have fused
various data sources to estimate human volume. For instance, a envi-
ronmental behavior model integrating both pilot observation counts and
built environmental factors is employed to predict pedestrian counts for
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entire cities (Cambra & Moura, 2020). Additionally, nighttime light
images (VIIRS), geolocated Weibo data, and mobile signal data are
combined to measure pedestrian volume in another study (Song et al.,
2018). While these methods are innovative and can be valuable in
specific scenarios, they tend to be overly complex, leading to potential
overfitting of the training data. Moreover, they rely on multisource data
and their resolution depends on the lowest quality data source available.

As an emerging and prevalent data source, Street View Images (SVIs)
provide a novel data source for obtaining not only environmental ele-
ments (Biljecki & Ito, 2021) but also pedestrian volume (Chen et al.,
2020; Lian et al., 2024; Liu et al., 2023b; Yin et al., 2015). These images
serve as an invaluable resource, allowing researchers to gather
geographically precise data on pedestrian volumes. Street view images
allow a comprehensive, visual capture of pedestrian activity in specific
locations, enabling the observation of intricate details that would
otherwise go unnoticed, such as pedestrian demographics including age,
and activities (Liu et al., 2023b). Besides, SVI enables the capture of
detailed visual data about the real conditions of streets and the various
factors that might influence walking behaviors, including the size of
buildings, view of the sky, sidewalk width, road condition, green view
index, and the presence of street furniture such as traffic lights and
traffic signs (Cordts et al., 2016).

1.3. Needs for exploring non-linear relationships

It is worth noting that most studies assumed a predefined linear link
between pedestrian behavior and its influencing components, which
may provide misleading evidence to guide urban planning and policy
making (L. Chen et al.,, 2022b; Chen et al., 2022a; Lu, 2019). This
intricate dynamic of pedestrian interaction with the built environment
might foster a non-linear association rather than a linear association
(Cheng et al., 2020; Liu et al., 2021; Yang et al., 2021; Yang et al., 2022).
Certain built environmental variables have been discerned to possess
optimal values so that they may influence pedestrian behavior in a
inverted U-shaped manner (Christiansen et al., 2016; Yang et al., 2021;
Yang et al., 2022). The specificities of these optimal values exhibit po-
tential differences across different regions and among people with
varying characteristics (Christiansen et al., 2016; Lu et al., 2019).

In recent years, research has applied machine learning methodolo-
gies to delve into this non-linear relationship between walking behavior
and environmental elements (Liu et al., 2021; Tao et al., 2020; Xiao
et al., 2021; Yang et al., 2021). However, most investigations primarily
focus on the individual walking behavior, such as the duration, distance,
and frequency of walking. Nonetheless, the evidence of the link between
built environmental factors and pedestrian volume has remained pre-
dominantly unexplored. There are considerable spatial discrepancies
between pedestrian volume and individual behavior, and the factors
that drive individuals to engage in walking may not necessarily lead to
high levels of pedestrian activity in specific spaces and vice versa (Jiang
et al., 2021). Therefore, it necessitates an investigation into the non-
linear correlation that exists between environmental factors and col-
lective pedestrian activities within certain streets or locations.

1.4. Current study

In this study, SVI was utilized as a data resource to obtain the total
and older pedestrian counts at each SVI sampling location. We measured
environmental factors with both macroscale geographic data from
multi-sources and microscale elements extracted from SVIs. These fac-
tors were then applied across various spatial resolutions (at the SVI-
collecting point and in the buffer of 100 m, 200 m, 500 m, and 1-kilo-
meter) as predictive variables. Subsequently, we explored the non-
linear relationship between these environmental variables and both
the total and older pedestrian volume. The novelty and contributions of
our research are threefold. First, we employ SVI to obtain the pedestrian
volume of both all people and older adults. Second, we pioneer the
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investigation of the non-linear relationship between environmental
factors and collective walking behavior. Third, we have examined the
variation in the effects of environmental factors across different spatial
scales on pedestrian volume.

2. Data and methodology
2.1. Pedestrian volume

In this study, we collected data on pedestrian activity in the form of
total and older pedestrian counts based on the Street View Images (SVIs)
of the whole Hong Kong area (Fig. 2), which were downloaded from
Google Maps. Existing studies have proposed and validated that SVIs,
when synergistically combined with computer vision technology, pre-
sent a cost-efficient data source for capturing pedestrian volume at the
street level (Chen et al., 2020; Yin et al., 2015). The SVIs covered 31,972
street segments in Hong Kong including nearly all streets in urban areas
and most roads in suburban. To minimize any overlapping or missing
road sections, SVIs were downloaded at intervals of 50 m along each
street. Subsequently, a total of 70,021 sampling points were selected,
encompassing 199 Tertiary Planning Units (TPUs).

Among these sampling points, 11,467 were found to have pedes-
trians, referred to as SVI sample points (SSP). For each SSP, a Street View
panorama image was obtained. Following the approach proposed by Liu
et al. (2023a), we recognized pedestrians and classified them into two
groups: older pedestrians and non-older pedestrians (Fig. 1). Conse-
quently, we obtained the count of pedestrians and oldre pedestrians for

a. Sampling points along the road centerline

left view. image two

ear view i Front view is
|:> rear VIeW g > »
H parallel to the street

ngh‘t ViEw, 1mage one

* Sampling point

b. Retrieve SVIs from right and left direction

No. of pedestrians:12
No. of older pedestrians:4

No. of non-older pedestrians:8

A

older non-older older older non-older

Fig. 1. Workflow of the detection of pedestrians and older pedestrians. (a)
Sampling points along the road centerline; (b) Retrieve SVIs from right and left
direction; (c) Detect and crop pedestrians from SVIs by YOLOvS5; (d) Classify
pedestrians on age groups by ResNet50.
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each SSP. Overall, a total of 35,353 pedestrians were detected,
comprising 7,375 older pedestrians and 27,978 non-older pedestrians.
Most of detected pedestrians concentrated in the streets within Kowloon
and north Hong Kong Island (Fig. 2).

2.2. Microscale environmental factors

In addition to pedestrian volume, this study also assessed microscale
environmental factors through Street View Images (SVIs). Contrasting
with GIS-based urban big data, the microscale streetscapes extracted
from Street View Images (SVIs) offer a more congruent representation of
the pedestrian’s perceptual experience. Numerous investigations have
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harnessed SVIs to evaluate street-level built environments and urban
phenomena with computer vision technology (Biljecki and Ito, 2021;
Chen et al., 2022b; Li et al., 2015; Liu et al., 2023c; Lu, 2019; Yang et al.,
2021).

This study employed the Pyramidal Scene Parsing Network (PSPNet)
(Zhao et al., 2017), a highly efficacious machine learning algorithm
tailored for semantic segmentation, to extract microscale environmental
variables. We selected some microscale built-environment features
based on the previous findings and the data availability from the image
segmentation models. The selected features should be supported by
previous empirical findings (Ewing & Handy, 2009; Nagata et al., 2020).
They should also be measurable from SVIs by the image segmentation

J \
=
| Mean of the
number detected
pedestrians
P=
0<P=4
4<P<9
= 9<P<16
- P>16

Fig. 2. Study area and the distribution of detected pedestrians. (a) Spatial distribution of detected pedestrians; (b) Spatial distribution of detected pedestrians in the

black basket of (a) (Kowloon and north Hong Kong Island).
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Relative importance (%) on the number of all pedestrians
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Relative importance (%) on the number of older pedestrians
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Fig. 3. The RI of the 15-highest predictor variables on the number of (a) all pedestrians and (b) older pedestrians.

Table 1

Description and spatial resolution range of predictor variables.

25 30 35

Category Variable Description Buffer- Mean (SD) in Spatial resolution
relevant 500 m buffer
Street-level built Vegetation Pixel proportion of vegetation in SVI Yes 0.18 (0.16) Single point, 100 m,
environment factors Building Pixel proportion of building in SVI Yes 0.38 (0.15) 200 m, 500 m, 1 km
Sidewalk Pixel proportion of sidewalk in SVI Yes 0.01 (0.01)
Road Pixel proportion of road in SVI Yes 0.28 (0.06)
Traffic light Pixel proportion of traffic light in SVI Yes 0.00 (0.00)
Traffic sign Pixel proportion of traffic sign in SVI Yes 0.00 (0.00)
Wall Pixel proportion of wall in SVI Yes 0.00 (0.01)
Pole Pixel proportion of pole in SVI Yes 0.00 (0.00)
Fence Pixel proportion of fence in SVI Yes 0.02 (0.01)
Sky Pixel proportion of sky in SVI Yes 0.07 (0.06)
Traffic volume related Car Pixel proportion of car in SVI Yes 0.03 (0.03)
factors Truck Pixel proportion of truck in SVI Yes 0.00 (0.00)
Rider Pixel proportion of rider in SVI Yes 0.00 (0.00)
Bicycle Pixel proportion of bicycle in SVI Yes 0.00 (0.00)
Socioeconomic factors Population density Number of residents per 100 sqm Yes 3.14 (3.25) 500 m, 1 km
population density for Number of residents (Age > 60) per 100 square meters Yes 0.63 (0.61) 500 m, 1 km
older residents
Population density Number of residents (Age < 60) per 100 square meters Yes 2.51 (2.67) 500 m, 1 km
Median household The median house hold income ( HKD/month ) of residents within Yes 33,294 500 m, 1 km
income the study area (28373)
Neighborhood built Building floor density Average building floor density Yes 1.75 (2.27) 500 m, 1 km
environment factors Job density Number of jobs per 100 square meters Yes 1.39 (2.05) 500 m, 1 km
Land use mix Entropy for the diversity of land uses within the buffer area. Yes 0.59 (0.28) 500 m, 1 km
Landusemix = X;(p;lnp;)/InN, where pi is the ratio of the i™ land use,
and N is the total types of land uses. Five categories of land uses
(residential, business, industrial, open space, and commercial) are
considered (N = 5).
Density of road Number of road intersections per square kilometer Yes 62.87 (30.50) 500 m, 1 km
intersection
Normalized Difference The difference between near-infrared (which vegetation strongly Yes 0.38 (0.14) 500 m, 1 km
Vegetation Index reflects) and red light (which vegetation absorbs)
(NDVI)
Restaurant Count of restaurant POIs Yes 54.14 (33.68) Single point, 100 m,
Retail Count of retail POIs Yes 37.25 (23.67) 200 m, 500 m, 1 km
School Count of school POIs (per kilometer) Yes 7.39 (4.23)
Elementary school Count of elementary school POIs Yes 1.71 (0.87)
Secondary school Count of secondary school POIs Yes 1.55 (0.85)
Park Count of park POIs Yes 0.42 (0.12)
Public service Count of public service POIs Yes 3.04 (1.71)
Distance to Central Distance to Central (kilometer) No 13.3(7.93)
Density of bus stop Count of bus stops per square kilometer Yes 16.47 (12.14) 100 m, 200 m, 500
m, 1 km
Distance to the nearest Distance to the nearest rail transit station (kilometer) No 0.92 (1.17)

rail transit station
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models based on by two existing annotated image datasets, i.e., City-
scapes (Cordts et al., 2016) and ADE20K (Zhou et al., 2017). With these
two criteria, we select microscale built-environment features including
greenery, open sky, buildings, roads, sidewalks, traffic lights, traffic
signs, cars, bicycles, and trucks. We test the pretrained model on our test
dataset which contains 2000 SVIs. This test dataset was randomly
selected from our targeted dataset and labelled following the rules of
ADE20K. The model achieves a pixel accuracy of 81.31 %.

We exclude the feature of “person” from SVIs as it is directly asso-
ciated with the pedestrian count in our study. For each category, we
calculated the proportion of pixels corresponding to the specific object
in relation to the total pixel count (except the pixel of “person”) in the
image.

2.3. Macroscale environmental factors

The selection of macroscale environmental variables was based on
the 5Ds framework (Ewing & Cervero, 2010; Handy et al., 2005; Kang,
2018). These variables include density, diversity, design, destination
accessibility, and distance to transit. Density contains the population
density; diversity was measured by the entropy of land use diversity;
design was evaluated by the density of street intersections, Normalized
Difference Vegetation Index (NDVI); destination accessibility was
measured by the count of POIs of different destinations, the distance to
Central (the central business center of Hong Kong); Distance to transit
was measured by the count of bus stops and the distance to the nearest
rail transit station.

Population density data was sourced from Census and Statistics
Department of Hong Kong, while all other macroscale environmental
factors were calculated using GIS data obtained from Land Department
of Hong Kong in 2021. The operational definition of each variable is
described in Table 1.

2.4. Independent variables

The variables are grouped into two categories: buffer relevant and
buffer irrelevant variables. Buffer-relevant variables refer to those that
can vary across different buffers, e.g., population density and road
intersection density varying across different buffers (100-meter, 200-
meter, 500-meter, and 1000-meter) for the same sampling points. On
the other hand, buffer irrelevant variables refer to these are constant
across different buffers including the distance to Central (the central
business district in Hong Kong) and the distance to the nearest rail
transit stations. A comprehensive list of all the variables is summarized
in Table 1.

To analyze, we first divided all predictor variables into four cate-
gories according to their scales and whether are built-environment

Socioeconomic variables

I'raffic-volume related variables

Street-level built environment variables
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variables (Fig. 4). Among them, macroscale variables are grouped into
neighborhood-built environmental variables and sociodemographic
variables. Neighborhood-built environmental variable includes building
density, land use mix, the density of road intersections, the distance to
the nearest rail transit stations, the distance to Central, and the count of
surrounding restaurants, retails, bus stops, schools, primary schools,
secondary schools, and public services. Sociodemographic variables
encapsulate all non-built-environmental macroscale factors including
the density of all population, old population, new-born children, the
density of jobs, and the median household income. Microscale variables
are divided into two categories: street-level built environment variables
and traffic-related variables. Street-level built environment variable
comprises all static environmental elements detected in SVIs including
buildings, vegetation, sky, sidewalks, traffic lights, and traffic signs.
Traffic-related variable encompasses all non-built-environmental
microscale factors including cars, riders, bicycles, and trucks.

Subsequently, variables were classified into three distinct categories
following a walk-along study conducted by (Mocnik et al., 2022):
facilitator, barrier, and other (Fig. 5). Facilitators represent those who
make neighborhoods attractive for walking or improve accessibility,
which includes restaurants, retail, public services, schools, sidewalks,
bus stop density, and vegetation. On the contrary, barriers portray those
who have the potential to undermine the accessibility or sense of safety,
comfort, and convenience including distance to Central, distance to rail
transit stations, and traffic volume (traffic-volume-related variables).
Other contains all other variables that exhibit dual impacts, either
positive or negative, or whose effects on pedestrian conduct remain
unverified.

2.5. Gradient boosting decision trees

In this study, we deployed a machine learning technique, namely
Gradient Boosting Decision Trees (GBDT) (Ke et al., 2017), to assess the
non-linear link between environmental factors and pedestrian demand.
Addressing the constraints of standard linear assumptions between
dependent and independent variables, GBDT accommodates intricate
non-linear associations, which is often the case with various factors from
multiple sources in urban studies such as population density, land use
diversity, and access to facilities.

As a non-parametric technique, GBDT makes no assumption about
independence among observations. It subdivides data and explanatory
variables based on the most informative features, independent of their
spatial relationships. Therefore, it has no problem with spatial auto-
correlation. Integrating the straightforwardness of decision trees with
flexibility, GBDT selectively employs a subset of instances and predictor
variables for one individual tree. This effectively reduces variance,
demonstrating robustness in the face of anomalies and statistical

0.00% 10.00%

old pedestrians

).00% 30.00%

40.00% 50.00% 60.00%  70.00%

m all pedestrians

Fig. 4. Comparative visualization of the RI of four variable categories pertaining to both the number of all pedestrians and older pedestrians.
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Fig. 5. Comparative visualization of the RI of facilitators, barriers, and others pertaining to both the number of all pedestrians and older pedestrians.

outliers. This subsequently enhances stability and precision. Notably, its
obviation of overfitting and favorable calibration for unseen data, as a
consequence of the law of large numbers, underscores its reliability and
adaptability.

Contrasting with traditional linear regression methodologies, GBDT
offers no t-statistics, p-values, or indicators of statistical significance (Ke
et al., 2017). Its key output is relative importance (RI), representing the
significance of each independent variable in determining the outcome
variable (Ke et al., 2017). RI of a specific variable records the mean
decrease in model fit (R®) when this variable is permuted across all
observations. An additional output of GBDT modeling is partial depen-
dence plots (PDPs), elucidating the relationship between the dependent
and independent variables contingent on the levels of independent
variables. When applied to our studies, RI and PDPs can be instrumental
in understanding the specific factors that influence pedestrian volume.
In this study, we compared changes in the RI ranks across models. The
changes of RI rankings of the same factor across models reveal change of
relative contribution of this factor. Following previous studies, we can
identify which environmental factors have more or less influence on
pedestrian volume across different buffers by analyzing the changes in
the RI ranks (Fisher et al., 2019; Hu et al., 2023; Liu et al., 2023b). PDPs
illustrate the relationship between the dependent variable and inde-
pendent variables, considering the varying levels of the independent
variables. PDPs provide a visual representation of how changes in in-
dependent variables impact the predicted outcome, offering valuable
insights into the complex interactions within the model. This compre-
hensive approach allows for a nuanced understanding of the relationship
between environmental factors and pedestrian volume.

To utilize the random forest algorithm, it is necessary to define or
optimize three particular parameters. These parameters contain the
maximum depth of a tree, the number of features (referred to as splitting
variables) allocated to each tree, and the overall count of trees
comprising the forest. We employed a widely used technique known as
grid search (Claesen & De Moor, 2015) to identify the optimal combi-
nation of these three parameters.

Initially, we define the possible intervals for the three parameters:
maximum tree depth (scaling from 1 to 20), the number of features per
tree (ranging from 2 to 20), and the number of trees (varying from 1000
to 30,000 in increments of 1000). Subsequently, the data is partitioned
into training and testing datasets adhering to a ratio of 7:3. The GBDT
model is then trained on the former dataset, with its performance
evaluated on the latter utilizing out-of-bag error as the metric for model
performance (L. Cheng et al., 2020b). The model exhibits optimal per-
formance when the maximum tree depth is 12, the feature number for
each tree is also 12, and the count of trees is 21000. Consequently,

additional analyses are executed with this optimal model configuration.
3. Results
3.1. Relative importance (RI)

Initially, we implemented the GBDT utilizing predictor variables
across all spatial resolutions for both the number of all pedestrians and
older pedestrians. In each model, we calculated the RI of each object by
the number or the average pixel proportion of it across all buffer zones of
the sampling points. For instance, the RI of restaurants is computed as
the cumulative number of the restaurants situated within the 100-meter,
200-meter, 500-meter, and 1-kilometer buffers of each sampling point.
The RI of vegetation is computed as the average pixel proportion of
vegetation in the SVI, and all SVIs sampled within the 100-meter, 200-
meter, 500-meter, and 1-kilometer buffers of each sampling point.

We visualized the RI of the 15-highest predictor variables on the
number of both all pedestrians and older pedestrians, respectively
(Fig. 3). The count of restaurants is the most influential for both all
pedestrians (36.6 %) and older pedestrians (28.9 %). Besides the count
of restaurants, the count of retail and second schools, the pixel propor-
tion of vegetation, traffic lights, traffic signs, cars, riders, buildings, bi-
cycles, motorcycles, sidewalks, and the distance to the nearest rail
transit station also belong to the 15-highest predictor variables of both
response variables. The distance to Central and the count of bus stops are
only the 15-highest predictor variable of all pedestrians, while the
number of older residents (>65 years old) and the count of public ser-
vices are only in the list of older pedestrians.

Neighborhood- built environment variable has the highest RI for
both the number of all pedestrians and older pedestrians, while socio-
economic variable is the least important for both. Compared to the
number of all pedestrians, that of older pedestrians are more influenced
by traffic-volume related variable.

The facilitator group is the most significant for both the number of all
pedestrians and older pedestrians. Nonetheless, compared with the
number of all pedestrians, that of older pedestrians exhibits heightened
sensitivity to the barriers while being less susceptible to the facilitators.

3.2. Model fit of model across spatial resolutions

Subsequently, we employed GBDT with respective predictors for
each spatial resolution: 100-meter, 200-meter, 500-meter, 1-kilometer,
and in the image of the sampling point. Table 2 presents the model fit
(R?) of the models at varied spatial resolutions. Generally speaking,
models of smaller buffer size exhibited better model fit in terms of R?
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Table 2
Model fit and the highest five variables of models across the different buffer sizes.
100 m 200 m 500 m 1000 m In the image
All Elderly All Elderly All Elderly All Elderly All Elderly
Model fit 0.258 0.234 0.168 0.172 0.101 0.112 0.051 0.052 0.295 0.275
(®?
The five variables with the highest relative importance
1 restaurant restaurant  restaurant car restaurant second vegetation  public services traffic light traffic light
school
2 retail retail car restaurant traffic light traffic light restaurant ~ vegetation vegetation rider
3 traffic car traffic sign  trafficsign  retail retail retail building building motorcycle
light
4 car bicycle traffic building distance to restaurant car density of road traffic sign vegetation
light Central intersection
5 vegetation vegetation  building vegetation  car old bus stops Second school distance to sidewalk
population Central
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Fig. 6. PDPs of the 7 predictor variables with the highest RI on both the volume of all pedestrians (left) and the volume of older pedestrians (right).
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value. The model using variables in the image attained the highest R2
value for both the number of all pedestrians (0.295) and the older pe-
destrians (0.275), while models with the 1000 m buffer yield the
smallest R? value for both outcomes.

The rank of the RI of variables in models with different spatial res-
olutions is distinct from one another. Variables such as restaurants,
retail, vegetation, traffic lights, traffic signs, and cars constitute the most
frequent occurrences within the list. Certain variables, including traffic
signs and traffic lights, hold greater relative significance within models
of smaller spatial resolution. Conversely, variables such as vegetation
are of higher RI in models exhibiting larger spatial resolution.

3.3. Partial dependence plots (PDPs)

Besides, GBDT also produces Partial Dependence Plots (PDP) for
each predictive variable. In this study, PDPs were demonstrated for the
top seven items that have the highest RI on the both total volume of
pedestrians and the volume of older pedestrians (Fig. 6) correspond-
ingly. For each such influential item, the variable within the specific
spatial resolution that exhibits the highest RI has been chosen for
analysis.

The PDPs of these variables can be divided into three types: positive,
negative, and winding. The first category includes predictor variables
that maintain a broad positive relationship with the independent vari-
ables except for some slight fluctuations. For the count of all pedestrians,
this list contains the number of restaurants within 200 m, the number of
retails within 100 m, and the pixel proportion of traffic lights, traffic
lights, and sidewalks in the image. For the count of older pedestrians,
this list includes the number of restaurants and retails within 100 m, the
number of second schools within 1000 m, the number of public services
within 500 m, the pixel proportion of traffic signs and sidewalks, and the
population of old residents.

The second category comprises predictor variables displaying a
persistent negative correlation with the dependent variable except for
some slight fluctuations. For the number of all pedestrians, this com-
prises the pixel proportion of cars and riders in the image, the pixel
proportion of motorcycles within 200 m, the pixel proportion of bicycles
within 100 m, the distance to Central, and the distance to the nearest rail
transit station. For the number of older pedestrians, it includes the pixel
proportion of cars and motorcycles in the image.

The third category incorporates predictor variables that manifest a
varied correlation with the response variable, to such an extent that
drawing clear, definitive trends becomes impracticable. For instance,
the Partial Dependence Plots (PDPs) representing the pixel proportion of
buildings in the image exhibit a flat trend up to 0.5. Subsequently, there
is an increase until 0.6, after which it decreases until 0.8, eventually
flattening out. The discrepancy observed between the PDPs for all pe-
destrians and older pedestrians lies in the end value of the y-axis. For all
pedestrians, the conclusion value is lower than the initial value, whereas
for older pedestrians, the terminating value is higher than the onset
value. In the PDPs of the pixel proportion of vegetation in the image, the
counts of both all and older pedestrians demonstrate parallel trends.
Within both PDPs, the number of pedestrians rapidly ascends to a peak,
maintains this peak briefly, and then decreases by approximately 50
percent of the increment, followed by a sustained plateau until the end.
For the count of all pedestrians, the count reaches its apex when the
pixel proportion of vegetation is roughly 0.04, then descends to the
plateau phase when the pixel proportion of vegetation is around 0.08. In
contrast, for the count of older pedestrians, the count achieves its
maximum when the pixel proportion of vegetation is approximately
0.06 and diminishes to the level phase when the pixel proportion of
vegetation is at about 0.018.
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4. Discussion

4.1. Discrepancy in the impact of built environmental variables on all and
older pedestrians

Numerous studies have identified that individual physical and
cognitive abilities can moderate the impact of environmental variables
on individual walking behavior (De Vos et al., 2023). These abilities
often correlate with age, particularly among older adults (Lui & Wong,
2021; Wang & Lee, 2010). Utilizing the GBDT, this study seeks to assess
how the RI and PDPs of specific environmental variables may differ
between older pedestrians and all pedestrians.

Some features exhibit evidently different RI between all pedestrians
and older pedestrians. Among the 15 variables with the highest RI
rankings, bicycles, public services, and the old resident population are
unique for older pedestrians. The association between the count of older
residents and older pedestrians is unsurprising. Public services encom-
pass healthcare facilities, social services, and public cultural amenities.
Old individuals use these services, especially healthcare facilities,
frequently. Hong Kong government poured resources into public ser-
vices in recent decades to cope with the aging population (Guida et al.,
2022). Therefore, there is a strong link between the public services and
older pedestrians. Aside from bicycles, other traffic-related variables
like trucks, cars, and motorcycles also demonstrated higher RI rankings
for older pedestrians than for all pedestrians. High traffic volume can
deter elder individuals from walking, largely due to the heightened risk
perception (Won et al., 2016). Conversely, other pedestrians, who may
not be as sensitive to these risks, are less impacted by these traffic-
related factors (Wang et al., 2019). Furthermore, the same features
manifest different “true causally relevant” areas (Kwan, 2012) for all
pedestrians and older pedestrians. For instance, while the number of
restaurants exerts influence on both models, it exhibits the highest RI
rankings within a 200-meter buffer for all pedestrians and a 100-meter
buffer for older pedestrians. It is conceivable that mobility limitations
reduce the appeal of more distant restaurants for older pedestrians.

The variables were classified using two distinct methodologies. The
first method grouped variables by their nature and scales:
neighborhood-level (or macroscale) built environment, street-level (or
microscale) built environment, traffic-related, and sociodemographic
variables. Our results suggest that compared to all pedestrians, older
pedestrians exhibit stronger associations with traffic-related elements
while showing weaker associations with neighborhood-level built
environment variables. This observation aligns with prior research
indicating that older pedestrians are predominantly influenced by
microscale built environments (Adkins et al., 2017; Forsyth et al., 2009).
Conversely, younger or more physically adept pedestrians are largely
impervious to these traffic-related factors but are more affected by
macroscale factors. There are two possible reasons. First, older adults
exhibit heightened sensitivity to microscale environmental and traffic
factors due largely to frequently decreased physical and cognitive abil-
ities (Adkins et al., 2017). Age-related changes in vision, hearing,
strength, balance, and cognitive capacity might increase the risk of falls
and traffic-related accidents (Adkins et al., 2017). Second, the limited
mobility of older people curtails their walking range, limiting their ac-
cess to remote destinations and infrastructure (Adkins et al., 2017; Wei
et al., 2023). Therefore, the impact of microscale factors overrides that
of macroscale factors.

The second method categorized variables by their impacts on the
walking behavior of pedestrians according to previous qualitative
studies: facilitator, barrier, and others. The results show that the number
of older pedestrians has stronger associations with barriers but weaker
with facilitators compared with the count of all pedestrians. An
assumption asserts that older and disadvantaged people may exhibit
lower walking propensity due to potential barriers to walking, such as
apprehensions for crime or traffic safety, which diminish the benefits of
supportive built environment determinants, thereby deterring walking
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behavior (Adkins et al., 2017). For example, an older adult may be
reluctant to walk because of concerns about criminal or traffic safety,
even living in a place with well-connected street networks accessing
varying destinations.

4.2. Varying effects of environment factors across different spatial
resolutions

Previous research examining the non-linear implications of envi-
ronmental factors on walking behaviors mainly employed dependent
variables at a single uniform spatial resolution, such as a 500-meter
radius. This study, however, employed predictors across a spectrum of
spatial scales, ranging from site-specific (as in the images) to buffers of
100 m, 200 m, 500 m, and 1 km. Our findings indicate that environ-
mental factors exert different influences with varying buffers.

The changes of RI rankings of a variable across different buffer sizes
reveal decrease or increase of contribution of a factor across different
buffer sizes, and help us identify which factor has a significant impact on
pedestrian volume across different buffers (Kwan, 2012). For example, if
a factor has high RI rankings across all buffer sizes, we can infer the
contribution of this factor is high and stable. In other words, a feature
with downward RI rankings across buffer size may own to weak intrinsic
correlations or inherent noise (Hu et al., 2023).

For variables representing destinations such as restaurants and retail,
a clear pattern emerged wherein their RI rank dropped as buffer distance
increased. This downward trend in RI rank manifested more rapidly for
the number of older pedestrians compared to that of all pedestrians. To
illustrate, the number of restaurants ranks first within 100 m, 200 m,
and 500 m, ranking second within the 1000-meter radius for all pe-
destrians. In contrast, the rank of restaurant dropped more precipitously
for older pedestrians, commencing at the highest rank within a 100-
meter radius, then shifting to a second rank at 200 m, dropping to the
fourth at 500 m, and finally, descending outside the top five within a
1000-meter radius.

Contrarily, variables such as vegetation exhibit an inverse correla-
tion, with a rising rank in RI with larger buffer sizes, namely 500 m and
1000 m, compared to those ascertained onsite, 100 m, and 200 m.
Despite not being a destination in itself, vegetation has been docu-
mented to enhance walkability and engender walking activity. It seems
that the benefits provided by vegetation might not solely be directly
attributable to vegetation visual exposure itself but could also be indi-
rectly the ecological services like improving air quality and biodiversity,
which is associated with a broader spatial range of impacts.

4.3. Partial dependence plots (PDPs) and non-linear effects

Conventional linear regression analyses have yielded substantial
empirical data delineating both the negative and positive implications of
environmental elements on travel patterns. However, these associations
may not invariably exhibit linearity. Certain predictive variables may
demonstrate symmetrical and inverted U-shaped interactions with
outcome variables, manifesting effective ranges and breakpoints in non-
linear ramifications across predictors and outputs.

Past research illustrates that vegetation can promote walking and
physical activities. The utilization of Partial Dependence Plots (PDPs)
elucidates similar patterns for both the number of all pedestrians and
older pedestrians. Firstly, it is observed that the outcome rapidly ele-
vates towards a peak, which can be regarded as the maximum benefit of
vegetation. Then, there is a decline to stable effect, which is approxi-
mately half of that of the peak. Some corroborative literature also as-
certains that at a 0.24 Green View Index in SVIs, the benefits of
vegetation on walking is optimal (Yang et al., 2021).

The pixel proportion of buildings in the image displays an inverted
U-pattern correlation with the number of all pedestrians and older pe-
destrians. This pixel proportion of buildings has an association with the
building density, potentially serving as an approximation for urban
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density. Traditional hypotheses maintained that pedestrian activity was
invariably positively influenced by urban density because that increased
density implied an abundant availability of adjacent amenities, thereby
fostering pedestrian activities. However, studies from high-density cities
(L. Cheng et al., 2020a; Lu et al., 2019) have pointed out that once urban
density surpasses a specific threshold, it may result in negative effects on
walking activity. The rationale behind this phenomenon is that over-
crowding and heightened risks of injury in extremely dense areas may
discourage walking activity (L. Cheng et al., 2020a). Hence, within a
reasonable range, urban density may effectively promote walking
behavior. Urban density outside the range, being either too low or too
high, may hinder walking.

4.4. Planning and policy implication

The intricate relationship between pedestrian dynamics and urban
planning features discovered in this research should inform a series of
urban and transportation policies. Specific actions include modifying
urban infrastructure to remove physical obstacles like uneven pathways
and incorporating features such as benches and improved lighting.
Additionally, traffic policies need to be reassessed, potentially resulting
in the implementation of reduced speed limits and longer crossing times
in areas heavily used by older individuals. Urban planning should
carefully consider the balance between residential density and green
spaces, guided by the demonstrated inverted U-shaped relationship to
pedestrian traffic levels, ensuring that these elements are coordinated to
promote secure and inviting pedestrian pathways. Furthermore, the
diverse impacts of environmental factors at different scales require
customized interventions, such as targeted tree plantings and the stra-
tegic placement of public services, to directly address the unique needs
of specific groups of users. Overall, these recommendations advocate for
an urban approach that prioritizes pedestrian-centered design, particu-
larly customizing environments to facilitate the movement and safety of
aging populations.

4.5. Limitations and future studies

First, this study only extracted one attribute of pedestrians over-
looking the significance of other attributes such as gender and disability.
Future research endeavors should allocate more attention to these
additional attributes. Second, the generalization of our study’s findings
to other places is uncertain due to Hong Kong’s unique ultra-dense,
mixed land-use urban fabric. Further empirical studies conducted in
diverse settings are imperative to validate or challenge our results.
Third, the study only illustrated the association between environmental
factors and pedestrian volume, it necessitates longitudinal studies to
establish causality linkage among variables. Fourth, it is essential to
acknowledge that pedestrian volume itself serves as an environmental
factor influencing pedestrian behavior. Future investigations should aim
to comprehend the bidirectional relationship involved therein.

5. Conclusion

This research delved into the non-linear relationship between envi-
ronmental factors and pedestrian volume for both all pedestrians and
older pedestrians, which are estimated from Street View Imagery (SVI)
at citywide sampling locations. It incorporates a broad range of envi-
ronmental factors from multiple data sources and at different buffer
sizes to predict pedestrian volumes. We find that environmental vari-
ables can impact different age groups at varying spatial extents, notably
highlighting the distinctive influences of traffic-volume-related vari-
ables on older pedestrians. To create walking-friendly cities, the results
of the study suggested that urban planners and designers should
consider the diverse needs of pedestrians and the effective ranges of
environmental features beyond one-size-fits-all, which may exhibit non-
linear effects with walking behavior.
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