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Abstract

In the rapidly evolving realm of transportation technology, the dynamic relationship between
pedestrians and technological innovations has attained unprecedented importance. The complex
social-technological intersection surrounding pedestrian road crossings has emerged as an
attention for traffic safety. What distinguishes the contemporary urban environment is the rapid
assimilation of intelligent transportation systems (ITS) into the transportation infrastructure,
including technological elements such as autonomous vehicles, advanced surveillance systems,
and smart infrastructure. To investigate how pedestrians perceive risks, trust technology, and make
decisions in this era of technological progress, we designed a video-based questionnaire utilizing
the stated preference (SP) methodology. We collected SP data from 589 Chinese pedestrians and
employed an integrated choice and latent variable (ICLV) model to quantify the influence of risk
perception and trust in autonomous vehicle (trust in AV), treated as latent variables, on their
crossing decisions. Our findings indicate that the presence of autonomous vehicles significantly
affects pedestrian crossing decisions. Specifically, an increase in the approaching vehicle speed
and a decrease in the approaching vehicle distance increase the pedestrians’ tendency to choose
not to cross the road, and the latent variables of risk perception and trust in AV strongly predict
this phenomenon. The results of the scenario analysis show that, compared with overall pedestrians,
middle-aged pedestrians and high-risk perception-level pedestrians are more conservative in their
crossing decisions, but high levels of trust in AV improve pedestrians’ willingness to cross the
street. Additionally, the pedestrian-related findings of this study at the social-technological
intersection provide better understanding of the decision process and contribute to the planning

and development of urban intelligent transportation systems.

Keywords: Pedestrian crossing; Autonomous vehicles; Surveillance cameras; Intelligent

transportation systems; Risk perception; Trust
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1 Introduction

Pedestrian mobility is experiencing a resurgence as an eco-friendly and health-conscious mode of
transportation that contributes to reduced traffic congestion, improved well-being, and
environmental sustainability (Bornioli et al., 2019; Ton et al., 2019; Saxena 2023). However, with
the accelerated pace of urbanization and the continuous increase in traffic volume, pedestrians, as
vulnerable road users, are facing increasingly prominent safety issues in road traffic participation.
This is particularly evident in China, whose population has been among the highest in the world
(Wang et al., 2020). Evidence shows that 42% of traffic deaths were pedestrians from 2006 to 2016
(Wang et al., 2019), while globally, the percentage is 23% (World Health Organization, 2023).
Intersections typically serve as bottlenecks in traffic networks, and the frequency of traffic
accidents is very high (Awadallah, 2009; He et al., 2019). Greater emphasis should be placed on
ensuring the safety of pedestrians navigating crosswalks within intersections. This has become
particularly crucial amidst the rapidly evolving landscape of transportation technology, where
intelligent transport systems (ITS), including autonomous vehicles, advanced surveillance systems,
and intelligent infrastructure, are being rapidly integrated into the transportation fabric. In this era
of technological advancement, pedestrian crossing decision transcends mere random choices and
is intricately shaped by factors such as environmental facilities, individual risk perception, and
trust in technology (Cceugnet et al., 2019; Soathong et al., 2021; Song et al., 2023). It is crucial to
understand how pedestrians perceive risk and trust technology and how these influence their
decisions while navigating crossings. This understanding not only has profound implications for
enhancing pedestrian safety but also plays a pivotal role in informing policy decisions aimed at

creating intelligent and sustainable urban environments.

Technological advancements promise safer and more efficient transportation networks, but they
also introduce new variables that influence pedestrian decision behaviors. On the one hand, the
development of autonomous vehicles is expected to reduce pedestrian traffic accidents, and China,
as the world’s largest automobile market, is confident in the development of autonomous vehicles
(Wang et al., 2020). Autonomous vehicle technologies have become critical factors in shaping
pedestrian crossing decisions (Deb et al., 2017; Velasco et al., 2021; Li et al., 2023). For instance,
pedestrians may adjust their behaviors when interacting with autonomous vehicles, trusting their

adherence to traffic rules or adapting to their presence on the road (Velasco et al., 2021).
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Surveillance systems, on the other hand, may influence perceptions of safety, privacy, and
surveillance, all of which can sway pedestrians’ decisions at crosswalks and intersections (Li et al.,
2023). The ways pedestrians interpret and respond to autonomous vehicles, surveillance systems,
and other ITS components profoundly impact their crossing behaviors, safety, and overall urban
mobility. Therefore, the importance of investigating the presence of these emerging technologies

for pedestrian decision cannot be overstated.

Risk is often used as a key indicator in traffic safety assessments (Zhang et al., 2022). Hansson
(2010) clearly points out in the literature that risk is twofold, involving both objective facts of the
physical world and statements (of value) that do not include objective facts of the physical world,
which contain both objective and subjective components. In the field of transportation, risk can be
understood as the combination of both the probability and predicted severity of potential adverse
effects resulting from a hazard, which have the potential to cause accidents (Chen and Jou, 2019;
Federal Aviation Administration, 2022). Risk perception is an individual’s evaluation of the risks
associated with potential traffic hazards, involving their perceives of the probability and severity
of the consequences of an accident (Deery, 1999). Individual risk perception may influence
pedestrians’ propensity to take risks (Li et al., 2022). Quantifying the risk perceptions of
pedestrians and analyzing the risk factors inherent to pedestrian crossing are challenging tasks.
First, different decisions involve different risk levels; for example, obeying traffic signals is
considered a safe decision, while running red lights is considered a dangerous decision (Zhu et al.,
2021). In addition, situational risk factors, such as vehicle distance (Liu and Tung, 2014), speed
(Tian et al., 2022), roadside environment (Zhang et al., 2023a), and potential driver behavior (Fu
et al., 2022), need to be accurately quantified and extracted, as these factors have a great impact
on the assessment of scene risk. Moreover, differences in societal and cultural backgrounds may

also lead to variations in the perception of scenario risks across populations.

In the field of interaction between pedestrians and autonomous vehicles, besides risk perception,
trust in autonomous vehicle (trust in AV) is considered as an important factor that affects
pedestrians’ crossing decision (Velasco et al., 2019; Pal et al., 2022). Generally, the trust is defined
as “an attitude in which the agent will help fulfil personal goals in scenarios marked by

vulnerability and uncertainty (Lee and See, 2004).” The varying degrees of trust that pedestrians
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have towards autonomous vehicles will affect their willingness to cross the street (Velasco et al.,
2019). Additionally, research by Siegrist (2021) highlights that trust can help better understand the
perception of certain risk. Therefore, conducting a thorough investigation into pedestrians’ trust in
AV will facilitate a deeper understanding of their risk perception and decision process when

navigating road crossings.

Previous studies have revealed safety issues faced by pedestrians in complex road crossing
scenarios across countries and regions (Zhang et al., 2019; Leung et al., 2021; Osorio-Garcia et al.,
2023). However, these studies fail to clearly explain the relationships between various risk factors
and pedestrian crossing decisions under the influence of different types of pedestrian risk
perceptions and trust in technology, particularly in China. Moreover, establishing a model to
explain the factors influencing pedestrian crossing decisions is also a key problem that needs to be

solved.

1.1 The current paper

The aim of the paper is to investigate how traffic scenario characteristics, pedestrians’ risk
perception, trust in autonomous vehicles (AV), and individual characteristics influence pedestrians’
decision to cross the street. We achieve this aim by constructing a model that simulates the choice
of pedestrians crossing the street. Specifically, a video-based stated preference (SP) questionnaire
was designed, and an integrated choice and latent variable (ICLV) model was adopted to integrate
multiple factors to comprehensively and accurately explain and predict pedestrian crossing

decision.

Through this study, we can reveal the impact of scenario factors on the decisions of different types
of pedestrians to achieve targeted design and guidance. By examining the interplay between
pedestrians and ITS technologies, we aim to shed light on the factors that influence crossing
decisions. Furthermore, we seek to provide valuable insights for policymakers, urban planners,
and transportation authorities that can help them craft informed and effective policies to foster the
safe coexistence of pedestrians and evolving transport technologies. The relationships between
risk perception and trust in AV, as latent variables, and other social-technological factors, as well

as decisions, can be revealed, which can serve as a reference for formulating directional guidance



124
125
126
127
128
129
130
131
132
133
134

135
136
137
138
139
140
141
142

143
144
145
146
147
148
149
150
151
152
153
154

and educational intervention to promote the continuous improvement of the urban traffic
environment. Our exploration not only contributes to the overarching goal of enhancing pedestrian

safety but also advances the vision of ITS for the benefit of all road users and the environment.

The remainder of the paper is structured as follows: Section 2 provides a review of past pedestrian
crossing decision studies. Section 3 describes the questionnaire survey, experimental design,
model development and specification. Section 4 subsequently describes the collected data and
sample situation. Section 5 introduces the estimation results and effect analysis of the ICLV model,
followed by the discussion and impact in Section 6. Finally, conclusions and limitations of the

study are provided in Section 7.

2 Literature review

2.1 Influencing social-technological factors of pedestrian crossing decisions

In contemporary society, pedestrian crossing choices have become complex multifactor decisions.
This complexity is influenced by social-technological factors, which represent the combined
impact of social and technological elements. These factors play a vital role in shaping how
individuals interact with and adapt to technology, including innovations such as autonomous

vehicles and surveillance cameras.

2.1.1 Traffic environment factors

The road traffic environment is one of the factors that affects pedestrian crossing decisions and
includes but is not limited to traffic flow, vehicle speed, intersection design, pedestrian flow, traffic
lights, and vehicle automation types (Mfinanga 2014; Patra et al., 2020; Theofilatos et al., 2021;
Zhang et al., 2023a; Song et al., 2023). A key influencing factor in pedestrian crossing decisions
is the crossing time interval, which is determined by the speed and distance of approaching vehicles
(Liu and Tung, 2014; Soares et al., 2021; Tian et al., 2022; Ma et al., 2024). For instance, Tian et
al. (2022) discussed the influence of vehicle distance and speed on pedestrian crossing behavior
and found that pedestrians tend to exhibit more unsafe crossing behavior (e.g., smaller shorter
postencroachment times) at given time gaps under higher speed conditions. Therefore,
understanding the mechanism of the influence of approaching vehicle speed and distance on

pedestrian crossing decisions will help to formulate appropriate countermeasures to reduce the
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difficulty of pedestrian crossing.

The type of vehicle automation also has an important impact on pedestrian crossing decisions (Rad
et al., 2020; Velasco et al., 2021; Zhao et al., 2022). Studies have shown that the impact of this
factor on pedestrian crossing varies across countries and regions. A survey study of British
pedestrians found that the type of vehicle affected the way participants perceived the risk, but there
was no statistically significant difference in their intention to cross. Notably, participants who
identified the vehicle as an autonomous vehicle generally had lower intentions to cross (Velasco
et al., 2021). In contrast, Zhao et al. (2022) investigated the intention of Australian pedestrians to
cross the street through a questionnaire, and the results showed that, compared with human-driven
vehicles, pedestrians have a significantly greater willingness to cross the street before approaching
autonomous vehicles. Therefore, further research is needed on how the presence of autonomous
and human-driven vehicles affects pedestrians’ crossing decisions, especially in China, which

attaches great importance to the development of autonomous vehicles.

In the realm of ITS, it was observed that surveillance systems, such as yielding cameras, are used
to enforce traffic laws and improve road safety conditions worldwide, and have a significant
impact on driver behaviors. However, this influence was minimal when it came to pedestrians’
crossing decisions. This was largely because few pedestrians were aware of the yielding cameras
while crossing, as reported by Li et al. (2023). Nevertheless, how speed and distance relate to this
perception and the combined effects of surveillance cameras on crossing decisions when

considering autonomous vehicles remain unclear.

2.1.2 Demographic factors

Evidence shows that individual factors such as pedestrian age, gender, and behavioral habits
(Soathong et al., 2021; Zhu et al., 2023) also play important roles in pedestrian decision. For
instance, Soathong et al. (2021) found that compared with men, women’s decision intentions
regarding crossing are more easily influenced by attitude. In addition, studies have shown that
young and elderly pedestrians also exhibit large differences in crossing performance, and elderly
pedestrians more likely to make unsafe crossing decisions (Dommes et al., 2014; Luiu 2021).

Moreover, pedestrians with different cultural backgrounds also exhibit differences in crossing
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behaviors (Sueur et al., 2013). Although this literature serves as a basis for future research, few
studies have explored pedestrian crossing decisions in depth, and few have considered other
socioeconomic characteristics, such as occupation and involvement in accidents. In addition, the
influence of the interaction of environmental characteristics created by technological
advancements such as autonomous vehicles and surveillance cameras on pedestrian crossing

decisions should also be considered.

2.2 Methodology for collecting pedestrian crossing data

The diversity of survey methods for pedestrian crossing data enables researchers to obtain an in-
depth understanding of pedestrian behavior and decision from different perspectives, and different
data collection methods may also lead to different results on pedestrian behavior (Lanzer et al.,
2021). Simulation experiments (Song et al., 2023) and real road experiments (Liang et al., 2022),
given their advantages of allowing researchers to highly control experimental conditions and
collect reliable data, have been used by relevant scholars to conduct pedestrian crossing studies.
In addition, other data collection techniques, such as site observation (Aghabayk et al., 2021) and
video analysis (Patra et al., 2020; Zhang et al., 2023b), have also been adopted. Notably, compared
to the aforementioned data collection methodologies, the questionnaire survey, as a convenient,
efficient, and low-cost data collection methodology (Ozkan and Lajunen, 2011), is widely used in
studying the behaviors and decisions of pedestrians (Zhu et al., 2021; Esmaili et al., 2021). For
instance, Esmaili et al. (2021) investigated the relationship between pedestrian behavior and
collisions through the Pedestrian Behavior Questionnaire (PBQ). However, as documented in the
literature, there is still a gap between self-report questionnaire data and real-world data. Although
this gap may not be eliminated, at least the gap can be greatly reduced through the full use of self-
report methods (Reason et al., 1990). However, few studies have comprehensively collected data
on pedestrian crossings, such as personal preferences, individual perceptions and trust in

technology, and sociodemographic information.

2.3 Risk perception and trust in AV in pedestrian crossing decisions
The travel choice literature increasingly emphasizes the important role of individual perceptions
in travel decisions (Wang et al., 2023; Kim and Lee, 2023; Wang et al., 2024). However, studies

usually adopt the traditional logit paradigm to conduct discrete choice modeling for pedestrian
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selection; such as methods include multinomial logit (MNL), mixed logit, and random parameter
multinomial logit (RPMNL) models (Zhu and Timmermans, 2009; Liu et al., 2020; Nabipour et
al., 2022; Liang et al., 2023), which do not fully consider individual perceptions and trusts.

According to previous studies, risk perception plays an important role in pedestrians’ crossing
decisions (Salducco et al., 2022; Saxena 2023), and a lower risk perception may lead to more
accidents. Scholars have conducted research on the assessment and quantification of pedestrian
risk perception. On the one hand, self-report tools, online tasks and surveys are widely used at the
subjective level (Dinh et al., 2020; Rankavat and Tiwari, 2020; AlKheder et al., 2022), as these
aspects mainly focus on the perceptions of pedestrians. For example, Dinh et al. (2020) found that
a higher level of traffic risk perception is associated with safer pedestrian behavior through a
questionnaire survey of 835 road users. On the other hand, with the rapid development of eye
tracking and virtual reality technology, visual search patterns (Feng et al., 2022) and behavioral
performance (Kwon et al., 2022) are used to evaluate pedestrian capacity for risk perception. For
instance, eye tracking experiments based on realistic scenes have shown that different visual search
patterns affect pedestrian risk perception and thus affect pedestrian decisions (Feng et al., 2022).
However, although the risk perception of pedestrians has been quantitatively assessed, the
modeling and analysis of pedestrian crossing decisions have not fully considered the impact of

individual risk perception factors and the interaction of social-technological factors.

The issue of trust in AV has become an important topic in the research on pedestrian crossing
decisions. Relevant scholars have explored the impact of trust in AV on pedestrian crossing
decisions during the interaction between pedestrians and autonomous vehicles or human-driven
vehicles from the perspective of psychology and behavior by considering external human—machine
interactions as the entry point (Deb et al., 2017; Velasco et al., 2019; Jayaraman et al., 2019; Zhou
etal.,2021; Faasetal., 2021). For example, Deb et al. (2017) conducted a survey on the acceptance
of autonomous vehicles through questionnaires and found that pedestrians’ reluctance to cross in
front of autonomous vehicles is largely influenced by their mistrust of the unknown associated
with this technology. Jayaraman et al. (2019) found that the more trust pedestrians have in
autonomous vehicles, the more trust-based behaviors they will exhibit, such as being more willing

to cross the street when an AV approaches. However, with the development of autonomous vehicle
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technology, the level of vehicle automation and the penetration rate of autonomous vehicles are
increasing, and the pedestrians’ potential trust in AV may also change (Wu et al., 2023). Therefore,
it is necessary to further examine the role of trust in AV in the selection of pedestrian crossing

patterns.

3 Methods

3.1 Video-based questionnaire survey
An online video-based questionnaire survey was conducted from 18 May 2023 to 8 June 2023

using the Tencent questionnaire platform (https://wj.qq.com/index.html) to investigate pedestrians’

crossing decisions. The platform records respondent IP addresses and the user’s nickname. The IP
address is used only to prevent the same respondent from answering the questionnaire repeatedly,
and real information about the respondent cannot be obtained. Prior to completing the
questionnaire, the respondents were informed that the survey results were anonymous, that they
did not involve private information and that they would be used only for academic research. To

increase participation, generous compensation was given for each completed questionnaire.

The video-based questionnaire for this study consisted of four parts: (a) SP experiments on
pedestrian crossing choices (including crossing choices and the measures of risk perception). To
improve the participants’ immersion experience, we produced a visual video of the street crossing
scene based on the actual road scene and presented a video with high reproductions of each scene
in the questionnaire script. This survey method is helpful for vividly and intuitively displaying
street crossing scenes; (b) the issue of trust regarding autonomous vehicles; (c) travel habits (i.e.,
weekly walking frequency per week, experience of traffic accidents, etc.); and (d) background

information (sociodemographics).

3.2 Stated preference (SP) experimental design

SP survey methods can be used to examine individual preferences in a hypothetical setting to allow
researchers to conduct surveys in a controlled experimental setting and to assess the effectiveness
of policy strategies that have yet to be implemented. Currently, this method is widely applied to
travel mode selection (Esztergar-Kiss et al., 2022), pedestrian facility preference (Liang et al.,

2023), electric vehicle charging intention (Hoen et al., 2023), and parking intention surveys (Tian
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et al., 2023). Although the current research explores pedestrian preferences for crossing facilities
through SP questionnaires (Zhu et al., 2023), few SP surveys or studies have assessed pedestrian
crossing preferences. The influence of the interaction between environmental conditions, personal
characteristics, risk perception, and trust in AV on pedestrian crossing decisions needs to be further

explored and clarified.

To measure the interactive effects of the combination of approaching vehicle speed, distance, type,
and surveillance camera on pedestrian decision at crosswalks, an SP experiment was designed.
This will contribute to the understanding of effective enforcement strategies and provide useful
insights into future urban traffic planning, policy development, and safety management. The SP
choice sets are presented based on a hypothetical scenario involving pedestrian crossing travel. It
is assumed that there are three decision patterns (i.e., not cross, quickly cross, and normally cross)
for pedestrians to choose from when facing an unsignalized intersection, and they can make
crossing decisions under different risk level scenarios according to the given information. Table 1
presents the attributes and levels considered in the experiment. We conducted a pilot study to
identify key attributes prior to conducting the choice experiment. Twenty-eight people were
recruited through a campaign conducted on university campuses, and these individuals were asked
to provide information regarding demographics and socioeconomic issues. However, considering
the complexity of choice set generation and the efficiency of parameter estimation models, not all
potential attributes could be included. Finally, the pilot survey incorporated the following four
attributes: approaching vehicle speed, as represented by three levels accounting for the speed limit
and prevailing speed on urban roads (Soares et al., 2021); distance from the approaching vehicle
to the crosswalk, as represented by three levels accounting for the approaching vehicle speed and
crossing gap time (Liang et al., 2022; Song et al., 2023); types of approaching vehicles, including
both autonomous and manual driving vehicle levels; and whether a surveillance camera was
installed to reflect the impact of road infrastructure. In addition, after completing the choice of
each crossing scenario, participants were also required to complete two risk perception questions
to test their perception of the probability and severity of accidents in the scenario (as shown in

Table 2).

10
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Table 1 Attributes and levels considered in the SP experiment

SP Attributes Levels
Approaching vehicle speed (km/h) 20, 30, 40
Approaching vehicle distance (m) 20, 35, 50

) ) (1) Autonomous vehicle
Types of approaching vehicle o ]
(2) Manual driving vehicle
(1) Yes

(2) No

Is a surveillance camera installed at the intersection

Since the experiment has 4 factors (each with 2 to 3 attribute levels), a full factor design would
have (3x 3x 2 x 2 =) 36 combinations; however, such a design is not effective or practical for
measuring pedestrian perceptions. Therefore, to simplify the participants’ choice schemes, an
orthogonal fractional factor design was adopted (Tian et al., 2023) to reduce the number of selected
scenarios to 9. In addition, a randomized block design approach was used to further divide the
choice scenario into 3 blocks, with 3 choice sets divided into each block. According to the levels
of the four attributes, each choice set consists of three options. Table 2 shows the choice set used

in one of the questionnaires (a combination of text description and video presentation).

Table 2 One of the choice scenes

If you are about to cross the road at a pedestrian crossing and there is a vehicle approaching from the left, what

would you choose in the following scene?

Scene: Assuming the approaching vehicle is an autonomous vehicle, there is a surveillance camera at the
intersection, the speed of approaching vehicle is 20 km/h, and the distance to the intersection is 20 meters, among

the following three options, which one would you choose?

Attributes Levels

Speed of approaching vehicle (km/h) 20

Distance of approaching vehicle (m) 20

Types of approaching vehicle Autonomous vehicle
Is a surveillance camera installed at the intersection Yes

11



Autonomous vehicle

C———

Choices Choice 1: not cross Choice 2: quickly cross Choice 3: normally cross

(a) What do you think is the probability of an accident when crossing in this situation?

1 (Not at all probable) 2 (Improbable) 3 (Neutral) 4 (Somewhat probable) 5 (Very probable)
(b) If you were to cross the road in this situation and have an accident, how serious do you think the consequences
of the accident would be?

1 (Not at all severe) 2 (Not severe) 3 (Neutral) 4 (Somewhat severe) 5 (Very severe)

321

322 3.3 Integrated choice and latent variable (ICLV) model design

323  The ICLV model was selected for this study to explain pedestrian crossing choice at unsignalized
324  intersections while focusing on the influence of pedestrian risk perception and trust in AV factors
325 (Kamargianni et al., 2015; Soto et al., 2018; Irawan et al., 2022; Kavta and Goswami, 2022; Chen
326 et al., 2023; Mohiuddin et al., 2024). The model has the following advantages: it can be used to
327  explore the structural relationship between observable and unobservable variables, as well as the
328 measured relationship between latent and outcome variables (Rossetti et al., 2018). The use of
329 instantaneous estimation methods can measure the additional information provided by latent
330 variables and thus determine the statistical efficacy of parameter estimation (Mahpour et al., 2018).
331  Figure 1 illustrates the conceptual modeling framework used for our analysis. The ICLV model
332  consists of two submodels: a latent variable model and a discrete choice model (Vij and Walker,
333  2016). In this study, we used Python’s Biogeme software programming package (Bierlaire, 2018)

334  to perform a full information estimation of the ICLV model.

12
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Observable Variables

| Gender | I Age |
| Accident history | |  Employment |
Walking Educational
. frequency level
Scenario Latent

Driving license
| g |

Variables ®

Risk
Viods percpton
Vehicle types g Utility <: Ttem 1
Surveillance Ttem 2

camera

Characteristics

Crossing choice
(Not cross,
Quickly cross,
Normally cross)

Figure 1 Conceptual modeling framework of the ICLV model

3.3.1 Latent variable part of the ICLV model

Latent variable models were introduced to estimate the structural relationship between
sociodemographic characteristics, risk perception characteristics, and trust in AV. The structural
equation is used to evaluate the latent variables of risk perception and trust in AV, as shown in
equation (1); the measurement equation is shown in equation (2). The former equation is used to
identify the reasons for the different levels of risk perception and trust in AV among individuals,
and the latter equation is used to identify the relationships between the test indicators and latent

variables.
ZI" =M Xntof (D
where 7 |n* is the /th latent variable vector, and there are two latent variables in this study, namely,

risk perception and trust in AV; X' represents the observed variable of individual n; j1is the

coefficient to be evaluated; a)|n is the error term whose mean is 0, ¢ ~ N(0,5,), and 4

1s the standard deviation.

17 =dlz+v! )
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where |,

represents the 7th measure of individual n, ( ? is the factor load coefficient, v is

the measurement error, y; ~ N (O, &), and  is the standard deviation.

3.3.2 Choice model part of the ICLV model

The discrete choice model is used to estimate the utility of each alternative crossing choice mode
relative to different scenario variables, sociodemographic characteristics, risk perception, and trust
in AV. The ICLV model is explained as follows: each individual n (n = 1, 2,... 589) has three choice
attributes i (i=1: not cross (Choice 1); i=2: quickly cross (Choice 2); and i=3: normally cross

(Choice 3). For the crossing choice i of individual #, its utility (| 0 i) can be expressed as:

Uni=Vni*teni=ASCi+B;X n+BiZP*+8n,i 3)
where J ; is the utility of crossing choice i of individual n, \/ i is the observable component
of utility, Agc; is the specific constant for choice i, X |, is the observable variables, 7 I”* is
the latent variables, Bi and ﬂT are the corresponding coefficients of the above variables, and
gni is the random disturbance term, £,; ~ N (0,5 ,) . Note that equation (3), unlike the

traditional MNL model, has an additional term /BTZ P*.

In addition, the measurement equations in the hybrid choice model assume utility maximization,

as shown in equation (4).

LifU,;= max,—{U n,,—}
yn,i = H (4)
0, otherwise

The probability of individual #» choosing crossing mode i is expressed by equation (5):

V nit

P, ==& 5)

i~ <J v _
Zj eV“"

where J is the maximum number of alternatives, and there are three alternatives in this experiment.
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3.3.3 Likelihood function estimation of the ICLV model

In this study, the maximum likelihood function was used to estimate the ICLV model (Soto et al.,
2018; Aaditya and Rahul, 2021). Using full information estimation, the discrete choice model and
the latent variable model can be estimated simultaneously. As shown above, the structural random

n

error term g, n

r both assume a standard normal

and the measurement random error term y

independent distribution. Therefore, the probability density function for the latent variable part of

the model is shown in equations (6) and (7):

Zi X, ©)

Ow

Irle)

Ov

fZl I Xndrow= H|—1_¢(

f (|r|z. dr.o)= Hr_1—¢( (7)

where ¢ is the standard normal density function and 5 =~ and «, are the standard deviations of

the error terms ¢ and |, respectively.

Then, the likelihood function is shown in equation (8):

L= Izn* y(yn|Xn,Zn,,3.,ﬂ|,O'g)f (arlzy d?,av)fz(ZP*lXn;ﬂha@)dZF* (8)

4 Data and sample description

4.1 Participants

A total of 589 participants submitted valid questionnaires. Table 3 summarizes the characteristics
of the participants. Overall, there were 957 males for every 1000 females, which is consistent with
the Chinese population (equivalent to 1048 males for every 1000 females) (National Bureau of
Statistics, 2022). In terms of age, more than one-third (37.18%) of the participants were aged 25
years or younger, which is much larger than that proportion in the general Chinese population that
is aged 15-24 years (10.49%), and 12.40% of the participants were older than 60 years, which is
slightly smaller than that proportion in the general Chinese population (18.94%) (National Bureau
of Statistics, 2022). Regarding educational level, the majority of participants had an education
level of a college degree or above (72.84%), which is higher than that of the Chinese population
(18.86%) (National Bureau of Statistics, 2022). Regarding occupation, 38.71% of the participants
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were full-time workers, 32.26% were students, and 29.03% were engaged in other jobs or retired,
which is not consistent with the proportions in the Chinese population (National Bureau of
Statistics, 2022). Regarding monthly income, 51.10% of the participants had a monthly income
below 4000 RMB, which may be caused by the large proportion of students in the group of
participants. For marriage status, the numbers of unmarried and married participants were roughly
equal (Esmaili et al., 2021). In terms of travel habits, 31.07% of the participants went out almost
every day, more than half of the participants crossed the street an average of 1-5 times per outing,
65.87% of the participants held driver licenses, and 10.19% of the participants had been involved

in at least one traffic accident in the past two years.

Table 3 Sample distribution

Variables Attribute level Count Percentage
Male 288 48.90%
Gender
Female 301 51.10%
<25 219 37.18%
26-45 165 28.01%
Age
46-60 132 22.41%
>60 73 12.40%
Primary 25 4.24%
Education Secondary 135 22.92%
Tertiary 429 72.84%
Full-time 228 38.71%
Part-time 26 4.41%
Self-employed 21 3.57%
Employment )
Retired 70 11.88%
Student 190 32.26%
Unemployed 54 9.17%
<4,000 RMB 301 51.10%
4,000-5,999 RMB 125 21.22%
Monthly income 6,000-7,999 RMB 63 10.70%
8,000-8,999 RMB 40 6.79%
> 10,000 RMB 60 10.19%
Yes 60 10.19%
Accident history
No 529 89.81%
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Driving license

Walking frequency

(per week)

Crossing frequency

Marriage Status

Yes

No

0 days

1-2 days
3-5 days
6-7 days

0 times
1-2 times
3-5 times
=6 times
Unmarried
Married with no children

Married with children

388
201
47

180
179
183
117
186
185
101
290
31

268

65.87%
34.13%
7.98%

30.56%
30.39%
31.07%
19.86%
31.58%
31.41%
17.15%
49.24%
5.26%

45.50%

4.2 Latent variables

The latent variables considered in this study were risk perception (AlKheder et al., 2022) and trust
in AV (Jing et al., 2021; Deb et al., 2017). Participants’ responses to the accident probability and
severity questions for each scenario are shown in Figure 2. Since three versions of the
questionnaire were adopted in this study, each containing similar levels of risk across three
scenarios, the values of accident probability and severity questions for each participant are the
mean of their responses across the three scenarios. Table 4 shows the descriptive statistics of the
latent variables and their measurement items (mean and standard deviation of all participants for
each measurement item). In addition, the Cronbach’s alpha (internal consistency or reliability)
values of the two latent variables, risk perception and trust in AV, were 0.817 and 0.845,

respectively. This indicates that the measurement items associated with the latent variable have

sufficient internal consistency.
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Figure 2 Responses to the accident probability and severity questions for each scenario

Table 4 Descriptive statistics of the indicators of latent variables

Latent Items Standard
Mean
variables deviation

(a) What do you think is the probability of an accident when
Risk crossing in this situation? (“1= not at all probable” to “5= very 3.61 0.99
perception  probable”)

(b) If you were to cross the road in this situation and have an 3.88 0.96

18



434

435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450

accident, how serious do you think the consequences of the
accident would be? (“1=not at all severe” to “5= very severe”)

(a) 1 believe autonomous vehicles are safe. (“1 = strongly

) 3.78 1.46
disagree” to “7 = strongly agree”)
Trustin AV (b) When crossing the road, I trust autonomous vehicles to
detect and avoid collisions. (“1 = strongly disagree” to “7 = 3.67 1.49

strongly agree”)

5 Model results and analysis

5.1 Descriptive analysis

Since there were 3 options for each version of the questionnaire, the total number of response
options for this study was 1767. Among the 1767 choices, 1308 (74.02%), 315 (17.83%), and 144
(8.15%) were pedestrian choices to “not cross (Choice 1)”, “quickly cross (Choice 2)” and
“normally cross (Choice 3)”, respectively. Figure 3 shows the distribution of choice frequencies
for crossing modes, for all cases, the option of “not cross (Choice 1)” always have the highest
share in the sample, as it offers greater safety benefits compared to crossing. This also reflects the
overall crossing tendency of pedestrians. Moreover, as expected, there is an increasing trend in the
frequency of participants choosing “not cross (Choice 1)” as the approaching vehicle distance
decreased. However, for the approaching vehicle speed, although the highest number of responses
for “not cross (Choice 1)” is observed at 40 km/h, the number of “not cross (Choice 1)” answers
at 20 km/h is higher than the number at 30 km/h. This probably occurred because, the scenario
cases are the combination of factors (speed, distance, vehicle types, and surveillance cameras) and
if it had been only the speed, a steady increase in the number of “not cross (Choice 1)” options

with increasing speed might be observed (Ma et al., 2024).
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Figure 3 Distribution of the choice frequency for crossing modes

5.2 Correlation analysis of variables

The interdependency between variables might influence coefficient estimates. Therefore, we used

Spearman’s rank coefficient to investigate the correlation of variables included in the ICLV model

estimates, and the results are shown in Figure 4. Red indicates a positive correlation between

variables, while blue indicates a negative correlation. All the correlation coefficients of the

variables are less than 0.5. Therefore, these variables can be included in the model analysis. The

evidence in the literature indicates that the variables are strongly correlated according to the use

of the popular cutoff of 0.6 for the absolute values of the correlation coefficient (Shangguan et al.,

2023; Singh et al., 2021).
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Figure 4 Correlation coefficients of the variables

5.3 ICLV model estimation results

Subsequently, the ICLV model was used to estimate pedestrian choice preferences. To provide a
clearer description, the ICLV estimation results are detailed in three parts: the structural model
(Equation 1), the measurement model (Equation 2 and 4), and the choice model (Equation 3 and

5).

5.3.1 Structural model

As shown in Table 5, the estimated results of the structural model show that pedestrians’ risk
perceptions and trust in AV are significantly correlated with their sociodemographic characteristics.
Specifically, in terms of risk perception, participants older than 60 years (0.683) had a higher level
of risk perception when crossing, and being male (-0.229), full-time employment (-0.499), and
student status (-0.784) were significantly negatively associated with risk perception. However,
walking frequency, accident history, driving license, and education level were not significantly
associated with risk perception. In terms of trust in AV, participants with a high frequency of
walking (6-7 days/week) (0.120) and a high level of education (tertiary) (0.344) had a higher level
of trust in AV, and being involved in traffic accidents (-0.274), full-time employment (-0.350),
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student status (-0.163), or holding a driver’s license (-0.106) were significantly negatively

associated with trust in AV, but gender and age were not significantly associated with trust in AV.

Table 5 Structural model estimation results

Variables Risk perception Trust in AV

Estimate t —statistic Estimate t —statistic
Male -0.229* -1.87 0.014 0.26
Age (25-60) 0.284 1.58 0.032 0.44
Age (>60) 0.683%* 2.37 -0.015 -0.08
Walking frequency -0.099 -0.82 0.120%* 2.08
(6-7days/week)
Accident history 0.159 0.87 -0.274%** -3.04
Full-time employment -0.499** -2.35 -0.350%** -5.15
Student status -0.784%** -3.66 -0.163* -1.93
Driving license (Holding) 0.057 0.44 -0.106* -1.78
Education (Tertiary) -0.192 -1.27 0.344%%* 4.55

Note: *** p<0.01; ** p<0.05; * p<0.10

5.3.2 Measurement model

In this study, there are two latent variables, each of which has two factors, for a total of four factors;
thus, eight parameters had to be estimated (four factor load coefficients d, four standard deviations
0 ). The factor load coefficient refers to the parameter representing the relationship between a
factor (measurement item) and a latent variable, while the standard deviation refers to the standard
deviation of measurement errors, used to measure the variability of measurement indicators (see
equation 2). Since four of these parameters needed to be constrained to one for identification
(Irawan et al., 2022; Chen et al., 2023), only four parameters were estimated, and the estimated
results of the measurement equation are shown in Table 6. It can be seen from the results that the
latent variables are positively correlated with the selected index; that is, a higher level of accident
perception probability leads to better risk perception ability (0.928), and a higher level of

technology trust leads to greater trust in AV. Moreover, the standard deviation 4 = (1.11) and

O (1.03) were also significantly positively correlated with the corresponding latent variables.

Neglecting these standard deviation estimates could introduce bias into factor load coefficient
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estimates and potentially distort the influence of latent variables in the choice model (Chen et al.,

2023).

Table 6 Measurement model estimation results

Latent

Indicator d —Estimate t —statistic o —Estimate t —statistic
variables
Risk 1. Probability 0.928%** 14.8 1.110%** 4.52
perception 2. Severity 1.000 Fixed 1.000 Fixed
Trust in 1. Trust-1 1.000 Fixed 1.000 Fixed
AV 2. Trust-2 0.808%*=* 6.13 1.030%** 66.60

Note: *** p<0.01; ** p<0.05; * p<0.10

5.3.3 Choice model

The estimation results of the choice model are shown in Table 7. In this study, the ICLV model
was used to identify the significant influence of social-technological variables and latent
perceptions on certain pattern choices. Overall, the constants in the model capture the intrinsic
preferences of crossing patterns in the studied pedestrian population, although they are also used

to adjust for the presence of other variables in the model’s utility.

For the scenario variables, approaching vehicle speed (0.031) was significantly positively
correlated with “not cross (Choice 1)” at the 1% level, and approaching vehicle distance (-0.071)
was significantly negatively correlated with “not cross (Choice 1)” at the 1% level. In other words,
with increasing speed and decreasing distance, pedestrians are more inclined to choose to “not
cross (Choice 1)”. In addition, there were significant negative correlations between autonomous
vehicle type and “not cross (Choice 1)” (-0.407) and “normally cross (Choice 3)” (-0.394),
indicating that the presence of autonomous vehicles increases pedestrians’ willingness to cross and
favors “quickly cross (Choice 2)” with relatively lower risk levels; however, the presence of a

surveillance camera had no significant effect on pedestrian crossing decisions.

In terms of the observed variables, the age range 25-60 (0.552) and education (tertiary) (0.776)

were significantly positively correlated with “not cross (Choice 1)”. Male gender (Choice 1: 0.327;
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Choice 3: 0.618) were significantly positively correlated with “not cross (Choice 1)” and
“normally cross (Choice 3)”, with “normally cross (Choice 3)” showing a larger correlation
coefficient, indicating that male pedestrians exhibit a greater tendency for risk-taking behavior
when crossing. Furthermore, accident history (Choice 1: -0.983; Choice 3: -0.669), full-time
employment (Choice 1: -0.641; Choice 3: -0.693), and holding a driving license (Choice 1: -0.529;
Choice 3: -0.912) were significantly negatively correlated with “not cross (Choice 1)” and
“normally cross (Choice 3)”. This suggests that pedestrians with history of accidents, full-time
employment, and possessing a driving license are more inclined to choose the “quickly cross

(Choice 2)”.

Furthermore, the latent variable of risk perception showed that risk perception (0.393) was
significantly positively correlated with “not cross (Choice 1)” at 1%; that is, individuals with
higher risk perception levels were more inclined to choose “not cross (Choice 1)” than “quickly
cross (Choice 2)”. The latent variable of trust in AV is significantly negatively correlated with both
“not cross (Choice 1)” (-2.490) and “normally cross (Choice 3)” (-1.940) at 1%, that is, individuals
with a higher level of trust in AV are more inclined to choose the “quickly cross (Choice 2)” than
“not cross (Choice 1)” and “normally cross (Choice 3)”, which not only saves crossing time but

also has relatively lower risk.

Table 7 ICLV model estimation results

Variables ICLV
Choice 1: Not cross Choice 3: Normally cross
Estimate t —statistic Estimate  t —statistic
Constant 2.230%** 4.05 -0.641 -0.89
Speed 0.031%%* 2.68 0.018 1.14
Distance -0.071*%** -8.20 -0.014 -1.21
Vehicle types (0 - manual driving -0.407** -2.49 -0.394* -1.71
vehicle, 1 - autonomous vehicle)
Surveillance camera (0 — No, 1 - Yes) -0.304 -1.43 -0.024 -0.08
Male 0.327* 1.72 0.618%* 2.53
Age (25-60) 0.552%* 2.00 0.400 1.21
Age (>60) -0.603 -1.06 -0.329 -0.52

24



547
548

549
550
551
552
553
554
555
556
557
558
559
560

561
562
563
564

Walking frequency 0.296 1.45 0.131 0.52
(6-7days/week)

Accident history -0.983%** -3.26 -0.669* -1.70
Full-time employment -0.641%** -2.83 -0.693** -2.47
Student status -0.448 -1.40 -0.313 -0.81
Driving license (Holding) -0.529** -2.54 -0.912%*%  -3.49
Education (Tertiary) 0.776%%* 345 0.442 1.61
Risk perception 0.393%** 4.07 -0.024 -0.32
Trust in AV -2.490%** -15.70 -1.940%**  -10.10
LL (start) -20895.850

LL (final) -11667.820

Rho-square 0.442

Rho-square-bar 0.439

AIC 23463.630

BIC 23814.160

Note: *** p<0.01; ** p<0.05; * p<0.10

6 Discussion and influence

6.1 Scenario analysis

The estimates of all the parameters in the ICLV model do not directly describe the extent of their
impact on the probability of existing alternative choices. Therefore, we assess the influence of a
specific variable on pedestrian choice by manipulating the variables and recalculating the shares
under these manipulations. For continuous variables (such as speed with a range of 20 to 40 km/h),
we evaluate the impact of a specific variable on probability by transforming the values of the
continuous variable within the specified range. For categorical variables, we set the values to 1 or
0 to evaluate the impact of a variable on the probability (for example, if there is a surveillance
camera in the scenario, the value of the dummy variable for the surveillance camera can be taken

as 1 for all individuals).

6.1.1 Individual preferences for speed and distance combinations
There is a negative correlation between the approaching vehicle speed and pedestrian crossing
tendency and a positive correlation between the approaching vehicle distance and pedestrian

crossing tendency. Figure 5 shows the prediction results of pedestrian decision probabilities for
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different combinations of approaching vehicle speed and distance under the ICLV model. Figure
5a shows that the probability of pedestrians choosing “not cross (Choice 1)” is sensitive to changes
in approaching vehicle speed and distance. As expected, when the distance of the approaching
vehicle at the crosswalk decreases and the speed of the approaching vehicle increases, the tendency
of the pedestrian to choose “not cross (Choice 1)” increases, while the tendency to choose
“normally cross (Choice 3)” gradually decreases. This confirms the findings of Liang et al. (2022),
who claimed that when pedestrians cross the street, they allocate more their visual attention to
interacting motor vehicles than to other types of stimuli, and they pay special attention to the speed
and distance of approaching vehicles. In addition, when the approaching vehicle speed ranges from
20 km/h to 40 km/h and the approaching vehicle distance ranges from 20 m to 50 m, the probability
of pedestrians choosing “normally cross (Choice 3)” is low (5.37% to 8.71%), as shown in Figure

5b, which indicates that the participants are more prudent when crossing.

200 10°%

70%

60%

50%

40%

30%

Probability
Probability

20%

10%

0% -

(a) Choice 1 (Not cross) (b) Choice 3 (Normally cross)

Figure 5 Prediction results of pedestrian decision probability with respect to approaching vehicle

speed and distance

6.1.2 Interaction of gap time with autonomous vehicle and surveillance camera

Pedestrian gap acceptance theory states that each pedestrian has a critical acceptable gap threshold
that they use to decide whether to cross the street; therefore, the gap acceptance of pedestrians
often affects their crossing decision (Theofilatos et al., 2021). In this study, the crossing gap time
used is calculated based on the approaching vehicle speed and distance in 9 scenarios, which

include 9 gap times ranging from 1.8 s to 9 s. Next, the presence of autonomous vehicles affects
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pedestrians’ crossing behaviors and decisions (Hulse 2023); therefore, the impact of autonomous
vehicles on pedestrians’ crossing choices should be considered. Regarding the impact of
surveillance cameras, the presence of surveillance cameras makes people feel safer than their

absence (Li et al., 2022).

Therefore, in terms of the crossing gap time, the type of approaching vehicle and the presence of
surveillance cameras, based on the analysis results of the ICLV model, the influence of different
combinations of vehicle types and whether surveillance cameras are installed are predicted based
on pedestrians’ choice of crossing under increasing gap times. Specifically, Figure 6 shows the
change in the probability of pedestrians choosing “not cross (Choice 1)” or “normally cross
(Choice 3)” relative to the gap time under different environmental conditions (autonomous vehicle
and surveillance cameras, autonomous vehicle and no surveillance cameras, manual driving
vehicle and surveillance cameras, and manual driving vehicle and no surveillance cameras). As
shown in Figure 6a, with increasing gap time, pedestrians’ choices of “not cross (Choice 1)” shows
an overall decreasing trend. Moreover, whether in the scenario involving a combination of
autonomous vehicles or manual driving vehicles, the presence of surveillance cameras results in a
lower probability of choosing “not cross (Choice 1)” than in the scenarios without surveillance
cameras. As mentioned earlier, this can be attributed to the fact that the lack of surveillance
cameras makes pedestrians uncomfortable (Li et al., 2022), while the presence of such cameras
increases drivers’ yield behaviors, making pedestrians more inclined to cross the road (Li et al.,
2021). In contrast, the impact of gap time on pedestrians’ decisions to choose “normally cross
(Choice 3)” is relatively small, as shown in Figure 6b. Furthermore, there is an interesting
phenomenon. When using a combination of scenarios with manual driving vehicles, the probability
of pedestrians choosing “not cross (Choice 1)” or “normally cross (Choice 3)” is higher than in
scenarios with autonomous vehicles. This phenomenon can be understood as follows: as the
presence of autonomous vehicles in traffic flow increases, pedestrians may be more inclined to

choose to “quickly cross (Choice 2)” with shorter waiting times and relatively lower risk.

27



613
614

615
616

617
618
619

620
621
622
623
624
625
626

80% — —&— Autonomous vehicle and with surveillance camera

—® - Autonomous vehicle and without surveillance camera
" RS —&— Manual driving vehicle and with surveillance camera
70% =~ ~ = =Manual driving vehicle and without surveillance camera
60% —
>, 50%
=
"3 40%
o
e} ]
S
Q- 30%
20%
10% -
0% T T T T T T T T T
1.8s 2.4s 3.15s 3.6s 4.2s 4.5 6s 6.3s 9s
Gap time
(a) Choice 1 (Not cross)
—— Autonomous vehicle and with surveillance camera
129% — —@ = Autonomous vehicle and without surveillance camera
| —&— Manual driving vehicle and with surveillance camera
11% A —% = Manual driving vehicle and without surveillance camera

10%
9% ~
8%

7%

Probability

6%

5%

4%

3% T u T T T T T T T T T T T T T T T
1.8s 2.4s 3.15s 3.6s 4.2s 4.5 6s 6.3s 9s

Gap time
(b) Choice 3 (Normally cross)
Figure 6 Pedestrian crossing choice probability as influenced by the interaction among gap time,

vehicle type and the presence of a surveillance camera

6.2 Influence of latent variable utility

6.2.1 Influence of risk perception utility

Risk perception is an important psychological variable that can explain why people choose to act
in a particular way, including the travel choices of road users (Breakwell 2007; Rankavat and
Tiwari, 2020). Therefore, this study incorporates the ICLV model with the addition of a latent
variable related to risk perception. The research results indicate that the introduced latent variable

related to risk perception has a significant impact on pedestrian crossing decisions for “not cross
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(Choice 1)”. Specifically, we explored the change trends in choice patterns with respect to the
speed and distance of approaching vehicles for both overall pedestrians and pedestrians with a high
level of risk perception. As shown in Figure 7, compared with that of the overall pedestrians, the
probability of pedestrians with a high risk perception level choosing “not cross (Choice 1)”
increases, while the probability of choosing “normally cross (Choice 3)” decreases. The risk
perceptions of pedestrians have an important positive impact on the process of pedestrian crossing

choice.
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Figure 7 Intentions to choose Choice 1 and Choice 3 according to risk perception level

6.2.2 Influence of trust in AV utility

The results of the ICLV model show that the latent variable of trust in AV significantly influences
pedestrians’ crossing choices. To further explore the dynamic relationship between the variation in
trust in AV and pedestrians’ crossing decisions, we conducted a similar scenario analysis.
Specifically, we investigated the change trends in choice patterns with respect to the speed and
distance of approaching vehicles for both overall pedestrians and pedestrians with a high level of
trust in AV. As shown in Figure 8, compared to overall pedestrians, those with a high level of trust
in AV show a decreased and more sensitive probability of choosing “not cross (Choice 1)”
(26.06%), and the probability of choosing “normally cross (Choice 3)” also exhibits a decreasing
trend (4.09%). This confirms the statement of Zhao et al. (2022) that trust in autonomous vehicles

increases pedestrians’ willingness to cross the street.
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Figure 8 Intentions to choose Choice 1 and Choice 3 according to trust level in AV

6.3 Influence of individual characteristics

In terms of gender, Figure 9 illustrates the changes in the probability of choosing “not cross
(Choice 1)” and “normally cross (Choice 3)” with respect to the speed and distance of approaching
vehicle for overall and male pedestrians. Compared with overall pedestrians, male pedestrians had
a slightly higher probability of choosing the “not cross (Choice 1)” (2.47%) and “normally cross
(Choice 3)” (2.48%) crossing modes. This finding implies that the probability of male pedestrians
choosing to “quickly cross (Choice 2)” is lower than that of female pedestrians. This result is
consistent with the findings of Yadav and Velaga (2022), where female pedestrians tended to
exhibit more conservative behavior when crossing the street. Therefore, female pedestrians may
be inclined to choose the “quickly cross (Choice 2)” crossing mode when there is a moderate level
of risk. In terms of age, Figure 10 illustrates the changes in the probability of choosing “not cross
(Choice 1)” and “normally cross (Choice 3)” with respect to the speed and distance of approaching
vehicle for overall and middle-aged (aged 25-60 years) pedestrians. It was found that the
probability of middle-aged pedestrians choosing “not cross (Choice 1)” was 5.21% higher than
that of overall pedestrians, which is consistent with the findings of previous studies revealing that
older pedestrians exhibit less cautious behavior at unsignalized crossings (Aghabayk et al., 2021).
This phenomenon is reasonable. It is possible that middle-aged people have more abundant
channels to acquire traffic safety knowledge and have received more extensive traffic safety

education, so they are more conservative when crossing. Notably, pedestrians who have been
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previously involved in traffic accidents are less likely to choose “not cross (Choice 1)” (19.72%
lower than overall pedestrians), which seems counterintuitive but points to the fact that pedestrians
do not improve their crossing decisions after having been involved in traffic accidents and may
still make unsafe crossing decisions. As revealed by Cheng et al. (2011), motorcycle drivers

involved in traffic accidents engage in more traffic violations.
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Figure 10 Intentions to choose Choice 1 and Choice 3 between age groups

6.4 Implications

China’s dense population, large-scale transportation development projects, and innovative
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technological development strategies for autonomous vehicles and surveillance systems have
significantly impacted efforts to improve pedestrian crossing safety. In this study, the roles of
factors related to the type of approaching vehicle (traditional or autonomous vehicle) and the
presence of surveillance cameras in pedestrian crossing decisions (whether or not to cross) were
explored, and the influences of individual demographic characteristics, risk perception, and trust
in AV were considered. In this section, the impact of technological advancements on traffic safety

and policy implications for traffic safety in sociotechnical transport systems are discussed.

6.4.1 Impact of technological advancements on traffic safety

Effective pedestrian crossing decision policies can prompt pedestrians to abide by traffic rules and
improve their crossing behaviors, thereby reducing conflicts between pedestrians and vehicles,
decreasing the occurrence of traffic accidents, and improving road traffic safety (Zhang et al., 2019;
Che et al., 2024; Banerjee et al., 2024). Our study has shown that the existence of autonomous
vehicles significantly impacts pedestrian crossing decisions, even though these impacts are based
on perceptions rather than traffic rules. This highlights an essential aspect of traffic safety: the role
of human perception and psychology in influencing behaviors on the road. On the one hand, traffic
safety is governed by a set of well-defined traffic rules and regulations, such as speed limits and
traffic signals. These rules are designed to establish clear guidelines for safe behaviors on the road.
Violating these rules can lead to accidents and injuries, so law enforcement typically enforces them.
Beyond objective rules, individual perceptions and beliefs play a significant role in road safety.
People’s perceptions of the road environment, the behaviors of other road users, and their own
abilities to navigate traffic influence their actions. For example, if pedestrians perceive
autonomous vehicles to be safer or more predictable, they may be more inclined to cross streets
confidently. Similarly, the presence of surveillance cameras may influence both pedestrians and
drivers to adhere to traffic rules due to their perceptions of being monitored. Human factors,
including perception, attention, decision, and risk assessment, have a profound impact on road
safety. The way individuals perceive risks and make decisions on the road can sometimes override
strict adherence to traffic rules. For example, pedestrians may cross the street against a traffic
signal if they perceive that there is no immediate danger from approaching vehicles, even if it
technically violates the rule. However, changing the level of risk perception of pedestrians may

not be an easy or cost-effective task. For example, well-designed interventions have been shown

32



710
711
712
713
714
715
716
717

718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740

to significantly improve the risk perception involved in pedestrian crossings (Feng et al., 2022).
With the gradual increase in the penetration rate of autonomous vehicles, pedestrians’ crossing
decisions have also been significantly affected. For instance, the form and content of the external
human—machine interface (¢eHMI) of autonomous vehicles are not uniform (De Clercq et al., 2019;
Eisma et al., 2019). Future research should further standardize the design of autonomous vehicles
to ensure not only materially safer and smoother interactions with pedestrians but also socially

acceptable behavior of all road users, including both drivers and pedestrians.

6.4.2 Policy implications for traffic safety in sociotechnical transport systems

Policymakers and safety advocates understand the significance of social perceptions of
technological advancements and traffic safety, employing various strategies to shape public
perceptions and trusts. These strategies include education campaigns (Goniewicz et al., 2016),
public awareness initiatives (Davey and Freeman, 2011), and changes in infrastructure design
(Ewing and Dumbaugh, 2009). These measures aim to influence how people perceive and interact
with the road environment. First, educational campaigns could be launched to inform pedestrians
about technological advancements such as autonomous vehicles and surveillance cameras,
including their presence and features. This could empower pedestrians to make more informed
decisions, dispel misconceptions, and alleviate fears. Engaging local communities in discussions
about the integration of autonomous vehicles and surveillance cameras is crucial for building trust
and ensuring that policies align with community needs and expectations. Collaboration among
traffic management authorities, autonomous vehicle manufacturers, camera system operators, and
pedestrian advocacy groups is essential for addressing concerns and developing best practices.
Second, autonomous vehicle manufacturers and operators should actively communicate with the
public to elucidate their vehicles’ operations and their commitment to pedestrian safety. This
entails sharing information about safety features and the technology employed in autonomous
vehicles. Authorities should also develop regulatory guidelines that specify the obligations and
responsibilities of both autonomous vehicle operators and pedestrians. Although not equivalent to
traffic rules, these guidelines provide a framework for safe interactions. Seeking feedback from
the public, including pedestrians, on their experiences and concerns regarding autonomous

vehicles and surveillance cameras is vital for refining policies and addressing public perceptions.
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Regarding infrastructure design, our scenario analysis results reveal that the speed and distance of
the approaching vehicle are important factors influencing crossing decision. Therefore, improving
road speed limits, strengthening traffic control, and optimizing signal timing should be considered
by policymakers to reduce the risk of traffic accidents by controlling vehicle speed and maintaining
a safe distance between vehicles to provide pedestrians with greater crossing gap times
(Theofilatos et al., 2021). The results of the scenario analysis also show that the installation of
surveillance cameras has a positive effect on improving pedestrian decisions regarding crossing.
This provides an important reference for the construction and optimization of traffic infrastructure.
Policymakers should consider installing law enforcement cameras at places prone to traffic
accidents, such as intersections with no traffic signals (Li et al., 2023), to effectively improve the
traffic behaviors of pedestrians and drivers and to enhance the monitoring and management of road
safety. In addition, as considered in the literature, strengthening the construction of overpasses,
underpasses, and other facilities is an important means of improving the safety of pedestrian
crossings (Miskiewicz et al., 2017; Chandrappa et al., 2021; Chan et al., 2022). The relevant
authorities can actively promote the construction and optimization of these facilities to separate
the flows of pedestrians and vehicles to ensure that pedestrians can cross the street in a safe
environment. Furthermore, considering the characteristics of the elderly pedestrian population in
communities with a high concentration of elderly residents by providing shorter crossing distances
or longer crossing times can increase the convenience of elderly people’s travel and reduce the
risks associated with their difficulties in crossing the road. This method can also be applied to other
developed countries that are facing aging populations. Nevertheless, in this ever-changing world
of technology, continuous monitoring and analysis of pedestrian behaviors and decisions in the
presence of diverse technological advancements can provide valuable data to inform infrastructure

design for improved safety.

7 Conclusion

In this study, we employed a questionnaire survey with video clips to gather data from 589 Chinese
pedestrians for an SP (stated preference) experiment to comprehensively investigate how
technological advancements (e.g., the type of autonomous vehicle, presence of a surveillance
camera), personal attributes, risk perception, and trust in AV influence pedestrian crossing choice

preferences in the context of ITS. The contributions of this research are twofold. First, we
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estimated the trade-off between approaching vehicle speed and distance for different pedestrians
and considered the moderating effect of technological advancements and individual factors.
Second, the ICLV model was established, and the influence of the latent variables of risk

perception and trust in AV on pedestrian crossing decisions was considered.

The results indicate that, in addition to social-technological factors, individual perception and trust
toward relevant issues also significantly influence crossing choice modes. As expected, the latent
variable of risk perception increases the probability of pedestrians choosing to “not cross (Choice
1)”. In particular, trust in AV has a substantial impact on pedestrians’ selection of the “quickly
cross (Choice 2)” mode. This finding suggests that improving pedestrians’ risk perceptions and
enhancing their trust in AV can contribute to improving pedestrians’ crossing decisions. Scenario
analysis reveals that the tendency of pedestrians not to cross the road increases with increasing
approaching vehicle speed but decreases with increasing approaching vehicle distance. In addition,
the interactions among vehicle types, roadside facilities, and crossing gap times also affect the
propensity of pedestrians to cross the street. Furthermore, middle-aged pedestrians made more
conservative decisions regarding crossing the street. The variation in trust in AV is highly sensitive
to pedestrians’ crossing decisions. The conclusions of this study have important guiding
significance for formulating traffic control remedy measures, strengthening road infrastructure

construction and optimization, and improving pedestrian crossing safety.

However, there are several limitations as well. One of the limitations of this study is that the sample
is skewed toward a younger age group, with approximately one-third of the participants being
younger than 25 years, while older pedestrians are underrepresented, which could skew the results
of parameter estimation of pedestrian choice. In future research, it is recommended that the sample
distribution be consistent with the population distribution to provide more generalizable and
convincing results. Another limitation of this study is that the selected scenario variables, such as
the speed and distance of the approaching vehicle, are relatively conventional. Future research
should further explore the impact of other scenario variables, such as weather conditions, on

pedestrian crossing decision.
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Highlights

e Relationship between intelligent transportation facilities, pedestrian risk perception, trust in
AV, and crossing decisions are investigated.

e A video-based SP questionnaire was design.

® The ICLV model was used to predict pedestrians’ propensity to cross the street.

e The presence of autonomous vehicles can have a significant impact on pedestrian crossing

decision.

e Pedestrians who are middle-aged, and have high levels of risk perception are more

conservative in their crossing decisions.



