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Testing the Validity of Multiparticipant Distributed
Simulation for Understanding and Modeling

Road User Interaction
Amir Hossein Kalantari , Yi-Shin Lin , Ali Mohammadi, Natasha Merat , and Gustav Markkula

Abstract—Understanding driver–pedestrian interactions at
unsignalized locations has gained additional importance due to
recent advancements in vehicle automation. Naturalistic obser-
vations can only provide correlational data of limited value for
understanding and modeling the mechanisms underlying road
user interaction. Therefore, controlled studies in virtual reality
(VR) are an important complement, but conventional methods
can only accommodate a single human participant. Recently, there
has been some interest in studying interactions in VR, by means
of distributed simulation, involving multiple human participants.
However, there is a lack of validation of this method. Here, we pro-
vide a validation study, focusing on a distributed vehicle–pedestrian
interaction setup, where pairs of one driver and one pedestrian
interacted under various kinematic conditions in a connected vir-
tual environment. To test the validity of the distributed simulation,
we used a naturalistic dataset collected in the same U.K. city, at
similar locations, and compared the observed behavior between
the two settings. Our results indicate a good relative validity of
the simulator study, where road users showed similar nonverbal
communication behavior in both datasets. As an additional means
of validation, we also leveraged a set of game theoretic models that
were developed based on the simulator studies, and found that when
applied to the naturalistic dataset, we obtained similar (although
not identical) model selection results. The findings suggest that
distributed simulation can also be useful for development of com-
putational models of interaction. Overall, the findings suggest that
distributed simulation can be a highly valuable tool for studying
and modeling road user interactions.

Index Terms—Behavioral sciences, decision making, human–
computer interaction, mathematical models, vehicle driving.
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I. INTRODUCTION

N EGOTIATING right-of-way at unsignalized locations and
shared spaces has become a topic of interest over recent

years. This happened partly due to the recent advances in vehicle
automation in which highly automated vehicles (HAVs) are
expected to take over most (if not all) of the human driver tasks
[1]. This requires an in-depth understanding of human road user
interaction and its challenges in the first place so that HAVs can
be fully prepared for deployment on the roads. If not, they may
face the challenge of having nontransparent driving behavior due
to associated complexities with their architecture and different
decision-making mechanisms compared to humans [2]; this
nontransparent driving behavior can eventually lead to mistrust
among human road users. The problem is exacerbated when
interacting with vulnerable road users, especially pedestrians,
as they are omnipresent [3] and unpredictable in their crossing
behaviors [4], which targets safety and efficiency in future urban
traffic scenarios. This situation has led researchers to investigate
[5] communication strategies that exist between pedestrians and
vehicles, examining them through both qualitative and quan-
titative approaches [5]. Among these approaches, quantitative
models of traffic interaction have proven particularly valuable
for predicting and simulating such strategies [6], [7].

To understand each other’s intentions, road users employ a
wide range of communication strategies to convey information
about their position, trajectory, and intention. A growing body of
research suggests that this heavily relies on implicit communica-
tion [8], [9], which consists of time-based [e.g., time-to-arrival
(TTA)] [10], [11]; and movement-based (e.g., vehicle speed)
[12], [13] factors. Other situational factors such as crossing
location type (e.g., presence of zebra) [14], [15]; and vehicle
distance at interaction onset [16] have also been found to play
an important mediating role [17]. For instance, pedestrians have
been found to cross less often at an unmarked crossing compared
to a zebra crossing for the same TTA [14]. In addition, age
and gender have been found to be associated with interaction
outcomes and pedestrian crossing behaviors [18], [19].

Previous research has relied on either controlled or naturalistic
studies to investigate and model vehicle–pedestrian interactions.
Naturalistic data constitute a greater proportion of past studies
where they were used as validation tools for the mathematical
models of road user behavior. Naturalistic studies are usually
conducted either using instrumented vehicles [20] or traffic data
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collection devices, including drones [21] and installed cameras
on fixed objects such as light poles [22]. Using instrumented
vehicles provides the advantage of studying road user behavior
over a longer period of time and with high quality and the
capability of tracking a large number of road user parameters
[23]. However, the downside is that this method is expensive
and drivers are usually aware that they are being watched [20]
and this might make them alter their behavior [24]. On the other
hand, video and sensor-based studies offer this opportunity to
record road user behavior in an unnoticed manner, gaining more
knowledge of road user behavior and its features while avoiding
behavioral adaptation [24].

While naturalistic data are important, they primarily offer cor-
relational information and do not establish causal relationships
between different factors. To comprehend and model the causal
mechanisms underlying behavior, controlled studies are more
helpful. Controlled studies are divided into two categories: test
track studies [25] and studies in virtual reality (VR) [12]. In both
categories, one can study traffic scenarios in a way not possible
in reality, not least with respect to safety. Among these types
of studies, distributed simulation (also known as co/coupled
simulation) is one of the few methodologies capable of precisely,
repeatably, and controllably investigating interactive communi-
cations among road users [14], [26], [27]. In this type of study,
two or more simulators (e.g., a driving and a pedestrian simu-
lator) are connected over a network where two or more human
participants can interact in a safe and controlled environment,
and the experimenter(s) can manipulate the conditions of interest
to study the impact of traffic conditions regarding interactive
behaviors and outcomes. The technique also allows participants
to be observed multiple times, offering a deeper understanding of
interindividual differences [28]. These features are undoubtedly
beneficial for developing human behavior models for vehicle
automation such as those in the game theory category [28].
Game-theoretic models offer a well-established framework for
understanding road user interactions by considering interdepen-
dencies, typically suggesting optimal decisions for each party
[29].

However, distributed simulation is expensive and requires
advanced hardware and software installations, plus a compre-
hensive experiment design. Hence, it is imperative to ensure
that the results coming out of the simulators are in line with
reality to justify all the costs and complexities to leverage such
methodology. Nevertheless, while numerous validation studies
exist for driving simulators [30], those focused on pedestrian
simulators are rare [31], and to the best of our knowledge, no
study has validated road user behavior within a connected virtual
environment (i.e., distributed simulation). Thus, there is a gap
in the literature regarding the validity of the data that comes
out of the simulator with respect to pedestrian simulators and
distributed simulation [32]. Validity in the context of simulators
pertains to how faithfully they replicate real-world driving or
walking behavior. Researchers have identified different types of
validity [33], [34], with the most common ones being absolute
validity and relative validity, which are often evaluated in stud-
ies [35]. Absolute validity is achieved when measured metrics
in the simulator match those in real traffic, whereas relative

validity is established when the patterns and/or effects of the
studied variables in the simulator resemble those observed in a
naturalistic setting [30]. Overall, the practice of connecting sim-
ulators has the potential to enhance the validity of simulator data
by incorporating an interaction channel that enables nonverbal
communication, thereby promoting more realistic behavior [32].

The main objective of this study is to validate both behav-
ioral observations and computational modeling coming from a
distributed simulator study (DSS) [14], [28]. The validation is
achieved by comparing the findings of both studies with the real
traffic data presented in this article.

In the DSS, 32 driver–pedestrian pairs interacted with each
other in different crossing scenarios. To maximize experimental
control, the simulator study only had participants cross a single
lane. In practice, this was achieved by making the crossing
location staggered, letting the participants cross only a single
lane, to a refuge in the middle of the simulated road. Many
crossings in the real world are not of this nature, but to the best of
our knowledge, there are no existing comparisons of pedestrian
crossing behavior between staggered and normal (nonstaggered)
two-lane zebra crossings. Thus, it remains uncertain whether
road user behavior would have been the same if the pedestrians
had the opportunity to cross both parts of the crossing, something
that this study can help us resolve. Therefore, a secondary
objective of this article is to compare naturalistic pedestrian
crossing between these two types of crossing locations to provide
additional insight about the generalizability of the findings from
our DSS.

II. METHODS

This section describes all the methods used in the study,
beginning with a description of the DSS, naturalistic data collec-
tion locations and data extraction algorithms, followed by data
preparation and modeling details.

A. Simulator Study

In the DSS, described in full detail in [14], 32 pairs of one
driver and one pedestrian (32 drivers; Age: M = 31.53, R =
21–50, SD = 1.72; paired with 32 pedestrians; Age: M = 25.09,
R = 19–34, SD = 0.87) interacted with each other in a VR
environment (see Fig. 1). The study included eight pairs for
each possible gender combination: male–male, male–female,
female–male, and female–female, assigned to the driver and
pedestrian roles, respectively. The study was approved by the
University of Leeds Ethics Committee (Reference No AREA
21-022). In the DSS, the VR environment was built in Unity
and by connecting a motion-based driving simulator known
as the University of Leeds Driving Simulator (UoLDS) to a
CAVE-based pedestrian lab named Highly Immersive Kine-
matic Experimental Research (HIKER) lab. The entire scene
in the HIKER responded to the pedestrians’ head movements
using the HIKER glasses to show a perspective-correct VR.
Both participants were instructed to approach the study with
the mindset of being late for an important meeting, highlight-
ing the importance of avoiding unnecessary delays while pri-
oritizing safety. Therefore, the concept of time pressure was
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Fig. 1. Experimental scene in the DSS. Top left shows the driver’s view of
the pedestrian, with the pedestrian represented by pink spheres to the driver.
Bottom left displays the driver behind the wheel of the UOLDS. On the right,
the pedestrian is seen crossing the zebra in the CAVE-based pedestrian lab [14].

contextualized as an “instruction of being in a hurry” to avoid the
potential of passiveness after a number of trials while ensuring
that participants remain concerned about their safety when in-
teracting with each other. In this setup, participants (both drivers
and pedestrians) had the choice to decide whether they would
wait for the other to pass first or proceed themselves. As for the
procedure, the pedestrians were asked to stay behind a vision
obstruction until an auditory cue prompted them to approach
the curb, observe for oncoming traffic, and cross the road if
they deemed it safe. The auditory cue was activated based on
the temporal distance of the subject vehicle to the center of the
crossing (2–7 s). Drivers were informed that they would navigate
a two-way road with traffic flowing in both directions, engaging
with pedestrians at various points. They were instructed to drive
in their usual manner and adhere to the prescribed speed limit of
30 mi/h. Due to the straight nature of the virtual road, drivers and
pedestrians encountered each other at perpendicular angles [14].
Each participant pair experienced 40 trials, which were designed
as a combination of the approaching vehicle’s TTA (2–7 s) and
the presence of zebra. A number of interaction-related metrics,
including interaction outcomes, pedestrians’ crossing duration,
and vehicles’ delay as a result of yielding to pedestrians, were
recorded and analyzed. Also, participants’ demographics and
personality traits were collected. The DSS also included trials
where the pedestrian crossed at unmarked locations, i.e., jay-
walking. This type of pedestrian crossing location is left outside
of the scope in the article [14].

B. Naturalistic Data Collection

Two marked crossings in the city of Leeds, England, were
surveyed to collect real-time traffic data. Following several
roadside observations by two independent observers and con-
sultations with Leeds City Council regarding each location’s
crash history, the crossings were chosen based on both safety
concerns (the number of crashes in the past) and the prevalence
of one-to-one interactions between vehicles and pedestrians
criteria. This implies that certain locations with a higher in-
cidence of crashes in the past five years were excluded, as
they did not involve direct (one-to-one) interactions between
individual road users. A staggered crossing on Belle Isle

Fig. 2. Bird’s eye view of Queensway (top) and Belle Isle roads (bottom);
note that the photos represent the coverage of one sensor per location. A second
sensor complemented the road scenery to provide a more comprehensive picture
of interactions.

Road (53°46’06.6”N 1°31’48.1”W) and a zebra crossing on
Queensway Road (53°44’46.2”N 1°36’13.1”W) were chosen.
Two Viscando camera sensors known as OTUS3D [36] were
used to collect data over 14 days (7 days for each location).
The sensors detect the types of road users (light vehicles, heavy
vehicles, cyclists, and pedestrians) and track their trajectories
and speeds over discrete time stamps. Camera sensors were
installed on two light poles, one at Belle Isle Road and the other
at the Queensway, with heights of 6.46 m and 8.3 m, respectively.
Traffic data were recorded from the 9th of May to the 15th of
May, 2022, at the first site. For the second site, road user data
were recorded from the 17th of May to the 23rd of May, 2022.
Data collection occurred from 00:00 to 20:00 each day, except
for the first day, which spanned from 20:00 to 00:00 at each
location. Fig. 2 shows the bird’s-eye view of the two locations.

C. Naturalistic Data Extraction

The data were provided in terms of both trajectories and
videos, following the necessary ethical and data protection
requirements by the U.K. law. To detect and investigate road
user interactions, a potential conflict zone was defined from
1 m before the curb on one side to 1 m after the curb to the
other side of each crossing location (see Online Supplementary,
Fig. S1). Potential interaction was defined as the time that both
pedestrian and car entered the potential conflict zone within a
specific temporal distance of ±7 s and a car was approaching
the pedestrian on the near lane. If there were multiple vehicles
interacting with a pedestrian, only the nearest car that interacted
with the pedestrian was considered. This was done by selecting
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Fig. 3. Flowchart for extracting the potential interactions (ID = identification; DF = data frame).

the car that had a minimum time difference of entering the po-
tential conflict zone after which the pedestrian entered the zone.
An algorithm was developed to detect the potential interactions
and extract and store the interaction-related metrics according
to Fig. 3. A total of 813 potential interactions were detected
using the algorithm. Afterward, to verify and extract the actual
one-to-one interactions, the related video clips were watched
according to the timestamps obtained by the algorithm. Several
exclusion criteria were applied to the data. The exclusion criteria
were the following.

1) There were some cases where interaction took place be-
tween a bus/truck and a pedestrian; in these instances,
trucks were detected as cars (e.g., two cars) by the sensors,
erroneously. A total of 26 events were removed.

2) In some cases where the vehicle passed first, the pedestri-
ans did not change their direction toward the crossing nor
did they turn their head towards the crossing before the
vehicle reached the crossing, suggesting a lack of interac-
tion. Consequently, 131 additional events were excluded.

3) Every potential interaction that had a group of three or
more pedestrians interacting with a car was removed.
As the time of entering and exiting the potential conflict
zone for the couples was roughly the same, they were
considered in the analysis. The sensors almost always
considered these cases as a single pedestrian. Another 62
events were removed.

4) There were a few instances where there was no direct
car–pedestrian interaction: although there was a car on the
near lane approaching satisfying the potential interaction
definition, the car was behind a bus/truck and the pedes-
trian interacted with the bus/truck, not the car. A total of
20 additional events were excluded from the analysis.

5) There were some instances where sensors detected pedes-
trian presence, but in the corresponding video clip, no
pedestrian was present in the scene. Another 12 events
were removed.

After applying the aforementioned criteria, 562 interactions
were identified—243 for the normal zebra crossing and 319 for
the staggered zebra crossing—and used for statistical analysis
and modeling. Similar to the experiment layout, the interactions
of drivers and pedestrians occurred perpendicularly.

D. Naturalistic Data Preparation

Table I displays the variables and parameters utilized in the
study for analysis, including their type, description, symbol, and
the source from which each variable is defined. The classification
of variables as dependent or independent was based on the
related literature and the DSS [14].

E. Inferential Testing

Similar to Kalantari et al. [14], a logistic regression and a
linear regression model were used to predict interaction out-
comes and vehicle delay, respectively. Also, to provide a more
precise comparison between the two studies, regression analyses
were conducted on pedestrian walking speed instead of crossing
duration for both studies. This is due to the difference in the
length of the staggered crossings in the two studies (2.5 m in
this study versus 4.55 m in the DSS). Finally, only the trials in
which the pedestrian crossed first were considered in the models
for walking speed and vehicle delay similar to the DSS.

F. Computational Models

The five computational models introduced in [28] were tested
and fitted to the naturalistic dataset to predict the interaction
outcomes. These are original formulation (solved by) conven-
tional game theory (OCGT), alternative formulation (solved by)
conventional game theory (ACGT), original formulation (solved
by) behavioral game theory (OBGT), alternative formulation
(solved by) behavioral game theory (ABGT), and a Logit model.
To achieve this objective, we considered both an original payoff
formulation from the game theory literature and an alternative
formulation proposed by us, based on road users’ risk perception
and efficiency in interactions. The payoff formulations were then
solved by two algorithms from conventional game theory (i.e.,
mixed-strategy Nash equilibrium) and behavioral game theory
(i.e., dual accumulation; [37]) literature resulting in OCGT,
ACGT, OBGT, and ABGT models, respectively. Slight modifi-
cations were made to the Logit model and the payoff formulation
of the ABGT/ACGT model. For the modeling details and formu-
lation, refer Online Supplementary Material (see Section I-B).
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TABLE I
PARAMETERS OF THE STUDY

Fig. 4. Percentage of pedestrians crossing first among three crossing locations
and two datasets with 95% confidence intervals.

All the models were fitted to the dataset using maximum like-
lihood estimation and Powell’s method implemented in Scipy
similar to [28].

III. RESULTS

A. Interaction Outcomes

Fig. 4 shows the probability of pedestrians crossing first over
time gaps with 95% CI at both marked crossings of the current

study and the staggered crossing in the DSS. The crossing pattern
is generally similar between the two staggered crossings, as indi-
cated by the high Pearson correlation between the staggered DSS
and naturalistic datasets (Pearson’s r = 0.938, p = 0.018). This
suggests that the time gap effect on pedestrian crossing behavior
is consistent across both datasets, especially for the staggered
crossings. Notably, the crossing pattern remains closely aligned
across all time gaps, with a slight dip observed in the naturalistic
data at 5 s, which shows a significant difference according to
Fisher’s Exact Test (p= 0.000). However, the effect size analysis
further supports the overall similarity, with Cohen’s h values
being small across all time gaps (Cohen’s h < 0.35), indicating
small effects in both datasets. For the normal zebra crossing,
the pattern closely aligns with what has been observed in the
DSS (Pearson’s r = 0.900, p = 0.037), although some variations
remain. Overall, the positive effect of time gap on pedestrian
crossing first is evident in all crossings, with the staggered
crossings showing higher proportions of accepting the gap at
higher time gaps.

Table II lists the results for logistic regression of interaction
outcomes. The distance of the vehicle at the interaction onset had
a significant positive relationship with the pedestrian’s choice to
pass first, meaning that at greater distances, pedestrians crossed
more often. Vehicle speed, on the other hand, showed a negative
association with interaction outcomes, indicating that at higher
speeds, pedestrians were less likely to cross first. This finding
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TABLE II
LOGISTIC REGRESSION RESULTS OF INTERACTION OUTCOMES (1 =

PEDESTRIAN CROSSED FIRST, 0 = WAITED)

TABLE III
LINEAR REGRESSION RESULTS OF WALKING SPEED

aligns with previous naturalistic studies [13]. The combined
results of both distance and speed of the vehicle at interaction
onset correspond well with our previous simulator study (DSS)
finding regarding TTA [14]. In addition, pedestrian behavior
differed between the two locations, with a higher probability of
crossing observed at the staggered crossing, as shown in Fig. 4.
Finally, similar to the DSS, both age and gender did not show
any association with interaction outcomes.

B. Walking Speed

As mentioned previously, we considered the average walking
speed of pedestrians instead of their crossing duration, which
was reported in the DSS paper [14] to provide a more direct
comparison between the two studies. Table III lists the results of
linear regression for the walking speed of pedestrians. From both
the table and Fig. 5(top), it can be seen that those pedestrians
who approached the crossing with a higher speed tended to
keep their high speed during the crossing. They also walked
faster at staggered compared to the normal zebra crossing. From
the table and Fig. 5(bottom), an effect of age group can be
seen where the older pedestrians walked significantly slower
compared to younger pedestrians, which is in correspondence
with the literature [38], [39]. Table IV lists the results of linear
mixed-effects modeling of the pedestrians’ average walking
speed in the DSS. Similar to the naturalistic study, only the type
of crossing was important, suggesting that pedestrians walked
faster at unmarked crossings compared to marked crossings.
Also, unlike the naturalistic study, the age of participants was
not a predictor for their walking behavior in the simulator. From
Fig. 5, it can be observed that the pedestrians in the simulator

Fig. 5. Relationship between pedestrians’ approach speed and walking speed
(top) and violin plots of walking speed as a function of age group and crossing
type (bottom); connected dots show the means for each category.

TABLE IV
LINEAR MIXED-EFFECTS MODELING FOR WALKING SPEED IN THE DSS

walked more slowly compared to those in the naturalistic study.
This slower walking speed may be attributed to a lower perceived
risk in the lab setting compared to the real world, suggesting that
the reduced sense of risk outweighed the sense of urgency among
participants when determining their walking speed. It should
also be noted that the pedestrians in the DSS had a narrower age
range (19–34) than those in the naturalistic study, and therefore,
no older adult category can be seen for the DSS.

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 

Authorized licensed use limited to: TU Delft Library. Downloaded on September 04,2025 at 13:17:52 UTC from IEEE Xplore.  Restrictions apply. 



KALANTARI et al.: TESTING THE VALIDITY OF MULTIPARTICIPANT DISTRIBUTED SIMULATION FOR UNDERSTANDING 7

Fig. 6. Relationship between vehicle delay and speed at (a) interaction onset in the naturalistic study and (b) DSS, (c) violin plots of vehicle delay as a function
of time gap and crossing type, and (d) relationship between vehicle delay and pedestrian approach speed as a function of crossing type.

TABLE V
LINEAR REGRESSION RESULTS OF VEHICLE DELAY

C. Vehicle Delay

Table V lists the results of linear regression for vehicle delay.
The table illustrates that when the vehicle speed was higher at
interaction onset, the driver waited longer for the pedestrian to
pass first. Fig. 6(a) shows this relationship and that different
vehicles had different speeds at interaction onset (mostly in the
range of 0–12 m/s). In the DSS, however, this was different.
As shown in Fig. 6(b), most drivers had a speed of 12–15 m/s
at interaction onset, and the relationship between vehicle delay
and speed was almost nonexistent.

Moreover, drivers experienced a significantly longer delay at
the normal zebra crossing compared to the staggered crossing,
which can be confirmed by looking at Fig. 6(c). Vehicle delay
was greater at shorter time gaps and at the normal zebra crossing.

The figure also shows the violin plots of vehicle delay for the
DSS at the staggered zebra. Similar to the naturalistic data, a
trend of decreasing vehicle delay by increasing time gap can be
seen.

However, compared to the naturalistic setting, drivers expe-
rienced longer delays in the simulator (M = 2.56 s versus M =
4.49 s). Finally, the speed at which the pedestrians approached
the crossings was negatively associated with the delays the
drivers experienced [see Fig. 6(d)].

D. Computational Models

Fig. 7 shows the pedestrians’ probability of crossing first over
time gap at the (a) normal zebra, the (b) staggered zebra, and
the (c) total data for all the computational models. Table VI lists
information loss criteria (AIC, BIC) and error indices (MAE,
RMSE) for all models and datasets (S for staggered, N for
Normal zebra, and T for total data). Both from Fig. 7 and
Table VI, it is evident that all the models except for ACGT
performed close to each other and well. However, it can be seen
that both behavioral game-theoretic models performed best for
the normal zebra crossing with the OBGT in lead. However, the
situation for the staggered crossing is more complex: in terms of
model parsimony, the Logit and OCGT models performed better,
but when it comes to prediction accuracy, again behavioral
game-theoretic models did a better job. Finally, for the total
data, the ABGT model performed best, replicating our previous
findings for the DSS.
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TABLE VI
MODEL COMPARISON

Fig. 7. Pedestrians’ probability of passing first over time gap for all models
and for (a) normal zebra, (b) staggered zebra, and (c) total data.

Overall, fewer differences in performance can be observed
among the models using the naturalistic data compared to the
DSS dataset [28].

IV. DISCUSSION

In this study, we compared our analyses and modeling findings
from the DSS to naturalistic data. Overall, the findings of this
article suggest a good match between the two methodologies,
especially regarding behavioral observations. We found a well-
established relative validity of what was observed in the simula-
tor study, which is a promising achievement. This is because sim-
ulating pedestrian and driver behavior simultaneously in a VR

environment has the potential to radically change how we study
and understand traffic safety, including with the development of
HAVs. However, it is worth noting that driving in a simulator,
for example, will never be exactly the same as driving in reality
[40], both from the exact sensory stimuli perspective [35] and
the sense of awareness of driving in a virtual environment.

We found that road infrastructure plays an important role in
driver–pedestrian interaction metrics. This is because crossing
location type not only conveys the regulatory messages (e.g., the
right of way) but also acts as a mediating factor influencing road
users’ kinematics, which is the pivotal point of interactions. The
pedestrians crossed first more often at staggered zebra versus
normal zebra and normal zebra versus unmarked crossing (in
the DSS [14]), suggesting a difference in risk perception even
between the two types of marked crossings. We did not find a
study regarding a comparison of unsignalized crossings includ-
ing staggered crossings, but very few papers studied pedestrians’
preferences and behavior at different types of signalized cross-
ings; among them, Anciaes and Jones [41] found that pedestrians
rated staggered crossings higher in terms of safety compared to
straight crossings, primarily because they perceived the former
as more convenient and offering greater safety. The preference
could be strengthened in the case of unsignalized staggered
crossings as road users usually have a higher risk perception
at these locations.

In addition, there was a good match between the data of the
two studies for staggered zebra crossing: a similar pattern was
observed in two studies except for a time gap of 5 s in which
a dip in the naturalistic dataset was seen (see Fig. 4). We tend
to believe that this is due to the limitations associated with this
type of data including some unknown confounding variables or
the errors associated with the sensors regarding the road users’
trajectories rather than a fundamental behavioral phenomenon.

Overall, differences in road user behavior at marked crossings
are influenced by cultural, geographic, and legal factors. For
instance, in the U.K., drivers are legally obligated to yield
to pedestrians waiting to cross as well as those already on a
zebra crossing, as outlined in Rule H2 of The Official Highway
Code (2023) [42]. This practice is similarly observed in many
western European countries. Despite these legal requirements
and perceived safety advantages, challenges persist in ensuring
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adherence to pedestrian right of way. Instances have been doc-
umented where drivers fail to yield to pedestrians even when
aware of their legal obligation to do so [43], [44]. Factors
contributing to this noncompliance include time constraints,
urgency to reach destinations, and instances where drivers fail
to perceive pedestrians in a timely manner, leading to aborted
crossings and pedestrian retreat [43]. This suggests that even
when pedestrians have the right of way, they should remain
cautious while crossing the road and continuously assess the
situation, particularly observing whether vehicles show signs
of yielding. This behavior was especially evident in both our
naturalistic and simulator studies, where drivers were less likely
to yield to pedestrians at lower time gaps, making pedestrians
more hesitant to cross. Therefore, efforts to promote pedestrian
safety and ensure adherence to right-of-way regulations should
account for these multifaceted influences.

In addition, some other factors such as personality traits,
driving or walking style preferences, and different states of mind
(e.g., stress or tiredness) can influence road users’ behavior
in real-life interactions at crossings. From a methodological
standpoint, incorporating these factors into a controlled study is
not straightforward. Consequently, it is essential to acknowledge
the inherent challenges of replicating real-world dynamics in a
controlled environment. Controlled studies typically aim to hold
most of these factors constant, occasionally varying one at a time
to investigate its specific impact on behavior. These caveats un-
derscore the complex interplay between legal mandates, cultural
norms, and individual behaviors in shaping road user interac-
tions at marked crossings, as well as the challenges associated
with studying these dynamics using different methodologies.

The crossing location also played a role in the pedestrians’
walking speed and the vehicles’ delay. A novel finding here
was that there is a correlation between pedestrian approach
and crossing speed and that this correlation is stronger for the
normal zebra crossing (r(243)= 0.633, p= 0.000, [0.529, 0.714]
compared to the staggered crossing r(319) = 0.557, p = 0.000,
[0.439, 0.653]). This is an aspect that could not be investigated in
the DSS due to the physical limitations of the apparatus (HIKER
lab) [14]. Previous research has shown pedestrian approach
phase [45] plays an inevitable role in interaction outcomes [5]
and a higher pedestrian velocity when approaching the crossing
suggests a higher likelihood of pedestrians passing first [46].
In addition, the pedestrian approach speed has been found to
strongly correlate with their aggressiveness [46] suggesting
more assertive pedestrians are more likely to pass first, regardless
of the other agent’s status. This is an important finding for the
virtual testing of HAVs as they need to continuously track and
react to pedestrians’ behavior as soon as they are detectable and
do not wait, for instance, until they reach the curb which might
be too late to react in some cases.

Vehicle delay was longer for the normal crossing compared
to the staggered crossing. This is in line with the primary
applications of staggered crossings where they are being used
to minimize clearance time in wider roads such as dual car-
riageways. Also, the speed of the pedestrians approaching the
crossing could predict the vehicle delay. This novel finding can
be explained by looking at Figs. 5 and 6(d). By comparing the

results of this study and the DSS, it becomes evident that, first,
drivers waited less for pedestrians in real traffic compared to
the DSS [see Fig. 6(c)]. This could be because in the DSS,
both participants were told that they should assume they are
in a rush, and this could make interactions more competitive
where both agents were more assertive to pass first resulting
in longer delays for the vehicle [14]. Another reason could be
the simulated driving, which might have resulted in a different
deceleration or acceleration behavior by the drivers compared
to a real vehicle. Second, unlike this naturalistic study, vehicle
speed had a dense distribution at interaction onset and was not
a predictor of vehicle delay in the DSS. This finding is not
surprising as the definition for interaction onset was different
between the two studies: in this naturalistic study, interaction
onset was defined about 3 s before the pedestrian reached the
curb (accounting for the pedestrian approach phase), whereas in
the DSS, road users could only see each other after the pedestrian
had reached the curb which was set in this way to control for
TTAs [14]. Hence, less speed variation was observed in the
DSS.

At least one of the vehicle kinematics, including TTA, dis-
tance, and speed at interaction onset, was a significant predictor
of interaction outcomes and vehicle delay. This is in correspon-
dence with both the DSS [14] and previous research [13], [16].
Higher vehicle speeds were associated with longer delays for
the drivers probably because they had to brake more harshly and
stop completely before having the chance to accelerate again and
pass the crossings in these instances. Moreover, lower time gaps
imposed longer delays for the drivers in both studies. Finally,
age was a predictor of walking speed in this study, confirming
previous research that as age increases, pedestrians tend to walk
more slowly [39], [47], [48]. However, age did not show an
association with either the average walking speed or crossing
duration of the pedestrians in the DSS. The most obvious reason
was the limited age range (19–34 years) in that study, which was
not representative of the whole population [14]. Also, no effect
of gender on walking speed was found in either study.

The results for the five previously developed computational
models suggest the following: first, all models showed a better
fit to the naturalistic data compared to the simulator data, and
the differences in the models’ performance were less noticeable
for the former. However, this does not imply that the simulator
data were less useful for the models in any way. One reason
for the smaller differences in performance among the models
when fitted to the naturalistic data is that, in this study, the
models were fitted to the average population, whereas in the
previous study, each model was fitted to individual data and
then the average of all participant pairs was reported for each
model. This finding suggests that the DSS enabled us to account
for interindividual differences among participants and to test
the models at their highest potential. Hence, the availability of
multiple data points per individual in the DSS has an extra
advantage for investigating road user behavior and it could
support the notion that the models’ predictions derived from
the DSS dataset possess greater reliability.

Second, the behavioral game-theoretic models performed bet-
ter than the others in terms of prediction accuracy. This is in line
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with our previous findings in which behavioral game-theoretic
models came out on top also in the DSS-based model selection.
In addition, improved performance was observed moving from
mixed-strategy Nash equilibrium to dual accumulation solving
algorithms. Specifically, the strong performance of the ABGT
model and the weak performance of the ACGT model, both aris-
ing from the same payoff formulation, align with our previous
findings [28]. This is because the mixed-strategy Nash equilib-
rium and the designated (alternative) payoff formulation were
less compatible compared to the original payoff formulation.

This incompatibility arises from the mixed-strategy Nash
equilibrium treating each player’s strategy independently, with-
out inherently modeling simultaneous or joint decision-making
(beyond influencing equilibrium probabilities). In contrast, the
alternative payoff formulation incorporated strategies for both
road user types, which exhibit greater adaptability in responding
to the strategies chosen by others. These are better addressed by
dynamic solutions, such as those found in behavioral game the-
ory. Overall, the results of the computational modeling showed
the viability of the DSS as a valuable alternative for developing
and testing models of road user interaction, including those
involving HAVs. Moreover, it was shown that behavioral game-
theory models can be utilized to predict and simulate vehicle–
pedestrian interactions, offering a deeper comprehension of
road user behavior within the framework of vehicle automation
[28]. Accuracy and interpretability are both vital in HAVs’
decision-making systems to minimize erroneous predictions.
Since machine-learned models serve as the primary method for
decision-making and motion planning algorithms in the auto-
motive sector, their dependence on extensive datasets presents
challenges such as biases and accidental correlations. Tackling
these challenges is intricate due to the opacity and nonlinear
characteristics of machine learning algorithms. Conversely, as
evidenced in this research, glass box models such as behavioral
game theory, can perform effectively with both controlled and
naturalistic datasets while furnishing researchers with thorough
insights into road user behavior.

Overall, in line with our secondary objective of this study, we
found that the findings from the staggered crossing in the DSS
can be generalized to nonstaggered (normal straight) crossings
in terms of positive time gap-interaction outcomes and negative
vehicle delay-time gap relationships. In addition, we found
similar model selection results between the staggered crossing
in the DSS and the normal crossing in the naturalistic study,
with behavioral game theory and logit models outperforming
conventional game-theoretic models.

This study is not without limitations. For modeling purposes,
only one-on-one interactions were considered and used in the
analyses. Hence, the effect of variables such as pedestrian group
size [18] on interaction-related metrics was not investigated.
Also, road user behavior was investigated for one driving lane
and direction, whereas previous research suggests pedestrians
behave differently on two-way streets [49], [50]. The road
infrastructure, including the crossing locations between the two
studies, was not exactly the same, hindering more specific com-
parisons. For example, we could not compare the two datasets in
terms of pedestrians’ waiting and crossing initiation time. Also,
the instructions of being in a hurry to the DSS participants could

set the simulator study slightly apart from the real-world setting.
However, as previously mentioned, this was done to prevent
passiveness during the experiment and it was crucial for preserv-
ing the naturalness of participants’ behaviors [14]. Moreover,
representing pedestrians as pink spheres instead of calibrated
avatars may have limited the scope of investigations into in-
teractions, such as exploring explicit communication strategies.
However, since the primary focus of our study was to examine
implicit rather than explicit communication between drivers and
pedestrians, we believe this limitation likely had minimal impact
on the observed behaviors. Finally, demographic information
was extracted by a human observer and, therefore, errors and
mistakes are probable.

V. CONCLUSION

Overall, the findings highlight the compatibility of the DSS
with naturalistic studies for studying road user behavior, as
we observed similar patterns of nonverbal communication be-
tween drivers and pedestrians in both datasets. This represents
an important step toward simulating critical traffic scenarios,
such as near-misses and crashes, which occur infrequently in
real-world traffic but are essential for the virtual testing and
development of HAVs. However, on a broader level, employing
both methodologies (controlled and naturalistic studies) is cru-
cial for a comprehensive understanding of road user behavior as
the limitations inherent in each approach can be addressed and
complemented by the other.

While there are some potential limitations with conducting
studies in a virtual environment, including the fact that par-
ticipants may not exactly experience traffic scenarios in the
simulators as they do in the real world, it is possible to attribute
the observed differences more to the study design rather than
inherent limitations of the simulator itself. This is promising, as
it suggests that optimizing the study design can lead to better
results in alignment with one’s objectives. Finally, the current
study suggests that distributed simulation is an appropriate
methodology for studying and modeling road user behavior and
can be used as an alternative method to naturalistic studies for
some applications.
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