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vehicles with game theory,
proxemics, and trust
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Recent years have witnessed the rapid deployment of robotic systems in
public places such as roads, pavements, workplaces and care homes. Robot
navigation in environments with static objects is largely solved, but navigating
around humans in dynamic environments remains an active research question
for autonomous vehicles (AVs). To navigate in human social spaces, self-driving
cars and other robots must also show social intelligence. This involves
predicting and planning around pedestrians, understanding their personal
space, and establishing trust with them. Most current AVs, for legal and
safety reasons, consider pedestrians to be obstacles, so these AVs always
stop for or replan to drive around them. But this highly safe nature may lead
pedestrians to take advantage over them and slow their progress, even to a
complete halt. We provide a review of our recent research on predicting and
controlling human—AV interactions, which combines game theory, proxemics
and trust, and unifies these fields via quantitative, probabilistic models and
robot controllers, to solve this “freezing robot” problem.
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1. Introduction

Autonomous vehicles (AVs)—known as intelligent/automated vehicles, autonomous
driving systems (ADS), or self-driving cars—are appearing on the roads (Wade, 2018),
thanks to huge improvements in localization, mapping, planning and navigation
algorithms (Thrun et al., 2005; Cadena et al., 2016) together with large price falls making
sensors and compute power widely available (Kato et al., 2015) and also thanks to
large public and private investments. For instance, in 2015, the UK government alone
invested £100 million in research and development for the deployment of Connected
Autonomous Vehicles (CAV) technologies (House of Lords, 2017) and the global market
is estimated to be worth £907 billion in 2035 (Catapult, 2017). Self-driving cars can
plan routes and control steering, acceleration and braking to follow them, and are
promoted as having potential to improve safety and efficiency and reduce pollution and
travel time (Wadud et al., 2016; Kim, 2018; Millard-Ball, 2018). But at the same time
some researchers question the benefits of AVs, and argue that AV makers may profit
from “self-driving data generation,” the attention economy and increase the overall car
dependency which may go against the claims for increased road safety (Norton, 2021).
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concerned about collisions in VR than in the game.
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(A) Gaussian Process posterior belief over values of time and collision inferred from the physical human pair game experiment (Camara et al.,
2018d). The contour lines show heights of the belief function over the 2D space of possible joint values for (Ucrash, Utime). The posterior appears
approximately circumferentially symmetric, with its maxima along a ray from the origin to around (—10, 50). (B) Gaussian Process posterior belief
over values of time and collision inferred from the VR experiment (Camara et al., 2021). Circumferential symmetry is again approximately
present, with the maxima now found around the horizontal ray from the origin to (—350, 0). This suggests that subjects become more

FIGURE 9
Intersection for the interactions’ observation near the University
of Leeds (Camara et al.,, 2018b,c).

from the experiments are Bayes-fused together. In Figure 8A the
maxima occur along the ray which equates the negative utility of
a crash with around 3 s of time, while in Figure 8B the maxima
are close to the ray where the crash utility is worth near infinite
time. This shows that the VR simulation is much more like real
life than the lab game.
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5. Learning interaction sequence
patterns from data

The Sequential Chicken model so far assumes that
pedestrians are all the same, by inferring single values
of parameters to model all pedestrians together. However,
pedestrians are not all the same, they have different motivations
and risk preferences, which might both affect their game
theoretic behavior and appear as externally visible features. If
such features can be identified, they could be used to refine the
parameter values for the Sequential Chicken model when used
to predict and interact with particular individuals.

To learn social behavioral patterns from current
pedestrian-vehicle interactions, we recorded a large-scale
dataset of real-world human road crossings at the road
intersection shown in Figure 9. The obtained pedestrian-vehicle
interactions were human annotated as sequences of discrete
events, such as looking, stepping and signaling, as listed in
Table 1.

Logistic regression, decision tree regression, and motif
analysis were then used to learn the most common sub-
sequences of actions deployed by human drivers and pedestrians
during the interactions. Table 1 shows these 62 temporal and 12
environmental descriptor features, which are predictive about
the content and result of the interaction and which could be
useful to condition the Sequential Chicken model by informing
beliefs about the pedestrian’s utility functions (Camara et al.,

2018c). Figure 10 then shows the main findings from the
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TABLE 1 List of the 74 features selected for the sequence patterns analysis, of which, 62 are temporal events and 12 are environmental descriptor

events (Camara et al., 2018b,c).

Features

Features

0: Approaching Phase: Driver/Vehicle Stopped due to traffic

2: Approaching Phase:Driver/Vehicle approached From left

4: Approaching Phase: Driver/Vehicle Accelerated

6: Approaching Phase: Pedestrian Head Movements Turned left

8: Approaching Phase: Pedestrian Stepped on road and stopped

10: Crossing Phase: Pedestrian Initiated crossing movement

12: Approaching Phase: Driver/Vehicle Kept pace

14: Crossing Phase: Pedestrian Head Movements Turned right

16: Crossing Phase: Pedestrian Movements Other (elaborate in notes)

18: Approaching Phase: Pedestrian Head Movements Turned right

20: Approaching Phase: Driver/Vehicle Turned left

22: Crossing Phase: Pedestrian Head Movements Turned left

24: Approaching Phase: Pedestrian Movements Did not Stop

26: Approaching Phase: Driver/Vehicle Decelerated for observed pedestrian
28: Approaching Phase: Driver/Vehicle Interacting vehicle Other (elaborate
in Notes)

30: Approaching Phase: Driver/Vehicle Interacting vehicle Bus/Truck

32: Approaching Phase: Driver/Vehicle approached from Multiple

34: Crossing Phase: Pedestrian Raised hand sidewards

36: Approaching Phase: Pedestrian Looking at other RUs Others (elaborate
in notes)

38: Crossing Phase: Driver/Vehicle Passed the pedestrian’

40: Crossing Phase: Driver/Vehicle Stopped for observed pedestrian

42: Crossing Phase: Driver/Vehicle Raised hand in front

44: Crossing Phase: Driver/Vehicle Turned right

46: Crossing Phase: Driver/Vehicle Accelerated

48: Crossing Phase: Driver/Vehicle Decelerated for observed pedestrian
50: Crossing Phase: Driver/Vehicle Movement Other (elaborate in notes)
52: Approaching Phase: Pedestrian Hand Movements Other (elaborate in
notes)

54: Approaching Phase: Driver/Vehicle Movement Other (elaborate in
notes)

56: Approaching Phase: Driver/Vehicle Head Turned left

58: Crossing Phase: Pedestrian Hand Movements Other (elaborate in notes)
60: Crossing Phase: Driver/Vehicle Used signals Turn Indicator
Driver/Vehicle Interacting Vehicle is Single

Weather: Overcast

Weather: Rainy

Pedestrian: teenager (13-18y)

Pedestrian: mid-age adult (30-60y)

Pedestrian’s Distraction

1: Approaching Phase: Vehicle Used signals Turn Indicator

3: Approaching Phase: Pedestrian Movements Slowed down

5: Approaching Phase: Driver/Vehicle Turned right

7: Approaching Phase: Pedestrian Looked at approaching vehicle

9: Approaching Phase: Driver/Vehicle Passed the pedestrian
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: Approaching Phase: Driver/Vehicle Decelerated due to traffic

Approaching Phase: Pedestrian Stopped at the edge of the pavement

Crossing Phase: Pedestrian Looking at Looked at vehicle

Approaching Phase: Pedestrian Movements Kept pace

Approaching Phase: Driver/Vehicle Interacting vehicle Van

: Crossing Phase: Pedestrian Stepped back on pavement

Approaching Phase: Driver/Vehicle Head Turned in the direction of pedestrian
Crossing Phase: Pedestrian Slowed down/stopped

Crossing Phase: Pedestrian Speeded up

Crossing Phase: Pedestrian Looking at other RUs (elaborate in comments)

: Approaching Phase: Driver/Vehicle Stopped due to other pedestrian
: Approaching Phase: Driver/Vehicle Used signals Flashed Lights
Approaching Phase: Driver/Vehicle Decelerated due to other pedestrians

Approaching Phase: Pedestrian Looking at other pedestrians entering the road

: Crossing Phase: Pedestrian Looked at driver

: Crossing Phase: Driver/Vehicle Head Turned in the direction of pedestrian
Crossing Phase: Pedestrian Raised hand in front

: Approaching Phase: Vehicle Stopped for observed pedestrian
Approaching Phase: Pedestrian Speeded up

Crossing Phase: Vehicle Waved hand

: Crossing Phase: Driver/Vehicle Turned left

Approaching Phase: Driver Head Turned right

Approaching Phase: Driver/Vehicle Head Movements Other (elaborate in notes)
Crossing Phase: Pedestrian Waved Hand

Approaching Phase: Driver/Vehicle Waved hand

: Crossing Phase: Pedestrian Looking at other pedestrians entering the road

Driver/Vehicle Interacting Vehicle Coming From right

W

eather: Sunny

Group of Pedestrians

Pe
Pe
Pe

destrian: young adult (18-30y)
destrian: older person (60+ years)

destrian: Gender

sequence analysis and some suggestions for the design and
development of AVs.

We then used the dataset to study the filtrations (temporal
orderings) in which the annotated features can be revealed

to an autonomous vehicle and their amount of information
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provided about the interaction result at each time step during
the interaction (Camara et al., 2018b). This analysis showed that
an AV should continue driving as normal, while it observes
around 7-10 features out of the 74 shown in Table 1 from
a potentially interacting pedestrian, in order to best inform
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FIGURE 10

Main findings and suggestions for AV designers from the sequence patterns analysis (Camara et al., 2018c).

its beliefs about their behavior before beginning to make its
own game-theoretic actions to interact with them. Using the
public Daimler pedestrian dataset (Kooij et al., 2014) we also
developed simple heuristic features which can be fused to
predict road crossing intent to some extent (Camara et al,
2019b). These predictions could be integrated into Sequential
Chicken based AV controllers as priors to improve their
predictions and interactions. It should be noted that the
detection and recognition of most of the features shown in
Table 1, e.g., pedestrian hand gestures, head movements, age,
level of distraction, still pose several challenges due to their
variabilities and remain active research areas (Camara et al.,
2020a,b).

6. Unifying and quantifying
proxemics and trust

The Sequential Chicken model showed that if the vehicle’s
only way to inflict negative utility onto pedestrians is to
actually hit them, then it must be programmed to deliberately
provoke a crash occasionally in order to make progress. This
is clearly an undesirable and unethical solution to the real-
world freezing robot problem, and at first appears to be
a limitation of the model. However, the equations of the
model still work if other, less violent, forms of negative
utility are made available for the vehicle to inflict upon
members of the public, with higher frequency traded for
lower damage.

Possible solutions that are currently under debate might
include spraying jets of water at anti-social pedestrians
the AV’s
them in public using horns as is often done by human

intentionally ~ blocking path, or humiliating
drivers to penalize other road users anti-social behavior
(UK Law Commission, 2019).

An intriguing additional option which we have chosen to
explore is to make over-assertive pedestrians feel uncomfortable
by invading their proxemic space. The theory of proxemics was

introduced by Hall (1966) to describe humans’ psychological
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sense of comfort or discomfort during physical interactions. Hall
proposed four distinct zones: the intimate zone ranges up to
0.45 m, the personal zone from 0.45 to 1.2 m, the social zone
from 1.2 to 3.6 m, and the public zone from 3.6 m to infinity
(Lambert, 2004). Social robotics experiments have shown that
these proxemic zones change in size when humans interact with
robots of different heights, appearances, speeds, voices, and also
for different HRI activities (Rios-Martinez et al., 2015).

But in order to include proxemics in the Sequential Chicken
model, the proxemic utility needs to be given in the form of
continuous functions corresponding to the continuous motion
of people. A review of the literature showed that there is no
available method to infer the continuous proxemic functions.
We thus proposed and developed a novel Bayesian method that
can infer pedestrian utility functions from observed pedestrian-
vehicle interactions’ trajectory data.

This method fitted a variety of parametric models, M;, to the
data, optimizing to find the best-fitting parameters for each. The
data are the distances between the two agents, X, their speeds,
vand vy, and the results of the interactions, which are binary:
either the pedestrian crosses or they yield. Bayesian Information
Criteria (BIC) is then used to identify the best fitting model,
automatically accounting for the Occam factors due to some
models having more parameters than others.

Following that, we recently developed the first mathematical
model of proxemics and trust concepts for self-driving cars
and pedestrians interactions (Camara and Fox, 2020). It defined
the trust zone as the area of the proxemics zones where trust
is required i.e., one agent has to rely on the other during
the interaction. Based on Lee and See (2004)’s qualitative
definition of trust as an attitude in “a situation characterized by
uncertainty and vulnerability”, we more quantitatively defined
a Physical Trust Requirement (PTR) as a Boolean property
of the physical state of the world (not of the psychology
of the agents) with respect to Agentl during an interaction,
true if and only if Agentl’s future utility is affected by an
immediate decision made by Agent2. For example, in the
case of a car approaching a pedestrian, PTR exists in those
states in which the car is driving toward the pedestrian at
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FIGURE 11

Autonomous vehicle entering pedestrian’s social zone, which can also be viewed and quantified as a trust region (Camara and Fox, 2020, 2022).

speeds such that the car driver is able to brake and avoid a
collision, but the pedestrian is unable to get out of the car’s
path using their own slower walking or running speeds. The
driver but not the pedestrian can determine the outcome of the
interaction. Trust itself is then a psychological property of the
pedestrian, with regard to the car, whose presence means that
the pedestrian is willing to enter a PTR state with the car, as the
pedestrian assumes that the car will then act in the pedestrian’s
own interest.

Applying our PTR concept quantivately to the case of a
car and pedestrian approaching each other at a right angle, as
in the Sequential Chicken scenario, using physical assumptions
for realistic braking distances and pedestrian motion, results in
three discrete zones appearing around the pedestrian are shown
in Figure 11.

Crash zone is the region close to Agentl, {d:0 < d <

dcmsh 1

2

V2
derash = vata + @’

2

in which a crash is guaranteed and neither party can prevent
it (Lyubenov, 2011), v, is Agent2’s speed. The first term
depends on Agent2’s thinking reaction time, f, and the second
term represents the physical braking distance if Agent2 is
a wheeled agent, py is the coefficient of friction between
Agent2’s tires and tarmac, and g is gravity. If Agent2 is
a walking agent, we will here assume this second term
is omitted as walkers are always in static equilibrium and
can stop instantly once a decision is made. Running agents
(Kwon and Hodgins, 2010) or finer detailed models of
walkers (Patnaik and Umanand, 2015) could use different
braking models.

Escape zone is the area where Agent]l is able to choose their
own action to avoid collision, without needing to trust Agent2 to
behave in any particular way. If w; is the width of Agent2, which
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FIGURE 12
Distances (dcrash and descape) and zones predicted by the PTR
model for different car speeds v at lower speeds. If the vehicle is
set to drive at the same speed v = 1.1 = vpeqg M/s as a
pedestrian, then the PTR zones closely match Hall proxemic
zones, as shown by the vertical red line (Camara and Fox, 2020).

Agentl must cross at speed v to pass first, the escape zone is
then the set {d : descape < d} with

(3)

descape =i+ WZV_Z-
V1

Trust zone is the region {d:d.,, < d < descape} where
the PTR is true. Agent2 can here choose to slow down to prevent
collision, but Agentl is incapable of making any action to affect
this outcome themselves. This occurs when Agentl cannot get
out of Agent2’s way in time to avoid collision, but Agent2 is able

to slow to prevent the collision if it chooses to yield.
Note that these zones are not symmetric between Agentl
and Agent2. They describe when Agentl must trust Agent2.
Their roles must be swapped and the zones recomputed to
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see when Agent2 must trust Agentl. The crash, escape, and
trust zones were mapped to Hall’s personal, public, and social
zones respectively, for Agentl (Camara and Fox, 2020). The
trust/social zone is the region in which physical trust is required.
This may be a prerequisite for some types of interactions,
with physical trust being useful to enable the content of the
interaction. The evidence for this mapping came from the
observation that if an autonomous vehicle Agent2 is set to drive
at the same speed as a pedestrian Agentl, the model generates
Hall’s proxemic social zone to within 4% quantitative accuracy
of Hall’s original empirical sizes, as shown in Figure 12. This
unexpected result, found by studying how an AV should interact
with pedestrians, may now explain a larger question about
how humans interact with each other and with other types of
robots. Hall’s zone sizes have previously been only empirical
observations but the PTR model now explains them generatively
and to 4% accuracy for the first time. We then extended this
model for more general human-human interactions and HRI by
taking different interaction headings into account and found an
error down to 1% (Camara and Fox, 2022).

7. OpenPodcar: Open source
hardware for social AV research

Laboratory and VR experiments on pedestrians are limited
in realism, so to scale models toward the real world, a real
autonomous vehicle is needed. Commercial AVs are very
expensive, beyond reach of our and most other labs who may
wish to replicate and extend our work. Full size, multi-passenger,
open source hardware (OSH) cars have also been designed and
in some cases built, including the PixBot* and Evo Tabby®.
These are very large projects which require tens of thousands
of dollars of components and months of build time, which
are again outside the budget of most labs. Several small, RC-
scale, cars have been completed and built as OSH including
F1Tenth?, AutoRally (Goldfain et al., 2019), BARC (Gonzales,
2018), MIT Racecar’, MuSHR®, (Nakamoto and Kobayashi,
2019), and (Vincke et al., 2021). However, their small sizes mean
that the utilities for collisions with pedestrians would be smaller
than for other vehicles, so they are not a good experimental
substitute for them.

So we have developed a new low-cost, autonomous vehicle
research platform, targeted at pedestrian-AV research and used
to host new versions of the Sequential Chicken model based
on proxemic small negative utilities rather than collisions.
OpenPodcar, shown in Figure 13, is based on an off-the-shelf,

https://gitlab.com/pixmoving/pixbot
https://www.openmotors.co/evplatform/
https://fltenth.org/
https://mit-racecar.github.io/

o N WN

https://mushr.io/
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FIGURE 13
OpenPodcar: Open source hardware AV (See footnote 7).

hard-canopy, mobility scooter donor vehicle. We have released
OpenPodcar7 as open source hardware (OSH, Bonvoisin et al.,
2020) together with a full automation open source software
(OSS) stack, based on ROS, gmapping and movebase. This
will enable other groups to replicate our complete system and
experiments, and to use their own research to extend and
contribute to a single shared system, which can evolve over time
toward real-world use.

The open hardware release includes step-by-step visual build
instructions which enable a typical graduate engineer to build an
identical copy of our own build, to within specified tolerances.
Open source Arduino (Banzi and Shiloh, 2022), ROS (Cousins
et al., 2010), and Gazebo (Koenig and Howard, 2004) software
files are included which provide standard interfaces and physical
simulation for the vehicle. Open source higher level ROS
libraries and configurations are provided to perform pedestrian
detection and tracking, SLAM, path planning and control.

The platform is large enough to transport one person at
speeds up to 15 km/h, it is designed to be large and fast enough
to be useful for both real-world delivery tasks and research into
human interaction with the general class of such real-world
vehicles, including last-mile people and goods transporters. The
build cost is around 7,000 USD from new, or 2,000 USD from
used, components.

8. Legal and ethical implications

The Sequential Chicken model has recently been considered
in the UK Law Commission’s study on Autonomous Vehicles
(UK Law Commission, 2019), used to update UK legislation in
the area. A key question in this study involving the Sequential
Chicken model is “what is the legal status of inflicting negative
utilities onto members of the public in public places?”. To
avoid the freezing robot problem, the model shows that AVs

7 Camara, F., Waltham, C., Churchill, D. and Fox, C. OpenPodcar: an

open source vehicle for self-driving car research (under review).
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must sometimes inflict negative utilities onto pedestrians. This
is an unusual situation for a civilian engineered system, as a
fundamental professional responsibility of engineers is to make
systems safe for the public and to improve their lives. There
is almost no precedent for engineering systems to deliberately
cause harm to members of the public—even if doing so helps a
larger number of other members of the public as a result.

Actually colliding with pedestrians is obviously undesirable,
as for large AVs it may result in injury or death. Such
actions might be regarded as pre-meditation on the part
of their programmers if they occur due to deliberate
programming decisions rather than by programmer error
or accident. Causing death by pre-meditated means is generally
considered to be the most serious crime—murder—rather than
accidental manslaugher.

The Sequential Chicken model shows how frequency and
severity of inflicted negative utilities can be traded off by their
designers: for example the AV can either deliberately create
actual collisions in a tiny set of cases, or it could instead create
smaller negative utilities such as proxemic space invasion in a
much larger number of cases.

The legal status of inflicting even smaller negative utilities
onto members of the public remains unclear. The closest case
is perhaps the 2014 controversy of social network Facebook
deliberately making some of its users sad by showing them
negative news stories, without their consent, as part of a data
science experiment. Facebook was widely criticized for this
action and it is generally considered to have been unethical if
not illegal (Verma, 2014).

Another option for inflicting small negative utilities could
be to display images on video billboards, or otherwise draw
attention to, pedestrians who are behaving anti-socially toward
the vehicle. China’s Shenzhen city has recently been reported to
use similar methods®, while its Hubei province is reported to
have deployed spraying water®, both to penalize jaywalking.

Issues of personal data and personal customization may arise
in future versions of the Sequential Chicken model. The current
model assumes that all pedestrians are the same, having the same
likely destinations and utility functions. But in reality these may
differ, and may be predictable given either the person’s unique
identity or some weaker class membership, such as their age,
gender, or type of clothing. If unique pedestrians can be re-
identified then per-pedestrians models can be built; otherwise
weaker models can be built from their class membership.
Per-pedestrian models will encounter GDPR legislation which
requires consent for processing data on individuals; while

8 https://www.independent.co.uk/tech/china-police-facial-
recognition-technology- ai-jaywalkers-fines- text- wechat-weibo-
cctv-a8279531.html

9 https://abcnews.go.com/International/china-province-spraying-

publicly-shaming-jaywalkers-deter/story?id=54607782
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making predictions based on class membership is a form of
bias or prejudice which may encounter equality legislation.
Shenzhen’s jaywalking systems (ibid.) have also been reported
as trialing personal identification via face recognition to send
cash fines to pedestrians, which is the most pure form of negative
utility usually considered in Economics.

The deep learning models reviewed—which are needed for
low-level understanding of pedestrians and used as input to
the higher level interaction—-may be legally and practically
problematic in the event of accidents and their subsequent
investigations, as their black-box nature usually precludes
human understanding and explanation of how their decisions
are made (Castelvecchi, 2016). Explainable AI (XAI) (Gunning,
2017) remains a current research area which seeks methods
to extract this type of information from neural networks, and
would be useful to resolve this issue in future.

9. Discussion and conclusions

The Sequential Chicken model can be used to model and
probabilistically predict the behavior of human pedestrians, and
to plan interactions with them in order to solve the freezing
robot problem. The model shows that if an AV’s only available
actions are to yield to pedestrians or drive forward, then it
must be programmed with a small probability of collision, so
as to produce a credible threat which solves the freezing robot
problem. However, the same model also shows that the rare large
negative utility of a crash can be replaced by more frequent but
smaller penalties using human proxemic preferences.

Our proxemics study has provided a generative explanation
for the numerical sizes of Hall’s empirical zones for the first time,
and can now be used to control and adapt the AV’s behavior
more safely as a small negative utility in the model. Parameters
for the model can be inferred empirically from human studies
including VR experiments.

There are several limitations with the Sequential Chicken
model. For example, it appears to work well when the pedestrian
and AV approach at right angles, as when a pedestrian crosses
the road in front of an AV, but more complex paths of approach
are possible. There is currently no consideration of lanes of
a road. In particular, the model does not distinguish between
the case of the pedestrian starting from the same side of the
road as the car is driving on, vs. starting from the opposite
side (c.f. Figure 3). In the latter case, the pedestrian may be
making a substantial commitment to crossing by crossing over
the other lane and arriving in the center of the road before
dealing with the AV. Consideration would need to be given
to vehicles approaching from both directions in both lanes in
busy roads in order to predict the pedestrian’s behavior, which
may include vehicles having to predict each others’ behavior as
well as the pedestrian’s. Small AVs such as OpenPodcar do not
drive on roads at all, but rather share pedestrianized space with
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pedestrians. We have so far modeled their interactions assuming
orthogonal approaches to fit the model, but the trajectories of
both agents can be here be more complex, including lateral
motion such as curving one’s path as in Hoogendoorn and Bovy
(2004) to let the other pass.

The model currently assumes that all pedestrians have the
same parameters, which is unlikely to be true. Rather, different
pedestrians have different goals and risk preferences. Advanced
driver training for human drivers is largely based around
understanding and predicting behavior of other road users as
individuals, based on their observable features. We have seen
evidence that sequence patterns of higher level events (Camara
etal., 2018b,c), if they become similarly detectable with machine
vision, can be informative about particular pedestrians’ utility
functions within the model, which suggests future systems fusing
this per-person information with the priors obtained from the
VR studies to create more accurate per-person predictions and
interactions. Big data now makes it feasible even to learn models
of individual other road users encountered multiple times in a
local area, potentially creating higher accuracies but also raising
ethical questions (Fox et al., 2018). These more detailed models
will also introduce uncertainty over parameters which would
need to be handled appropriately.

While the above limitations are important for applications to
different types of road and pavement cases, the idea of proxemics
and trust as a framework for negotiating interactions may be
more general than autonomous vehicles, and extend to many
other forms of HRI, as proposed in Camara and Fox (2022). For
example, for a human working alongside a robot arm, fixed to
the ground rather than mobile, the same proxemic trust zones
could be defined based on the robot’s capabilities, and used to
plan interactions. As with the above variations in road scenarios,
these extended HRI environments would share the same trust
and proxemic concepts, then derive different zone geometries
from the specifics of the robots and environments involved.

The OpenPodcar platform will enable other researchers
to run this interaction model and extend it with more
refined pedestrian models to create more human-like, unfrozen
interactions. To operate in real time on OpenPodCar, the
Sequential Chicken model requires as input the positions of
pedestrians which we have seen can be obtained using mature
machine vision and tracking methods.

Future work should thus consider running larger human
experiments using the OpenPodcar platform in order to refine
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