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Abstract

As autonomous vehicles (AVs) move towards real-world deployment, their ability to interact
safely and naturally with human road users has become an important challenge to address.
Meeting this challenge requires accurate models of road user behaviour. Existing modelling
approaches are typically either mechanistic, which offer interpretability but struggle to gener-
alise across complex environments, or data-driven machine learning (ML) models, which pro-
vide strong predictive ability but lack transparency and overlook the mechanisms that generate
human behaviour, with performance strongly dependent on data availability and representative-
ness. This thesis adopts the computational rationality framework, viewing human behaviour as
boundedly optimal decision-making under human perceptual and motor constraints, and uses

reinforcement learning (RL) to model human-like interactions in road-crossing scenarios.

The first study develops an RL model that explains pedestrian crossing decisions as boundedly
optimal behaviour under noisy visual perception. The model captures the observed dependencies
of crossing decisions on vehicle time-to-arrival (TTA) and speed, showing that such behaviour

can be interpreted as a rational adaptation to perceptual uncertainty.

The second study extends the framework to include motor constraints by integrating a bio-
mechanical representation of walking into the RL problem. This approach enables continuous
control of crossing actions and reproduces human-like trade-offs between time pressure and

walking effort.

To extend the framework beyond controlled experiments and capture real-world interactions, the
third study introduces a multi-agent RL framework in which both pedestrians and vehicles are
modelled as adaptive agents interacting under perceptual and motor constraints. The resulting
interactions reproduce key behavioural phenomena such as yielding and human-like smoother

speed adjustments, closely aligning with patterns observed in a naturalistic dataset.

Finally, an application study evaluates the use of a human-like pedestrian model for AV testing.
In closed-loop simulation with a full AV control stack, the interaction outcomes of the rule-based
CARLA pedestrian and the behaviourally realistic model are compared. The results show that

the human-like model produces more realistic gap acceptance patterns and smoother vehicle



decelerations, and that the generated adversarial scenarios can effectively tune AV braking

behaviour to achieve safer and more efficient pedestrian-vehicle interactions.

Together, these studies represent the first application of the computational rationality frame-
work to model and explain pedestrian-vehicle interaction. They show that boundedly optimal
decision-making under perceptual and motor constraints can reproduce human interactive be-
haviour. Moreover, the thesis highlights the effectiveness of human-like behavioural models for
AV testing, demonstrating their value in enhancing the realism of simulation-based evaluation

and control design.
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Chapter 1

Introduction

1.1 Background

Automated vehicles (AVs) have gained substantial attention from industry, academia, and pol-
icymakers for their potential to improve road safety and mobility. By reducing human errors
such as distraction and fatigue, AVs promise safer and more efficient transport, particularly
benefiting elderly and disabled individuals who face mobility challenges (Van Brummelen et al.,
2018). Yet their deployment in real-world traffic remains challenging. A key requirement is
reliable operation in mixed traffic, where AVs must anticipate and respond appropriately to the
intentions and actions of other road users (Camara et al., |2020). Achieving this depends on
successful human-machine interaction, not only between a vehicle and its driver or passengers
but also between vehicles and surrounding human drivers, pedestrians, and cyclists (Koopman
and Wagner, 2017). Understanding how human road users perceive, decide, and react to one
another is therefore fundamental to predicting behaviour and ensuring that AVs can interact

safely and smoothly in complex environments (Domeyer et al., 2020).

To develop and validate such interaction capabilities, AVs must be evaluated in controlled yet
realistic environments. Direct testing on public roads is costly, time-consuming, and potentially
hazardous, especially in rare or safety-critical scenarios. Consequently, simulation-based testing
has become a practical and scalable complement to real-world testing (Huang et al., |2016).
Compared with real-world testing, simulation enables controlled and repeatable experiments
across diverse and potentially dangerous situations (Joisher et al., 2019; Sawitzky et al., 2023)).

For these reasons, simulation is now recognised as a fundamental tool in the design and assess-
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ment of AV control strategies (Wang et al., 2024). For these simulations to support reliable

design and safety evaluation, the behaviour of simulated agents must be realistic.

In many simulation environments used for AV evaluation, road user agents remain simplistic.
A common choice is scripted agents that follow fixed heuristics for speed, gap acceptance, and
yielding; these agents do not sense the vehicle state with uncertainty, adapt their decisions
to changing context, or exhibit individual differences, all of which are characteristic of real
interactions (Helbing and Molnar, 1995 Chen et al., |2018; Dosovitskiy et al., 2020; Tian et
al., 2025). Another common choice is imitation-style agents that learn trajectories from data,;
while these agents can generate plausible motion in familiar settings, they often fail to adapt
effectively to the vehicle in unfamiliar scenarios, leading to accumulating errors over time (Alahi
et al., 2016; Codevilla et al., [2019; Lu et al., 2023)). Both types can generate interactions that
either lack behavioural richness or exhibit unrealistic aggressiveness, thereby distorting how
AVs perceive risk and how to react. Ensuring the validity of simulation-based testing requires
pedestrian models that capture the richness and realism of human behaviour, allowing AVs to

be evaluated under interactions that closely resemble those in the real world.

Together, these challenges illustrate the need for realistic and interpretable models of human
behaviour. Such models are not only critical for enabling AVs to understand and predict human
actions but also for ensuring that simulation-based testing environments accurately represent

real-world interactions.

Among all road users, pedestrians are the most vulnerable, accounting for nearly one quarter of
all road fatalities (361/1464) in Great Britain (Department for Transport, [2021)). In contrast to
drivers, whose behaviour is constrained by vehicle dynamics and traffic regulations, pedestrians
have more freedom and fewer physical or regulatory restrictions. This flexibility increases the
variability of their decisions and makes behaviour prediction particularly challenging (Jain et

al., 2014} Petzoldt, 2014; Mako, 2015; Asaithambi et al., 2016; Tian et al., [2022).

Computational models in the pedestrian behaviour modelling field can be broadly categorised
into mechanistic modelling and data-driven machine learning (ML) approaches. Mechanistic
models (Fajen and Warren, 2003; Turnwald et al., 2016; Yang et al., 2020; Pekkanen et al.,
2022)) use psychologically and physically grounded principles, such as social force or perceptual-
decision processes, to explain underlying behavioural mechanisms, but are difficult to expand

to complex scenarios (Markkula et al., [2023). In contrast, data-driven ML models (Deo and
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Trivedi, 2018; Ye et al., [2021; Yang et al., [2025; Divya et al., 2025) focus on trajectory predic-
tion and, when trained on large datasets, can reproduce realistic motion patterns across diverse
scenarios. However, their performance strongly depends on data availability, and they often lack
interpretability. This thesis aims to bridge the gap between these two paradigms by modelling
pedestrian behaviour during interactions with vehicles through computational rationality, an
approach that uses reinforcement learning (RL) as a machine learning method to learn bound-
edly optimal behaviour policies while mechanistically modelling human perceptual and motor
constraints. The resulting model aims to generate and explain human-like behaviour, contribut-
ing to a deeper understanding of pedestrian-vehicle interaction and advancing the development

of behaviourally realistic models of human road users.

The research presented in this thesis consists of two branches, both grounded in the COM-
MOTIONS modelling framework, which models pedestrian-vehicle interaction through multiple
human decision-making mechanisms (Markkula et al., 2023). The first branch focuses on mod-
elling, combining RL with mechanistic principles to model human road user behaviour. The
second branch focuses on testing and validation, applying a COMMOTIONS pedestrian model
in simulation-based evaluation of AV control. The modelling branch constitutes the main body
of the doctoral research, while the testing branch represents a complementary project conducted

during the final year.

Following this overview, the remainder of this chapter provides the broader context for the
research. Section 1.2 reviews literature relevant to human road user behaviour modelling and
AV evaluation. Section 1.3 identifies the key research gaps that motivate this thesis. Section 1.4
then sets out the specific research objectives, and Section 1.5 concludes the chapter by outlining

the structure of the thesis and summarising the four studies that form its core.

1.2 Literature review

This literature review introduces research within existing approaches to modelling pedestrian
and road user behaviour. It begins with mechanistic modelling approaches that represent human
decision-making through explicit behavioural principles, followed by data-driven machine learn-
ing methods that prioritise predictive performance. It also reviews RL approaches to road user
modelling, as well as cognitively grounded frameworks that explain behaviour through percep-

tual and motor processes. Simulation-based approaches used in the evaluation of autonomous
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vehicles are also discussed.

1.2.1 Mechanistic modelling

Mechanistic models aim to capture pedestrian behaviour through interpretable physical or psy-
chological mechanisms. The following subsections review representative approaches, from simple

rule-based models to more complex cognitive models.

Social force models

The social force model represents pedestrian motion as the resultant of physical forces driving
goal-oriented movement and repulsion from obstacles and other pedestrians (Helbing and Mol-
nar, (1995). It has proven effective in simulating pedestrian flow and evacuation (Hou et al.,
2014; Zhou et al., 2019), and has also been extended to model pedestrian-vehicle interactions
such as pedestrian movement at crosswalks (Zeng et al., 2014; Yang et al., [2020). However,
the model is fundamentally designed for flow-level simulation, where pedestrians are treated
as particles reacting to forces rather than as agents that perceive their environment and make
cognitive decisions. Because it lacks an explicit representation of how pedestrians perceive ap-
proaching vehicles and evaluate risk, it does not reflect the subtle behavioural patterns observed

in microscopic pedestrian-vehicle interactions (Liu et al., [2017; Prédhumeau et al., 2022).

Models emphasising perceptual cues

Perceptual cue-based models assume that road users adjust their movements based on visually
available information. Early work reproduced the human route selection pattern in a simple
scene by modelling the angular acceleration as a function of goal, obstacle angle and distance
according to the pedestrian’s visual angle (Fajen and Warren, 2003). Later, Tian et al. (2022)
developed a gap acceptance model based on visual looming, which is defined as the expan-
sion rate of the object on the observer’s retina (DeLucia, 2015). This study explained the
speed-induced unsafe crossing behaviour from the perspective of the human visual perception
mechanism, to model gap acceptance frequency as a function of crossing situation. Building on
the same visual cues, Tian et al. (2023) extended to more complex continuous traffic flow and

a crossing initiation timing model was proposed, which fit experimental data well.

Together, these studies highlight the importance of perceptual information in capturing fun-

damental aspects of pedestrian decision-making. However, perception-based models do not
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capture how motor control and action execution shape crossing behaviour.

Game theoretical models

Game theory provides a framework for analysing interactions between agents whose decisions
depend on each other’s actions (Von Neumann and Morgenstern, |2007). In road user behaviour,
it has been applied to describe how individuals negotiate shared space, such as decisions to yield
or proceed (Elvik, |2014). Early models focused on high-level choices like speed or right-of-way,
offering insights into strategic reasoning but not continuous trajectories (Hoogendoorn and HL

Bovy, 2003; Turnwald et al., 2014; Ma et al., [2017; Johora and Miiller, [2018)).

Recent work has extended this framework to pedestrian-vehicle interactions, particularly involv-
ing AVs. For example, Fox et al. (2018) modelled crossing behaviour as a sequential ‘chicken
game’, showing that pedestrians may exploit the AV’s programmed tendency to yield. Camara
et al. (2021) and Kalantari et al. (2022)) validated these dynamics through virtual reality and
naturalistic experiments, demonstrating that strategic reasoning can reproduce key patterns of

pedestrian-vehicle interaction.

More recently, Dang et al. (2025) proposed a dynamic game-theoretic model incorporating
bounded rationality, relaxing the assumption of perfectly rational agents. While this represents
progress towards behavioural realism, several limitations remain. The model assumes perfect
sensory information and unconstrained motor execution, and restricts pedestrian behaviour to a
discrete set of walking speeds, without continuous control over speed or direction. These simpli-
fications largely stem from the computational challenges of solving game-theoretic formulations

in high-dimensional continuous spaces.

Overall, game-theoretic models effectively capture higher-level reasoning and mutual anticipa-
tion between agents (Camara et al., 2020), but their simplified perceptual and motor assump-
tions limit their ability to represent the continuous and uncertain dynamics characteristic of

real-world interactions.

Evidence accumulation models

Evidence accumulation models, often formalised as drift-diffusion processes, describe decision-
making as the noisy integration of sensory information until a threshold is reached (Ratcliff

et al., 2016). Originating in psychology, this framework has been widely used to explain re-



1.2. Literature review Chapter 1. Introduction

action times and choice variability, and it later inspired applications in interactive road user

behaviour (Ratcliff and Strayer, 2014; Markkula et al., 2016; Svérd et al., 2017)).

Building on this foundation, Markkula et al. (2018a) applied the evidence accumulation prin-
ciple to vehicle steering, suggesting that human control consists of discrete ‘motor primitives’
— short bursts of muscle activation that reflect intermittent adjustments (Giszter, 2015). This
idea provided a bridge between perceptual decision-making and motor execution, motivating its
extension to pedestrian behaviour. Within this line of work, Giles et al. (2019) demonstrated
that pedestrian crossing decisions can be described by a single evidence accumulation process
with a dynamic drift rate. Later, Pekkanen et al. (2022) expanded the Variable Drift Diffusion
Model (VDDM) by incorporating perceptual inputs such as time-to-arrival (TTA), distance,
acceleration and external human-machine interface (eHMI) cues, thereby enhancing its gener-
alisability. The model reproduced qualitative patterns of crossing behaviour but struggled to
fit quantitative data across individuals, potentially due to its lack of an explicit representation

of variability in perception and motor control.

These developments illustrate how evidence accumulation can unify perception, decision, and
action within a single cognitive mechanism. However, most implementations still assume ide-
alised sensory processing and simplified reasoning. To address this gap, Markkula et al. (2023])
proposed the COMMOTIONS modelling framework, which provides a unified description of how
perceptual, cognitive, and motor processes interact during road user decision-making. Noisy
visual input is transformed into distance and speed estimates via Bayesian perceptual filter-
ing; these estimates drive affordance-based value computations for both agents; and evidence
accumulation determines when an action threshold is reached. By combining these multiple
cognitive theories together, the framework reproduces human-like pedestrian-driver interaction

patterns.

In COMMOTIONS, a key component is the noisy sensory input. The agent estimates the other
road user’s distance from a noisy visual angle, which produces distance-dependent uncertainty
in position estimation. These noisy observations are then updated through Bayesian perceptual
filtering, allowing the agent to form internal beliefs about the other user’s speed and future
motion. These perceptual and filtering mechanisms are essential for generating human-like

behaviour and are also reused in the models developed in this thesis.

Although COMMOTIONS provides a richer cognitive account than earlier mechanistic models,
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Figure 1.1: Overview of the COMMOTIONS modelling framework (Markkula et al., 2023).
Reproduced from Markkula et al. (2023)), licensed under CC BY 4.0.

its scope remains constrained. The original implementation focused on a highly simplified in-
teraction scenario involving two agents moving longitudinally along straight, intersecting paths,
without lateral movement or broader traffic context. Markkula et al. themselves note
that extending the framework to more complex, realistic environments would be difficult due
to the increasing computational and conceptual complexity of integrating multiple cognitive

mechanisms.

1.2.2 Data-driven ML models

With increasing computing power and data availability, data-driven models have become a dom-
inant approach to pedestrian behaviour modelling. In this context, data-driven ML models are
defined as those that directly learn mappings from input to output using ground-truth data,
typically through neural networks trained on observed motion histories, without relying on
handcrafted rules or explicit behavioural assumptions. ML-based interaction modelling is com-
monly formulated as a time-series forecasting task, where the model predicts future trajectories

over a fixed horizon based on past motion (Deo and Trivedi, [2018]).

Convolutional Neural Networks (CNNs) have been widely used to extract spatial features from
scene or map representations for real-time trajectory prediction (Yi et al., ; Kumamoto and
Yamada, ; Doellinger et al., Hoermann et al., . For instance, Hoermann et al.
(2018)) combined CNNs with a Bayesian filter to forecast short-horizon trajectories of multiple
road users, implicitly capturing interactive patterns. Graph-based extensions such as Graph
Convolutional Networks (GCNs) generalise CNNs to relational structures, enabling explicit
modelling of inter-agent dependencies (Kipf and Welling, Ye et al., . Building on

this idea, Zhang et al. (2022)) proposed a spatial-temporal GCN that predicted crossing intention
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from pedestrian skeleton sequences, revealing correlations between head orientation and crossing

decisions.

To capture temporal dependencies, Recurrent Neural Networks (RNNs) and their variant net-
works, Long Short-Term Memory (LSTM), have been widely adopted (Yu et al., 2019). LSTMs
have achieved strong performance in pedestrian trajectory forecasting (Alahi et al.,2016; Dai et
al.,|2019; Rasouli et al.,[2019), and extensions such as the Holistic LSTM (Quan et al., [2021) in-
tegrate additional memory units for speed, intention, and correlation, achieving state-of-the-art
performance from an on-vehicle perspective. More recently, Transformer architectures (Vaswani
et al., |2017) have gained attention for their ability to capture long-range dependencies and ef-
ficiently process sequential data (Yin et al., 2021; Yuan et al., 2021; Yang et al., 2025; Divya
et al., 2025)). For example, Yang et al. (2025)) introduced a Transformer-based trajectory pre-
diction network that jointly models social interactions and personal intentions through a novel
momentum attention mechanism. Their approach achieved state-of-the-art accuracy on metrics
such as mean square error (MSE), average displacement error (ADE), and final displacement
error (FDE), while also improving computational efficiency through lower parameter counts and

faster inference.

Despite their strong predictive accuracy on trajectory-based metrics, several limitations persist.
First, data-driven models are often criticised as ‘black boxes’ due to their lack of interpretability,
offering little insight into the mechanisms underlying the behaviours they predict (Madala and
Gonzalez, 2023; Roshdi et al., 2024). This opacity raises safety concerns, since unexplained
prediction errors can propagate into AV decision-making and undermine trust in safety-critical
systems (Doshi-Velez and Kim, [2017; Rudin, 2019)). Road user behaviour models can be used
in two ways: for real-time prediction of surrounding road users during on-road operation and
as behavioural agents in virtual testing simulations. The models developed in this thesis are

primarily intended for offline virtual testing rather than real-time prediction.

Second, high accuracy at an aggregate level does not necessarily indicate behaviourally meaning-
ful predictions: models may achieve low trajectory error yet fail to reproduce realistic interaction
patterns such as courtesy yielding or collision avoidance (Srinivasan et al., 2023)). Third, the ab-
sence of theoretical grounding and reliance on large, diverse datasets limit their robustness and
generalisability (Xu et al., 2020; Diaz-Ruiz et al., 2022)). Collecting sufficient data to represent

rare or safety-critical events remains particularly challenging. As a result, while data-driven
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ML models have demonstrated high accuracy in modelling and predicting road user behaviour,
their lack of interpretability and behavioural realism limits their reliability for prediction and

evaluation in safety-critical scenarios.

1.2.3 Reinforcement learning (RL) models

Unlike data-driven ML approaches mentioned in Section that passively learn mappings
from data, RL enables agents to acquire adaptive decision policies through trial-and-error in-
teraction with a dynamic environment in order to maximise cumulative rewards (Kaelbling et
al., 11996). Owing to its sequential decision-making nature and ability to capture interactions
between agents and their surroundings, RL has been increasingly applied to simulate road user
behaviour (Charalambous and Chrysanthou, 2019; Vizzari and Cecconello, [2022). In a typical
formulation, the environment is represented as a Markov Decision Process (MDP), defined by
a tuple < S, A, T, R >, where S and A denote the sets of states and actions, T' the transition
function, and R the reward function. The agent seeks a policy 7 that maximises the expected

cumulative reward,

o0
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where 4441 is the reward received k + 1 steps after time ¢. The notation E.[-] indicates that
the expectation is taken with respect to the action selections prescribed by policy m, and the
vertical bar denotes conditioning on the initial state s; = s. The discount factor v € [0, 1)
weights future rewards, allowing the value function V™ (s) to represent the expected long-term

return starting from state s when following policy .
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Figure 1.2: The reinforcement learning interaction loop in which the agent selects an action
according to its policy, receives a reward from the environment, and transitions to a new state.

At a high level, RL proceeds through an iterative interaction loop in which the agent observes a
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state, selects an action according to its policy, receives a reward, and transitions to a new state
(Figure . Through repeated interaction, the agent updates its policy to increase expected
long-term reward. A range of algorithmic approaches have been developed to implement this
optimisation process. RL algorithms can be broadly grouped into value based, policy gradient,
and actor-critic approaches. Chapter 2 uses Deep Q Learning (DQN) (Van Hasselt et al.,
2016; Wang et al., 2016)), a value-based method that approximates state-action values Q(s,a)
and is well suited to modelling discrete pedestrian decisions. Chapter 3 employs Proximal
Policy Optimisation (PPO) (Schulman et al., 2017), an on-policy policy-gradient algorithm
that improves stability by constraining updates to stay close to the current policy, making it
effective for continuous locomotion control. Chapter 4 adopts Soft Actor Critic (SAC) (Haarnoja
et al., 2018), an off policy actor-critic algorithm based on a maximum entropy objective that
offers stable multi agent learning for coupled pedestrian-vehicle interactions in continuous action

spaces.

A major challenge in applying RL to model human behaviour lies in designing reward functions
that realistically reflect human preferences. Inverse Reinforcement Learning (IRL) provides a
data-driven solution by inferring latent reward functions from observed behaviour (Ng, Russell,
et al., 2000). For example, Nasernejad et al. (2021) and Nasernejad et al. (2023) used IRL
to model pedestrian-vehicle interactions in near-miss scenarios, recovering reward structures
from real-world demonstrations and showing that the derived post-encroachment time (PET),
defined as the temporal separation between a pedestrian and a vehicle crossing the same con-
flict zone, correlated strongly with empirical observations. However, these models are typically
formulated as fully observable MDPs, assuming that agents have complete access to environ-
mental information. In reality, human decision-making is subject to perceptual uncertainty
and motor limitations, which can be more accurately captured within a Partially Observable
Markov Decision Process (POMDP) framework (Kochenderfer, [2015)). By neglecting these lim-
itations, MDP-based formulations risk overestimating the precision and rationality of human

decisions (Faisal et al., [2008; Kwon et al., 2015; Gorrini et al., 2018]).

Another key aspect of natural road user behaviour is its inherently interactive nature: pedes-
trians and drivers continuously adapt to each other’s actions (Domeyer et al., 2022)). This has
motivated the adoption of Multi-Agent Reinforcement Learning (MARL), in which multiple

agents learn concurrently within the same environment. MARL frameworks have been applied

10
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to model cooperative and competitive interactions among vehicles in a variety of driving scenar-
ios (Schmidt et al., 2022; Konstantinidis et al., [2023|). These models can reproduce interaction
patterns such as gap acceptance, acceleration adjustment, and collision avoidance, reflecting the

bidirectional adaptation that is absent in single-agent RL.

However, the majority of MARL work presumes full observability, giving agents access to com-
plete and noise-free state information. A smaller number of studies have begun to relax this
assumption by introducing partial observability into MARL-based driving agents. For example,
Sackmann (2024)) incorporated a restricted field of view, and Cornelisse and Vinitsky (2024])
leveraged partial observability to improve agent robustness for AV benchmarking. However,
these works did not incorporate human-inspired elements such as distance-dependent visual
noise or biomechanically constrained motor control, as included in the models developed in this

thesis to better reflect human constraints when interacting with the real world.

In summary, RL provides a flexible framework for modelling adaptive and interactive decision-
making. Yet, current implementations often simplify human perception and motor control,
highlighting the need for models that integrate bounded information, uncertainty, and physical

constraints to achieve greater behavioural realism.

1.2.4 Frameworks for modelling human behaviour

Human behaviour can be studied through a variety of modelling frameworks, many of which
have already been discussed in earlier sections. Approaches such as gap acceptance models
grounded in choice modelling, evidence accumulation models, supervised learning frameworks,
and RL each provide reusable structures for describing specific aspects of road user behaviour.
However, these frameworks face limitations when applied to complex, uncertain, and interac-
tive traffic environments. Choice models often rely on simplified decision heuristics, evidence
accumulation models typically describe isolated perceptual decisions rather than continuous
interaction, supervised learning offers limited interpretability, and RL usually assumes perfect

perception and unconstrained motor control.

To examine alternative frameworks that may address some of these limitations, this subsection
considers two further perspectives drawn from cognitive science: cognitive architectures and
computational rationality. These approaches provide explicit accounts of perceptual, cognitive,

and motor processes and therefore offer potential routes toward modelling human behaviour in
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more mechanistic and psychologically interpretable ways.

Cognitive architectures

Cognitive architectures aim to model the underlying processes of human cognition within a
unified computational framework. Rather than relying solely on statistical associations, they
provide mechanistic explanations of perception, memory, reasoning, and action by specifying
how these components interact over time. Two of the most influential architectures are ACT-

R (Anderson et al., 1997; Anderson, 2009)) and Soar (Laird, 2019)).

ACT-R (Adaptive Control of Thought—Rational) models human cognition as the interaction
between a set of modules responsible for perceptual, declarative, and procedural functions. Be-
haviour emerges from the competition among production rules operating over memory chunks,
where activation strengths determine retrieval likelihood. These mechanisms allow ACT-R to
reproduce human patterns in reaction time, learning, and multitasking, and it has been applied
to domains such as driving (Salvucci et al., [2001} Salvucci, [2006]) and visual attention (Fleet-

wood and Byrne, 20006).

Soar, in contrast, emphasises problem solving and learning through chunking, where new rules
are generated from problem-solving episodes, enabling gradual improvement over time (Laird,
2019). Grounded in the problem space hypothesis, Soar represents goal-oriented behaviour as a
search process through states and operators, and automatically creates new procedural knowl-
edge through chunking when problem-solving impasses are successfully resolved. Both frame-
works are designed to achieve cognitive plausibility by grounding computation in psychological

theory and enabling explicit mapping between model components and cognitive processes.

Despite their explanatory power, cognitive architectures face important limitations when ap-
plied to complex and dynamic environments such as traffic interactions. They typically require
extensive manual specification of task rules, perceptual inputs, and parameter values, which
restricts scalability and generalisation (Brasoveanu and Dotlagil, 2021)). Furthermore, although
probabilistic components have been introduced, their primarily symbolic representations make
it difficult to capture the continuous and uncertain perceptual-motor dynamics that charac-
terise natural human movement (Byrne et al.,|[2010). For these reasons, cognitive architectures
are not well suited as a modelling framework for pedestrian behaviour in autonomous vehicle

applications, where agents must adapt flexibly to uncertainty, interact with other road users,
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and operate within continuous perceptual and motor spaces.

Computational rationality

These limitations mentioned in the last section have motivated the development of alterna-
tive frameworks, such as computational rationality, which seek to retain psychological inter-
pretability while formalising behaviour as optimisation under perceptual, cognitive, and motor

constraints.

Computational rationality provides a general framework for modelling behaviour as approxi-
mately optimal adaptation under perceptual, cognitive, and motor constraints (Lewis et al.,
2014; Oulasvirta et al., [2022). Rather than assuming idealised perception or perfectly rational
decision-making, the framework formalises how limitations in sensing, memory, attention, and
motor execution shape the space of strategies available to an agent. Behaviour is therefore char-
acterised as the solution to an optimisation problem defined jointly by task goals and human-like
constraints, making this approach particularly suitable for dynamic and uncertain settings such

as road user interaction. A schematic comparison between a standard RL formulation and a

Policy
Reward
Observation Action
Observation Action

Figure 1.3: Comparison between a standard RL agent (left) and a computationally rational
agent (right). In computational rationality, the agent interacts with the external world through
an internal environment with perceptual, cognitive, and motor constraints.

computationally rational agent is shown in Figure [1.3

Reward

In computational rationality models, these human constraints are embedded directly into the
environment in which the agent learns. Perceptual limitations are typically represented as par-
tial or noisy observations, such as distance-dependent visual uncertainty, limited visual fields,

sampling delays, or imprecise state estimates. Cognitive limitations arise through bounded
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memory representations, imperfect belief updating, or attention-switching costs. Motor limita-
tions are captured through execution noise, delayed actuation, bounded acceleration or steering
rates, and other physical constraints. Encoding constraints within the environment ensures that
learned behaviour reflects realistic human information-processing limits rather than idealised

assumptions.

Action policies are not hand crafted; instead they are derived through RL, which progressively
discovers strategies that approximate the optimal policy within the specified perceptual and
motor constraints. The agent repeatedly observes, acts, and receives rewards under uncertainty,
gradually improving its behaviour to maximise long-term utility. Although the policy itself is
learned, the parameters that describe perceptual and motor limitations must be specified or
fitted to human data, typically by minimising discrepancies between simulated and observed
behaviour. In this thesis, we refer to these parameters as non-policy parameters to distinguish

them from the trainable parameters of the neural network (weights and biases).

Computational rationality has been widely used in human-computer interaction (HCI), mod-
elling behaviours such as visual search (Tseng and Howes, 2015), typing (Sarcar et al., 2018)), and
touchscreen interaction (Jokinen et al., 2021)). A particularly relevant example for the present
thesis is the multitasking driving model by Jokinen et al. (2020), which frames lane keeping and
in-vehicle visual search as a joint optimisation problem under uncertainty. The model incorpo-
rates visual sampling constraints, noisy motor control, and switching costs, and employs RL to
discover strategies that balance road monitoring with secondary-task performance. This work
demonstrates how computational rationality can generate human-like adaptive behaviour in
traffic settings. Although it represents one of the first applications of the framework to a trans-
portation task, its focus and methodology remain grounded in HCI rather than in modelling

road user interaction.

Beyond this early work, there are currently no computational rationality models addressing
problems in the transportation field, particularly in road user interaction modelling. In ad-
dition, existing applications remain restricted to single-agent settings, whereas real-world road
user interaction involves multiple agents whose decisions continuously shape one another’s mind.
Extending computational rationality to such interactive settings requires a framework capable
of modelling boundedly rational agents who learn and adapt in the presence of other adap-

tive agents. Multi-agent reinforcement learning (MARL) offers a natural foundation for this
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extension, yet it has not previously been integrated with computational rationality in the mod-
elling of road user interaction. Addressing this gap forms a central motivation for the approach

developed in this thesis.

Despite these advantages, computational rationality should not be viewed as a complete account
of pedestrian behaviour. The framework is best suited to behaviours that can be approximated
as goal-directed adaptation under constraints, but real pedestrian behaviour may also reflect
simple heuristics, habits, or social conventions, which may not always need to be modelled ex-
plicitly through a single optimisation-based account. In this thesis, computational rationality is
therefore used as a modelling framework for specific pedestrian-vehicle interaction tasks, rather

than as a general theory of all pedestrian behaviour.

1.2.5 Virtual testing of AVs

Simulation-based, or virtual, testing has become an indispensable tool in the development and
evaluation of AVs. Real-world testing alone is costly, time-consuming, and potentially haz-
ardous, particularly for rare or safety-critical situations. In contrast, simulation allows con-
trolled, repeatable, and scalable evaluation of AV behaviour across diverse environmental and
interaction scenarios (Huang et al., 2016} Joisher et al., 2019; Sawitzky et al., 2023). As a result,
virtual environments are now widely recognised as a core component of the AV development

pipeline (Wang et al., 2024]).

The realism and reliability of such evaluations depend critically on how other traffic partici-
pants are modelled. Pedestrians pose a particular challenge because of behavioural variability
and weaker adherence to traffic rules. Many simulation frameworks still rely on simplified agents
based on simplified rule-based models (Papadimitriou et al., 2016; Rashid et al.,2024)). Although
computationally efficient, these agents, as discussed above, do not represent perceptual uncer-
tainty, adaptive decision making, or inter-individual variability in pedestrian behaviour (Camara
et al., 2020). AV evaluations built on such agents risk producing interactions that are over-
simplified or implausible, which limits their value for evaluating AV performance in realistic,

safety-critical scenarios.

As discussed in previous sections, recent studies have developed human-like behavioural models
that incorporate multiple human decision-making mechanisms, providing more realistic repre-

sentations of how pedestrians perceive vehicles, evaluate risk, and decide when to cross (Markkula
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et al., |2018b; Pekkanen et al., 2022; Tian et al., 2025; Wang et al., 2025). However, despite
their potential to enhance simulation realism, there is little published work on integrating such
models into virtual testing frameworks for AV evaluation. Existing simulation studies typically
continue to rely on oversimplified or scripted pedestrian agents (Papadimitriou et al., 2016}
Rashid et al., [2024)), leaving the benefits of cognitively grounded models largely unexplored in

testing contexts.

Parallel to these efforts on realism, another line of research has focused on adversarial scenario
generation. This approach deliberately constructs traffic situations that challenge AV decision-
making, often by pushing interactions towards unsafe or near-miss outcomes. Such techniques
have been developed mainly for robustness testing, aiming to expose AV system failure modes.
Common implementations employ RL or black-box optimisation to train pedestrian agents that
provoke risky events such as collisions (Song et al.,|2023; Hanselmann et al.,|2022; Priisalu et al.,
2023). For instance, the ‘suicidal pedestrian’ framework explicitly trains agents to collide with
AVs (Yang et al., 2023)), while the adversarial jaywalker model uses a multi-state rule-based
controller to generate hazardous crossings for robustness testing (Muktadir and Whitehead,
2022)). Although effective at identifying vulnerabilities in AV control, these methods prioritise
difficulty over behavioural plausibility. The resulting agents often exhibit exaggerated or unre-
alistic actions that fail to reflect real pedestrian intentions, thereby undermining realism and

limiting their applicability to real-world AV testing (Dyro et al., 2024).

Beyond robustness testing, adversarial scenarios also offer opportunities for control optimisation
in pedestrian-vehicle interactions. Effective interaction requires balancing safety and efficiency:
AVs must avoid collisions while maintaining smooth and timely motion. Optimising AV control
against either overly simple or overly aggressive pedestrian agents may yield strategies that
fail to generalise to real human interactions, producing behaviours that are either unsafe or
excessively conservative (Robert et al., 2021; Crosato et al., 2021)). Yet, adversarial scenario
generation and human-like behavioural modelling have so far developed as separate research
directions with limited integration, which is one of the methodological gaps that this thesis

seeks to address.
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1.3 Research gaps

e Gap 1: Lack of an integrated modelling framework that combines mechanis-
tic interpretability with machine learning scalability in modelling pedestrian-

vehicle interaction.

Existing studies are mainly divided between two paradigms. Mechanistic models, such
as the COMMOTIONS framework, explicitly represent human perceptual and cognitive
mechanisms and thus provide strong interpretability, but they become highly complex
when extended to capture rich interactive behaviours, limiting their scalability to com-
plex real-world scenarios. In contrast, data-driven ML models offer flexibility and strong
predictive capability, yet they lack interpretability and rely heavily on large, representative

datasets, an issue that becomes critical for safety-related, data-scarce scenarios.

This trade-off between interpretability and adaptability is not unique to autonomous driv-
ing. Similar debates have long existed in the broader field of human-robot interaction
(HRI), where researchers face comparable challenges in modelling human behaviour for
collaborative, assistive, and interactive robotic systems (Mutlu et al., 2016; Kulkarni
et al., 2020; Spitale et al., 2025|). Positioning pedestrian-vehicle interaction within this
broader HRI context shows the need for integrated frameworks that combine mechanis-
tic grounding with data-driven learning to achieve interpretability, generalisability, and

behavioural realism.

e Gap 2: Limited understanding of pedestrian-vehicle interaction from the per-
spective of boundedly optimal behaviour under human perceptual-motor con-

straints.

While mechanistic models have begun to incorporate individual mechanisms such as per-
ceptual uncertainty, motor constraints or bounded rationality, few studies have systemati-
cally integrated these processes or examined how they jointly shape the human pedestrian
behaviour. As a result, the field still lacks an understanding of how human perceptual
and motor constraints give rise to the adaptive strategies observed in real pedestrian-
vehicle interactions. Recent frameworks such as COMMOTIONS demonstrate the feasi-
bility of combining multiple cognitive mechanisms mathematically to generate and explain

pedestrian-vehicle interaction patterns, but their validation has been limited to controlled
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experimental settings.

e Gap 3: Limited use of human-like behavioural models in realistic and adver-

sarial virtual testing.

Although virtual testing has become essential for evaluating AV safety, most simulation
environments still rely on simplified pedestrian agents based on deterministic or rule-based
heuristics. These agents fail to capture the variability and uncertainty observed in hu-
man behaviour, leading to unrealistic pedestrian-AV interactions. Meanwhile, adversarial
scenario generation methods tend to prioritise difficulty over behavioural plausibility, pro-
ducing exaggerated pedestrian behaviour. Integrating models developed for behavioural
realism could improve both the representativeness of virtual testing and the robustness of

AV control optimisation.

1.4 Research objectives

To address the research gaps identified above, this work sets out four main objectives that
collectively aim to advance the modelling of pedestrian-vehicle interaction and the application

of human-like models in AV evaluation. The specific objectives are as follows:

e Objective 1: To identify and quantify key human perceptual and motor constraints that
shape pedestrian crossing behaviour. This objective focuses on revealing how perceptual
uncertainty, motor effort, and individual variability influence pedestrians’ behaviour under

both controlled and naturalistic conditions.

e Objective 2: To incorporate the identified perceptual and motor constraints into an
RL framework and derive boundedly optimal decision policies that reproduce human-like
behaviour under uncertainty. This objective formalises pedestrian decision-making as an
optimisation problem constrained by perceptual noise and motor limitations, and uses RL

to obtain adaptive strategies consistent with observed behavioural patterns.

e Objective 3: To extend the developed model from single-agent settings to interactive
pedestrian-vehicle scenarios. This objective enables both agents to adapt to one another’s
actions through multi-agent RL to model the interaction patterns observed in the real-

world scenario.
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e Objective 4: To apply the human-like road user behaviour model to virtual testing of
AV. This objective integrates human-like behavioural models into a closed-loop simulation
environment to generate behavioural directly informed realistic yet safety-critical scenarios

for evaluating and optimising AV control performance.

1.5 Thesis outline

This thesis comprises four main studies that together advance the modelling and evaluation of
pedestrian-vehicle interaction. The COMMOTIONS framework serves as an important concep-
tual point of reference for this thesis, but it is not the modelling framework that is directly
developed across the doctoral work. Its main role is to motivate the view that pedestrian be-
haviour should be understood in relation to perceptual and motor mechanisms. Building on
this general perspective, Chapters 2 to 4 develop a separate RL based computational ratio-
nality framework for modelling boundedly optimal pedestrian and driver behaviour. Chapter
5 is different in scope, as it applies the pedestrian model derived from the COMMOTIONS
framework in AV simulation testing, rather than extending the RL framework introduced in the

earlier chapters.

Figure presents an overview of the thesis structure, showing how the two research branches,
core modelling and applied testing, are organised across the core chapters of the thesis. Chapter
2 introduces the modelling of pedestrian decision-making under visual constraints, based on
button-press crossing decisions collected in a controlled VR environment. Chapter 3 extends this
framework to model full pedestrian walking trajectories in VR by incorporating both perceptual
and motor constraints, moving from discrete decisions to continuous sensory-motor control.
Chapter 4 further extends the framework to naturalistic road user interaction by developing
a multi-agent RL model in which pedestrians and drivers co-adapt to one another in real-
world traffic settings. This progression, from simplified decision tasks, to embodied pedestrian
movement, to interactive pedestrian-driver behaviour is illustrated in Figure [1.4] Chapter 5
is a study applying the COMMOTIONS model to AV simulation testing. Finally, Chapter 6
concludes the thesis by summarising the main findings, discussing their implications for human

behaviour modelling and AV evaluation, and pointing directions for future research.
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Figure 1.4: Thesis structure and its relation to the COMMOTIONS framework. Chapters 2-4
form the core doctoral branch, progressing from perceptual uncertainty in decision-making to
sensory-motor constrained control and interactive multi-agent modelling. These chapters are
conceptually informed by key ideas from COMMOTIONS, especially its mechanistic treatment
of perceptual uncertainty, but they develop a distinct computational rationality framework
based on reinforcement learning. Chapter 5 applies the pedestrian model derived from COM-
MOTIONS to AV testing and controller optimisation.

Chapter 2, ‘Pedestrian crossing decisions can be explained by bounded optimal decision-making
under noisy visual perception’ (published in Transportation Research Part C'), addresses Gap 1
and Gap 2, contributing to Objectives 1-2. This chapter develops an RL model that for-
malises pedestrian crossing as boundedly optimal behaviour under noisy perception. By incorpo-
rating the noisy visual information into the RL environment, the model reproduces empirically
observed crossing patterns and explains pedestrian decision-making as optimal behaviour under

perceptual constraints.

Chapter 3, ‘Modelling pedestrian crossing behaviour: A reinforcement learning approach with
sensory-motor constraints’ (published in IEEE Transactions on Intelligent Transportation Sys-
tems), extends this framework from discrete crossing decisions to the full crossing process by
incorporating both perceptual and motor constraints, addressing the same research gaps and
further extending this thesis’ contribution to Objectives 1-2. The resulting sensory-motor
constrained model reflects how perception, motor effort, and time pressure shape pedestrian

crossing behaviour. It produces human-like trajectories and adaptive strategies, thereby estab-
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lishing a more comprehensive account of boundedly optimal crossing behaviour.

Chapter 4, ‘Realistic pedestrian-driver interaction modelling using multi-agent reinforcement
learning with human perceptual-motor constraints’ (under review for journal publication), ex-
tends the single-agent framework to a multi-agent setting and contributes to Objective 3. In
this study, pedestrians and vehicles are both modelled as learning agents that co-adapt to each
other’s actions under human-like sensory and motor constraints. This work extends compu-
tational rationality-based modelling of pedestrian-vehicle interaction beyond controlled single-
agent settings to multi-agent scenarios, and reproduces several adaptive behaviours observed in

real-world traffic.

Chapter 5, ‘Realistic adversarial scenario generation via human-like pedestrian models for au-
tonomous vehicle control optimisation’ (under review for journal publication), addresses Gap 3
and contributes to Objective 4. This study integrates the COMMOTIONS human-like pedes-

trian model into a full-stack AV simulation environment.

Finally, Chapter 6 concludes the thesis by synthesising the findings from all studies, discussing
theoretical and practical implications for human-like modelling and AV evaluation, and outlining
future research directions. Collectively, these chapters form a progression from understanding
human perceptual-motor constraints, through modelling boundedly optimal and interactive

behaviour, to applying human-like agents for robust and realistic AV testing.
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Chapter 2

Pedestrian crossing decisions can be
explained by bounded optimal
decision-making under noisy visual

perception

Abstract

This paper presents a model of pedestrian crossing decisions based on the theory of computa-
tional rationality. It is assumed that crossing decisions are boundedly optimal, with bounds
on optimality arising from human cognitive constraints. While previous models of pedestrian
behaviour have been either ‘black-box’ machine learning models or mechanistic models with
explicit assumptions about cognitive factors, we combine both approaches. Specifically, we
mechanistically model noisy human visual perception and model reward considering human
constraints in crossing, but we use reinforcement learning to learn boundedly optimal behaviour
policy. The model reproduces a larger number of known empirical phenomena than previous
models, in particular: (1) the effect of the time to arrival of an approaching vehicle on whether
the pedestrian accepts the gap, the effect of the vehicle’s speed on both (2) gap acceptance
and (3) pedestrian timing of crossing in front of yielding vehicles, and (4) the effect on this

crossing timing of the stopping distance of the yielding vehicle. Notably, our findings suggest
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that behaviours previously framed as ‘biases’ in decision-making, such as speed-dependent gap
acceptance, might instead be a product of rational adaptation to the constraints of visual per-
ception. Our approach also permits fitting the parameters of cognitive constraints and rewards
per individual to better account for individual differences, achieving good quantitative align-
ment with experimental data. To conclude, by leveraging both RL and mechanistic modelling,
our model offers novel insights into pedestrian behaviour and may provide a useful foundation

for more accurate and scalable pedestrian models.
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2.1 Introduction

2.1.1 Background

Pedestrian crossing behaviour is a key factor in the urban transport system, impacting traffic
efficiency and safety (Leu et al.,[2012). Developing accurate models for pedestrian crossing deci-
sions is therefore essential for effective urban planning (Gonzélez-Méndez et al., 2021} Pelorosso,
2020). In particular, with the rise of autonomous vehicles (AVs), understanding pedestrian be-
haviour is important for the safe and harmonious integration of AVs into the existing transport
ecosystem (Gonzélez-Méndez et al., 2021; Pelorosso, 2020; Duric et al., [2002; Banovic et al.,
2019; Al-Shihabi and Mourant, |2001; Li et al., 2016). The unpredictable nature of pedestrian
movements, influenced by a complex interplay of cognitive processes and environmental cues,

presents a significant challenge in this regard (Camara et al., 2020; Crosato et al., 2023).

In pedestrian behaviour modelling, computational models are predominantly based on either
mechanistic modelling or data-driven machine learning (ML) approaches. Mechanistic mod-
els, which are grounded in assumptions about underlying cognitive mechanisms, aim to ac-
curately represent the underlying processes causing pedestrian behaviour (Fajen and Warren,
2003; Turnwald et al., 2016, Yang et al., [2020; Pekkanen et al., |2021)). However, formulating
these mechanisms in a way that generalises across a wide variety of situations and scenar-
ios is highly non-trivial. Therefore, since real-world traffic situations are highly variable and
complex, mechanistic models typically suffer from scalability or generalisability issues. On the
other hand, data-driven ML models, which predict pedestrian movement by learning from large
datasets of pedestrian trajectories, show promise in handling complex real-world situations (Dai
et al., [2019; Abughalieh and Alawneh, 2020; Quan et al., [2021; Yin et al., 2021 Yuan et al.,
2021; Zhang et al., 2022; Li et al., [2022). However, ML models come with inherent challenges
related to interpretability, data dependence, and robustness in diverse conditions (Althoff and

Lutz, 2018; Klischat et al., 2020)). These issues will be discussed in more detail in Section m

Ideally, one would want a modelling approach combining the strengths of both mechanistic
and ML models. One possible candidate for such an approach is available from computational
rationality (Lewis et al., 2014; Gershman et al., 2015]), sometimes also referred to as resource
rationality (Lieder and Griffiths, 2020). Both computational rationality and resource rationality

are theories about human cognition and behaviour, positing that humans behave rationally, i.e.,
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optimally with respect to some utility or cost function, but that this optimality is bounded by
the constraints imposed by the human cognition and body. For example, pedestrians in road
traffic have perceptual, cognitive, and motor limits which constrain their behaviour. Rooted
in the principle of expected utility maximisation, introduced by Von Neumann and Morgen-
stern (1947)), and expanded by Herbert Simon’s concept of bounded rationality (Simon, 1955),
computational rationality applies these decision-making principles while considering human
constraints. In recent years, the development of models based on these theories has become
increasingly attainable due to advances in the field of deep reinforcement learning (RL), en-
abling the learning of optimal decisions through environmental interactions (Silver et al., 2016}
Silver et al., 2017, Sutton and Barto, 2018)). Modern deep RL allows us to find boundedly op-
timal behaviour policy across highly varied scenarios and learn interactive behaviours which-to
the extent that the theory of computational rationality is correct-mirror human-like decision
processes and behavioural adaptability (Jokinen et al., 2020; Jokinen et al., 2021; Chen et al.,
2021a; Chen et al., [2021b). E] Contrary to traditional mechanistic models, which often struggle
with flexibility in adapting to diverse scenarios and integration of various principles, and ML
models, which can lack interpretability and adaptability, the computational rationality frame-
work, when combined with RL, has the potential to overcome these constraints (Oulasvirta

et al., 2022).

There have been some initial studies on the use of computational rationality in driver be-
haviour modelling (Jokinen et al., 2021} Jokinen et al., 2022), but so far, none in the context
of vulnerable road users. Here, we provide a first demonstration of the value of this modelling
framework in the context of pedestrian behaviour. Unlike previous pedestrian behaviour models,
which are either mechanistic models, suffering from scalability or generalisability issues due to
the complexities in real-world traffic conditions, or data-driven machine learning models, with
challenges related to interpretability and data dependence, computational rationality addresses
these issues by explaining human behaviour through a causal link between subjective utility, ca-
pacities, experience, and observed actions (Howes et al.,|[2023), optimising utility under defined
constraints. The main human constraint we are considering in this work is imperfect human
visual perception, characterised by the noise inherent in the visual system’s processing of dy-

namic stimuli. This constraint often leads to mistakes in how people estimate the distance and

Here, policy refers to the agent’s decision rule, that is, a mapping from its current state or observation to an
action.
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speed of oncoming traffic, which we model mechanistically based on work in cognitive neuro-
science. Looming aversion, which refers to the instinctive tendency to avoid objects that appear
to be rapidly growing in size as a cue for an impending collision (DeLucia, 2008; Tian et al.,
2022), is also considered in our model. We test our model on data from a controlled virtual
reality experiment on pedestrian road-crossing, and find that our model captures four phenom-
ena observed in the human experiment, which have not been captured simultaneously by one
model. Furthermore, our model results also show that speed-dependent gap acceptance—which
has previously been described as due to biases in human TTA estimation (Petzoldt, 2014)-is
a boundedly optimal behaviour given the particular noise characteristics of the human visual
system. Moreover, we show how individual differences in road user behaviour can be efficiently
modelled using the computational rationality approach by conditioning the RL on the human
constraint parameters. This method, which has not been previously used in road user behaviour
modelling, includes parameters which can vary between humans as inputs to the RL, to learn

optimal policy across variations in these parameters.

This paper is organised as follows: The rest of this section describes empirical studies of the
behavioural phenomena we wish to capture and previous research on pedestrian behaviour
modelling. Section 2.2 describes the dataset we used and the modelling approach. The results
of our proposed model are presented in Section 2.3, followed by Section 2.4, with a discussion

of results and future research plans. Finally, Section 2.5 provides a conclusion.

2.1.2 Related work

Numerous empirical studies have investigated the key factors influencing pedestrian behaviour
(Oxley et al., 2005; Jain et al., 2014; Sun et al., [2015; Asaithambi et al., |2016; Gorrini et al.,
2018; Tian et al.,|2022). We focus on four main empirical phenomena, some but not all of which

have been captured by existing models:

(1) TTA-dependent gap acceptance: A key behaviour of interest is gap acceptance, where pedes-
trians decide to cross a road based on the time or spatial distance between them and an
approaching vehicle. One crucial factor affecting this decision is the time to arrival (TTA).
Researchers have shown that pedestrians are more inclined to accept gaps for crossing when the

TTA is higher (Oxley et al., 2005; Lobjois and Cavallo, 2007; Petzoldt, [2014).

(2) Speed-dependent gap acceptance: Additionally, the dynamics of approaching vehicles play

40



Chapter 2. Pedestrian crossing decisions can be explained by bounded optimal
decision-making under noisy visual perception 2.1. Introduction

an important role (Schneemann and Gohl, 2016). Pedestrians are more likely to cross in a
given TTA when oncoming vehicles travel at higher speeds, i.e., with a larger approach distance
(Lobjois and Cavallo, 2007; Tian et al., 2022). This phenomenon has been described as a
bias in the human estimation of TTA (Petzoldt, |2014; Sun et al., 2015). Tian et al. (2022)
explained this speed-dependent crossing behaviour by visual looming, the perceived growth of
an object’s size as it approaches (DeLucia, 2008]). Specifically, visual looming increases slowly
at long distances, indicating that higher-speed vehicles might produce smaller collision threats
to pedestrians for a given TTA, thus influencing pedestrians to feel safer when crossing in front

of faster vehicles.

(3) Speed-dependent yielding acceptance: In scenarios where vehicles yield, the relationship
between speed and pedestrian crossing behaviour tends to reverse. Pedestrians have been found
to interpret lower vehicle speeds as an indication of yielding, especially when the vehicle is at
a closer distance, thus increasing the probability of crossing (Tian et al., 2023). On the other
hand, early crossing decisions (while the vehicle is still some distance away) are similar to the

speed-dependent gap acceptance regardless of whether the car is yielding.

(4) Stopping distance-dependent yielding acceptance: Driver use of exaggerated deceleration,
or ‘short-stopping’, serves as a cue for pedestrians to cross (Domeyer et al., |2019). Short-
stopping enhances the pedestrian’s perception of the driver’s intent, increasing their confidence
in crossing safely (Domeyer et al.,|2019). Risto et al. (2017) argued that the stopping distance of
a vehicle correlates with pedestrian willingness to cross in the yielding scenario. Notably, Tian
et al. (2023) found that the car’s braking behaviour mainly influences late crossing decisions.
Specifically, pedestrians tend to cross more readily when a vehicle stops at a greater distance
from the crosswalk, seemingly interpreting this as a clear indication of the driver’s intent to

yield.

In our study, we aim to model pedestrian behaviour and reproduce these four phenomena men-
tioned above, summarised in Table These phenomena provide valuable insights and high-
light some of the nuances of human decision-making in traffic interactions that computational
models should capture to be useful for practical applications such as simulation environments
and AV algorithms. As mentioned, there are many models which describe pedestrian behaviour
in terms of hypothesised underlying mechanisms (Fajen and Warren, 2003; Giles et al., 2019;

Pekkanen et al.,|2021; Tian et al., [2022; Tian et al., 2023)). For example, Petzoldt (2014) devel-
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oped a logit-based gap acceptance model capturing speed-dependent gap acceptance, described
as a bias due to a visual heuristic used by pedestrians. However, this heuristic is truly biased
in the sense that it is suboptimal or whether it might be an optimal adaptation to human con-
straints. Later, Tian et al. (2022) proposed a gap acceptance model utilising the binary choice
logit approach. Unlike previous models that relied on traffic gap cues, their model incorporated
visual looming cues, resulting in an improved fit to observed data. Another modelling approach
is based on the concept of evidence accumulation, describing decision-making as a noisy ac-
cumulation of evidence from a stimulus (Ratcliff et al., |2016]), which has also been applied to
pedestrian crossing behaviour modelling (Pekkanen et al., 2021). However, due to the com-
plexity of this model, the authors fitted it with a single parameterisation across all participants
and with limited quantitative goodness of fit to the experimental data. The complexity of this
model also makes it difficult to extend it to more sophisticated scenarios. To extend the scope of
modelled scenarios, Markkula et al. (2023)) integrated a large number of existing psychological
and cognitive theories, such as theories of sensory noise, Bayesian perception, evidence accumu-
lation decision-making, and long-term valuation of action affordances. Although this model was
capable of reproducing several empirically observed phenomena in human road user interaction,
the authors highlighted the limitations of mechanistic modelling and underscored the need for
cognitively and behaviourally informed ML. Overall, given the high complexity of human be-
haviour, relying on a single cognitive, mechanistic model seems insufficient to comprehensively
describe pedestrian behaviour. The existing models’ success at capturing the targeted phenom-
ena is listed in Table However, it is worth noting that the aim of our work is not only

to capture these phenomena but also to propose a general framework for modelling pedestrian

Table 2.1: Key phenomena in pedestrian behaviour and corresponding literature

Petzoldt (2014) Pekkanen

Phenomenon and Tian et al. et al. Tahlsr
(2022) (2021) pap
(1) TTA-dependent gap v v v
acceptance
(2) Speed-dependent gap Y v v
acceptance
(3) Speed-dependent v

yielding acceptance

(4) Stopping
distance-dependent v v
yielding acceptance
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behaviour.

With advances in computing power and machine-learning methods, a growing number of re-
searchers have adopted data-driven ML algorithms for modelling pedestrian behaviour. For
instance, many models based on convolutional neural networks have been developed for pedes-
trian trajectory prediction due to their ability to process spatial inputs, such as images and
video frames. (Yi et al., 2016; Abughalieh and Alawneh, 2020; Kumamoto and Yamada, [2017;
Doellinger et al., [2018)). Moreover, recurrent neural networks have garnered attention given
their efficacy in sequence prediction tasks, making them apt for pedestrian trajectory modelling
(Alahi et al., [2016; Dai et al., [2019; Quan et al., 2021). Recently, the Transformer model,
known for its ability to process sequences in parallel and capture long-range interactions, has
also gained popularity in pedestrian behaviour modelling (Lorenzo et al., 2021 Yin et al., 2021}
Yuan et al., 2021)). While the accuracy of these ML models can be impressive, they share sev-
eral limitations. First, they often act as ‘black boxes’, meaning they may have the potential to
predict behaviours but fail to reveal the reasons or mechanisms behind those behaviours. This
intensive data-driven orientation can be challenging, especially when aiming for interpretability
in AV systems, where understanding pedestrian intent is crucial (Srinivasan et al., 2023). Sec-
ond, the lack of theoretical grounding of the behaviour can sometimes lead to overfitting, where
the models might perform well on the training data but fail to generalise well to unseen data,
potentially resulting in less reliable predictions in varied real-world scenarios (Xu et al., |2020).
Third, their heavy reliance on large training datasets poses another challenge: collecting such
extensive data under all possible road conditions is almost impossible, and critical scenarios are

missing in most datasets (Diaz-Ruiz et al., 2022).

As mentioned in Section [2.1.1] computational rationality provides a potential middle ground,
combining the best of mechanistic and ML models, but has only seen limited use in road user
behaviour modelling. Jokinen et al. (2021]) proposed a hierarchical RL model of multitasking
behaviour in driving and fitted it to observed data (Jokinen et al., 2022)). However, their focus

was on in-vehicle multitasking rather than pedestrian-vehicle interactions.

2.1.3 Summary of research gaps

Existing models of pedestrian crossing behaviour fail to capture the four mentioned critical

empirical phenomena simultaneously, and neglect essential human perceptual and cognitive
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constraints like noisy perception and looming aversion. Furthermore, no existing model com-
bines mechanistic and machine learning approaches, or accounts for individual differences in

pedestrian behaviour.

Here, we aim to quantitatively model the crossing decisions of human pedestrians when faced

with constant-speed and yielding vehicles. There are three research objectives in this study:

(1) To develop a boundedly optimal model, integrating human constraints, with a focus on noisy
perception and looming aversion, that is able to capture the four targeted empirical phenomena
in human pedestrian crossing behaviours in scenarios where vehicles may or may not yield to

the pedestrian.

(2) To fit the boundedly optimal model quantitatively to human crossing decision data on a

per-individual level (i.e., with different model parameter values for different individuals).

(3) To assess how the human constraints and preferences integrated into the model influence

the crossing decisions.

An early version of this work has been presented as a conference paper (Wang et al., 2023). This
conference paper qualitatively explored the effect of only noisy visual perception on crossing
decisions and only in scenarios with approaching vehicles at constant speed; in other words, it

only partially addressed the first objective above, and not at all the second or third objectives.

2.2 Methods

2.2.1 Dataset

This study utilised a dataset sourced from a previous experiment reported by Giles et al. (2019).
A visualisation of the experimental setup is provided in Figure [2.1} which offers a bird’s-eye
perspective. Twenty participants (age 24-60, average 27.9 years; 11 males and 9 females) took
part in the study and were recruited from a university participant pool. We did not record the
racial or ethnic identities of our participants in this study. Regarding the age influence, it is
important to note that the experimental task only required button press responses, such that
participant variation in motor ability was less of a concern than it would have been in a task
requiring actual walking. Participants wore an HTC Vive Virtual Reality (VR) headset as part

of the setup, immersing them in a virtual crossing task. The rendered VR space included a
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straight two-lane road, spanning a width of 5.85 m, and a zebra crossing at the participant’s

initial location.

Distance

Pedestrian

(a)

(b)

Figure 2.1: (a) Birds-eye view of the experiment. (b) A sample view of the virtual scene, as
shown by the head-mounted display, at the beginning of each trial (inset) and as participants
turned their heads to look for oncoming traffic. (Source: Pekkanen et al. (2021). This image is
available under a Creative Commons Attribution 4.0 International License.)

Table 2.2: Detailed description of vehicle approach scenarios in the experiment. The table lists
each scenario type along with key parameters: Initial Vehicle Speed (v in m/s), Initial Distance
(dp in m) from the pedestrian, Initial TTA (79 in s), and Stopping Distance (dsop in m) for
Yielding scenarios. 'N/A’ indicates not applicable for constant speed scenarios.

Scenario type wvo (m/s) do (m) 7o (s) dstop (M)

Constant speed 6.94 15.90 2.29 N/A
13.89 31.81 2.29 N/A
6.94 31.81 458 N/A
13.89 63.61 4.58 N/A
6.94 47.71 6.87 N/A
13.89 95.42 6.87 N/A
Yielding 6.94 15.90 2.29 4
13.89 31.81 2.29 4
13.89 31.81 2.29 8
6.94 31.81 4.58 4
13.89 63.61 4.58 4
13.89 63.61 4.58 8
6.94 47.71 6.87 4
13.89 95.42 6.87 4
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At the start of each trial, participants were positioned before the zebra crossing, facing straight
across it. They had been instructed that they should look to the right for any oncoming traffic
when they felt ready to begin the trial. This head movement triggered the start of the trial,
with an oncoming vehicle initialised at an initial distance dy and speed vg. The experiment
included a mix of scenarios, namely constant-speed and yielding scenarios. The detail of these
scenarios is shown in Table with the initial TTA 79 = dy/vp also listed. In six constant-speed
scenarios, the vehicle appeared at a distance d (all distances measured longitudinally along the
road from the participant’s location to the front of the car) and maintained a constant-speed
vg while approaching and passing the zebra crossing. In eight yielding scenarios, the vehicle
appeared at initial distance and speed vy and dy, and immediately decelerated at a constant
rate to stop at a distance dgsiop from the participant. Participants were instructed to press the
HTC Vive’s controller button when they felt safe to cross. It should be noted that the vehicle’s
behaviour was not influenced by the pedestrian’s decision. This setup required participants to
assess crossing safety independently. Once the button was pressed, the system recorded the
Crossing Initiation Time (CIT), defined as the interval between the start of the trial and the
moment when the button press occurred. At this point, the position of the participant’s point
of view in the virtual environment (i.e., the VR ‘camera’) moved across the zebra crossing at the
speed of 1.31 m/s. Each participant faced 6 unique constant-speed trials and 8 unique yielding
trials in a randomised order, aggregating to a total of 280 trials that were used for the model’s

validation.

The low number of repetitions per participant was adopted by Giles et al. (2019) to limit be-
havioural adaptation effects. The resulting dataset is relatively small in size. However, since all
of the main phenomena we target have also been reported in other experiments, the sample size
is not a main concern here. We adopted this dataset here because of the button-press paradigm,
which provides crossing onset distributions with minimal impact from motor variability, aligning

with our present modelling emphasis on perception rather than motor control.

2.2.2 Model variants

In this section, we explain our two main mechanistic assumptions, rooted in cognitive science

and neuroscience, and introduce different model variants derived from these assumptions:

e Assumption of noisy perception: We assume that the agent’s perception of the envi-
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ronment is inherently noisy and imperfect. This noisy observation obtained by the agent
is according to the principle of the human visual system, i.e., the sensory input received

by our human visual system is noisy (Faisal et al., 2008]).

e Assumption of looming aversion: Our second assumption involves the natural aver-
sion to looming objects (DeLucia, |2008; Tian et al., 2022). Looming aversion refers to the
instinctive tendency to avoid objects that appear to be rapidly growing in size, as this is

often a cue for an impending collision (DeLucia, [2008; Tian et al., |2022]).

These two assumptions guide the development of our model variants. Each variant incorporates
the assumptions in different ways to explore how they individually and collectively influence
pedestrian behaviour. The following subsection outlines the four main model variants derived

from these assumptions, as visualised in Figure

(1) Baseline Model (BM): The BM serves as our control variant, assuming an ideal observer
with neither visual constraints nor looming aversion. This model establishes a baseline against

which to measure the impact of our two key assumptions.

(2) Looming Model (LM): The LM considers the impact of looming aversion on crossing
decisions. It allows us to understand how this aversion, independent of visual constraints, can

affect pedestrian behaviour.

(3) Visual constraints Model (VM): Conversely, the VM examines the role of visual con-
straints alone. It helps us investigate how the noisy sensory information influences pedestrian

crossing.

(4) Visual constraints and Looming Model (VLM): The VLM combines both visual

constraints and looming aversion to provide insights into their joint effect.

Each combination of model assumptions mentioned above defines an RL problem. In the next
section, we describe this RL problem in detail for the different model variants.
2.2.3 Reinforcement learning problem

Our model based on computational rationality used RL to derive the near-optimal behaviour
under constraints. In RL, the agent chooses the action by following a policy m, which yields a

probability m(s,a) = p(a | s) of taking a particular action from the given state. The optimal
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Motor policy o { Looming aversion }7
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VM
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Uncertain
state estimate
VLM

Action
1
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Figure 2.2: Comparison of models. (a) BM: Baseline Model. (b) LM: Looming aversion only.
(¢) VM: Visual constraints only. (d) VLM: Visual constraints and looming aversion. oy and c
represent the sensory noise and looming aversion weight respectively. s, o, a, and r represent
the state, observation, action and reward respectively.

I

policy 7*, maximises the value function:

V¥(s) = max R(s,a)+~ Z T(s,a,s)V*(s") (2.1)
s'eS

where « is the discount factor, a value between 0 and 1, which balances the importance of
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immediate rewards versus future ones. Here, V*(s) represents the optimal value function at

state s, and V*(s’) represents the optimal value at state s'.

In our study, we assumed that humans make decisions under uncertainties from the noisy
perception system, such that the overall task can be understood as a Partially Observable
Markov Decision Process (POMDP). In a POMDP, the agent does not have direct access to
the actual state S; instead, it receives observations that may only partially or noisily reflect
the actual state. The POMDP is represented by a tuple < S, A, T, R,O >, where S is a set of
states, A is a set of actions, T is the transition function, R is the reward function, and O is the

set of possible observations received by the agent.

State space S At each time step t, the environment is in a state s; € S. This is the positions
and velocities of the pedestrian (the RL agent) and the vehicle. All model variants in our study
share the same state space, encapsulating these five critical variables: the pedestrian’s position
Tp, Yp, the vehicle’s position Zyeh, Yveh, the vehicle’s velocity v, and time step ¢. The simulation

state update time step is set to 0.1 s, a duration suitable for our dataset and model.

Action space A At every time step ¢, the agent executes an action a; from the set A. For
the purposes of this study, and consistent with the experimental button press, the agent’s
choices are binary: either to ‘Go’ or to ‘Not Go’. Upon selecting ‘Go’, the agent proceeds
straight at the speed of 1.31 m/s, as in the experiment. Recognising that human reaction times
vary, we introduced a motor delay to simulate this aspect. This delay, implemented after the
‘Go’ decision, was sampled from a Gaussian distribution with a mean of 0.6 s and a standard
deviation of 0.2 s. After the decision was made, the simulation progressed until the agent either

crossed the road safely or a collision happened.

Transition 7' The transition function defines how the current state s; changes to the next
state s;y1 based on the action a;. In our model, when the ‘Not Go’ action is selected, the
vehicle’s movement follows kinematic equations with the given speed, and the agent’s position
remains unchanged. Conversely, when the ‘Go’ action is chosen, whether the collision happens

is calculated, and the corresponding reward is given to the agent. Then, the simulation finishes.

Reward R In the experiment where the dataset was collected, the participant’s task was

to cross the road as soon as they felt safe to do so, either before or after the car had passed
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them (Giles et al., |2019). Therefore, we assume that the participants in this experiment (pre-
sumably similar to pedestrians in real traffic) wanted to cross safely but with minimal loss of
time. We designed the reward structure accordingly: The agent will be given a reward of 20
when crossing the road without collision and a reward of —20 if a collision happens. These
reward parameters were shared across model variants. After some initial manual testing, they
were fixed to yield reasonable crossing behaviour of the BM agent but before structured fitting
of any other model parameters to the human data. A time penalty, a negative reward of 0.01 x t,

will also be given to the agent when the episode terminates]

Regarding the visual looming, this phenomenon is represented mathematically as inverse 7—the
ratio of a vehicle’s optical expansion rate to its size on the observer’s retina, which serves as
an estimate of the inverse TTA (DeLucia, |2015; Markkula et al., [2016). We incorporated this
concept into the reward function of the LM and VLM models, as shown in panels (b) and (d)

of Figure to account for the looming aversion in pedestrian decision-making.
The reward function r is defined as follows:

max(—20, min(+20,20 — 0.01 - t — ¢- =)), if arrival
r= (2.2)

—20, if collision

=

where c is the weight of the looming aversion. For model variants with non-noisy perception,

Tyeh —ZTp

. . . ~ Tyeh—T
7 = ="° "and for those with noisy perception, 7 = =i—"P
v v

, where Zyen and ¥ are noisy
estimates of vehicle position and speed (see further below). The reward r is bounded within
the range [—20,+20] to prevent extreme values from influencing the model training. As the
focus of this study is on the potential effect of noisy perception and the looming aversion to the
crossing decision, we have kept the reward function simple; future work can further refine it to

better capture human preferences.

Observation space O The agent receives observation o; € O at each time step. We tested
different formulations of the observation space: In BM—our simplest, baseline model as shown
in panel (a) of Figure the exact position and velocity of both the vehicle and the pedes-

trian are presented as inputs to the agent. Conversely, in the models with visual constraints

2Further information not present in the published article: the baseline reward values were later examined
through a reward sensitivity analysis across all four model variants. This analysis, reported in Appendix
showed that the baseline setting of R = 20 and tp = 0.01 lies within a stable and behaviourally reasonable region,
and also clarified how changes in these values affect model behaviour.
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assumption, VM and VLM, illustrated in panels (c) and (d) of Figure the position and
velocity details provided to the agent are subject to noise, emulating the inherent uncertainty
and imperfection in human visual perception, with an angular noise introduced at the level of
the human retina (Kwon et al., [2015). We assumed that the agent observes the position of
the other agent along its line of travel by observing the angle below the horizon of the other
agent (Ooi et al., |2001; Markkula et al.,|2023), with a constant Gaussian angular noise of stan-
dard deviation, oy, which could vary between pedestrians. In practice, this means that the
pedestrian observes the vehicle’s distance along the road with a distance-dependent noise of

standard deviation (Markkula et al., 2023):

oalt) = |dh(1)| (1 - " ) , (2.3)

d(t) - tan(arctan % +oy)

where dj(t) is the longitudinal distance between the vehicle and the crossing point, d(t) is the
distance between the agent and the approaching vehicle, and h is the eye height over the ground

of the ego agent, which is set to 1.6 m for all pedestrian agents for simplicity.

Additionally, there is evidence that the human perception system interprets its noisy input in
a Bayes-optimal manner, and Bayesian methods have been successful in modelling perception
and sensorimotor control (Kwon et al., [2015; Knill and Pouget, [2004; Stocker and Simoncelli,
2006)). Therefore, we used a Kalman filter as a model of the human visual perception to perceive
the environment (Kwon et al., [2015; Markkula et al., [2023). In the initialisation of the Kalman
filter, we used distinct prior distributions for position and velocity. Each distribution is centred
on the actual vehicle state, with its standard deviation set equal to that of the initial set of
values. At each time step, the Kalman filter receives noisy positional data regarding the other
agent (vehicle). The filter then produces estimates of the vehicle’s position and velocity, along
with their respective uncertainties. These filtered estimates represent the agent’s belief state,
reflecting the Bayes-optimal inference of the vehicle’s state based on the noisy observations.
These belief estimates are then fed into the RL policy as inputs, together with the precise

self-position and velocity of the agent itself and the visual noise parameter oy .

Furthermore, the LM and VLM models incorporate the concept of visual looming. This looming
aversion, modelled through inverse 7 as shown in Equation affects the agent’s perception
of potential collision risks. We gave the weight for the looming aversion, ¢, as input to the RL

policy.
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Table 2.3: Observation space variables for each model variant. ’v’ indicates the variable is
directly observed. Here, xp,y, denote the pedestrian’s position, Zyen,yven the vehicle’s posi-
tion, v the vehicle’s velocity, Zyen, ¥ the Kalman filter’s estimates of the vehicle’s position and
velocity, P, and P, are the variances in the Kalman filter’s estimate of position and speed of
the approaching vehicle, o, represents the standard deviation of sensory noise, ¢ the looming
aversion weight, and ¢ the time step.

Model z, Up Tyeh Yveh v Additional Variables
BM v v v v v t
LM v v v v v c,t
VM v v Est.(Zven) Est.(Jven)  Est.(0) Py, Py, oy,t
VLM v v Est.(Zyen) Est.(Jven)  Est.(0) Py, Py, 0y, c,t

To distinguish oy and ¢ from the parameters of the policy neural network (connection weights
and biases), we will refer to these two parameters as non-policy parameters. By feeding the
non-policy parameters as inputs to the RL policy, we are not implying that the human agent
‘observes’ its own parameter values. Instead, we are just conditioning the RL policy on these
non-policy parameters, as a more convenient alternative to learning entirely different policies

for different parameter combinations.

2.2.4 Reinforcement learning algorithm

Deep Q-Networks (DQNs) optimise the Q-function to estimate the expected utility of actions

in given states, balancing immediate and future rewards. The Q-function is defined as:

Qs,0) = r +ymaxQ(s',d’), (2.4)

where s represents the current state, a the action taken in state s, and r the immediate reward
received after taking action a in state s. The DQN algorithm is suitable for problems with a
continuous state space and a discrete action space, such as in our case. We adopted Dueling
DQN, which enhances standard DQN by separating the action selection from evaluation with
its unique structure of a value function V(s) and an action advantage function A(s,a). This
allows for more precise evaluations in scenarios where actions have similar outcomes, improving
decision-making accuracy by focusing on both state value and action advantages (Van Hasselt

et al., [2016; Wang et al., 2016]).

We represented the (s, a) values using a fully connected feedforward neural network with two
hidden layers of 512 and 256 nodes. It has been observed that larger networks tend to yield

more stable policies, and policies are more robust to noise (Xie et al., 2019). The learning rate
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and discount factor were set to 0.0001 and 0.99, respectively. To encourage exploration, we
implemented an e - greedy algorithm: at each time step ¢, the system either randomly selects
an action with probability € or chooses the action with the highest Q value with probability
1 — ¢ (Wunder et al., [2010). We initialised € at 1 and decreased it by 57 in each learning
step. The minimum value of € was set to 0.001. We trained model M, VM and LM over 25,000
episodes for convergence. Convergence here means that rewards stabilise and no longer increase
over time. The choice of this criterion is rooted in the understanding that the model has likely
learned an optimal or near-optimal policy once the rewards stop improving significantly. For
the model VLM, we extended the training to 45,000 episodes due to its added complexities from

both visual constraints and looming aversion assumptions.

To avoid the agent learning a simplistic strategy of always crossing immediately, we also included
scenarios with an initial TTA of 1 s, in which safe crossing was only feasible after the vehicle’s

arrival.

2.2.5 Fitting of non-policy parameters

Our most complex model variant, VLM, has two free model parameters, o, and c. Testing
different values for these non-policy parameters is essential because they alter the environment

in the RL problem, thus influencing the agent’s crossing decision.

Learning a separate RL policy for each possible combination of non-policy parameter values is
computationally expensive (Howes et al., 2023; Li et al., 2023). Recent studies have adopted
a more efficient approach within the computational rationality framework to address this chal-
lenge. This method involves conditioning the RL policy on non-policy parameters by integrating
them as additional inputs to the model (Keurulainen et al., |[2023)). In this case, we provided oy
and c as additional inputs to the RL policy during learning, as illustrated by the dashed line
in Figure (d). Utilising this approach, the model can learn a boundedly optimal policy for

arbitrary values of the non-policy parameters.

We do not know the correct values for the noise magnitude parameter, oy, and the weight
for the looming aversion, ¢, during the training phase. Moreover, these values might differ for
individual participants in the experiment. Therefore, during RL training, for each episode we
sampled values for these parameters from a range of oy values (from 0 to 1 in increments of

0.1) and ¢ values (from 0 to 100 in increments of 10). Then, after RL training was complete,
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we tested this learned RL policy across the entire 10 x 10 grid of non-policy parameters to
make predictions about model crossing decisions in all fourteen experiment scenarios for each

parameter value combination.

Building on this exhaustive parameter search, we determined the o and ¢ that fitted the experi-
mental data best for each participant by likelihood maximisation. We estimated the probability
density function of CIT predicted for each model by kernel density estimation separately for
each of the fourteen scenarios (Table . This allowed us to calculate the model likelihood of
each oy and c for each participant as the product of multiplying the model-predicted probability

density at the participant’s observed button press times.

2.3 Results

2.3.1 Empirical results

Panel (a) of Figure shows that the pedestrian gap acceptance rate increases with the initial
TTA (p < 0.05 and p < 0.05 for 6.9 m/s and 13.9 m/s respectively; Chi-squared test), which
aligns with previous research (Oxley et al., [2005; Lobjois and Cavallo, 2007; Petzoldt, 2014)).
From Figure[2.3] we can also see a speed-dependent gap acceptance rate, suggesting that pedes-
trians were more likely to accept the gap as the vehicle’s speed increased, given the same initial
TTA, again aligning with findings from previous studies (Lobjois and Cavallo, 2007; Tian et al.,
2022)). However, while this speed effect was particularly evident at initial TTA of 4.6 s and 6.9
s, the associated p-values (0.06 and 0.08) are not statistically significant (p<0.05), possibly due

to our limited sample size.

As shown in panel (b) of Figure this speed-dependency is also visible in the CIT metric
(Tian et al., 2022), which in our case denotes the time from the start of each trial to the
pedestrian’s crossing decision. This phenomenon was most evident in the initial TTA of 4.6 s

(p < 0.05; Wilcoxon Signed-Rank test).

As for the yielding scenarios, where the car stopped to let the participant cross, it can be seen
in Figure (c) that the car speed’s impact on CIT was most pronounced under a higher initial
TTA condition of 6.9 s (p < 0.05; Wilcoxon Signed-Rank test). Specifically, the third graph
in panel (c) of Figure shows the orange curve ascending more rapidly than the blue curve,

which means that more pedestrians cross earlier when the vehicle’s initial speed is higher at
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Figure 2.3: Empirical results. (a) Gap acceptance rate in constant-speed scenarios. (b) Cumu-
lative probability of Crossing Initiation Time (CIT) in constant-speed scenarios; black dashed
vertical lines indicate the times vehicles passed pedestrians. The X-axis means the time elapsed
from the beginning of each trial. (¢) Cumulative probability of CIT in yielding scenarios. Note:
In yielding scenarios, there are only two conditions in the initial TTA of 6.9 s as shown in
Table @, so there is no grey line in the third panel of yielding scenarios.

higher TTA conditions. This speed-dependent trend is the same as in constant-speed scenarios.
Conversely, an inverse pattern emerged for a lower initial TTA of 2.3 s. More pedestrians chose
to cross earlier when the approaching vehicle’s initial speed was low during yielding (p < 0.05;
Wilcoxon Signed-Rank test), indicating a speed-dependent yielding acceptance. This speed-
dependent yielding behaviour is illustrated by the blue curve’s quicker increase compared to the
orange curve in the first graph of the panel (c) in Figure[2.3] This finding is in line with the work
by Ackermann et al. (2019) and Tian et al. (2023), suggesting that pedestrians tend to interpret
low speed in itself as indicative of vehicle yielding. Interestingly, a combination of these two
phenomena is observed at the initial TTA of 4.6 s, with a speed-dependent gap acceptance in the
early phase of the scenario and a speed-dependent yielding acceptance behaviour emerging in the
late phase of the trial. Therefore, across the entire scenario, the mean CIT is not significantly

affected by car speed (p = 0.21; Wilcoxon Signed-Rank test).

Finally, stopping distance-dependent yield acceptance can also be seen in Figure 23] More
pedestrians tended to cross early when the vehicle decelerated at a higher rate, as shown by
the orange line lagging behind the grey line in the yield acceptance phase of the scenario (from
about 2 s in the TTA 2.3 s scenario and about 5 s in the TTA 4.6 s scenario), indicating that
greater vehicle deceleration encourages early crossing (Ackermann et al., [2019). This effect of

stopping distance on CIT was statistically significant at the initial TTA of 2.3 s (p < 0.05;
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Wilcoxon Signed-Rank test).

In sum, the empirical observations show indications of the four main phenomena we are tar-
geting, even if some are present as trends rather than as statistically significant effects in this

relatively small dataset.

2.3.2 Model results

After observing these key behaviours in empirical settings, we now investigate whether our

model reproduces these phenomena.

All model variants converged; a plot of the reward curves can be found in

Evaluation of model outcomes against observed phenomena

We evaluated our models based on their ability to replicate our four targeted key pedestrian

behaviours identified in empirical studies.

First, we analysed the results of the baseline model (BM). The results of BM for the constant-
speed scenarios are shown in the upper-left panel of Figure [2.4)and the second row in Figure[2.5
As shown in Figure the BM agent decided not to cross at the initial TTA of 1 s but
consistently accepted all safe crossing opportunities available during initial TTA conditions 2.3
s, 4.6 s and 6.9 s, where it crossed at the very start of the trial (shown in Figure and
Figure . This behaviour can be attributed to the agent’s perfect information about the
vehicle’s state, permitting it to achieve optimal behaviour for an agent whose goal is to cross
the road safely in the least possible time. The BM model variant does not capture any of the

four targeted phenomena. Below, we will consider these phenomena one at a time.

TTA-dependent gap acceptance The VM, LM, and VLM models all qualitatively captured
the TTA-dependent gap acceptance phenomenon, showing increasing gap acceptance rates with
rising initial TTA conditions. This pattern is particularly evident in the LM model, as seen in
the upper-right panel of Figure 2.4, The VLM model, integrating both visual constraints and
looming aversion (shown in the bottom-right panel of Figure , most accurately reflected the

human data, demonstrating the most human-like sensitivity to initial TTA conditions.

Speed-dependent gap acceptance While including just looming aversion (model LM) was

enough to capture the effect of TTA on gap acceptance, this model did not show any effect of
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Figure 2.4: Gap acceptance rate by human participants and different models. BM: Baseline
model. LM: Model with the looming aversion assumption. VM: Model with the visual con-
straints assumption. VLM: Model with both visual constraints and looming aversion assump-
tions. Note: the lines of the model LM and BM overlap each other.

Table 2.4: Quantitative assessment of model performance

Model type Log Lik. Params. AIC MAD(s)
BM —1289 0 2578 2.90
LM —594 20 1227 0.94
VM —588 20 1215 1.30
VLM —533 40 1146 0.34

Note: Log Lik. refers to Log Likelihood, Params. refers to Free Parameters,

and MAD refers to the mean absolute deviation across all scenarios.

vehicle speed on gap acceptance. This can be seen in Figure [2.4] where the LM lines for two
speed conditions overlap entirely. On the other hand, the inclusion of visual constraints (model
VM) caused the model to exhibit speed-dependent gap acceptance behaviour by separating the
gap acceptance curves at the initial TTA of 4.6 s. The VLM model again exhibited the best

similarity with human data, showing a clear speed dependency in the gap acceptance rate.

Speed-dependent yielding acceptance As shown in the bottom row in Figure [2.6] at the
initial TTA condition of 2.3 s, speed-dependent yielding acceptance emerged in the results of
VLM, similar to the human data, visible as a quicker increase of the blue curve than the orange

curve. In other words, the agent was more likely to cross the road earlier when the initial speed
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Figure 2.5: Cumulative probability for Crossing Initiation Time (CIT) in constant-speed scenar-
ios. Black dashed vertical lines in the human data indicate the times vehicles passed pedestrians.
Vehicles passed pedestrians at the same time in the trial for each initial TTA condition. The
X-axis represents the time elapsed from the beginning of each trial. The KS statistic quantifies
the maximum divergence between the cumulative distribution functions of human data and
model results, indicating their distributional similarity. Model abbreviations are as defined in

Figure 2.4

of the approaching vehicle was lower. Furthermore, and again in line with the human data,
at the initial TTA condition of 6.9 s, the initial speed of the vehicle has the opposite effect on
CIT (speed-dependent gap acceptance), and in the 4.6 s initial TTA condition both of the two
phenomena are visible. These speed effects can, to some extent, be observed in the results of
LM and VM at the initial TTA of 2.3 s as well, but not for the 4.6 s and 6.9 s initial TTA

conditions.
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Figure 2.6: Cumulative probability for CIT in yielding scenarios. See Figure for further
details. .

Stopping distance-dependent yielding acceptance The VLM agent replicated this phe-
nomenon both at the initial TTA condition of 2.3 s and 4.6 s, i.e., the agent had a greater
tendency to cross earlier when the vehicle stopped at a greater distance, visible as the orange
line lagging the grey line in the CIT plots. Notably, at the initial TTA of 4.6 s, this tendency
appeared only in the late crossing decisions (from about 5 s). This is probably because the
deceleration information has a stronger effect on the crossing decision when the vehicle is not
far from the pedestrian, in line with (Tian et al., . The LM model also captured this
pattern, especially at the initial TTA condition of 2.3 s. However, this pattern did not appear

in the results of the VM model.
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Quantitative Assessment of Model Performance

We assessed model performance using log-likelihood, Akaike Information Criterion (AIC), and
Mean Absolute Deviation (MAD). Higher log-likelihood and lower AIC values indicate better

model fit and simplicity, respectively. At the same time, a smaller MAD suggests a closer
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Figure 2.7: Predicted vs observed mean Crossing Initiation Time (CIT) across the different
scenarios. This comparison illustrates the model’s performance in estimating CIT in relation
to actual measurements, with the dotted line representing an ideal prediction where observed
and predicted values match perfectly.
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Figure 2.8: Heatmap of mean CIT for different values of the two non-policy parameters. Dif-
ferent colours represent the average CIT values across all different scenarios.
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Figure 2.9: Assessment of Fitted Parameters for the model with visual constraints and looming
aversion assumptions (VLM). Points represent non-policy parameter combinations, with over-
lapping points displayed as slightly horizontally offset to indicate multiple occurrences.

match between predicted and observed crossing times. As shown in Table the VLM model
demonstrated superior performance across all metrics: it achieved the highest log-likelihood
(-533), the lowest AIC (1146), and the smallest MAD (0.34 s), indicating it most accurately

represents real-world pedestrian behaviour.

Finally, we explored the influence of free parameters, o, and the looming aversion weight ¢, on
the outcomes of our most effective model, the VLM. As illustrated in Figure [2.8] we computed
the mean CIT of VLM across all test scenarios for every combination of parameter values.
There was a noticeable increase in CIT with a larger looming aversion weight c. We observed
a reverse trend with regard to the visual noise parameter, o,. An increment in o, generally led

to a decrease in CIT.

Figure presents a scatter plot that visualises two selected non-policy parameter combina-
tions for the VLM model, with some data points slightly offset horizontally to denote multiple
occurrences. The best-fit parameters lie inside the range of the search parameters, indicating

that the selected parameter range we used was sufficiently broad.
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2.3.3 Additional model tests

In addition to our main analyses, we conducted tests on four additional alternative models with
different assumptions or different modelling approaches, but none of these performed better
than the VLM model. Detailed results and figures from the tests of these alternative model

variants can be found in [A.3l

2.4 Discussion

2.4.1 Main findings

In this study, we developed a pedestrian crossing decision model. This model is based on the
computational rationality framework and uses reinforcement learning (RL) to derive boundedly
optimal behaviour policies under assumptions about human constraints and preferences. We

see four main findings:

First, the VLM model variant, which incorporates both visual constraints and looming aversion
assumptions, captured all four of our targeted behavioural phenomena. To our knowledge, no
previous models have captured all four of these phenomena. In addition, these phenomena have

not previously been addressed using a bounded optimality modelling framework.

Second, by testing different model variants, we demonstrated how specific human constraints
affect pedestrian behaviour. In particular, our investigation of the model with visual constraints
revealed that speed-dependent gap acceptance, previously interpreted as a ’bias’ in decision-

making, may instead reflect a rational adaptation to visual perception constraints.

Third, our research underscores the necessity of including both visual constraints and looming
aversion assumptions. The model variants with only one of these assumptions, VM and LM, each
only reproduced some of the phenomena. This finding highlights the complexity of pedestrian
decision-making processes. Previous research, such as the study by Tian et al. (2022)), has
typically focused on single aspects of human constraints—like looming aversion—whereas our
results suggest that both visual constraints and looming aversion play important roles, and both

need to be integrated into the same model to explain the observed human behaviour.

Fourth, another important finding is the effectiveness of our parameter conditioning method.

Applying this method to the VLM model allowed us to fit the model to the empirical data and
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demonstrate good quantitative fits with just two free model parameters per participant.

In the following subsections, we will discuss the impact of our mechanistic assumptions about
human constraints and preferences on crossing decisions and explore our study’s broader impli-

cations and limitations.

2.4.2 Impact of mechanistic assumptions on crossing decisions

In this subsection, we will first discuss how assumptions about human constraints and preference

affect the generation of the four targeted phenomena:

TTA-dependent gap acceptance While both the model with the looming aversion assump-
tion (LM) and the model with the visual constraints assumption (VM) demonstrate increased
gap acceptance with rising initial TTA, this effect is more evident in the LM model compared to
the VM model. This finding suggests that looming aversion plays an essential role in assessing
safe crossing opportunities. In the LM model, a greater TTA reduces %, resulting in a lower
looming aversion reward for crossing at higher TTA conditions. This phenomenon aligns with

the model’s inherent logic, where a higher TTA is associated with a lower perceived threat,

encouraging the agent to cross.

Regarding VM, the qualitative pattern of TTA-dependent gap acceptance for this model is
caused by the perceptual noise. Given that the agent cannot observe the vehicle’s state ac-
curately, there is a higher risk of collision during the crossing, especially in the lower TTA
conditions. To avoid the penalty from the collision, the agent is more conservative and less
likely to cross at the low initial TTA condition (2.3 s). However, at higher initial TTAs, the
impact of the perceptual noise is less detrimental to making safe crossing decisions, leading to

higher gap acceptance rates.

Speed-dependent gap acceptance Our findings indicate that models incorporating the
visual constraints assumption can generate speed-dependent gap acceptance behaviour. Under-
standing why speed-dependent gap acceptance arises from the visual constraints is not entirely
trivial. Our best interpretation is that it is related to the more dispersed distribution of esti-
mated TTA at lower vehicle speeds for a given time gap, as shown in Figure Therefore,
from a reward maximisation perspective, the agent makes more cautious decisions when inter-

acting with a lower-speed vehicle.
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This finding is interesting in relation to past explanations of speed-dependent gap acceptance
as being caused by biases in human TTA estimation, due to humans making inappropriate use
of distance information (Petzoldt, |2014)) or visual looming information (Tian et al., 2022) when
judging crossing safety. Our findings instead suggest that speed-dependent gap acceptance is
an optimal behaviour, but that this is an optimality which is bounded by the particular noise
characteristics of the human visual system. Differently put, given the nature of human visual
perception, speed-dependent gap acceptance is an entirely rational behaviour. It is, of course,
still possible that human pedestrians make use of visual looming information when making these
decisions, as suggested by Tian et al. (2022), but if so, this seems to be part of a boundedly

optimal strategy rather than a biased (i.e., suboptimal) heuristic.

Speed-dependent yielding acceptance Our results show that both the model with the
noisy perception assumption and the model with the looming aversion assumption can indepen-
dently generate the speed-dependent yielding acceptance behaviour. This can be understood
as follows: Under the noisy perception assumption, perceptual noise decreases as the distance
between the vehicle and the agent reduces. When a vehicle approaches at a slower speed, for
a given TTA, it is closer to the pedestrian, resulting in less perceptual noise. Consequently,
the agent can more accurately estimate the vehicle’s position, leading to an earlier decision to
cross. For the model with looming aversion, the slower vehicle speed near the agent reduces the
% value. This lower value increases the reward for crossing, thus encouraging the agent to cross

earlier during the vehicle’s yielding.

Stopping distance-dependent yielding acceptance This behaviour is captured effectively
by the looming aversion assumption (but not by the noisy perception assumption). This can be
understood by considering that when a vehicle decelerates from the same initial distance and
speed, stopping at a greater deceleration, further away from the pedestrian, results in a smaller
%, thereby reducing the penalty to the agent for crossing in front of the vehicle. Therefore, the

agent’s tendency to cross increases when the vehicle stops further away.

Exploration of non-policy parameters As illustrated in Figure there is a noticeable
increase in average Crossing Initiation Time (CIT) with a larger looming aversion weight c.
This is reasonable since a higher value of ¢ amplifies the perceived threat, thus leading the

agent to make more cautious crossing decisions.
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Conversely, higher noise levels o, in the visual system are associated with slight reductions in
mean CIT. This outcome is somewhat counterintuitive, especially when contrasted with the
smaller CIT exhibited by BM, which operates without visual noise. This disparity suggests
a complex interaction between the looming aversion and visual noise parameters in VLM’s
decision-making process. A possible explanation could be that lower levels of visual noise allow
the agent to predict future looming more accurately and, thus, more strategically delay crossing
the road to reduce the looming aversion penalty during a yielding vehicle’s approach. Conversely,
when the level of visual noise is high, the agent’s risk assessment of potential collisions becomes
less reliable, which may lead to a tendency to cross the road more quickly to avoid the collision
and time penalties despite the penalty for looming aversion, and thus maintain a lower overall

penalty from the perspective of reward maximisation.

2.4.3 TImplications and future work

In contrast to previous studies in modelling work (Pekkanen et al., 2021; Tian et al., [2022), we
do not specify in our model how the agent should make decisions. Instead, our model allows
the agent to learn boundedly optimal decision-making, given its environment and constraints.
By continually encountering varied scenarios in the dynamic environment, the agent learns its

policy through an iterative process of trial and error.

This dynamic learning approach offers several advantages. For one, it imparts a level of adapt-
ability to our model, enabling it to be attuned to different possible real-world conditions. Fur-
thermore, given the great success of modern deep RL in learning behaviour policy for highly
challenging tasks, the approach we have taken here should in principle be extensible to mod-
elling road user behaviour and interaction also in more general, high-complexity traffic scenarios.
This is an interesting direction for future work, which will require both the adoption of more
advanced RL methods than we have used here, and importantly also further research to estab-
lish more complete mechanistic models of the involved human perceptual, cognitive, and motor

constraints.

While our learning-based approach models the tendency of humans to naturally adapt and
refine their judgments and actions based on their experiences, it is crucial to note that the RL
algorithm by which our model learns boundedly optimal policy is not intended to mimic the

learning process in humans. Our model converges towards a policy that could be similar to

65



Chapter 2. Pedestrian crossing decisions can be explained by bounded optimal
2.4. Discussion decision-making under noisy visual perception

boundedly optimal human behaviour, but the path it takes to reach this convergence is almost
certainly not human-like. The value of our RL approach lies in its ability to explore complex
scenarios and generate behaviour that aligns with the principles of computational rationality,
thereby providing a partly mechanistic and more explainable alternative to purely data-driven

ML models.

Furthermore, our findings contribute to improving the predictive accuracy of pedestrian cross-
ing models. We reveal that two parameters — the looming aversion weight and the noise of
agents’ visual systems — have an important influence on the modelled CIT. In this regard, us-
ing real-world data from a large representative population to ascertain these parameters and
subsequently incorporating them into RL processes may be important steps towards enhanced

model accuracy.

The method of training the RL model conditioned on non-policy parameters is established
in computational rationality within the human-computer interaction domain (Keurulainen et
al., 2023). Here, we demonstrated that we could successfully apply this method to pedestrian
modelling. This parameter-conditioning is particularly beneficial if the parameter space is large,
so an interesting future direction will be to investigate pedestrian models conditioned also on a
wider range of non-policy parameters. Again, applying this model to real-world pedestrian data
presents a promising research direction. For example, we could infer non-policy parameters,
such as risk perception or walking speed, which are unique to different individuals, which could

allow more precise prediction of pedestrian behaviours in various traffic scenarios.

As mentioned in Section 2.1, while the sample size of only 20 participants might seem small, it
is important to note that our main findings concern the model’s ability to replicate the observed
qualitative phenomena, and that these have been observed in many other datasets, including
naturalistic datasets (Oxley et al., |2005; Lobjois and Cavallo, 2007; Petzoldt, [2014; Tian et
al., 2022; Ackermann et al., 2019; Tian et al., 2023|). This alignment across different studies
supports the validity of our findings despite the limited sample. Furthermore, the main direct
use of the dataset here is to demonstrate that we can do parameter inference with our approach,
including fitting to individual participants. It is important to note that we are not suggesting
that the specific parameter values we have obtained here will necessarily generalise, e.g., to
larger naturalistic samples. Instead, we reproduce qualitative behaviour phenomena that have

also been observed in naturalistic data, and we show that our model can be fitted quantitatively
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to data. In future work, we plan to extend our model to address naturalistic datasets where
more diverse scenarios are available. This can not only improve the applicability of our model
to real-world autonomous vehicle (AV) applications but also increase the generalisability of the

observed behaviour.

In this study, we used VR to simulate real-world conditions. VR offers a controlled, safe,
and replicable environment that is helpful for studying pedestrian behaviour. Kalantari et al.
(2023) have shown that pedestrian crossing behaviours observed in VR settings are comparable
to those in real-world environments, lending credence to the use of VR as a reliable method
for behavioural studies. We believe this is an important step toward applying this modelling

method to more complex real-world scenarios.

The scenario involving one pedestrian crossing at an unsignalised road was specifically chosen
to isolate and model pedestrian reactions to one oncoming vehicle without the influence of
traffic control devices such as traffic lights. This specific focus was selected to simplify the
crossing environment, ensuring that the observed behaviours were predominantly influenced by
the vehicle’s approach to provide a clear view of the factors influencing pedestrian behaviour
under these conditions. In future work, we could include more complex scenarios, such as roads
with traffic lights or interactions between pedestrians and multiple vehicles, to enhance the

practical applicability of our research.

In addition, the scenarios presented here focused primarily on constant-speed and deceleration
conditions. Although these two scenarios are commonly seen in pedestrian-vehicle interaction,
other scenarios may also be interesting; for example, drivers may accelerate when refusing to
give pedestrians priority (Markkula et al., 2023). To include more diverse scenarios in future

studies will be helpful for a more comprehensive pedestrian behaviour model.

In the field of AV simulation, the potential applications of our model are promising. For instance,
it could improve the realism and effectiveness of AV testing simulations (Markkula and Dogar,
2022)). Furthermore, by incorporating a detailed understanding of pedestrian behaviour, real-
time AV algorithms can be fine-tuned to anticipate and respond to pedestrian actions more
accurately. For example, by combining our model’s predictions with real-time data from vehicle
sensors, AV systems could achieve a higher level of situational awareness, enabling them to
make safer decisions in complex urban environments (Camara et al., [2020)). It should be noted

that it utilises only pedestrian and vehicle trajectory information—specifically, their positions
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and velocities. This type of data is readily captured by the sensor suites in modern vehicles for
real-time sensing. Similar uses of these models in, for example, infrastructure design can also
benefit pedestrian traffic safety more broadly, also in conventional human-driven traffic (Kraidi

and Evdorides, 2020; Zhu et al., [2022)).

Regarding the real-world applicability of our model in autonomous vehicle contexts, it is im-
portant to note that it utilises only pedestrian and vehicle trajectory information—specifically,
their positions and velocities. This type of data is readily captured by the sensor suites in

modern vehicles for real-time sensing.

There is clear and ample scope for further improvements to our model. For example, there is
more variability in the human crossing initiation time than in the model. This could be due to
both between- and within-individual variability of decision-influencing factors. In addition, our
reward function is simple, and so far, we have fine-tuned only parts of it (the looming aversion).
This was sufficient for our purposes, to show qualitative patterns of human road-crossing, and
contrary to our expectations, it even allowed us to achieve relatively good quantitative fits, but
there is clear room for further work. For example, following a similar approach to what we did
here with oy, we could also tune, for example, the time-loss penalty in the reward function.
This adjustment would allow the model to more accurately reflect how different pedestrians

value the trade-off between time and safety.

Another aspect to consider for future improvement of our model is its current focus exclusively
on the pedestrian’s reaction to vehicles, without accounting for the driver’s reaction to the
pedestrian as discussed in Section Real-world scenarios often involve a dynamic interplay
between both parties, influencing each other’s decisions. To address this gap, future studies
could employ multiagent RL to model the interactions between pedestrians and drivers more

realistically (Hu, Wellman, et al., |1998).

Finally, it is interesting to note that we face the challenge of fully understanding the complexity
of our model’s behaviour. This issue arises both in relation to the speed-dependent gap accep-
tance (we have shown that this behaviour is boundedly optimal, but we have not been able to
fully explain why) and the effect of visual noise levels on CITs (zero noise causes rapid decisions
but low levels of noise cause slower decisions than high levels of noise). While our computa-
tional rationality model is more interpretable than fully data-driven ML models, it only partially

eliminates the challenge of explicating the 'why’ behind its decision-making processes. On a
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high level, the behaviour of our model, governed by the principle of computational rationality
and informed by RL, can be explained quite simply as boundedly optimal, but formulating a
more detailed explanation of why a certain behaviour is boundedly optimal may not always be

straightforward.

2.5 Conclusions

In conclusion, this study contributes to modelling human pedestrian crossing decisions, utilising
a computational rationality framework, and using RL to identify boundedly optimal behaviour
policy. Under our chosen human-like constraints, we demonstrate that our model can emulate
human-like behaviour in road-crossing scenarios with both non-yielding and yielding vehicles.
Interestingly, our findings suggest that the previously reported speed-dependent gap acceptance
behaviour in pedestrian decision-making can be understood as a rational adaptation to visual
perception constraints. Our best model not only reproduces this behaviour but also qualita-
tively and quantitatively captures three other key phenomena: TTA-dependent gap acceptance,
speed-dependent yielding acceptance, and stopping distance-dependent yielding acceptance. In
addition, we identified two parameters—the weight of looming aversion and the noise in agents’
visual systems—which can provide a better understanding of human decision-making in real-
world pedestrian crossing scenarios. While we recognise the need to investigate and develop
our model further, the insight from this study provides a promising foundation for improved
pedestrian models. Not least, the inherent adaptability of RL suggests the potential for future
extensions to more complex traffic scenarios, a challenge that traditional mechanistic models
may find difficult to address. The potential applications of our model are notable. In the field of
AVs, our results can contribute to more realistic simulated road users in virtual testing environ-
ments and guide vehicular decision-making algorithms to better anticipate human behaviour,

ensuring safer human-AV co-existence.
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Chapter 3

Modeling Pedestrian Crossing
Behavior: A Reinforcement
Learning Approach with Sensory

Motor Constraints

Abstract

Understanding pedestrian behavior is crucial for the safe deployment of Autonomous Vehi-
cles (AVs) in urban environments. Traditional pedestrian behavior models often fall into two
categories: mechanistic models, which do not generalize well to complex environments, and
machine-learned models, which generally overlook sensory-motor constraints influencing human
behavior and which are thus prone to fail in unseen scenarios. We hypothesize that sensory-
motor constraints, fundamental to how humans perceive and interact with their surroundings,
are essential for realistic simulations. Thus, we introduce a constrained reinforcement learning
(RL) model that simulates the crossing decision and locomotion of pedestrians. Our model
includes human sensory constraints, giving the agent imperfect information about the environ-
ment, and human motor constraints incorporated through a bio-mechanical model of walking.
We gathered data from a human-in-the-loop experiment to understand pedestrian behavior.

The findings reveal several behavioral patterns not addressed by existing pedestrian models,

80



Chapter 3. Modeling Pedestrian Crossing Behavior: A Reinforcement Learning Approach with
Sensory Motor Constraints

regarding how pedestrians adapt their walking speed to the kinematics and behavior of the
approaching vehicle. Our model successfully captures these human-like walking speed patterns,
enabling us to understand these patterns as a trade-off between time pressure and walking ef-
fort. Importantly, the model with both sensory and motor constraints performed better than
models only incorporating one of the two. Additionally, behavioral patterns related to external
human-machine interfaces and light conditions were also captured by the model. Overall, our
results not only demonstrate the potential of constrained RL in modeling pedestrian behaviors
but also highlight the importance of sensory-motor mechanisms in modeling pedestrian-vehicle

interactions.
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3.1. Introduction Sensory Motor Constraints

3.1 Introduction

Autonomous vehicles (AVs) have attracted considerable attention from the public and play a
crucial role in developing the intelligent transportation system of tomorrow. A critical aspect
of integrating AVs into the urban environment is their ability to interact safely and smoothly
with other road users (Rasouli and Tsotsos, 2019)). Among these road users, pedestrians exhibit
complex and often unpredictable behaviors. Thus, to improve the interaction between AVs
and pedestrians, researchers have tried different approaches. For example, external Human-
Machine Interfaces (eHMIs) have been proposed as a means to communicate AV intentions
(Xu et al., 2024; Man et al., |2025), and their effectiveness has been proven (Izquierdo et al.,
2024; Alhawiti et al., |2024). Other researchers have tried to develop models that can help
us understand and predict pedestrian behavior (Camara et al., 2020)). These models employs
primarily two approaches: mechanistic models and machine learning (ML) models. Mechanistic
models, including cognitive models grounded in psychology and neuroscience, provide detailed
insights into the cognitive processes underlying pedestrian behaviors but often struggle with the
complexity and diversity of real-world scenarios (Hollmann, [2015; Markkula et al., 2023). ML
models, in contrast, use data-driven techniques to learn from large datasets and predict pedes-
trian movements effectively. However, they require extensive labeled data, lack interpretability,
and sometimes do not generalize well outside their training datasets (Papathanasopoulou et al.,
2022; Quan et al., [2021). In addition, ML models primarily aim to improve motion prediction
accuracy using metrics such as Root Mean Squared Error (RMSE) and Average Displacement
Error (ADE). However, accurate motion prediction alone is not sufficient to ensure optimal AV
performance. AVs must also consider social interaction and understand the decision-making
processes of other road users. By doing so, AVs can exhibit more adaptive and socially-aware
driving behaviors, leading to safer and more efficient interactions in complex traffic environments

(Benrachou et al., 2022).

Our previous work has focused on addressing these challenges by developing a pedestrian model
that integrates the strengths of both cognitive and ML approaches (Wang et al.,|2025). Specif-
ically, we have explored the use of reinforcement learning (RL) to model the binary decision of
go/no-go in pedestrian crossing scenarios when interacting with an approaching vehicle, incor-

porating theory about visual perception to capture realistic human-like road crossing decisions.

In the present work, we aim to further this approach by considering additional aspects of visual
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perception (eHMI and lighting conditions), and crucially extending it with a biomechanical
model of walking, allowing us to address also motor aspects of pedestrian behavior. By in-
tegrating these sensory-motor mechanisms into RL models, we attempt to capture a range of

behavioral patterns observed in a controlled experiment on pedestrian road-crossing.

3.2 Background

3.2.1 Pedestrian crossing behaviors
Observed behavioral patterns in pedestrian crossing

In this paper, we define a behavioral pattern as a relationship between a dependent variable that
reflects pedestrian behavior and an independent variable influencing it. Below, we introduce
several key behavioral patterns related to pedestrian crossing as reported by previous literature.
Some of these behavioral patterns were modeled in our previous study (Wang et al., 2025)), while
others remain less explored. One behavioral patterns we modeled is the gap acceptance rate,
which refers to the rate at which pedestrians accept the time or distance gap between themselves
and approaching vehicles. Another is the crossing initiation time (CIT), defined as the time
between the gap appearing and the pedestrian starting to cross. Both gap acceptance and CIT
increase with the time to arrival (TTA) of the vehicle, as well as with the vehicle’s speed (Tian
et al., [2022). Another important behavioral patterns regarding the pedestrian crossing speed,
was not captured by our previous crossing decision model (Wang et al., 2025). This metric tends
to decrease as the time gap increases, suggesting a compensatory behavior where pedestrians

walk faster when accepting shorter gaps (Kalantarov et al., |2018)).

Sensory-motor mechanisms in pedestrian crossing

Pedestrian crossing decisions are influenced by a variety of sensory-motor mechanisms, which
impact how pedestrians perceive and interact with their environment. In this study, we focused

on noisy perception, looming aversion, time pressure, walking effort, and ballistic speed control.

Noisy perception Human perception of the world is inherently noisy and imperfect (Faisal et
al., 2008]). This noisiness can be due to several factors, such as individual differences in sensory
acuity (Manning et al., 2022)) and environmental conditions (e.g., poor lighting, weather). It

has been argued that this visual limitation affected the pedestrian crossing decision (Kotseruba
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and Rasouli, 2023)). For example, noisy perception can lead to errors in estimating the speed
and distance of oncoming vehicles, making it challenging for pedestrians to accurately judge

safe crossing opportunities.

Looming aversion Visual looming describes the perceived growth of an object’s size as it
approaches (DeLucia, 2008). The aversion to looming refers to the tendency of individuals to
react more strongly to objects that appear to be rapidly approaching (Mulier et al.,2024). This
phenomenon is rooted in the perceptual system’s sensitivity to motion cues that signal potential
threats, and influences pedestrian crossing decision. For example, Tian et al. (2022)) explained

speed-dependent gap acceptance behavior by using looming aversion.

Time pressure Time pressure has a significant effect on pedestrian crossing behavior (Tian
et al., 2022). For example, when pedestrians are under time constraints, either due to the rapid
approach of a vehicle or a short signal phase (Kalantarov et al., 2018)), they tend to initiate

crossing faster and adopt higher walking speeds.

Walking effort Individuals choose their walking speed accounting for not only the time but
also the energy spent on walking (Carlisle and Kuo, [2023). Researchers have considered the
walking effort in gait modeling works (Choi, |1997; Faraji et al., 2018). However, the impact
of walking effort has not been extensively investigated in the existing pedestrian modeling
literature. Considering the trade-off between the energy and time costs can help to better
predict the walking dynamics. For example, studies have shown that older pedestrians often
exhibit more conservative crossing behaviors, partly due to the increased walking effort required

and the need to ensure their safety (Oxley et al., 2004)).

Ballistic speed control Early researchers noted that humans tend to adjust their sensori-
motor movements through intermittent, ballistic control, rather than continuous adjustments
(Tustin, 1947; Craik, |1948)). Here, we adopt this ballistic perspective in the context of walking,
assuming that each walking step is ballistic. In reality, humans can to some extent alter their
walking trajectory in the middle of a walking step (Barton et al., 2019), but in the present

model we neglect this behavior.
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3.2.2 Pedestrian crossing models

The development of models to predict and understand pedestrian crossing behavior has been a
significant focus of research for many years. These models vary in complexity and approaches,

capturing different aspects of pedestrian decision-making processes and walking dynamics.

Logistic regression models

Logistic regression models, including more recent cognitive cue-based models like the one pro-
posed in Tian et al. (2022), aim to predict whether a pedestrian will cross the street under
certain conditions. These models typically consider factors such as vehicle speed, and distance
(Lobjois and Cavallo, 2007)). However, these models primarily focus on crossing decisions with-
out considering the subsequent walking dynamics, making them difficult to integrate into more

comprehensive simulations of traffic and pedestrian behavior.

Mechanistic models

More complex mechanistic models, such as evidence accumulation models, simulate the human
decision-making process by considering how pedestrians gather information over time (Giles
et al., 2019; Pekkanen et al.,|[2022]). These models attempt to capture the gradual accumulation
of sensory and contextual data that leads to crossing decisions. They also provide a deeper
understanding of the cognitive processes involved, and in some cases also include some limited
consideration of walking dynamics (Markkula et al., 2023|). However, integrating multiple cog-
nitive theories into a unified model is challenging because these theories often have differing
assumptions, involve complex interactions, require scalable and adaptable frameworks, and in-
crease model complexity, which can reduce practical usability. This complexity makes it difficult
to capture a broader range of behaviors and apply such models to more complex situations and

environments (Markkula et al., [2023)).

Machine Learning Models

ML models leverage large datasets and advanced algorithms to predict pedestrian behavior with
high accuracy and have shown good performance in real-time pedestrian trajectory prediction
(Quan et al., 2021)). While the accuracy of these ML models can be impressive, they share
several limitations. First, they often act as 'black boxes’, meaning they may fail to reveal the

reasons or mechanisms behind those behaviors (Madala and Gonzalez, [2023). In addition, the
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"black box’ nature of ML models in autonomous driving poses risks, as their lack of transparency
can lead to unexplainable mistakes (Roshdi et al.,2024). Second, high-level statistical accuracy
does not guarantee that the models capture those behaviors that matter to humans (Srinivasan
et al., [2023). Third, the absence of a theoretical grounding of the behavior can sometimes
lead to performance issues. While they perform well on the training data, they may struggle
to generalise to new and unseen data (Xu et al., |2020b). In addition, ML models heavily
rely on large training datasets. Whereas collecting such extensive data under all possible road
conditions is almost an impossible task, leading to critical scenarios being underrepresented or

missing in most datasets (Diaz-Ruiz et al., 2022).

Models based on (bounded) optimality

Another approach to modeling human behavior is bounded optimality (Wang et al., 2025;
Hoogendoorn and HL Bovy, [2003; Wang et al., 2023)), based on the assumption that humans
behave optimally with respect to a utility or cost function, but with constraints imposed by the
human cognition and body (Gershman et al., 2015; Oulasvirta et al., 2022). By using RL as a
method for solving the bounded optimality problem, this approach integrates the strengths of

both cognitive models and ML models.

Different from traditional data-driven ML algorithms, which typically learn directly from large
datasets without iterative interaction with the environment, RL offers a paradigm wherein an
agent interacts with a dynamic environment, and the optimal policy will be derived through
trial-and-error (Kaelbling et al., 1996|). This approach is particularly suited for modeling tasks
that involve sequential decision-making, such as pedestrian crossing. Crossing decisions re-
quire a series of interdependent sensory and motor actions, as pedestrians continuously assess
environmental factors like vehicle speed and proximity, while adjusting their own movements
accordingly. By incorporating models of human sensory and motor mechanisms, RL can be

used to learn bounded optimal behavior under these constraints.

Our previous work using this method captured the pedestrian crossing decisions when interact-
ing with one vehicle, and captured several observed behavioral patterns (Wang et al., 2025).
However, research gaps remain in the previous model. Key questions include whether our inte-
grated cognitive and RL approach can generalise to a wider range of situations and behavioral

patterns, and whether the model can be expanded to include motor constraints, which would
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Figure 3.1: Panel (a) is the Model framework. Panel (b) is the virtual environment. Panel (c)
is a schematic of the deceleration procedure used in this study. Panel (d) is the walking model,
adopted from (Carlisle and Kuo, [2023]).

allow us to more accurately represent the physical execution of walking actions during road

crossing.

3.3 Methods

3.3.1 Experiment

To develop and test our model, we used a dataset from an experiment conducted in the Uni-

versity of Leeds Highly Immersive Kinematic Experimental Research (HIKER) laboratory.

The experiment is described in full in Lee et al. (2024), below we provide a summary for
completenessﬂ In this study, the task of the participant was to cross the road between two
approaching vehicles safely — as shown in panel (b) of Figure A mixed design was used,
with five within-participant variables: (i) the initial speed vy of the approaching vehicles (25/30
mph); (ii) the time gap ¢y between the vehicles (3/5 s); (iii) the yielding behavior of the second
vehicle with a constant deceleration rate a (yielding/non-yielding); (iv) the presence of eHMI
while yielding (present/absent); and (v) the time of day (daytime/nighttime); and one between-
participant variable: participants’ age (younger/older) (Lee et al., 2024). In this study, the
eHMI was presented as a cyan color light around the windscreen in some of the yielding trials.
Participants were informed that the presence of eHMI means that the approaching vehicle was

signaling ‘I am yielding’. Prior to the experiment, all participants signed the consent form

!More detailed description of the experiment is reported in Appendix
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Table 3.1: Vehicle approach scenarios in the experiment.

Scenario type wvo (mph) 7o (s) a (m/s?)

Constant speed 25 3 N/A
25 5 N/A

30 3 N/A

30 5 N/A

Yielding 25 3 -2.3

25 5 -2.3

30 3 -2.3

30 5 -2.3

agreeing to take part in the study. Ethical approval was obtained from the University of Leeds

Research Committee [

The recorded data used from the experiment include participants’ crossing decisions, CIT, and
walking speeds; these quantities were estimated from a body tracker located on the participant’s
head, measuring XYZ position at a sampling rate of 50 Hz. Furthermore, we classified crossing
behaviours in yielding scenarios as either early or late. This classification relies on the concept
of bimodal crossing, where pedestrian responses can typically be categorised into two distinct
modes based on their timing relative to vehicle behaviour, with pedestrians choosing to cross
either well before a vehicle slows down or waiting until it is clearly safe to do so. In our study,
early and late crossings were defined based on CIT, using as threshold the moment at which the
vehicle speed had dropped to two-thirds of its initial speed, which approximately corresponded
to the minimum between the two peaks in the bimodal CIT distribution. It should be noted

that the distinction between early and late crossings is applicable only in yielding scenarios.
3.3.2 Model

Sensory-motor mechanisms

In this paper, we explore the influence of four sensory-motor mechanisms on the crossing behav-
ior as detailed in Section [3.2.1] noisy perception, visual looming, time pressure, walking effort

and ballistic speed control; as illustrated in Figure (a) Fj

“Ethical approval was obtained from the University of Leeds Research Committee (Ref: 0536).

3In the published version, ‘time pressure’ was mistakenly included in this list. The model described in this
chapter in fact included four mechanisms: noisy perception, visual looming, walking effort, and ballistic speed
control.
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Noisy perception The agent’s perception of environmental distances includes a constant
Gaussian angular noise, o, which affects the estimation of vehicle positions and velocities.
A higher o, means more noise in the agent’s perception system. This model incorporates a
Kalman filter to adaptively refine these estimates, leveraging Bayesian methods to approximate
the state of the environment refer to the previous paper for mathematical details (Wang et al.,

2025).

Visual looming This phenomenon is mathematically represented as inverse 7—the ratio of
a vehicle’s optical expansion rate to its size on the observer’s retina, which is an estimate of the
inverse TTA (Markkula et al., 2016; DeLucia, 2015). We defined looming aversion as follows:
L=c- %, where c¢ is the weight of the looming aversion, if v > 0; otherwise 0, and ¢ Kalman-
filter estimated TTA of the vehicle. The higher ¢ means the agent has a stronger preference for

avoiding visual looming.

Walking effort To account for walking effort, we adopt the biomechanical model of walking
from Carlisle and Kuo (2023). The equation for the new velocity v;" is:

v = v; cos 20 + \/2u; sin 20 (3.1)

P =

where v;” is the initial walking speed, vi"’ is the new walking speed after the action, and 20
is the angle between two legs. The term /2u; represents the velocity component due to the
exerted effort. The derivation of Equation starts with the assumption that the pedestrian’s
leg motion can be described as a pendulum (see panel (d) of Figure [3.1), and that the speed
change is caused by the effort u;. This effort required for this change is related to the kinetic

energy:

1
u; = §m(Av)2 (3.2)
and solving for Av: Av = y/2u;/m. Since u; is effort per unit mass, this simplifies to: Av =

Vv2u;. Therefore, the effort u; required for this change is given by:

(v cos(260) — vT)?
2 - sin?(20)

(3.3)

U; =

The total walking effort, F,,, is then calculated as: E = (- u;, where 3 is a parameter that

scales the walking effort for different individuals. A higher 8 means the agent has a stronger
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preference for saving energy during crossing.

Ballistic speed control As mentioned in Section we assumed that the agent adjust
their movement using the ballistic speed control. Therefore, upon selecting an action, the agent
employs ballistic speed control, which means the agent maintains the acceleration rate a needed
to change its speed to the desired value, which is defined as a = %, where V; and V;_4
represent the velocities of the agent at two consecutive decision points. The time interval Tytep, is
calculated based on the relation between step length, velocity, and frequency, with the preferred
speed v and step length s following the equation s = Uped0'42 (Grieve, 1968). Consequently, the

duration of a walking step is given b Titep = vped*O'E’S.

Reinforcement learning problem

Our RL environment is an example of a Partially Observable Markov Decision Process (POMDP),
where the agent does not have direct access to the true state; rather, it receives observations
that may only partially or noisily reflect the actual state. The POMDP is represented by a tuple
< S, AT, R,O >, where S is a set of states, A is a set of actions, T is the transition function,

R is the reward function and O is the set of possible observations received by the agent.

State At each time step t, the environment is in a state s; € S, which includes the position
and velocity of both the pedestrian (agent) and two vehicles. All model variants in our study
share the same state space: the pedestrian’s position Zped, Yped, the pedestrian’s velocity vpeq,
the vehicles’ positions Zyeh,; Tvehys Yvehy > Yvehy, the vehicles’ velocities vy, vg, and time step t.
The simulation updates the state every 0.1 s, a step size chosen as a tradeoff between the
computational cost and the accuracy to represent dynamic interactions between vehicles and

pedestrians.

Action At the completion of each walking step Tycp, the agent executes an action a; from
set A. In this study, the action space in this study is A = {0.1,0.2,...,2} m/s. Each action
value corresponds to a different desired walking speed, enabling the agent to adjust its velocity.
Upon selecting an action, the agent employs ballistic speed control, which means the agent
maintains the acceleration rate needed to change its speed to the desired value, which is defined

Vi—Vi_
as a = ———

. After the decision is made, the simulation progresses until the execution of the

walking step is completed, at which point the agent can make the next decision.
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Transition The transition function defines how the current state s; changes to the next
state s;11 based on the action a;. As the decision-making of the pedestrian is the main focus
of this study, in line with the experimental setup, the vehicle in our simulation maintains
a predefined behavior pattern and does not dynamically respond to the pedestrian’s actions.
This approach allows us to isolate and analyze the pedestrian’s decision-making process. The
vehicle’s movement follows kinematic equations with the speeds and accelerations corresponding
to the scenario in question. The pedestrian’s walking speed is updated with the ballistic walking
step acceleration as explained above. The simulation ends when a collision occurs or the agent

crosses the road safely.

Reward According to the experiment, we assumed that the agent wanted to cross safely,
while minimizing time losses, energy losses, and any discomfort from experiencing high levels

of visual looming.

The reward function r was designed accordingly: r = A — C — F — L, where A = 20 — T if
the agent successfully crosses the road, otherwise A = 0, and where T is the weighted time
penalty, T = « - t, where t is the time elapsed in the episode and « is the scaling factor of
the time pressure; with higher o making the agent more likely to cross the road quickly; C is
20 if collision, otherwise 0; L = c - % if v > 0, otherwise 0, and £ = - u;, where E is the
penalty for walking effort. The reward r is bounded within the range [—20,+420] to prevent
extreme values from affecting the model training. The value of 20 was initially determined
through manual testing of the model in a simplified scenario without sensory-motor constraints,
where the agent attempted to cross the road as quickly as possible without colliding. This
testing helped establish a baseline for the reward scale, ensuring that the reward values yielded

qualitatively human-like pedestrian behavior.

Observation As previously mentioned, the agent observes their own state and Kalman es-
timates of the vehicle’s state. Moreover, because we have trials with eHMI on the vehicle, we
also gave the input representing eHMI in the model, with 0 for eHMI off and 1 for eHMI on. In
addition, since we have different parameters that influence the sensory-motor process, i.e., oy,
a, B and ¢, we also gave these parameters as input to the RL policy, i.e., we are conditioning
the RL on these parameters (Howes et al., [2023; Li et al., [2023), which we refer to as non-policy

parameters to distinguish them from the parameters of the policy neural network (connection
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weights and biases).

Different Model Variants

To explore how the various mechanistic assumptions in the model affect the generated pedestrian

behavior, we tested different model variants:

SM: A model with all of the mechanistic assumptions described above, including both sensory
assumptions (visual limitations and looming aversion) and motor assumptions (walking effort

and ballistic speed control)

S: A model with the sensory assumptions but not the motor assumptions. When excluding
the assumption about ballistic speed control, a more conventional RL approach of directly
controlling the speed at each time step (Vizzari and Cecconello, 2022; Sun et al., 2019; Xu

et al., 2020a) was used.

M: A model with the motor assumptions but not the sensory assumptions.

Reinforcement learning

Proximal Policy Optimization (PPO) is a policy gradient RL algorithm that improves training
stability and reliability by using a clipped objective function (Schulman et al., [2017)). This
method strikes a balance between exploration and exploitation, ensuring that updates to the
policy are not too large. PPO is computationally efficient and straightforward to implement,

making it a popular choice for various reinforcement learning tasks El

It should be noted that, in our study, PPO is used to learn an optimal behavioral policy for the
simulated pedestrian, independent of the simulator study. The simulator study provides data
on human road-crossing behavioral patterns, while PPO is applied separately to learn optimal

behavior under different sensory and motor constraints.

For our implementation, we used the Stable Baselines 3 (SB3) library (Raffin et al., 2021).
The model was trained for 3 million environment time steps using the PPO algorithm. The
parameters for training are shown in Table The reward and total loss during training are

shown in Fig. B:2] Due to differences in POMDP structure between models, their final reward

4Further information not present in the published article: the choice of PPO in this chapter reflected the
relatively constrained optimisation problem, in which only the pedestrian policy was learned and the action
space consisted of discrete walking-speed choices. A more detailed discussion of RL algorithm choice is provided

in Section @
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Table 3.2: PPO Model Configuration

Parameter Description

Policy Network Multi-layer Perceptron (MLP)

Input Dimensions | Varies by model variants

Learning Rate 3 x 1074

Batch Size 64

Discount Factor 0.99

Network Structure | Two hidden layers with 128 and 64 neurons
ReLU activation functions.

and loss values converge to different levels. As mentioned, we gave non-policy parameters as
additional input to the RL network; for each new RL episode we sampled uniformly from these
ranges: [oy (0-10), a (0-4), S (0-10), and ¢ (0-10)]. In practice, this means that the RL is

learning how the optimal policy varies across this space of non-policy parameters.

To ensure the agent did not learn trivial policies based on limited experimental conditions,
we trained the RL agent with a wider range of kinematic conditions than the scenarios in the
experiment. The initial speed was sampled from a uniform distribution between 8 m/s and 17

m/s, and the time gap was sampled from a uniform distribution between 0.1 s and 10 s.

Fitting non-policy parameters

As previously mentioned, we defined the magnitude of noise in the perception system, along
with the weights for looming aversion, time pressure, and walking effort constraints, as non-
policy parameters. A priori, we do not know the correct values for the non-policy parameters,
which may also vary between participants in the experiment. Additionally, considering the day
and night scenarios in the experiment, we hypothesized that visual noise differs between these

scenarios. Consequently, for each participant, we wished to fit two oy values (one for day and

0.0
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Figure 3.2: Reward and training loss of different model variants.
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one for night) and one value for each of the other three non-policy parameters.

To fit these non-policy parameters to data, we used Bayesian Optimization for Likelihood-Free
Inference (BOLFT), a method employed for parameter estimation in models where the likelihood
function is intractable or computationally expensive to evaluate (Gutmann, Cor, et al., 2016).
This inference method has been previously applied to RL-based simulation models of human
behavior (Kangasrdésio et al., 2017; Moon et al., 2022)). BOLFI requires the user to define
a function quantifying the discrepancy between simulated and observed data, and employs a
Gaussian process as a surrogate model to approximate how this discrepancy function varies

with model parameter values.

In our study, we used BOLFI to find non-policy parameter values minimizing the following

discrepancy function:

nny ~ ny A
Discrepancy = log ( (Z M) i (Z \eZeZ|)
=1 gmax i=1 emax

n ’CITZ- _ ciT,

— |vi — i

where the "refer to model predictions, n, ny,y, n, are the number of all trials, non-yielding trials,

_|_

and yielding trials for one participant.

Each term in Equation [3.4] represents the difference between the average values of specific
behavioral metrics under different kinematic conditions, as generated by various combinations
of non-policy parameter values in the simulation and as observed in the human data, which
our model aims to reproduce. These metrics include the gap acceptance rate (the frequency of
crossing before the second vehicle in constant-speed scenarios), early crossing rate (the frequency
of crossing early vs late in yielding scenarios, CIT, and average walking speed. Dividing by the
maximum observed value normalizes the differences, as each metric can have a different value

range.

We initialized BOLFI with uniform distributions for all the non-policy parameters, in the ranges
mentioned in Section and ran 80 optimization iterations, which was sufficient to achieve

convergence for all model variants.

95



Chapter 3. Modeling Pedestrian Crossing Behavior: A Reinforcement Learning Approach with
3.4. Results Sensory Motor Constraints

Behavioral pattern analysis

The primary goal of this analysis is to evaluate the similarity between simulated and experimen-
tal outcomes. We focused on behavioral patterns of the dependent variables—gap acceptance,
early crossing rate, crossing initiation time (CIT), and average walking speed—as functions of
the independent variables: time of day, time gap, vehicle speed, and eHMI. To identify statisti-
cally significant behavioral patterns in the experimental data, we employed Generalized Linear
Mixed Models (GLMM) for binary dependent variables (gap acceptance and early crossing rate)
and Linear Mixed Models (LMM) for continuous dependent variables (CIT and average walking
speed). The fixed effects variables included time of day (day / night), Time Gap (3 s / 5 s),
Speed (25 mph / 30 mph), and eHMI (on / off ) where applicable. Participant ID was included
as a random effect variable in all models. As we observed different pedestrian behaviors in early
and late crossing in yielding scenarios, we used early or late crossing as an additional fixed effect

in the analysis of average crossing speed, coding 0 for late crossing and 1 for early crossing.

To evaluate whether our simulation model captures these behavioral patterns, we generate
simulated datasets using the parameter-fitted model, ensuring that the sample size matches
that of the original experiment. We then apply the same statistical analysis to the simulated
data and compare the resulting patterns with those observed in the experimental data. This
approach allows us to systematically assess the extent to which the simulated behavior aligns
with real-world observations.

Table 3.3: Statistical Analysis of Gap acceptance rate in non-yielding scenarios and early cross-
ing rate in yielding scenarios in the experiment. (* p < 0.05, **0.01 > p > 0.001, *** p < 0.001).

Gap acceptance Early Crossing
Estimate Std. Error p-value Estimate Std. Error p-value
Intercept -19.409 1.965 <.001 *FF 17817 1.627 <.001 HEE
Speed 0.371 0.09926 <.001  FE 0.426 0.090 <.001 HEE
Time Gap 3.089 0.244 <.001 eE 2.576 0.173 < .001
Time of Day -0.45262 0.217 0.037 * -0.410 0.194 0.035 *
eHMI / / / -0.330 0.194 0.0885

3.4 Results

All the behavioral patterns we focus on in this study are summarized in Figure [3.3] with the

gray cells indicating the statistically significant effects of the independent variable on pedestrian
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Figure 3.4: Gap acceptance rate in non-yielding scenarios and early crossing rate in yielding
scenarios as observed in human behavior and predicted by the models.

behaviors observed in the experiment. The cells with symbols mean that the corresponding

model variant captures that behavioral pattern.

3.4.1 Experimental results

In this section, we present the experimental findings for the four behavioral metrics introduced
in Section [3:3:2} gap acceptance rate in non-yielding scenarios, early crossing rate in yielding
scenarios, CIT and average walking speed. We only report statistically significant effects (p <

0.05) in this section.

Gap acceptance and early crossing rate

As can be seen in the first row of Figure the gap acceptance rate and early crossing rate
showed the same pattern: Pedestrians were more likely to cross when approaching vehicles
were travelling at 30 mph compared to 25 mph (p < .001), and to cross with a larger time
gap (p < .001). These trends are consistent with previous studies mentioned in Section
Additionally, pedestrians were more inclined to cross during the daytime compared to nighttime

(p < 0.05).
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Table 3.5: Statistical analysis of pedestrian crossing speeds in the experiment

Estimate Std. Error p-value

Intercept 1.359 0.037 <.001 ¥
Speed -0.001 0.002 0.609

Time Gap -0.046 0.003 < .001 F**
Time of Day -0.004 0.005 0.447

Early cross 0.188 0.008 <.001 FFx
eHMI -0.013 0.005 0.016 *

Crossing initiation time (CIT)

As can be seen in the first row of Figure [3.5] pedestrians were more likely to cross earlier when
the speed of approaching vehicles was higher (p < .001), and when the time gap was greater
(p < .001). These trends were consistent across the three categories. In addition, pedestrians
showed a smaller CIT at nighttime compared to daytime in non-yielding and early crossing
in yielding scenarios. Conversely, in late crossing in yielding scenarios, pedestrians initiated
crossing more slowly at nighttime compared to daytime. Furthermore, from Table eHMI
had an effect on CIT in late crossing scenarios (p < .001). Specifically, when eHMI was on,

pedestrians started to cross earlier.

Average walking speed

From the first row of Figure |3.6] it can be seen that pedestrians crossed the road faster when
the time gap was smaller (p < .001). Pedestrians were also more likely to cross faster during
early crossings (p < .001). Furthermore, the average crossing speed was also affected by the

eHMI (p < .001). Specifically, when eHMI was on, pedestrians walked slower.

Overall, the experimental data showed 19 different statistically significant effects, shown as cells

shaded gray in Figure |3.3

3.4.2 Model results

In this section we examine to what extent the three different model variants were able to capture

these observed effects; this is also summarized in Figure [3.3

The overall collision rate in the experiment was 0.002, indicating that collisions were rare E}

The collision rates for the SM, S, and M models were somewhat higher but still small, at 0.027,

SHere ‘rare’ should be understood only in relation to this specific experimental setting. A broader discussion
is provided in Section
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0.044, and 0.040, respectively. These values indicate that each model variant could successfully

learn to cross the road, with a relatively low incidence of collisions.

Gap acceptance and early crossing rate

Rows 2-4 of Figure show the gap acceptance behavior of the three model variants: The
experimental results for gap acceptance and early crossing rates were best captured by the SM
model. This model captured all six behavioral patterns. In contrast, the S and M models only
captured two of these patterns: the increases with increasing time gaps, but not the speed
or day/night effects. From Figure we can find that the S model shows a higher crossing
tendency under short time gaps than the M model. This can be attributed to the lack of
walking effort and ballistic control assumptions in the S model, enabling the agent to change
speeds at each step without penalties. In contrast, the M model integrates these assumptions,
which means that the agent of the M model must consider the energetic cost of accelerating
or decelerating when choosing speeds. As a result, this model tends to demonstrate more

conservative behavior under similar conditions, leading to a lower gap acceptance rate.

CIT

Rows 2-4 of Figure show the CIT of the three model variants: The SM model exhibited the
best performance by accurately capturing four key behavioral patterns. It shows the increase
in CIT with both speed and time gaps in non-yielding conditions, aligning closely with human
data. In early crossing conditions within yielding scenarios, it captured the speed-dependent
pattern, and in late crossing scenarios and illustrated the relationship between CIT and time
gaps in late crossing scenarios. The S model captured two behavioral patterns: the increase
in CIT with time gaps in non-yielding and early crossing conditions but failed to capture the
patterns observed in late crossing scenarios or the effects of daytime and eHMI. The M model

only showed the increase in CIT with vehicle speed.

Average walking speed

Rows 2-4 of Figure [3.6] show the average walking speed of the three model variants: The SM
model captured all three behavioral patterns successfully. The M model captured two behavioral
patterns: the pattern where the agent walked slower in late crossing conditions and with larger

time gaps. However, the S model did not capture any of the observed patterns related to average
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crossing speed.

The pedestrian speed profile

Figure [3.7] shows the speed profile of the experiment and the three model variants. It can be
seen that the integration of walking effort and ballistic speed control in the SM and M models
generated smooth, bell-shaped, human-like walking speed curves. These models captured the
gradual acceleration and deceleration phases, resulting in a more realistic representation of
pedestrian behavior. Whereas, for the S model, shown in the third row of Figure using
direct speed control (Vizzari and Cecconello, Sun et al., Xu et al., rather
than the biomechanical model of walking, there were abrupt fluctuations in the agent’s walking
speed. This is unrealistic for human locomotion, and as a result, the human-like speed profile

was not captured by this model.
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Figure 3.7: Average walking speed profile of the experiment, and different model variants. Gray
lines are the randomly selected speed curves and black lines are the averaged speed curves of
all conditions. The blue dashed lines denote the road curbs, and the walking direction is from
left to right.
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3.5 Discussion

3.5.1 Main findings

In this study, we developed a pedestrian crossing decision model that integrates RL with sensory-
motor mechanisms to simulate human-like road crossing behavior. We identified three main

findings:

First, as shown in Figure the SM model variant captures most of the behavioral patterns
observed in the human data, including the gap acceptance and early crossing behavior, the
relation between the CIT and time gap and vehicle speed, and the behavioral patterns related

to the average crossing speed.

Second, unlike previous models, considering the cognitive process, which mostly focused on the
binary ’go’ or 'not go’ decision, our model captures the entire locomotion process of crossing

the road, which can be beneficial to pedestrian behavior simulation and prediction.

Third, building on our previous crossing decision model, which primarily integrated visual lim-
itations with RL, the model proposed here successfully captured several behavioral patterns
related to motor aspects of pedestrian locomotion, the day/ night difference and the effect of
eHMI, without losing the ability of the simpler model to capture sensory-related behavioral pat-
terns. This is promising, since it shows the extensibility of the overall approach of combining
mechanistic modeling of sensory-motor aspects with RL, suggesting that it may be generaliz-
able to more complex traffic scenarios. To make the model more generalizable to more complex
scenarios, a more advanced perception model is needed to sense the surrounding information in-
cluding multiple vehicles and infrastructures. Additionally, we have not considered the attention

mechanism in our model, which is also required for a more generalizable model.

3.5.2 Impact of sensory-motor constraints on the pedestrian crossing loco-

motion
Human-like walking speed pattern

Our SM model, with the integration of walking effort and ballistic speed control mechanisms,
successfully captured the observed behavioral patterns regarding average walking speed and
showed similar walking speed profile. Previous studies argued that the relation between the

time gap and the crossing speed was caused by the time pressure. However, when comparing
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the S model and M model, we found that the model with time pressure but without walking
effort and ballistic speed control assumptions could not generate that speed pattern. Therefore,
we argue that the time gap-dependent walking speed pattern is the result of both the time

pressure and motor aspects, modelled here in terms of walking effort and ballistic speed control.

In addition, the comparison between the S and M models further highlights the necessity of
modeling human motor control to accurately simulate pedestrian locomotion. An interesting
question for future work is determining the level of detail needed in the motor components
of pedestrian crossing models, given that human locomotion is more complex than we have
modeled and that more sophisticated human biomechanical simulations have been modelled by

RL (Song et al., 2021)).

Day-night time difference in gap acceptance and early crossing rate

The SM model captures the day-night time difference in gap acceptance and early crossing rate
by fitting each participant with individual values for the non-policy parameters of perceptual
noise and looming aversion. This approach allowed us to account for variations in visual per-
ception between day and night scenarios. We initially hypothesized that higher crossing rates
during the daytime were due to smaller visual noise. However, we found no clear correlation was
present between o, value and gap acceptance rate, suggesting that the gap acceptance of the
model depends on a non-trivial interaction between o, and one or more of the other non-policy

parameters.

Ablation Study on Sensory-Motor Constraints

Although we have compared the results of the S and M models, each of these two models still
include two of the four main model assumptions. To further understand which assumptions have
the most significant effect on the model’s crossing behavior, we also conducted an ablation study
involving four model variants, each excluding just one of the four components. As shown in
Figure 3.3} it can be observed that removing either the looming aversion or the ballistic control
assumption led to the loss of eight behavioral patterns that were captured by the SM model.
In contrast, removing either the walking effort or the noisy perception component resulted in
the loss of six behavioral patterns. These findings suggest that looming aversion and ballistic
control have a more substantial influence on crossing decisions and pedestrian behavior than

the other two components.
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An interesting aspect of our bounded optimality approach is its interpretability compared to
data-driven neural network models. In our previous work, we found that the speed-dependent
gap acceptance pattern could be attributed to the noisy perception assumption (Wang et al.,
2025)). However, in the current study, we observed that even without this assumption, the model
was still able to generate this behavioral pattern (although not the CIT speed-dependencies
captured by the SM model). The reason for this difference may be because, in the current
framework, we model the entire crossing phase, meaning the gap acceptance behavior emerges
as a consequence of the entire sequential decision-making process. By contrast, our earlier work
focused only on the initial go or not go decision. Additionally, the current model incorporates
assumptions about the motor constraints, which were not included in the earlier study. While
our method is certainly more interpretable than fully data-driven models, by providing insights
into what near-optimal behavior looks like under various human constraints, it may not always
be immediately obvious why the obtained behavior is near-optimal. Understanding the inter-
action between various human constraint assumptions in our model is non-trivial, highlighting
the need to further refine our framework to enhance our understanding of pedestrian behavior
dynamics, potentially leading to more robust and transparent decision-making models in the

future.

Importance of integrated sensory-motor modeling

Neither the S model nor the M model captured as many behavioral patterns as the SM model.
This suggests that modeling realistic pedestrian crossing patterns requires a comprehensive
understanding of the constraints faced by humans. The SM model’s success in capturing a wide
range of patterns can be attributed to its incorporation of both sensory and motor mechanisms.
Our comparison of models with different assumptions demonstrates that only by fully grasping
and modeling these complex sensory-motor interactions can we achieve a more accurate and

human-like behavioral model.

3.5.3 Implications and limitations

In this study, although vehicles exhibit predefined behavior, the scenarios include both the
pedestrian interacting with the yielding and non-yielding vehicle, which means the pedestrian
understands both interaction types. However, the pedestrian only interacts with the vehicles

that come from one direction. Therefore, our model is most applicable to scenarios where a
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pedestrian crosses a single-lane road with oncoming traffic from one direction. Additionally,
neither our experiment nor the RL environment indicated that the pedestrian had the priority
of way, and no traffic signals were present. As such, the model is best suited for uncontrolled
crosswalk settings. Our model successfully captures many observed behavioral patterns in such
scenario, which suggests that it may be useful for a number of potential practical applications.
It can contribute to the prediction of pedestrian behavior in real-time AV algorithms, enhanc-
ing the ability of AVs to interact safely and effectively with pedestrians (Camara et al., |2020).
Furthermore, the model can be integrated into virtual testing environments, providing a valu-
able tool for evaluating AV systems under various pedestrian crossing scenarios (Rasouli and
Tsotsos, 2019). This can facilitate the development of more robust and reliable AV technolo-
gies, ultimately contributing to safer road environments. Additionally, the model has broader
applications in traffic safety modeling. Accurately simulating pedestrian behavior can help the
design of safer road infrastructures and traffic management systems, improving overall traffic

safety and efficiency (Rasouli and Tsotsos, 2019; Camara et al., 2020)).

However, not all of the behavioral patterns observed in the empirical study were captured by
our SM model. We calculated the effect size (Cohen’s d and Cohen’s h) for each statistically
significant variable. The effect sizes for the missing behavioral patterns were relatively small
(< 0.40), suggesting that these variables do not have a substantial impact on the behavioral
metrics. An exception was the effect of the time gap on CIT in early crossing scenarios in
yielding conditions, where discrepancies may arise from the bimodal pattern criteria derived
from experimental data not aligning well with the model’s bimodal patterns. Furthermore,
in the empirical study, there were statistically significant differences between young and old
participants in CIT for non-yielding scenarios and in CIT for late crossings in yielding scenarios
(Lee et al., 2026)). Preliminary tests with the SM model indicated that it could not easily
capture these effects, possibly because we have not identified the most sensitive sensory-motor
mechanism affecting these age groups differently. In this study, the pedestrian agent’s movement
is restricted to selecting speeds in one direction only, and trajectory similarity is not the main
focus of this study. Future improvement will include giving the pedestrian agent greater freedom

of action, such as heading direction, to make the model generate more human-like behavior.

Additionally, the experimental data we used was collected in a VR environment, where the

pedestrian might behave differently when compared to the real world. Although the pedestrian
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crossing behaviors observed in our pedestrian VR, simulator have been shown to be largely sim-
ilar to those in real-world environments (Kalantari et al., 2023), to improve the applicability of
our model to real-world autonomous vehicle (AV) applications and increase the generalizability
of the observed behaviors, we plan to extend our model to address naturalistic datasets, where
more diverse scenarios are available. For example, this study focuses on the scenario where
a pedestrian interacts with two approaching vehicles. In future work, we aim to model more
complex behaviors, such as crowd-crossing dynamics, by training a multi-agent policy with an
advanced perception model in an environment with more road users. This approach will allow
us to capture a broader range of pedestrian behaviors and interactions, thereby improving the

model’s utility for real-world AV applications.

3.6 Conclusion

This research presents an RL model that incorporates sensory-motor mechanisms aimed at
simulating human-like pedestrian crossing behavior, which is important for the safe deployment
of AVs in urban environments, and also has applications in traffic safety more broadly. The
experimental findings of this study reveal that pedestrians’ crossing rates and walking speeds
vary in response to time gaps and vehicle speeds, and differ between day and night conditions,
as well as with the presence of eHMI. Our model successfully integrated a range of sensory-
motor constraints, including visual limitations, looming aversion, time pressure, walking effort,
and ballistic speed control, allowing it to replicate the interaction and locomotion patterns
observed in the experiment. We find that empirically observed time-gap-dependent walking
speed patterns can be understood as arising from a trade-off between time pressure and walking
effort, captured by our model. The ability of our model to simulate a large number of observed
behavioral patterns highlights the versatility of RL in modeling complex human behaviors. It
provides insights into the effect of sensory-motor mechanisms on pedestrian-vehicle interactions.
Notably, the model extends the behavioral patterns captured in previous studies, demonstrating
its capability to generalize across more complex pedestrian behaviors and scenarios. While
the model replicates many observed behavioral patterns, it has limitations, such as capturing
the influence of eHMI on CIT, and some CIT patterns in yielding scenarios. Nonetheless,
by providing a more accurate representation of pedestrian behavior, this research not only

contributes to the field of pedestrian behavior modeling but also has the potential to improve
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AV algorithms and virtual testing environments, ultimately enhancing the coexistence of AVs

and pedestrians in shared spaces.
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Chapter 4

Realistic pedestrian-driver
interaction modelling using
multi-agent RL with human

perceptual-motor constraints

Abstract

Modelling pedestrian-driver interactions is critical for understanding human road user behaviour
and developing safe autonomous vehicle systems. Existing approaches often rely on rule-based
logic, game-theoretic models, or ‘black-box” machine learning methods. However, these models
typically lack flexibility or overlook the underlying mechanisms, such as sensory and motor con-
straints, which shape how pedestrians and drivers perceive and act in interactive scenarios. In
this study, we propose a multi-agent reinforcement learning (RL) framework that integrates both
visual and motor constraints of pedestrian and driver agents. Using a real-world dataset from
an unsignalised pedestrian crossing, we evaluate four model variants—one without constraints,
two with either motor or visual constraints, and one with both—across behavioural metrics of
interaction realism. Results show that the combined model with both visual and motor con-
straints performs best. Motor constraints lead to smoother movements that resemble human

speed adjustments during crossing interactions. The addition of visual constraints introduces
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perceptual uncertainty and field-of-view limitations, leading the agents to exhibit more cau-
tious and variable behaviour, such as less abrupt deceleration. In this data-limited setting, our
model outperforms a supervised behavioural cloning model, demonstrating that our approach
can be effective without large training datasets. Finally, our framework accounts for individ-
ual differences by modelling parameters controlling the human constraints as population-level
distributions, a perspective that has not been explored in previous work on pedestrian-vehicle
interaction modelling. Overall, our work demonstrates that multi-agent RL with human con-

straints is a promising modelling approach for simulating realistic road user interactions.
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4.1 Introduction

4.1.1 Background

The development of autonomous vehicles (AVs) has gained significant momentum in recent
years, positioning them as a key component of future mobility systems. One major challenge in
deploying AVs is the lack of realistic models that can capture the subtle and dynamic interactions
between human road users in mixed traffic (Rasouli and Tsotsos, 2019). Pedestrians deserve
particular attention because they are vulnerable road users and often behave less predictably
than drivers, who are constrained by vehicle dynamics and traffic regulations (Gonzalez-Méndez
et al., 2021). To develop realistic pedestrian models, it is therefore crucial to account for
the mutual adaptations between pedestrians and drivers, which fundamentally shape crossing

decisions and interaction patterns in real-world traffic.

Current approaches to modelling road user interaction can be broadly categorised into two
types: mechanistic models and data-driven machine learning (ML) models. Mechanistic models
include cognitive models, physics-based models, and game-theoretic models. These models rely
on strong behavioural assumptions. For example, cognitive models are based on hypotheses
about underlying mental processes and aim to represent how human behaviour is generated
(Pekkanen et al., |[2022; Markkula et al., 2023)). Such models offer high interpretability and can
provide deeper insights into the mechanisms behind observed behaviours. However, the high

complexity of these models limits their scalability and generalisability.

In contrast, data-driven models, such as LSTMs and Transformers, learn behavioural patterns
directly from data (Yang et al., [2025; Divya et al., 2025). Given sufficient data and compu-
tational resources, they can achieve high predictive accuracy on trajectory-based metrics such
as root mean square error (RMSE). Nevertheless, they often lack interpretability, which is a
key requirement in safety-critical applications like autonomous driving (Aradi, 2020; Itkina and
Kochenderfer, [2023)). In addition, their performance tends to degrade in data-limited or rare sit-
uations, which often correspond to safety-critical events where accurate behavioural prediction

is important.

Another class of algorithms with the potential to bridge the aforementioned gap is reinforcement
learning (RL). Modelling human behaviour using RL builds on the theoretical assumption that

humans act to maximise expected rewards, while deep RL provides a powerful computational

118



Chapter 4. Realistic pedestrian-driver interaction modelling using multi-agent RL with human
perceptual-motor constraints 4.1. Introduction

approach to approximate such reward-maximising behaviour policies (Sutton and Barto, 2018}
Howes et al., |2023). This framework offers the flexibility to generalise across a wider range of

contexts and scenarios (Chen et al., 2015; Chen et al., 2021a; Jokinen et al., [2021)).

In our previous work, we developed the pedestrian crossing model using RL that incorporated
human perceptual and motor constraints, resulting in human-like crossing timing and speed
(Wang et al., 2025a; Wang et al., 2025b). However, these studies were limited in two important
ways. First, only the pedestrian was modelled with a single-agent policy, while the vehicle
followed a preprogrammed trajectory, preventing realistic mutual adaptation between the two
agents. Second, they were evaluated using data from controlled experiments under simplified
laboratory conditions, which limited the diversity of interaction contexts. Third, although
between-individual variability was considered by fitting fixed non-policy parameters for each
participant across repeated trials, this approach relied on multiple observations per individual

and does not generalise well to real-world situations.

In this work, we address these limitations by modelling both pedestrian and vehicle behaviours
within a multi-agent RL framework, where both agents adapt to each other’s actions using a
real-world dataset of unsignalised crossing scenarios. Building on prior efforts to incorporate
human perceptual and motor constraints, this study is the first to embed such constraints within
a fully interactive, two-agent setting grounded in real-world data. Furthermore, we introduce
a novel population-level parameter fitting procedure that captures between-individual variabil-
ity by modelling human constraint-related parameters as distributions across the population,
from which each individual’s parameters are drawn. This approach makes it possible to model

individual differences in road user behaviour even when only a small amount of data is available.

4.1.2 Related work

Given the importance of pedestrian-vehicle interaction in the safe deployment of AVs, various
modelling approaches have been developed to capture and predict such behaviour. In this
section, we review relevant studies, organised by methodological category.

Mechanistic models

Mechanistic models build on physics, psychology, or cognitive science, and explain road user

behaviour through explicit mathematical formulations. These approaches offer interpretability
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and explanation of the behaviour but often struggle to capture the flexibility of human behaviour

in dynamic traffic environments.

Early models often used logistic regression to predict binary crossing decisions, typically based
on variables such as vehicle speed and distance (Lobjois and Cavallo, 2007; Tian et al., [2022b).
Extensions of these models incorporated perceptual cues to explain why certain decisions are
made (Tian et al., |2022a)). However, these models are inherently limited in scope, as their
binary outputs and reliance on simple decision thresholds make them unsuitable for simulating

the continuous and adaptive nature of real-world road behaviour.

Game-theoretic models, which simulate strategic reasoning between interacting agents, have also
been applied. For example, Fox et al. (2018) modelled pedestrian-AV interactions to support
safe vehicle planning. More recently, Dang et al. (2025) proposed a dynamic game-theoretic
framework incorporating bounded rationality, improving upon classical models by relaxing the
assumption of fully rational agents. However, several practical limitations persist. For instance,
the model assumed that agents have perfect sensory information and can execute actions without
motor constraints. Moreover, pedestrian actions were restricted to a low-dimensional, discrete
set of walking speeds, without the possibility to continuously adjust speed or direction, primarily
due to the computational difficulty in solving game-theoretic formulations in high-dimensional

continuous spaces.

Evidence accumulation models, grounded in psychology and cognitive science, have also been
applied to road user behaviour modelling (Giles et al., [2019; Pekkanen et al., [2022)). In this
approach, decision-making is modelled as a noisy integration of sensory and contextual infor-
mation over time, terminating in an action once a decision threshold is reached. These models
aim to capture the gradual nature of human decision processes and offer insight into the under-
lying cognitive mechanisms. However, modelling complex road-user interactions using evidence
accumulation alone remains challenging. To address this, Markkula et al. (2023|) proposed an
integrated model that combines noisy perception, evidence accumulation, and game-theoretic
reasoning, enabling the reproduction of several empirically observed behaviours. The authors
showed that to simulate even highly simplified pedestrian-vehicle interactions (e.g., requiring
both agents to travel along straight perpendicular paths) requires the integration of multiple
theoretical frameworks. Due to their structural complexity and reliance on strong assump-

tions, such mechanistic models are difficult to generalise and scale to more varied and complex
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real-world traflic environments.

Data-driven models

In this paper, we define pure data-driven models as those that directly learn the mapping from
input to output using ground-truth data, typically through neural networks trained on observed

motion histories, without relying on handcrafted rules or explicit behavioural assumptions.

A common strategy for modelling road user interaction is to formulate trajectory prediction as
a time-series forecasting problem, in which the model predicts future trajectories over a fixed
horizon based on preceding motion. For example, Deo and Trivedi (2018) proposed an LSTM-
based architecture that captures spatial relationships between vehicles to forecast human-driven
vehicle trajectories. Other architectures have also been explored for interaction modelling.
Graph-based neural networks represent the relational structure among agents in a scene (Yi et
al.,2016; Ye et al., 2021)), while more recently, Transformer-based models have gained attention
for pedestrian behaviour modelling due to their ability to capture long-range dependencies and

efficiently process sequential data (Yang et al., [2025; Divya et al., [2025).

Although these models achieve strong performance on trajectory-based accuracy metrics, several
limitations remain. First, data-driven models are often criticised as ‘black boxes’: they lack
interpretability and provide little insight into the underlying mechanisms of the behaviours
they predict (Madala and Gonzalez, 2023)). This lack of transparency is concerning in the
context of autonomous driving, since behaviour models are often used within AV decision-
making pipelines, and unexplained prediction errors may propagate into AV planning and pose
safety risks (Roshdi et al.,|2024)). Second, high predictive accuracy on an aggregate level does not
necessarily imply that the model captures behaviourally meaningful features of an interaction
(Srinivasan et al., 2023). For example, as shown by Srinivasan et al. (2023), machine-learned
trajectory predictors with low RMSE can still fail to reproduce human-like interaction patterns
such as courtesy lane changes or collision aversion. Third, the absence of theoretical grounding
can reduce the robustness of such models. Although they may perform well on training data,
their generalisability to rare or unseen scenarios is often limited (Xu et al., 2020), and they
depend heavily on large, diverse training datasets. In practice, collecting sufficient data to
cover the full range of road user behaviours is challenging, as many safety-critical or rare events

are underrepresented, or entirely missing, from existing datasets (Diaz-Ruiz et al., 2022]).
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Reinforcement learning models

Different from data-driven models, RL agents learn decision policies through trial-and-error
interactions with the environment in order to maximise cumulative reward. Owing to its se-
quential decision-making nature and its ability to capture interactions between agents and
their environment, RL has been applied to simulate road user interactions (Charalambous and

Chrysanthou, 2019; Vizzari and Cecconello, 2022]).

One major challenge in behaviour modelling with RL lies in designing reward functions that
realistically reflect human intentions. Inverse reinforcement learning (IRL) addresses this by
inferring latent reward functions from demonstrated behaviour (Ng, Russell, et al., 2000). For
instance, Nasernejad et al. (2021)) and Nasernejad et al. (2023) used IRL to model pedestrian-
vehicle interactions in near-miss scenarios, recovering reward structures from real-world demon-
strations. These models are typically formalised as Markov Decision Processes (MDPs), which
assume full observability of the environment. However, human decision-making often occurs
under uncertainty, making Partially Observable MDPs (POMDPs) a more appropriate frame-
work. Consequently, by assuming full access to environmental information, MDP-based RL
models overlook key human limitations such as perceptual uncertainty, leading to reward func-

tions that may misrepresent the decision-making processes of real road users.

One line of work which has adopted the POMDP perspective and used RL to develop human
models is computational rationality, which assumes that humans behave (near-) optimally given
internal utility functions and cognitive or physical constraints (Gershman et al., 2015; Oulasvirta
et al., [2022). This approach was initially applied in human-computer interaction (Chen et
al., |2015; Tseng and Howes, 2015; Jokinen et al., 2020). More recently, we have applied it
to pedestrian crossing decisions, incorporating cognitive mechanisms such as perceptual noise
(Wang et al., |2023; Wang et al., 2025a)). We subsequently extended this approach to simulate
the full pedestrian crossing process, including responses to lighting conditions and external
human-machine interfaces (Wang et al., [2025b]). However, these models were developed and
validated in controlled experimental settings: Participants always started from standstill at
the kerb, omitting the pedestrian approach phase; participants experienced multiple similar
interactions during the experiment, which may have caused some learning effects. Moreover, the
car was preprogrammed and did not respond to the pedestrian’s behaviour, whereas two-sided

interaction is known to be important for real-world driver-pedestrian interaction (Schneemann
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and Gohl, 2016]).

Two-sided, or joint, behaviour is a key characteristic of natural traffic interactions, as pedes-
trians and drivers continuously adapt to each other’s actions (Domeyer et al., 2022)). This has
motivated the use of multi-agent reinforcement learning (MARL) to model interactive road
user behaviour. Recent MARL studies have explored cooperative and competitive interactions
among vehicles or between pedestrians and vehicles (Cornelisse and Vinitsky, [2024; Sackmann,
2024), showing that multi-agent frameworks can capture the bidirectional adaptation that is
absent in single-agent formulations. However, these approaches typically focus on optimising in-
teraction outcomes or reproducing empirical patterns, without accounting for human perceptual
or motor constraints that shape how such adaptations emerge. In contrast, past computational
rationality models have focused on human perceptual and motor limitations but have rarely
extended to fully interactive, two-agent settings. The present study bridges this gap by com-
bining computational rationality with a MARL framework, enabling both pedestrian and driver

agents to adapt to each other under human-like sensory and motor constraints.

4.1.3 Contribution of this work

This study addresses key limitations in existing models of pedestrian-vehicle interaction by for-
mulating the problem as a multi-agent RL task, in which both the pedestrian and vehicle are
modelled as agents subject to visual and motor constraints. We focus specifically on one-to-
one interactions between a single pedestrian and a single vehicle. In addition, we introduce
gaze-dependent acuity, moving beyond the simplifying assumption in our earlier controlled-
experiment modelling that pedestrians continuously fixate on the vehicle. Unlike such prior
assumptions, our model allows pedestrians to control their own gaze direction, making per-
ceptual uncertainty dependent on both distance and gaze allocation. This represents a novel
contribution that is essential for modelling realistic road user interaction, where pedestrians

approach from different positions and are not always looking directly at the vehicle

To enable this modelling approach, we carefully selected and preprocessed a real-world trajectory
dataset that enables the extraction of such one-to-one interaction events while minimising the
influence of other road users and road layout. This allows us to construct a focused learning

environment that aligns closely with the modelling assumptions and objectives.

Importantly, to the best of our knowledge, this is the first study to bring a bounded optimality
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perspective into a multi-agent RL framework for modelling human-human and human-machine
interaction. By integrating cognitive constraints, real-world data, and multi-agent interaction,
this work represents a meaningful step towards making the framework applicable to AV devel-

opment, including both testing and optimisation.

4.2 Methods

This section presents our modelling framework for pedestrian-vehicle interaction. Section
provides a high-level overview of the framework. Section outlines the cognitive and motor
constraints that shape the agents’ behaviour, and Section [4.2.3]introduces the parameters spec-
ifying these human constraints. Section defines the model variants used for evaluation.
Section then describes the real-world dataset and the extraction of interaction trajecto-
ries. The reinforcement learning problem and algorithm are detailed in Sections and
followed by parameter fitting (Section and the behavioural cloning model (Section .

4.2.1 Overview of the method

We formulate pedestrian-vehicle interaction as a multi-agent reinforcement learning (RL) prob-
lem. The framework includes two policies: one for the pedestrian, myeq, and one for the vehicle,
Tveh- These policies are trained through trial-and-error interaction in a simulated environment
that replicates the geometry of the real-world location from which we collected our dataset (as

shown in Fig. [4.1]), and the initial conditions in that dataset.

These take their simplest form in the No-Constraint (NC) variant of our model, where the pedes-
trian and the vehicle are represented as agents with ideal, non-constrained perception and motor
execution. In this baseline model variant, the pedestrian observes its own position and speed
together with the vehicle’s position and speed, and chooses continuous values of walking speed
and direction. The vehicle observes its own position and speed and the pedestrian’s position and
speed, and selects a continuous acceleration value. This NC formulation is straightforward but
unrealistic, as it ignores many of the perceptual and motor constraints that shape real human

behaviour.

To make the RL agent more human-like, we extended the NC framework with additional as-
sumptions, leading to three constrained model variants: the Visual-Constraint (VC) model,

the Motor-Constraint (MC) model, and the full Visual-and-Motor-Constraint (VMC) model, as
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Figure 4.1: Real-world pedestrian (yellow) and vehicle (blue) trajectories overlaid on an image
of the road layout at the study site. Solid lines represent trajectory segments within the first
6 seconds of the interaction, while dashed lines indicate segments beyond this window. The ‘0’
markers denote the starting points and the ‘x’ markers denote the end points of the 6-second
segments. The red dot marks the centre of the zebra crossing, referred to in the text as the
crossing point. A zoomed-out view of the full scene is shown in the bottom right for context.
The compass rose at the top left indicates the cardinal directions.

further described below.

4.2.2 Mechanistic assumptions of human constraints

This section outlines the key mechanistic assumptions in our model of pedestrian-vehicle inter-
actions. These assumptions reflect perceptual, motor, and cognitive limitations derived from
empirical and theoretical research, which shape how agents perceive the environment and se-
lect actions. Some of these mechanisms, such as noisy perception, ballistic speed control, and
walking effort, were introduced in our prior work (Wang et al., Wang et al., ,
while others, including gaze-dependent acuity and constraints on driver acceleration control,
are new additions aimed at supporting more realistic two-agent interactions. The remainder of

this section describes each of these mechanisms in detail.

Noisy visual input

Human perception is inherently uncertain and subject to visual noise (Faisal et al., 2008]). Prior
studies have suggested that these perceptual limitations influence pedestrian crossing decisions
(Kotseruba and Rasouli, |2023). To capture this effect, we introduced angular noise at the level

of the human retina (Kwon et al., 2015), which was also implemented in our previous pedestrian
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behaviour models (Wang et al., 2025a; Wang et al., 2025b). Specifically, the perceived position
of the other agent is derived from the visual angle below the horizon (Ooi et al.,|2001; Markkula
et al.,|2023), with a constant Gaussian angular noise of standard deviation, v, which could vary
between agents. In practice, this means that the ego agent perceives the other agent’s position

along its line of approach with a noise of standard deviation (Markkula et al., 2023):

h
ox(t) = |d(t)] (1—d(t)_tan(aman%+y)>, (4.1)

where dj(t) is the longitudinal distance from the other agent to the crossing point (i.e., along
the y-axis for the pedestrian and the z-axis for the vehicle in Fig. , d(t) is the distance
between two agents, and h is the eye height over the ground of the ego agent, set to 1.6 m
for the pedestrian agent and 1.2 m for the vehicle agent, assuming homogeneous heights for

simplicity.

While the formulation above captures perception uncertainty, our earlier modelling based on
controlled experimental data assumed that pedestrians continuously fixated on the approaching
vehicle, which was reasonable since participants interacted with a single car and needed to mon-
itor it to ensure safe crossing. In contrast, the present work focuses on real-world data, where
pedestrians approach the crossing from different positions, sometimes such that the vehicle is
initially even behind the pedestrian, and are therefore not necessarily fixating on the vehicle at
all times. To account for this, we modelled the decline in visual acuity as a function of gaze
eccentricity, making visual uncertainty dependent not only on distance but also on whether the
vehicle falls within or outside the centre of the pedestrian’s gaze. Human perception is most
accurate at the fovea and becomes less precise with increasing distance from the centre of gaze.
We adopted the midget retinal ganglion cell (RGC) density model proposed by Watson (2014),

which relates receptive field density dgs(€) to the eccentricity angle € in degrees.

Following Watson (2014), we treated visual acuity as proportional to the square root of RGC

_ VvV dgf(f)

density. To normalise acuity to 1 at the fovea, we define: a(e) = OR where dy o is the
9f

peak density at zero eccentricity. The RGC density function is defined as:

-2
€ €
dgf(€) = dgfo - [@k . (1 + 7“|2|k:) + (1 —ag) -exp <_7U>]
: er
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using parameters from Watson (2014): a; = 0.9729, ro) = 1.084, r., = 7.633, and dyro =

33163.2deg"2. For modelling purposes, we approximate the perceptual noise level at a given

eccentricity as the inverse of acuity: noise(e) = Q%E). This effect was incorporated by scaling

the visual noise from Equation by an acuity-based factor:

(1 ¢) = g (1) - (aiﬁ) + 5) (4.2)

where € is the angular deviation between the pedestrian’s gaze direction and the vehicle, a(e)
is the relative visual acuity at angle € as defined above, and § is a very small constant (1075)
added as a minor implementation safeguard to ensure numerical robustness during simulation;
it is not theoretically required and does not affect the results. Note that for simplicity, we only

used Equation for the pedestrian agent; for the driver agent we used Equation 4.1

Bayesian visual perception

Beyond the introduction of noise in the visual input, it is also important to consider how
humans interpret such uncertain information. There is evidence that the human perception
system interprets its noisy input in a Bayes-optimal manner, and Bayesian inference has been
widely used to model perception and sensorimotor decision-making (Kwon et al., |2015; Knill
and Pouget, 2004; Stocker and Simoncelli, 2006). In line with our previous work on modelling
pedestrian perception under uncertainty (Wang et al., 2025b; Wang et al., |2025a), we employed
a Kalman filter to model visual perception (Kwon et al., 2015; Markkula et al., |2023)). At
initialisation, perceived position and speed are drawn from Gaussian distributions centred at
the true values, with standard deviations determined by the visual noise and by the variability
of speed observed in the data, respectively. The Kalman filter then receives a new noisy position
observation at each simulation time step, with noise as described above, and produces estimates
of the other agent’s position and velocity, along with their respective uncertainties. These
filtered estimates represent the agent’s belief state, serving as a Bayes-optimal inference about

the environment under uncertainty.

Ballistic walking speed control

Human motor control is often characterised by intermittent, ballistic adjustments rather than

continuous fine-tuning (Tustin, 1947; Craik, 1948]). In line with this view, we assumed that each
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walking step is ballistic, such that once initiated, the pedestrian maintains a fixed acceleration
throughout the step. While some studies suggest humans may adjust trajectories mid-step
(Barton et al., [2019), this behaviour is omitted here for simplicity. In our model, after selecting

an action, the pedestrian applies a fixed acceleration to reach the desired speed, calculated as:

Uped (t* ) —Uped (t* — 1)
Tstep

Aped t* = , where vpeq(t*) and vpeq(t* — 1) represent the velocities of the agent
at two consecutive decision points. Here, t* indexes decision points to distinguish from the
simulation time step ¢ in the RL environment. Ttcp, is the duration of a walking step, which is

derived from empirical relations between step length and speed, with step length s estimated

by Grieve (1968): s = vpea™*?. This yields Tuep = v, 0.

Walking effort

Human walking behaviour reflects a trade-off between travel time and energetic cost (Carlisle
and Kuo, [2023)). Prior research has incorporated walking effort into biomechanical models of
gait (Choi, 1997; Faraji et al., [2018). In our model, we adopted the biomechanical framework
from Carlisle and Kuo (2023) to represent walking effort as a cost associated with speed change
during a step. The equation for the new velocity vj is: v;r = v, co0s 20 + \/2u; sin 20, where
v; is the initial walking speed, vj is the new walking speed after the action, and 26 is the
angle between two legs. The term /2u; represents the speed change due to exerted effort.
This formulation stems from modelling the leg as a pendulum, where effort u; corresponds
to the kinetic energy required to alter walking speed: wu; = %m(Av)2 and solving for Aw:

Av = +/2u;/m. If we instead express effort per unit mass, we define: U; = u;/m, which

simplifies to: Av = +/2U;. Therefore, the effort U; required for this change is given by:

(v~ cos(26) — vT)?

U=
2 - sin?(20)

(4.3)

The total walking effort is defined as: Ey, = wpeq - U;, where wpeq is a parameter that scales the
walking effort for different individuals. A higher value of wpeq reflects a stronger preference for
conserving energy during crossing.

Acceleration control of the driver

Human driving behaviour is subject to perceptual, cognitive, and motor delays, meaning that,

in contrast with most RL models of driving (Sackmann, [2024; Cornelisse and Vinitsky, 2024)),
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control actions such as steering or acceleration are not applied instantaneously. In the broader
driver modelling literature, these delays are often modelled using a low-pass filter to reflect
gradual motor execution (Sharp, 2005). Following this approach, we modelled vehicle accelera-
tion as a smoothed response toward a target acceleration value. At each time step, the driver
selects a target acceleration atarget through its policy, and the actual acceleration ayen evolves
incrementally as:

Otarget — Qveh,t—1 (4.4)

Gyeh,t = Aveh,t—1 + w )
veh

where wye} is the motor non-policy parameter representing the vehicle’s responsiveness. This
formulation assumes that the driver cannot instantaneously achieve their intended acceleration,
but must gradually adjust due to both human neuromuscular limitations and vehicle dynamics.

The resulting ayen is used to update the vehicle’s speed and position at each time step.

4.2.3 Non-policy parameters of human constraints

We refer to the parameters that specify the human constraints as non-policy parameters, to
distinguish them from the trainable weights and biases of the policy network. We considered
four such parameters: vpeq and vy, which are visual non-policy parameters related to noisy
visual input, and wpeq and wyen, which are motor non-policy parameters that control motor
execution effects, i.e., walking effort scaling for the pedestrian and acceleration smoothing for

the vehicle.

In our previous work, we conditioned each agent’s RL policy on non-policy parameters that
captured its perceptual and motor constraints (Wang et al., 2025a; Wang et al., |2025b)). These
parameters were provided as additional inputs to the policy network during training, allowing
the learned policy to adapt its behaviour according to different combinations of perceptual and
motor limitations. After training, we optimised the non-policy parameter values for each partic-
ipant in the dataset, by minimising the difference between simulated and observed trajectories,

thereby obtaining per-individual estimates of perceptual and motor constraints.

In this work, our dataset includes only a single observed interaction for each human agent,
which does not permit us to fit per-individual parameter values. Instead, we directly model
the population variability of the four non-policy parameters, as four separate normal distri-
butions, and estimate the mean and standard deviation of these distributions from our data.

Therefore, during RL policy training, at the start of each simulated interaction episode, we
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Figure 4.2: Overview of the two-stage sampling and conditioning scheme for non-
policy parameters. Population-level means and standard deviations (u,o) are defined for
(Vpeds Wped, Vveh, Wyeh). At the start of each episode, agent-specific values are sampled from
these distributions. Each RL policy (mped, 7ven) is conditioned on its own parameters and on
the population-level (i, o) of the other agent. Each observation o also includes this information
for conditioning.

first sampled random values for these means and standard deviations. Specifically, the visual
non-policy parameters (Vped, Vveh) Use means sampled uniformly from [0.01, 0.1] and standard
deviations from [0.001, 0.01] (in radians). The motor non-policy parameters are dimensionless:
for the vehicle (wyep), means are sampled from [1, 10] and standard deviations from [0.1, 1];
for the pedestrian (wpeq), means from [0.05, 0.5] and standard deviations from [0.005, 0.05].
Thereafter, individual parameter values were drawn from the resulting normal distributions
and assigned to the agents in that episode (see Figure for an overview of this sampling and
conditioning process). As in our previous work, each agent’s policy is conditioned on its own
non-policy parameter values, but here we also condition the policy on the population mean and
standard deviation of the other agent’s non-policy parameters. This reflects our assumption
that each road user behaves in a way that is boundedly optimal given its own constraints, and

given the distribution of constraints in the population of other road users.
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4.2.4 Model variants

To investigate how our different model assumptions influence the interaction between the pedes-
trian and vehicle, we categorised the assumptions into two types: visual constraints and mo-
tor constraints. The visual constraints include noisy visual input, Bayesian visual perception,
while the motor constraints include walking effort, pedestrian ballistic speed control, and driver

acceleration control. Comparison of different model variants is shown in Figure [4.3

Based on the inclusion or exclusion of these constraints, we defined the following model variants:
e No-Constraint (NC) model: A baseline model without visual or motor constraints.
e Motor-Constraint (MC) model: A model incorporating motor constraints only.
e Visual-Constraint (VC) model: A model incorporating visual constraints only.

e Visual and Motor-Constraint (VMC) model: A full model incorporating both visual

and motor constraints.

4.2.5 Dataset

This study focuses on modelling the interaction between one pedestrian and one vehicle. We
used the dataset reported by Kalantari et al. (2025), which fits our aim of extracting one-
one pedestrian-vehicle interaction with minimal effects from other road users and road layout.
To obtain clean and representative pedestrian-vehicle interactions from real-world data, we

employed a multi-stage trajectory extraction and filtering pipeline.

Figure shows a top-down view of the study site in Leeds, UK, from which our data were
collected. As shown in the bottom-right inset of Figure the site features a staggered
pedestrian crossing with two single-lane zebra crossings. In this work, we only considered
interactions at the Western crossing, between North-bound vehicles (note that the UK has
left-hand traffic) and East-bound pedestrians. The reasons for only including these interactions
were the South-bound vehicles were also influenced by turning traffic from the side street, which

introduces variability in vehicle speed when approaching the zebra crossing.

The dataset includes pedestrians crossing in both directions. Since pedestrians with different
walking directions correspond to different origins and destinations, modelling both would re-

quire training two separate pedestrian policies. We excluded West-bound (from up to bottom in
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Figure 4.3: Comparison of model variants. Arrows follow the reinforcement learning loop: s is
the true environment state, a is the agent action (including gaze direction in the VC and VMC
models), r is the received reward, and o is the observation fed to the RL policy. In the MC
and VMC models, the action a contributes to the reward only for the pedestrian agent (walking
effort penalty), as indicated by the ‘Ped only’ label.

Figure pedestrians because they have already crossed another road and passed through the
central refuge island, which exposes them to additional influences from South-bound vehicles.
To maintain a clear focus on one-to-one interactions, we retained only interactions where the
pedestrian walks from bottom to top in Figure (labelled as East-bound in the dataset). In
the original data, 311 East-bound pedestrian trajectories and 49,167 North-bound vehicles re-
mained. To ensure that the retained pedestrian-vehicle pairs were not influenced by pedestrians
walking in the opposite direction, we removed any North-bound vehicle approaching from the
right (within 25 metres before the zebra crossing) if it temporally overlapped with at least one

West-bound pedestrian in the central refuge island.

For each pedestrian, we identified potential interacting vehicles based on their spatial proximity

and temporal overlap. Specifically, a vehicle was considered part of the interaction if it was
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located within 25 m upstream of the zebra crossing, and a pedestrian was considered if they
were within 20 m of the crossing along the z-axis and within 5 m of the kerb along the y-
axis. Both agents also had to be present in the scene during an overlapping time interval. An
interaction pair was retained only if exactly one vehicle satisfied these conditions for a given
pedestrian. A second filtering step was then applied to ensure that each vehicle was matched
with at most one pedestrian. Interactions involving multiple potential matches were excluded
to maintain strict one-to-one interaction. After this step, 77 interaction pairs were left (each

interaction pair consists of one East-bound pedestrian and one North-bound vehicle).

Following the above filtering steps, we further truncated each pedestrian trajectory to include
only the portion where the pedestrian was within 10 metres of the crossing point, measured
along the z-axis in Figure This ensured that the retained segments contained only the
parts of the trajectories relevant to the crossing interaction. Each pedestrian-vehicle pair was
then temporally aligned by retaining only the overlapping portion of their trajectories within
the interaction zone. For each agent, the entry and exit times were defined as the moments of
entering and leaving that zone, respectively, and the overlap was defined from the later entry
to the earlier exit. From this synchronised window, we extracted the first 6 seconds, measured
from the synchronised start time, in order to capture the early phase of interaction when both
agents were simultaneously present. Interaction pairs with a total overlap shorter than 6 seconds
were discarded to ensure sufficient behavioural content for modelling. This procedure left 34

interaction pairs, which are visualised in Figure 4.1

4.2.6 Reinforcement learning problem

Reinforcement learning (RL) provides a computational framework in which an agent interacts
with an environment by selecting actions to maximise cumulative rewards. In cases such as
ours, where the agent does not have full information about its environment, the problem is
typically formulated as a partially observable Markov decision process (POMDP), defined by a
tuple (S, A, 7, R,O), where:

State space (S):

At each time step t, the environment state s; includes the true positions and velocities of both
the pedestrian and the vehicle, as well as the simulation time. Specifically, the state comprises

the pedestrian’s position (Zped, Yped) and walking speed vped, the vehicle’s position (Zven, Yven)
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and speed wvyepn, the yaw angle of the pedestrian’s walking direction 6pcq, and the vehicle’s
acceleration ayen. The walking angle 6,4 is measured relative to the upward y-axis of the map

(see Figure [4.1]), with 0° indicating motion along the positive y-direction.

During training, initial conditions were sampled from a joint distribution fitted to the initial
states of the pedestrians and vehicles at the start of each interaction segment in the real-world
dataset. This distribution was fitted using kernel density estimation (KDE), covering start
positions and speeds for both agents. This approach allowed the model to train on a diverse set
of realistic interaction scenarios. During model testing, each simulation was initialised directly

from the observed start state of the corresponding real-world interaction.

Action space (A):

The pedestrian’s action apeq consists of forward walking speed v and a change in walking angle
A#, and optionally a gaze angle relative to the body angle ¢ (included in visual-constrained
models, such as VC and VMC). Gaze orientation was not associated with any biomechanical
effort or explicit cost, meaning the agent could freely direct its gaze. The driver’s action
Qyeh,target 1S the target acceleration. It should be noted that in models with motor constraints
(MC and VMC), the pedestrian speed action is not applied instantaneously. Instead, the selected
speed only takes effect at the onset of a new walking step and remains constant during the
execution of that step, consistent with the ballistic control assumption described in Section[£.2.2]
This reflects the view that pedestrians cannot adjust their velocity continuously within a step

but only between successive steps.

Transition function (7):

The transition function defines how the current state s; evolves into the next state s;41 given

the agents’ actions ay.

In the NC and VC models, actions affect agent speeds and positions directly. In the MC and
VMC models, pedestrian transitions are governed by ballistic execution: the walking speed is
updated using a fixed acceleration over the step duration as explained above, and the walking
angle is updated according to the selected change in walking angle. For the vehicle, the speed

is updated using a smoothed acceleration ayen ¢, as described in Section [.2.2}

The simulation terminates when both agents reach their respective goal regions or a collision
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occurs. The pedestrian’s goal region is defined as having crossed the driving lane, while the

vehicle’s goal region is defined as having passed beyond the zebra crossing.

Reward function (R):

The reward function is designed to remain as simple as possible while encouraging successful
and safe crossing and discouraging undesirable behaviours such as collisions, and rule violations.
Most components build upon those used in our previous study (Wang et al., |2025b), which
produced realistic and interpretable crossing behaviour. The present formulation retains these
components while introducing additional terms to accommodate new action definitions, such
as directional walking choices. To reflect the influence of time pressure on road-user decisions
(Tian et al., [2022a; Kong et al., 2023), a time cost is included in the arrival rewards for both

agents, making delayed arrivals less rewarding.

Pedestrian agent The pedestrian receives a positive reward upon successfully reaching the

ped

arrive = 40 — 0.5 - ¢, where ¢ denotes the simulation time. The

sidewalk on the opposite side: r
constant value of 40 was chosen based on initial tests with the NC model, which showed that
this setting led to reasonable crossing behaviour. A penalty of r¢onision = —40 is applied in the
event of a collision with the vehicle. In addition, the pedestrian is rewarded for making forward
progress before reaching the sidewalk on the opposite side: ryove = Ay, where Ay is the change
in longitudinal (up y-direction in Figure position over the previous time step. Unlike in
the previous models (Wang et al., |2025b)), this term is included here because the pedestrian

can choose its walking direction. The forward progress reward therefore guides the pedestrian

agent to cross the road in the desired direction rather than wandering laterally.

In models with motor constraints (MC and VMC), as previously described, a walking effort
penalty is introduced to represent the physical cost of accelerating from one walking speed to
another (Carlisle and Kuo, 2023; Wang et al., [2025b). At each action update, the ballistic
model computes the required speed change, and the energy cost is penalised as: ryax = —Fyw =
—Wped - U, where wpeq is the motor effort parameter, and U; is the walking effort work calculated
as described in Section[4.2.2] This penalty is only applied at the start of each step. An additional

penalty is applied for stepping onto the road outside the crosswalk at each time step: rog = —0.2.
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Summing over the terms, the total pedestrian reward is given by:

_ped
Tped = Tarrive T Tmove + Twalk 1 Toff + T'collision (4-5)

Vehicle agent Like the pedestrian, the vehicle receives a positive reward upon successfully

veh
arrive

crossing the designated zone: r = 40 — 0.5 - t. A collision incurs a penalty of —40. To
represent the traffic rule requiring drivers to yield to pedestrians at zebra crossings, a penalty
of Tnonyielda = —30 is imposed when the vehicle enters the crossing area without yielding to a
nearby pedestrian. Specifically, this penalty is triggered once at the time step when the vehicle

first enters a zone extending 5 m from the zebra crossing, provided that the pedestrian is located

within 2m in x direction of the zebra crossing and within 3m of the curb in the y direction.

The total vehicle reward is:

veh
Tveh = Tarrive + T'nonyield =+ Tcollision (46)

Observation space (O):

At each time step, both agents receive a normalised observation vector comprising (i) their own
state, (ii) an estimate of the other agent’s state, and (iii) relevant non-policy parameters. Each
observation also includes the current time step ¢, allowing the agent to account for the passage of
time given that the reward function incorporates a time cost. All features are normalised to the
range [0, 1] by linearly scaling each variable between its approximate minimum and maximum

values, ensuring that negative values are also mapped within this range.

The pedestrian observes its own z and y coordinates, forward walking speed, walking direction,
gaze yaw angle, and the vehicle’s y coordinate and speed. In models without visual constraints,
the vehicle state is observed without noise, whereas in models with visual constraints they are
estimated from noisy input as described in Section In the latter case, the observation
additionally includes uncertainty measures from the Kalman filter, specifically the estimated
variances of the vehicle’s position and speed. Execution-related features capture the pedestrian’s
step cycle: in models with motor constraints, the observation provides the remaining execution
time of the current walking step, indicating the time remaining until a new speed command

can take effect. The observation also includes the pedestrian’s own non-policy parameters, as
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Figure 4.4: Reward plot.

well as the mean and standard deviation of the vehicle’s non-policy parameter distributions, as

explained in Section [4.2.3

The vehicle observes its own z coordinate, speed, acceleration, and, in models with motor
constraints, also the target acceleration. In models with visual constraints, the vehicle does
not observe the pedestrian state directly but instead receives Kalman-filtered estimates of the
pedestrian’s x and y coordinates and speeds. Along with these estimates, the observation also
includes the corresponding uncertainty measures from the Kalman filter, namely the estimated
variances of the pedestrian’s position and speed. The pedestrian’s walking direction is also
provided. The observation further includes the vehicle’s non-policy parameters, along with the

mean and standard deviation of the pedestrian’s non-policy parameter distribution.

Table 4.1: Hyperparameters for the RL algorithm.

Parameter Value

Algorithm Soft Actor-Critic (SAC)
Training iterations 20,000

Hidden layers [256, 128, 64]
Activation ReLLU

Learning rate 0.001

Discount factor (7) 0.995

Batch size 8192
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4.2.7 Reinforcement learning algorithm

We used the Soft Actor-Critic (SAC) algorithm as implemented in Ray RLIib for all RL exper-
iments (Liang et al., 2018)). SAC optimises a stochastic policy in continuous action spaces and
supports efficient, stable learning through off-policy updates (Haarnoja et al.,2018)). The reuse
of past experiences may offer some benefits in our multi-agent setting, where interactions are
complex (Christianos et al., 2020)). In our case, two policies were trained simultaneously, one

for the pedestrian agent and one for the vehicle agent.

Compared with PPO, SAC offered two practical advantages in this context. First, its off-policy
formulation allows past experience to be reused through a replay buffer, which can improve
sample efficiency in multi-agent interaction settings where informative events may be relatively
sparse (Christianos et al., 2020)). Second, SAC learns a stochastic policy while explicitly encour-
aging exploration through entropy regularisation. This can reduce the tendency to converge
to overly rigid behavioural strategies. These properties made SAC more suitable for learning
flexible interactive behaviours in this chapter. This choice also had implications for the learned
behaviour. In preliminary experiments, PPO often led the agents to select actions near the
boundaries of the action space, suggesting poorer optimisation behaviour in this more complex
multi-agent setting. Such optimisation artefacts are not only a technical concern, but can also
reduce behavioural realism by producing overly extreme or mechanically implausible actions.
SAC was therefore adopted as a more suitable algorithm for capturing nuanced interaction pat-
terns such as yielding, gradual speed adjustment, and behavioural variability across repeated

interactions.

We trained the SAC model for 20,000 iterations. The reward curves of different model variants
during training is shown in Figure illustrating the convergence trends of the different model

variants. The hyperparameters used in our implementation are summarised in Table

4.2.8 Fitting of non-policy parameters

The values for the non-policy parameters that best describe the population are not learned
through the RL training but are instead fitted by comparing model trajectories of the trained

RL policy with real-world trajectory data.

To quantify how well the model behaviour matches real-world data, we adopted a composite

Negative Log-Likelihood (NLL) metric inspired by recent work on evaluation of the performance
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of simulation-based agents (Montali et al., 2023)). In this approach, comparison between model
and real-world trajectories is conducted over a diverse set of behavioural metrics encompassing
both motion dynamics and interaction outcomes, such as linear speed, acceleration, angular
velocity, angular acceleration, distance to nearest object, time-to-collision (TTC), distance to
road edge, offroad indication, and collisions. In Montali et al. (2023)), each of these metrics is
first converted into a likelihood score by comparing simulated rollouts with logged data using
kernel density estimates. NLLs are then averaged across time and agents, and finally aggregated
into a single composite score via a weighted average. Safety-critical metrics such as collisions

and offroad departures are assigned higher weights in their formulation.

Building on this framework, we used the same likelihood-based approach and adapted the set
of metrics to our specific pedestrian-vehicle interaction scenario. For simplicity, we did not
introduce different weights for different metrics, effectively setting all weights to one. Following
Montali et al. (2023), we included metrics describing motion dynamics and interactions, namely
the linear speed and linear acceleration of both agents, the pedestrian’s angular velocity and
angular acceleration, and the inter-agent distance. In addition, we added a few metrics to
better capture behaviours relevant to our task, including the x positions of both agents, the
pedestrian’s y position and heading angle, and the projected Post-Encroachment Time (PET)
(Lin et al., [2024). The projected PET is defined as the predicted time difference, based on
current trajectories, between the pedestrian passing the y coordinate of the crossing point and
the vehicle passing its x coordinate (the red dot in Figure . A positive PET indicates that

the pedestrian crosses first, while a negative PET indicates that the vehicle crosses first.

Given the scoring method described above, model fitting amounts to running simulations for
different values of a non-policy parameter vector ¢ and finding the one that minimises the

composite NLL. The vector

¢ = [Mu,peda Ov,peds Hv,vehs Ov,vehs Hw,peds Ow,peds Hw,vehs Uw,veh]a

defines the means and standard deviations of the population distributions for the four non-policy

parameters (Vped, Uyeh, Wped s Wyeh ), giving eight free parameters in total.

Since the model contains stochasticity arising from both noisy visual input and the trained

SAC policy, likelihood estimates based on a single rollout would be overly sensitive to inciden-
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tal variation. We therefore ran five rollouts for each parameter vector. In practice, examination
of the resulting behavioural metric distributions suggested that five repetitions were sufficient
to capture the main spread of the simulated behaviour and to provide a reasonably stable basis
for the composite likelihood estimates. This should be understood as a pragmatic sufficiency
judgement for the present fitting procedure, rather than a claim that five rollouts are universally
optimal. To mitigate the compounding divergence between model and real-world trajectories,
model rollouts during testing were limited to 2 s in duration. Each 6 s real-world trajectory
was therefore divided into three 2 s segments, with initial conditions taken from the real-world

data and shared non-policy parameter values used across all three segments.

For each behavioural metric, a KDE was fitted to the real-world data using Scott’s rule for
bandwidth selection (Scott, 2015). The model distributions were then evaluated under the
fitted KDEs to obtain per-feature likelihoods. The overall composite NLL was computed by

averaging the NLL across all behavioural features and trajectory segments.

To optimise the non-policy parameter vector ¢, we used Bayesian optimisation with Gaussian
processes via gp_minimize from scikit-optimize. During optimisation, each element of ¢
was constrained within the ranges specified in Section The optimisation was run for 500
iterations, with 100 initial random samples, using Expected Improvement as the acquisition
function. The optimisation returns point estimates of these eight values, which define the
population-level distributions from which individual agents sample their non-policy parameters
during simulation. In addition to the composite NLL used as the optimisation objective, we
also reported per-metric NLLs and the Kolmogorov-Smirnov (KS) statistic as complementary
distributional measures, since KS is a widely used method for comparing empirical distributions

and may be more familiar to some readers.

4.2.9 Behavioural cloning model

Behavioural cloning (BC) (Bain and Sammut, 1995) was implemented as a supervised learning
baseline for comparison with our RL framework. Its purpose was to evaluate to what extent
a non-interactive imitation learning model, trained purely on the real-world demonstrations
in our small dataset, could replicate realistic pedestrian and vehicle behaviours. Given the
data limited setting, we trained and evaluated the BC baseline on the entire dataset to keep the

training and evaluation conditions consistent with the RL models. This choice maximised access
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Figure 4.5: Training loss curves for the BC model.

to available data and was expected to yield strong one-step (open-loop) predictions, whereas

our main comparisons focus on closed-loop rollout performance on the same interaction set.

The BC models for both pedestrian and vehicle agents were trained separately, using the same
data as for our RL model, but instead using supervised learning to predict the next agent action
given the current state. The input features included both self and other-agent states: x and y
position, speed, heading angle for the pedestrian; and x position and speed for the vehicle, as
well as time. These features correspond to the observation space of the NC variant of our RL
model. The BC models produced the same action outputs as the NC model. Specifically, the
pedestrian model predicted walking speed and heading angle, while the vehicle model predicted

linear acceleration.

The pedestrian and vehicle BC models shared the same network architecture: two hidden layers
with 64 units each and ReLU activation. They were trained using mean squared error (MSE)
loss and the Adam optimiser with a learning rate of 0.001, until subjectively judged convergence,
reached after 200 epochs and 15,000 epochs for the pedestrian and vehicle models, respectively.

Training losses are shown in Figure [4.5

4.3 Results

The results presented in this section are based on simulations using the trained RL model, with
the fitted non-policy parameter distributions. For each real-world interaction, we initialised
the simulation with the corresponding human starting conditions and ran the model five times,

the same as in the fitting procedure, to account for variability arising from the visual noise
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and from the RL policy. The evaluation was performed on full interaction trajectories, without

segmentation.

The same procedure was applied to the BC model, which is deterministic in its action predic-
tions. In this case, the five runs per interaction yielded identical trajectories, but were repeated
for consistency with the evaluation protocol used for the RL model.

Table 4.2: Quantitative comparison of model performance across three behavioural metrics:
negative log-likelihood (NLL), average displacement error (ADE), and final displacement error
(FDE).

Metric BC NC VC MC VMC
NLL 3.92 3.57 3.28 3.19 2.42
ADE (m) 5.92 5.17 4.60 5.61 2.87
FDE (m) 11.54 11.79 11.36 9.41 5.41

4.3.1 Comparing model and real-world behaviour metric distributions

To assess distributional similarity between model behaviours and real-world data, we report per-

metric NLLs (Montali et al., 2023)), together with KS statistics, as introduced in Section

As shown in Table the VMC model achieved the lowest overall NLL (2.42), indicating
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Figure 4.6: Comparison of model and real-world behavioural distributions across all time steps
and trajectories for four key interaction metrics: pedestrian speed, vehicle speed, inter-agent
distance, and projected post-encroachment time (PET). Each row corresponds to a different
model variant. The Kolmogorov-Smirnov (KS) statistic shown in each subplot quantifies the
similarity between model and real-world distributions, with lower values indicating closer align-
ment.
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the best overall alignment with real-world trajectories. This was followed by the MC and VC
models, while the NC and BC models showed relatively higher NLL scores, reflecting poorer fit

to the real-world data.

To provide more detail, Figure shows per-feature comparisons for four representative metrics:
pedestrian speed, vehicle speed, inter-agent distance, and projected PET. For each feature, we
report the NLL together with the KS statistic as complementary measures. Positional features
such as z and y coordinates are not shown in Figure however see the trajectory-level

comparisons in the next section Additional behavioural metrics used in fitting, are presented in
Appendix B (FigurdC.1J).

Across the four plotted metrics, the VMC model provided the closest match to real-world data,
showing the lowest NLL and KS values across all metrics, as illustrated in Figure Although
the MC model attained a slightly lower NLL for PET, (2.24 vs. 2.48), the VMC still achieved

the lowest KS, indicating the best overall distributional similarity.

In contrast, the NC and VC models yielded much poorer fits for pedestrian speed, i.e., high
per-feature NLLs (7.92 and 7.88) and large KS values (0.83 and 0.81), likely because they lack
a walking-effort cost, as shown in the second and third rows of the first column in Figure
The BC model aligned relatively well in distance (KS = 0.12, NLL = 2.01) and PET (KS =

0.25, NLL = 2.57), but failed to reproduce the real-world pedestrian-speed distribution.

4.3.2 Comparing model and real-world trajectories

We next evaluated the spatial and temporal similarity between model and real-world trajectories
using average displacement error (ADE) and final displacement error (FDE). ADE measures
the average point-wise distance between model and real-world trajectories over time, while
FDE quantifies the distance at the final timestep. Lower values indicate better alignment with
real-world human behaviour. Summary results are shown in Table with full trajectory

visualisations provided in Appendix A.

Figure presents three representative interactions: a vehicle-first case (interaction 18), a
pedestrian-first case with vehicle yielding (interaction 33), and a pedestrian-first case without
vehicle yielding (interaction 67). In this figure, the BC model is deterministic, so the model
trajectories are identical and appear as a single purple line. In the NC model, there is no

visual noise and the only stochasticity comes from the policy network, which is small, so the
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Figure 4.7: Comparison between model and real-world trajectories for three representative
pedestrian-vehicle interactions (IDs 18, 33, and 67). Model trajectories are shown in purple.
The z-axis represents the vehicle’s longitudinal distance to the crossing point; the y-axis shows
the pedestrian’s lateral distance. Purple and black dots mark the 3-second positions of the
model and real-world trajectories, respectively. Each row corresponds to a different interaction
type: vehicle-first (ID 18), pedestrian-first with vehicle yielding (ID 33), and pedestrian-first
without vehicle yielding (ID 67). The rightmost panel provides a schematic comparison between
pedestrian-first (blue) and vehicle-first (orange) scenarios, with both trajectories originating
from the same starting point (black circle).

trajectories look as if they have merged into one. As schematically shown in the rightmost panel,
in this type of plot, if the trajectory passes above the origin, this indicates that the pedestrian
crossed before the vehicle, and if the trajectory passes below the origin, the vehicle went first.
In Figure [£.7] model performance can be assessed by how close the model trajectories are to
the real-world trajectory, with closer alignment indicating higher fidelity. Good agreement can

also be reflected by the model position at 3 s (purple dot) coinciding with the human position

at 3 s (black dot).

In Table across both ADE and FDE, the VMC model achieved the lowest errors, demon-
strating its ability to reproduce human-like trajectories throughout the interaction. In contrast,
the BC model and RL variants lacking motor constraints (NC and VC) showed larger errors,

particularly in FDE, indicating cumulative divergence from real-world trajectories.

The BC model generally performed well in vehicle-first scenarios, as shown in interaction 18. In
contrast, it failed to generate human-like pedestrian-first behaviours. In interaction 33 (second
row of Figure , the vehicle decelerated to a stop after passing the crossing, an unrealistic

action not observed in real-world data, likely due to the BC model’s lack of contextual un-
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Figure 4.8: Average speed profiles of pedestrians (left) and vehicles (right). Real-world data are
shown in black, and simulation results in purple. For each model, the solid line represents the
mean speed, and the shaded area indicates the 95% confidence interval. The z-axis represents
the agent’s distance to the crossing point: larger values indicate positions farther away from
the crossing, while smaller values (towards the right) represent positions closer to or at the
crossing. Model trajectories were first averaged across repetitions sharing the same non-policy
parameters before computing group-level statistics.

derstanding of interaction. Similarly, in interaction 67, the vehicle stopped even though the
pedestrian had already crossed and posed no threat, again highlighting the BC model’s limited

understanding of the interaction dynamics.

Models without motor constraints (NC and VC) allowed pedestrians to cross quickly without
cost, leading to the absence of vehicle-first events. As shown in the second and third columns
of Figure .7 with these models, pedestrians consistently crossed first, and vehicle-yielding

behaviours were not observed.

The MC model performed well in vehicle-first cases, but driver behaviour was often more as-
sertive than in the real-world data. In interaction 18 in Figure [£.7] vehicles crossed with earlier
and faster motion. While the MC model also captured pedestrian-first cases (rows 2 and 3),
vehicle responses in yielding scenarios appeared more abrupt and occurred further away from

the pedestrian compared to real-world trajectories (shown in row 2).
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The VMC model reproduced all three interaction types observed in the real-world data, as
shown in the fifth column of Figure 4.7} This model also captured variability within the vehicle-
first category, with some vehicles yielding while others crossed first, visible in the first row of the
fifth column. A strength of the VMC model is that the simulated positions at 3 s (purple dots)
lie close to the real-world human positions (black dots), indicating good spatial and temporal
alignment with real-world trajectories. However, a limitation is that in vehicle-first scenarios
the model typically produced pedestrian-first outcomes, and when it did generate vehicle-first
behaviour the vehicle showed the same aggressive driving behaviour as the MC model. It can
be noted that all RL-based models were able to reproduce pedestrian-first scenarios without
vehicle yielding (interaction 67), suggesting that such non-interactive patterns were relatively
easier to learn regardless of constraint assumptions. However, only the VMC model showed
close alignment with the real-world trajectory, as shown by the purple and black dots being

close at 3 s.

4.3.3 Speed of the pedestrian and driver agent

We further examined the average speed profiles of both the pedestrian and the vehicle as a
function of their distance to the crossing point, as shown in Figure These profiles are infor-
mative for assessing how agents adjust their motion around the crossing, for example slowing
down before entry, and yielding. In Figure both agents approached the crossing from left to
right along the z-axis: larger values indicate positions farther from the crossing, while smaller
values represent proximity to the crossing point. In the real-world data, vehicle speed gradu-
ally decreased when approaching the crossing, while pedestrians typically slowed down slightly

before entering.

The BC model failed to reproduce the deceleration behaviour for vehicles. Pedestrian speed

also deviated from the empirical pattern, showing only a weak reduction before crossing.

In the NC and VC models, vehicle agents exhibited minimal deceleration, while pedestrian
agents maintained consistently higher speeds than observed in real-world data. This behaviour
stems from the absence of motor constraints, which allowed agents to accelerate or maintain high
speeds without penalty. As a result, both models failed to replicate the typical slowing-down

pattern seen in real-world interactions.

In contrast, the MC and VMC models more accurately captured the deceleration patterns of
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Figure 4.9: Distribution of pedestrian gaze orientation in the VC and VMC models, measured
relative to the yy-axis (i.e., the upward direction on the map in Fig. . A gaze direction of 0°
indicates that the pedestrian is looking straight along the yy-axis (perpendicular to the road),
while positive values indicate gaze directed toward the approaching vehicle.

both agents. Pedestrian agents in these models slowed down before crossing (around z = 6 m)
and accelerated afterwards, aligning more closely with real-world human behaviour. Vehicle
agents in the MC model applied stronger and earlier braking than observed in the real-world
data, followed by a more abrupt acceleration, as shown in the second column of the fourth row of
Figure £.8l The VMC model better reproduced the observed trends, although it still exhibited
slightly earlier braking than human drivers (around z = 15 m) and both agents maintained
overall lower speeds compared to the real-world data, as illustrated in the second column of the

fifth row.

4.3.4 Gaze Direction under Visual Constraints

From Figure and it can be observed that in the VMC model, pedestrians exhibited a
clear tendency to direct their gaze toward the oncoming vehicle to their right. In contrast, in

the VC model the gaze direction was more centrally distributed.

A closer examination of Figure [4.10| reveals more nuanced, situation-adaptive gaze patterns. For
instance, in interaction 67, the pedestrian mainly looked forward, whereas in interactions 18 and
33, the gaze shifted rightward early in the interaction when the vehicle approached, and some
leftward looking late in interaction 18. These patterns suggest that the VMC pedestrian learned
to monitor the vehicle when it was relevant to crossing safety, leading to a situation-adaptive

gaze distribution.

This behavioural difference likely arises from the reward structure of the model. The VMC

model includes motor constraints, which means the pedestrian cannot cross the road fast without
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Figure 4.10: Comparison between model and real-world trajectories for the VC and VMC
models across three representative interactions. Real-world trajectories are shown in black, and
model trajectories in purple. Green arrows indicate the pedestrian’s gaze orientation at 2 s
intervals. Red and black dots denote the position of the pedestrian after 3 seconds in the model
and real-world data, respectively. The background image corresponds to the real-world scene
of the crossing. Note that the VMC model shows less variability than the VC model, resulting
in overlapping gaze orientation arrows across repeated simulations.

penalty. As a result, the pedestrian must carefully monitor the vehicle to cross safely and avoid
the collision penalty. In contrast, the VC model lacks such constraints: pedestrians can cross
quickly and are rarely affected by the vehicle. As discussed in Section [£.3.2] the VC model failed
to reproduce vehicle-first or vehicle-yielding scenarios, reducing the need for vehicle monitoring.
Since gaze direction only matters when avoiding collisions, the learned policy may default to

centre-looking or random gaze movements when vehicle monitoring is unnecessary.

4.4 Discussion

4.4.1 Main findings

In this work, we present a novel multi-agent RL framework that explicitly incorporates human-
like perceptual and motor constraints. Some prior studies have explored partial observability
in RL-based road user agents. For example, the multi-agent RL framework by Vinitsky et
al. included a restricted field of view, and Cornelisse et al. leveraged partial
observability to improve agent robustness for AV benchmarking. However, these works did not
incorporate human-inspired elements such as distance-dependent visual noise or biomechanically

constrained motor control, as included in our model to better reflect human constraints when
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interacting with the real world.

To make the most effective use of the limited real-world data, all models were trained and
evaluated on the full dataset. Given that the RL models contain relatively few free parameters
(non-policy parameters in this study), the risk of overfitting was considered low. Nevertheless,
two potential concerns may arise from this setup. First, one might question whether the supe-
rior performance of the VMC model compared to the other RL-based models could be due to its
greater flexibility arising from a larger number of non-policy parameters. Second, the training
setup for the BC baseline does not follow the conventional practice in supervised learning, of
separating training and validation data. To address these issues, we conducted an additional
three-fold training/validation procedure across all 2 s trajectory segments. In each fold, all
models were trained (supervised learning of the BC model; Bayesian fitting of non-policy pa-
rameter for the RL model variants) on two-thirds of the data and evaluated on the remaining
one-third, and the models were ranked based on their average performance across these three
folds. The relative ranking of model performance using this fitting and evaluation method was
exactly the same as the results in Table confirming that the improved performance of the
VMC model was not simply a consequence of additional flexibility or the atypical training setup

for the BC baseline.

A key result is that the VMC model, which includes both visual and motor constraints, achieved
the highest similarity to real-world data across behavioural, kinematic, and trajectory-based
metrics, outperforming variants omitting one or both. Importantly, the VMC model also out-
performed the behavioural cloning (BC) model, which was trained directly on real-world human
demonstrations and contained a larger number of trainable parameters. This highlights the
advantage of reward-driven learning under structured human-like constraints, particularly in

data-limited settings.

Another methodological innovation of our work lies in modelling pedestrian-vehicle interactions
at the population level through non-policy parameter distributions. Prior work in computational
rationality modelling of human behaviour has often focused on individual-level modelling, where
each agent is assigned its own parameter set based on observed behaviour (Chen et al., 2021b;
Jokinen et al., 2021; Wang et al., 2025a; Wang et al., 2025b)). While such approaches can capture
inter-individual variability in controlled experiments, where each participant is observed across

multiple trials, they are less suited to real-world road user modelling, where individuals are
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Figure 4.11: Distribution of driver target acceleration values for MC and VMC models.

typically observed only once for a short period of time, e.g., as in our case during a single
interaction event. Therefore, we instead estimated population-level distributions for motor
and perceptual non-policy parameters. Our simulations are then run by drawing individual
agent parameters from these fitted distributions, enabling the model to capture population-

level variability rather than optimising a single parameter set for each agent.

4.4.2 Impact of human constraint on the pedestrian-vehicle interaction

Here, we analyse how each type of human-inspired constraint, visual and motor, contributes
to the simulated interactions. Comparing the MC and VC models indicates that introducing
motor constraints (NC — MC) produces a larger improvement in interaction realism than
introducing visual constraints alone (NC — VC). Although both models achieve similar NLL
scores (Table , only the MC model reproduces key behavioural patterns such as vehicle-first
and vehicle-yielding scenarios. This reflects the role of motor effort in regulating movement
timing: by penalising abrupt acceleration or fast crossings, motor constraints lead to smoother
and more human-like behaviours. In contrast, the VC model allows the pedestrian to cross
rapidly without cost, which reduces the need for the adaptation to the vehicle behaviour. As a

result, interaction patterns observed in real-world data are not reproduced.

Adding visual constraints on top of motor ones (i.e., MC — VMC) further improves realism, par-
ticularly in driver responses. As shown in Figure the MC vehicle agent often brakes early
and sharply, potentially due to overconfidence in its predictions about pedestrian behaviour, to
avoid the not yielding penalty. In the VMC model, perceptual uncertainty introduced by vi-
sual noise encourages more cautious deceleration, consistent with the human driver deceleration

profiles shown in Figure
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Together, these findings suggest that both visual and motor constraints are necessary for realis-
tic pedestrian-vehicle interaction modelling, but in different ways. Motor constraints primarily
shape the timing and smoothness of actions, while visual constraints enhance behavioural real-
ism by inducing more hesitant responses and better capturing the variability observed in human
decision-making under uncertainty. However, it should be noted that our ablations are relatively
coarse: the MC variant bundles pedestrian ballistic step execution and effort cost with driver
acceleration filtering, and the VC variant bundles distance-dependent retinal noise, Bayesian
estimation, and gaze-dependent acuity. Below, we discuss further opportunities to build on our

work.

4.4.3 Implications and future work

The current model extends our earlier framework to a multi-agent setting using real-world
pedestrian-vehicle interaction data. This allows both agents to adaptively respond to each

other in more realistic scenarios, bringing the framework closer to practical AV applications.

For example, with regard to AV testing, realistic human behaviour models can support the
development of socially compatible AV planners, by providing training environments where AV
policies learn to interact with pedestrians in ways that align with human expectations. In our
case, the proposed framework enhances realism in two ways. First, its multi-agent reinforcement
learning formulation enables agents to adaptively co-evolve during training, rather than only
reproducing pre-specified trajectories. Second, the VMC variant not only reproduces realistic
motion patterns but also simulates gaze orientation as a proxy for head movement behaviour,
thereby enabling analysis of how AV systems might interpret pedestrian intent from observable
cues such as head pose and facing direction. This aspect connects directly to research on
pedestrian intent recognition, where algorithms commonly use head orientation to infer crossing
intention or attention state (Rasouli et al.,|2017; Perdana et al., 2021]). While several empirical
studies have examined pedestrians’ head and gaze orientation prior to crossing and their relation
to crossing decisions (Zhao et al., 2023; Theisen et al., 2025), few modelling approaches have
explicitly coupled gaze direction with the full crossing process. The present framework therefore
contributes toward bridging this gap by endogenously generating gaze behaviour as part of the
decision-making policy. Nonetheless, the current account of visual attention remains simplified.
Future work could incorporate mechanisms such as noisy perception of both the pedestrian’s

goal and surrounding agents, to capture attention sharing between task goals and other road
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users, as well as effort-related costs associated with head or eye movements (Koevoet et al.,

2025)).

Methodologically, our ablation analysis should be interpreted at the mechanism-family level
rather than as single-component attributions, since each variant combines multiple perceptual
or motor elements. Future work could include finer ablations, for example separating pedestrian-
only and driver-only motor constraints and disentangling visual subcomponents such as noise-

only, Kalman-only, and gaze-acuity-only.

In addition to such ablation-focused refinements, several aspects of the environment design could
also be improved. The current driver model lacks explicit penalties for abrupt acceleration
or deceleration, which in our simulations sometimes led to unrealistic velocity fluctuations,
particularly visible at the beginning of the vehicle speed profiles (left side of the right-hand
panels in Figure . Future work could incorporate explicit smoothness-related rewards, such
as penalties on acceleration or jerk, to better reflect the biomechanical and comfort constraints
observed in human driving behaviour (Todorov and Jordan, 2002). Moreover, our simulated
environment did not include a representation of the fact that the real-world zebra crossing was
raised, functioning as a ‘speed bump’ for the driver. We experimented with adding a speed
bump as a contextual factor intended to elicit braking, but our model drivers in the simulation
either ignored it or stopped before it, and the modification did not provide further improvements

in model human-likeness.

A further limitation is that we manually fixed several non-policy parameters, such as the time
cost coefficient, rather than estimating them from data. We experimented with including these
as additional free parameters in the modelling pipeline, but this substantially increased training
time and reduced convergence stability. These results suggest that the specific RL approach
we used here may struggle to handle more complex RL environments, such as those including
contextual features like speed bumps or variable time costs, without additional architectural
or algorithmic advances. Future work could address this by exploring more advanced policy
representations, for example recurrent or attention-based neural networks that can better encode
history and context, or by applying more explicit forms of inverse reinforcement learning (IRL),
going beyond the parameter fitting used here to directly infer reward functions from human
demonstrations. In addition, in this study, we used the SAC algorithm rather than the Proximal

Policy Optimisation (PPO) algorithm (Schulman et al., [2017)). Initial experiments using PPO
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revealed that the agent frequently selected boundary values in the action space. While the
primary focus of this work was on RL environment design and human-like constraints, future
research should also consider the role of RL algorithm choice and optimisation in shaping policy
behaviour. The selection of RL algorithms may also affect the stability, and realism of learned

behaviours.

Another aspect relating to evaluation robustness concerns the BC baseline. As noted above, we
trained and evaluated BC on the entire dataset to align conditions with the RL setup in a data-
limited setting. This supports high one-step, open-loop accuracy on the same data, but closed-
loop rollouts can accumulate errors once the policy drifts away from the demonstrated trajectory.
Future work could address this limitation by training the BC model on a larger and more diverse

dataset to better examine its behaviour across varied pedestrian-vehicle interactions.

We argue that the superior performance of the VMC model, relative to the other model variants,
primarily reflects structural changes introduced by the perceptual and motor constraints rather
than the larger number of non-policy parameters. This interpretation is supported by the
training/validation split analysis we mentioned above, where the relative performance ranking
remained consistent across folds, indicating that the improved performance of the VMC model
is unlikely to result from overfitting due to additional parameters. However, we did not test this
using metrics such as the Akaike Information Criterion (AIC), which balances model fit and
complexity by penalising the number of free parameters (Akaike, |2003). Our present evaluation
followed Montali et al. (2023)) in relying on a composite NLL, whereas AIC requires likelihoods
computed at the level of individual observations. Future work could therefore either develop
a way to compute AIC from our setting, for example by deriving standardised individual-level
likelihoods, or explore alternative criteria that explicitly balance goodness of fit against model
complexity. Such approaches would help distinguish improvements due to human constraints

from those arising from additional flexibility.

Finally, this study focused on simplified one-to-one interactions between a single pedestrian and
vehicle. While this setup supports simpler training and interpretable analysis, extending the
framework to model groups of pedestrians, and dense traffic environments remains an important

next step for real-world scalability and generalisation.
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4.5 Conclusions

This study developed a multi-agent reinforcement learning framework that integrates human-like
sensory and motor constraints to model pedestrian-vehicle interactions at unsignalised cross-
ings. We evaluated four model variants—No Constraint (NC), Motor Constraint (MC), Visual
Constraint (VC), and Visual and Motor Constraint (VMC)—on a real-world dataset using a
comprehensive set of behavioural, kinematic, and trajectory-based metrics. The VMC model
achieved the highest similarity to human data across all metrics, outperforming other RL vari-
ants and a behavioural cloning (BC) model, demonstrating the value of RL-based human be-
haviour modelling in data-limited conditions. In addition, the VMC model provided a simple
representation of gaze orientation, offering a first step toward capturing how pedestrians use
gaze in interactive decision-making. By comparing models with different human constraints,
we found that motor constraints result in smoother movements that reflect human-like speed
adjustments during crossing interactions. The inclusion of visual constraints introduces percep-
tual uncertainty and field-of-view limitations, leading the agents to exhibit more cautious and
variable behaviour, such as less abrupt deceleration. These findings highlight the importance
of including both motor and visual constraints in interactive behaviour modelling. Another
contribution of our approach lies in its use of population-level model fitting of RL-based human
behaviour models. Instead of optimising a fixed parameter set for each simulated agent, we
infer population-level distributions over sensory and motor constraints. This allows the model
to reflect group-level behavioural tendencies while preserving individual variability. Such an ap-
proach is particularly valuable in real-world road user modelling, where repeated measurements
per individual are rare, and stands in contrast to prior work primarily conducted in controlled
experimental settings. The proposed framework provides a promising direction for both be-
havioural modelling and the development of socially acceptable AVs. Future work could extend
the approach to more complex scenarios, such as group pedestrian dynamics and multi-vehicle
interactions, and refine the reward design to better capture social and contextual norms in road

user behaviour.
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Chapter 5

Realistic adversarial scenario
generation via human-like pedestrian
model for autonomous vehicle

control parameter optimization

Abstract

Autonomous vehicles (AVs) are rapidly advancing and are expected to play a central role in
future mobility. Ensuring their safe deployment requires reliable interaction with other road
users, not least pedestrians. Direct testing on public roads is costly and unsafe for rare but
critical interactions, making simulation a practical alternative. Within simulation-based testing,
adversarial scenarios are widely used to probe safety limits, but many prioritise difficulty over
realism, producing exaggerated behaviours which may result in AV controllers that are overly
conservative. We propose an alternative method, instead using a cognitively inspired pedestrian
model featuring both inter-individual and intra-individual variability to generate behaviourally
plausible adversarial scenarios. We provide a proof of concept demonstration of this method’s
potential for AV control optimisation, in closed-loop testing and tuning of an AV controller. Our
results show that replacing the rule-based CARLA pedestrian with the human-like model yields

more realistic gap acceptance patterns and smoother vehicle decelerations. Unsafe interactions
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occur only for certain pedestrian individuals and conditions, underscoring the importance of
human variability in AV testing. Adversarial scenarios generated by this model can be used to
optimise AV control towards safer and more efficient behaviour. Overall, this work illustrates
how incorporating human-like road user models into simulation-based adversarial testing can
enhance the credibility of AV evaluation and provide a practical basis to behaviourally informed

controller optimisation.
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5.1 Introduction

Autonomous vehicles (AVs) have received significant attention from both academia and industry
due to their potential to shape the next generation of mobility. They promise benefits such as
reduced labour costs and improved safety by mitigating human error, which accounts for the
majority of traffic accidents (Muralidhar et al., 2023)). Major industrial actors such as Waymo
and Baidu Apollo have already deployed AV pilots in urban environments, highlighting both
the maturity of this technology and the urgent need for its safe evaluation (WebProNews, [2025;
Reuters, [2025)).

However, several challenges remain before AVs can be safely deployed at scale in diverse real-
world environments. A central requirement is reliable operation in mixed-traffic conditions,
where AVs must anticipate and respond to the actions of other road users (Camara et al.,
2020). Evaluating AV behaviour in such interactions is therefore essential prior to large-scale

deployment.

Testing these behaviours directly on public roads is costly, time consuming, and potentially
hazardous, particularly for rare or safety-critical scenarios. It is therefore impractical to rely
solely on real-world testing for validation. Simulation-based testing has consequently emerged
as a practical and scalable alternative (Huang et al., 2016)). Compared with road testing, virtual
environments allow controlled and repeatable experiments across a wide range of conditions,
including dangerous or rare interactions (Joisher et al., 2019; Sawitzky et al., 2023). For these
reasons, simulation is now recognised as a fundamental tool in the design and assessment of AV

controller (Wang et al., [2024]).

Within simulation environments, the fidelity of the models that represent other road users is
particularly critical, since their behaviour directly shapes the realism and rigour of evaluation.
Vulnerable road users, and pedestrians in particular, require special attention as they account for
approximately 22% of global road traffic fatalities (World Health Organization, 2013|). However,
modelling interactions with pedestrians is particularly challenging due to their high variability
and inherent uncertainty. Unlike interactions between vehicles, which often follow traffic regula-
tions and exhibit relatively constrained dynamics, pedestrian behaviour is shaped by a wider set
of contextual, psychological, environmental, and motor factors (Rasouli and Tsotsos, 2019). For

instance, differences in motor abilities across individuals influence pedestrians’ walking speed
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and movement initiation during road crossing (Wang et al., 2025b). Accurately modelling these
subtleties in simulation is therefore essential for avoiding overly simplistic assumptions that

limit the real-world applicability of AV control algorithms (Mirzabagheri et al., 2025).

Despite this need, most existing simulation frameworks rely on relatively simple pedestrian
models. These are often rule-based or deterministic, relying on fixed patterns or basic heuristics
such as social-force or cellular automata formulations (Helbing and Molnar, [1995; Okazaki, |1979;
Blue and Adler, 2001)). While computationally efficient, such approaches oversimplify pedestrian
behaviour, failing to capture the natural variability and adaptability that characterise real
human decision-making (Camara et al., 2020). As a result, the realism of pedestrian-vehicle
interactions in these simulations remains limited, constraining the validity of the evaluation

outcomes.

To improve the realism of pedestrian behaviour representation, more advanced pedestrian mod-
els have recently been developed. These include cognitively inspired models that capture per-
ceptual uncertainty and decision-making processes (Markkula et al., 2018; Pekkanen et al., 2022}
Tian et al., [2025]), game-theoretic models that represent interactive intent inference (Dang et al.,
2025), and reinforcement learning (RL) models that learn bounded optimal behaviour under
human-like constraints (Wang et al., [2025b; Wang et al., 2025a)). The COMMOTIONS frame-
work, in particular, integrates sensory, motor, and cognitive mechanisms to reproduce more
naturalistic pedestrian behaviour (Markkula et al., 2023|). However, despite these advances,
such human-like agents have not yet been systematically integrated into simulation-based AV
testing. It therefore remains untested whether applying these human-like pedestrian models
within AV simulation testing improves behavioural realism, or how their use might influence

the safety-critical behaviours of AVs.

Parallel to these efforts on realism, another line of research has investigated adversarial scenario
generation. This refers to the deliberate construction of traffic situations designed to challenge
AV decision-making, often by pushing interactions towards unsafe or near-miss outcomes. Such
approaches have been investigated primarily as a means to expose failure modes in AV control
systems. Typical methods employ RL or black-box optimisation to train pedestrian agents that
provoke unsafe interactions, such as collisions with vehicles (Song et al., |2023; Hanselmann
et al., 2022; Priisalu et al., 2023|). For example, the ‘suicidal pedestrian’ framework explicitly

trains agents to collide with AVs (Yang et al., 2023), while the adversarial jaywalker model uses a

167



Chapter 5. Realistic adversarial scenario generation via human-like pedestrian model for
5.1. Introduction autonomous vehicle control parameter optimization

multi-state rule-based controller to generate hazardous crossings, and has been proposed for AV
robustness testing (Muktadir and Whitehead, 2022). Although effective for robustness testing of
the AV control algorithm, these methods typically prioritise scenario difficulty over behavioural
plausibility. The resulting agents often exhibit exaggerated or unrealistic behaviours that fail
to reflect real pedestrian intentions, thereby undermining realism and limiting their value for

informing real-world deployment (Dyro et al., 2024)).

Beyond their role in robustness testing, adversarial scenarios also have the potential to inform
the optimisation of AV control in pedestrian interaction scenarios. Effective interaction requires
balancing safety and efficiency: AVs must avoid collisions and maintain sufficient safety mar-
gins, while also preventing unnecessary braking and excessive delays. Optimising AV control
against overly simple or overly aggressive pedestrian models may lead to control algorithms
that fail to generalise to real human interactions, resulting in behaviours that are either unsafe
or overly defensive. In practice, however, adversarial scenario generation has so far been em-
ployed mainly as a robustness testing tool, relying on non-human-like pedestrian models that
produce exaggerated or unrealistic behaviours. This disconnect reveals a methodological gap:
human-like pedestrian models and adversarial testing have largely developed in parallel, and
their integration for improving both the realism and practical value of AV evaluation remains

limited.

Rather than attempting to replicate the full complexity of real urban environments, the present
study focuses on illustrating a conceptual point: that integrating human-like pedestrian models
can yield behaviourally plausible adversarial interactions more suitable for AV optimisation
than existing rule-based or overly aggressive adversarial agents. As a first step in this line of
research, we focus on a simplified one-to-one pedestrian-vehicle interaction at an unsignalised
zebra crossing. Building on this foundation, we employ the COMMOTIONS pedestrian model,
which integrates human-like sensory, motor, and decision-making mechanisms to reproduce more
naturalistic crossing behaviours (Markkula et al., 2023)). Using this model, we first test whether
incorporating a human-like pedestrian agent improves the behavioural realism of AV simulation
testing by benchmarking it against the rule-based CARLA pedestrian. We then employ the
model to generate adversarial yet behaviourally realistic scenarios, creating challenging but
plausible interactions that go beyond prior approaches. Finally, we use these realistic adversarial

scenarios to optimise AV control, targeting a trade-off between safety and efficiency, and we
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benchmark the optimisation outcomes against the adversarial jaywalker baseline (Muktadir
and Whitehead, 2022). It should be emphasised that the purpose of the simulation method in
this chapter is not to generate crashes or near crashes as an end in itself, nor to approximate
real-world crash frequencies. Instead, the aim is to expose the AV to relatively safety-critical
but non-collision interactions. The method should therefore be understood as a way of creating
challenging but behaviourally plausible test scenarios, rather than as a direct model of crash

occurrence.

The novelty of this work lies in unifying human-like behavioural realism with adversarial sce-
nario generation and demonstrating its practical value for AV control. Unlike previous studies
that either introduced cognitively inspired pedestrian models without embedding them in AV
systems, or used adversarial approaches focused solely on robustness testing, the present study
offers a proof of concept demonstration of how closed-loop AV testing and optimisation with
human-like pedestrian models can be achieved. Such end-to-end evaluations, where pedes-
trian models and AV controllers are jointly simulated, remain limited in existing AV research.
Through this integration, we analyse how two different AV controllers interact with diverse
pedestrian individuals, revealing that safety-critical outcomes emerge only under specific pedes-
trian instances and conditions. This finding highlights the importance of accounting for both
inter- and intra-individual variability in pedestrian behaviour when evaluating AV safety and
performance, and demonstrates how behaviourally realistic adversarial scenarios can guide the

optimisation of AV control parameters.

5.2 Methods

At the core of our framework is the COMMOTIONS pedestrian model (Markkula et al., 2023),
which integrates sensory, motor, and cognitive mechanisms to capture human-like road-crossing
behaviour. It should be noted that the COMMOTIONS model is not the modelling framework
developed across the main doctoral work in this thesis, but is instead used here as an existing
mechanistic benchmark for comparison; as explained in Section The model was validated by
demonstrating that it qualitatively reproduced key interaction phenomena and quantitatively
matched pedestrian-driver interaction outcomes observed in a distributed simulator study. It
captures inter-individual variability through distinct parameter sets for different individuals,

and its perception and decision-making mechanisms are stochastic, i.e., the model also exhibits
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Figure 5.1: Illustration of the zebra crossing interaction scenario used to evaluate the impact of
different pedestrian models on AV behaviour. The pedestrian begins at a standstill, positioned
4 m from the centreline of the vehicle lane and 2 m from the kerb, while the AV approaches at
the constant speed under different Time-to-Arrival (TTA) settings. The pedestrian began at
a standstill, positioned 4 m from the centreline of the vehicle lane and 2m from the kerb, and
waited at the kerb before initiating a crossing

intra-individual variability. These properties make it suitable both for generating adversarial
scenarios that emerge from plausible human variability and for evaluating how AV controllers
respond to more realistic pedestrian behaviour. It should also be noted that the COMMO-
TIONS model is not designed to generate crashes. Rather, it is a human behaviour model
developed to reproduce human-like pedestrian decision making and interaction dynamics, and
is therefore expected to successfully avoid collision in most cases. In the present chapter, its role
is to generate relatively safety-critical but mainly non-collision interactions that can be used to
evaluate AV behaviour, rather than deliberately crash scenarios. For more detailed information
about the model, readers are referred to Markkula et al. . Building on this foundation,
our method comprises three main components, which will be described below: (i) evaluation
of pedestrian model impact on AV interaction, (ii) generation of adversarial scenarios, and (iii)

optimisation of AV control using diverse scenario sets.
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5.2.1 Evaluation of pedestrian model impact on AV interaction

The first research question addressed in this study is whether a human-like pedestrian model
changes AV-pedestrian interaction outcomes and improves the ecological validity of simulation
testing. To support realistic testing of autonomous vehicle behaviour, we integrated the open-
source Autoware autonomous driving stack into the CARLA simulation environment via the
Autoware-CARLA bridge. This setup allowed the AV to perceive and respond to pedestrians
using its full planning and control pipeline, providing a stronger basis for evaluating interactions

under different behavioural assumptions.

Using this simulation setup, we compared two pedestrian models and two AV control architec-
tures. The baseline CARLA pedestrian was controlled using CARLA’s built-in walker controller
(CARLA Team, 2026|). After being assigned a destination, the CARLA pedestrian moves au-
tomatically towards the target under CARLA’s internal navigation system, with an optional
speed setting. The default CARLA pedestrian is therefore governed by simulator navigation

rather than by an explicit behavioural model of road crossing.

More specifically, walking is not initiated through a decision about whether the approaching
vehicle leaves a safe or acceptable gap. Instead, once the controller is started, the pedestrian
moves towards the assigned destination whenever that destination requires crossing the road. If
CARLA’s built-in walker logic detects a nearby vehicle along the pedestrian’s path, the pedes-
trian stops temporarily; when this condition no longer holds, movement towards the destination
resumes. The stop-go behaviour is therefore governed by destination following plus a proxim-
ity-based vehicle check, rather than by an explicit behavioural model in which the pedestrian
evaluates vehicle speed, time gap, or gap acceptability before deciding whether to cross. These
aspects of the default CARLA pedestrian clearly distinguishes it from the COMMOTIONS

model.

Similarly, two AV controllers were considered. The CARLA AV was controlled using the built-
in Carla BehaviorAgent. This agent follows a planned route, tracks waypoints, and applies
low-level vehicle control while reacting to traffic lights and road obstacles through built-in rule-
based logic. Its interactions with pedestrians are governed by pre-set behavioural parameters,
such as braking distance and related safety thresholds, rather than by an explicit model of

pedestrian-vehicle interaction.
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The Autoware AV, by contrast, uses a full open-source autonomous driving stack integrated
with CARLA via the Autoware-CARLA bridge. Its behaviour is generated through a layered
architecture for perception, planning, and control, designed to produce safe and rule-compliant
vehicle motion. In pedestrian interaction contexts such as crosswalks, the system explicitly de-
tects relevant road users and adjusts speed or stopping behaviour accordingly. The comparison
therefore contrasts a built-in rule-based CARLA driving agent with a full-stack AV architecture

in which pedestrian interaction is handled through explicit perception and staged planning.

We then assessed the influence of pedestrian behavioural realism and AV control architecture
using a 2x 2 design: pedestrian model (CARLA vs. COMMOTIONS) crossed with AV controller
(CARLA planner vs. Autoware).

All experiments were conducted in the CARLA Town 1 map, using a controlled zebra crossing
scenario. The pedestrian began at a standstill, positioned 4 m from the centreline of the vehicle
lane and 2 m from the kerb, and waited at the kerb before initiating a crossing (Figure . The
autonomous vehicle approached along a straight road at a constant speed of 30 km/h. Vehicles
were spawned at a predefined Time-to-Arrival (TTA), defined as the time remaining until the
vehicle reached the crossing point. We tested TTAs of 6, 10, 14, and 18 s to systematically vary
the level of temporal pressure. By fixing the road layout, vehicle speed, and pedestrian trigger
point, the design controlled the temporal and spatial structure of each interaction, ensuring
that safety-related outcomes such as collision occurrence and abrupt deceleration events could
be evaluated consistently. No other road users were present in the environment, allowing us to

focus solely on pedestrian-vehicle interaction.

For the COMMOTIONS pedestrian model, which captures inter-individual variability through
distinct parameter sets representing different perceptual/ cognitive/ motor characteristics, five
such parameter sets were randomly sampled for each TTA condition. Each individual-TTA
combination was then simulated four times to account for intra-individual variability, resulting
in 20 simulations per TTA condition. In contrast, the CARLA pedestrian model follows a
deterministic behaviour, providing a baseline comparison without inter-individual variation.
For comparability, since there is some variability in the AV controller behaviour, the number
of runs was nonetheless matched across models: 20 simulations were performed for each TTA
condition with both COMMOTIONS and CARLA pedestrians. This ensured that differences

in the results reflected behavioural model differences rather than unequal sampling effort.
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To evaluate each interaction, we used four behavioural metrics. Collision rate captured the
proportion of episodes ending in a collision. Gap acceptance rate measured how often the
pedestrian crossed the road before the car. A crossing was counted as ‘accepted’ if the pedestrian
crossed the road before the vehicle reached the conflict point; if the vehicle passed first and the
pedestrian crossed afterwards, the trial was counted as ‘not accepted’. Post-encroachment time
(PET), calculated as the time difference between the two agents passing the conflict point
(Peesapati et al., 2018]). In this study, the conflict point is defined as the geometric intersection
of the vehicle’s path along the road and the pedestrian’s crossing path. Sudden speed change rate
measured how often the vehicle exhibited at least one abrupt deceleration exceeding 2.5 m/s?
during a trial, a threshold commonly used in studies of automated driving comfort and safety
(Carlowitz et al., |[2024). These four metrics were chosen to capture complementary aspects of
interaction outcomes: safety (collisions, PET), efficiency (gap acceptance), and comfort (abrupt

braking).

5.2.2 Generation of adversarial scenarios via parameter-TTA search

We used the COMMOTIONS pedestrian model together with a parameter-TTA search method
to identify individual behavioural profiles and timings that produced critical interactions with
low PET. For this experiment, the pedestrian model was paired with the CARLA AV controller
rather than the Autoware stack. The CARLA controller can execute large batches of simulations

automatically, which is necessary for Bayesian optimisation across hundreds of runs.

For each pedestrian parameter set p, the adversarial search problem was formulated as:

min PET(p, TTA) st. TTA€[6,18]s, (5.1)

where PET(p, TTA) denotes the PET from a simulation with pedestrian parameters p and

trigger time TTA, with lower values indicating more critical interactions.

In practice, we randomly sampled 100 pedestrian parameter sets from COMMOTIONS, each
representing a distinct individual with cognitive, motor, and perceptual characteristics. For
each individual p, Bayesian optimisation was performed independently to identify the TTA
value within [6,18] s that minimised PET. Although in this one-dimensional setting a simple
grid search over TTA values would also be feasible, we adopted Bayesian optimisation to use an

optimisation procedure that remains effective beyond this specific setup. In higher-dimensional
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Algorithm 1: Per-individual Bayesian Optimisation of TTA

Input: Set of N = 100 pedestrian parameter sets P = {p1,...,pn}; TTA range [6, 18]
s; iteration budget 7' = 60 (with k£ = 15 random initial samples)
Output: Optimal TTA values {TTA}Y,
foreach p; € P do
Randomly sample & initial TTA values from [6, 18];
fort=1to T do
Select next candidate TTA;; using Bayesian optimisation;
Run simulation with pedestrian parameters p; and TTA; ;
Compute PET and update the optimisation model;

B TTA] = argminpra PET observed for p;;
return {TTA;}Y

scenario spaces, uniform grid search becomes computationally expensive, whereas Bayesian op-
timisation is well suited to exploring such spaces efficiently. In addition, PET in our simulations
is stochastic due to the variability in the COMMOTIONS model, so it is advantageous to use

an optimisation method that can handle noisy evaluations.

During each optimisation run, a Gaussian-process surrogate model was initialised and updated
iteratively with observed PET outcomes. At each iteration, the acquisition function proposed
a candidate TTA, the corresponding simulation was executed using the fixed CARLA AV con-
troller and the given pedestrian parameters, and the resulting PET was recorded. The process
was repeated until the iteration budget was exhausted, yielding a worst case TTA* for that
individual. The full procedure is summarised in Algorithm [I} Each optimisation was performed
using the gpminimize function from scikit-optimize, with 60 iterations and 15 random

initial samples.

The resulting set of TTA* values—one per individual—defined a set of per-individual minima.
Cases with PET < 1.5 s were treated as adversarial test sets derived from plausible human
behaviour. These adversarial cases formed the basis for the scenario sets used in the subsequent

optimisation experiments.

5.2.3 Optimisation of AV control using diverse scenario sets

Building on the setup used for adversarial scenario generation, and using the same CARLA AV
controller for consistency, we conducted a second experiment to investigate whether risky but
realistic scenarios can inform AV control design by optimising a single AV control parameter:

the braking distance. This parameter defines the threshold distance at which the controller ini-
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tiates an emergency stop in response to a pedestrian. Smaller values delay braking and increase
risk, whereas larger values trigger earlier braking, improving safety but reducing efficiency. The
aim was not to fine tune a complete AV stack, but to demonstrate a general optimisation frame-
work in which behaviourally realistic scenarios can be used to identify a braking distance that

balances safety and efficiency within a simplified controller setting.

Scenario sets and rationale We optimised the braking distance separately on three com-

plementary scenario sets:

1. COMMOTIONS low-PET: The low-PET subset from Sec. i.e., the set of individual-
TTA pairs that achieved PET < 1.5 s at the per-individual optimum TTA*. Let its size
be Np. These cases correspond to safety-critical interactions arising from human-like

pedestrian behaviour.

2. COMMOTIONS random: We drew the same number, Ny, of COMMOTIONS indi-
viduals and assigned each a TTA sampled independently from a uniform distribution over
[6,18] s. This controls for behavioural realism without adversarial selection, isolating the

added value of targeting low-PET situations.

3. Jaywalker model: Using the adversarial jaywalker model of Muktadir and Whitehead
(2022), we generated kinematically feasible but not necessarily behaviourally plausible
behaviours as a rule-based adversarial baseline. The model cycles through six states
(initialising, waiting, crossing, frozen, survival, finished) with social-force dynamics within
states, enabling tactics such as sudden dash, mid-road “freeze”, and “rewind” retreat. The
jaywalker model was run using the default risk mode, which determines its behavioural
style in crossing interactions. To make comparisons fair, we matched the number of
scenarios to the High-risk set and sampled the jaywalker TTA uniformly from [6, 18]
s. For further implementation details, readers are referred to Muktadir and Whitehead

(2022).

Together, these sets allow us to compare optimisation driven by (1) high-risk but human-like
interactions, (2) realistic yet untargeted behaviour, and (3) the rule-based adversarial jaywalker

model.
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Algorithm 2: Bayesian Optimisation of AV Braking Distance

Input: Scenario set S; PET threshold pgr = 1.5 s; deceleration limit ay, = 2.5m/ s2;
search range dprake € [4.0,25.0] m; iteration budget 7' = 60 with k£ = 15 random
initial samples

Output: Optimal braking distance df ;.

Sample k initial dpaxe values from [4.0,25.0];

fort=1to T do

Select next candidate d; using Bayesian optimisation;

feasible < true;

Initialise empty list L;

foreach (id, TTA) € S do

Run free-flow baseline (no pedestrian) with d; and measure Tree.

Run interaction with d; and pedestrian spawned at TTA; measure 7™, compute

PET and a™?%;
if PET < mprT or a™®* > a4, then
L feasible < false; break;

| TL < max(0, Tt — 7free): append T'L to list L;
if feasible then
| objective <+ average(L)

else
| objective < large_penalty;

Update optimisation model with (d;, objective);

X _ : e
return dj ., . = arg ming objective;

AV controller optimisation The optimisation problem was designed to balance safety and
efficiency. PET was not maximised directly, because very high PET values do not necessarily
indicate safer interactions: they may instead reflect that the AV braked excessively early, re-
ducing efficiency or avoiding interaction altogether. Instead, PET was enforced as a constraint
with a threshold of 1.5 s, below which a scenario was deemed unsafe. Likewise, excessive de-
celerations (a™® > 2.5 m/s?) were treated as violations of passenger comfort. Within these
constraints, the objective was to minimise vehicle time lost, defined as the additional travel

time in an interaction run compared to a corresponding free-flow run without the pedestrian.

The optimisation problem can be expressed as:

1 Nfeasible
min @ —— T;
dbrake Nfeasible Zzl
s.t. PET; > 7pgr, 7pET =157, (5.2)

2
al® < ag, agp = 2.5 m/s®,

dprake € [4.0,25.0] m,
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where T; is the vehicle time lost for scenario ¢, PET; is the PET from the interaction run, and

max

a;"®* is the maximum deceleration observed in that run.

The optimisation was run separately for each of the three scenario sets defined above. For every
candidate braking distance dpake proposed by the Bayesian optimiser, the AV was evaluated
across all scenarios in the set. Each evaluation involved paired simulations: a free-flow baseline
to measure 77 and an interaction run with the pedestrian spawned at the given TTA to
measure 7', PET, and a™®*. A candidate was feasible only if all scenarios met the PET and
acceleration thresholds; otherwise, it was penalised with a large objective value. This procedure

is summarised in Algorithm

The optimisation employed a Bayesian approach using the Gaussian-process-based gp_-minimize
routine from scikit-optimize, with a search space for dpyake defined as [4.0, 25.0] m. Each
optimisation ran for 60 iterations with 15 random initial samples to balance exploration and

exploitation.

5.3 Results

5.3.1 Impact of pedestrian models on AV behaviour

From the left panel of Figure [5.2] we can observe that the COMMOTIONS pedestrian model
produced no collisions for either the Autoware AV or the CARLA AV across all tested TTA
conditions. By contrast, the CARLA pedestrian resulted in multiple collisions, most frequently

at intermediate TTAs (10-14 s).

Gap acceptance also differed between the models. For COMMOTIONS, acceptance increased
with TTA, starting from about 10% at 6 s and reaching close to 100% at 18 s, a progression
consistent with findings from earlier studies of pedestrian crossing behaviour (Oxley et al., 2005}
Lobjois and Cavallo, 2007). It is worth noting that the TTA values in the present setup are not
directly comparable to those reported in the studies where pedestrians make crossing decisions
from the kerb, as pedestrians in our simulations start approximately 2m from the kerb and
therefore require additional time before entering the road. This design choice reflects the fact
that real-world interactions often begin before pedestrians reach the kerb (Bandini et al., |2017)).
In contrast, the CARLA pedestrian showed no clear trend. When paired with the CARLA AV

in particular, the CARLA pedestrian’s gap acceptance remained high even at short TTAs such
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Figure 5.2: Comparison of AV-pedestrian interaction metrics across different pedestrian and
AV model combinations at varying Time-to-Arrival (TTA) values. The three panels from left
to right show: collision rate, gap acceptance rate, and sudden speed change rate.

as 6 s, indicating behaviour that does not reflect realistic human sensitivity to the time gap

(the middle panel of Figure [5.2).

Sudden speed changes, defined as peak decelerations above 2.5 m/s?, occurred more often with
the CARLA pedestrian testing against Carla AV. At TTA = 6 s, these events exceeded 80% of
trials with the CARLA AV, while with the COMMOTIONS pedestrian they stayed below 20%
across all TTAs and were almost absent with the Autoware AV (the right panel of Figure .

Figure shows the PET across pedestrian-AV combinations and TTA values. For the COM-
MOTIONS pedestrian, PET values increased with TTA and remained relatively narrow, with
almost no samples below the 1.5 s threshold. In contrast, the CARLA pedestrian produced
wider variability, most notably at TTA = 14 s, where several PETs dropped below 1.5 s. The
mean PET trend lines further illustrate this difference: The COMMOTIONS pedestrian showed
a relatively stable increase across TTAs, whereas the CARLA pedestrian exhibited a rise, with

much lower mean PET at short TTAs and much higher mean PET at long TTAs.

Figure compares the trajectory patterns of pedestrians and vehicles across different combi-
nations of AV controllers and pedestrian models. Each line represents one interaction, with the
vehicle’s distance to the crossing point on the x-axis and the pedestrian’s distance on the y-axis.
In this plot, each interaction starts from the upper-right corner. The offset in the starting po-
sitions along the y-axis for the CARLA pedestrian model is due to implementation constraints:
although the pedestrian was intended to be spawned at the same roadside coordinates as in

our setup, the CARLA pedestrian can only be placed on the nearest predefined navigation
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waypoint, which does not always coincide exactly with the specified location. In contrast, the

COMMOTIONS pedestrian can be spawned at any specified location.

144
HEl AW AV (Commotions ped)

[0 AW AV (Carla ped)
12 { EE3 Carla AV (Commotions ped)
Carla AV (Carla ped)

10

PET (s)

TTA (s)

Figure 5.3: Distribution of post-encroachment times (PET) across pedestrian-AV combinations
and TTA values. The red dashed line marks the 1.5 s safety-critical threshold.

For both AV controllers, interactions involving COMMOTIONS pedestrians (top panels) show
more curved and diverse trajectories, reflecting inter- and intra-individual variability as well as
adaptive behaviour and mutual adjustment between the agents. By comparison, trajectories
involving the CARLA pedestrian (bottom panels) are mostly straight, indicating limited respon-
siveness to the approaching vehicle. In addition, the CARLA pedestrian shows more trajectories
clustered near the (0, 0) region, suggesting that encounters occurred with shorter temporal and
spatial margins. Several horizontal traces around y = 0 correspond to the interaction where the

CARLA pedestrian became stationary after a collision or a very near miss.

Overall, the above results show that the COMMOTIONS pedestrian generates fewer collisions,
smoother AV decelerations, and more consistent PET compared to the CARLA pedestrian,
which yields fluctuating gap acceptance and more unsafe outcomes. Together, these results
confirm that the COMMOTIONS pedestrian induces richer and more human-like interaction

dynamics than the default CARLA pedestrian.

5.3.2 Identification of safety-critical events

As shown in Figure although the COMMOTIONS pedestrian generally produced safe in-

teractions, an important property of the model is that it doesn’t always: a few interactions

179



Chapter 5. Realistic adversarial scenario generation via human-like pedestrian model for

5.3. Results autonomous vehicle control parameter optimization
AW AV with Commotions Ped Carla AV with Commotions Ped

4 =
~ 7
£ 7
[V}
g 2
©
k]
fa)
> 0
c
8
k7]
-2
el
(7]
o

-4

AW AV with Carla Ped
4 /4 7
7 /) //

4 7 ) / 7
— / / y 7| /)
E // 97/ /4 )
8 2 Y /4 // /
o / ey i
2 /)
> 0
c L 7 /
8 /
= , y
& / 7, Z V4

a / = //

Z 7
—20 0 20 40 60 80 -20 0 20 40 60 80
Vehicle X Distance (m) Vehicle X Distance (m)

Figure 5.4: Comparison of pedestrian-vehicle trajectory patterns across different combinations
of AV controllers and pedestrian models. Each line represents one interaction, plotted by the
vehicle’s and pedestrian’s distances to the crossing point.

exhibited PET below the 1.5 s safety threshold. As described in Sec. we used the COM-
MOTIONS pedestrian model in combination with the CARLA AV controller in a parameter-
TTA search procedure to generate low-PET scenarios. The resulting outcomes are shown in

Figure [5.5

Figure plots PET as a function of TTA for the individuals whose minimum PET fell below
1.5 s. Each line represents one pedestrian individual, with shading indicating the variability
across repeated runs arising from variability in the COMMOTIONS model. The plot shows that
low PET values typically occurred within the short-TTA range (6-10 s), and it also shows that
these low PET values only occurred sometimes for these individuals at these TTAs. In other
words, unsafe interactions happen more often for some individuals (inter-individual variability),

but not all of the time for any individuals (intra-individual variability).

In Figure a clear gap is visible in the 11-15 s TTA range, where individual minima of PET
were observed. For TTAs greater than 15 s, some individuals exhibited their minimal PET

values at around 4 s. These individuals are characterised by conservative crossing behaviour
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and slower walking speeds. Their PET minima occur at large initial TTA values because at
these safer TTAs the pedestrians initiate the crossing later and walk more slowly, causing a

local minimum in PET.

5.3.3 Improvement in the interaction safety and efficiency through AV Pa-

rameter optimisation

Table summarises the results across four conditions: before optimisation, and three post-
optimisation approaches based on COMMOTION low-PET, COMMOTION random, and jay-
walker model. The values in the table show the results of the different AV controller variants in-
teracting with the same 100 individual-TTA combinations of the COMMOTIONS pedestrian as
identified in Sec. ensuring comparability across AV controllers. The rows differ only in the
braking distance parameter setting: the default CARLA AV setting for the before-optimisation

row, and the optimised values obtained from the three approaches.

When optimisation was guided by low-PET individuals, performance improved across all metrics

compared with the before-optimisation baseline. Mean PET almost doubled (4.96 s vs 2.48 s),
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Figure 5.5: Post-encroachment time (PET) versus Time-to-Arrival (TTA) for the 100 individual
pedestrians from the COMMOTIONS model under their respective low-PET individual-TTA
combinations prior to optimisation. Markers show the minimum PETs for each individual, and
marker colour indicates the order of crossing. Each coloured line shows the mean PET across
TTAs for one of the eight pedestrians with PET below the safety threshold of 1.5 s (dashed
line), and the shaded envelopes denote the range across repeated runs for these pedestrians, to
illustrate stochastic intra-individual variability.
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the frequency of sudden speed changes fell from 83% to 17%, and average vehicle time lost was
reduced from 0.12 s to 0.05 s. The minimum PET also increased from 1.05 s to 1.80 s, i.e.,
safety-critical interactions no longer occurred. These results show that tuning on human-like
safety-critical interactions enabled the AV to maintain larger temporal margins while braking

more smoothly and efficiently.

Random-case optimisation also reduced time lost to a similar level (0.04 s) and achieved the
lowest sudden speed change rate at 11%. It further raised mean PET to 5.32 s, higher than
the low-PET approach, but its minimum PET (1.23 s) still dropped below the safety threshold,
indicating that this optimisation approach did not succeed in eliminating safety-critical interac-
tions. Beyond the summary statistics reported in Table Figure [5.6| reveals clear differences
in the distributional patterns across conditions. In particular, the random approach produces a
denser cluster of PET values close to the 1.5 s threshold, whereas the low-PET approach shifts
the entire distribution upward, reducing the near-critical interactions. All three optimisation

approaches result in noticeably higher PET values than the before-optimisation baseline.

In contrast to the COMMOTIONS-based optimisation results, optimisation against the jay-

walker model raised mean PET to 5.52 s but at a clear cost. Sudden speed changes remained
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Figure 5.6: Distribution of PET values across four scenario conditions: Before optimisation,
Optimised (Low-PET), Optimised (Random), and Optimised (Jaywalker model). Each point
represents an individual scenario, with colours indicating whether the pedestrian or the vehicle
passed first. The horizontal dashed line marks the PET safety threshold of 1.5 s. The x
axis represents different categories only, and the horizontal spread within each category has no
quantitative meaning but is used to improve visual separation of points.
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Table 5.1: Comparison of AV-pedestrian interaction metrics before and after control parameter
optimisation. Optimisation was performed using either low-PET individuals, randomly sampled
individuals, or the jaywalker pedestrian model.

Condition Mean PET  Min PET (s) Sudden Average
(s) speed change vehicle time

rate (%) lost (s)

Before optimisation 2.48 1.05 83 0.12

Optimised

(COMMOTIONS Low-PET) 4.96 1.80 17 0.05

Optimised

(COMMOTIONS Random) 5.32 1.23 11 0.04

Optimised (Jaywalker model) 5.52 1.62 38 0.25

high at 38%, and average vehicle time lost increased to 0.25 s, more than twice the baseline
and far above the results of the COMMOTIONS-based optimisation approaches. Although its
minimum PET (1.62 s) indicated that all interactions stayed above the 1.5 s safety threshold,
these apparent safety gains arose because the jaywalker model’s exaggerated, highly adversarial
behaviour forced the optimiser to select a much larger braking distance. This resulted in an
over-cautious AV that braked excessively early, producing artificially high PET values at the

expense of comfort and efficiency.

5.4 Discussion

5.4.1 Influence of human-like pedestrian model on AV testing

The results show that using a human-like pedestrian model in AV simulation has a clear impact
on the interaction outcomes. Compared with the rule-based CARLA pedestrian, the COM-
MOTIONS model exhibited gap acceptance behaviour that increased with TTA in line with
observed human crossing patterns. We also found that this was accompanied by more human-
like vehicle responses: smoother decelerations, fewer abrupt braking events, and PET values
that were more consistent across conditions. These findings demonstrate that replacing simplis-
tic scripted agents with human-like agents produces interactions that better reflect real-world

dynamics.

This finding has direct implications for simulation-based AV evaluation. The goal of virtual
testing is to expose AVs to situations that resemble those encountered in the real world; us-
ing unrealistic pedestrian models risks creating interactions that either exaggerate dangers or

overlook real risks, leading to results that do not transfer well to deployment.
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5.4.2 TImplications for AV testing pipelines

Another contribution of this work is the demonstration that human-like pedestrian models
can be used not only to reproduce realistic interactions, but also to generate challenging sce-
narios that remain behaviourally plausible. The adversarial interactions emerging from the
COMMOTIONS model did not require exaggerated or ‘suicidal’ behaviours; rather, they arose
naturally from inter- and intra-individual variability in the decision-making process, as well
as from the initial spatial-temporal relationship between the pedestrian and the vehicle. This
finding suggests that unsafe interactions are not universal but occur with higher probability for
certain pedestrian individuals and under certain timing conditions, highlighting the importance
of capturing such variability in human behaviour in AV testing. Yet, these naturally occurring
interactions were sufficient to expose limitations in AV control logic, highlighting the potential
of such models to support stress testing. Importantly, the role of these scenarios is not to
maximise collision occurrence as an end in itself. Rather, they are intended to expose the AV
to relatively safety-critical but mainly non-collision interactions, so as to assess how pedestrian
behavioural realism affects AV performance and evaluation outcomes, and to support controller

tuning under realistic conditions.

The optimisation experiments show that adversarial interactions can also be used to improve
AV control performance. Relative to the pre-optimisation controller, braking distance tuning
on COMMOTIONS scenarios increased PET, reduced sudden braking, and lowered time lost,
demonstrating gains in both safety and efficiency. Compared with optimisation using COM-
MOTIONS random approach, optimisation using the low-PET approach further raised the
minimum PET and reduced the number of near safety-critical interactions near the 1.5 s PET
threshold, showing that focusing optimisation on safety-critical situations helps the AV avoid

rare but high-risk interactions.

A comparison with the jaywalker model further underscores this point. Jaywalker-based opti-
misation also increased PET but at the expense of comfort and efficiency, as the AV adopted
overly defensive action triggered by unrealistic behaviours. In contrast, optimisation using
COMMOTIONS adversarial scenarios achieved safety gains without sacrificing comfort or effi-
ciency, yielding smoother decelerations and lower time lost. This demonstrates that human-like
adversarial interactions can support controller tuning that balances safety, comfort, and oper-

ational efficiency, an outcome directly relevant to AV development pipelines.
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By shifting adversarial testing from pure robustness checks towards optimisation, this approach
highlights the potential of human-like adversarial scenarios for simulation-based evaluation and

controller tuning.

5.4.3 Limitations and future work

Although the present study provides a controlled and systematic evaluation of pedestrian-AV
interactions, several limitations remain that point to avenues for future research. First, the
experimental setup was restricted to a simplified zebra crossing with a single pedestrian and a
single vehicle. While this scenario provides analytical clarity, it does not capture the complexity
of urban traffic environments where multiple agents, occlusions, and contextual cues such as road
geometry or traffic signals shape decision-making. Extending the framework to multi-pedestrian,
multi-vehicle, or shared-space settings would allow a richer assessment of AV performance under

realistic conditions.

Second, the AV side of the interaction was limited to two controllers: the CARLA AV con-
troller and the Autoware autonomous driving stack. Although these provide useful baselines,
they do not represent the diversity of state-of-the-art AV architectures, such as deep RL-based
controllers (Lopez Pulgarin et al., 2018; Kurzer et al., 2021; Zhan et al., |2023), or commer-
cial proprietary stacks such as including Tesla Autopilot, Mercedes-Benz Drive Pilot, and the
Waymo’s Driver (Shadab Siddiqui et al., 2025)). Future work would therefore test whether
the benefits of behaviourally realistic adversarial scenarios generalise across different control

algorithms.

Third, the optimisation targeted only a single parameter—braking distance. Real-world AV
safety and comfort depend on a broader set of parameters, including acceleration and jerk lim-
its, gap acceptance thresholds, and the interaction between longitudinal and lateral control.
Exploring multi-parameter or adaptive optimisation approaches could yield richer insights into
the trade-offs between safety, comfort, and efficiency. Moreover, incorporating more advanced
optimisation methods could better support multi-parameter optimisation while reducing com-

putational cost.

A further point concerns the scope of the present application study. The aim here is not to re-
produce real-world crash rates directly. The pedestrian models used in this chapter were fitted to

non-collision interactions, rather than to crash and near-crash cases. Approximating real-world
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crash probabilities more closely would likely require larger and more representative naturalistic
datasets, including crash and near-crash events, together with calibration procedures designed
specifically for these rare events. The same general optimisation framework could also be ex-
tended to more complex situations, such as multiple pedestrians or pedestrian groups. However,
this would require the virtual road-user model to be adapted to the target context, for exam-
ple by incorporating mechanisms for social coordination, occlusion, and group-level interaction

dynamics, rather than simply transferring the present one-to-one interaction model unchanged.

Finally, although the COMMOTIONS model captures perceptual, motor, and cognitive vari-
ability, the work in Chapters 2, 3, and 4 highlights a fundamental limitation of this mecha-
nistic modelling approach. Because behaviour is defined through hand-crafted structure, the
model is difficult to extend to higher-dimensional observation spaces, richer action spaces, and
more complex interactive settings. It also requires considerable computational resources for
parameter sampling and Bayesian optimisation, which may limit scalability to very large test
suites. Future work could therefore focus on developing more human-like behavioural models,
leveraging parallel simulation infrastructure, and validating against larger naturalistic datasets,

in order to strengthen both the robustness and the generalisability of the proposed approach.

5.5 Conclusions

In this study, we investigated how behaviourally realistic pedestrian models can enhance au-
tonomous vehicle (AV) testing and optimisation. We developed a framework that integrates
the COMMOTIONS pedestrian model with adversarial scenario generation and AV controller

optimisation in the CARLA simulation environment.

Replacing the rule-based CARLA pedestrian with the COMMOTIONS model yielded more
naturalistic interactions, including smoother decelerations, fewer abrupt braking events, and
gap acceptance patterns consistent with human data. The adversarial scenario search further
identified safety-critical yet plausible interactions arising from inter- and intra-individual vari-
ability in pedestrian decision processes and timing, without relying on exaggerated or unrealistic

behaviours.

Optimising AV control on these human-like adversarial scenarios improved both safety and

efficiency, while avoiding the excessive caution induced by artificially adversarial agents. These
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results demonstrate that human-like pedestrian models can provide realistic challenges and
informative feedback for controller tuning. The proposed framework offers a foundation for
scalable and human-centred simulation pipelines, supporting realistic virtual evaluation of AV

behaviour across diverse scenarios and control architectures.
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Chapter 6

Discussion and conclusions

6.1 Overview of the Main Findings

This thesis advances the modelling of pedestrian-vehicle interaction by integrating reinforcement
learning with theories of human perception and motor control. The work builds progressively:
first by incorporating perceptual and motor constraints, then by extending to multi-agent inter-
action, and finally by applying the pedestrian model derived from the COMMOTIONS frame-
work to virtual testing of AVs. Across four studies (Chapters 2-5), the thesis addresses three
research gaps identified in Chapter illustrating the progression from theoretical development

to practical application in AV evaluation.

Addressing Gap 1: Integrating mechanistic and machine learning approaches

in the modelling of pedestrian-vehicle interaction

Research on pedestrian-vehicle interaction has largely developed along two independent method-
ological lines. Mechanistic models, including social force models (Helbing and Molnar, |1995;
Yang et al., |2020), perception-based decision models (Tian et al.,|2022; Pekkanen et al., 2022),
and game-theoretic approaches (Fox et al., 2018), provide clear links to psychological and cog-
nitive mechanisms. However, these models rely on hand-crafted behavioural rules and struggle

to scale to continuous and high-dimensional control settings (Markkula et al., 2023).

Data-driven ML approaches, such as CNN, LSTM, and Transformer models (Deo and Trivedi,
2018 Yi et al., 2016; Alahi et al., 2016} Rasouli et al., 2019; Yang et al., [2025; Divya et al.,

2025), stand in methodological contrast to mechanistic modelling. They can capture complex
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correlations in trajectory data but depend heavily on large and representative training datasets,
and they often generalise poorly when data are sparse or when scenarios deviate from the

training distribution (Diaz-Ruiz et al., [2022; Roshdi et al., 2024)).

This thesis addresses this methodological gap by embedding mechanistic principles directly
within an RL environment. Although RL is itself a machine learning method, it is not used
in this thesis as a purely data-driven predictive model. Instead, it serves as an optimisation
method within a computational rationality framework. Specifically, the model is defined through
assumptions about task structure, rewards, and human perceptual and motor constraints, and
RL is then used to derive the boundedly optimal policy implied by these assumptions. Rather
than specifying behavioural rules directly, this formulation allows behaviour to emerge from
optimisation under human constraints. It therefore retains the theoretical grounding of cognitive

models while gaining the scalability associated with ML approaches.

The resulting hybrid framework supports capabilities that neither approach achieves on its own.
As shown in Chapter 4, it produces continuous, multidimensional human-like locomotion that
is difficult to obtain from mechanistic models, while performing well in data-limited conditions
that challenge data-driven ML approaches. This establishes a scalable framework for generating

human-like behaviour without relying on inflexible rules or extensive training data.

Addressing Gap 2: Understanding pedestrian-vehicle interaction from the

perspective of boundedly optimal behaviour under human constraints

This thesis advances the understanding of pedestrian-vehicle interaction by showing that many
observed behaviours can be explained as boundedly optimal responses to human perceptual and
motor constraints. Previous logit-based choice models and other cognitive models focus primar-
ily on visual cues (Pekkanen et al., 2022; Tian et al.,|2022), but overlook how the motor system
and its effort costs influence behaviour. Yet human behaviour arise from both perception and

action, and modelling only one of these mechanisms cannot capture their combined influence.

In parallel, existing social force and game-theoretic models describe interaction outcomes but
rely on simplified assumptions about physical dynamics or assume perfect knowledge of the
environment (Helbing and Molnar, 1995; Fox et al., 2018; Dang et al., 2025). Because road
users in the real world act under uncertainty, these simplified or unrealistic assumptions prevent

such models from explaining why road users behave as they do in dynamic and uncertain
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environments.

Chapters 2-4 show that these behaviours can be understood instead as rational adaptations to
perceptual and motor constraints. Chapter 2 demonstrates that speed-dependent gap accep-
tance emerges from increasing visual uncertainty at higher vehicle speeds, which was previously
interpreted as the biases in the decision-making process (Petzoldt, 2014; Tian et al., 2022).
Chapter 3 shows that adjustments in walking speed arise from an optimal trade-off between time
pressure and biomechanical effort. Chapter 4 extends this perspective to interactive settings,
illustrating that behaviours such as yielding and the spatio-temporal pattern of the interaction

emerge from joint optimisation under perceptual and motor constraints of both agents.

Taken together, the results demonstrate that diverse behaviours in pedestrian crossing decisions,
pedestrian locomotion, and pedestrian-vehicle interaction can be explained within a boundedly

optimal framework.

Addressing Gap 3: Using human-like behavioural models for realistic and

adversarial virtual testing of autonomous vehicles

Finally, this thesis bridges the gap between behavioural modelling and AV validation by inte-
grating the COMMOTIONS pedestrian model into a closed-loop simulation environment with
a full autonomous driving stack. Most existing testing pipelines rely on either simplistic rule-
based agents (Papadimitriou et al., 2016; Rashid et al., [2024) or purely adversarial agents that
prioritise collision generation over realism, such as the ‘suicidal pedestrian’ approach (Yang
et al., 2023). Behavioural models developed for realism have rarely been evaluated against

full-stack AV algorithms, leaving their practical relevance for AV testing unexplored.

Our application study (Chapter 5) shows that cognitively grounded pedestrian models produce
more human-like interactions with the AV stack compared with simple rule-based pedestrian
models. Moreover, by varying the parameters that govern human characteristics, the same
framework can generate scenarios that are challenging yet behaviourally plausible, avoiding the
unrealistic behaviour often seen in optimisation-based adversarial attacks (Dyro et al., |2024).
Integrating the pedestrian model from COMMOTION framework into a closed-loop, full-stack
AV simulation demonstrates how human-like modelling can support realistic and informative
evaluation and optimisation of AV control. It enables testing conditions that better capture

real-world safety challenges.
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6.2 Contributions

6.2.1 Integrating perceptual and motor constraints with reinforcement learn-
ing

The first contribution of this thesis is the establishment of a hybrid modelling framework that

combines the mechanistic structure of perceptual and motor constraints with the flexibility of

reinforcement learning. As discussed in the previous section regarding addressing the research

gaps, this formulation integrates visual uncertainty and biomechanical effort directly into the

RL environment, allowing behaviour to emerge from boundedly optimal action rather than from

hand-crafted rules or learning from large datasets.

This framework advances the modelling of pedestrian behaviour in several ways. Compared
with earlier mechanistic models, which typically focus on discrete decisions such as gap ac-
ceptance (Tian et al., [2022), the proposed approach captures continuous locomotion shaped
jointly by perception and motor execution. Compared with the more advanced mechanistic
model, COMMOTIONS model, which was limited to one-dimensional movement (Markkula et
al., [2023), this thesis modelled full two-dimensional walking trajectories and dynamic fixation
control. By enabling richer movement patterns, these additions provide a stronger basis for

modelling realistic road user behaviour in naturalistic settings.

Compared with data-driven ML approaches, the framework does not depend on large datasets
and generalises more reliably in data-limited settings. As discussed earlier, behaviour here is
generated through optimisation under perceptual and motor constraints rather than by repli-
cating observed patterns, which makes the model suitable for exploring rare or safety-critical
scenarios. At the same time, because behaviour emerges from explicit mechanisms, the frame-
work can account for empirically observed patterns such as speed-dependent gap acceptance,
hesitation, and adjustments in walking speed as rational adaptations to sensory uncertainty and
motor effort (Wang et al., 2025; Wang et al., [2023)). This provides a causal explanation that is

not available in black-box learning models.

While many behavioural models are developed for online real-time prediction of surrounding
road users, the models in this thesis are primarily intended for offline use as simulation agents
in virtual testing environments. In online prediction, interpretability supports the diagnosis

of model failures in safety-critical decision-making (Doshi-Velez and Kim, 2017; Rudin, 2019).
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In offline simulation, interpretability also remains important for different reasons: transparent
mechanisms allow researchers and developers to verify that simulated behaviour reflects plausi-
ble human perceptual and motor processes, to understand why specific risky interactions arise,
and to tune parameters of agents to create realistic diverse scenarios (Roshdi et al., 2024). The
framework developed in this thesis therefore provides not only behavioural realism but also

mechanistic transparency, which enhances its suitability for simulation-based evaluation of AV.

Finally, this thesis also contributes a modular and generalisable modelling tool. Chapter 2
introduces the noisy perception system, and Chapter 3 adds a motor-effort model while retaining
the same perceptual module. This incremental extension demonstrates that the framework can
be expanded to capture additional behavioural mechanisms in a principled way. In addition,
because the perceptual and motor components are implemented in a parametrised form, the
framework can be adapted readily to different road user classes. Chapter 4 illustrates this by
applying a similar structure to driver agents, enabling heterogeneous traffic simulations while

maintaining consistency in the underlying behavioural principles.

6.2.2 Extending computational rationality to interactive settings

A second contribution of this thesis is the extension of computational rationality from individ-
ual behaviour to interactive pedestrian-vehicle interactions. Existing MARL approaches can
reproduce adaptive traffic patterns (Schmidt et al., [2022; Konstantinidis et al., 2023), but they
typically assume perfect state information and do not represent the perceptual or motor con-
straints that shape human behaviour. Conversely, computational rationality has been applied
in human-computer interaction (Chen et al., 2015; Jokinen et al., 2020), but these models are

restricted to single agents operating in static or non-interactive environments.

This thesis brings these two lines of research together by formulating pedestrian-vehicle in-
teraction as a coupled optimisation problem in which both agents act under perceptual and
motor constraints. Interaction patterns arise from this optimisation process, rather than from
predefined rules or behavioural scripts. The resulting model reproduces features observed in
naturalistic interaction, such as hesitation and the continuous adjustments pedestrians and

drivers make in response to one another.

Taken together, these findings show that the framework of computational rationality provide a

basis not only for modelling individual behaviour but also for capturing the adaptive dynamics
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underlying pedestrian-vehicle interaction. To the best of our knowledge, this thesis presents
the first multi-agent model grounded in computational rationality, demonstrating that this
framework can be extended to interactive settings in which both agents learn to co-adapt under

human-like perceptual and motor constraints.

The progression from Chapter [2 to Chapter [3] and Chapter [4] also highlights how RL algorithm
choice depended on the structure of the modelling task. In Chapter [2, the task was relatively
simple, involving a binary crossing decision of whether to cross before or after the vehicle
passed. In that setting, the optimisation problem and action space were both limited, so RL
algorithm choice was less central to the modelling contribution. By Chapter |3 however, the
optimisation problem had become richer, and by Chapter [4] it had become substantially more
complex, making the choice of RL algorithm more important for both optimisation and the

resulting behaviour.

In Chapter only the pedestrian policy was learned, while the vehicle followed predefined
kinematic patterns and did not adapt to the pedestrian during the interaction. The pedestrian
action space was also relatively simple, consisting of discrete speed choices executed at walking
step intervals. In this context, PPO provided a suitable balance between optimisation stability,
implementation simplicity, and sufficient policy flexibility to learn boundedly optimal crossing
behaviour under different sensory and motor constraints. More complex alternatives, such as
off-policy methods designed for richer continuous control, were not necessary for this setting and
would have introduced additional algorithmic complexity without clear benefit for the modelling

aims of that chapter.

In Chapter [4] by contrast, both pedestrian and vehicle were learning agents, the interaction was
fully adaptive, and the action spaces were continuous. This created a more complex optimisation
problem in which informative events could be relatively sparse and behavioural coordination had
to emerge through repeated interaction. In this context, SAC offered two practical advantages.
First, its off-policy formulation allowed past experience to be reused through a replay buffer,
improving sample efficiency in a multi-agent interaction setting. Second, SAC learns a stochastic
policy while explicitly encouraging exploration through entropy regularisation, which reduced
the tendency to converge to overly rigid behavioural strategies. In preliminary experiments,
PPO often led the agents to select actions near the boundaries of the action space in this

setting, suggesting poorer optimisation behaviour and producing less behaviourally plausible
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motion patterns. SAC was therefore adopted as a more suitable algorithm for capturing nuanced
interaction patterns such as yielding, gradual speed adjustment, and behavioural variability

across repeated interactions.

6.2.3 Improving autonomous vehicle evaluation and optimisation

A practical contribution of this thesis lies in the integration of human-like models into the
evaluation and optimisation of AV control algorithm. Most existing adversarial generation
methods prioritise danger over realism, often producing ‘suicidal’ agents that offer limited insight
for real-world deployment (Yang et al., 2023; Dyro et al., |2024). In contrast, by embedding
our pedestrian model into a closed-loop simulation with the full Autoware stack (Chapter 5),
we generated scenarios that are challenging yet behaviourally plausible. The model exposed
safety-critical interactions, such as low-PET near misses arising from human-like behavioural

mechanisms rather than artificial aggression.

Furthermore, the thesis introduced a novel approach to AV controller tuning by framing eval-
uation as an optimisation problem within these realistic scenarios. Using the pedestrian model
from the COMMOTIONS framework as a basis for adversarial generation, AV control algo-
rithms were adjusted, in this case the braking distance parameter, to achieve a balance between
safety and efficiency. This demonstrates that incorporating human-like behavioural realism can
make AV testing more representative of real-world interactions while directly supporting the

improvement of AV control performance.

6.2.4 Contributing to human-centred autonomous system design

Finally, the modelling approach developed in this thesis extend beyond road user interaction
to the broader field of human-robot interaction (HRI). By modelling agents as computationally
rational optimisers operating under perceptual and motor constraints, the framework can sim-
ulate or predict human adaptation across collaborative and competitive settings. This ability
to anticipate human responses provides a foundation for using computational models to design

autonomous systems that must coordinate their behaviour with human partners.

The developed framework illustrates that autonomous systems can benefit from learning not
only what humans do, but also why they act in particular ways given their perceptual and

motor limitations. Embedding such mechanisms into control policies can promote smoother
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coordination, clearer communication of intent, and reduced behavioural uncertainty in shared
environments (Ho and Griffiths, [2022; Fuchs et al., 2023; Gomaa and Feld, 2023). Ultimately,
this line of research supports the development of autonomous systems that not only perform
safely and efficiently, but also interact with humans in ways that are perceptually intuitive,

behaviourally predictable, and socially appropriate.

6.3 Limitations

The findings of this thesis should be interpreted in light of several limitations related to the
modelling assumptions, the representation of behavioural variation, the empirical scope of the
studies, and the application context used for AV evaluation. While the thesis demonstrates
that RL combined with perceptual and motor constraints can generate human-like behaviour
in the scenarios studied, these results do not imply that the resulting models provide a com-
plete account of pedestrian behaviour more generally. Computational rationality provides a
useful framework for modelling behaviour in tasks that involve sequential decision-making un-
der uncertainty and action constraints, but it is most naturally suited to behaviours that can
be approximated as goal directed adaptation under such constraints. The real-world pedestrian
behaviours may also reflect emotional responses, adherence to social conventions, or simple
heuristic decision strategies, which may require richer or alternative modelling assumptions
than those included in the present optimisation-based formulation. Computational rationality
should therefore be understood here as a useful and informative modelling framework for the

present research questions, rather than as a complete theory of pedestrian behaviour.

This limitation is also evident when computational rationality is considered alongside alterna-
tive modelling approaches. Heuristic and cue-based models can provide simpler descriptions of
specific decisions, particularly when behaviour is strongly tied to a small number of perceptual
variables (Fajen and Warren, 2003; Tian et al., 2022; Tian et al., 2023). Evidence accumulation
models may offer more direct accounts of discrete timing decisions (Ratcliff et al., 2016} Giles
et al., [2019; Pekkanen et al., 2022)), while game theoretic models are well suited to representing
strategic anticipation between agents (Fox et al., [2018; Camara et al., [2021; Kalantari et al.,
2022; Dang et al., [2025)). The contribution of the present thesis is therefore not to show that
computational rationality replaces these alternatives, but to demonstrate that it offers a useful

framework for integrating adaptive behaviour, perceptual uncertainty, and motor constraints
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within a single learning-based formulation. Future work may benefit from hybrid approaches
that combine this framework with heuristic components, such as structured priors, or action

biases, to better capture behaviours that are not well described by bounded optimisation alone.

A second limitation of this work is the restricted treatment of heterogeneity. Although the mod-
els include variation through fitted non-policy parameters and stochasticity in perception and
action, broader sources of individual difference are not explicitly represented. Factors such as
age, familiarity with tratfic environments, social motivations, cultural norms, and trust in vehi-
cle behaviour may affect pedestrian decisions in practice. Similarly, the thesis does not address
group behaviour or interactions shaped by the presence of multiple pedestrians. As a result,
the behavioural diversity captured by the present models remains limited relative to the full

heterogeneity observed in real populations.

A third limitation concerns the scope of the empirical and simulated contexts considered. The
thesis focuses primarily on simplified pedestrian-vehicle interaction tasks, especially one-to-one
interaction in relatively constrained traffic scenarios. Real-world environments involve richer
scene structure, multiple competing goals, communication cues, occlusions, social context, and
more varied traffic configurations. In addition, the experimental and trajectory data used for val-
idation were obtained in relatively limited and task-specific settings. The results should therefore
be interpreted as context-specific evidence that the proposed framework can reproduce impor-
tant aspects of pedestrian-vehicle interaction, rather than as evidence of general validity across

all pedestrian behaviours or traffic environments.

A fourth limitation concerns the calibration and validation approach used across the thesis. In
several parts of the thesis, model calibration and evaluation were conducted within relatively
specific experimental and simulation contexts, without relying on large independent training
and test datasets or systematic cross-context out-of-sample validation of the kind often used in
predictive ML approaches. This raises the possibility that some aspects of the models are partly
over-fitted to the particular tasks, behavioural patterns, and environmental conditions repre-
sented in the available datasets. In Chapter 4, an additional three-fold training and validation
analysis yielded the same relative ranking of model performance as the main analysis, which
provides some reassurance that the superior performance of the VMC model was not simply a
consequence of additional flexibility or a data-limited evaluation procedure. However, this does

not fully resolve the broader question of generalisability. The results support the usefulness of
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the proposed framework in the contexts studied here, but they do not by themselves establish
transferability to other pedestrian-vehicle interaction settings. This point is also illustrated by
the collision rates reported in Chapter |3l The overall collision rate observed in the experiment
was 0.002, meaning that collisions were relatively uncommon within that specific experimental
setting. However, this should not be interpreted as reflecting the rarity of real-world pedestrian
crashes, which are far less frequent and arise under a much broader range of behavioural and
environmental conditions. The collision rates of the SM, S, and M models, at 0.027, 0.044, and
0.040 respectively, therefore represent substantial increases relative to the experimental data
rather than small deviations. These differences likely reflect the simplification of the present
study and the stochasticity of the RL optimisation process, rather than any realistic representa-
tion of real-world crash occurrence. Applying the models in other contexts would likely require
further calibration and validation using data from different road layouts, traffic conditions,
pedestrian populations, and interaction types. In some cases, adaptation may also require mod-
ification of the task formulation, reward structure, observation design, or non-policy parameter

ranges so that the model reflects the demands of the new setting.

A final limitation relates to the AV testing application in Chapter 5. The use of a human-like
pedestrian model in closed-loop simulation demonstrates the potential value of behaviourally
realistic agents for AV controller evaluation and optimisation, but this application remains a
proof of concept. The study does not aim to reproduce real-world crash frequencies, nor does
it establish that the framework provides a complete basis for safety validation across broader
deployment conditions, traffic scenarios, or AV systems. The pedestrian model used in this
part of the thesis was calibrated to human data but predominantly non-collision interactions,
rather than to crash-involved behaviour. Consequently, the findings from Chapter 5 should be
understood as showing that more realistic behavioural models can change the character of AV
evaluation in ways that are likely to be more behaviourally realistic, rather than as demonstrat-

ing direct correspondence to real-world safety outcomes.

6.4 Future work

Building on the limitations discussed above, future work should expand the modelling scope
and realism, strengthen empirical grounding, and tighten the link between these models and

AV evaluation.
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A first direction is to extend the current framework to richer and more complex interaction
contexts. A related methodological question concerns the role of RL algorithm choice in these
more complex settings. As Chapters 3 and 4 suggest, different optimisation algorithms may ditfer
not only in training efficiency and stability, but also in the qualitative properties of the learned
behaviour. RL algorithm choice should therefore not be treated as a purely technical detail, since
it may influence which behavioural patterns are more easily learned and how realistically they
are expressed in interaction. Future work should examine more systematically how algorithm
choice affects behavioural realism, especially in interactive settings with continuous control
and multiple learning agents. The environments studied in this thesis were limited to one-to-
one pedestrian-vehicle interactions for simplicity. Scaling these models to more pedestrians and
vehicles settings such as intersections, shared spaces, and dense pedestrian-vehicle environments
would allow investigation of emergent coordination patterns, and implicit social conventions.
Achieving this would require more than simply adding additional agents to the simulation. The
perceptual models would need to accommodate increased surrounding road users. And because
of the increased computational complexity, a more advanced algorithm and more computing
power are required. Such extensions could bridge the gap between individual-level interaction
modelling and macroscopic traffic behaviour, offering insight into how human decision-making

mechanisms scale up to shape collective flow dynamics.

Another direction is to enrich the cognitive and perceptual representation of the agents. While
the current framework already incorporates gaze-based perception, it treats gaze as a fixed sen-
sory channel rather than a dynamically managed resource. Future work could introduce a more
explicit model of attention, drawing on theories of selective attention and information sam-
pling. For instance, representing how humans prioritise visual cues according to task relevance,
perceived risk, or expected information gain would allow the model to capture how perceptual
focus shifts in response to changing traffic conditions. Incorporating such mechanisms would
make the model toward a more complete account of human information processing in interactive

environments.

A third priority is empirical grounding and systematic validation. Although the models were
validated against the real-world trajectory data, future research should leverage larger and more
diverse datasets that combine motion capture and eye-tracking to capture both movement and

visual attention. Such multimodal data would provide a more detailed basis for modelling hu-
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man locomotion, enabling more detailed validation of how pedestrians move, look, and adapt in
different conditions. With more realistic locomotion dynamics, potentially incorporating skele-
tal representations, simulated pedestrians could exhibit natural posture and motion patterns
that convey decision intent, making their behaviour in simulation closer to that of real humans.
Another related direction is to benchmark the framework against state-of-the-art supervised
learning models. An open and important question is how expressive cognitive or RL-based
models need to become, such as how many non-policy parameters or mechanisms are required,
in order to approach or match the realism achieved by high-capacity supervised learning ap-

proaches.

Finally, future work could examine whether the same computational principles can be extended
beyond pedestrian-vehicle interaction to broader forms of spatial and mobility behaviour. In
such settings, the agent would still be modelled as pursuing a goal, such as reaching a desti-
nation or completing an activity, but the relevant constraints would extend beyond perceptual
uncertainty and motor control in a crossing task. Individual characteristics such as income,
health, physical ability, time pressure, or risk preference could instead be represented as con-
straints. Within this formulation, behaviour would emerge from how different individuals adapt
their movement and choice strategies in order to achieve mobility goals under their own con-
straints. This could make the framework relevant not only to pedestrian crossing, but also to

problems such as route choice, navigation, and other forms of human spatial decision-making.

6.5 Conclusion

This thesis has developed a computational rationality framework for modelling pedestrian-
vehicle interaction, where human behaviour is represented as boundedly optimal decision-
making under perceptual and motor constraints. Beyond capturing the interaction patterns,
the framework also explains how adaptive and interactive crossing behaviour can emerge from

agents optimising within human constraints.

The first three studies formalised how perceptual uncertainty, effort, and motor control shape
the pedestrian-vehicle interaction, progressing from single-agent to multi-agent settings. The
framework successfully reproduced a range of human phenomena, including gap acceptance,
walking-speed adjustments, and yielding behaviour, demonstrating that realistic human-vehicle

interactions can emerge from agents optimising within perceptual and motor constraints rather
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than from scripted rules. These findings establish bounded optimality as a coherent principle

connecting perception, action, and interaction in traffic behaviour.

Beyond modelling, the thesis also demonstrated the practical value of human-like behavioural
models for AV testing. Integrating a behaviourally grounded pedestrian model within a closed-
loop AV simulation showed that realistic interactions can generate more informative and realistic
scenarios for controller evaluation and tuning. The results highlight that behavioural realism is
not only critical for understanding human decision-making but also for ensuring the robustness

and safety of autonomous systems.

In summary, this thesis represents the first application of computational rationality to pedestrian-
vehicle interaction. It establishes a theoretical and computational foundation for modelling
human-like decision and control in the constrained interaction settings studied here, while
demonstrating the potential relevance of such models for the design and evaluation of human-

centred autonomous systems.
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Appendix A

Supplementary material for Chapter

2

A.1 Reward function sensitivity analysis

This appendix examines how the reward parameters used in Chapter 2 affect behaviour and
model comparison outcomes across the four main model variants: BM, LM, VM, and VLM. The
baseline reward structure was designed to reflect the assumption that pedestrians aim to cross
safely while avoiding unnecessary delay. In this formulation, successful crossing was rewarded
positively, collisions were penalised symmetrically, and a time penalty discouraged prolonged
waiting. In the LM and VLM variants, an additional looming-related term was included to rep-
resent aversion to crossing in front of a rapidly approaching vehicle. The baseline values used in
the main analysis were selected initially through manual testing in the BM model to produce
qualitatively reasonable crossing behaviour. The purpose of the present appendix is to examine
this choice more systematically by testing how changes in the reward parameters affect model

behaviour and model comparison outcomes.

A factorial sensitivity analysis was conducted for all four model variants: BM, LM, VM, and
VLM. Two reward parameters were varied. The first was the crossing reward magnitude, with
tested values R € {4,20,100}. The second was the time-penalty coefficient, with tested values
tp € {0.002,0.01,0.05}. The setting R = 20 and ¢tp = 0.01 corresponds to the baseline reward
specification used in the main analysis, and the other tested values correspond to an increase

or decrease of these baseline values by a factor of five. For each reward combination, the cor-
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Figure A.1: Cumulative probability distributions of crossing initiation time (CIT) in constant-
speed scenarios for the BM model under different reward settings. Columns correspond to the
three initial TTA conditions. The top row shows the human data, and each subsequent row
shows the BM model under a different combination of crossing reward magnitude r and time-
penalty coefficient ¢p. Blue and orange lines correspond to the two vehicle-speed conditions.
KS statistics are shown in each model panel.
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Figure A.2: Cumulative probability distributions of CIT in yielding scenarios for the BM model
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top row shows the human data, and each subsequent row shows the BM model under a different
combination of crossing reward magnitude r and time-penalty coefficient ¢tp. Blue, orange, and
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are shown in each model panel.
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VLM model under different reward settings.
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responding model was trained independently. For model variants with fitted non-policy param-
eters, namely LM, VM, and VLM, the fitting procedure was also repeated for each reward
setting so that the estimated parameters remained matched to the behaviour of the retrained
model. Behavioural differences across reward settings were assessed using the KS statistic and
by visually comparing the cumulative probability distributions of CIT. Figures to show
the resulting cumulative probability distributions of CIT for all four model variants, separately

for constant-speed and yielding scenarios.

For the BM model, Figures and show that reward manipulation could alter crossing
behaviour, with some settings producing undesired delayed crossing. The LM, VM, and VLM
models show more ditferent behavioural patterns across reward settings, as shown in Figures
to Across the tested settings with R € {4,20}, the relative ranking of the model variants
was preserved, with VLM performing best, followed by LM, VM, and BM. This indicates that
the main qualitative conclusion of the model comparison was robust to moderate changes in
reward setting. By contrast, some settings with R = 100 led to degraded fit and more aggres-
sive crossing behaviour, especially in the simpler model variants. To be specific, a larger reward
magnitude increased the incentive to cross and therefore shifted the learned policies towards
earlier crossing decisions. The time penalty had a smaller overall effect, although very small
values such as tp = 0.002 could lead to later crossing in some settings by reducing the cost of

waiting.

These results provide justification for the baseline reward parameters used in the main analysis.
The baseline setting R = 20 and tp = 0.01 lies within a stable and behaviourally reasonable re-
gion. More generally, the analysis suggests that moderate reward magnitudes, such as R € [4, 20],
are acceptable in the present setting, whereas substantially larger values such as R = 100 can
produce overly aggressive crossing behaviour and degrade model fit. The time penalty is less
influential overall, but values that are too small may weaken the tendency to avoid unneces-
sary delay. This also clarifies the implications of selecting different reward values: increasing the
crossing reward tends to promote earlier and more aggressive crossing decisions, whereas reduc-
ing the time penalty can make the model more willing to wait. The reward structure therefore

does not require precise tuning, but its qualitative balance remains behaviourally important.
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Figure A.9: Convergence plot for different models.

A.2 Model convergence

Figure illustrates the average rewards of four main model variants recorded for each of the
500 episodes, spanning the entirety of the training phase. From Figure it can be noted
that the reward for the models, including the looming aversion assumption (LM and VLM),
achieve lower rewards overall due to the change in the reward structure introduced by this
assumption. Additionally, adding visual constraints to the baseline model (going from BM
to VM) led to a decline in the average rewards. This is due to the VM agent’s inability to
know the precise position of the approaching vehicle. As a result, the agent tends to make
more cautious decisions, leading to increased time penalties. However, there was no noticeable
difference in the achievable rewards for LM and VLM. A possible reason could be that for
LM, the looming aversion penalty is directly proportional to the inverse 7, while in VLM, the
looming aversion penalty corresponds to the estimated inverse 7. From the reward maximisation
perspective, both model variants aim to minimise this looming penalty within their respective

environmental contexts, potentially explaining the similar overall rewards.

A.3 Additional Model Variants
Beyond the core model variants outlined in Section [2.2.2] we explored four additional variations
to deepen our understanding of the pedestrian decision-making process:

e VLDM: The model variant considers motor delay an additional human-like constraint, re-
flecting the time lag between decision-making and action execution. This variant expands

upon the VLM model variant, incorporating motor delay into the model.

e VINM: A variation of the looming aversion model that tests an alternative representation

of risk aversion. Instead of an inverse 7, we evaluated a model where aversion is formulated
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against near-collision situations, providing an alternative perspective on risk assessment

in pedestrian behaviour.

e VLM (E): A version of the VLM model that employs a single set of non-policy parameters
across the entire human dataset instead of fitting them to each participant. This approach

aimed to assess the efficacy of a more generalised model application.

e VLM (S): This variation of the VLM model involves training individual networks for

each unique set of parameters.

These models were designed to assess the influence of additional factors and assumptions on
pedestrian crossing behaviour. While these models provided valuable insights, they did not show
an overall improvement in performance compared to our primary model, VLM. Figure
and [A.T1] and Table [A.1] show the results obtained for these models.

The VLDM model integrates motor delay (m) as an additional non-policy parameter, alongside
visual constraints (oy) and looming aversion (¢). VLDM showed similar performance to the
VLM model regarding log-likelihood and MAD. However, it obtained a higher AIC score due

to the increased model complexity.

The VNM model explores the concept of pedestrian aversion to near-collision situations. This
model variant provides an alternative way of modelling pedestrian aversion to being in safety-
critical situations as an alternative to the formulation based on looming in the LM/VLM models.
This model assumes pedestrians inherently aim to avoid situations where a vehicle invades their
personal space, leading to an additional penalty in the model when this occurs. While VNM
exhibited more human-like CITs than the VM model, it still lagged behind the comprehensive
performance of the VLM model regarding AIC. This disparity in model performance could
imply that the integration of temporal-spatial clues (e.g., looming) may play a more important
role in pedestrian decision-making than spatial factors alone (e.g., proximity to a near-collision

zone).

Table A.1: Quantitative assessment of additional model performance

Model type Log Lik. Params. AIC MAD(s)

VLDM —536 60 1192 0.35
VNM —564 40 1208 0.99
VLM(E) —547 2 1098 0.36
VLM(S) —572 40 1225 0.39
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Figure A.10: Cumulative probability for Crossing Initiation Time (CIT) in constant speed
scenarios for human data and additional models. Black dashed vertical lines in Human data
indicate the times vehicles passed pedestrians. To avoid repetition, these black lines are not
included in the model results. Vehicles passed pedestrians at the same time in the trial for each
initial TTA condition. The VLM model is included in this figure for comparison.

The VLM (E) model, which uses a single set of non-policy parameters for the entire dataset, per-
formed better in terms of AIC value than VLM, reflecting a simpler model structure. However,
it did not match the log-likelihood performance of VLM. This finding suggests that individu-
alising non-policy parameters may be beneficial for accurately capturing individual pedestrian

behaviour.

In the VLM (S) model, instead of conditioning a single RL policy on the values of the non-

policy parameters, we trained separate RL policy networks for each of the 10x10=100 considered
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Figure A.11: Cumulative probability for CIT in yielding scenarios for human data and additional
models. The VLM model is included in this figure for comparison.

values of the non-policy parameters. Despite the increased computational effort, VLM (S) did
not achieve better performance metrics than the original VLM model, as shown in Table

This result highlights the efficiency of our chosen parameter-conditioning in the VLM model.

Regarding VLDM, with the motor delay, m, as an additional input parameter alongside o, and
¢, from Table[AT] we can find that this model matched the VLM’s performance in terms of both
log-likelihood and MAD. However, its additional parameters result in a higher AIC compared
to VLM.
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Figure A.12: Predicted vs observed mean CIT across the different scenarios.
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B.1 Experiment description

The experiment is described in full in (Lee et al., 2026)), but a summary is provided here be-
cause the empirical task structure is central to the modelling developed in this chapter. The
data came from a virtual reality pedestrian experiment conducted in the University of Leeds
Highly Immersive Kinematic Experimental Research (HIKER) laboratory, a cave-based sim-
ulator with a 9m by 4 m walking area and immersive projected virtual environment. Ethical
approval was obtained from the University of Leeds Research Committee (Ref: 0536). In each
trial, participants stood at the kerb and decided whether to cross the road between two ap-
proaching vehicles coming from their right, crossing naturally when they felt comfortable to do
so. The experimental design used five within-participant factors: vehicle approach speed (25/30
mph), time gap between the two vehicles (3/5 s), behaviour of the second vehicle (yielding via
deceleration versus non-yielding), presence or absence of eHMI in yielding trials, and time of day

(daytime/nighttime), together with one between-participant factor, age group (younger/older).

Each participant completed both a daytime block and a nighttime block. Within each block,
the decelerating trials with eHMI present and absent were each repeated across the four kine-
matic combinations of speed and time gap, and the non-decelerating trials were repeated more
often so that decelerating and non-decelerating trials were balanced overall. This resulted in 32

experimental trials per block, presented in a randomised order, with day and night block order
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counterbalanced across participants using a Latin square approach. In addition, a final failure
trial was included at the end of each block, in which the vehicle displayed the eHMI but did

not decelerate, giving a total of 33 trials per block.

The eHMI used in the experiment was a cyan slow pulsing light band placed around the wind-
screen and roofline of the vehicle. In the yielding trials, the second vehicle began to decelerate
when it was 30 m from the pedestrian and came to a stop 2.5 m before the crossing path; when
the eHMI was present, it was activated at the same moment that deceleration began. Prior to
the experimental trials, participants completed a practice block in both daytime and nighttime
environments to familiarise them with both the virtual environment and the task. The practice
and experimental blocks used the same written task instructions. Participants were explicitly
told that the cyan eHMI signalled the message ‘I am yielding’, that is, that the approaching
vehicle intended to give way. This induction is important for interpreting the present modelling
results, because the empirical data reflect behaviour after participants had been introduced to

the intended meaning of the eHMI, rather than responses to a completely unfamiliar signal.
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Figure C.1: Comparison of model and real-world behavioural metric distributions across all

features used in fitting (see Section[2.2.5)), in addition to the four key metrics shown in Figure
Each column corresponds to one model variant, and each row to one behavioural metric.
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BC model: ADE: 5.92 m, FDE: 11.54 m
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Figure C.2: Model and human trajectories for the Behavioural Cloning (BC) model across
all pedestrian-vehicle interactions. For each interaction, the top panel shows the trajectories
overlaid on the real-world road layout, while the bottom panel depicts the relative spatial
positions of the vehicle (z-axis: longitudinal distance to crossing point) and pedestrian (y-axis:
lateral distance to crossing point) at each time step. Human trajectories are shown in black,
and model trajectories are shown in purple. Red and black dots indicate the 3-second positions
of the model and human agents, respectively. 228
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NC model: ADE: 5.17 m, FDE: 11.79 m
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Figure C.3: Model and human trajectories for the No-Constraint (NC) model across all
pedestrian-vehicle interactions.
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MC model: ADE: 5.61 m, FDE: 9.41 m
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Figure C.4: Model and human trajectories for the Motor-Constraint (MC) model across all
pedestrian-vehicle interactions.
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VC model: ADE: 4.55 m, FDE: 11.35 m
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Figure C.5: Model and human trajectories for the Visual-Constraint (VC) model across all
pedestrian-vehicle interactions.
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VMC model: ADE: 2.87 m, FDE: 5.41 m
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Figure C.6: Model and human trajectories for the Visual and Motor-Constraint (VMC) model
across all pedestrian-vehicle interactions.
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