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Abstract: Pedestrian modelling is a critical element in urban traffic simulations, particularly in envi-
ronments with high variability and unpredictability, such as Indian cities. With the rise of machine
learning, advanced techniques now enable more realistic and dynamic representations of pedestrian
behaviour. These models play a key role in urban planning, traffic system design and the development
of autonomous navigation systems. The current research presents a novel modeling technique that
represents pedestrian behavior within Indian urban traffic environments. The technique employs
both reinforcement learning (RL) and imitation learning (IL) to animate pedestrian movements that
resemble a humanoid character. The agent adopts multiple models to enable navigation in the urban
environment. While Policy Optimization Algorithm helps the agent navigate a road crossing scenario,
Behavior Cloning imitates the natural walking style of a pedestrian. The model assists in replicating
various urban encounters, including active marketplaces, neighbourhoods, and busy traffic crossings
— all characteristic of Indian cities. Pedestrian behavior exhibits variability across different scales,
ranging from individual decision-making to collective dynamics in large crowds. The model and the
scenarios were validated for their robustness through Monte Carlo simulations. The success rates
observed ranged from 33% in high-speed traffic conditions to 88% in moderate-speed environments.
During training, the agents attained an average reward of 0.981 with a normalized mean. The realism
of the imitation learning (IL)-generated models was validated through a Turing test, in which 59.7% of
participants misclassified the movements of AI-generated pedestrians as human.

Keywords: reinforcement learning; imitation learning; pedestrian behaviour; chaotic pedestrians; ML
agents; realistic indian scenarios; 3D modelling

1. Introduction
Pedestrian behaviour plays a crucial role in urban traffic systems, influencing overall mobility and

safety. It encompasses the complex decision-making processes and movement patterns of individuals
as they navigate shared spaces. Pedestrians continuously interact with vehicles, cyclists, and other
pedestrians, adapting their actions based on environmental cues and social dynamics [47]. Under-
standing pedestrian behaviour better is, therefore, an essential aspect that could be used to improve
urban plans, traffic safety, and transportation efficiency. The modelling of pedestrian behaviour is
inherently challenging because of its non-linear and dynamic nature as well as the influence of multiple
social, cultural and environmental factors [48]. This mix of characteristics in urban environments and
the highly varied nature of streets make pedestrian behaviour in India unique. Urban spaces bring
together high population density, heterogeneous road users and uneven infrastructure. Pedestrians
frequently share space with vehicles, animals and street vendors. In India, the diverse mix of vehi-
cles and pedestrians creates a dynamic and adaptive flow of movement. Pedestrians adapt to these
conditions by employing dynamic decision-making strategies. For instance, they navigate through
available gaps in traffic or adjust their walking speed to prevent collisions. Figure 1 presents a snapshot
of a busy street in India, illustrating these behaviors in real-world scenarios. Such unpredictability
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makes traditional modelling techniques insufficient and calls for more innovative approaches towards
capturing such detailed behaviour patterns.

Figure 1. An Indian urban road with mixed traffic, showing vehicles and pedestrians navigating the same space.

At such complex levels, machine learning based approaches, such as reinforcement learning
(RL) and imitation learning (IL), become hopeful avenues [49]. For example, one can explain using
RL, how a driver learns to drive a car - what depends on the traffic flow and other environmental
factors. Imitation learning enables the model to imitate examples of real-world behaviour by learning
from demonstrations while capturing nuanced behaviours such as maintaining appropriate speeds
in crowded areas or adjusting to the degree of road safety [50]. Together, then, RL and IL provide a
well-rounded approach for pedestrian modelling: one that combines the strategic decision-making
capabilities with the ability to mimic human-like actions.

Pedestrian modeling has several critical applications across various domains. Data-driven insights
play a vital role in smart city planning, particularly in enhancing pedestrian safety through optimized
traffic management strategies [3,7,30]. Autonomous vehicles utilize the variability in pedestrian
behavior to improve navigation systems, thereby reducing accidents and ensuring safer urban mobility
[4,5]. Additionally, predictive models contribute to crowd management and public safety by forecasting
pedestrian movement patterns [2,9]. Furthermore, Virtual and Augmented Reality technologies
facilitate traffic planning by enabling realistic simulations for training and scenario testing, ultimately
leading to more efficient and secure urban environments (see Figure 3) [18,32].

The methodology and architecture are illustrated in two diagrams. Figure 2 presents 59 the
broader applications of the model, such as traffic simulation, driving simulators, Ad- 60 vanced Driver-
Assistance Systems (ADAS) testing, and sensor modelling. It also high- 61 lights how the game engine
supports immersive environments with features like dynamic 62 weather, while AI-driven algorithms
enhance learning and decision-making. Figure 3 details the integration with 3D environments and
agent perception mechanisms like raycast sensors. It shows the training pipeline combining imitation
learning for realistic navigation and reinforcement learning for adaptive decision-making in scenarios
like road crossings. Diverse scenarios such as crossing on crosswalk, chaotic crossings, group crossing,
marketplaces and residential area emphasize the model’s real-world applicability.
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Figure 2. A comprehensive overview of the role of pedestrian modeling in urban mobility.

Figure 3. A detailed simulation illustrating pedestrian modeling and learning approaches, including applications
in marketplaces, residential areas, chaotic crossings, group crossings, and crosswalk crossings.

The proposed modeling technique introduces a novel approach to pedestrian behavior analysis
in Indian urban environments by integrating behavioral modeling, virtual reality simulation, and
rigorous validation methodologies. It encompasses the following key aspects:

1. Developing a data-driven model to capture and simulate pedestrian movement patterns
specific to Indian urban settings, accounting for dynamic interactions with traffic, cyclists, and other
pedestrians. 2. Constructing high-fidelity 3D environments and scenario-based simulations in virtual
reality to replicate pedestrian behavior through lifelike avatar representations. 3. Ensuring the scientific
rigor of the behavioral model through visual validation techniques, including Turing tests for realism
assessment and Monte Carlo simulations for probabilistic analysis.

The paper is structured as follows: Section 2 reviews the related work on pedestrian behavior
modeling, focusing on reinforcement learning and imitation learning techniques. Section 3 describes
the proposed methodology, detailing how reinforcement learning and imitation learning are applied
to simulate realistic pedestrian movements in Indian urban environments. Section 4 presents the
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experimental results, evaluating the effectiveness of the proposed model in replicating real-world
pedestrian behaviors. Finally, Section 5 provides a discussion of the findings and concludes the paper
with potential directions for future research in pedestrian behavior simulation.

2. Literature Survey
2.1. Study On Human And Pedestrian Behaviour

Agent-Based Models (ABMs) are typical approaches implemented to mimic human and pedestrian
behaviours. These models imitate decisional and mutual interaction processes to make environments
safer and human-centered control of autonomous systems better. In ABMs, behaviour is represented
by rules and algorithms; the accuracy of such representations defines the model in question [51].
For meaningful functional uses, human behaviour, which is core to ABMs, must consist of decision-
making and interaction dynamics [41]. Behavioural models range from purely economic ones, where
individuals, organizations, or societies are assumed to make rational choices that maximize outcomes
[59]. Others are based on bounded rationality, which accounts for the limitations of human cognition
and decision-making [42]. These latter models recognize that people often make decisions with
limited information, time, or processing ability, reflecting more realistic, non-ideal behaviours [60].
In transportation and related fields, Human-Centric Artificial Intelligence (HCAI) incorporates these
behavioural models into AI systems to better understand user behaviour and support effective human-
AI collaboration [? ]. Key current and future challenges include ensuring explainability of AI decisions
and building user trust [61]. Another important aspect is appropriately delegating tasks between
humans and machines to maintain efficiency and accountability [62].

The use of RL allows agents to achieve optimal solutions through reward-based learning but
Inverse Reinforcement Learning(IRL) and IL primarily learn actions by watching human behaviour
patterns [52]. Active Learning (AL) encourages more efficient learning by choosing when to engage
human input while reducing the required data quantity [58]. Puentes et al. studied annually aggregated
accident data from Bucaramanga, Colombia to validate crossing speed and law adherence as pivotal
factors based on their analysis [43]. A test simulation showed that adding speed reducers—such as
speed bumps—could improve pedestrian safety by up to 80%. This may potentially reduce the need
for additional protective infrastructure like railings on the sides of the roads.

Research on specific intersections revealed different behaviours across age groups and genders.
Men and children cross more frequently, while senior citizens and women cross less frequently.
Researchers spotted two ways people cross, in one step or in two, highlighting the need for custom
safety steps [45]. Studies on group behaviour showed that larger groups moved slower and the space
between people changed according to who was in the group. Things like parked cars and how wide
the sidewalk was also affected how pedestrians acted [46]. It is tough to create models that are both
simple and realistic, can run on computers and work for all kinds of traffic.

While progress has been made in modeling human behavior, current studies often overlook social
interactions and lack diverse participant representation. Additionally, many models are not equipped
to handle large-scale behavioral data. This limits their predictive accuracy and real-world applicability,
highlighting a gap in the literature for more inclusive, data-scalable approaches to support safer and
more collaborative urban environments.

2.2. Machine Learning Based Modeling

Relative to conventional approaches, pedestrian behaviour modelling has been transformed
by Machine learning (ML), correcting prior problems and providing increased efficacy. Here, by
identifying exceptional and diverse human behaviour patterns, a machine learning (ML) model en-
hances adaptability and forecast performance, signifying substantial potential in real-time settings
[63]. For instance, integrating ML with conventional pedestrian dynamic models, such as micro-
scopic or macroscopic models, has revealed improved the possibility to predict pedestrian flow and
behaviour. Traditional approaches in this regard have been effective in modelling pedestrian velocities,
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and supervised learning techniques like regression have provided equally good results in real-time
applications[12]. Two additional areas where machine learning for surveillance has proven effective
include the detection of suspicious activities and real-time traffic management. By applying unsu-
pervised learning to spatial and temporal data, modern models can identify abnormal pedestrian
behaviour with 92% accuracy, allowing for proactive monitoring of actions that deviate from the norm.
These systems deliver real-time alerts, which not only help prevent traffic accidents by addressing
potential hazards swiftly but also enhance traffic efficiency by optimizing flow based on observed
patterns.[13,14].

Models such as Random Forest and Long Short-Term Memory (LSTM) networks have been
applied to classify pedestrian behaviour. These models predict future movements, thereby enhancing
the safety and efficiency of automated transportation systems. . In automated driving, models like the
Multimodal Hybrid Pedestrian (MHP) help address challenges in predicting pedestrian movement at
intersections and crosswalks. By incorporating both discrete actions and continuous motion dynamics,
the MHP model enhances autonomous vehicle navigation safety. Evaluations of real-world datasets
have demonstrated its superior accuracy compared to existing techniques [17].

In addition to that, machine learning (ML) has enhanced pedestrian navigation scenarios in virtual
environments. Improvements to the Social Force Model, such as the integration of a Natural Evasion
Model (NEM)[64], facilitate the simulation of authentic and predictive pedestrian movements. These
refinements reduce interference in driving simulations and enhance the realism of urban scenarios [18].
ML has also enriched the study of pedestrian route choice behaviours through advanced techniques.
Models such as eXtreme Gradient Boosting (XGB) [53] and Light Gradient Boosting (LGB) [54] have
surpassed traditional discrete choice models in predicting route choices. Furthermore, interpretability
tools like SHAP (SHapley Additive exPlanations, which is a popular explainability method in machine
learning), have identified critical factors that influence pedestrian decisions, such as bottlenecks and
return periods, thus informing transport planning [19].

However, current research still faces challenges such as data quality, extending models to handle
invariant sequences and accommodating the diverse actions of pedestrians. Future efforts should
focus on comparing results with larger databases. They should also incorporate social interactions into
the models and develop more efficient algorithms to approximate human behaviour. These steps can
further enhance ML’s contribution to pedestrian safety and the optimization of urban environments.
This will help solidify its role as a pivotal technology in the development of intelligent systems
[[12–14,17–19]].

2.3. Deep Learing Based Modeling

Accurate classification of pedestrian scenes at crosswalks as safe or risky was provided by
Mask R-CNN and a custom Crosswalk Detection Algorithm (CDA) while minimizing required
computations[21].In another case, transfer learning was implemented in identification of pedestrians in
self-driving cars with the help of Convolutional Neural Network (CNNs)[22]. According to the study,
the researchers just tuned the already trained Visual Geometry Group(VGG)-16 model and obtained
98% of the validation accuracy. They also showed how deep learning models could incorporate LiDAR
data for 3D detection of pedestrians for AI vehicles’ better perception. By integrating pose estimation
to the deep learning techniques, Boda and Ramadevi forecasted the action of pedestrians at zebra
crossings[23]. Conducting skeleton detection using OpenPose and feeding it into ML classifiers, they
have high precision in categorizing behaviours such as walking and crossing that could enhance the
interaction between pedestrians and vehicles [55].

Zhai et al proposed a social-aware, multi-modal network for the prediction of pedestrian crossing
behaviour. It followed this model which uses a Spatio-temporal Heterogeneous Graph and a con-
ditional variational autoencoder to generate multiple possible future pedestrian behaviours. Prior
to it, the previous methods were less effective and had poor safety when compared to autonomous
driving[20]. Kielar and Borrmann employed an artificial neural network to simulate pedestrian be-
haviour in the form of a model for animation and called this method Automatic Pedestrian Animation

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 14 May 2025 doi:10.20944/preprints202505.1096.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202505.1096.v1
http://creativecommons.org/licenses/by/4.0/


6 of 22

Generation [29]. In a similar manner, Larter et al. have used behaviour trees to model pedestrian
behaviour. They incorporated the Social Force Model (SFM) to create a hierarchical system. This model
is capable of mimicking realistic decisions made by pedestrians. It also captures their interactions with
vehicles in traffic simulation systems [30].

These studies demonstrate DL’s ability to improve pedestrian behaviour modelling by enhancing
accuracy, adaptability, and efficiency. Moving forward, continued advancements in DL will further
refine these models, offering even more sophisticated solutions for autonomous vehicle safety and
urban planning [22,23,29].

2.4. Reinforcement Learning Based Modelling

Mahmoudi and Ostreika [2] developed an RL racecar agent to drive on a track with obstacles
using Proximal Policy Optimisation (PPO). To boost learning efficiency, they combined behaviour
cloning and Generative Adversarial Imitation Learning (GAIL), resulting in an effective obstacle
avoidance policy.

Subsequently, Vizzari and Cecconello [5] enhanced RL using curriculum learning. To train the
pedestrian agents, they tested the AI agents in environments of increasing difficulty and incorporated
norms into the learning phase. Their model demonstrated how an agent could transition into unfamiliar
territory without referring to a predefined rule set for realistic pedestrian behaviour.

In studies on pedestrian–vehicle interactions, Nasernejad et al. [7] proposed a Gaussian Process
Inverse Reinforcement Learning (GP-IRL) model to understand pedestrian behaviour during near-miss
collisions. The movements they quantified included evasive actions that their model was able to
capture successfully, as they shed light on factors that influence pedestrians’ behaviour in emergency
or dangerous situations.

Mu et al. [9] proposed a possible solution to the short-sightedness of traditional models by
incorporating deep reinforcement learning with expert trajectory advice. These authors’ D3QN-ORCA
model integrated global path planning and local collision avoidance, aiding the agents in predicting
traffic density and manoeuvring through crowded regions. Since the simulation ran faster and more
accurately, this enhanced its usefulness in areas like emergency evacuation scenarios.

Another study [10] has applied RL in combination with sensory-motor contingencies that are
used to reproduce some of the pedestrian behaviours like gap acceptance and crossing initiation. By
encompassing some of the characteristics of visual perception and motor constraints, the model proved
quite realistic when mimicking the pedestrian’s movements and provided insights into AV safety
considerations.

Yet, to enhance the pedestrian simulations, another study [11] combined deep RL with optimal
Reciprocal Collision Avoidance (ORCA) for the strategic development and real-time execution of
tactics. When guided by an expert’s path, the model cut down on unnecessary trial-and-error, speeding
up the learning process and improving the random simulation of busy, crowded scenes.

Ghasemi et al. [24] complemented RL’s fundamental concepts and focused on its stochastic
characteristic, which requires learning from errors in sequential decision-making tasks. Meanwhile,
Jaeger and Geiger [25] investigated RL as a way to optimise outcomes for goals that cannot be solved
using standard gradient-based techniques, touching upon applied strategies such as PPO and SAC.
In their systematic review, Sivamayil et al. [26] pointed out that RL is useful in a variety of rapidly
changing domains. These include energy, robotics, autonomous vehicles, and more. PPO, which was
discussed by Schulman et al. [35], is one of the most efficient and robust RL algorithms. It is capable of
operating effectively in complex simulations.

2.5. Imitation Learning Based Modelling

Imitation Learning (IL) is seen as a promising method to model pedestrian behaviour since ma-
chines are trained by observing the action performed by a human. Basically, the major approach used in
IL is Behavioural Cloning (BC) [34], where agents learn to map situations to actions by copying human
demonstrators. Nevertheless, BC has some issues such as co-variate shift, meaning the agent receives
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situations it has never seen before during learning [27,28,38,40]. To counter this, BC is enhanced by
Generative Adversarial Imitation Learning (GAIL), since it entails a generator and a discriminator
in the game theoretic framework. Mimicking the action of generators and discriminators in order
to distinguish the agent’s and expert’s actions can reduce co-variate shift [3,27,28,40]. Additionally,
InfoGAIL [3] maximizes information to eliminate human inaccurate repetition of motion and includes
latent variables to make action variance increase and be more realistic by considering hidden states
like urgency or mood of the human pedestrian [3,28,40].

Incorporation visual attention into imitation learning has shown promise. Using saliency maps to
highlight where humans focus attention helps agents prioritize spatial information, leading to more
realistic behaviors like obstacle avoidance and pedestrian navigation [3]. In autonomous driving,
it is very important to model pedestrian behaviour, to do this, Human-oriented Agent-based Imita-
tion Learning (HAIL) is used to copy how people move in traffic. It works with OpenDS [65] and
InfoSalGAIL [3] to recreate these actions in a traffic setting. [6].

Behavioural Cloning from Observation (BCO) takes IL further by allowing agents to learn directly
from observing scenarios, even when the exact actions taken in those scenarios are unknown or
unavailable [34]. In gaming, IL enhances non player character (NPC) interactions by imitating human
behaviour, thereby providing gamers with unexpected and realistic gameplay patterns [8].

Thus, imitation learning helps to suggest how machines mimic actions and thus make it real and
safer for applications like self-driving cars and urban planning. When applied to new IL techniques
such as GAIL, InfoGAIL, and HAIL in the future, there will be improved and safer interaction between
humans and technology. Reinforcement Learning (RL) is also shown to be a strong way to simulate
how pedestrians act, even with all the complicated details. These models improve by including things
like movement limits, social rules, and expert guidance, making pedestrian simulations more practical
and safer, and laying the groundwork for smart systems that can adapt to human behaviour.

3. Methodology
3.1. Overview

The methodology involves constructing environments using scaffolding techniques, developing
behavioural models, and integrating machine learning algorithms within a 3D environment. The main
objective is to learn an independent pedestrian agent to perform safe and efficient road-crossing of an
urban environment with both imitation and reinforcement learning.

3.2. Model Development

The presented system also includes several modern deep learning approaches for pedestrian
movement modelling. Some of these are known as – Behavioural Cloning (BC)[34], Generative
Adversarial Imitation Learning (GAIL)[3] and Proximal Policy Optimization (PPO)[35]. A mechanism
is designed to switch between two models based on environmental context: imitation learning is
employed for navigating through walkable residential areas where the agent mimics realistic human
behaviours, whereas reinforcement learning is activated specifically in complex scenarios such as
road crossings, allowing the agent to make dynamic, adaptive decisions in response to varying traffic
conditions.

3.2.1. Behavioural Cloning (BC)

Agents in Behavioural Cloning (BC) perform supervised learning by adopting and replicating
expert demonstrations to determine their optimal actions. A deep neural network serves as the policy
network, which receives state information s (such as pedestrian position, velocity, surroundings) as
input, and produces a corresponding predicted action a. The training process for the network involves
learning from expert demonstrations containing state-action pairs (s, a). Human expert actions serve
as the target reference, and the goal is to minimise the discrepancy between these actions and the
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predictions generated by the policy network πθ(s), thus achieving accurate imitation and realistic
behaviour replication.

Loss Function:

The training process is guided by the mean squared error (MSE) loss function, which is formulated
as:

L(θ) = E(s,a)∼D
[
∥πθ(s)− a∥2] (1)

where D represents the dataset of expert demonstrations. This equation ensures that the model
minimizes the difference between the predicted action πθ(s) and the expert action a, thereby aligning
the agent’s behaviour with that of the expert. By minimizing the loss function in Equation 1, the agent
refines its policy to closely mimic expert decisions, improving its predictive accuracy.

BC works as an effective solution because it can be implemented through supervised learning
approaches and functions efficiently when experts provide demonstrations. However, the method
faces two main issues: its tendency to overfit observed data samples and its inability to adapt to
changing conditions across different scenarios.

3.2.2. Generative Adversarial Imitaion Learning (GAIL)

The GAIL framework integrates Generative Adversarial Networks (GANs) with reinforcement
learning (RL), allowing an agent to learn behaviours without explicitly defined reward functions. A
GAN consists of two components: a generator, which learns and replicates expert behaviour patterns,
and a discriminator, which distinguishes between the actions performed by human experts and
those generated by the agent. The generator aims to produce movements that closely match expert
demonstrations, effectively misleading the discriminator.

Equations:

The discriminator function, given by Equation 2, evaluates whether a given state-action pair (s, a)
comes from expert demonstrations or the learned policy:

LD = −Eτe∼De [log(D(s, a))]−Eτ∼π [log(1 − D(s, a))] (2)

The algorithm optimises this loss function to achieve both the highest probabilities of correctly classify-
ing expert trajectories and the lowest probabilities of generated trajectories being mistaken for expert
trajectories.

The generator function, described in Equation 3, trains the policy π to minimize the expected loss
from the discriminator:

π∗ = arg min
π

max
D

Eτ∼π [log(1 − D(s, a))] +Eτe∼De [log(D(s, a))] (3)

This adversarial objective ensures that the learned policy generates trajectories that are indistin-
guishable from expert demonstrations, effectively mimicking expert behaviour.

The behaviour learning capabilities of GAIL operate without requiring explicit reward definitions,
making it suitable for complex environments. This method demonstrates the capability to generalise
learning to different situations across various scenarios and effectively manage multiple conditions.
However, the learning process involving the generator and discriminator can be computationally
expensive, demanding precise adjustment of training stability parameters.

3.2.3. Proximal Policy Optimization (PPO)

Policy updates within reinforcement learning achieve stability and efficiency through the im-
plementation of the PPO approach. The control system employs PPO to enhance the adaptability of
pedestrians under specific circumstances, including road crossings.
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Working Mechanism:

PPO redefines the policy updates by using a clipped surrogate objective, as expressed in Equation
4. This mechanism limits excessively large updates to the policy, ensuring stable and controlled
improvements during training. The agent updates its decision-making process based on experiences
gained from interacting with the environment and the cumulative rewards achieved.

Equations:

LCLIP(θ) = Et
[
min

(
rt(θ)Ât, clip(rt(θ), 1 − ϵ, 1 + ϵ)Ât

)]
(4)

rt(θ) =
πθ(at|st)

πθold
(at|st)

(5)

Analysis:

The method successfully sustains both exploration and exploitation phases together, with reliable
policy modification procedures. As shown in equation 5 the probability ratio rt(θ) plays a crucial role
in determining how much the new policy deviates from the old one, ensuring controlled updates
to prevent instability. However, the method involves computationally intensive calculations for
large-scale scenarios and is sensitive to parameter adjustments.

3.2.4. Hybrid Learning Model for Pedestrian Navigation

Reinforcement learning was integrated with imitation learning to effectively manage scenarios
ranging from structured environments to unstructured and unpredictable conditions. The system
executed model-switching logic which used agent proximity to crossroads for alternating between
different approaches. The overall vehicle movement function relied on imitation learning, but rein-
forcement learning became essential for managing dangerous situations such as street crossings. The
combined use of these systems maintained efficient control in planned situations as well as unclear
situations.

Key Features:

• Adaptive Learning: When performing usual navigation tasks,the agent employed imitation
learning but switched to reinforcement learning to handle dynamic traffic conditions.

• Reward System: A reward system based on reinforcement learning incentivised successful
fast movements across the road and penalized any accidents or incorrect behaviours. Through
experience, the agent could repeatedly improve its strategy.

3.2.5. Agent Perception And Deception

To ensure effective interaction with the environment, the pedestrian agent was equipped with
advanced perception mechanisms, mimicking human vision and awareness.

Raycast Sensors: The agent controlled three adjustable head-level rays for optimal peripheral
vision capacity through adjustable angles and distances. The raycasting system covered all areas of the
environment to let the agent effectively observe objects before appropriate response actions could be
performed.

Tag Detection: The raycasts were programmed to recognize specific objects in the environment,
including immovable obstacles such as barriers, potholes, and streetlights. Additionally, they detected
other pedestrians to enable social navigation and moving vehicles to facilitate dynamic road-crossing
decisions. They also detected designated goal points that guided the agent’s movement for maximum
points.

Realistic Perception: Raycast configuration and placement enabled the robotic agent to detect
surroundings just like the human vision functions. The chosen placement and configuration of raycasts
enabled correct and specific data use for decision-making processes. By enhancing its perception,
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the agent became better equipped to handle intricate situations, such as stopping appropriately for
approaching vehicles and determining safe moments to cross through traffic.

3.3. Recording The Demonstration

The expert demonstration data took video format to record their actions. Pedestrian agents
walked throughout the simulated environment while performing steps for safe road crossing in order
to succeed. This phase emphasized the following:

• Human-like Movements: The expert indicated how the subjects adjusted their speed and direction
in response to approaching objects (vehicles).

• Training Objectives: The recordings were analyzed to establish behaviours for the agent, such as
stopping before crossing or waiting for a safe gap in traffic.

3.4. Scenario Design

For the thorough evaluation of agent performance, several scripted scenarios were designed:

• Scene 1: The scenario depicted in Figure 4, where individuals are crossing the road without
following any traffic laws, assessed the agent’s ability to react quickly and safely when faced with
making a decision in a dangerous situation.

Figure 4. Single pedestrian agent navigating a road without adhering to traffic rules, testing rapid-response
decision-making in an unpredictable environment.

• Scene 2: As seen in Figure 5, the agent was required to detect and use the closest crosswalk,
emphasizing the importance of structured, rule-based crossings.

Figure 5. Single pedestrian agent detects and utilizes the closest crosswalk, showcasing structured, rule-based
crossing behaviour.
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• Scene 3: Multiple agents cross the road at the same time, as shown in Figure 6, creating crowd
dynamics and testing agent abilities in social navigation.

Figure 6. Multiple pedestrian agents crossing together on a crosswalk, highlighting crowd dynamics and
coordinated navigation.

• Scene 4: The agent demonstrated its adaptability by switching from imitation learning to rein-
forcement learning when approaching a busy road for crossing, ensuring it could handle various
situations effectively, as seen in Figure 7.

Figure 7. Agent adapting its behaviour by switching from imitation learning to reinforcement learning in response
to a complex road-crossing scenario.

• Scene 5: This scenario involved modelling a realistic residential street with footpaths, houses,
streetlights, and various scattered obstacles, as shown in Figure 8. While the agents move,
they have the opportunity to avoid these static obstacles and follow pedestrian rules for safe
crossing. This realistic use case simulates typical weekday pedestrian behaviour in a residential
environment.
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Figure 8. Pedestrians in a realistic residential environment with footpaths, scattered obstacles, and vehicles, where
the agents demonstrate safe crossing and obstacle avoidance.

• Scene 6: The setting depicted in Figure 9 is that of a bustling marketplace filled with pedestrians
meandering through numerous kiosks, vehicles, and barriers. The simulation provides an urban
experience that reflects real-world conditions, testing the agent’s decision-making in a high-traffic
area.

Figure 9. Crowded marketplace environment with dynamic pedestrian and vehicle interactions, testing the
agent’s ability to adapt to high-traffic and complex scenarios.

3.5. 3D Environment Design

Implementation of the decision-making scenario established real urban road-crossing conditions.
The environment contained these key elements for its structure:

This setup offered an environment that was both virtual and dynamic in 3D, suitable for training
and testing the agent.

• Flat Surface (Ground): A plane that describes a starting point of the environment.
• Controllable Character (Figure 10): The player character that would learn to safely navi-

gate the road by training.
• Surrounding Barriers (Walls): The barriers set and limit the user within the environment

and attempt to simulate real world, such as buildings or barriers.
• Designated Destination (Target Point): The agent must be able to cross the street, which is

the aim in the case of successful crossings.
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• Dynamic Obstacles (Vehicles and Roadblocks): Car models create traffic with controlling
parameters such as speed and density that will allow the assessment of the agent.

Figure 10. Realistic 3D human figure to better emulate real-world human behaviour

3.6. Hyperparameters For Training

Tables 1 has the parameters we used to train the models for road crossing and footpath walking
which used RL and IL respectively. They were later fine-tuned to optimize learning efficiency and
performance.

Table 1. Comparison of training hyperparameters used for reinforcement learning in the road-crossing scenario
and imitation learning in the footpath-walking scenario.

Parameter Road Crossing Scenario Footpath Walking Scenario

Trainer Type PPO (RL) BC (IL)

Batch Size 2048 128

Buffer Size 20480 2048

Learning Rate 0.0004 0.0003

Beta 0.00003 0.01

Epsilon 0.2 0.2

Lambda 0.95 0.95

Num Epochs 3 3

Learning Rate Schedule Linear -

Network Normalization True False

Hidden Units 256 512

Num Layers 2 -

Reward Signal (Extrinsic) Gamma: 0.99, Strength: 1.0 Gamma: 0.99, Strength: 1.0

Max Steps 2,000,000 1.0e7

Time Horizon 64 128

Summary Frequency 10,000 10,000

Keep Checkpoints 5 5

Checkpoint Interval 500,000 500,000

Reward Signal (Curiosity) - Gamma: 0.99, Strength: 0.02

GAIL Strength - 0.01

GAIL Gamma - 0.99
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4. Results
4.1. Monte Carlo Simulation
4.1.1. Introduction

The probabilistic characteristics of the pedestrian behaviour model were evaluated through
Monte Carlo simulations conducted under different scenario conditions. This approach introduced
randomness to walking speeds through behavioural variability based on principles from kinetic Monte
Carlo simulation, as described by Sun [38], along with Naderi’s work on indoor navigation localisation
using Monte Carlo techniques [37]. The research team simulated and tested four separate pedestrian
cases: a single person crossing at risk, a pedestrian at a zebra crossing, a group of three pedestrians
and two non-coordinated pedestrians. These scenarios were used to analyse different parameters
including vehicle and pedestrian speeds. The simulation models generated important conclusions
which showed how fast-moving vehicles combined with heavy pedestrian traffic negatively affected
the number of successful crossing events. Research showed that faster vehicle motions decreased the
chances of successful crossings but reduced collision risks when vehicles proceeded at slower speeds.
This demonstrates how vehicle speed and pedestrian density influence the accuracy of pedestrian
behaviour modelling.

4.1.2. Inference

The simulation accurately replicated decision-making processes and motion behaviours charac-
teristic of a typical urban setting in India. Different traffic scenarios showed individual behavioural
aspects of pedestrians through four simulation scenarios. During the first situation, an individual
showcased dangerous behaviour by speed walking across the road in the presence of moving vehicles.
In the second scenario, a responsible pedestrian crossing model was demonstrated, where individuals
exclusively used zebra crossings, mirroring typical urban behaviours. When three pedestrians moved
in unison during the third simulation, they adapted their speeds so that their group could function
both effectively and securely. Two independent pedestrians who did not coordinate with each other
were examined in the fourth scenario.

The four different scenarios underwent Monte Carlo simulations that explored various parameters
to replicate numerous realistic situations. The experiment tested multiple combinations of vehicle and
pedestrian speed alterations in order to assess their effects on successful crossings. Unity’s default
scale assumes that 1 unit equals 1 metre, as per their best practice guide for realistic simulation scale
[57]. Using this convention, we converted in-simulation speeds from units per second to real-world
speeds in km/hr using the formula: 1 Unity unit/second = 3.6 km/hr. Table 2 contains the information
about the controlled scenario conditions. During Trial 1, where vehicles moved at speeds ranging from
14.4 to 36 km/hr and pedestrians at 36 km/hr, the simulation achieved an 88% success rate. In contrast,
Trial 6 involved vehicles travelling at 126 km/hr and a pedestrian speed of just 18 km/hr, which
resulted in a significantly lower success rate of 33%. These findings highlight the substantial impact of
high vehicle speeds on pedestrian safety and validate the model’s ability to replicate real-world traffic
dynamics under varying conditions.
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Table 2. Pedestrian Crossing Scenarios and Success Rates (Converted Speeds in km/h)

Trial Lane 1
Speed

Lane 2
Speed

Lane 3
Speed

Lane 4
Speed

Lane 5
Speed

Player
Speed

Success
% Scenario

1 14.4 28.8 25.2 21.6 18.0 36.0 88% Group of 3 pedestrians

2 3.6 10.8 7.2 39.6 36.0 21.6 63% Group of 3 pedestrians

3 43.2 32.4 36.0 10.8 7.2 28.8 81% Group of 3 pedestrians

4 3.6 10.8 7.2 39.6 36.0 36.0 82% Multiple pedestrians

5 54.0 36.0 18.0 43.2 10.8 28.8 67% Multiple pedestrians

6 126.0 126.0 126.0 126.0 126.0 18.0 33% Multiple pedestrians

7 14.4 25.2 43.2 28.8 18.0 10.8 74% Single pedestrian

8 39.6 14.4 25.2 28.8 36.0 28.8 72% Single pedestrian

9 39.6 14.4 25.2 28.8 36.0 21.6 70% Single pedestrian

10 18.0 25.2 43.2 14.4 57.6 21.6 85% Single pedestrian

11 126.0 126.0 126.0 126.0 126.0 14.4 88% Crosswalk

12 36.0 43.2 36.0 18.0 25.2 21.6 80% Crosswalk

13 54.0 43.2 36.0 28.8 18.0 18.0 70% Crosswalk

14 54.0 43.2 36.0 28.8 18.0 21.6 65% Crosswalk

15 28.8 36.0 18.0 21.6 25.2 14.4 86% Crosswalk

16 28.8 36.0 18.0 21.6 25.2 21.6 76% Crosswalk

4.2. Turing Test
4.2.1. Introduction

We applied the Turing test for crowds according to Webster and Amos [36] to check whether the
developed pedestrian behaviour model exhibited exhibited realistic perception. The test involved
presenting participants with two videos: one that contained real pedestrian behaviours inputted
by a human, and the other with simulated pedestrian motions generated by the model from actual
real-world conditions, to determine if the displayed actions were authentic or not. The qualitative
human-based assessment measured how well the modeled pedestrian behaviour matched the natural
human behaviour through observational commonsense evidence. Research outcomes showcased the
model’s excellent capabilities in mimicking authentic pedestrian dynamics and generated valuable
enhancements for future development.

4.2.2. Inference

Our research added imitation learning components as advanced pedestrian behaviour models
within situations where footpath travel required static and dynamic obstacle avoidance including
pedestrian-on-pedestrian encounters. To evaluate the effectiveness of this approach, we conducted a
Turing test where participants viewed two videos: A video comparison included simulated pedestrian
movements through AI technology alongside human-operated movements. Researchers tested partici-
pant abilities to detect differences between movements produced by artificial intelligence technologies
and natural human behaviour.The survey was carried out with 70 participants from various age
groups.

Research findings presented in Figure 14 displayed an almost equal distribution between par-
ticipants who identified each measurement type, with 59.7% recognizing AI movements and 40.3%
recognizing human movements. Analysis results revealed that participants found it difficult to tell
apart movements made by AI or humans because the model successfully duplicated human-style
actions. The model demonstrates effective simulation of human-like movement which showcases its
capability to replicate pedestrian behaviour in realistic situations for real-world applications which
require pedestrian simulations.

The table below demonstrates the demographic way of responses for the two videos: AI-controlled
(Video 1) and Human-controlled (Video 2). The target audience of different age groups commented on
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each video, showing that participants did not detect any differences between them. The results indicate
that the Turing Test passed its assessment criteria. The percentages of Video 1 for the respective age
categories are: 62.5% for the 18–25 age group, 55% for the 26–40 age group, 50% for the 40+ age group.

Figure 11. Turing Test Results for Pedestrian behaviour Model

Figure 12. Snapshot of the Agent Used in the Turing Test Video

Table 3. Response Accuracy Across Demographic Groups

Age Group AI-Controlled (Video 1) Human-Controlled (Video 2)

18-25 25 15

26-40 11 9

40+ 5 5

4.3. Replicating A Real-World Scenario

Finally, to test the model under more realistic conditions and in a high traffic scenario, we recreated
a slow moving car simulation through a market area as depicted in 17. In this scenario, the modeled
agents successfully avoided a collision with the car and adeptly navigated around both the vehicle
and pedestrians; this shows that the model was flexible in dealing with dense environments. This
simulation shows how this model may be used to depict pedestrian movement in complex and realistic
environments such as streets and marketplaces, as depicted in Figure 16.
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Figure 13. Snapshot of the Replicated Scene in Virtual Environment: A view of the recreated simulation environ-
ment for pedestrian behaviour testing.

Figure 14. Snapshot of the Real-World Scene: The original environment replicated for simulation in Virtual
Environment [56].

5. Discussion and Future Work
Although the current system provides satisfactory simulation outcomes that mimic realistic

pedestrian behaviours in real life situations, the following limitations exist. The current simulations are
limited because they only cover environments like markets, residential areas, and intersections. They
don’t account for specific behaviours in Indian cities, such as how people react when animals cross the
road or the different patterns of pedestrian movement in various areas. The model also does not take
into consideration some factors such as relation to other pedestrians and some instances such as the
use of a mobile phones while walking. Further, the road environment is over-simplified and pedestrian
decisions and safety due to road terrains, narrow road, traffic signals and other characteristics are
not incorporated into the model. Last, while the system is efficient on average hardware, real-time
simulation in dense populations is computationally costly, which may impede its utility for time-critical
use.

To rectify these shortcomings the following improvement can be made. Enhancing scenario
and behavioural heterogeneity by including other types of additional behaviours of pedestrians, for
example not paying attention to objects in the immediate environment, indecision before crossing
roads, or responses to noises heard, could describe pedestrian behaviour in more detail. Incorporating
such characteristics would improve the model’s output and make it more useful for applications like
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driving simulators or evaluating self-driving cars in real-world scenarios. By adding complexity in
the environment such as including changes in terrain, traffic lights among other non-car objects and
moving objects such as stray animals, the challenges posed by the environment would be more natural.
This would help drivers as well as the autonomous systems to get a better perspective of how the
pedestrians behave in real world Indian scenarios.

In present contexts, it is pivotal to enhance computational efficiency as one of the critical aspects
of its optimization. It could be done in a way of researching more effective algorithms or utilizing, for
example, GPUs or cloud to emulate more pedestrians in real time to match the conditions of real life
tests.

Building on the existing system, there is scope for significant improvements by integrating
Autonomous Vehicles (AVs). This integration would enhance the exploration of urban environments
and AV scenarios, thus helping the pedestrian simulation process. Including coordination between
vehicles and pedestrians would aid in developing models that facilitate safer interactions between
pedestrians and AVs in city settings. Another area for advancement involves incorporating real-time
sensor data, allowing future versions to utilize live data feeds from physical environments for more
accurate model training. This would enable simulations to adjust based on varying factors like time
of day, season, and weather conditions. Furthermore, enhancing data-driven modelling is crucial,
as the development of imitation learning requires extensive pedestrian motion data from various
Indian cities. Collecting such data would enhance the realism of pedestrian behaviours, improving the
system’s ability to recognize context-specific actions and ultimately lead to more effective pedestrian
models.

Moreover, enhancing avatars for visual variety by changing appearance, clothing, and accessories
more frequently would add realism to the simulation, which is particularly useful in areas like driver
training simulators. Including a more diverse range of pedestrians, such as children, elderly, and
middle-aged people, who not only differ in speed but also in behavior, such as slow-moving elderly or
impulsive children, would enhance the simulation. Finally, replicating this simulation in augmented
and virtual reality (AR/VR) formats could transform it into an effective training tool, offering realistic
scenarios for drivers. Furthermore, using AR / VR in urban planning research could help to understand
how pedestrians interact with changes in city infrastructure.

Table 4. Summary of Future Work Opportunities

Category Opportunities

Data-related

Collecting extensive pedestrian motion data
across different Indian cities; Incorporating
real-time sensor data for dynamic model
updates; Including seasonal and time-of-day
variations.

Model-related

Adding additional pedestrian behaviours such
as distraction, indecision, and reactions to noise;
Enhancing interaction models between
pedestrians and autonomous vehicles;
Expanding diversity of pedestrians (children,
elderly, etc.).

Simulation-related

The system requires more advanced
environments that include varied terrain
features along with traffic control systems and
scrambling obstacles from stray animals while
improving efficiency through GPU-cloud
processing and developing immersive training
and urban development programs in AR/VR
settings.
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5.1. Conclusion

The current work demonstrated the feasibility of modeling pedestrian behaviors under Indian
road conditions using reinforcement and imitation learning techniques. By recording diverse pedes-
trian movements in busy areas such as marketplaces, residential neighborhoods, and walkways with
zebra crossings, the simulation offers a realistic training environment for drivers, a testing ground for
autonomous vehicle systems, and valuable insights for urban planning. Furthermore, the integration
of RL and IL enables more realistic simulations of pedestrian behavior, which is crucial for preparing
drivers to navigate through cities with dense pedestrian populations and unpredictable behaviors.

Overall, the current infrastructure is somewhat limited, yet provides a solid foundation for further
enhancement of pedestrian behavior modeling. An advantage of this simulation is its potential appli-
cability across various use-cases, benefiting from enhanced environmental complexity, computational
speed, and a variety of scenarios. In conclusion, this simulation represents one of many efforts to
develop AI tools aimed at creating safer, smarter, and more responsive urban traffic systems, ultimately
offering drivers better knowledge, helping urban planners design more effective infrastructure and
improving pedestrian safety.
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