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Abstract

Abstract

Pedestrian trajectory prediction is vital for intelligent transportation and human-aware
autonomous systems, as it ensures safety and supports context-aware navigation. While deep
learning models such as LSTM, GRU, and BiLSTM with attention mechanisms effectively
model temporal dependencies, they often lack interpretability and require extensive annotated
data. In contrast, rule-based models offer semantic clarity but struggle with flexibility in
complex scenarios.
This work presents a hybrid framework that integrates interpretable behavioral features
extracted via a rule-based module with deep learning models. Using the JAAD dataset, we
derived indicators like motion states and temporal transitions to support context-aware
trajectory prediction. The proposed framework was evaluated by comparing three deep
learning models (LSTM, GRU, BiLSTM) and their hybrid counterparts that incorporate rule-
based components.

Results on clean data demonstrate that the hybrid RBM-BiLSTM model achieves lower
prediction errors (ADE = 24.36, CMSE = 437.74) compared to the pure BiLSTM model (ADE
= 28.94, CMSE = 642.84), highlighting the benefit of integrating semantic cues for enhanced

prediction accuracy.

Keywords: Pedestrian Trajectory Prediction, Deep Learning, Rule-Based Modeling, JAAD
Dataset, Behavioral Cues, Long Short Term Memory (LSTM).
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Résumé

La prédiction des trajectoires des piétons est essentielle pour les systemes de transport
intelligents et les systemes autonomes sensibles au contexte humain, car elle garantit la sécurité
et favorise une navigation contextuelle.

Bien que les modéles d'apprentissage profond tels que LSTM, GRU et BiLSTM dotés
de mécanismes d'attention soient efficaces pour modéliser les dépendances temporelles, ils
manquent souvent d’interprétabilité et nécessitent de grandes quantités de données annotées.
En revanche, les modéles basés sur des regles offrent une clarté sémantique, mais rencontrent
des difficultés a s’adapter aux scénarios complexes.
Ce travail propose un cadre hybride qui integre des caractéristigues comportementales
interprétables, extraites via un module basé sur des regles, avec des modeles d'apprentissage
profond. A I’aide du jeu de données JAAD, nous avons dérivé des indicateurs tels que les états
de mouvement et les transitions temporelles pour soutenir une prédiction de trajectoire sensible
au contexte.

Le cadre proposé a été évalué en comparant trois modeles d’apprentissage profond
(LSTM, GRU, BIiLSTM) et leurs homologues hybrides intégrant des composants basés sur des
regles. Les résultats obtenus sur des données propres montrent que le modele hybride RBM-

BiLSTM obtient des erreurs de prédiction plus faibles (ADE = 24.36, CMSE = 437.74) par
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rapport au modéle BILSTM pur (ADE = 28.94, CMSE = 642.84), ce qui met en évidence
I’intérét d’intégrer des indices sémantiques pour améliorer la précision des prédictions.

Mots-clés : Prédiction de trajectoires piétonnes, Apprentissage profond, Modélisation a base
de regles, Jeu de données JAAD, Indices comportementaux, Mémoire a court et long terme
(LSTM)
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CHAPTER I GENERAL INTRODUCTION

1.1 Motivation:

Pedestrian trajectory prediction is an increasingly vital area of research, particularly in
the context of intelligent transportation systems and autonomous driving. As urban
environments grow more dynamic and interconnected, the ability to anticipate human
movement in real-time is critical for ensuring safety, improving traffic flow, and supporting
human-centric decision-making systems. The integration of predictive models into urban
mobility infrastructure and autonomous systems promises to reduce risks and enhance the
responsiveness of artificial agents in complex environments.

Traditional deep learning models, such as Long Short-Term Memory (LSTM)-based
networks, Bidirectional LSTM (BiLSTM), and Gated Recurrent Unit (GRU) architectures, as
well as attention-driven mechanisms, have demonstrated strong capabilities in capturing
temporal and social dependencies in human trajectory. Recent advancements even include the
use of graph-based and Transformer-based methods. Despite their success, these models
typically require large-scale annotated datasets, struggle to generalize across diverse contexts,
and offer limited interpretability an issue particularly problematic in safety-critical
applications.

On the other hand, knowledge-based approaches attempt to encode prior knowledge or
behavioral understanding directly into the prediction process. Among these, rule-based systems
offer high interpretability by explicitly modeling behavioral constraints such as waiting,
stopping, or transitioning actions. They allow for trustworthy predictions in well-understood
scenarios but are often too rigid to handle the variability and unpredictability inherent in real-
world pedestrian behavior.

To address these limitations, this thesis explores a hybrid approach that combines the
learning power of deep models with the transparency and domain knowledge provided by rule-
based reasoning. Such integration aims to produce a robust and context-aware model that can

operate efficiently in dynamic environments and adapt to diverse pedestrian behaviors.

1.2 Thesis Objectives:
The main goal of this thesis is to develop a hybrid pedestrian trajectory prediction model
that leverages both deep learning and rule-based reasoning to improve prediction accuracy,

interpretability, and real-time applicability. The specific objectives include:
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e Hybrid Architecture Design: Develop a hierarchical attention-based model that
integrates LSTM encoding with handcrafted behavioral rule features for improved
interpretability. In addition to LSTM, the architecture incorporates other recurrent units
such as BILSTM and GRU to capture diverse temporal dynamics and enhance the
model’s flexibility in learning complex pedestrian behaviors.

e Robustness and Stabilization: Implement velocity-aware smoothing techniques and
enforce physics-based constraints to enhance prediction stability and realism.

e Contextual Awareness: Encode social interactions and environmental cues into the
model via relative positioning, speed profiling, and behavioral state transitions.

e Comprehensive Evaluation: Benchmark the model against state-of-the-art approaches
using standardized dataset (JAAD) and a multi-metric evaluation protocol covering

spatial, temporal, and physical plausibility.

1.3Major Contributions:
This thesis presents several novel contributions to the field of pedestrian trajectory
prediction:

e A New Hybrid Framework: Proposes a supervised hybrid model that integrates
handcrafted behavioral indicators with data-driven learning for improved
accuracy and transparency.

e Interpretable Attention Mechanism: Introduces a dynamic weighting scheme
that balances learned and rule-based features based on trajectory context and
prediction difficulty.

e Evaluation Metrics: Establishes a composite benchmarking protocol combining
spatial accuracy (ADE/FDE/MSE/CMSE/CFMSE), temporal smoothness, and
physical realism (jerk analysis), standardized across datasets.

e Open-Source Implementation: Releases a modular and extensible framework
including data processing, model configuration, and trajectory visualization

tools to support reproducibility and further research.

1.4 Thesis Outline:
This thesis is organized as follows:
Chapter 1l provides an introductory overview of pedestrian trajectory prediction,

distinguishing it from related tasks like motion forecasting and intention inference. It highlights
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its importance in fields such as autonomous driving, urban planning, robotics, and surveillance,

emphasizing the value of anticipating human movement in real-world settings.

Chapter 111 reviews key modeling approaches, categorizing them into physics-based,
pattern-based, and planning-based methods, and discussing their strengths and limitations. It
also focuses on hybrid models that blend rule-based logic with deep learning for improved
interpretability and adaptability. The chapter ends with an overview of major benchmark

datasets essential for developing socially-aware models.

Chapter IV addresses the core problem of pedestrian trajectory prediction, highlighting
the inherent challenges of forecasting complex and dynamic human motion influenced by
personal intent, environmental context, and social interactions. It presents a formal definition
of the task by outlining the input-output structure, relevant contextual variables, and key
constraints such as spatial limitations and social norms. This structured formulation establishes
a consistent foundation for developing and evaluating predictive models, emphasizing the need
to incorporate behavioral indicators and interpretability to ensure reliable performance in real-

world scenarios.

Chapter V introduces the JAAD dataset, detailing its structure, annotations, and
behavioral data relevant to pedestrian trajectory prediction in urban settings. It emphasizes the
dataset’s strengths such as rich behavioral labels and contextual metadata which are key for
modeling pedestrian behavior. The chapter also compares JAAD to other datasets, outlining its
advantages and limitations, and underscores its role in supporting research on socially-aware

autonomous driving.

Chapter VI presents a hybrid pedestrian trajectory prediction model that combines
rule-based reasoning with deep learning. Behavioral features extracted from the JAAD dataset
are used as inputs to a recurrent neural network incorporating LSTM, BiLSTM, and GRU units
along with attention mechanisms. The model demonstrates superior performance compared to
baseline approaches, showing improved prediction accuracy over both short and long time

horizons.

Chapter VII concludes the thesis by summarizing the hybrid pedestrian trajectory
prediction model, which combines rule-based and deep learning approaches. The model

showed strong performance on both pre-processed and real-time video data. Future work will
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focus on improving generalization across datasets, exploring advanced models, and

incorporating additional behavioral insights into predictions.
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2.1 Introduction:

An in-depth understanding of pedestrian trajectory prediction requires a clear grasp of
the key concepts and distinctions that frame this task. This chapter provides essential
background that contextualizes the research. It begins by explaining the core idea of trajectory
prediction for pedestrians and how it extends beyond related tasks such as motion
estimation, intention recognition, and behavior modeling. The chapter then discusses a range
of real-world applications where accurate trajectory forecasting plays a critical role, including
autonomous driving, urban design, human-robot interaction, and security surveillance. By
examining these domains, the chapter emphasizes the practical importance of anticipating
pedestrian movement and the various environmental, social, and semantic factors influencing
it. This foundational understanding supports the formal problem formulation and modeling

approaches that follow in subsequent chapters.

2.2Understanding the Concept of Trajectory Prediction:

Trajectory prediction can be defined as the method by which future locations of a
moving object are estimated based on its previous motion patterns [1]. Applied to pedestrians,
the process entails the prediction of the probable movements of an individual in the near future
using a history of previous locations [1]. The future trajectory is usually represented as a
continuum of spatial points along the time axis [1]. The same forecast is applicable to the
direction a person is walking towards, but, on top of this, to potential alterations of their
direction motivated by proximate others, obstacles, or environmental cues [2]. The nature of
this activity is fundamentally probabilistic and dynamic, reflecting the non-deterministic nature
of human action [1]. Forecasting pedestrian trajectories is therefore an extremely complicated
and advanced discipline, in need of models that can manage uncertainty, variation, and context-

sensitivity [3].

2.3Distinction from Motion, Intention, and Behavior Prediction:

While prediction of pedestrian movement has been commonly paired with predictions
of motion, intent, and activity [4] [5] [6], it is a distinct task with specific goals and methods.
Motion prediction is primarily concerned with the estimation of future locations given present
speed and direction and frequently makes use of physical or kinematic models[7] [8].
Trajectory prediction takes a longer timescale into account and introduces the effects of nearby

agents along with the characteristics of the environment [9][10]. This distinction between
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motion, trajectory, intention, and behavior prediction is visually summarized in Figure 1.
Moreover, intention prediction aims to infer the underlying goal or decision of an individual,
such as whether a pedestrian intends to cross the road or stay still [11]. Behavior prediction
goes further, attempting to understand complex actions that are often socially driven, such as
group behavior, sudden stops, or deferential behavior[12][13]. These tasks rely heavily on
semantic analysis, psychological models, or high-level understanding of the scene [14][15].
Trajectory prediction is midway along the spectrum of predictive modeling: more sophisticated
than mere motion extrapolation, yet not necessarily involving a complete decoding of the
individual's mental state or higher-level goals[16]. It rather makes a pragmatic estimation of
probable future locations, which can be used to improve downstream systems such as decision-
making algorithms for self-driving vehicles without necessarily underpinning any direct
understanding of purpose or behavior [17].

Types of Pedestrian Prediction Tasks

Behavior Prediction

' Understonds compiex sociol behaviors like |
2 group movement of sudden stops K

Intention Prediction

infars gools ke Crossing the sttast or
o staying stift

'0--.------------...q'---—-. --------------

Figure 1: Type of Pedestrian Prediction Tasks

2.4 Applications of Pedestrian Trajectory Prediction:

Pedestrian trajectory prediction serves as a cornerstone for multiple real-world
applications where anticipating human movement is crucial. Its integration across various
domains enhances safety, efficiency, and overall system intelligence in dynamic environments
[18][19][20].

2.4.1 Autonomous Driving:
Pedestrian trajectory prediction is a critical component of autonomous driving systems,

enabling vehicles to interpret the intentions of nearby individuals and make safe, informed
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decisions[20]. For instance, when approaching an intersection, it is not enough for an
autonomous Vehicle to detect pedestrians; it must also anticipate whether they intend to cross
or remain stationary [21][22]. This foresight supports crucial actions such as braking, stopping,
or proceeding safely, thereby enhancing safety in dynamic urban environments[23].

The Figure 2 illustrates such a scenario, where the autonomous vehicle analyzes
pedestrian behavior including trajectory, orientation, and gaze direction to evaluate the
likelihood of road crossing [23][24]. These cues help the vehicle plan its motion and adapt its
driving strategy accordingly [23] [24]. The red dashed lines represent predicted pedestrian
paths, while the red paths from the vehicle indicate alternative navigation plans depending on
its destination and the predicted behavior of surrounding agents. This predictive capability is
essential for robust path planning and real-time decision-making in pedestrian-rich settings
[25].

Figure 2: Predictive Motion Planning in Autonomous Driving at Pedestrian-Rich Intersections

[26]

2.4.2 Urban Planning:

In planning and urban design, trajectory prediction provides valuable means to
investigate pedestrian interaction and movement along infrastructure[27][28]. Engineers and
planners can make predictions on the usage of sidewalks, crossings, and public space based on
predictive models [29][30]. This helps to develop safer and more efficient environments. For
instance, predictions enable the mapping of congestion points or unsafe intersections, allowing
for improvements such as the widening of sidewalks or the installation of smart traffic
lights[31].
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As illustrated in Figure 3, sidewalks can be divided into functional zones. Trajectory
prediction enables planners to assess how pedestrians utilize each zone, which supports the

design of safer and more accessible public spaces[29].
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Figure 3: Functional sidewalk zoning for pedestrian space planning

[32]

2.4.3 Robotics and Human-Robot Interaction:

In robot systems, particularly those that function in human-shared environments such
as shopping malls and airports, it is desirable that the robot be aware of human motion within
its vicinity to move efficiently and safely [33]. Pedestrian trajectory prediction allows the robot
to prevent collisions, choose the most effective routes, and communicate with individuals in a
cohesive manner. This is increasingly required in dynamic environments where human activity
is constantly changing [34].

As illustrated in Figure 4, robots can use predicted pedestrian trajectories to adjust their
movement path either by avoiding a person immediately before contact or by maintaining a

socially acceptable distance, enhancing both safety and social comfort[35].

10
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Pedestrian

S

Robot

Avoidance path

(n) Avoid a person just before the person

Pedestrian

¢

Robot

———

Avoidance path

(b) Avoid a person keeping public distance
Figure 4: Comparison of pedestrian avoidance methods

[36]

2.4.4  Security Surveillance and Crowd Analysis:

In the safety and surveillance domain, trajectory prediction is utilized for analyzing the
movement of crowds and picking up early signs of anomalous behavior[37]. For instance, if a
person's movement in a public place greatly deviates from predicted trajectories, it might be
indicating an emergency or suspicious activity [38]. These models are also used in crowd
control for huge numbers of individuals visiting large events, forecasting bottlenecks and
streamlining the movement of people more safely and efficiently. Intelligent surveillance
systems can also utilize the predictions to enhance emergency response planning[38].

As illustrated in Figure 5, colored lines represent predicted trajectories of individuals
within a crowd, allowing for real-time analysis of movement trends and detection of deviations

from expected patterns.

w) (d)
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Figure 5: Prediction of pedestrian paths in a crowded environment.

[39]

2.5 Conclusion:

This chapter presented a concise overview of the field of pedestrian trajectory
prediction. It began by explaining the concept itself, emphasizing its probabilistic and dynamic
nature. It then clarified how trajectory prediction is distinct from motion, intention, and
behavior prediction, by focusing on the prediction of future locations rather than underlying
goals or mental states. The chapter also explored major real-world applications of the task,
including autonomous driving, urban planning, robotics, and security surveillance. These
foundations provide essential context for the following chapter, which delves into the related

literature and methodologies that have shaped recent advancements in this domain
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3.1 Introduction:

Accurate pedestrian trajectory prediction is a fundamental requirement in various
intelligent systems, particularly those concerned with safety and human-aware navigation. This
chapter presents a structured overview of the principal modeling approaches adopted in the
literature, namely physics-based, pattern-based, and planning-based paradigms. Each category
is introduced with its underlying principles, strengths, and inherent limitations, supported by
visual summaries to facilitate conceptual understanding.

The discussion further extends to hybrid models that integrate rule-based reasoning
with deep learning techniques, offering a balanced trade-off between interpretability and
adaptability. These models have shown increasing potential in addressing complex urban
scenarios where both domain knowledge and data-driven learning are essential.

The chapter concludes with a classification of widely used datasets, which serve as
benchmarks for training and evaluating prediction models. Emphasis is placed on behaviorally

annotated datasets that support socially-aware modeling, particularly in safety-critical contexts.

3.2Trajectory Prediction:

Trajectory prediction aims to estimate future pedestrian positions based on their past
movements,[40][19] and is commonly framed as a time series forecasting task.[41] With the
rapid progress of deep learning, models such as RNNs, CNNs, GNNs, and Transformers have
emerged as powerful tools in this domain,[42][43] surpassing traditional statistical methods
like Kalman Filters and Hidden Markov Models[44], which struggle with complex behaviors
in dynamic environments.[16][45]

Unlike knowledge-based models that rely on predefined rules and handcrafted features,
[16][18]deep learning approaches learn motion patterns directly from data, enabling better
adaptability and scalability[46]. This shift has made deep learning a dominant paradigm in real-
world applications, from autonomous vehicles[47] to intelligent surveillance systems.{1.6}

Recent studies propose a wide range of model architectures and design objectives,
focusing on aspects such as social interactions[48][49], motion intention, and environmental
context.[20] These approaches highlight the increasing need for models that balance predictive
accuracy with robustness[50] and real-time performance,[51] especially in safety-critical

systems.[52]
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In the following sections, these modeling paradigms are introduced in detail. The aim
is to provide a structured overview of the fundamental approaches to pedestrian trajectory
prediction and highlight their respective strengths and limitations, supported by Figure 6, which
illustrates the three main model categories.

Agent State
@

Physics-Based Pattern-Based Planning-Based

Based on classical Learns motion Models decision-

maechanics: attraction patterns from data making to achieve
to goal, repulsion using neural goals under
from obstacies networks constraints

Figure 6: Trajectory Prediction Paradigms

3.2.1 Physics-Based Models:

These models replicate pedestrian movement by applying the laws of classical
mechanics. An example of such a model is the Social Force Model,[12] in which pedestrians
experience attractive forces towards their destination and repulsive forces from others and
obstacles.[53] These models are simple and interpretable, making them preferable to apply in
controlled systems such as robot simulations and emergency evacuation plans.[54] [55] They
fall short in reproducing sophisticated social behaviors and need a lot of manual parameter
adjustment.[56]

3.2.2 Pattern-Based Models:

Pattern-based models rely on learning motion patterns from historical data directly
without any physical assumptions. [57] Empowered by deep learning architectures like RNNs,
CNNs, [58] and GNNs, these models excel at capturing complex temporal and spatial
dependencies. [43] Their flexibility and scalability have made them the backbone of modern
trajectory prediction systems.[59][60] Nevertheless, they require large annotated datasets, are

prone to overfitting, and may generalize poorly to new environments.[61]
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3.2.3 Planning-Based Models:

The models above encode pedestrian movement as a decision-making process for the
achievement of some goal.[62] Through methods such as Inverse Reinforcement Learning
(IRL),[63] planning-based models infer the latent reward functions underlying pedestrian
movement.[62] The models are especially effective at capturing long-term objectives,
contextual constraints, [64] and strategic interactions,[48] and hence are most suitable for use

in autonomous driving and social robotics environments.[62]

3.3 A Systematic Taxonomy of Deep Learning Approaches to

Pedestrian Trajectory Prediction:

This section presents a systematic taxonomy of deep learning models applied to
pedestrian trajectory prediction. The taxonomy is developed based on a comprehensive
analysis of state-of-the-art contributions in the literature, and it aims to organize the diverse
modeling approaches according to well-defined technical criteria. The goal is to highlight how
different model types leverage large-scale datasets, architectural designs, and advanced Al

techniques to capture human movement dynamics in varied environments.

a) Classification Criteria:

To systematically classify deep learning (DL) models for pedestrian trajectory
prediction, we define the following evaluation criteria based on the reviewed literature:

e Type of Algorithms: Identifies whether the approach uses deep learning models such
as LSTM for temporal dependencies, CNN for spatial feature extraction, GAN for
generating realistic trajectories, or other approaches like GNNs for interaction modeling
and RL-based models for adaptive decision-making.

e Network Structures: Identifies whether the deep learning model follows a sequential
structure (e.g., LSTM, RNN) for time-series data or a non-sequential structure (e.g.,
CNN, GAN, Transformers) for parallel and non-linear data processing.

e Prediction Tasks: Categorizes tasks such as interaction modeling, trajectory planning,
and intention prediction.

e Use of Advanced Al Techniques: Identifies whether deep learning models integrate
Transformer Networks, Variational Autoencoder (VAE), or other techniques like

Reinforcement Learning (RL) and Inverse Reinforcement Learning (IRL).
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b)

d)

Other:

Type of Algorithms: Focuses on key deep learning algorithms, including:

LSTM (Long Short-Term Memory): Captures temporal dependencies in pedestrian
trajectories.

CNN (Convolutional Neural Networks): Extracts spatial features from scene data.
GAN (Generative Adversarial Networks): Generates realistic pedestrian trajectories by
modeling complex distributions.

Other: Includes Graph Neural Networks (GNNs) and Reinforcement Learning-based
models.

Network structures: Examines how the deep learning models are structured
Sequential: Models like LSTM and RNN that process time-series pedestrian data
sequentially.

Non-Sequential: Includes CNNs, GANs, and Transformer networks that handle non-
linear and parallel data processing.

Prediction tasks: Pedestrian trajectory prediction models serve multiple purposes,
including:

Interaction Modeling: Predicts pedestrian interactions with other pedestrians and their
environment.

Trajectory Planning: Estimates future movement paths, ensuring accurate navigation
predictions.

Intention Prediction: Infers pedestrian goals and intended destinations for proactive
decision-making.

Use of advanced Al techniques: Focuses on the integration of advanced Al methods:
Transformer Networks: Utilize attention mechanisms for modeling long-range
dependencies in pedestrian trajectories.

Variational Autoencoder (VAE): Learns probabilistic representations for diverse
trajectory predictions.

Includes Reinforcement Learning (RL), Inverse Reinforcement Learning (IRL), and

Self-Supervised Learning, enhancing adaptability and decision-making capabilitie
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m

Table 1: Comparative Analysis of Pedestrian Trajectory Prediction Models: Structures, Applications, and Interpretability

(P1S): Predicts pedestrian interactions with surroundings; (EMP): Estimates movement paths to enhance safety and navigation; (APC): Analyzes pedestrian
movement in crowded environments; (IPV): Integrating pedestrian intention with vehicle dynamics; (CFT): Considers factors like traffic signals, road
boundaries, and pedestrian density; (ECM): Examines crowd flow in metro stations; (EMF):Extracting multi-scale features using convolutional neural networks;
(APB): analyze pedestrian behavior and interactions; (PP): Predicts pedestrian; (EPU): Examines pedestrian behavior in urban environments; (AHI): Analyzes
human-human and human-space interactions; (PMP): predict movement paths in dynamic scenes; (PAC): prediction accuracy in crowded areas; (IAV): improve

AV sensing systems; (EMSI): Encodes pedestrian motion with social interactions.
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3.4 Hybrid Model:

Hybrid models in pedestrian trajectory prediction aim to merge the adaptability
of deep learning with the structured reasoning of rule-based systems.[16] This combination
leverages the strengths of both paradigms deep models excel in learning from large datasets
and capturing nonlinear patterns, while rule-based components offer interpretability,[40] safety

enforcement, and domain knowledge integration.[91]

Recent research proposes hybrid architectures that vary in structure and purpose.[92]
Some approaches use rules during data preprocessing, enriching the input before feeding it into
neural networks.[93] Others implement constraint-checking mechanisms that validate or adjust
predictions to ensure they comply with physical or social norms.[94] In more complex settings,
parallel modules process information independently where neural networks[40][95] handle

pattern learning and symbolic logic modules apply reasoning or prioritization.[16]

This synergy enables robust performance in uncertain or dynamic environments,
improves explainability critical in safety-sensitive domains like autonomous driving and
ensures context-aware behavior even with limited data.[93][64] Hybrid models are increasingly
considered a viable direction for developing reliable, scalable, and transparent prediction

systems.[96]

3.5 Datasets:

To train and evaluate pedestrian trajectory prediction models, several datasets have
been collected, capturing pedestrian movements and behavioral cues in diverse real-world
environments. Depending on their focus and type of annotations, these datasets can generally
be grouped into three main categories:

3.5.1 Pedestrian Trajectory Datasets:

Trajectory datasets provide time-stamped positional data of pedestrians moving through
urban or semi-urban environments. The most commonly used datasets in the literature are ETH
and UCY,[97] both of which contain video sequences and annotated trajectories of pedestrians
recorded from a top-down view in public spaces such as sidewalks and plazas.[98] Despite
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their relatively small scale and controlled nature,[99] they remain benchmark datasets widely
adopted in trajectory prediction research[98] due to their high-quality annotations and ease of

use for model comparison.[1]

3.5.2 Intention-Based Datasets:

Datasets like PIE (Pedestrian Intention Estimation)[100] and JAAD (Joint Attention in
Autonomous Driving)[101] go beyond tracking positions to include annotations for pedestrian
intentions, behaviors, and visual cues such as gaze direction and hand gestures.[66][102] These
datasets are useful for developing models that incorporate semantic understanding and early
intention recognition, allowing for more proactive and human-aware predictions. [66] They
often support both trajectory forecasting and behavior classification tasks, enriching model
capabilities.[101]

3.5.3 Behaviorally Annotated Datasets:

This category includes datasets focused specifically on behavioral context and
visual signals relevant to decision-making. JAAD, in particular, is notable not only for
intention cues[101] but also for its rich contextual information about the scene (e.g., presence
of crosswalks, traffic signs, and other contextual road elements).[102][101] Such datasets are
especially valuable when developing socially-aware prediction systems or hybrid models that
combine  visual  perception  with  reasoning  over  behavioral patterns.
Such datasets enable learning from rich urban scenes, as shown in Figure 7, where pedestrians
are annotated with bounding boxes and behavior labels while crossing at a designated

crosswalk.

Figure 7: Pedestrian detection using the pedestrian tag for all pedestrians
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[103]

3.6 Conclusion:

This chapter provided a comprehensive survey of the main modeling paradigms used
for pedestrian trajectory prediction, highlighting the diversity of approaches from physics-
based formulations to data-driven and planning-based models. Special attention was given to
hybrid models, which attempt to reconcile the strengths of rule-based reasoning with the
adaptability of deep learning. Furthermore, relevant datasets were introduced, particularly
those offering rich behavioral annotations, as they represent a key component in training and
validating socially-aware systems.

Despite the progress made, several challenges persist, such as handling uncertainty,
ensuring generalization across environments, and maintaining interpretability in complex
settings. These limitations raise fundamental questions about how to design predictive systems
that are both accurate and trustworthy. The next chapter introduces the problem statement that
drives this research, outlining the central issues and motivations that guide the proposed
approach.
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4.1 Introduction:

Pedestrian trajectory prediction is a core task in human-interactive intelligent systems,
such as autonomous vehicles and service robots. Pedestrian motion is highly complex due to
personal intentions, environmental conditions, and social interactions. It is therefore essential
to formulate the problem properly to model and improve computational prediction systems.
This chapter provides a formalization of the problem, specifying the inputs, outputs, variables,
and constraints that define the parameters of pedestrian trajectory forecasting, thereby

establishing the basis on which to build and compare models.

4.2Problem Statement:

Pedestrian trajectory prediction is talking about the problem of estimating future
positions of a pedestrian over a specified time horizon, based on observed motion history as
reference [99][104]. This problem is inherently difficult because of the dynamic, nonlinear,
and context-dependent characteristics of human movement. In contrast with motions of rigid
bodies, pedestrian trajectories are affected by intentions of a person, social interactions, and
environmental constraints [99].

In practical applications, correct path prediction is key to providing safety and
enhancing efficiency of autonomous systems. For example, autonomous vehicles must predict
pedestrian actions in order to prevent accidents and create safe navigation strategies [66].
Likewise, in similar environments of human-robot interaction, robots must navigate shared
spaces while responding appropriately to humans presence and movement. Therefore, there is
an urgent need to model pedestrians behavior correctly to allow intelligent systems to move
safely in human-oriented environments [99][34].

Figure 8 illustrates a comparative visualization of observed trajectories (blue), predicted
paths (orange), and ground truth trajectories (green) of multiple pedestrians in a real-world

setting, highlighting the challenges in achieving precise prediction accuracy.
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Observed Trajectory Predicted Trajectory Ground Truth

Figure 8: Comparison of Observed, Predicted, and Ground Truth Pedestrian Trajectories in a Real-World Urban
Environment

[105]

4.3Formal Problem Formulation:
The pedestrian trajectory prediction problem involves forecasting future locations of a
pedestrian based on their past observed positions and the surrounding context [66][106].

Inputs are sequences of past positions over time, typically in the form of 2D coordinates[98]:

{(Xt-ro Veok), s (Xo Vo) }-

Equation 1: sequences of past positions
Outputs are the predicted future positions for the next T time steps[98]:

{(Xer1, Yer1)s oo Kero Yer) }-
Equation 2: predicted future positions

Contextual factors may include other pedestrians positions and movements, the
semantic map of the scene (e.g., sidewalks, obstacles), and social interactions such as group
movement or collision avoidance[98][107].

The goal is to learn a function that maps historical motion patterns to plausible future
trajectories, taking into account environmental and social cues[98][107][94]:

Given:

{(xt—k) Yt—k), ey (xt; yt)}.
Predict:

{(xt+1; Vir1)s o0 (Xeso yt+t)}-

This formalization enables systematic modeling, training, and evaluation of trajectory
prediction methods.
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4.4Constraints and Challenges in Pedestrian Trajectory Prediction:

Predicting pedestrian trajectories is a complex task influenced by various real-world
limitations and challenges [99][94]. One of the key limitations involves the constraints imposed
by infrastructure and environment [99][107]. Pedestrians move in designated zones like
sidewalks, crosswalks, and specified paths, and thus models need to account for these spatial
limitations [99][107][94]. Further, any effective prediction system must also replicate collision
avoidance between individuals or with vehicles, in addition to adhering to implicit social norms
like maintaining distance between individuals or moving behind a group [99][98].

In addition, pedestrian movement is non-determined; it is inherently multimodal and
unpredictable. A person can suddenly change direction or be influenced by external and often
subtle factors, such as environmental factors or visual cues. As a result, this complexity
challenges the model to generate a single accurate output; instead, it requires multiple plausible
future options to be represented [99][94], a concept termed "multimodal prediction” [1][108].

Technically, there are issues like dealing with noisy or missing data, or generalizing to
new unseen environments. Dealing with human intent and modeling social interaction are also
still major challenges, especially in complicated or busy environments[99][94].

These multidimensional problems underscore the necessity for a hybrid model that
merges the interpretability of rule-based models encoding structured human behaviors and the
strong pattern recognition properties of deep learning[99]. This synthesis has the potential to
surmount existing limitations of the field and render pedestrian motion prediction more
trustworthy[99][94].

4.5Research Questions:

RQ1: What motion characteristics and behavioral patterns can be extracted from the JAAD
dataset to support pedestrian trajectory prediction?

RQ2: How effective is the proposed hybrid model combining rule-based features with deep
learning in predicting pedestrian trajectories using clean data?

RQ3: How robust is the hybrid prediction model when applied to real-time, unprocessed
video data from the JAAD dataset?

RQ4: Can the hybrid prediction framework operate effectively in real-time and meet the

temporal constraints of practical deployment?
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4.6 Methodology:

This section outlines the experimental procedures used to address each research

question, drawing upon the JAAD dataset and the proposed hybrid prediction architecture.

4.6.1 RQ1 - Behavioral and Motion Analysis of JAAD Data:

The JAAD dataset was analyzed to extract motion and behavioral features relevant to
pedestrian trajectory prediction. XML annotations were parsed to obtain frame-level data such
as position, speed, behavior state, and context. These features informed the design of the rule-
based component in the hybrid model, with a focus on subtle behaviors like hesitation and

vehicle interaction.

4.6.2 RQ?2 - Prediction on Clean Data:

To evaluate the model under ideal conditions, the dataset was preprocessed to remove
noise and ensure consistency. Rule-based features were encoded numerically and used as inputs
alongside position and motion data. A hybrid architecture combining bidirectional LSTM
layers with multi-head attention was trained and evaluated using standard metrics such as ADE,
FDE, and MSE to assess spatial accuracy and trajectory shape fidelity.

4.6.3 RQ3 - Prediction on Real-Time Data:

The model was deployed on raw video sequences from the JAAD dataset without
extensive preprocessing. A real-time prediction framework was implemented to simulate
deployment scenarios, incorporating smoothing, feature extraction, and on-the-fly inference.
Performance was evaluated using the same metrics, with a focus on model robustness in the

presence of noise, occlusion, and irregular motion.

4.6.4 RQ4 - Real-Time Inference Evaluation:

To assess real-time feasibility, the full prediction framework was executed frame-by-
frame on JAAD video data. Visualization outputs were generated to overlay predicted,
observed, and ground truth trajectories. The model's temporal responsiveness and accuracy
under real-world constraints were analyzed, supporting its potential integration in real-time

autonomous systems.
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4.7Conclusion:

In this chapter, we presented a structured and formalized presentation of the problem
of pedestrian trajectory prediction. We first presented a thorough overview, emphasizing the
real-world relevance and difficulty of predicting human motion in dynamic scenes. We then
presented a mathematical framework to delineate the inputs, outputs, and contextual variables
of interest for prediction tasks. Furthermore, we discussed the significant limitations and
uncertainties which work towards the intrinsic complexity of the issue, including multimodal
behaviors, interpersonal relationships, and environmental factors.

This background sets the stage for the next chapter, in which we present the JAAD
dataset, an essential tool used for training and testing pedestrian trajectory prediction models

in urban settings.
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5.1 Introduction:

Pedestrian trajectory prediction in urban environments requires accurate and diverse datasets
to capture the complexities of human behavior. The JAAD dataset stands out as a key resource for
this task, providing a rich collection of short video clips that depict real-world interactions between
pedestrians and vehicles in dynamic urban settings. Captured from a dashboard-mounted camera,
these videos are annotated with detailed behavioral, contextual, and demographic information,
making them invaluable for developing models that can predict pedestrian movements in the context
of autonomous driving and other intelligent systems. The dataset’s ability to capture subtle pedestrian
behaviors, such as hesitation before crossing or eye contact with drivers, makes it particularly useful
for socially-aware modeling. Despite its advantages, the JAAD dataset has certain limitations,
including potential biases related to its geographical focus and the fixed perspective of the camera.

Nevertheless, it offers an essential foundation for advancing pedestrian trajectory prediction models.

5.2 Dataset Overview:

The JAAD (Joint Attention for Autonomous Driving) dataset was created to support the
study of pedestrian behavior in urban traffic environments,[109] with a particular emphasis on
the interactions between pedestrians, vehicles, and surrounding infrastructure. It includes 346
short video clips, ranging from 5 to 10 seconds, captured using a dashboard-mounted camera in
various real-world conditions.[102]

Each video is accompanied by detailed annotations provided in XML format. These
annotations encompass multiple levels of information, including pedestrian actions,
environmental context, and demographic attributes. The dataset also incorporates additional
resources such as traffic and vehicle annotations, and appearance-based descriptions. The overall
structure and content of the dataset are illustrated in Figure 8, which outlines the different
components and the type of data each contains.[101]

This dataset serves as a valuable resource for tasks such as pedestrian intent prediction,

behavior modeling, and the development of socially aware autonomous driving systems.

31



CHAPTER V JAAD DATASET

Figure 9: Structure of JAAD Dataset and its Annotated Components

One of the key strengths of the JAAD dataset is its heterogeneity, as data was collected in
various urban environments across Eastern Europe and North America.[109] This diversity
encompasses a wide range of pedestrian behaviors, traffic regulations, and cultural norms,
making the dataset highly suitable for developing models with strong generalizability across
different settings[101]. The dataset is widely used in tasks such as trajectory prediction, action
recognition, and behavior modeling, and has proven especially valuable in scenarios involving
subtle human actions, such as hesitation before crossing or checking for oncoming traffic. [110]

In Figure 10, a practical example of such subtle behaviors is illustrated through a temporal
sequence showing the interaction between a pedestrian and a driver during a street-crossing
event. The figure shows how the pedestrian initially looks toward oncoming traffic, begins to
move slowly, and then crosses the street, while the driver slows down in response. This moment-
by-moment coordination underscores the relevance of the JAAD dataset in capturing nuanced

human behaviors in complex urban environments.[111]
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Figure 10: Timeline of Annotated Pedestrian Behaviors in the JAAD Dataset

[111]

5.3 Annotation Format and Labeling Scheme:

The JAAD dataset offers XML-formatted annotations, with one XML file per video
clip[109]. The XML files contain frame-by-frame detailed information on all entities seen,
predominantly pedestrians and vehicles, along with environmental contextual data and
behavioral labels[110]. The metadata in each XML file comprises the video ID number, weather,
geographical location, and temporal information[112]. Moreover, it is a set of annotated objects,
each of which has a unique identifier for tracking between frames[113]. For every single object,
the annotation specifies the bounding box coordinates (X, y, width, height), categorizes the object
type (e.g., pedestrian or vehicle), and includes contextual behavioral tags such as "looking",
"crossing”, or "standing™ [112]. Temporal data is included as well, indicating the frame numbers
upon which each object appears, thus facilitating a full temporal examination of their movement
and behavior.[114]

5.4 Dataset Statistics:

JAAD dataset contains 346 short video segments, each lasting between 5 and 10 seconds, and
totaling over 55,000 frames[101]. The video segments represent diverse urban settings and dynamic
interactions between pedestrians and vehicles in real-world contexts[112]. The dataset covers a number of

behavioral categories, such as "crossing,” "looking," and "standing,” thus providing a rich variety of
pedestrian behaviors for analysis[109]. The dataset includes approximately 700 monitored entities,
predominantly pedestrians, with accurate spatial coordinate and behavioral state annotations per individual
frame[115]. Furthermore, the captured videos feature varying lighting and weather conditions, both day
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and night scenes, and fair and inclement weather, thereby adding variability and strength of the data

essential for learning generalizable predictive models[116].

5.5 Advantages of the JAAD Dataset:

The JAAD dataset presents a combination of strengths that render it especially qualified for
investigation into pedestrian action prediction and the development of socially-aware autonomous driving
systems[101]. Unlike standard trajectory datasets, JAAD is not just supplying frame-by-frame bounding
box annotations but also extensive behavioral annotations describing human actions and intentions, i.e.,
"looking", "crossing"”, and "waiting"[109]. A special feature of JAAD is that it includes contextual
metadata such as weather, time of day, and scene attributes (i.e., traffic lights, crosswalks) that are essential
in understanding real-world interactions[115]. JAAD also emphasizes joint attention dynamics such as
when a pedestrian establishes eye contact with an approaching driver making it extremely useful for
socially intelligent agent modeling[112].

Additionally, the dataset offers variation in geographical location, camera perspective, and
pedestrian populations (gender, age, etc.), rendering it more generalizable to environments[109]. The
videos are taken in urban and suburban regions with numerous types of lighting and weather conditions,
which renders any model trained using it more realistic and stronger[102]. JAAD is characterized by its
relative compactness and ease of use, which makes it a suitable candidate for both academic research and
industry prototyping plans. These qualities render JAAD one of the most behaviorally rich datasets on the

topic of pedestrian trajectory and intention prediction[101].

5.6 Comparison with Other Datasets:

The JAAD dataset has some distinct characteristics that set it apart from other widely used
pedestrian trajectory datasets, including ETH, UCY, SDD, and nuScenes. As opposed to ETH and UCY,
which were recorded by fixed overhead cameras in controlled urban environments[97], JAAD is recorded
by a dashboard-mounted camera on a car, thus offering a first-person perspective of driving[102]. This
characteristic renders it especially valuable for autonomous vehicle-related studies. In addition, JAAD
includes rich behavioral annotations, such as pedestrian gaze, gestures, and crossing intentions annotations
that are often absent in other datasets that focus on position coordinates alone[101]. While other datasets
like nuScenes and Waymo provide larger-scale data and 3D lidar input[117], they generally lack the fine-
grained pedestrian-centered behavioral annotation of JAAD. However, JAAD is relatively smaller in scale
and geographic diversity, which may limit its generalizability[101]. Despite this, the contextual richness

and practical authenticity make it a strong complement to other benchmarks in trajectory prediction[101].
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5.7 Limitations and Biases:

Despite the vast size of the JAAD dataset, it is subject to several limitations and potential biases
that must be carefully considered when applied to pedestrian trajectory prediction. The data is only
captured from a frontal dashboard camera, resulting in a perspective bias; pedestrians are predominantly
viewed from frontal or lateral angles, and their movement is restricted to the scenes within the field of
view of the vehicle[102]. Besides, the dataset predominantly includes urban and suburban settings, which
are restricted in terms of geographical or cultural contexts[101]. A majority of the clips are captured in
North America or Europe, which cannot possibly generalize well to other traffic or pedestrian behavior
patterns observed in other parts of the world. A second source of bias arises from choosing annotated
behaviors; although the data set contains exhaustive labels such as "crossing” or "looking," it perhaps
underrepresents unclear or not-so-common pedestrian intentions. Last, since each video has a limited

duration (between 5 to 10 seconds), long-term behavior patterns or infrequent events are not possible[102].

5.8 Conclusion:

In conclusion, the JAAD dataset is a rich and challenging resource for analyzing pedestrian
behavior in real urban traffic conditions. Its unique viewpoint from a car dashboard camera, combined
with frame-level behavioral annotations, makes it particularly valuable for autonomous driving research
and human-centered trajectory prediction. Although it offers strengths in terms of behavioral context and
realism, it is limited by dataset scale and geographical diversity. Nevertheless, when paired with other
datasets or carefully fine-tuned for specific tasks, JAAD can significantly contribute to the development
of more context-aware and socially intelligent motion prediction models.

Building upon the behavioral insights extracted from JAAD, the next chapter introduces a hybrid
prediction framework that integrates rule-based reasoning with deep learning. This approach aims to
combine interpretable behavioral features with the modeling power of neural networks to improve both
short-term and long-term trajectory prediction accuracy.

35



CHAPTER VI: PREDICTION ON CLEAN DATA



CHAPITRE VI PREDICTION ON CLEAN DATA

6.1 Introduction:

This chapter presents a hybrid pedestrian trajectory prediction model that combines
rule-based reasoning with deep learning, Such as LSTM, BIiLSTM, GRU network with
attention mechanisms. Behavioral features extracted from the JAAD dataset are processed to
capture complex temporal and semantic patterns. The model aims to improve prediction
accuracy by leveraging both rule-based insights and deep learning capabilities. Evaluation
using multiple metrics shows that this hybrid approach outperforms traditional baseline

models.

6.2 Data Exploration and Pre-processing:

Rule-based models are among the earliest approaches employed in pedestrian trajectory
prediction[118]. Rule-based systems are controlled by strict logical rules that define agent
behaviors in a given context [119]. As opposed to data-driven systems that depend on acquiring
knowledge from large data, rule-based systems operate by defining pre-established patterns of

behavior based on human reasoning or observational facts[120][121].

6.2.1 Principles Overview in Rule-Based Modeling:

Rule-based modeling is founded on deterministic rules derived from behavioral studies,
expert opinion, or engineering hypotheses that specify the way agents respond to environmental
cues[121]. Rule-based models utilize conditional logic to simulate pedestrian behavior within
organized spaces[122]. Among the key strengths of rule-based methods is interpretability since
every decision is a result of clearly defined rules. Rule-based models also provide high
computational efficiency, which makes them amenable to real-time application and low-
resource settings[121][123]. While rule-based systems can be fitted to new situations through
hand-tuning of the rules, their use of static rules limits their deployment over large populations
in dynamic or uncertain environments. Without continuous human intervention or integration

with learning-based approaches, performance on difficult cases might deteriorate[124][125].

6.2.2 Key Rules in Rule-Based Pedestrian Movement Models:
Rule-based pedestrian movement models simulate realistic human navigation using a set of
deterministic rules that capture common behaviors in structured environments[121][126].

These rules provide interpretable and computationally efficient mechanisms for modeling
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pedestrian decision-making. In the context of data-driven forecasting and real-time

prediction[120], certain behavioral patterns are especially relevant and are outlined below:

a) Goal-Oriented Movement:

Pedestrians are modeled to move purposefully toward a predefined destination when
one exists, simulating navigation toward transit points, exits, or areas of interest[118].
b) Obstacle Avoidance:

Upon encountering a static obstacle such as a wall, vehicle, or other street infrastructure
the pedestrian modifies their trajectory to avoid collisions[127].
c) Collision Avoidance with Other Pedestrians:

When another pedestrian is detected within a certain safety range and on a potential
collision course, the individual alters their speed or direction, maintaining personal space and
avoiding overlap[13].

d)  Traffic Signal Compliance:

At designated crossings, pedestrians respond to traffic signals halting at red and
proceeding on green. This behavior is essential for lawful and safe street-level interaction with
vehicular traffic[128][129].

e) Density-Based Speed Adjustment:

As crowd density increases, pedestrians naturally slow down, mirroring real-world
congestion effects and ensuring smoother navigation through crowded areas[130].

While numerous additional rules exist such as group synchronization, attraction-
repulsion responses, and dynamic path replanning these are referenced primarily to
contextualize the simulation framework. Their inclusion may be considered for future work or

in broader behavioral modeling settings [130].

6.2.3 Numerical Encoding of Rule-Based Behavioral Features:

While rule-based pedestrian models are defined conceptually through deterministic
behavioral rules, their practical implementation within a simulation or predictive framework
requires transforming these rules into structured numerical features[131][132]. These features
serve as intermediate representations that encapsulate key kinematic and directional aspects of
each pedestrian agent, enabling the integration of behavior rules into data-driven or hybrid
modelling[98].

The feature vector constructed for each predicted pedestrian position includes the following

components:
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e 2D Position: The predicted spatial location of the pedestrian at a given timestep[98].

e Velocity Magnitude: Calculated using the Euclidean norm of the agent’s average
velocity, scaled based on the prediction index to reflect temporal dynamics[133].

e Acceleration and Jerk: Both initialized as zeros in this context, these placeholders
may be expanded in future iterations to capture second- and third-order motion
dynamic[134].

e Heading Angle: Derived from the velocity vector using the arctangent of its
components, this represents the orientation of movement[1].

e Turning Rate: Currently set to zero, this feature could represent changes in heading
over time.

e Speed and Speed Deviation: Redundant speed information is included for clarity and
possible normalization needs; deviation is set to zero, indicating steady-state
motion[108].

e Relative Position: A placeholder for potential future features capturing interaction
with other agents or obstacles[98].

e Movement Direction: Also represented via the heading angle, reinforcing directional
consistency in the feature space.

This structured encoding bridges the gap between high-level behavior rules such as goal
pursuit, collision avoidance, or group synchronization and their numerical counterparts used
within simulation or learning modules. It ensures that the behavioral logic is faithfully captured
in forms interpretable by computational models[135].

To further clarify the structure and computation of each feature, Table 2 summarizes
the key components of the feature vector along with their mathematical formulations and

relevant implementation notes.
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Feature Name Symbol / Computational Formula Notes
Expression
2D Position pi = [xY] Directly taken from predicted Represents spatial
position pred][i] location at timestep i
Velocity 1Al avgyel Time-scaled average
Magnitude[136] % min <1.0, 0.8 velocity norm
+ C2 D)o
= [{vZ+ v}
Acceleration[136] aj Currently set to 0.0; Placeholder; may
a= ﬂ capture second-order
At motion
Jerk [137] Ji Currently set to 0.0; later Placeholder; models
j= E smoothness of motion
at changes
Heading 0; 6 = arctan 2(vy, vy) Captures movement
Angle[138] orientation
Turning 0; Set to 0.0; Placeholder for angular
Rate[139] ﬁ dynamics
A
Speed Si Same as Repeated for clarity
(A and model
compatibility
Speed Deviation As; Set to 0.0; future: Captures deviation
As=s;—3§ from average speed
Relative Ap Set to 0.0; future: Placeholder for relative
Position[16] Ap=Di = Dref distance to agents or
obstacles
Movement @i @ = arctan 2 (vx'vy) Ensures directional

Direction[140]

consistency across

features

Table 2: Summary of Numerical Features for Rule-Based Pedestrian Modeling
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6.3 Our Architecture:

Our architecture implements a hybrid framework that combines interpretable rule-based
computations with a deep learning model (LSTM,GRU,BILSTM) for pedestrian trajectory
prediction. The pipeline begins by loading CSV annotations extracted from the JAAD dataset.
These annotations contain pedestrian positions and other contextual data, which are processed
by a Rule-Based Module (RBM) to compute motion features like velocity, acceleration, and
goal-related behavior.

The architecture is modular and sequential, starting with raw positional data
preprocessing, followed by handcrafted social feature extraction, sequence formatting, and
ending with deep learning-based trajectory forecasting using models such as LSTM, BiLSTM,
or GRU. This design balances interpretability and robustness, as shown in Figure 11, where

rule-based reasoning effectively complements and enhances the neural prediction process.

LSTM Model * /'o—% h 3 -—§ <
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“ T T R
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Figure 11: Hybrid architecture for pedestrian trajectory prediction

6.3.1 Input Features:

The input features represent structured temporal sequences of vectors characterizing
pedestrian motion. These features include positional, kinematic, and social attributes essential
for understanding and predicting pedestrian trajectories. Initially, they are directly extracted

from raw time-series coordinate data (CSV format) of the JAAD dataset and subsequently
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enriched by a Rule-Based Module (RBM), which computes additional metrics such as velocity,
acceleration, inter-pedestrian interactions, and spatial orientation relative to defined contextual

cues.

a) Features Extracted from Raw JAAD Dataset:

The raw dataset provides fundamental spatial and contextual information, extracted
directly from annotations, including pedestrian position, identification, and environmental

context. These primary features describe each pedestrian’s situational state dynamically:

e center_x, center_y: Pedestrian centroid coordinates (horizontal and vertical).
« frame: Video frame number.

e pedestrian_id: Unique pedestrian identifier.

« occlusion: Degree of pedestrian occlusion (partial or full).

e crossing_point: Binary indicator if pedestrian is at a crossing.

o decision_point: Binary indicator for decision-making zones.

« intersection: Categorical label of intersection presence.

e ped_crossing: Presence of pedestrian crossing signals.

e ped_sign: Presence of pedestrian signage.

e stop_sign: Presence of stop signs.

e group_size: Number of pedestrians in the pedestrian’s group.

« motion_direction: Categorical descriptor (e.g., lateral, longitudinal).

« vehicle_action: Pedestrian interaction with vehicles (e.g., walking behind).

b) Behavioral states:

The RBM enhances raw data by generating binary semantic flags and scalar metrics
to represent behavioral states and social context, derived through logical rules analyzing
speed, acceleration, spatial relations, and traffic signals:

« velocity: Scalar magnitude of velocity (Euclidean norm of x and y components).
Velocity = A’"’Zﬂ ,A,= 0.033 seconds [136]
t

Equation 3: Velocity

e acceleration: Scalar magnitude of acceleration.
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Acceleration = A”egﬂ [136]

t

Equation 4: Acceleration

e is_moving: Binary flag for movement based on velocity threshold.

e is_accelerating: Binary flag for acceleration above threshold.

e approaching_crossing: Binary flag indicating proximity to crossing and decision

points.

e in_intersection_zone: Binary flag for presence inside an intersection zone.

e is_occluded: Binary flag for occlusion state.

o traffic_control_active: Binary flag for active pedestrian-related traffic signals.

e group_context: Normalized group size relative to largest observed group.

o is_lateral, is_longitudinal: Flags for movement direction type.

e interacts_with_vehicle: Flag for active pedestrian-vehicle interaction (excluding

“none”).
Feature Description State 1 State 2
velocity Instantaneous velocity>0.5m/s Velocity <= 0.5

pedestrian speed

(moving)

(stationary)

acceleration

Instantaneous
pedestrian
acceleration

acceleration > 0.5
(accelerating)

Acceleration <= 0.5
(not accelerating)

iS_moving

Movement state
(moving/not moving)

1if velocity > 0.5

0 if velocity <=0.5

is_accelerating

Acceleration state
(accelerating/not)

1 if acceleration > 0.5

0 if acceleration <=
0.5

approaching_crossing

Approaching crossing
and decision point

1 if near crossing and
decision point

0 if not near

in_intersection_zone

Inside an intersection
zone

1 if inside intersection
zone

0 if outside zone

is_occluded

Occlusion status
(partial or full)

1 if occluded

0 if visible

traffic_control_active

Active pedestrian-
related traffic signals

1 if traffic control
signals active

0 if no active signals

group_context

Group size
(normalized metric)

Value between 0
(alone) and 1 (largest

group)

is_lateral Lateral movement 1 if lateral movement | O if not lateral
direction
is_longitudinal Longitudinal 1 if longitudinal 0 if not longitudinal

movement direction

movement

interacts_with_vehicle

Interaction with
vehicles

1 if interacting with a
vehicle

0 if no interaction

Table 3: Description of Input Features with Mathematical Conditions for Pedestrian Behavior Analysis
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6.3.2 Deep Learning Model:

The Deep Learning (DL) model in this system is designed to predict future pedestrian
positions using sequences of spatiotemporal features enriched by a Rule-Based Module
(RBM). The input vectors incorporate both raw positional data and engineered physical-social

descriptors, enabling the model to capture short- and long-term motion patterns.

a) Input Layer:

This layer receives preprocessed sequences of feature vectors for each pedestrian.

These vectors include:

o Raw spatial coordinates: center_x, center_y

« Derived physical features: velocity_x, velocity_y, acceleration_x, acceleration_y

e Social and goal-related descriptors: nearest_neighbor_dist,
nearest_neighbor_velocity X, nearest_neighbor_velocity y, goal_angle, goal distance

. Input shape: (batch size, seqg len = 100, features dim =~ 11+)

These features collectively represent both the individual motion and the surrounding context,

offering a comprehensive snapshot of the pedestrian's state at each time frame.
b) LSTM Encoder:

The core of the model consists of stacked Long Short-Term Memory (LSTM) layers

that capture temporal dependencies:

e First LSTM Layer: 128 hidden units, processes the input sequence into a compact
temporal encoding.

e Dropout (0.3): Introduced after the first LSTM to mitigate overfitting.

o RepeatVector Layer: Duplicates the temporal context to fit the output sequence
length.

e Second LSTM Layer: 64 units, returns a sequence with one output per predicted future
time step.

« Dropout (0.3): Applied again to regularize the output dynamics.
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These layers enable the model to learn both immediate transitions and longer-term trends in

pedestrian behavior.
c) Decoder Layer:
This module transforms the encoded temporal features into concrete spatial predictions:

o TimeDistributed(Dense(2)) applies a fully connected layer at each time step of the
predicted sequence.
e Output: (batch size, pred len = 50, 2) corresponding to 50 future (X, y)

positions per pedestrian.

This simple decoder design ensures frame-level prediction with minimal computational

overhead.

d) Training and Optimization:

The model is trained end-to-end using the following setup:

e Loss Function: Mean Squared Error (MSE)

e Optimizer: Adam with a learning rate of 0.001

e Batch Size: 32

e Training Epochs: 50, with early stopping after 3 epochs without validation

improvement

Prior to training, all inputs and targets are normalized. Sequences containing NaN or

infinite values are filtered to maintain data integrity.

e) Output and Interpretation:
After training, the model produces predicted trajectories that are:

o Frame-by-frame position sequences for 1.5 seconds into the future (assuming 30 FPS).

« Post-processed using inverse normalization to restore coordinates to their original scale.

These predictions are compared against ground truth using quantitative metrics (MSE, CMSE,

FDE) and are visualized to assess spatial and temporal accuracy.

45



CHAPITRE VI PREDICTION ON CLEAN DATA

To ensure robust evaluation and performance benchmarking, two additional recurrent
architectures Bidirectional LSTM (BIiLSTM) and Gated Recurrent Unit (GRU) were
implemented using the same input structure, preprocessing pipeline, and training configuration
as the baseline LSTM model. While all three models share the same foundational design and
function similarly in their sequence-to-sequence prediction setup, they differ in internal

mechanisms and computational characteristics, as detailed in the following comparative table.

Feature LSTM BiLSTM GRU

Directionality Unidirectional Bidirectional Unidirectional

Number of Gates 3 (Forget, Input, Same as LSTM 2 (Update, Reset)
Output)

Cell State Present Present Not Present

Architectural High Very High (=2x% Moderate

Complexity LSTM)

Training Speed Relatively slow Slower Faster

Performance Good for long Excellent for full- Good for moderate
dependencies context dependencies

Training Resources | High Very High Moderate

Table 4: Comparative Summary of LSTM, BiLSTM, and GRU Architectures

These differences highlight the trade-offs between model complexity, performance, and
computational efficiency. By evaluating LSTM, BIiLSTM, and GRU under the same
conditions, we aim to identify the most suitable architecture for pedestrian trajectory prediction

in terms of accuracy, generalization, and resource usage.

6.4 Evaluation metrics:

To rigorously assess the performance of pedestrian trajectory prediction models, a
diverse set of metrics is utilized. These metrics evaluate both spatial accuracy and the
dynamical consistency of predicted trajectories, providing a comprehensive view of model
effectiveness[46][141].

6.4.1 Basic Position Metrics:
These metrics quantify how close the predicted trajectory is to the ground truth in Euclidean

space.[141]

a) Average Displacement Error (ADE):
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ADE measures the mean Euclidean distance between each predicted position and the

corresponding ground truth across all time steps in the sequence[142].

Mathematical Expression:

1 R
ADE = T 2?:1“1% — el [142]
Equation 5: ADE(Average displacement error)
Interpretation:

e A lower ADE indicates better average positional accuracy. It is sensitive to all

deviations throughout the sequence.
b) Final Displacement Error (FDE)

FDE measures the Euclidean distance between the final predicted position and the final ground
truth position[142].

Mathematical Expression:

FDE = [p* —p'lI*  [142]

Equation 6: FDE(Final displacement error)

Interpretation:
e This metric is particularly important in applications where the final destination is
critical.
c) Mean Squared Error (MSE):
MSE calculates the average of squared Euclidean distances between predicted and actual
positions[143][144].

Mathematical Expression:

1 A
MSE = ;23;1“?% - pt“% [143]

Equation 7: MSE( Mean squred error)
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e Interpretation:
MSE penalizes larger errors more than ADE, making it useful for identifying occasional

large mistakes.

6.4.2 Centered Metrics:
Centered metrics evaluate prediction accuracy by measuring errors relative to the

trajectory’s central tendencies, offering a more robust assessment of spatial alignment and

distribution[1].

a. CFMSE (Centered Final Mean Squared Error):

Measures the squared error between predicted and ground truth final positions, after
centering both trajectories by subtracting their respective means. This emphasizes trajectory
shape over absolute position[145].

Mathematical Formula:
Let p; and r; be the predicted and ground truth positions at time i, and N the total number of
frames.

Center both trajectories:
r = lZ{V T p= lz{V Di [145]
N&i=10 g N&t=1EL

Equation 8: CFMSE( Centerred final mmean squared error)

Then compute the final centered positions:

p;inal =P—Dn r;inal =Tr—Ty [145]

Equation 9:CFMSE( Centerred final mmean squared error)

Then,
CFMSE = ”pjginal - rfcinalllz [145]

Equation 10: CFMSE( Centerred final mmean squared error)
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Interpretation:
e Focuses on trajectory shape rather than spatial location

e Useful when trajectories are similar in form but translated in space.

b. CMSE (Centered Mean Squared Error):

Calculates the meansquared error between predicted and real trajectories after removing their
mean positions (centering). This approach focuses on the similarity in the shape ofthe

trajectories rather than their absolute positions[145].

Mathematical Formula:

CMSE = L3I —p) — 7 = 1)l [145]

Equation 11: CMSE (Centered Mean Squared Error)

Interpretation:

e Removes absolute positional bias by centering both predicted and real trajectories.
e Emphasizes alignment in trajectory shape and motion pattern.
e Useful for evaluating the model’s ability to capture relative movement trends

independent of global location shifts.

6.5 Evaluation results:

To evaluate the predictive performance of our proposed pedestrian trajectory models,
we conducted a systematic assessment using the JAAD dataset. The evaluation involved a
comparative analysis of three deep learning architectures and their corresponding hybrid

counterparts:

e Deep Learning Model: This category includes three separate models Long Short-
Term Memory (LSTM), Gated Recurrent Unit (GRU), and Bidirectional LSTM
(BILSTM) each trained using only the raw spatial coordinates (center_x, center_y) of

pedestrians as input features.
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Hybrid Model (Rule-Based + DL): For each of the above architectures, we developed
a hybrid version that integrates hand-crafted features derived from a Rule-Based Model
(RBM). These features include velocity, acceleration, distance to nearby agents, and
goal-oriented vectors, which are used alongside the raw spatial coordinates as inputs to

the corresponding deep learning model.

This comparative evaluation allows us to quantify the contribution of rule-based

behavioral components to the predictive accuracy of each deep learning architecture. The

results highlight how integrating structured domain knowledge through rule-based features can

enhance the model's ability to anticipate future pedestrian movements.

6.5.1

Quantitative Evaluation:

The following metrics were used to evaluate model performance:

MSE (Mean Squared Error): The overall average of squared errors across the
predicted sequence.

MSE @ t (0.5s, 1.0s, 1.5s): Pointwise MSE evaluated at specific future time horizons
corresponding to 15, 30, and 45 frames.

CMSE (Cumulative MSE): The average MSE accumulated over the entire 1.5-second
prediction horizon.

FDE (Final Displacement Error): The Euclidean distance between the predicted and
actual positions at the final prediction frame (1.5s).

ADE (Average Displacement Error): The average Euclidean distance between
predicted and ground truth trajectories over all time steps.

CFMSE (Centered Final Mean Squared Error): Squared error at the final frame
after centering both trajectories to focus on shape similarity.

Global MSE (X, Y): Separate MSE values for the X and Y position coordinates across
the sequence.

All results are reported in pixel-based Euclidean units, with a frame rate of 30 FPS.

The table below summarizes the results of all models across these metrics, comparing three

deep learning architectures (LSTM, GRU, BiLSTM) and their corresponding hybrid versions

(incorporating rule-based components). The best-performing model per metric is also

indicated.
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Model ADE FDE | CMSE CFMSE | Global Global MSE @ MSE @ MSE @
(1.55) MSE X MSE Y 0.55 1.0s 1.5s

LSTM 33.38 58.40 | 911.78 1588.6989 | 203653 | 46.18 569.77 389.36 1588.70
GRU 32.07 54.33 | 796.71 1667.9808 | 1820.89 | 50.40 497.19 663.87 1667.98
BILSTM 28.94 83.35 | 642.84 1066.4317 | 1610.99 | 34.79 588.48 416.26 1066.43
RBM LSTM | 31.34 60.40 | 833.18 1829.0155 | 1938.68 | 38.53 391.70 448.30 1829.02
RBM_GRU 35.38 66.99 | 913.99 23488633 | 219225 | 49.98 600.02 580.86 2348.86
RBM BILSTM | 24.36 78.78 | 437.74 916.2192 | 1186.71 | 28.60 357.36 250.84 916.22
BEST MODEL | RBM_ GRU | RBM_ RBM_ RBM_ RBM_ RBM_ RBM_ RBM_

BILSTM BILSTM | BILSTM | BILSTM | BILSTM | LSTM BILSTM | BILSTM

Table 5; Performance Metrics for DL and Hybrid Models

The results presented in Table 5 demonstrate the clear advantage of the hybrid
RBM_BIiLSTM model over both standard deep learning models and other hybrid variants.
Among all models, RBM_BIiLSTM achieved the lowest values in key metrics such as ADE
(24.36), CMSE at 1.5s (437.74), Global MSE X (1186.71), Global MSE Y (28.60), and MSE
at 0.5s, 1.0s, and 1.5s. These results indicate its strong capability to maintain accurate spatial
alignment with ground-truth trajectories throughout the prediction horizon. Although the GRU
model slightly outperformed others in terms of FDE (54.33), the RBM_BiLSTM model
consistently delivered better performance across most metrics, particularly in early and mid-
term prediction windows. This confirms the effectiveness of integrating rule-based behavioral
features with deep learning architectures, as it enhances the model’s generalization and
sensitivity to pedestrian movement patterns achieving a more robust and precise trajectory

prediction than using DL models alone.

6.5.2 Qualitative Visualization:

In addition to the gquantitative evaluation, this section presents a qualitative analysis
aimed at gaining deeper insights into the predictive behavior of the proposed models. Through
visual inspection of training curves, predicted trajectories, and positional distributions, we
assess the models ability to capture spatial and temporal dynamics in pedestrian motion. These
visualizations serve not only to validate numerical findings but also to highlight strengths and
limitations that may not be evident from metrics alone, particularly in socially complex or

ambiguous scenarios.

a) Deep Learning Model:

To complement the quantitative analysis, we provide qualitative insights into the DL model’s
prediction behavior using three types of visual evidence:
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e Training Curve:

The figure shows the training and validation MSE curves for the BiLSTM-DL model

over 40 epochs. The model demonstrates a rapid initial decline in error, followed by a gradual
convergence, indicating relatively stable learning.

However, a persistent gap between the two curves suggests limited generalization

capability and a slight tendency to overfit the training data, which may affect its accuracy on
unseen samples.

Training Curve

Train

Vahidaton

Epoch

Figure 12: Training and Validation MSE Curve — BILSTM
e Predicted Trajectories:

The figure presents five representative pedestrian trajectories used to assess the
predictive performance of the BiLSTM-DL model. The model shows strong accuracy in

simple, linear motion patterns, particularly in Trajectories 2, 3, and 5, where the predicted paths
(in red) closely align with the ground truth (in green).

However, in more complex cases such as Trajectories 1 and 4, the model exhibits
noticeable deviations, including overshooting and misalignment with actual pedestrian paths.

This indicates that the model still faces challenges in capturing socially or spatially complex
movement behaviors.
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Figure 13: Predicted vs. Ground-Truth Trajectories — BILSTM (Samples 1-5)

e Positional Distributions:

The histograms in Figure 14 show the spatial distribution of the actual and predicted
pedestrian coordinates along the X and Y axes using the BILSTM-DL model. Although the
predicted distributions follow the general trends of the actual distributions, there are noticeable
differences, most notably shifts in the peaks and a reduction in variance. This reflects an
excessive smoothing in the predictions and a limitation in capturing the multimodal nature of

pedestrian movement.

X.coorginste Distrbubon Ycooranate Dustrioution

Figure 14: Positional Distribution Comparison (X and Y Axes) — BILSTM

53



CHAPITRE VI PREDICTION ON CLEAN DATA

b) Hybrid Model:

To complement the quantitative analysis, we provide qualitative insights into the hybrid

model’s prediction behavior using three types of visual evidence:

e Training Curve:

As illustrated in Figure 15, the training and validation MSE over 32 epochs shows a
steep initial decrease, indicating rapid learning during the early stages. Both curves gradually
converge as the number of epochs increases, with the validation error consistently lower than
the training error. This stable and narrow gap suggests strong generalization capability and
minimal overfitting. The behavior reflects the effectiveness of the Hybrid BiLSTM Rule-Based

model in capturing essential motion patterns while avoiding excessive reliance on training data.

Training Curve

Tran

vaaslidation

013

MSE

Figure 15: Training and Validation MSE Curve — RBM-BILSTM

e Predicted Trajectories:

In Figure 16, the predicted trajectories (red) closely follow the ground truth paths
(green), highlighting the effectiveness of the Hybrid BiLSTM Rule-Based model in various
scenarios. In relatively straightforward sequences such as Trajectory 2, 3, and 5, the model
exhibits high accuracy and stability, with minimal deviation between the predicted and true
paths. Notably, in Trajectory 4, which involves more abrupt turns and non-linear motion, the
model still manages to maintain a coherent prediction with significantly reduced drift. This

suggests that the rule-based correction contributes to better adherence to expected pedestrian
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behavior, especially under non-linear or sudden directional changes—an area where pure deep

learning models often struggle.
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Figure 16: Predicted vs. Ground-Truth Trajectories — RBM-BILSTM (Samples 1-5)

e Positional Distributions:

In Figure 17, the histogram plots compare the ground truth (blue) and predicted (orange)
coordinate distributions along the X and Y axes. The close overlap between the two
distributions indicates that the Hybrid BiLSTM Rule-Based model successfully captures the
underlying spatial tendencies of pedestrian movement. Although slight discrepancies are
observed at the outer edges particularly in areas of lower density the central regions show
strong alignment. This implies the model’s ability to adapt to diverse path structures and
reflects enhanced awareness of multimodal and context-driven behaviors, which are often
overlooked in purely data-driven models.

X<oordinate Distribution = o Yeoordinete Distribution
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Figure 17: Positional Distribution Comparison (X and Y Axes) — RBM-BILSTM
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c. Comparison of Prediction Behaviors: DL vs. Hybrid Model:

The qualitative analysis highlights clear differences in the prediction behaviors of the
pure deep learning BiLSTM-DL model and the Hybrid RBM-BiLSTM model.

The BILSTM-DL model performs well in capturing straightforward and linear
pedestrian movements, as evidenced by close alignment between predicted and actual
trajectories in simpler cases. However, it faces difficulties with more complex and socially or
spatially influenced trajectories. These challenges manifest as spatial drift, overshooting, and
misalignment with ground truth paths. Furthermore, the positional distribution analysis reveals
mode shifts and reduced variance in the predictions, indicating that the model overly smooths
the data and lacks the capacity to fully represent the inherently multimodal nature of pedestrian
movement.

In contrast, the Hybrid RBM-BILSTM model demonstrates enhanced predictive
performance across diverse scenarios. By integrating rule-based reasoning with deep learning,
it achieves stronger generalization and robustness, particularly in handling abrupt directional
changes and nonlinear trajectories where the pure DL model falters. The predicted trajectories
show significantly reduced drift and better adherence to actual pedestrian paths. This
improvement is corroborated by the coordinate distribution histograms, which exhibit a close
match between predicted and ground truth data in both X and Y axes. This suggests the hybrid
model’s superior ability to capture spatial nuances and multimodal, context-dependent
behaviors that are often overlooked by data-driven models alone.

Overall, these findings underscore the benefits of combining data-driven and rule-based
approaches. The hybrid model not only mitigates overfitting and excessive smoothing but also
delivers more accurate, context-aware pedestrian trajectory predictions, making it a more

reliable tool for real-world applications requiring nuanced motion understanding.

6.6 Conclusion:

This chapter evaluated a hybrid pedestrian trajectory prediction model that integrates
rule-based reasoning (RBM) with deep learning techniques, including LSTM, BiLSTM, and
GRU. The RBM-BILSTM model, tested on the JAAD dataset, consistently outperformed
baseline approaches across key metrics such as ADE, CMSE, and per-timestep MSE,
particularly in complex scenarios. Qualitative analysis further confirmed the hybrid model’s

ability to better capture multimodal pedestrian behavior and maintain closer alignment with
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ground truth trajectories. Despite its promising results, the model still faces limitations in real-
time adaptability, highlighting the need for future research focused on performance

optimization and broader validation across more diverse environments.
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CHAPTER VII CONCLUSION AND FUTUR WORKS

This thesis presented a hybrid pedestrian trajectory prediction framework that integrates

interpretable rule-based reasoning with deep learning architectures. The approach addresses the challenge
of anticipating pedestrian trajectory by capturing both low-level physical dynamics and high-level
behavioral cues. Leveraging features extracted from the JAAD dataset, we demonstrated that combining
handcrafted semantic indicators with data-driven modeling yields more robust and behaviorally grounded
predictions.
Our model was rigorously evaluated on clean, preprocessed data by comparing three deep learning models
(LSTM, GRU, BIiLSTM) and their hybrid counterparts incorporating rule-based components. The hybrid
RBM-BILSTM model outperformed the pure deep learning BILSTM model, achieving an ADE of 24.36
and CMSE of 437.74 compared to ADE = 28.94 and CMSE = 642.84 for the baseline. These results
confirm that incorporating interpretable behavioral features significantly improves prediction accuracy
and semantic richness.

Despite these promising outcomes, limitations remain, including the rule-based component’s
reduced generalization to noisy or uncontrolled conditions, and the reliance on assumptions such as

consistent frame rates and accurate pedestrian detection.

To enhance the model’s applicability and robustness in real-world scenarios, several future

directions are proposed:

e Deployment in Dynamic Real-World Environments: Future work aims to adapt the model for
efficient operation in dynamic urban settings, handling real-time data streams, complex
interactions, and unexpected behaviors to support practical applications in safety and navigation.

o Multi-Dataset Generalization: Extending training beyond JAAD to include diverse pedestrian
datasets such as PIE, ETH, UCY, and nuScenes to improve generalization across different urban
environments and cultural contexts.

o Architectural Improvements: While LSTM-based models are effective for sequential data, future
versions could leverage modern architectures like Transformers or Graph Neural Networks
(GNNs) for more flexible temporal and spatial dependency modeling.

e Multi-Modal Output Prediction: Expanding model outputs to jointly predict motion states (e.qg.,
stopping, walking, running), behavioral intentions (e.g., crossing intent, yielding), and social
interactions (e.g., influence from nearby agents) to enable deeper understanding of pedestrian
behavior beyond trajectory paths.
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