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 ملخصال

تعُدّ تنبؤات مسارات المشاة ضرورية لأنظمة النقل الذكية والأنظمة المستقلة المُدركة للبشر، إذ تضمن السلامة 

والمزودة بآليات الانتباه التقاط التبعيات  LSTM التعلم العميق القائمة علىوتدعم التنقل الواعي بالسياق. وبينما تستطيع نماذج 

الزمنية بشكل فعال، فإنها غالبًا ما تفتقر إلى القدرة على محاكاة ديناميكيات حركة المشاة والسلوك الجماعي والتفاعلات 

إطارًا مفسرًا مستوحى  (SFM) لاجتماعيةالاجتماعية في البيئات الحضرية المزدحمة. من جهة أخرى، تقدم نماذج القوى ا

من الفيزياء قادرًا على نمذجة التفاعلات الاجتماعية والسلوك الجماعي للمشاة، لكنها محدودة في تعلم الأنماط الزمنية المعقدة 

 القوى الاجتماعية من البيانات. يقدم هذا العمل إطارًا هجينًا يدمج السمات السلوكية المدركة اجتماعيًا المستخرجة عبر نموذج

(SFM) مع نماذج التعلم العميق مثل LSTM وBiLSTM و GRU تجمع كل نسخة هجينة بين SFM وبنية متكررة 

(LSTM+SFM ،BiLSTM+SFM ،GRU+SFM)  لالتقاط التفاعلات الاجتماعية وأنماط الحركة المتتابعة. باستخدام

الاجتماعي، والتحولات الزمنية، والخصائص المرتبطة بالحركة ، تم اشتقاق سمات مثل قوى التفاعل JAAD مجموعة بيانات

مثل السرعة والتسارع لدعم التنبؤ بالسياق. أظهرت التقييمات على بيانات نظيفة أن النماذج الهجينة المقترحة تتفوق على 

التعلم التسلسلي للشبكات  وقدرات SFM النماذج التقليدية، مقدمة تنبؤات دقيقة وغنية دلاليًا من خلال الجمع بين تفسيرية

 ADE = 17.04) كالأكثر فعالية، محققًا أدنى معدلات خطأ BiLSTM+SFM العصبية المتكررة. وبرز نموذج

FDE=24.65,) = CFMSE=450.74,),MSE=213.3, CMSE=280.87متفوقًا بشكل ملحوظ على نموذج 

BiLSTM (وحدهADE = 31.81 و,MSE=576,82 , FDE = 89.8)CFMSE =1195.63,CMSE=803.87). 

، (وحدها SFM أو BiLSTM باستخدام إما) تسلط النتائج الضوء على أن النموذج الهجين يتفوق على النهج أحادية الطريقة

لا سيما في السيناريوهات المعقدة متعددة العوامل حيث يتطلب التنبؤ الدقيق نمذجة تأثير الحشد وأنماط التفاعل. يوضح هذا 

يات الزمنية الدقيقة الحبيبات والاستجابات الاجتماعية للمشاة، مما يجعله مناسبا بشكل خاص كيج على تمثيل الدينامقدرة النموذ

 .الروبوتيللتطبيقات في الوقت الفعلي مثل أنظمة القيادة الذاتية والمراقبة الذكية وتخطيط المسار 

 :الكلمات المفتاحية

، LSTM ،BiLSTM ،GRU، (SFM) المدركة للبشر، نموذج القوى الاجتماعيةتنبؤ مسار المشاة، الأنظمة المستقلة 

 JAAD مجموعة بيانات,

. 
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Abstract 

Pedestrian trajectory prediction is vital for intelligent transportation and human-aware 

autonomous systems, as it ensures safety and supports context-aware navigation. While LSTM-

based deep learning models with attention mechanisms effectively capture temporal 

dependencies, they often lack the ability to simulate pedestrian motion dynamics, group 

behavior, and social interactions in crowded urban environments. On the other hand, Social 

Force Models (SFMs) provide an interpretable, physics-inspired framework capable of 

modeling social interactions and collective pedestrian behavior but are limited in learning 

complex temporal patterns from data. This work presents a hybrid framework that integrates 

socially-aware behavioral features extracted via a Social Force Model (SFM) with deep learning 

models such as LSTM, BiLSTM, and GRU. Each hybrid variant combines SFM with a 

recurrent architecture (LSTM+SFM, BiLSTM+SFM, GRU+SFM) to capture both social 

interactions and sequential motion patterns. Using the JAAD dataset, we derived features such 

as social interaction forces, temporal transitions, and motion-related attributes like velocity and 

acceleration to support context-aware trajectory prediction. Evaluation on clean data showed 

that the proposed hybrid models outperform traditional baselines, offering accurate and 

semantically rich predictions by combining the interpretability and social reasoning of SFM 

with the sequential learning capabilities of recurrent neural networks. Notably, the 

BiLSTM+SFM hybrid model demonstrated the highest effectiveness, achieving the lowest error 

metrics with (ADE=17.04, FDE=24.65, MSE=213.3, in 0.5s, CFMSE=450.74, 

CMSE=280.87), significantly outperforming the standalone BiLSTM model, which yielded 

(ADE =31.81, FDE = 89.89, MSE=576.82, in 0.5s, CFMSE=1195.63, CMSE=803.87). The 

results highlight that the hybrid model outperforms single-method approaches (using either 

BiLSTM or SFM alone), particularly in complex multi-agent scenarios where accurate 

prediction requires modeling crowd influence and interaction patterns. This demonstrates the 

model’s ability to represent fine-grained temporal dynamics and social responses of 

pedestrians, making it especially suitable for real-time applications such as autonomous driving 

systems, intelligent surveillance, and robotic path planning. 

Keywords 

 Pedestrian trajectory prediction, Human-aware autonomous systems, Social Force Model 

(SFM), LSTM, BiLSTM, GRU, JAAD dataset. 
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Résumé 

La prédiction des trajectoires piétonnes est essentielle pour les systèmes de transport 

intelligents et les systèmes autonomes sensibles au contexte humain, car elle assure la sécurité 

et favorise une navigation contextuelle. Alors que les modèles d’apprentissage profond basés 

sur LSTM avec mécanismes d’attention capturent efficacement les dépendances temporelles, 

ils peinent souvent à simuler les dynamiques de mouvement piéton, les comportements de 

groupe et les interactions sociales dans des environnements urbains denses. En revanche, les 

modèles de forces sociales (SFM) offrent un cadre interprétable inspiré de la physique capable 

de modéliser les interactions sociales et le comportement collectif des piétons, mais sont limités 

dans l'apprentissage de schémas temporels complexes à partir des données. Ce travail propose 

un cadre hybride intégrant des caractéristiques comportementales sensibles au contexte social 

extraites via un modèle de forces sociales (SFM) avec des modèles d'apprentissage profond tels 

que LSTM, BiLSTM et GRU. Chaque variante hybride (LSTM+SFM, BiLSTM+SFM, 

GRU+SFM) permet de capturer à la fois les interactions sociales et les schémas de mouvement 

séquentiels. En utilisant le jeu de données JAAD, nous avons dérivé des caractéristiques telles 

que les forces d'interaction sociale, les transitions temporelles et des attributs liés au mouvement 

comme la vitesse et l'accélération pour renforcer la prédiction contextuelle des trajectoires. 

L'évaluation sur des données nettoyées a montré que les modèles hybrides proposés surpassent 

les modèles de base traditionnels, fournissant des prédictions précises et riches en sémantique, 

en combinant l'interprétabilité et la modélisation sociale du SFM avec les capacités 

d'apprentissage séquentiel des réseaux neuronaux récurrents. Le modèle hybride 

BiLSTM+SFM s’est avéré le plus performant, atteignant les meilleures métriques d’erreur 

(ADE = 17.04, FDE = 24.65, MSE =213.3 en 0,5s, CFMSE=450 .74 et CMSE=280.87 ), 

surpassant significativement le modèle BiLSTM seul (ADE = 31.81 et FDE = 89.89, 

MSE=576.82 en 0.5s, CFMSE=1195.63 et CMSE=803 .87). Les résultats mettent en évidence 

que le modèle hybride surpasse les approches unidimensionnelles (utilisant uniquement soit le 

BiLSTM, soit le SFM), en particulier dans les scénarios complexes et multi-agents, où une 

prédiction précise nécessite la modélisation de l’influence de la foule et des schémas 

d’interaction. Cela démontre la capacité du modèle à représenter des dynamiques temporelles 

fines ainsi que les réactions sociales des piétons, ce qui le rend particulièrement adapté aux 

applications en temps réel telles que les systèmes de conduite autonome, la surveillance 

intelligente et la planification de trajectoire pour les robots. 
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Mots-clés : 

Prédiction de trajectoire piétonne, systèmes autonomes sensibles au contexte humain, modèle 

de forces sociales (SFM), LSTM, BiLSTM, GRU, jeu de données JAAD. 
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1.1 Background and Motivation: 

Urban population expansion and the extensive use of autonomous systems have made 

pedestrian path prediction an area of critical research. Accurate prediction of pedestrian 

movement is critical for a wide range of applications, from urban mobility and autonomous 

driving to crowd analytics. In urban environments, understanding and predicting pedestrian 

behavior is crucial to the safety and effectiveness of autonomous vehicles, robotic systems, and 

smart infrastructure. For instance, autonomous cars must predict pedestrian paths in order to 

avoid accidents, and crowd management systems utilize trajectory forecasts to optimize 

pedestrian flow in public spaces. 

Deep Learning (DL) approaches has been demonstrated as a powerful tool for trajectory 

prediction due to its capability to learn intricate spatial-temporal dependencies from large 

volumes of data. DL algorithms, such as recurrent neural networks (RNNs), Gated Recurrent 

Unit (GRU), long short-term memory networks (LSTMs), Bidirectional Long Short-Term 

Memory (BiLSTM), have experienced unparalleled effectiveness in modeling sequential 

patterns from pedestrian trajectories. These methods take enormous amounts of history data to 

predict future trajectories accurately. However, purely data-driven approaches have a hard time 

generalizing to new situations, particularly in highly interactive and dynamic environments 

where social interactions are paramount. 

Social Force Models (SFMs) take a different perspective by modeling pedestrian 

interactions in terms of forces such as repulsion, attraction, and group cohesion. SFMs capture 

the social aspects of pedestrian dynamics very well and offer interpretable and intuitive 

explanations of how individuals navigate around dense spaces. But SFMs are rigid in their 

capacity to adapt to different and complex actual circumstances because they are pre-

programmed according to rules and parameters that cannot potentially encapsulate all possible 

types of human activity. 

The union of Social Force Models and Deep Learning presents a feasible solution for 

addressing the shortcomings of both approaches. By combining the data-driven strength of DL 

with the social compliance and explainability of SFMs, scientists can develop hybrid models 

that benefit from the virtues of each approach. This combination provides the ability to create 

models that are not only accurate but also robust and understandable. 
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1.2 Objectives of the Study 

The overall objectives of this research are to design an innovative pedestrian trajectory 

prediction model that addresses key challenges in dynamic environments. Specifically, the 

study aims to: 

 Develop a hybrid model: Combine Deep Learning and Social Force Models (SFM) to 

build a robust and scalable pedestrian trajectory prediction model. The proposed hybrid 

approach integrates socially-aware behavioral features from SFM with sequential 

learning capabilities of deep learning algorithms such as LSTM, BiLSTM and GRU. 

 Improve prediction accuracy: Enhance the ability of the model to predict accurate future 

trajectories with lower displacement errors, particularly in interactive conditions. 

 Verify performance: Evaluate the model on benchmark data and compare its 

performance against the state-of-the-art. 

1.3 Contributions 

This research makes several key contributions to the field of pedestrian trajectory 

prediction by addressing challenges. Key developments include: 

 DL-SFM hybrid model: New formulation which integrates deep learning and social 

force models to improve pedestrian trajectory forecasting. 

 Comparative analysis: Detailed comparison of the new model with existing state-of-the-

art models, demonstrating its greater accuracy and robustness. 

 Real-world validation: Large-scale evaluation on benchmark datasets, like JAAD, to 

validate the model's efficacy in diverse environments. 

 Insights into interpretability: An understanding of the model's ability to encode social 

interactions and make interpretable predictions, providing meaningful findings for 

future research. 

1.4 Outline of the Thesis 

This thesis is structured as follows: 

Chapter 2: Literature Review 

This chapter provides a comprehensive background on pedestrian trajectory prediction, 

key behavioral elements and discussing critical applications. 
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Chapter 3: Related Works 

This chapter reviews existing models for pedestrian prediction, categorizing them into 

physics-based, pattern-based, goal-based, and hybrid models. 

Chapter 4: Problem Formulation 

This chapter defines the research problem, outlines the research questions, and presents 

the methodology for evaluating the hybrid model on both ideal and real-world data, including 

its deployment in real-time settings. 

Chapter 5: Analysis of Joint Attention in Autonomous Driving (JAAD) 

This chapter analyzes the JAAD dataset, detailing pedestrian behavioral characteristics, 

annotation structures, and how it compares to traditional datasets. 

Chapter 6: Prediction on Clean Data 

This chapter explores the use of Social Force Models (SFM) to extract behavioral 

features, integrates them into a hybrid LSTM, BiLSTM, GRU framework, and evaluates its 

performance using standard prediction metrics. 

Chapter 7: General Conclusion 

This chapter provides a general summary of the thesis and the obtained results, and it outlines 

potential future directions. 

.  
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2.1 Introduction 

With the rapid advancement of artificial intelligence technologies and intelligent 

systems, the ability to accurately predict pedestrian trajectories has become a critical 

requirement in various applications such as autonomous vehicles, collaborative robots, and 

smart surveillance systems. Pedestrian trajectory prediction represents an advanced field within 

machine learning and human behavior analysis, where sequences of spatial coordinates of 

pedestrians over time are utilized to anticipate their future movements in dynamic, multi-factor 

environments. This chapter focuses on the theoretical and practical foundations of pedestrian 

trajectory prediction techniques, starting with defining the problem as a time-series forecasting 

task, and progressing through the analysis of key behavioral elements that influence pedestrian 

behavior such as intention, emotion, social interaction, and environmental context. The chapter 

also highlights the most prominent real-world applications that benefit from these techniques, 

emphasizing their role in enhancing safety and adaptive response in complex urban 

environments. 

2.2 Pedestrian Trajectory Prediction  

Pedestrian trajectory prediction is a field in artificial intelligence that aims to anticipate 

the future paths of individuals based on their past movements and the surrounding 

environment[1]. This is cast as a formally defined time-series forecasting problem in which an 

exemplar learning model is given a stream of history of pedestrian location information (𝑋ₜ = 

{𝑥₁, 𝑥₂, ..., 𝑥ₜₒ₆ₛ}[2], each 𝑥ᵢ is a 2D/3D[3] location coordinates at time i) to predict future 

locations (𝑌ₜ = {𝑥ₜₒ₆ₛ₊₁, ..., 𝑥ₜₚᵣₑ})[2] for some time horizon. The figure 1illustrates a pipeline for 

predicting pedestrian crossing behavior. It begins with capturing an observation sequence 

through vehicle-mounted cameras. From these observations, critical features such as vehicle 

speed, pedestrian bounding boxes. These features are then fed into advanced prediction models 

like 3DCNNs, hybrid 2DCNN+RNN models, or GCN+RNN networks. The system finally 

outputs a binary prediction determining whether the pedestrian intends to cross the road or not 

[4]. 
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2.3 Key elements of pedestrian behavior 

The key elements of pedestrian behavior, as illustrated in the image. First, Trajectory 

refers to the pedestrian's movement path, which is influenced by their intentions and 

decision-making[5]. Second, Intention involves planned actions inferred from visual cues 

and motion patterns[6]. Third, Emotion captures the psychological state that affects how 

pedestrians respond to their surroundings and make decisions. Fourth, Social Interactions 

highlight the influence of other people on a pedestrian’s timing and behavior[7]. Fifth, 

Environmental Context refers to the surrounding conditions that shape perception[5], risk 

assessment, and behavioral choices. Together, these elements form a comprehensive 

framework for analyzing and predicting pedestrian behavior in dynamic and complex urban 

settings[8]. As Figure 2 shows. 

 

Figure 2:Pedestrian Behavior Components 

Figure 1:Overview of pedestrian crossing behavior prediction methods [4] 
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2.4 Critical Applications 

Accurate pedestrian trajectory prediction is vital for technologies like autonomous 

vehicles[9], robots[10], and surveillance systems[11], especially in smart cities[12]. Some 

applications: 

2.4.1Autonomous Vehicles 

Autonomous vehicles need advanced models to predict pedestrian trajectory in real time 

to ensure safety in urban environments. These models use features like body pose, speed, 

trajectory, and context (e.g., traffic lights) to estimate crossing behavior[7]. As shown in 

Figure3. 

 

Figure 3:Intention-based and Risk-Aware Trajectory Prediction for Autonomous Driving in 

Complex Traffic Scenarios[13] 

2.4.2 Robotics 

Pedestrian behavior prediction is vital for effective pedestrian-robot interaction in 

shared spaces like hospitals and airports. Robots must detect subtle cues such as body 

orientation and gaze to navigate cooperatively and safely[14]. As shown in Figure 4. 
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Figure 4:Robot-pedestrian interaction with the K-step proactive reward motivates robots to 

enhance their awareness of crowd comfort and safety.[15] 

2.4.3 Smart Surveillance 

Forecasts regarding individuals behavior feed into intelligent surveillance systems to 

deter crime, and enable crowd. With this ability to predict such behavior prior to occurrence, 

early intervention can be adopted by the authorities or through automation[11]. As shown in 

Figure 5. 

 

Figure 5:Predicting pedestrian behavior with smart surveillance systems[16] 

 2. 5 Conclusion  

Pedestrian trajectory prediction remains a central and evolving field, bringing together 

the complexities of human behavior, social interactions, and environmental constraints. This 
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chapter reviewed the theoretical and practical foundations of the field and highlighted the main 

motivations driving the growing interest in this topic. Despite the substantial progress achieved, 

fundamental challenges persist, such as model interpretability and generalizability across 

diverse environments. These challenges underscore the need for hybrid solutions that combine 

the strengths of deep learning with knowledge-based reasoning. 

This chapter sets the stage for the following one, which introduces a novel hybrid 

prediction framework aimed at overcoming current limitations by enhancing accuracy and 

adaptability in real-world pedestrian interaction systems. 
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3.1 Introduction 

In this chapter, we introduce previous research on the topic of pedestrian trajectory 

prediction. The first section categorizes existing models into the three main paradigms used in 

this field. Subsequently, we review the most relevant datasets that have been used to support 

pedestrian trajectory analysis and prediction. 

3.2 Pedestrian Trajectory Prediction Models  

Trajectory prediction seeks to forecast the future positions of pedestrians based on their 

prior movements, often formulated as a time series forecasting problem. With the rapid 

advancements in deep learning[17], models like RNNs[18], CNNs[19], GNNs[20], and 

Transformers[21] have emerged as powerful tools in this area, surpassing traditional statistical 

techniques such as Kalman Filters[22] and Hidden Markov Models[23], which struggle to 

handle complex behaviors in dynamic environments. 

In contrast to knowledge-based models, which depend on predefined rules and manually 

engineered features, deep learning methods learn trajectory patterns directly from data, offering 

enhanced adaptability and scalability[8]. This shift has established deep learning[8] as the 

dominant approach in practical applications, ranging from autonomous vehicles[24] to 

intelligent surveillance systems[11]. 

Recent research has proposed various model architectures and design objectives, 

emphasizing key factors such as social interactions[24], motion intent[25], and environmental 

context[26]. These methods underscore the increasing demand for models that not only deliver 

high predictive accuracy but also maintain robustness and real-time performance, particularly 

in safety-critical scenarios. supported by Figure 6, which illustrates the three main model 

categories. 
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Figure 6:Trajectory Prediction Paradigms 

3.2.1 Physics-Based Models 

Physics-based models use deterministic rules or equations derived from physics or 

behavioral theories to model pedestrian trajectories. These models follow the Sense–Predict 

framework[25]. A simple example is the Constant Velocity (CV) model, which assumes 

pedestrians maintain their speed and direction over short horizons. Schöller et al[27].  

highlighted the competitive performance of CV in benchmark datasets, recommending its use 

as a baseline in prediction tasks. 

Extensions include the Constant Acceleration (CA) and Coordinated Turn (CT) models, 

which incorporate acceleration or directional change. Moreover, environmental constraints 

(such as sidewalks, obstacles, or intersections) can be integrated into physics-based models to 

enhance prediction realism[28]. 

A notable knowledge-based approach is the Social Force Model (SFM)[29], proposed 

by Helbing and Molnár, where pedestrians are modeled as particles influenced by attractive and 

repulsive social forces. This model captures group interactions and personal space constraints, 

making it effective for predicting trajectories in dense environments. 

Despite their interpretability and low data requirements, these models may oversimplify 

human decision-making and struggle with complex or dynamic behaviors[30]. 

3.2.2 Pattern-Based Models 

Pattern-based or data-driven models rely on learning from historical trajectory data, 

often using machine learning or deep learning techniques. These follow the Sense–Learn–
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Predict paradigm, allowing models to generalize from observed patterns without requiring 

explicit rules[31]. 

Recurrent Neural Networks (RNNs)[32], particularly Long Short-Term Memory 

(LSTM) networks[18], have been widely used due to their ability to model temporal 

dependencies. Alahi et al. introduced the Social-LSTM model [33], which predicts pedestrian 

trajectories while accounting for nearby individuals' influence. Subsequent improvements 

integrated contextual cues, such as scene semantics or object interactions. 

Poibrenski et al. combined Conditional Variational Autoencoders (CVAE) with RNNs 

to model[18] the multi-modal nature of pedestrian future positions. Other works, such as Yao 

et al. and Malla et al., incorporated pedestrian intention and behavior labels (e.g., crossing, 

waiting) to improve short-term prediction[34]. 

Although these models often achieve high accuracy, they demand extensive labeled 

datasets and computational power. Moreover, their interpretability remains limited, and they 

may suffer from overfitting in unseen scenarios[34]. 

3.2.3 Goal-Based Models 

Goal-based models adopt the Sense Reason Act paradigm, aiming to infer pedestrians’ 

long-term goals and use planning strategies to forecast their trajectories[25]. These models treat 

prediction as a decision-making task, often utilizing planning frameworks like Markov 

Decision Processes (MDP) or Inverse Reinforcement Learning (IRL)[35]. 

Such methods perform well when pedestrian goals can be inferred and a map of the 

environment is available. They outperform purely reactive models in structured or goal-directed 

scenarios, offering more plausible long-term forecasts[36]. However, their computational 

complexity can increase dramatically with the number of agents or environmental complexity, 

making them less practical in crowded or real-time applications[36]. 

3.2.4 Classification Criteria 

To systematically classify deep learning (DL) models for pedestrian trajectory 

prediction, we define the following evaluation criteria based on the reviewed literature:  

•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 
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trajectories, or other approaches like GNNs for interaction modeling and RL-based models for 

adaptive decision-making. 

•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. 

•Prediction Tasks: Categorizes tasks such as interaction modeling, trajectory planning, and 

intention prediction. 

•Use of Advanced AI 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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(PIS): 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.

Chen 

2024{

42] 

   GC

N 

x  PIS EMP    Attention Mechanism 

Li 

2024[

43] 

   GC

N 

x  PIS     Heterogeneous Graph 

Learning 

Liang 

2024[

44] 

   TCN x   EMP    Visual Information 

Integration 

Ling 

2024[

45] 

   GC

N 

x    IAV   Spatial–Temporal 

Attention Mechanism 

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

Applications, and Interpretability 



 



 

 

3.3 Hybrid Models  

To leverage the strengths of multiple paradigms, hybrid models combine physics-based 

and data-driven or goal-driven components[1]. Korbmacher and Tordeux argue that while data-

driven models outperform traditional methods in accuracy, physics-based components still 

contribute to model interpretability and robustness. 

Silvestri et al. demonstrated that integrating domain knowledge into neural networks 

can enhance learning with limited data. Antonucci et al[57].  proposed embedding the Social 

Force Model into an LSTM network structure[43], producing physically-consistent predictions. 

Similarly, Kothari et al[58].  used discrete choice models to output interpretable trajectory 

predictions aligned with human intention[58]. 

Hybrid approaches represent a promising direction for future research, offering a 

balanced trade-off between accuracy, generalizability[59], and interpretability[58]. 

3.4 Datasets 

To train and evaluate pedestrian trajectory prediction models[60], a variety of datasets 

have been collected, capturing pedestrian trajectories and behavioral attributes in different real-

world scenarios. Based on the nature and purpose of the collected data, these datasets are 

commonly categorized into three main types: 

3.4.1 Pedestrian Motion Datasets 

Among the most widely used datasets in the literature are the ETH BIWI Walking 

Pedestrians Dataset ETH[61] and UCY[62]. These datasets consist of video recordings and 

annotated pedestrian trajectories captured from a top-down perspective in public urban spaces 

like sidewalks and plazas, with minimal interaction between pedestrians and vehicles[24]. 

Despite their limited size and relatively simple settings, these datasets have become 

standard benchmarks for pedestrian motion prediction[7]. Even the most recent state-of-the-art 

models often rely on them to evaluate performance, due to their accessibility and the availability 

of established evaluation protocols[63]. As shown in Figure 7. 
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Figure 7:pedestrian prediction motion with ETH Dataset[61] 

3.4.2 Pedestrian Intention Datasets 

More recent datasets such as JAAD (Joint Attention in Autonomous Driving)[64] and 

PIE (Pedestrian Intention Estimation)[65] provide video sequences enriched with annotations 

related to pedestrian behaviors, attributes, and spatial positions. A distinguishing feature of 

these datasets is their emphasis on pedestrian intention, with labels manually provided by 

researchers[66]. 

These detailed annotations enable the development of more sophisticated models that 

incorporate intention estimation as an additional feature. For example, a model might first 

determine whether a pedestrian intends to cross the street and then use that information to 

predict their future trajectory[51]. 

While this two-stage approach shows promise in enhancing prediction accuracy, it also 

introduces potential challenges: incorrect intention classification may negatively influence 

trajectory predictions, and the added processing time can become a bottleneck particularly in 

real-time systems such as autonomous driving applications[24], where prediction speed is 

critical. Fig. 8 represents an annotated frame from PIE[65]. As visible, each pedestrian was 

labeled with a bounding box and the action they are performing. For example, the pedestrian 

on the right is labeled as looking and standing. 
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Figure 8:An annotated frame from the PIE Dataset [64] 

3.4.3 Pedestrian behavior Dataset 

The JAAD (Joint Attention in Autonomous Driving) dataset[64] holds a unique position 

among pedestrian-related datasets, as it captures both trajectory data and rich contextual 

annotations from an egocentric viewpoint[66]. Designed to support research in joint attention 

and human behavior understanding in traffic, JAAD provides high-resolution video sequences 

recorded from a moving vehicle in diverse urban settings, covering various weather, lighting, 

and traffic conditions[64]. 

In addition to tracking pedestrian positions over time, JAAD includes annotations such 

as pedestrian actions[64] (e.g., walking[67], standing[68], looking[69]), environmental context 

(e.g., presence of crosswalks[67], traffic signals[51]), and vehicle-pedestrian interaction 

cues[24]. This makes JAAD suitable not only for behavioral analysis but also for direct 

application in pedestrian trajectory prediction, especially in real-world autonomous driving 

scenarios where such context plays a vital role in forecasting pedestrian movement[66]. 

By combining motion trajectories with scene semantics and behavioral labels, JAAD 

enables hybrid models that leverage both data-driven learning and knowledge-based 

reasoning[64]. This integration enhances the robustness of trajectory predictions in complex 

environments, making JAAD an essential benchmark for developing and evaluating context-

aware prediction systems[44]. 

 



    CHAPTER 3: RELATED WORKS 

 

28 

 

3.5 Conclusions  

Pedestrian trajectory prediction models rely heavily on the quality and diversity of 

datasets. While traditional datasets like ETH and UCY offer simple motion data, newer datasets 

such as PIE and JAAD provide richer behavioral and contextual information. In particular, 

JAAD combines trajectory data with real-world interaction cues, making it highly suitable for 

training context-aware models in autonomous driving. Choosing the right dataset is essential 

for achieving accurate. 

Building on the challenges identified in the previous chapters, this chapter outlines key 

research questions related to pedestrian trajectory prediction in real-world scenarios and 

proposes a comprehensive methodology to address them. It also sets the stage for developing a 

hybrid modeling. 
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4.1 Introduction 

Based on the analysis of the current state of the art in pedestrian trajectory prediction, 

this chapter discusses the identified challenges in the field, presents the research questions, and 

finally proposes a methodology to address them. 

4.1 Problem Statement 

As discussed in the previous chapters, pedestrian trajectory prediction models often rely 

on datasets collected in urban areas from static, elevated cameras. While these datasets provide 

valuable insights into pedestrian motion patterns in controlled environments, they fail to capture 

the complexity of interactions between pedestrians and vehicles an essential aspect in real-

world applications such as autonomous driving. 

Moreover, different modeling approaches namely physics-based models such as the 

Social Force Model (SFM)[70], and data-driven models like Long Short-Term Memory 

networks (LSTM) offer distinct advantages and limitations[43]. While SFM provides 

interpretable and socially-aware movement modeling, it struggles in capturing non-standard or 

unexpected pedestrian behaviors. On the other hand, deep learning models[71] achieve high 

accuracy by learning from data, yet they lack interpretability[58] and generalization in unseen 

scenarios[59]. 

Recent literature suggests that combining both approaches into hybrid models could 

enhance prediction accuracy and contextual understanding. However, questions remain about 

how such integration should be implemented, under what conditions hybrid models outperform 

individual approaches, and how these models behave in realistic, noisy environments[1]. 

Another issue lies in the evaluation of model performance. Most research evaluates 

models on clean, well-tracked pedestrian trajectories, rarely accounting for sensor occlusions, 

tracking failures, or missing data common in real-world sensor environments. Additionally, 

there is limited research exploring how these models can be effectively deployed on 

autonomous vehicles in real time[24], where challenges such as generalization to new 

environments[59], robustness to hardware failures, and latency in prediction outputs can 

significantly affect performance. As figure 9 show. 
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Figure 9:Dynamic change in pedestrian trajectory[72] 

4.2 Research Questions 

RQ1a: What are the quantitative motion properties of pedestrian trajectories in autonomous 

driving datasets? 

RQ1b: How do these trajectories differ from those found in traditional pedestrian datasets? 

RQ2a: What are the strengths and limitations of physics-based and data-driven models for 

pedestrian trajectory prediction? 

RQ2b: What are the potential advantages of hybrid models over individual modeling 

approaches? 

RQ3a: What are the main challenges associated with trajectory prediction using realistic, noisy 

data? 

RQ3b: To what extent does model performance degrade when using imperfect data as opposed 

to ideal input? 

4.3 Methodology 

In this section it is discussed how each of the RQs is answered with an experimental analysis. 

4.3.1 RQ1 – Analysis of Autonomous Driving vs. Traditional Datasets 

To address RQ1, datasets such as JAAD[64], Waymo, and Argoverse will be utilized as 

examples of real-world, on-vehicle sensor data capturing complex pedestrian-vehicle 

interactions. These will be compared with traditional benchmark datasets like ETH[61] and 
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UCY[62], which primarily involve pedestrian-only scenes. Statistical motion analysis tools 

such as OpenTraj[73] will be used to extract and compare motion properties like velocity[27], 

acceleration[29], interaction range, and trajectory curvature. 

4.3.2 RQ2 – Model Evaluation on Ideal Data 

For RQ2, both a physics-based model (SFM)[29] and a data-driven model (LSTM) 

[18]will be implemented and tested on clean, unaltered trajectories. SFM is selected for its 

interpretability and relevance to social interaction modeling, while LSTM is chosen for its 

strength in learning temporal dependencies. The models will be evaluated using standard 

metrics including Average Displacement Error (ADE)[74] and Final Displacement Error 

(FDE)[74] across multiple prediction horizons. Should either approach prove insufficient in 

accuracy, a hybrid model will be designed to integrate the strengths of both. 

4.3.3 RQ3 – Model Evaluation on Realistic Data 

To simulate realistic conditions, selected trajectories will be altered to reflect sensor 

noise, occlusions, and incomplete tracking mimicking real-world deployment scenarios. The 

same evaluation metrics (ADE, FDE) will be used to assess how model performance is 

affected[74]. This experiment will help identify the robustness of each model type, and 

determine if hybrid models provide better resilience under non-ideal conditions. 

4.4 Conclusion 

This chapter addressed the main challenges currently facing the field of pedestrian 

trajectory prediction and introduced a set of research questions aimed at bridging the gaps 

present in traditional modeling approaches particularly with regard to real-world data and the 

integration of knowledge-based and deep learning-based models. A detailed methodology was 

presented to answer these questions, involving a comparative analysis of different types of 

datasets, performance evaluation under both ideal and realistic conditions, and the design of a 

deployment framework for real-world implementation on autonomous vehicles. 

 The next chapter will focus specifically on the analysis of the JAAD dataset, which 

represents a realistic environment rich in pedestrian-vehicle interactions, making it a valuable 

reference for building and evaluating the proposed model. 
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5.1 Introduction 

In recent years, we have witnessed phenomenal advancements in autonomous driving 

technologies, which must be capable of accurately perceiving what is going on around them 

and making instantaneous, context-aware decisions. One of the most complex challenges in 

this area is dealing with pedestrians' behavior, which entails some randomness and lack of 

responsiveness. This is where the JAAD dataset (Joint Attention in Autonomous Driving) 

becomes useful. It was specifically designed to study the phenomenon of joint attention 

between pedestrians and cars. Joint attention refers to the ability of different drivers and 

pedestrians to comprehend each other's signals such as eye contact or body language and 

coordinate safe decisions. 

5.2 Definition of JAAD Dataset: 

The JAAD (Joint Attention in Autonomous Driving) dataset is a novel, high-quality, 

annotated collection of real-world video recordings designed to facilitate the analysis of 

pedestrian and driver behavior in urban traffic environments[64]. Created to address the 

complexity of joint attention the social interaction process by which pedestrians and drivers 

convey information through non-verbal cues[75]. JAAD provides dense annotations for 

pedestrian behavior, attributes (such as age, gender, and intention to cross), environmental 

conditions (such as weather and traffic density[76]), and scene elements (such as traffic lights 

and crosswalks) [66]. Composed of 346 video clips captured in various geographical locations 

and under varying conditions[64]. It includes annotations of subtle actions such as looking at 

oncoming vehicles, waving hands, decelerating while crossing[75]. The data was collected 

using vehicle-mounted high-resolution dash cameras in a variety of urban environments in 

North America and Europe [66], capturing real-world interactions from the driver's perspective 

As Figure 10 shows the dataset enables critical research in pedestrian detection, behavior 

prediction, and perception system development in autonomous driving [66]. 

https://data.nvision2.eecs.yorku.ca/JAAD_dataset/
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Figure 10:Example of annotations provided in the dataset: bounding boxes for all pedestrians, 

behavioral labels, gender and age for pedestrians crossing or intending to cross, contextual 

tags [74] 

5.3 Pedestrian Behavioral Properties in the JAAD Dataset 

Pedestrian behavior attributes are explored as presented in the JAAD dataset[66]. 

Various behavioral cues, including vehicle gaze, hand gestures, curb stops. The findings show 

that the vast majority of pedestrians perform communicative actions prior to crossing[75]. 

Temporary stops and glances in the direction of the approaching vehicle are the most frequent 

behaviors. The interactions were labeled in the JAAD dataset[66] with consistent annotation, 

allowing precise extraction and statistical analysis of interaction    patterns for various traffic 

scenarios and across ages[75]. 

 Other than analyzing communicative actions, age is also a key indicator of pedestrian 

behavioral characteristics. Research has proven that walking speed varies greatly across various 

age groups, with young individuals walking at an average speed of around 1.05 m/s, while older 

individuals walk slower at around 0.85 m/s[67]. These kinematic differences affect the way and 

the time pedestrians decide to cross[75], particularly in dynamic urban environments[67]. For 
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example, older pedestrians tend to take longer to cross after hesitation and are less likely to 

change direction or speed of movement abruptly. Understanding such distinctions is necessary 

in order to develop pedestrian behavior models capable of capturing age-related differences. As 

Figure 11 show. 

 

Figure 11:Effect of the age class on mean speed of individual pedestrians.[76] 

5.3.1 Interaction and Attention Efficiency 

In traditional data sets, path efficiency is defined as a proportion of the straight-line 

distance over the actual path length. In JAAD, this is made general for the calculation of 

interaction efficiency, i.e., the manner in which a pedestrian expresses and executes the 

intention to cross[75]. The majority of JAAD cases illustrate pedestrians making eye contact 

with the driver or providing a hand signal before crossing and hastily executing the movement. 

In contrast, inefficient interactions are characterized by delay or blocked crossings[75]. This 

measure is an indicator of the influence of social cues on movement efficiency in public 

spaces[66].  

5.3.2 Entropy and Predictability of Intention 

To quantify the variability and predictability of pedestrian behavior in JAAD, a 

Gaussian Mixture Model was trained on the annotated behaviors (e.g., walking, looking, 

stopping)[69]. The entropy of the distribution was estimated using kernel density methods. 
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Results show that JAAD has much higher entropy than usual datasets, due to the diverse 

behaviors and interaction types. Furthermore, conditional entropy analysis was conducted, 

measuring uncertainty[77] in future behavior within a 2.5s window of observation. High 

conditional entropy quantifies the presence of challenging-to-model behavior with simple 

motion predictors, further substantiating the need for multi-modal prediction models with visual 

features and context[52].  

5.3.3 Behavioral Deviations and Cues 

A very notable feature of JAAD is the introduction of non-bodily motion cues such as 

behavioral cues. Curvatures deviating from straight motion, here, are not only given 

geometrical connotations (rate of change over time of angle of heading), but also weighed 

considering intent to move[75]. People generally change direction or halt according to their eye 

contact visibility by the car or responsiveness to surrounding stimuli[75]. The deviation of 

angles calculated at important time points (e.g., 1.5s and 3.0s) reflects that these deviations are 

not always smooth or uniform, which suggests cognitive processing such as risk assessment 

and decision-making[69]. 

5.4 Overview of JAAD Dataset Structure  

When you download the JAAD dataset, you will receive a folder structure which will 

include folders of videos, annotations and metadata files[64]. Here is a detailed description of 

each file type:  

5.4.1 Video Files 

The JAAD dataset is composed of a series of short video recordings from a dashboard-

mounted camera in a moving vehicle, approximating the perception of an autonomous 

vehicle[9] navigating real urban environments[66]. The clips give rich contextual detail to the 

study of human-vehicle interactions, capturing subtle pedestrian behaviors such as hesitation, 

beginning of crossing, and direction of gaze towards encroaching traffic[54]. 

5 4. .2 Annotations Files 

These are the core of the dataset. Usually in XML, CSV, or TXT format depending on 

the version. They contain frame-level and object-level metadata for each video[64]. 

Typical fields in annotation files: 
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Field 

 

Description 

 frame  The frame number within the video 

id Unique object identifier (e.g., a pedestrian ID) 

bbox Bounding box coordinates: [x, y, width, height] 

behavior Observed behavior: walking, crossing, standing, looking, etc. 

Weather Weather conditions (e.g., sunny, rainy) 

scene_type Scene context: urban, suburban, etc. 

time_of_day Time category: day, night, morning, etc. 

location City or country where the video was recorded 

Table 2:explain the components of the annotations file 

5.4.3 JAAD _clips 

This directory contains raw video clips that have been used in the JAAD (Joint Attention 

in Autonomous Driving) dataset. Each is a short actual urban driving scenario (typically 5 to 

15 seconds) captured by a camera mounted on a dashboard[64]. They are the primary source 

for analyzing pedestrian activity and vehicle-to-pedestrian interaction across multiple 

environmental contexts[66]. 

Video Characteristics: 

 Formats: Videos are provided in MP4 format[64]. 

 Total clips: 346 MP4 videos, each lasting between 5 and 10 seconds, and totaling over 

82,032 frames[64]. 

 Resolution: Most of the videos contain 1920×1080pixels, but a few are slightly different 

depending on the equipment used for recording[66]. 

 Frame rate: Typically, 30 frames per second (fps)[64]. 

 These clips are saved in a folder named JAAD_clips and are labeled with sequential 

numbers (video_0001.mp4, video_0002.mp4, etc.). Frame-by-frame annotations for 

these videos are provided separately as CSV or TXT, and not embedded as part of the 

video files[66]. 
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5 .4.4. attributes.txt / attributes.csv 

The attributes.txt and attributes.csv are core components of the JAAD dataset, 

consisting of static pedestrian descriptions that occur in the video shots[64]. The data is used in 

pedestrian movement classification and analysis across different situations and is very helpful 

in training models to be capable of distinguishing patterns of interaction based on a person's 

characteristics. These files include a variety of features such as gender, age, and so forth in 

numeric or text forms suitable for computation[64]. Typical fields include: 

Field Description 

Id Pedestrian ID 

Gender Male or Female 

Age_group Young, Adult, Meadle aged adult, Older 

Group_size Number of people walking together in the 

group 

Motion_direction Direction of movement (e.g., LONG for 

longitudinal or LAT for lateral) 

Looking Whether the pedestrian is looking toward the 

vehicle 

Crossing Is the pedestrian crossing the road? 

Walking Is the pedestrian walking? 

traffic_direction / num_lanes The direction of traffic flow and number of 

road lanes present in the scene 

Table 3:Description of the content of the file attributes.txt/ attributes.csv 

5.4.5 Vehicle Motion Annotations  

The file `video_x_vehicle.xml` contains vehicle motion annotations at the frame level 

for a specific video clip in the JAAD dataset[64]. It is structured in XML format and records 

how the vehicle (from which the video was recorded) behaves over time[64].The file consists 

of a series of frame elements, each with: 

 Id: the frame number. 

 Action: the vehicle's motion status at that frame. 
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Types of Actions 

Each frame is labeled with one of the following values: 

 moving slow: the vehicle is moving at a low speed. 

 decelerating: the vehicle is slowing down. 

 stopped: the vehicle is stationary. 

 accelerating: the vehicle is speeding up. 

5.4.6 Pedestrian Appearance file 

The video_x_appearance.xml file in dataset JAAD contains detailed annotations 

describing the visual appearance of pedestrians in each video frame[64]. The data is structured 

as a sequence of <box> elements within a <track> block, which represents the tracking of an 

individual pedestrian throughout the clip[75]. Each box corresponds to a single frame and 

records a variety of appearance-related attributes, including: 

 Clothing: color of upper and lower garments (light/dark)[64]. 

 Accessories: such as backpacks, handbags, shoulder bags, strollers, umbrellas, caps, or 

sunglasses[64]. 

 Object interaction: such as carrying a phone or having a baby[64]. 

 Pose/direction: the visible body orientation (front, back, left, right) based on the 

pedestrian’s position and movement in the scene[64]. 

5.4.7 traffic file content 

The file contains annotated information related to a traffic scene from the JAAD dataset, 

providing a detailed description of each frame in the corresponding video. with each frame 

having an ID and several attributes indicating the presence of traffic-related elements: 

 id: The frame number within the video. 

 ped_crossing: Indicates whether a pedestrian crossing is visible in the frame (`0` = not 

present). 

 ped_sign: Specifies whether there is a pedestrian traffic sign (`0` = not present). 

 stop_sign: Indicates whether a stop sign is visible (`0` = not present). 

 traffic_light: Shows the state of the traffic light; usually set to `n/a` (not applicable) in this 

scene. 
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5.5 Comparison with Traditional Datasets   

Given the importance of selecting an appropriate dataset for studying pedestrian 

behavior and their interactions in urban environments, it is beneficial to compare some of the 

most widely used datasets in this domain. Such a comparison provides a clearer understanding 

of the strengths and limitations of each dataset (JAAD , ETH , UCY , SDD ), helping 

researchers make informed choices based on their specific objectives. Below is a comparison 

table: 

Feature / 

Dataset 

 

jaad[64] ETH[61] / 

UCY[62] 

Stanford 

Drone 

(SDD)[78] 

Data Type Video + 

Behavioral 

Annotations 

Trajectory 

Coordinates 

(2D) 

Drone Video 

+ 

Trajectories 

Camera 

Angle 

From inside a 

vehicle 

(dashboard 

view) 

Top-down / 

Fixed 

camera 

Top-down 

(drone) 

Pedestrian 

Behavior 

Yes (looking, 

stopping, 

crossing, etc.) 

No 
Partially 

 

Interaction 

with 

Vehicles 

Yes No Yes 

Annotations Behavior + 

Demographics 

+ Context 

Trajectories 

only 

Object 

locations 

only 

Primary 

Purpose 

Pedestrian 

intention and 

social 

behavior 

Trajectory 

prediction 

Trajectory 

prediction & 

group 

interaction 

https://data.nvision2.eecs.yorku.ca/JAAD_dataset/
https://icu.ee.ethz.ch/research/datsets.html
https://icu.ee.ethz.ch/research/datsets.html
https://paperswithcode.com/dataset/ucy
https://paperswithcode.com/dataset/ucy
https://cvgl.stanford.edu/projects/uav_data/
https://cvgl.stanford.edu/projects/uav_data/
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Objects in 

Scene 

Pedestrians 

and vehicles 

Pedestrians 

only 

Pedestrians + 

Vehicles + 

Bicycles 

Availability Free for 

research 

Free Free 

Table 4:Comparison between traditionel datasets 

75. Advantages of the JAAD Dataset 

the JAAD dataset offers a valuable resource for research on pedestrian intent and joint 

attention in urban settings, thanks to its detailed behavioral annotations and realistic 

environments[66]. Here are some of its advantages: 

5.7.1 New Focus on Human Intent and Joint Attention 

JAAD is among the earliest datasets to directly record and annotate pedestrians' intent 

and joint attention behaviors such as glancing at the car or pointing. This focus makes it 

particularly well-suited for study of the social dynamics of drivers and pedestrians[66]. 

5.7.2 Naturalistic Urban Scenarios 

The videos were recorded on real-world city streets under variable weather and lighting 

conditions (e.g., sunny, rainy, cloudy), which makes the dataset more applicable to real-world 

autonomous driving scenarios[75]. 

5.7.3 Fine-Grained Behavioral Annotations 

Every pedestrian is annotated with fine-grained behavior labels such as walking, 

standing, crossing, looking, and hand gestures, which facilitate intention prediction and social 

behavior modeling research[79]. 

5.7.4 Well-Structured and Accessible 

The data is available for research, provided in structured TXT and CSV formats which 

are easy to process using common data science tools[66]. 

5.8 Limitations of the JAAD Dataset 

Though advanced, its limited scope, lack of 3D or vehicle data, and narrow cultural 

diversity make generalization and wider use in large-scale autonomous driving systems 

difficult. Some of its limitations include: 
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.85 .1 Constraints of Dataset Scale and Sensory Coverage 

The JAAD dataset is limited in scale and sensory coverage, with only 346 clips, 2D 

annotations, and no 3D or vehicle motion data restricting its usefulness for complex behavior 

modeling and contextual driver-pedestrian interaction.[79]. 

5.8.2 Limitations in Behavioral Diversity and Cultural Representativeness 

Most JAAD scenes feature only one or two pedestrians, limiting the modeling of group 

or crowd behaviors. Additionally, the dataset lacks cultural diversity, with recordings mainly 

from Canada and Russia, which may reduce the generalizability of learned behavior 

models[80]. 

5.9 Conclusion 

This chapter has provided a detailed examination of the JAAD dataset, ranging from 

motion properties to behavioral deviations, interaction efficiency, and intention predictability 

of pedestrians. The dataset is unique compared to conventional datasets due to the availability 

of behavioral annotations and context-rich scenes. Its complexity demands state-of-the-art 

models that go beyond trajectory extrapolation to include intention recognition and attention 

modeling. In its current form, JAAD is an excellent dataset for developing and testing behavior-

aware autonomous driving systems. 

The following chapter explores the Social Force Model (SFM) as one of the most 

effective approaches in this area, highlighting its integration with deep learning techniques to 

enhance trajectory prediction and evaluate outcomes using metrics.  
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6.1 Introduction 

Understanding pedestrians' behavior in urban areas is an essential element of the 

development of intelligent mobility systems, like autonomous cars, crowd management 

systems, and city planning tools. Among the theoretical models that have proved to be effective 

in this area, the Social Force Model (SFMs) is one of the strongest frameworks for explaining 

human interactions using both physical and behavioral laws. This chapter is a detailed 

examination of the SFMs, describing its key elements self-driving, social, and environmental 

forces, and how these are mathematically represented to achieve realistic pedestrian motion. 

Furthermore, it describes the approach utilized to extract motion and context features that 

underlie the model and discusses the manner in which features are fused within a hybrid 

framework that incorporates SFM and deep learning models with a view to enhancing the 

predictive accuracy of pedestrian trajectories. The chapter concludes by describing evaluation 

metrics and discussing performance outcomes from empirical experiments. 

6.2 Social Force Models (SFMs): 

Social Force Models (SFMs) are computational models used to simulate pedestrian 

movement in crowded environments based on the laws of classical mechanics[70]. These 

models represent the motion of individuals as driven by virtual social forces that encapsulate 

both psychological motivations and physical constraints[29]. The fundamental forces in SFMs 

include: (1) self-driving forces, which represent an individual’s intention to move toward a goal 

at an optimal speed and direction; (2) social-interactive forces, which account for repulsive 

interactions with other pedestrians to avoid collisions and simulate group behavior, and (3) 

environmental forces[29], which arise from obstacles and physical boundaries such as walls or 

vehicles. The combined effect of these forces is used in differential equations to compute the 

acceleration and subsequent motion of each pedestrian. This allows SFMs to simulate collective 

phenomena such as lane formation, crowd bottlenecks, and dynamic path adjustments[29]. 
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Despite their simplicity, SFMs provide a mathematically grounded and computationally 

efficient approach to modeling pedestrian dynamics[29]. 

 

Figure 12:Components of the Social Force Model 

6.3 Social Force-Based Pedestrian Modeling and it’s feature Extraction 

The effectiveness of pedestrian trajectory prediction using Social Force Models (SFM) 

largely depends on the accurate extraction and interpretation of features that characterize human 

motion[70], interactions[24], and environmental context[26]. These features can be categorized 

into three main types: self-driven forces, social-interactive forces, and environmental forces, 

each playing a specific role in the decision-making and movement patterns of pedestrians[29]. 

𝑇𝑜𝑡𝑎𝐿 𝐹𝑜𝑟𝑐ⅇ = 𝐹𝑠ⅇ𝑙𝑓 + 𝐹𝑠𝑜𝑐𝑖𝑎𝑙 +  𝐹𝑒𝑛𝑣   [29] 

(1): Social Force 

6.3.1 Self-Driven forces Features 

The self-driving forces represents the internal motivation of a pedestrian to move 

toward a specific destination with a desired speed and direction. It is goal-directed and dominant 

in unconstrained scenarios[81]. Formally, it is defined as: 
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Fself= 𝑚.
𝑣𝑑𝑒𝑠−𝑣(𝑡)

𝑇
    [81] 

(2): self-driving forces 

Where: 

 𝑚 is the pedestrian's mass (usually normalized)[81], 

 𝑣𝑑𝑒𝑠 is the desired velocity vector (i.e., speed and direction toward the goal)[81], 

 𝑣(𝑡) is the current velocity[81], 

 𝑇 is a relaxation time parameter (e.g., 0.5–1.5 s) representing how quickly a pedestrian 

adjusts to the desired velocity[81]. 

This force seeks to minimize the discrepancy between the current velocity and the target 

one, enabling gradual and realistic acceleration toward a goal. For example, a pedestrian aiming 

to cross the street will align their heading and speed to reach the sidewalk on the opposite side 

while adjusting for real-time conditions[82]. 

Self-driven forces originate from the pedestrian’s personal goal, such as moving toward 

a destination at a desired speed. The fundamental features include: 

a) Velocity: 

Represents the actual speed of the pedestrian, calculated from the x and y motion 

components. It indicates how fast the person is moving: 

𝑣𝑥(𝑡) =
𝑥𝑡−𝑥𝑡−1

𝛥𝑡
 , 𝑣𝑦(𝑡) =

𝑦𝑡−𝑦𝑡−1

𝛥𝑡
 , 𝑤ℎⅇ𝑟ⅇ 𝛥𝑡 =

1

30
𝑠ⅇ𝑐𝑜𝑛𝑑𝑠(𝑓𝑜𝑟 30 𝑓𝑝𝑠)    

𝑣𝑡 = √𝑣𝑥(𝑡)
2 + 𝑣𝑦

2(𝑡) 

(3): Velocity 

b) Acceleration: 

It measures the change in a pedestrian's speed over time and is used to estimate self-

propulsion or the need to adjust velocity: 
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𝑎𝑥(𝑡) =
𝑣𝑥,𝑡−𝑣𝑥,𝑡−1

𝛥𝑡
⋅ 𝑎𝑦(𝑡) =

𝑣𝑦,𝑡−𝑣𝑦,𝑡−1

𝛥𝑡
        𝑎𝑡 = √𝑎𝑥,𝑡

2 + 𝑎𝑦,𝑡
2  

(4): Acceleration 

It indicates whether a pedestrian is speeding up or slowing down, which can be essential when 

anticipating stops or starts. 

6.3.2 Social Interaction Features 

The social force models the repulsive effect that other pedestrians and moving entities 

(e.g., vehicles) have on an individual to avoid collisions and preserve personal space. Each 

surrounding agent j exerts a force inversely proportional to the distance between them and the 

pedestrian. One popular formulation is: 

𝐹𝑠𝑜𝑐𝑖𝑎𝑙(𝑗)=𝐴 ⋅ ⅇ𝑥𝑝 (
𝑟𝑖𝑗−𝑑𝑖𝑗

𝐵
) ⋅ 𝑛𝑖𝑗    [29] 

(5): Social Interaction 

Where: 

 𝐴 is the interaction strength, 

 𝐵 is the interaction range, 

 𝑑𝑖𝑗   is the current distance between pedestrian iii and agent j, 

  𝑟𝑖𝑗 is the sum of their radii (modeling physical body sizes), 

 𝑛𝑖𝑗 =
𝑃𝑖−𝑃𝑗

‖𝑃𝑖−𝑃𝑗‖
is the normalized direction vector pointing from j to i. 

The exponential formulation reflects that pedestrians react more strongly to close threats 

than distant ones. This force causes people to veer away from each other or slow down to avoid 

overlap, especially in dense or crowded environments. When extended to include vehicles, a 

modified force can account for their higher speed and risk level[29]. 

The social interaction force simulates repulsive behaviors that prevent collisions with 

dynamic agents, especially vehicles. 
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a) Nearest Neighbor Distance: 

The distance to the closest nearby pedestrian. This feature helps model social interaction 

and collision avoidance. Its mathematical expression is as follows: 

𝑑𝑛𝑛(𝑡) = 𝑚𝑖𝑛 √(𝑥𝑡
𝑗

− 𝑥𝑡
𝑖)

2
+ (𝑦𝑡

𝑗
− 𝑦𝑡

𝑖)
2
   ,𝑗 ≠ 𝑖 

(6): Nearest Neighbor Distance 

b) Nearest Neighbor Velocity X/Y: 

These features capture the x and y components of the velocity of the pedestrian who is 

spatially closest to the target pedestrian at a given time step: 

𝑡ℎⅇ𝑠ⅇ 𝑎𝑟ⅇ 𝑡ℎⅇ 𝑣𝑎𝑙𝑢ⅇ𝑠 (𝑣𝑥,𝑡
𝑗

, 𝑣𝑦⋅𝑡
𝑗

) 𝑜𝑓 𝑡ℎⅇ 𝑛ⅇ𝑎𝑟ⅇ𝑠𝑡 𝑛ⅇ𝑖𝑔ℎ𝑏𝑜𝑟 𝑗 𝑓𝑜𝑢𝑛𝑑 𝑢𝑠𝑖𝑛𝑑 𝑡ℎⅇ 𝑑𝑖𝑠𝑡𝑎𝑛𝑐ⅇ 𝑎𝑏𝑜𝑣ⅇ          

6.3.3 Environmental Features 

Environmental forces arise from static obstacles in the environment, such as walls, 

curbs, buildings, parked cars, or street furniture. These obstacles induce a repulsive potential 

that prevents pedestrians from colliding with or walking through them. A typical formulation 

is: 

𝐹𝑒𝑛𝑣
(𝑘)

= 𝐴′ ⋅ ⅇ𝑥𝑝 (
𝑟𝑖−𝑑𝑖𝑘

𝐵′
) ∙ 𝑛𝑖𝑘  [83] 

(7): Environmental 

Where: 

  𝐴′and  𝐵′ are environment-specific constants, 

 𝑑𝑖𝑘 is the distance between pedestrian iii and obstacle 𝑘, 

 𝑛𝑖𝑘 is the normal vector from the obstacle surface pointing toward the pedestrian. 

This force helps ensure that pedestrian trajectories remain physically feasible, such as 

walking around walls instead of through them. It also guides behavior on sidewalks or 

crossings, where environmental boundaries constrain motion into navigable zones[83]. 



    CHAPTER 6: PREDICTION ON CLEAN DATA 

 

50 

 

In more advanced models, environmental forces can include semantic features such as 

designated walkways, road signs, or traffic light status. For example, pedestrians may wait 

before crossing when detecting a red light or may be attracted to crosswalks[83]. 

Environmental factors influence the decision-making process indirectly, as pedestrians 

adapt to physical and semantic surroundings. 

 

a) Goal Distance: 

The current distance from the pedestrian to their target location. It provides a measure 

of how far they are from their destination. Its mathematical expression is as follows: 

𝑑𝑔𝑜𝑎𝐿 = √(𝑥𝑔𝑎𝑜𝐿 − 𝑥)
2

+ (𝑦𝑔𝑜𝑎𝐿 − 𝑦)
2
  

(8): Goal Distance 

b) Goal Angle: 

The angle between the pedestrian's current position and the direction toward their goal (last 

frame). It helps determine the desired walking direction. Its mathematical expression is as 

follows: 

𝜃𝑔𝑜𝑎𝐿
= 𝑎𝑟𝑐𝑡𝑎𝑛 (

𝑦𝑔𝑜𝑎𝐿
− 𝑦

𝑥𝑔𝑜𝑎𝐿
− 𝑥

) 

 (9): Goal Angle 

This feature set provides a comprehensive foundation for modeling pedestrian behavior 

under the SFM framework. Each variable contributes to a better understanding of how 

pedestrians interact with their environment, adapt to moving agents, and pursue personal 

goals[84].  
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6.4 Classification Criteria: 

   The methodology section classifies hybrid knowledge-based models with deep 

learning for pedestrian trajectory prediction, evaluating model type, network structure, 

prediction task, and incorporation of deep learning. The classification determines the way 

hybrid models combine knowledge-based reasoning and deep learning to make improved 

predictions. 

To evaluate pedestrian trajectory prediction models in an organized manner, we detail 

the following evaluation criteria from literature considered: 

 Model Type: Checks if the approach is knowledge-based models such as the Social Force 

Model (SFM) or Optimal Reciprocal Collision Avoidance (ORCA) or other rule-based and 

graph-based approaches. 

 Network Structure: Checks if models are rule-based, agent-based, or deep learning-based 

structures. 

 Prediction Tasks: Categorizes tasks such as interaction modeling, trajectory planning, and 

collective behavior analysis. 

 Use of Advanced AI Techniques: Investigates whether Reinforcement Learning (RL), 

Inverse Reinforcement Learning (IRL), or other AI-enforced methods are employed. 

 Model Applications: Investigates model uses such as high-density crowd simulation, metro 

stations, stadiums, and mass events. 

 Interpretability: Investigates how well the model explains its predictions and supports 

decision-making in real-world scenarios.  



 

  
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Aricle Model Type Model 

Structure 

  

predection tasks the use of 

advanced AI 

Model Applications Interpretability 

SFM OR 

CA 

OTHE

R 

intera

ction 

trajecto

ry 

plannin

g 

collectiv

e 

behavio

r 

analysis 

R

L 

IR

L 

OTHER high-density crowd 

simulations 

 

metr

o 

statio

ns 

stadi

ums 

large 

event

s 

Ningbo 

Cao -

2020-

[85] 

X  FSFM SFM, 

enhanced with 

FL 

SPT OCE IDE   Integrate

s FL 

with the 

SFM 

PGF OCE OES Highly 

Interpretable 

Manon 

Prédhu 

meau 

2020-

[86] 

X   SFM, 

enhanced with 

SRD 

SPT PMC SRC   Integrate

s SRM 

with 

SFM 

PGF SMG OES. Highly 

Interpretable 

Dongfa 

ng Yang 

2020-

[87] 

X  VPI  SFM CMA PMD PGA   MPC PGF OCE  Highly 

Interpretable 
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Maria 

Kabtou l-

2020- 

[88] 

  PVC Behavioral 

model 

CMA PMC PGA    CMA OTM OES Highly 

Interpretable 

Manon 

Prédhum

eau 

-2021-

[89] 

X  ABM SFM, 

enhanced 

with ABM 

CMA   PMD PGA   ABM,de

cision 

models, 

and 

robotic 

simulati

on tools 

SAP CMA EBT Highly 

Interpretable 

Dongfan

g Yang 

 -2021-

[90] 

  SG-

SFM 

SFM, 

enhanced with 

SG-SFM 

EBT SPV    SG-SFM SPS OTM EBT Highly 

Interpretable 

Sven 

Kreiss 

-2021-

[91] 

  DSFM SFM, 

enhanced with 

DNN 

EPA PMC OTM   DNN  PGF OCE OES Moderately 

interpretable 

Peng 

Wang 

Xiaoda 

Wang 

-2021-

[92] 

X   SFM 

modified with 

psychological 

factors for 

Newton’s 

laws. 

SPT PMC IDE   psychol

ogical 

theories 

(Yerkes

–

PGF OES IDE Highly 

interpretable 
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Dodson 

Law) 

Jinrui 

Liu -

2021-

[93]  

  SCM+

AFF 

Cellular 

Automata 

enhanced with 

subdivided 

cells and 

anticipation 

field. 

OES OCE ELE    PGF OCE OES Highly 

interpretable 

Senlin 

Mu  -

2022-

[94] 

 X  DRL-based 

hierarchical 

model 

SPT PMD IDE X   OME OCE OES Highly 

interpretable 

Gaining 

Han-

2022-

[95] 

X   Human-

Vehicle -SFM 

CMA PMD PRV   Combine

s 

behavior

, social 

forces, 

and 

virtual 

forces 

for 

shared 

spaces. 

SAP OTM EBT Highly 

interpretable 
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Predhum

eau-

2022-

[96] 

X   ABM-SFM CMA PMC PGA   Expert 

Model 

SAP CMA EBT Highly 

interpretable 

 

Yongqin

g Guo-

2022-

[97] 

X   SFM 

enhanced with 

signal 

countdown 

and pedestrian 

interaction. 

CMA EBT SPM    OME OCE EBT Highly 

interpretable 

 

Balint 

Varga,20

23[98] 

X   MDP White-box 

framework for 

pedestrian-

AV 

interactions. . 

CMA PMC PGA   Integrate

s DNN, 

MDP 

and PSO 

SAP CMA PGA High 

Interpretability 

Iuliia 

Kotserub

a,2 

023 [99] 

  Intend-

Wait-

Percei

ve-

Cross 

Model 

ABM with 

perceptual 

constraints 

like FoV, 

memory, and 

scanning. 

SPIO PMC SPIO   Integrate

s FoV 

modelin

g, 

memory,

. 

SPT PGF  High 

Interpretability 

Haifeng 

Sang, 

2024[42] 

X   Physics-

Constrained 

Model 

CMA PMC PGA X  *  OCE OES High 

Interpretability 
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(FL): Fuzzy Logic; (SRD): Social Relationship Dynamics; (PSO): Particle Swarm Optimization; (MDP): Markov Decision Process; (SRM): Social 

Relationship Modeling; (VPI): Vehicle-Pedestrian Interaction; (MPC): Model Predictive Control; (PVC): Pedestrian-Vehicle Cooperation Behavioral 

Model; (SG-SFM): Sub-Goal Social Force Model; (SFM): Social Force Modeling; (DSFM): Deep Social Force Model; (DNN): Deep Neural Networks; 

(ABM): Agent-Based Modeling; (SCM): Subdivided Cellular Automata Model; (AFF): Anticipation Floor Field. (SPT): Pedestrian interaction by social 

ties; (SPS): Pedestrian-AV interaction in shared spaces; (EBT): Pedestrian behavior in mixed traffic; (OCE): Crowd evacuation in events; (PMC): 

Pedestrian movement with cooperation; (PMD): Pedestrian movement by density & AVs; (PGA): Group dynamics with AVs; (PGF): Passenger flow 

by social ties; (OTM): Traffic management by crowd motion; (CMA): Crowd movement around AVs; (OES): Event space & evacuation optimization. 

(*): Integrates a differential constraint module to enforce motion law.

Dongkun 

Zhang, 

2024[43] 

 X  Policy-

Embedded 

Planner 

integrating 

rule-based & 

neural policy 

CMA PMC PGA X    OCE,  

OTM 

 High 

Interpretability 

Table 5:Comparative Summary of Pedestrian Trajectory Prediction Studies Based on Scene Type, Dataset, Prediction Task, and Evaluation Metrics. 

https://ieeexplore.ieee.org/author/37087886680
https://ieeexplore.ieee.org/author/37087886680


 

 

6.5 Hybrid architecture: 

The diagram below represents a code-level abstraction of the proposed hybrid model 

architecture for pedestrian trajectory prediction. This hybrid approach combines explicit 

physical modeling through the Social Force Model (SFM) with the temporal learning power of 

Deep Learning (DL). Each block in the figure corresponds to an actual component or function 

within the implementation pipeline, highlighting how the system is organized in code and how 

data flows through each stage. 

 

Figure 13:hybride model architecture 
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Figure 14:Categorization of Extracted Features for Pedestrian Trajectory Prediction 

The hybrid model architecture is designed to combine the strengths of knowledge-driven 

and data-driven approaches for pedestrian trajectory prediction. It leverages structured physical 

and contextual insights from the Social Force Model (SFM)[29] alongside the temporal 

modeling capabilities of deep learning, specifically LSTM ,BiLSTM and GRU enhanced with 

attention and multi-stage decoding[18]. This integration enables the system to capture both low-

level kinematic patterns and high-level social interactions, resulting in more accurate and 

context-aware trajectory forecasts. 

a) Data Extraction and Preprocessing) JAAD XML and CSV Integration ( 

 The codebase begins by loading pedestrian trajectory data from the JAAD dataset, 

specifically from .xml and .csv files. 

 XML files provide frame-by-frame annotations, including pedestrian locations, traffic 

light states, and vehicle actions. 

 The resulting structured data includes time-series sequences of (x,y) coordinates, IDs, 

and contextual tags, and is saved in intermediate CSV files for modular access. 
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b)  Knowledge-Based Module (KB Model using SFM) 

 SFM Integration: The Social Force Model computes dynamic interaction-aware 

features to represent the influence of social and physical forces on pedestrian behavior. 

 Computed Features: 

• Kinematic Attributes: Velocity, acceleration, and derived motion properties. 

• Social Metrics: Nearest neighbor distance and velocity. 

• Goal-Oriented Descriptors: Goal distance and goal angle. 

c) Deep Learning Model (DL Model) 

 Input Layer: The raw position data and the extracted SFM features are concatenated 

to form a dense input vector, which is passed into the deep learning pipeline. 

 LSTM Encoder : 

• Learns sequential dependencies from historical motion data. 

• Captures short-term and long-term behavioral patterns of pedestrians. 

 Decoder : 

• Refines encoded representations to produce future trajectory predictions. 

• Incorporates outputs from attention mechanisms, enabling focus on significant 

input segments. 

 Outputs and Evaluation : 

 Model performance is assessed using common trajectory prediction metrics such 

as ADE (Average Displacement Error), FDE (Final Displacement Error), MSE, 

CMSE, and CFMSE. 

6.6 Evaluation Metrics for Pedestrian Trajectory Prediction 

To quantitatively assess the accuracy of trajectory prediction models, several error 

metrics are commonly used to compare predicted trajectories against the ground truth. These 

metrics provide insight into spatial deviations, temporal alignment, and overall prediction 

quality. In this section, we describe the most widely adopted metrics: Average Displacement 

Error (ADE), Final Displacement Error (FDE), Dynamic Time Warping (DTW), Mean Squared 

Error (MSE), Cumulative Mean Squared Error (CMSE), Cumulative Frame Mean Squared 

Error (CFMSE). 
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6.6.1 Average Displacement Error: 

The Average Displacement Error (ADE) measures the mean Euclidean distance 

between the predicted and actual positions over the entire trajectory. It reflects the overall 

accuracy of the model across all predicted time steps. 

ADE=
1

𝑛
∑ √(𝑥𝑖 − 𝑥̂𝑖)2 + (𝑦𝑖 − 𝑦̂𝑖)2

𝑛

𝑖=1
       [100] 

 (10): Average Displacement Error 

Where: 

 n is the number of predicted time steps, 

 (𝑥𝑖, 𝑦𝑖)) are the ground truth coordinates at time step iii, 

 (𝑥̂𝑖, 𝑦̂𝑖)are the predicted coordinates at the same step. 

This metric captures the average spatial deviation over time and is sensitive to consistent drift 

in the trajectory. 

 

Figure 15:Average Displacement Error (ADE) 

6.6.2 Final Displacement Error: 

The Final Displacement Error (FDE) measures the Euclidean distance between the 

predicted final point and the ground truth final point. It focuses on long-term prediction 

accuracy. 

FDE= √(𝑥𝑖 − 𝑥̂𝑖)2 + (𝑦𝑖 − 𝑦̂𝑖)2     [100] 
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(11): Final Displacement Error 

FDE is particularly important in applications where the final destination is critical, such 

as in autonomous navigation or human intention prediction. 

 

Figure 16:Final Displacement Error (FDE) 

6.6.3 Dynamic Time Warping: 

Dynamic Time Warping (DTW) is a temporal alignment metric that measures the 

similarity between two sequences (predicted and actual trajectories) by finding the optimal 

nonlinear mapping between them. Unlike ADE or FDE, DTW can handle trajectories that differ 

in time or speed but follow similar spatial paths. 

DTW(𝑇1, 𝑇2)= min
π

∑ 𝑑(𝑇1[𝑖], 𝑇2[𝑗])(𝑖,𝑗)∈𝜋          [101] 

(12): Dynamic Time Warping 

Where: 

 π is a warping path. 

 𝑑(⋅,⋅) the Euclidean distance. 

Lower DTW values indicate more similar trajectories in both space and progression over time. 
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6.6.4 Mean Squared Error: 

MSE is a standard statistical measure used to quantify the average squared difference 

between the predicted and actual positions: 

MSE= 
1

𝑛
∑ ‖𝑃𝑖 − 𝑃̂𝑖‖

2𝑛

𝑖=1
          [102] 

(13): Mean Squared Error 

Where 𝑃𝑖 and 𝑃̂𝑖  represent the true and predicted points at timestep iii. 

MSE is widely used as a loss function during training due to its differentiability and penalization 

of larger errors. 

6.6.5 Cumulative Frame Mean Squared Error: 

CFMSE calculates the mean of the squared errors frame-by-frame (i.e., timestep by timestep) 

over the full trajectory. It reflects the accumulated error across time: 

 

CFMSE=
1

𝑛
∑ [(𝑥𝜆 − 𝑥̂𝑖)2 + (𝑦𝑖 − 𝑦̂𝑖)

2]
𝑛

𝑖=1
     [103] 

(14): Cumulative Frame Mean Squared Error 

This metric provides insight into how errors evolve throughout the predicted sequence. 

6.6.6 Cumulative Mean Squared Error: 

CMSE is a time-dependent variation of MSE, calculated cumulatively up to a given 

timestep k. It helps track the model’s performance over time: 

𝐶𝑀𝑆𝐸𝑘 =
1

𝑘
∑ ‖𝑃𝑖 − 𝑃̂𝑖‖

2𝑘

𝑖=1
  [103]     

  (15): Cumulative Mean Squared Error 

By plotting CMSE over time, one can observe whether the model’s prediction error 

grows or decreases along the trajectory. 
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6.7 Our Results of Metrics: 

The results shown in the comparative table illustrate that integrating the Social Force 

Model (SFM) into deep learning architectures (LSTM, GRU, and BiLSTM) leads to consistent 

and significant performance improvements in pedestrian trajectory prediction. Across all 

temporal metrics including MSE at 0.5s, 1.0s, and 1. 

Moreover, in terms of spatial error metrics, the SFM_BiLSTM model again 

outperformed all others, achieving the lowest Average Displacement Error (ADE = 17.0444) 

and Final Displacement Error (FDE = 24.6534). These improvements indicate that the hybrid 

model not only predicts more accurate positions over time but also better aligns with the true 

final destination of pedestrians. The SFM-enhanced LSTM and GRU models also showed 

strong improvements across most metrics, though to a slightly lesser extent than the BiLSTM 

configuration. This suggests that the bidirectional architecture of BiLSTM, when combined 

with socially-aware modeling, offers the best predictive capabilities among the tested 

variants.As figure 17 shows. 

Overall, the experimental findings strongly support the hypothesis that embedding 

social interaction models such as SFM into data-driven frameworks significantly enhances their 

ability to anticipate realistic pedestrian trajectories. By explicitly accounting for inter-agent 

influences, collision avoidance, and group dynamics, these hybrid models better reflect the 

complexities of human movement. 

Metric LSTM GRU BiLSTM SFM_LSTM SFM_GRU SFM_BiLSTM 

MSE @ 0.5s 226.6002 595.8923 576.8247 365.5771 313.5808 213.3009 

MSE @ 1.0s 482.4144 530.8178 711.3059 555.9243 388.8210 287.0850 

MSE @ 1.5s 711.5703 2213.4063 1195.6312 983.8686 766.6855 450.7435 

CMSE over 

1.5s 

473.3442 786.3802 803.4028 520.3348 392.8069 280.8758 

CFMSE @ 

1.5s 

711.5703 2213.4063 1195.6312 983.8686 766.6855 450.7435 

ADE 23.5094 33.1052 31.8195 22.8255 20.6705 17.0444 

FDE 34.5808 65.6454 89.8911 35.7499 32.9701 24.6534 

 

Table 6:Performance Comparison of Pedestrian Trajectory Prediction Methods 
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Figure 17:comparison of sfm performance metrics using clustered column chart 

6.8 Visual Analysis of Prediction Quality: 

In addition to the quantitative 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. 

6.8.1 DL Model Analysis  

To complement the quantitative evaluation, we present qualitative insights into the 

performance of the deep learning (DL) model using BiLSTM. The analysis draws upon three 

visual components: the training curve, predicted trajectories, and coordinate distributions, 

which together provide a comprehensive perspective on the model’s learning dynamics, spatial 

accuracy, and statistical fidelity. 

a) Training Curve: 
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The BiLSTM-only model demonstrates a consistent decline in Mean Squared Error 

(MSE) across epochs. The training loss initiates at approximately 0.06 and steadily decreases 

to around 0.016, while the validation loss starts near 0.017 and reaches a stable value close to 

0.004 by the final epochs. The small and stable gap between training and validation losses 

indicates good generalization, though a slightly slower convergence rate suggests limited model 

capacity to fully capture complex temporal dependencies. 

b) Trajectory Visualization: 

The trajectory plots reveal that the BiLSTM model partially reconstructs the ground 

truth paths. While some predicted sequences closely follow the target (e.g., Trajectory 3 and 

Trajectory 5), others like Trajectory 1 and Trajectory 4 show moderate deviations, especially 

in curved or dynamic motion segments. This indicates that while the model captures general 

trends, it struggles to model fine-grained temporal transitions or sudden directional changes. 

 

Figure 19:Predicted vs. ground truth trajectories using the BiLSTM model 

Figure 18:Training and validation loss curves for the BiLSTM model 
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c) Coordinate Distribution: 

Histograms comparing predicted and ground truth coordinates show an overall 

alignment, particularly in the Y-axis distribution. However, discrepancies exist in peak heights 

and spread, especially in the X-axis, where some predicted values deviate from the actual 

statistical profile. This suggests that although the model approximates spatial distributions 

reasonably well, it lacks precision in replicating detailed spatial characteristics. 

 

Figure 20:Distributions of predicted and ground truth X and Y coordinates for the BiLSTM model 

 

6.8.2 Hybrid Model Analysis  

This section provides qualitative insights into the hybrid architecture, which combines 

a Social Force Model (SFM) with BiLSTM. We use visual evidence of training dynamics, 

trajectory accuracy, and spatial distribution fidelity to assess the model's enhanced capabilities. 
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a) Training Curve 

The hybrid model demonstrates rapid and stable convergence. The training loss 

decreases from approximately 0.06 to 0.016, while the validation loss sharply drops from about 

0.017 to a stable minimum near 0.004. The lower and smoother validation curve indicates 

strong generalization with minimal overfitting. Compared to the BiLSTM-only model, this 

architecture learns more efficiently and effectively, thanks to the added physics-informed priors 

from the SFM component. 

b) Trajectory Visualization 

In this model, the predicted trajectories are highly accurate and almost indistinguishable 

from the ground truth across all tested samples. The hybrid architecture successfully captures 

the complex interactions and movement dynamics, particularly in challenging trajectories like  

Figure 21:Training and validation loss curves for the Hybrid model (SFM + BiLSTM) 

Figure 22:Predicted vs. ground truth trajectories using the Hybrid model 
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Trajectory 1 and Trajectory 3. This performance is attributed to the inclusion of the 

SFM, which enables the model to account for inter-agent interactions and social behaviors. 

c) Coordinate Distribution 

Predicted trajectories generated by the hybrid model show exceptional alignment with 

the ground truth, even in complex cases such as Trajectory 1 and Trajectory 3. The predictions 

follow the correct curvature and motion patterns with high fidelity. The inclusion of SFM 

provides the model with contextual knowledge about inter-agent dynamics, enabling it to make 

socially 

aware 

and temporally coherent predictions. 

 

6.8.3 Predictive Performance Comparison between DL and Hybrid Architectures 

This comparative analysis evaluates two trajectory prediction approaches: a standalone 

BiLSTM-based deep learning model and a hybrid model integrating BiLSTM with a Social 

Force Model (SFM). The BiLSTM-only architecture performs adequately, achieving consistent 

reductions in training and validation loss, and capturing coarse trajectory patterns. However, it 

faces difficulties in accurately modeling complex or socially-influenced movements, and in 

fully preserving the statistical characteristics of the spatial data. 

Figure 23:Predicted vs. ground truth trajectories using the Hybrid model 

Figure 24:Distributions of predicted and ground truth X and Y coordinates for the Hybrid model 
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In contrast, the hybrid model (SFM + BiLSTM) demonstrates significantly improved 

performance across all evaluation dimensions. It achieves lower prediction error, greater 

alignment between predicted and ground truth trajectories, and more accurate coordinate 

distributions. The integration of SFM enhances the model’s contextual understanding, enabling 

more robust generalization and socially plausible predictions. Consequently, the hybrid 

architecture proves more effective for applications that require high-fidelity trajectory 

forecasting in environments where interactions and crowd behavior play a crucial role. 

6.9 Conclusion: 

This chapter has highlighted the Social Force Model as a solid theoretical framework 

for understanding and simulating pedestrian movement in complex environments. By 

integrating SFM with deep learning approaches, the predictive capabilities were significantly 

improved through the incorporation of dynamic, social, and contextual features extracted from 

real-world data. The experimental findings validated the efficacy of the hybrid model in 

minimizing trajectory prediction errors in both spatial and temporal contexts, thereby justifying 

its feasibility in practical applications. Overall, this study is a significant step towards the 

development of more accurate and context-sensitive systems that are able to interact with 

human-oriented environments. 

 

 

 



 

 

 

 

 

 

 

 

 

CHAPTER 7: General Conclusion and Future directions 
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This thesis aimed to address the challenges of pedestrian trajectory prediction in 

complex urban environments by designing a hybrid model that combines various deep learning 

architectures Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRU), and 

Bidirectional LSTM (BiLSTM)with the Social Force Model (SFM). The proposed hybrid 

approach leverages the predictive power of these recurrent neural networks alongside the 

interpretability and physical reasoning provided by SFM, enabling a more accurate and 

socially-aware understanding of human movement behavior. 

The JAAD dataset was utilized as the primary source for extracting rich behavioral and 

social features, due to its realistic scenes and interactive scenarios that showcase pedestrian 

behaviors and their interactions with vehicles and the environment. 

Several standard evaluation metrics were adopted to assess the prediction performance 

of the hybrid models that integrate deep learning architectures (LSTM, GRU, BiLSTM) with 

the Social Force Model (SFM). Among the evaluated models, the BiLSTM with SFM hybrid 

model achieved the best performance across all this metrics (Average Displacement Error 

(ADE=17,04), Final Displacement Error (FDE=24,65), Mean Squared Error (MSE=213.30 in 

0,5s), Cumulative Frame Mean Squared Error (CFMSE=450,74), and Cumulative Mean 

Squared Error (CMSE=280,87)), demonstrating its effectiveness in capturing both temporal 

dependencies and pedestrian trajectory. 

The results demonstrated that the hybrid model outperformed the BiLSTM baseline in 

terms of prediction accuracy and quality across all metrics. This confirms the effectiveness of 

incorporating social and environmental dynamics into pedestrian modeling. However, the 

model still faces several limitations, such as: 

 Limited cultural and behavioral diversity within the JAAD dataset. 

 Constraints related to dataset scale and sensory coverage. 

The hybrid approach incorporating Bidirectional LSTM (BiLSTM) networks and Social 

Force Model (SFM) has been successful in predicting pedestrian paths by uniting temporal 

dynamics with social interaction forces. Still, there are a number of promising future 

developments to further expand its predictive power, flexibility, and application scope: 
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 From Trajectory Prediction to Intention Recognition: 

A meaningful extension of the current hybrid model is to shift from predicting 

precise future positions to also inferring pedestrian intent, such as crossing a street, 

yielding, or stopping. Recognizing intent can significantly improve the robustness of 

autonomous systems in complex environments. 

  Exploring Alternative Architectures: 

 

Replacing the LSTM component with alternative architectures like 

Convolutional Neural Networks (CNNs) or Transformer-based models can lead to 

better spatial-temporal understanding, especially when handling large-scale video or 

sensor data. Transformer-based models such as Social-STGCNN have shown state-of-

the-art results in recent studies. 

  Exploring Alternative Datasets such as PIE  

The generalization capability of the hybrid model (BiLSTM + SFM) can be 

improved by training and evaluating it on diverse datasets that capture various 

pedestrian behaviors and environments. Shifting from the JAAD to PIE (which includes 

pedestrian intention annotations) offers new challenges and opportunities to develop a 

more comprehensive and robust model. 

 Utilizing the Model in Decision-Making Systems 

The results demonstrated that the model is suitable for real-time applications. 

Therefore, its usage can be extended to include: 

• Integration with path planning systems in autonomous vehicles to 

interact effectively with pedestrians. 

• Deployment in collaborative robots operating in crowded environments 

that require accurate prediction of human movement.

https://data.nvision2.eecs.yorku.ca/PIE_dataset/
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