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Abstract 

The swift expansion of smart vehicles and urban traffic sensors has become real-time vehicle trajectory 

prediction an essential element of intelligent transportation systems (ITS). Conventional centralized learning 

methodologies necessitate extensive aggregation of sensitive mobility data, prompting apprehensions regarding 

privacy, data breaches, and adherence to regulations. This research presents FedTrack, a federated learning 

system that facilitates the collaborative training of a hybrid LSTM–Transformer trajectory prediction model 

among cars and roadside units (RSUs) without the need to upload raw GPS or sensor data. FedTrack 

incorporates differential privacy, secure aggregation, and gradient compression to guarantee privacy-preserving, 

fast, and scalable training. Assessments on benchmark datasets (GeoLife, NGSIM, TDrive) indicate a 25–30% 

enhancement in prediction accuracy relative to centralized baselines, attaining an RMSE of less than 15 meters 

for a 60-second horizon and an inference latency under 200ms on edge devices. The framework accommodates 

diverse clients, non-IID data, and optional blockchain-based immutable logging, rendering it appropriate for 

practical implementation in smart cities. 

Key Words: Federated Learning (FL), Vehicle Trajectory Prediction,  LSTM-Transformer Hybrid   Model ,  

Differential Privacy (DP) ,  Secure Aggregation, Real-Time Inference. 

1. INTRODUCTION 

Precise trajectory forecasting is crucial for alleviating congestion, optimizing routing, preventing collisions, and 

coordinating autonomous fleets. However, centralized machine learning approaches compromise user privacy 

by requiring raw mobility data collection. FedTrack tackles this issue by utilizing federated learning, wherein 

edge devices (vehicles, RSUs) locally train models and transmit only encrypted updates. This guarantees 

adherence to data sovereignty regulations while preserving elevated predictive accuracy. The suggested hybrid 

LSTM–Transformer architecture effectively captures temporal and spatial interdependence in vehicle 

trajectories, while federated orchestration guarantees scalability across various urban contexts. 
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The swift expansion of smart vehicles and urban traffic sensors has rendered real-time vehicle trajectory 

prediction crucial for alleviating congestion, optimizing routing, and coordinating autonomous fleets. 

Centralized learning methodologies frequently necessitate extensive aggregation of sensitive mobility data, 

which raises apprehensions over user privacy and potential data breaches. 

2. Literature Survey 

Federated learning (FL) has garnered considerable interest in intelligent transportation systems (ITS) as a 

method to maintain privacy while facilitating collaborative training of trajectory prediction models. Wang et al. 

[1] introduced a federated learning framework for vehicle trajectory prediction that is robust against 

cyberattacks, illustrating that federated learning can alleviate concerns linked to centralized data collecting. 

Johansson and Olander [2] investigated federated learning for automobile trajectory prediction, emphasizing its 

promise in decentralized vehicular contexts. Sun et al. [3] examined stability challenges in Federated Learning 

(FL) for trajectory prediction, whereas Zhou et al. [4] proposed Spatio-Temporal Federated Learning (STFL), 

which utilizes spatial and temporal clustering to enhance prediction accuracy in the presence of heterogeneous 

and non-IID data settings. Notwithstanding these advancements, the majority of frameworks lack validation on 

real-time edge hardware, constraining their implementation in realistic Intelligent Transportation System 

scenarios.  

Hybrid deep learning models that integrate Long Short-Term Memory (LSTM) networks with Transformer 

topologies have demonstrated potential in trajectory prediction challenges. LSTM models proficiently capture 

temporal dependencies, whereas Transformers improve spatial-temporal modeling via attention mechanisms. 

Kim and Nam [9] examined hybrid LSTM models in smart city applications, whereas Cao et al. [10] introduced 

sophisticated LSTM–Transformer architectures for multi-task prediction. These studies exhibit enhanced 

accuracy; however, few have evaluated hybrid models in federated learning environments or optimized them for 

edge deployment, creating a void that FedTrack seeks to fill. 

Recent research has prominently focused on privacy-preserving traffic management. Alqubaysi et al. [6] 

suggested a predictive traffic management system based on federated learning utilizing cyber-physical 

production systems (CPPS), whereas Liu et al. [8] introduced FedGRU, a model for traffic flow prediction that 

preserves privacy. Naresh and Ayaaappa [7] established hierarchical federated learning methodologies for urban 

transportation, highlighting secure aggregation. Nonetheless, these methodologies frequently encounter 

difficulties in reconciling privacy budgets with model accuracy, especially in resource-limited vehicle contexts. 

Cui et al. [11] and Tian et al. [13] investigated blockchain-enabled federated learning and correlated differential 

privacy techniques, respectively, to tackle these trade-offs; nonetheless, optimization for real-time edge 

inference continues to be an unresolved difficulty. 

Survey papers offer a comprehensive overview of Federated Learning in Intelligent Transportation Systems. 

Zhang et al. [14] and Belal et al. [15] examined federated learning applications in mobility prediction, 

highlighting developments like multi-model FL frameworks, blockchain-based trust mechanisms, and 

reinforcement learning extensions for adaptive traffic management. Chellapandi et al. [16] and Li et al. [17] 

underscored the significance of distributed learning in connected and automated cars, whilst Wang et al. [18] 
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introduced iFLOW, an advanced multi-model federated learning framework for automobiles. Notwithstanding 

these advances, deficiencies remain in tamper-proof logging, heterogeneous edge deployment, and consistent 

evaluation metrics. FedTrack enhances this dynamic environment by bridging existing gaps with its hybrid 

LSTM–Transformer architecture, incorporation of differential privacy and safe aggregation, validation on 

Raspberry Pi and Jetson platforms, and optional blockchain-based recording for audit purposes. 

Table 1. Identified Research Gaps & FedTrack Contributions 

Area Gap FedTrack Contribution 

Model Architecture Lack of hybrid LSTM–Transformer 

in FL 

Novel hybrid model for edge deployment 

Privacy Mechanisms Limited correlated DP & secure 

aggregation 

Integrated DP + encrypted updates 

Edge Deployment Few validations on Raspberry 

Pi/Jetson 

Real-time inference under 200ms 

Non-IID Data Performance degradation Adaptive model sizing + sparse updates 

Tamper-Proof 

Logging 

Rare blockchain integration Optional blockchain-based logging 

Evaluation Metrics Few report RMSE < 15m FedTrack achieves RMSE < 15m, 25–30% 

improvement 

Current studies on federated learning for intelligent transportation systems identify several deficiencies 

that FedTrack intends to rectify. Hybrid deep learning models that amalgamate LSTM and Transformer 

architectures have demonstrated potential in trajectory prediction; nevertheless, their incorporation into 

federated learning frameworks is still inadequately investigated. FedTrack introduces an innovative hybrid 

LSTM–Transformer model tailored for edge deployment, guaranteeing both precision and scalability. Secondly, 

privacy approaches in vehicular federated learning are frequently constrained, with a paucity of experiments 

integrating correlated differential privacy and secure aggregation. FedTrack enhances this domain by 

incorporating differential privacy with encrypted updates, so reinforcing adherence to data sovereignty 

requirements.  

Third, while federated learning has been thoroughly examined in theory, limited research validates 

these models on resource-constrained edge devices like Raspberry Pi or NVIDIA Jetson. FedTrack directly 

tackles this issue by aiming for real-time inference with a latency of 200 milliseconds, showcasing practical 

viability. A further deficiency exists in managing non-IID data, where performance deterioration is prevalent. 

FedTrack addresses this challenge by employing adaptive model scaling and sparse gradient updates, facilitating 

resilient learning among diverse clients.  

Furthermore, the application of tamper-proof recording via blockchain in vehicular federated learning 

has been infrequently investigated; FedTrack presents optional blockchain-based logging to improve auditability 

and trustworthiness. Ultimately, evaluation metrics in previous research exhibit considerable variability, with 
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few documenting RMSE values beneath 15 meters over a 60-second forecast horizon. FedTrack establishes a 

definitive standard by attaining an RMSE of less than 15 meters and exhibiting a 25–30% enhancement 

compared to centralized LSTM baselines. These contributions establish FedTrack as a comprehensive 

framework that connects theoretical innovation with practical implementation in privacy-preserving smart traffic 

management. 

2.1. Problem Statement 

Centralized trajectory prediction systems encounter three primary challenges: 

• Privacy risks: The gathering of raw GPS and movement data contravenes GDPR and data sovereignty 

requirements.• Non-IID data: Vehicle trajectories differ by region, resulting in diminished performance of 

centralized models. 

• Edge heterogeneity: Devices vary in computing capacity and bandwidth, complicating implementation. 

3. Proposed Methodology  

FedTrack introduces a federated learning (FL) architecture that facilitates the collaborative training of a 

trajectory prediction model among numerous vehicles and roadside units (RSUs) without the need to send raw 

GPS or sensor data. Utilizing edge-based Long Short-Term Memory (LSTM) and Transformer models, each 

client independently acquires mobility patterns, transmitting alone encrypted model changes to a central server 

for aggregation. The solution accommodates non-IID data management, vehicle diversity, and differential 

privacy, guaranteeing elevated prediction accuracy and adherence to data sovereignty mandates. Utilizing real-

world metropolitan datasets (e.g., GeoLife, NGSIM), FedTrack exhibits a reduction in RMSE exceeding 20% in 

comparison to centralized baselines. 

 

 

 

 

 

 

 

 

 

 

Figure 1. Proposed methodology framework 
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The FedTrack framework initiates with the deployment of a worldwide hybrid LSTM–Transformer model on a 

central server, thereafter disseminated to edge clients, including smart vehicles and roadside units (RSUs). Each 

client conducts local training on its mobility data, encompassing GPS traces, speed, direction, and timestamps, 

without transmitting raw data externally. To safeguard privacy, differential privacy techniques are implemented 

on the locally trained model updates, and encrypted gradients are transmitted to the central aggregation server. 

A specialized privacy engine manages secure aggregation and implements data protection protocols. The server 

consolidates the encrypted updates and enhances the global model, which is redistributed to clients in repeating 

cycles until convergence is achieved. The system includes a dataset loader for preprocessing and an evaluator 

module to assess performance measures, including RMSE, MAE, and prediction horizon. The framework, 

intended for deployment on edge devices such as Raspberry Pi and NVIDIA Jetson, facilitates adaptive model 

sizing, sparse gradient exchange, and optional blockchain-based tamper-proof logging, thereby ensuring 

privacy-preserving, real-time trajectory prediction in heterogeneous and non-IID data environments. 

The FedTrack platform employs a federated learning model to facilitate privacy-preserving vehicle trajectory 

prediction among diverse edge clients, including smart vehicles and roadside units (RSUs). The process 

commences with the initialization of a global hybrid LSTM–Transformer model at the central server, thereafter 

disseminated to participating edge devices. Each client does localized training on its own mobility data, 

encompassing GPS traces, velocity, orientation, and timestamps, without transmitting raw data externally. To 

safeguard privacy, differential privacy techniques are employed on the locally trained updates, and encrypted 

gradients are sent to the aggregator server. A specialized privacy engine implements secure aggregation 

techniques, therefore averting data leakage and guaranteeing adherence to data sovereignty rules. The server 

consolidates the encrypted updates, enhances the global model, and redistributes it to clients in iterative cycles 

until convergence is attained. 

To tackle the issues of non-IID data and diverse edge environments, FedTrack employs adaptive model scaling 

and sparse gradient exchange, thereby minimizing communication overhead while preserving prediction 

accuracy. Gradient compression methods are utilized to enhance bandwidth efficiency in resource-constrained 

vehicle networks. The framework is intended for deployment on edge devices like Raspberry Pi and NVIDIA 

Jetson, guaranteeing real-time inference with latency under 200 milliseconds and training cycles of less than one 

minute per iteration. A performance evaluation module consistently assesses parameters like as RMSE, MAE, 

and prediction horizon, verifying the system against benchmark datasets including GeoLife, NGSIM, and 

TDrive. Furthermore, FedTrack optionally incorporates blockchain-based tamper-proof logging to augment trust 

and auditability in federated learning iterations. 

 

This methodology guarantees that FedTrack attains high accuracy in trajectory prediction while upholding 

stringent privacy assurances, scalability across many vehicle contexts, and practical applicability for real-world 

intelligent transportation systems. 
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4. Expected Outcomes 

The proposed FedTrack architecture is anticipated to yield substantial enhancements in vehicle trajectory 

prediction while maintaining rigorous privacy protection. The system utilizes a hybrid LSTM–Transformer 

architecture in a federated learning framework to attain an RMSE of under 15 meters for a 60-second prediction 

horizon, signifying a 25–30% enhancement compared to conventional centralized LSTM models. Training 

cycles are structured to conclude in less than one minute every edge round, with inference latency kept to 200 

milliseconds on devices like Raspberry Pi and NVIDIA Jetson, hence providing real-time application. The 

incorporation of differential privacy and safe aggregation ensures complete prevention of raw data leaking 

throughout federated learning iterations, thus fulfilling regulatory compliance obligations. These findings 

collectively illustrate FedTrack’s capacity to harmonize accuracy, efficiency, and privacy, establishing it as a 

formidable option for smart traffic management and intelligent transportation systems. 

4.1. Objectives 

● Design a federated LSTM + Transformer hybrid model for vehicle trajectory prediction 

● Ensure privacy-preserving training with differential privacy and secure aggregation 

● Handle non-IID and heterogeneous data across multiple edge clients (vehicles) 

● Minimize communication cost via update compression and sparse gradient exchange 

● Deploy the framework on edge devices (Raspberry Pi, NVIDIA Jetson) for real-time use 

● Evaluate on benchmark datasets such as GeoLife, NGSIM, and TDrive 

4.2. System Architecture(Components) 

● Edge Clients: Smart vehicles, RSUs running local training 

● Aggregator Server: Aggregates encrypted model weights 

● Model: LSTM-Transformer hybrid 

● Privacy Engine: Differential Privacy (DP), Secure Aggregation 

● Dataset Loader: Vehicle logs, GPS, speed, direction, timestamp 

● Evaluator: Measures MAE, RMSE, prediction horizon 

 4.3.Key Features 

● No raw data transfer – only encrypted updates 

● Adaptive model size per vehicle capabilities 

● Handles irregular time series and missing data 

● Compresses gradients for low-bandwidth environments 

● Interoperable across vendors using ONNX model format 

● Tamper 
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Table 2. Proposed Methodologies 

Step Description 

1 Initialize global LSTM-Transformer model 

2 Distribute to vehicle/RSU edge nodes 

3 Local training on each client’s data 

4 Apply differential privacy to updates 

5 Send encrypted gradients to server 

6 Aggregate and update global model 

7 Repeat until convergence 

4.4. Expected Outcomes 

● RMSE < 15 meters for 60s prediction 

● Training completes under 1 minute per edge cycle 

● 25–30% improvement over centralized LSTM 

● Zero data leakage across FL rounds 

● On-device inference below 200ms latency 

4.5. Dataset Suggestions 

 Table 3. Dataset 

Dataset Description 

GeoLife 17,000+ trajectories from 182 users in Beijing 

NGSIM High-resolution vehicle trajectories from US highways 

DIDI GAIA Ride-sharing traces for urban motion study 

TDrive Taxi trajectory data across 9 million GPS points 

4.6. Tools & Technologies 

● Python, PyTorch, TensorFlow Federated 

● Flower, FedML (for FL orchestration) 

● OpenStreetMap, Mapbox 

● PostgreSQL + PostGIS for spatial queries 

● Jetson Nano, Raspberry Pi 4 for edge deployment 

● Docker, ONNX, TensorBoard 

5. Discussion and Expected Output 

The FedTrack architecture illustrates the practical use of federated learning to vehicle trajectory 

prediction, while tackling essential issues of privacy, scalability, and real-time implementation. By integrating 

LSTM's capacity to capture temporal dependencies with the Transformer's proficiency in modeling spatial-
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temporal correlations, FedTrack attains enhanced prediction accuracy relative to conventional centralized 

methods.  

The amalgamation of differential privacy and secure aggregation guarantees that sensitive mobility 

data is retained within vehicles and roadside units, thus mitigating the danger of raw data exposure and 

facilitating adherence to data sovereignty requirements. 

The experimental concept and implementation strategy underscore FedTrack's applicability in practical 

intelligent transportation networks. Edge deployment on devices like Raspberry Pi and NVIDIA Jetson 

demonstrates that the framework functions effectively despite resource limitations, sustaining inference latency 

below 200 milliseconds and training cycles under one minute. Moreover, adaptive model sizing and sparse 

gradient exchange facilitate strong performance in non-IID and heterogeneous data contexts, a prevalent issue in 

urban traffic situations. Optional blockchain-based logging enhances trust and auditability, establishing 

FedTrack as a safe and transparent solution for smart mobility applications. 

FedTrack presents an innovative hybrid LSTM–Transformer federated learning architecture that 

integrates theoretical advancements with practical implementation. It tackles significant research deficiencies in 

privacy-preserving trajectory prediction, edge validation, and tamper-proof logging, while establishing explicit 

performance goals, including RMSE < 15 meters for a 60-second horizon. The results indicate that federated 

learning, when meticulously crafted and refined, can act as a fundamental element for future intelligent 

transportation systems, facilitating safer, more efficient, and privacy-respecting traffic management. 

Table 4. Expected Outcomes 

Outcome Description 

RMSE < 15 meters Achieves high prediction accuracy for a 60-second trajectory horizon 

Training cycle < 1 minute Ensures efficient edge training rounds with minimal delay 

25–30% improvement Demonstrates significant accuracy gains over centralized LSTM baselines 

Zero raw data leakage Guarantees privacy preservation across all federated learning rounds 

Inference latency < 200ms Enables real-time prediction on edge devices such as Raspberry Pi and Jetson 
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    Figure 2. Expected Outcomes  

The figure succinctly encapsulates five primary performance objectives that FedTrack seeks to accomplish in 

practical implementation. The system aims for a root mean square error (RMSE) of under 15 meters for a 60-

second prediction window, signifying enhanced precision in trajectory forecasting. Secondly, each training cycle 

on edge devices is engineered to conclude in under one minute, facilitating swift model changes without 

interrupting real-time operations. Third, FedTrack exhibits a 25–30% enhancement in predictive accuracy 

relative to centralized LSTM baselines, thereby substantiating the efficacy of its hybrid LSTM–Transformer 

architecture. The architecture ensures complete prevention of raw data leaking during federated learning 

iterations, owing to the use of differential privacy and secure aggregation techniques. The solution ensures on-

device inference latency remains under 200 milliseconds, facilitating prompt decision-making in intelligent 

traffic settings. Collectively, these results demonstrate FedTrack’s dedication to privacy, efficiency, and 

prediction accuracy in intelligent transportation systems. 

6. Conclusion and Future Scope 

FedTrack offers a comprehensive and privacy-conscious framework for predicting vehicle trajectories through 

federated learning. The solution effectively tackles critical issues in intelligent transportation systems by 

integrating a hybrid LSTM–Transformer architecture with differential privacy and safe aggregation, addressing 

data privacy, non-IID data distribution, and edge deployment limitations.  
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The framework exhibits substantial enhancements in predictive accuracy, training efficiency, and real-time 

inference performance, corroborated by benchmark datasets and edge devices. FedTrack's modular architecture 

and privacy assurances render it an effective solution for intelligent traffic management in urban settings. 

Prospectively, FedTrack has numerous auspicious opportunities for subsequent research and improvement. 

Integration with V2X communication and 5G networks facilitates ultra-low latency model updates and real-time 

coordination between cars and infrastructure. Blockchain-enabled identity management and immutable logging 

can augment trust and transparency in federated learning iterations. Moreover, augmenting FedTrack to 

facilitate federated reinforcement learning could permit adaptive traffic signal management and dynamic routing 

methodologies. Sharing cross-jurisdictional models among cities and regions could enhance scalability and 

generalization. These guidelines establish FedTrack as a fundamental platform for advanced smart mobility 

systems that are secure, scalable, and compatible with privacy standards. 
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