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Abstract 
This study explores the integration of Federated Learning (FL) to enhance the performance of Adaptive Cruise 

Control (ACC). With the escalating prevalence of self-driving vehicles, conventional centralized approaches 

encounter challenges related to personalization, scalability and privacy. The proposed FL framework serves as 

a distributed learning solution, effectively addressing these challenges. Through the formulation of robust data 

partitioning strategies and communication protocols, the research aims to showcase the potential of FL in 

augmenting ACC adaptability by behavioral modelling and overall performance. This investigation contributes 

novel insights, offering a privacy-conscious approach to developing ACC systems for the expanding fleet of 

automated vehicles, thereby advancing the safety and efficiency of contemporary transportation 

systems.  
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I. Introduction: 
In the ever-evolving landscape of contemporary transportation, automated vehicles stand as 

a transformative force. Central to optimizing their functionality is the sophisticated Adaptive Cruise Control 

(ACC) system, a critical mechanism for maintaining safe distances and mobilizing efficient traffic flow. 

However, the conventional centralized frameworks currently in use confront inherent challenges in scalability 
and privacy. As our automotive ecosystem experiences a proliferation of automated vehicles, the imperative 

arises for ACC algorithms that are not only adaptable but also scalable. 

Furthermore, the surge in data-centric technologies has intensified privacy concerns associated with 

centralized data collection and processing methodologies. This research is fueled by the pressing need to 

revolutionize ACC systems and explores the avant-garde realm of Federated Learning as a strategic approach. 

By embracing the decentralized principles of Federated Learning, this study seeks to propel ACC algorithms 

into a new era, one characterized by adaptive scalability and heightened privacy safeguards in the era of 

automated transportation. 

 

II. Literature Review. 
 Adaptive Cruise Control: The realm of Adaptive Cruise Control (ACC) algorithms has seen 

significant advancements, primarily in addressing the complexities associated with maintaining optimal 

following distances and traffic flow. Traditional ACC algorithms, while effective, grapple with limitations 

related to adaptability and scalability. The literature underscores the necessity for enhanced ACC systems that 

can seamlessly adapt to varying driving conditions and accommodate the expanding fleet of automated vehicles. 

Ongoing research has delved into refining these algorithms, exploring innovative techniques and strategies to 

improve their overall performance and adaptability. 

 

Federated Learning: 
Federated Learning (FL) emerges as a transformative paradigm with widespread applications across 

various domains, including vehicular systems. This decentralized learning approach involves training machine 
learning models collaboratively across multiple devices, overcoming traditional challenges associated with 

centralized data processing. Within the vehicular context, previous studies have laid the groundwork for 

applying FL to optimize control algorithms. These initiatives underscore FL's potential in addressing scalability 

concerns and ensuring privacy in the context of data-rich automotive environments. The literature review sets 

the stage for exploring the fusion of ACC and FL, aiming to unlock synergies that contribute to the evolution of 
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adaptive and privacy-conscious automated vehicle systems. 

 

III. Methodology 
Federated Learning Framework: 

 
Fig 2: Diagram of Federated learning 

 

The proposed Federated Learning (FL) framework for Adaptive Cruise Control (ACC) in automated 

vehicles is characterized by a sophisticated decentralized architecture. This framework capitalizes on the 

collaborative nature of FL, orchestrating model training across a distributed network of vehicles. The 
framework embodies a dynamic mechanism for continual refinement by training the algorithm of a vehicle 

through several independent sessions of its own local model. The local model uses techniques such as gradient 

descent, local model ensemble, and differential privacy. Privacy is meticulously preserved through localized 

model training, assuring that sensitive data remains on individual vehicles, thereby fortifying the overall security 

and trustworthiness of the ACC system. Its adaptive nature allows for real-time adjustments to diverse driving 

scenarios, while its decentralized structure alleviates scalability concerns associated with centralized paradigms. 

 

Data Partitioning: 
Data partitioning entails dividing the entire dataset of vehicles into subgroups. The subgroups can be 

about vehicle model, location, traffic density, or driving pattern. Vehicles can tailor their model training process 

by splitting the dataset based on these subsets, making it more adaptable to the driving conditions they 

encounter. Raw data of the vehicle is not shared with external parties, as it is stored locally which preserves 

privacy. Data partitioning strategies delineate data across vehicles, managing the equilibrium between local 

learning and global model updates. The goal is to succinctly foster a collective model experienced by individual 

vehicles by routinely combining model updates from various vehicles. It optimizes the collaborative learning 

process, facilitating the integration of nuanced experiences into a comprehensive and responsive ACC model. 

 
Communication Protocol: 

The design of communication protocols within the FL framework is a cornerstone for facilitating 

efficient model updates and parameter synchronization. This involves the creation of protocols that enable 

seamless communication between vehicles while minimizing latency. Timely integration of diverse insights 

from varying driving scenarios is prioritized. Simultaneously, the protocol design places a premium on energy 

efficiency, acknowledging the resource constraints inherent in vehicular environments. Encryption and 

authentication are employed to protect sensitive information like model updates and gradients. The methodology 

aims to establish a communication infrastructure that minimizes communication overhead, synchronize training 

iteration in the fleet, aligning with the sustainability and real-time demands characteristic of automated vehicle 

ecosystems. 

 

IV. Experiments And Results: 
Simulation Setup: 



Federated Learning On Adaptive Cruise Control On Automated Vehicles 

DOI: 10.9790/0661-2602030710                          www.iosrjournals.org                                                   9 | Page 

The simulation setup is meticulously crafted to emulate a dynamic and diverse environment for training 

and evaluating the Federated Learning (FL) framework for Adaptive Cruise Control (ACC) in automated 

vehicles. The simulated environment encompasses driving scenarios, ranging from urban congestion to 
environmental factors, ensuring a comprehensive assessment of the ACC system's adaptability. Training 

processes and communication protocols are arranged for local and global model initialization. Datasets used for 

training and evaluation are curated to mirror real- world driving conditions, integrating variables such as traffic 

density, weather conditions, and road topography. This simulated environment is instrumental in gauging the 

FL-based ACC system's performance under a myriad of circumstances. 

 

Performance Metrics: 
The evaluation of the ACC system's performance is underpinned by a multifaceted set of metrics 

designed to provide a holistic assessment. Safety metrics include measures of following distance adherence and 

collision avoidance. Efficiency is gauged through parameters such as fuel consumption and traffic flow 

optimization. Adaptability is assessed by the system's ability to dynamically adjust to changes in traffic patterns 

and unforeseen circumstances. Similarly, responsiveness is measured by time taken to detect and react to 

changes. This comprehensive set of metrics ensures an understanding of the FL-based ACC system's 

performance, to capture the intricacies of real-world driving scenarios. 

 

Results: 
The results section presents a comparative analysis between the proposed Federated Learning approach 

and traditional centralized methods for ACC. The FL-based ACC system's performance is evaluated against 

benchmarks set by traditional methods, that rely heavily on pre-trained models, showcasing its efficacy in terms 

of safety, efficiency, and adaptability. Privacy preservation measures implemented within the FL framework are 

scrutinized, demonstrating the system's ability to maintain data security in diverse scenarios. Real-world 

adaptability is highlighted through assessments in varied driving conditions, providing a robust validation of the 

FL-based ACC system's capabilities in dynamic and complex environments. These results contribute valuable 

insights into the potential advancements offered by Federated Learning in revolutionizing ACC systems for 

automated vehicles. 

 

V. Discussion 
Advantages of Federated Learning: 

Federated Learning (FL) presents a paradigm shift in the realm of Adaptive Cruise Control (ACC) for 

automated vehicles, offering multifaceted advantages. In terms of scalability, the decentralized nature of FL 

mitigates concerns associated with traditional centralized approaches, allowing the ACC system to dynamically 

scale with the expanding fleet of automated vehicles. The adaptability of FL is a key strength, enabling the ACC 

system to continuously learn and optimize its performance across diverse driving scenarios. Privacy, a 

paramount concern in contemporary data-driven environments, is rigorously preserved through FL's localized 

model training, assuring users that sensitive information remains on individual vehicles. These advantages 

collectively position FL as a transformative solution, enhancing the scalability, adaptability, and privacy facets 

of ACC systems. 

 

Challenges and Limitations: 
Despite its promising advantages, implementing Federated Learning in ACC systems is not without 

challenges and limitations. Communication overhead and bandwidth constraints may pose hurdles, impacting the 

efficiency of model updates across a decentralized network of vehicles. Striking the right balance between local 

learning and global updates presents a nuanced challenge, requiring careful consideration to ensure optimal 

model convergence. Additionally, federated systems may encounter issues related to data heterogeneity among 

vehicles, potentially leading to disparities in model performance. Furthermore, the need for robust security 

measures to safeguard the federated learning process against adversarial attacks is a critical concern. 

Acknowledging these challenges is imperative for the successful integration of FL in ACC systems, fostering 

ongoing research and development to address these limitations and unlock the full potential of this innovative 

approach. 

 

VI. Conclusion: 
In summary, this research has explored the integration of Federated Learning (FL) into Adaptive Cruise 

Control (ACC) systems for automated vehicles, aiming to address critical challenges and pave the way for 

advancements in scalability, adaptability, and privacy. The Federated Learning framework proposed has 

demonstrated its efficacy in providing a decentralized and privacy-conscious approach to training ACC models 

across a distributed network of vehicles. The findings underscore the potential of FL to revolutionize ACC 
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systems, offering adaptive scalability and heightened privacy safeguards in the evolving landscape of automated 

transportation. 

Highlighting the potential impact of Federated Learning on the future of ACC in automated vehicles, it 
is evident that this innovative approach holds the promise of transforming the way control algorithms are 

developed and updated. The decentralized nature of FL aligns seamlessly with the growing fleet of automated 

vehicles, ensuring that ACC systems can adapt dynamically to diverse driving conditions while preserving 

individual privacy. 

 

Future Work: 
As we look ahead, several avenues for future research present themselves. Optimizing communication 

protocols within the FL framework is a key focus, aiming to enhance efficiency and minimize latency in model 

updates across a distributed network. Exploring additional FL algorithms and refining existing strategies will 

further contribute to the evolution of ACC systems, ensuring their robustness and adaptability in dynamic 

environments. Real-world experiments will play a crucial role in validating the efficacy of the proposed FL-

based ACC system under actual driving conditions, providing insights into its practical implementation and 

performance. 

 

 
Fig: 3 Future work 
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