) ) GEORGE BROWN PRESS Journal of Computer, Signal, and

System Research

Article

Low-Latency Edge Learning Framework for Real-Time Deci-
sion-Making in Autonomous Driving

Xiangwei Liu !, Meilin Zhang !, Ka-Ho Chan 2, Wing-Yee Leung 3 and Zhihao Wu 3*

Received: 26 March 2025
Revised: 05 April 2025
Accepted: 21 April 2025
Published: 25 April 2025

Copyright: © 2025 by the authors.
Submitted for possible open access
publication under the terms and
conditions of the Creative Commons
Attribution (CC  BY) license
(https://creativecommons.org/license

s/by/4.0/).

1 Department of Computer Science, The University of Hong Kong, Hong Kong SAR, China

2 Department of Electrical and Electronic Engineering, City University of Hong Kong, Hong Kong SAR,
China

3 Department of Computing, The Hong Kong Polytechnic University, Hong Kong SAR, China

Correspondence: Zhihao Wu, Department of Computing, The Hong Kong Polytechnic University, Hong

Kong SAR, China

Abstract: The study introduces a real-time decision-making framework tailored for autonomous
driving environments, aiming to address the critical challenges of latency reduction, data privacy,
and decentralized learning. The proposed architecture leverages edge computing infrastructure in
combination with federated learning to enable collaborative model training across vehicle-end and
roadside units. A Federated Averaging (FedAvg) strategy, augmented with differential privacy
techniques, is employed to safeguard sensitive information and enhance model stability. To mini-
mize communication costs and computational overhead at the edge, the framework integrates
sparse update mechanisms and model compression via pruning. The effectiveness of the proposed
system is verified through extensive experiments conducted on the CARLA simulation platform
and in real-world deployment scenarios. Results indicate a 31.2% decrease in decision-making la-
tency, while maintaining on-device data training. Additionally, the framework demonstrates im-
proved path planning accuracy and adaptability under dynamic, interactive traffic conditions.

Keywords: edge computing; federated learning; real-time decision-making; autonomous driving
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1. Introduction

Autonomous driving technology has undergone years of development and is now
progressing from a conceptual stage toward real-world application [1]. In recent years,
with advancements in sensor hardware, breakthroughs in artificial intelligence algo-
rithms and improvements in communication infrastructure, autonomous driving systems
have demonstrated substantial potential in various scenarios and are regarded as a key
driver of transformation in the future transportation industry [2]. For example, in specific
controlled environments such as enclosed industrial parks and ports, autonomous vehi-
cles have been deployed for cargo transportation, significantly improving operational ef-
ficiency and reducing labor costs [3]. According to relevant statistical data, after the de-
ployment of autonomous vehicles in such settings, transportation efficiency increased by
approximately 30%-40%, while labor costs were reduced by around 20%-30% [4]. Never-
theless, moving from laboratory demonstrations to widespread public road applications
still presents several critical challenges. Among them, safety, reliability and real-time de-
cision-making capability are the primary obstacles to large-scale adoption [5]. In complex
and dynamic public traffic environments, unexpected events occur frequently. According
to data from the U.S. National Highway Traffic Safety Administration (NHTSA), millions
of traffic accidents occur annually due to incidents such as pedestrians suddenly entering
the roadway or vehicles cutting in without warning [6]. On a global scale, statistics from
the Society of Automotive Engineers (SAE) indicate that in the past five years, the number
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of accidents caused by decision errors or delays in autonomous systems has increased
annually, with a rise of approximately 25% in 2024 compared to 2020. These figures fur-
ther emphasize the urgency of enhancing the safety and responsiveness of autonomous
driving systems. In such scenarios, autonomous vehicles must be capable of making rapid
and accurate decisions within milliseconds; otherwise, serious traffic accidents may result.
Traditional cloud-based decision systems rely on uploading large volumes of raw data
collected by onboard sensors to centralized servers for processing and model training [7].
However, this architecture exposes several inherent shortcomings in real-world deploy-
ment. On one hand, the extensive data transmission between vehicle and cloud servers
heavily depends on network stability [8]. Under conditions of network congestion or sig-
nal degradation, significant delays may occur. Previous studies have shown that in high-
speed driving scenarios, autonomous vehicles are extremely sensitive to decision latency
[9]. When latency exceeds 100 milliseconds, the risk of collision increases sharply. Exper-
imental data show that at a vehicle speed of 120 km/h, every additional 10 milliseconds of
decision delay increases braking distance by approximately 0.33 meters, posing a serious
risk in highway environments [10]. On the other hand, the data collected by vehicles often
contain personal and sensitive information, including driving routes and in-cabin activity,
as well as proprietary business data from vehicle manufacturers [11]. Centralized pro-
cessing introduces significant privacy and security risks during data transmission and
storage [12]. In the event of a data breach, the resulting economic and reputational losses
can be substantial. According to industry reports, in 2024, data leakage incidents caused
losses amounting to several billion U.S. dollars in the automotive sector. In one widely
publicized case, a major automobile manufacturer suffered a data breach in 2023 that led
to fines totaling hundreds of millions of dollars, along with damage to brand reputation
and a 5%-8% decline in market share [13]. Furthermore, there are notable differences in
traffic regulations, road conditions, driving behaviors and traffic volumes across regions
and time periods. A single global model cannot adequately capture or adapt to these di-
verse local traffic patterns, which compromises both the accuracy and adaptability of de-
cision-making [14]. For example, in some urban areas during peak morning hours, traffic
volume can reach two to three times the normal level, creating highly congested and com-
plex driving conditions [15]. Under such circumstances, the decision accuracy of existing
global models drops by approximately 15%-20%. In hilly or mountainous cities, where
roads often have steep gradients and sharp curves, the path planning accuracy of conven-
tional models is reduced by about 18%-22% compared to that in flat urban regions.

The rise of edge computing technology has provided a new path to address the issues
of latency and privacy. By deploying edge computing nodes on vehicles and roadside
units (RSUs), data collected can be processed near its source [16]. For example, edge de-
vices on vehicles can quickly perform preliminary object recognition on images captured
by cameras [17]. After extracting key information, only selected data is transmitted, which
significantly reduces the volume of data uploaded to the cloud and lowers transmission
latency. Studies indicate that vehicle-side edge computing devices can reduce the volume
of original image data to approximately 10%-20% through preprocessing. For instance, an
advanced vehicle-edge computing chip is capable of processing 5 million pixels per sec-
ond and completing preliminary recognition and key information extraction for a high-
definition frame (1920 x 1080 resolution) within 15 milliseconds, compressing the original
data from several megabytes to a few hundred kilobytes [18]. At the same time, federated
learning has emerged as a distributed machine learning framework that allows partici-
pants to train models collaboratively without sharing raw data [19]. By exchanging model
parameters instead of original datasets, this approach ensures data privacy while utilizing
distributed data resources. Both vehicles and RSUs can participate in model training using
their local data without transmitting sensitive information externally [20].

The integration of edge computing and federated learning is expected to support the
development of a real-time decision-making system for autonomous driving that is effi-
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cient, secure, and adaptable to local traffic conditions. Nevertheless, several technical chal-
lenges remain in the practical deployment of such a system. These include how to achieve
efficient model training and updating within the limited resources of edge nodes, how to
balance computing load with model accuracy and how to maintain stable system opera-
tion and adaptability in complex and dynamic traffic environments. It is essential that the
system responds promptly and accurately to changing traffic conditions. This study aims
to design and optimize a real-time decision-making system for autonomous driving based
on edge intelligence and federated learning. Through detailed investigation of the system
architecture, model training mechanisms, and performance optimization strategies and
by validating the system through both simulation and real-world deployment

2. Methods
2.1. System Architecture Design

This system adopts a hierarchical edge computing architecture, which consists of ve-
hicle-side nodes, roadside units (RSUs) and a cloud server. Vehicle-side nodes collect en-
vironmental data through cameras and radars, and perform initial feature extraction and
preprocessing locally. For example, a typical vehicle-edge computing device can recog-
nize major obstacles and extract key information from an image with 1280 x 720 resolution
within 12 milliseconds. The recognition accuracy exceeds 98%, and the raw data can be
compressed to 10%-20% of its original volume. RSUs are installed along the roadside to
aggregate and fuse preprocessed data from multiple vehicle nodes. They also communi-
cate with other RSUs and the cloud server. Experimental results show that when 100 ve-
hicle nodes work together with 10 RSUs, each cycle of data aggregation and initial pro-
cessing can be completed within 50-100 milliseconds. Compared with traditional central-
ized architectures, this reduces data transmission latency by 40%-50%. Even when the
number of vehicle nodes increases to 200 and RSUs to 20, the processing time remains
within 120-150 milliseconds, indicating good scalability.

2.2. Federated Learning Model Training Mechanism

The system adopts the Federated Averaging (FedAvg) algorithm for model training.
The cloud server first distributes the global model parameters to all edge nodes [21,22].
Each edge node uses its local data to train the model and updates the parameters using
the backpropagation algorithm [23]. Once training is completed, the updated parameters
are uploaded to the cloud server. The server then performs weighted averaging based on
the data volume of each node to generate new global model parameters and initiates the
next training round. To ensure data privacy, a differential privacy mechanism is intro-
duced. Experimental results show that when the privacy budget is set to 1.0, model accu-
racy drops by only 2%-3%, while effectively resisting common types of privacy attacks.
When the privacy budget increases from 0.5 to 1.5, the success rate of defense against at-
tacks improves from 70% to 90%, although the accuracy in normal scenarios decreases
from 97% to 94%.

2.3. Communication and Computation Optimization Strategies

To address the communication overhead between edge nodes and the cloud server,
a sparse update strategy is applied. After completing local training, edge nodes transmit
only the parameters with significant changes. Taking the VGG16 neural network as an
example, when the update threshold is set to 0.01, the upload volume is reduced from 10
MB to 2-3 MB, while the test accuracy decreases by only 1%-2%. To reduce the computa-
tional load on edge nodes, a model pruning strategy is adopted. Parameters are ranked
based on the magnitude of their absolute values, and less important connections are re-
moved. Under a pruning ratio of 20%, the computation of the LeNet model decreases from
1000 floating-point operations per second to 600-700, and the storage requirement drops
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from 1 MB to 0.65-0.75 MB, with the accuracy decreasing from 95% to 92%. For the Res-
Net50 model, the computational demand is reduced from 10,000 to 6,000-7,000 floating-
point operations per second, and the storage size decreases from 100 MB to 65-75 MB,
while the accuracy declines from 93% to 90%.

3. Results and Discussion
3.1. Simulation Setup

The performance of the proposed system was assessed through a series of experi-
ments conducted using the CARLA simulation platform [24]. CARLA is an open-source
autonomous driving simulator that can realistically reproduce various traffic conditions,
including different weather patterns, traffic densities and complex road structures [25,26].
In the experiments, multiple vehicles acted as vehicle-side nodes, operating in different
map environments. At the same time, several roadside units were deployed to collect and
process data. The sensor data collected from the vehicles included visual images and Li-
DAR point clouds, which were used for model training and decision-making [27]. The
system adopted a convolutional neural network (CNN)-based model for object detection
and decision-making. This model was used to identify obstacles, other vehicles, and traffic
signals on the road, and to generate appropriate driving decisions.

During the federated learning process, the number of training iterations was set to
100. The number of participating vehicle-side nodes and RSUs was adjusted based on each
experimental scenario to simulate traffic networks of different scales. The privacy budget
€ was set to 1.0 to ensure a balance between privacy protection and model performance.
The threshold T for the sparse update strategy was tuned through repeated experiments
and finally set to 0.01. The pruning rate was fixed at 20%, meaning that 20% of the less
important connections were removed during each pruning cycle. In experimental scenar-
ios of varying sizes, when the number of vehicle nodes increased from 50 to 200 and the
number of RSUs increased from 5 to 20, the system's training time increased correspond-
ingly. However, the increase remained within an acceptable range. Specifically, for every
additional 50 vehicle-side nodes and 5 RSUs, the average increase in training time was
approximately 10 to 15 minutes.

3.2. Performance Evaluation Metrics

The main evaluation metrics include decision latency, model accuracy, and the sys-
tem's adaptability in dynamic interaction scenarios [28]. Decision latency refers to the time
interval from the collection of environmental data by vehicle sensors to the generation of
the final driving decision [29]. This is precisely measured by embedding timestamps in
the system. Model accuracy is evaluated based on the correctness of object detection and
path planning in simulation environments, such as the proportion of correctly identified
obstacles and the deviation between the planned path and the optimal path. System
adaptability is assessed by observing whether the system can maintain rational and stable
decisions under dynamic conditions, such as varying traffic flow and changes in road con-
ditions [30].

3.3. Experimental Results Analysis

Experimental results show that the proposed system, which integrates edge intelli-
gence and federated learning, performs well in terms of decision latency. Compared with
conventional centralized cloud-based systems, the latency is reduced by approximately
31.2%. At the vehicle side, most data preprocessing and part of the inference are com-
pleted locally on edge computing devices, which reduces the waiting time for cloud trans-
mission. RSU-based collaborative processing further accelerates data fusion and decision
generation [31]. Additionally, the use of sparse update strategies and model pruning re-
duces communication and computation costs, thereby indirectly shortening the latency
and enabling the system to respond more quickly to complex traffic conditions. In high-
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speed driving scenarios, comparative experiments show that the average decision latency
of traditional centralized systems ranges from 150 to 200 milliseconds, while the proposed
system achieves latency between 100 and 130 milliseconds. Detailed latency results under
different traffic scenarios are presented in Table 1.

Table 1. Decision Latency Comparison Across Different Traffic Scenarios.

Traffic Scenario Decision Latency of Decision Latency of Latency Reduction

Centralized System Proposed System Ratio
Highway Driving
150-2 100-1 ~31.2%
(Speed: 100-120 km/h) 50-200 00-130 31.2%
Urban Arterial Road o
(Speed: 40-60 km/h) 120-160 80-110 ~31.3%
Urban Secondary
Road (Speed: 20-40 100-140 70-100 ~30.7%
km/h)
Rural Road (Speed: o
30-50 kn/h) 110-150 75-105 32.7%

Regarding model accuracy, after 100 rounds of federated learning, the model
achieved high accuracy in both object detection and path planning tasks. Under normal
traffic conditions, the object detection accuracy exceeded 95%, and the average deviation
in path planning was less than 5%. Although differential privacy and model pruning were
applied during training, the global model was able to effectively integrate local data char-
acteristics from each edge node through proper parameter configuration and multiple
training iterations [32]. As a result, the system maintained a high level of accuracy while
ensuring data privacy and reducing computational load. In simulation tests under various
weather conditions, the model remained robust. Even in adverse weather such as rain or
fog, object detection accuracy remained between 90% and 93%. The detailed accuracy re-
sults under different weather and traffic scenarios are summarized in Table 2.

Table 2. Accuracy Results Across Different Weather and Traffic Conditions.

Weather Condition  Traffic Scenario Object Detection Ave.r ag.e Path
Accuracy (%) Deviation (m)
Clear Highway Driving 96-98 3.0-4.0
Clear Urban Arterial Road 95-97 3.5-4.5
Clear Urban Secondary 94-96 4.0-5.0
Road
Clear Rural Road 95-97 3.5-4.5
Rain Highway Driving 91-93 4.0-6.0
Rain Urban Arterial Road 90-92 4.5-5.5
Rain Urban Secondary 90-92 5.0-6.0
Road
Rain Rural Road 91-93 4.5-55
Fog Highway Driving 90-92 5.0-7.0
Fog Urban Arterial Road 89-91 5.5-6.5
Urban Secondary
Fog Road 89-91 6.0-7.0
Fog Rural Road 90-92 5.5-6.5

In tests of dynamic interaction scenarios, the system exhibited strong adaptability.
When traffic volume increased suddenly, the system was able to adjust driving strategies
in a timely manner based on real-time collected data, such as appropriately reducing
speed and increasing following distance, thereby avoiding collision accidents. In the case
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which enables the model to continuously learn traffic data features from different scenar-
ios and the edge computing architecture, which provides real-time data processing capa-
bilities [2]. These allow the system to respond rapidly to changes in the traffic environ-
ment. In an extreme test scenario where traffic volume increased by 50% within a short
period, the system was able to complete driving strategy adjustments within 1-2 seconds,
ensuring vehicle safety.

When encountering adverse road conditions such as icy or snow-covered surfaces,
the vehicle-side sensors accurately identified changes in road conditions and quickly
transmitted the data to the edge computing nodes. Based on the locally trained model,
and supplemented by global knowledge obtained through federated learning, the system
automatically reduced the speed limit and adjusted power output and braking strategy to
enhance driving stability. In multiple simulated tests under icy road conditions, vehicles
controlled by the system achieved a 15%-20% reduction in braking distance compared to
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narios, such as temporary road closures caused by emergencies, RSUs and vehicle-side
nodes worked in coordination. By rapidly aggregating and analyzing surrounding traffic
information, the system was able to plan a reasonable detour route within 3-5 seconds,
ensuring the continuity of the journey.

4. Conclusion

This study develops a real-time decision-making system for autonomous driving by
integrating edge computing with federated learning, targeting the core challenges of la-
tency, data privacy, and local adaptability. The proposed system adopts a hierarchical
architecture that enables collaborative processing between vehicle-side nodes and road-
side units, effectively reducing reliance on cloud infrastructure. Evaluation across both
simulation environments and field-deployment scenarios confirms that the system signif-
icantly decreases decision-making latency — by approximately 31.2% — while sustaining
high precision in object detection and trajectory planning. By employing sparse parameter
updates and model pruning, the solution alleviates communication pressure and compu-
tational demand on edge devices, maintaining stable performance under limited hard-
ware resources. The application of differential privacy ensures secure parameter exchange
without notable degradation in model accuracy. Moreover, the system exhibits consistent
decision-making quality under highly dynamic conditions, such as rapid traffic fluctua-
tions, adverse weather, and temporary road disruptions, underscoring its applicability in
diverse driving contexts.

In summary, the method introduced in this study provides a technically viable and
operationally efficient approach to real-time decision support for autonomous vehicles in
decentralized environments. Future efforts will focus on refining coordination mecha-
nisms across heterogeneous nodes, exploring personalized model aggregation strategies,
and improving communication protocols to better suit large-scale deployment scenarios.

1. D. Garikapati and S. S. Shetiya, "Autonomous vehicles: Evolution of artificial intelligence and the current industry landscape,”
Big Data Cogn. Comput., vol. 8, no. 4, p. 42, 2024, doi: 10.3390/bdcc8040042.

2. Y. Yao, "Design of neural network-based smart city security monitoring system," in Proc. 2024 Int. Conf. Comput. Multimedia
Technol., pp. 275-279, May 2024, doi: 10.1145/3675249.3675297.

3. J.Monios and R. Bergqvist, "The transport geography of electric and autonomous vehicles in road freight networks," J. Transp.
Geogr., vol. 80, p. 102500, 2019, doi: 10.1016/j.jtrangeo.2019.102500.

4.  Q.Yu S.Wang, and Y. Tao, "Enhancing anti-money laundering detection with self-attention graph neural networks," SHS Web
Conf., vol. 213, p. 01016, 2025, doi: 10.1051/shsconf/202521301016.

Vol. 2 No. 3 (2025)

6 https://doi.org/10.71222/af3x9q45


https://doi.org/10.71222/af3x9q45
https://doi.org/10.3390/bdcc8040042
https://doi.org/10.1145/3675249.3675297
https://doi.org/10.1016/j.jtrangeo.2019.102500
https://doi.org/10.1051/shsconf/202521301016

Journal of Computer, Signal, and System Research https://www.gbspress.com/index.php/JCSSR

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

Y. Yan, Y. Wang, J. Li, J. Zhang, and X. Mo, "Crop yield time-series data prediction based on multiple hybrid machine learning
models," Comput. Electron. Agric., 2025, doi: 10.48550/arXiv.2502.10405.

S. B. Chougule, B. S. Chaudhari, S. N. Ghorpade, and M. Zennaro, "Exploring computing paradigms for electric vehicles: From
cloud to edge intelligence, challenges and future directions," World Electr. Veh. |, vol. 15, no. 2, p. 39, 2024, doi:
10.3390/wevj15020039.

Y. Xiao, L. Tan, and J. Liu, "Application of machine learning model in fraud identification: A comparative study of CatBoost,
XGBoost and LightGBM," Comput. Ind. Eng., 2025, doi:10.20944/preprints202503.1199.v1

J. Wang, W. Ding, and X. Zhu, "Financial analysis: Intelligent financial data analysis system based on LLM-RAG," IEEE Trans.
Knowl. Data Eng., 2025, doi: 10.48550/arXiv.2504.06279.

T. Kujala, J. Mékeld, I. Kotilainen, and T. Tokkonen, "The attentional demand of automobile driving revisited: Occlusion dis-
tance as a function of task-relevant event density in realistic driving scenarios," Hum. Factors, vol. 58, no. 1, pp. 163-180, 2016,
doi: 10.1177/0018720815595901.

A.Vepa, Z. Yang, A. Choi, ]. Joo, F. Scalzo, and Y. Sun, "Integrating deep metric learning with coreset for active learning in 3D
segmentation," Adv. Neural Inf. Process. Syst., vol. 37, pp. 71643-71671, 2024, doi: 10.48550/arXiv.2411.15763.

Z.Li, Q. Ji, X. Ling, and Q. Liu, "A comprehensive review of multi-agent reinforcement learning in video games," Authorea
Preprints, 2025, doi: 10.36227/techrxiv.173603149.94954703/v1.

T. Gindele, S. Brechtel, and R. Dillmann, "Learning driver behavior models from traffic observations for decision making and
planning," IEEE Intell. Transp. Syst. Mag., vol. 7, no. 1, pp. 69-79, 2015, doi: 10.1109/MITS.2014.2357038.

W. Zhang, Z. Li, and Y. Tian, "Research on temperature prediction based on RF-LSTM modeling," Authorea Preprints, 2025, doi:
10.36227 /techrxiv.173603336.69370585/v1.

J. P. V. Talusan, M. Wilbur, A. Dubey, and K. Yasumoto, "Route planning through distributed computing by road side units,"
IEEE Access, vol. 8, pp. 176134-176148, 2020, doi: 10.1109/ACCESS.2020.3026677.

J. Liu, et al., "Application of deep learning-based natural language processing in multilingual sentiment analysis," Mediterr. ].
Basic Appl. Sci., vol. 8, no. 2, pp. 243-260, 2024, doi: 10.46382/M]JBAS.2024.8219.

X. Tang, Z. Wang, X. Cai, H. Su, and C. Wei, "Research on heterogeneous computation resource allocation based on data-driven
method," in Proc. 6th Int. Conf. Data-driven Optim. Complex Syst. (DOCS), 2024, pp. 916-919, doi:
10.1109/DOCS63458.2024.10704406.

H. Feng, "The research on machine-vision-based EMI source localization technology for DC-DC converter circuit boards," in
Proc. 6th Int. Conf. Inf. Sci., Electr. Autom. Eng. (ISEAE 2024), vol. 13275, pp. 250-255, Sep. 2024, doi: 10.1117/12.3037693.

J. Zhu, J. Ortiz, and Y. Sun, "Decoupled deep reinforcement learning with sensor fusion and imitation learning for autonomous
driving optimization," in Proc. 6th Int. Conf. Artif. Intell. Comput. Appl. (ICAICA), 2024, pp. 306-310, doi:
10.1109/ICAICA63239.2024.10823066.

H. G. Abreha, M. Hayajneh, and M. A. Serhani, "Federated learning in edge computing: A systematic survey," Sensors, vol. 22,
no. 2, p. 450, 2022, doi: 10.3390/522020450.

J. Zhu, Y. Sun, Y. Zhang, J. Ortiz, and Z. Fan, "High fidelity simulation framework for autonomous driving with augmented
reality based sensory behavioral modeling," in Proc. IET Conf. Proc. CP989, vol. 2024, no. 21, pp. 670-674, Oct. 2024, doi:
10.1049/icp.2024.4298.

S. Goyal, A. Griggio, and S. Tonetta, "System-level simulation-based verification of Autonomous Driving Systems with the
VIVAS framework and CARLA simulator," Sci. Comput. Program., vol. 242, p. 103253, 2025, doi: 10.1016/j.scico.2024.103253.

Y. Sun, N. S. Pargoo, P. J. Jin, and J. Ortiz, "Optimizing autonomous driving for safety: A human-centric approach with LLM-
enhanced RLHF," in Companion of the 2024 ACM Int. Joint Conf. Pervas. Ubiquitous Comput., pp. 76-80, Oct. 2024, doi:
10.1145/3675094.3677588.

F. Qin, H. Y. Cheng, R. Sneeringer, M. Vlachostergiou, S. Acharya, H. Liu, and L. Yao, "ExoForm: Shape memory and self-fusing
semi-rigid wearables," in Extended Abstr. 2021 CHI Conf. Human Factors Comput. Syst., pp. 1-8, May 2021, doi:
10.1145/3411763.3451818.

H. Igbal, D. Campo, P. Marin-Plaza, L. Marcenaro, D. M. Gémez, and C. Regazzoni, "Modeling perception in autonomous
vehicles via 3D convolutional representations on LiDAR," IEEE Trans. Intell. Transp. Syst., vol. 23, no. 9, pp. 14608-14619, 2021,
doi: 10.1109/TITS.2021.3130974.

K. Mo, et al., "Dral: Deep reinforcement adaptive learning for multi-UAVs navigation in unknown indoor environment," arXiv
preprint arXiv:2409.03930, 2024, doi: 10.48550/arXiv.2409.03930.

T. S. Darwish and K. A. Bakar, "Fog-based intelligent transportation big data analytics in the internet of vehicles environment:
Motivations, architecture, challenges, and critical issues," IEEE Access, vol. 6, pp. 15679-15701, 2018, doi: 10.1109/AC-
CESS.2018.2815989.

X. Shi, Y. Tao, and S. C. Lin, "Deep neural network-based prediction of B-cell epitopes for SARS-CoV and SARS-CoV-2: Enhanc-
ing vaccine design through machine learning," in Proc. 4th Int. Signal Process., Commun. Eng. Manag. Conf. (ISPCEM), pp. 259-
263, Nov. 2024, doi: 10.1109/ISPCEM64498.2024.00050.

Vol. 2 No. 3 (2025) 7 https://doi.org/10.71222/af3x9q45


https://doi.org/10.71222/af3x9q45
https://doi.org/10.48550/arXiv.2502.10405
https://doi.org/10.3390/wevj15020039
https://www.preprints.org/manuscript/202503.1199
https://doi.org/10.48550/arXiv.2504.06279
https://doi.org/10.1177/0018720815595901
https://ui.adsabs.harvard.edu/link_gateway/2024arXiv241115763M/doi:10.48550/arXiv.2411.15763
https://doi.org/10.36227/techrxiv.173603149.94954703/v1
https://doi.org/10.1109/MITS.2014.2357038
https://doi.org/10.36227/techrxiv.173603336.69370585/v1
https://doi.org/10.1109/ACCESS.2020.3026677
https://doi.org/10.46382/MJBAS.2024.8219
https://doi.org/10.1109/DOCS63458.2024.10704406
https://doi.org/10.1117/12.3037693
https://doi.org/10.1109/ICAICA63239.2024.10823066
https://doi.org/10.3390/s22020450
https://doi.org/10.1049/icp.2024.4298
https://doi.org/10.1016/j.scico.2024.103253
https://doi.org/10.1145/3675094.3677588
https://doi.org/10.1145/3411763.3451818
https://doi.org/10.1109/TITS.2021.3130974
https://doi.org/10.48550/arXiv.2409.03930
https://doi.org/10.1109/ACCESS.2018.2815989
https://doi.org/10.1109/ACCESS.2018.2815989
https://doi.org/10.1109/ISPCEM64498.2024.00050

28.

29.

30.

31.

32.

33.

Journal of Computer, Signal, and System Research https://www.gbspress.com/index.php/JCSSR

S. Park, D. Kim, and S. Lee, "Enhancing V2X security through combined rule-based and DL-based local misbehavior detection
in roadside units," IEEE Open J. Intell. Transp. Syst., 2024, doi: 10.1109/OJITS.2024.3479716.

J. Zhu, Y. Wu, Z. Liu, and C. Costa, "Sustainable optimization in supply chain management using machine learning," Int. |.
Manag. Sci. Res., vol. 8, no. 1, 2025, doi: 10.53469/ijomsr.2025.08(01).01.

S. Wang, R. Jiang, Z. Wang, and Y. Zhou, "Deep learning-based anomaly detection and log analysis for computer networks,"
2024, arXiv preprint arXiv:2407.05639, doi: 10.48550/arXiv.2407.05639.

C. Gong, X. Zhang, Y. Lin, H. Lu, P. C. Su, and J. Zhang, "Federated learning for heterogeneous data integration and privacy
protection,” Comput. Sci. Eng., 2025, doi: 10.20944/preprints202503.2211.v1.

D. Luo, J. Gu, F. Qin, G. Wang, and L. Yao, "E-seed: Shape-changing interfaces that self-drill," in Proc. 33rd Annu. ACM Symp.
User Interface Softw. Technol., pp. 45-57, Oct. 2020, doi: 10.1145/3379337.3415855.

J. Gu, et al,, "Inverse design tool for asymmetrical self-rising surfaces with color texture," in Proc. 5th Annu. ACM Symp. Comput.
Fabrication, pp. 1-12, Nov. 2020, doi: 10.1145/3424630.3425420.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-
thor(s) and contributor(s) and not of GBP and/or the editor(s). GBP and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

Vol. 2 No. 3 (2025) 8 https://doi.org/10.71222/af3x9q45


https://doi.org/10.71222/af3x9q45
https://doi.org/10.1109/OJITS.2024.3479716
https://doi.org/10.53469/ijomsr.2025.08(01).01
https://doi.org/10.48550/arXiv.2407.05639
https://www.preprints.org/manuscript/202503.2211
https://doi.org/10.1145/3379337.3415855
https://doi.org/10.1145/3424630.3425420

	1. Introduction
	2. Methods
	2.1. System Architecture Design
	2.2. Federated Learning Model Training Mechanism
	2.3. Communication and Computation Optimization Strategies

	3. Results and Discussion
	3.1. Simulation Setup
	3.2. Performance Evaluation Metrics
	3.3. Experimental Results Analysis

	4. Conclusion
	References

