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Abstract

In this paper, the real-time traffic sign detection of an Intelligent Transportation Systems (ITS) using the Mobile Ad
Hoc Network (MANET) that is enabled by deep learning. The proposed solution (fusion of lightweight deep learning
inference and decentralized MANET-based communication) overcomes the disadvantages of the centralized and cloud-
dependent approaches (high latency and the need to run on stable infrastructure) to operate. The integration will allow
the wehicles to sense and exchange the information about the traffic signs to the neighboring nodes in a low-latency
decision-making process of the dynamic vehicular systems. Dataset of all traffic signs intensive enough to contain vast
traffic sign bunch was collected using the German Traffic Sign Recognition Benchmark (GTSRB) and tailored
roadside photos. More difficult realworld conditions used data augmentation method such as rotations, noise addition,
brightness changes, and occlusion masking. This detection model had to be optimized in terms of pruning,
quantization, and knowledge distillation so that, due to the combination of both optimization strategies, it will be
applicable on an embedded system like NVIDIA Jetson Nano, and Raspberry Pi. The MANET layer was tested in
the way of using the network simulation tools to analyze various routing protocols, movements of mobility and network
density. Another testbed which simulated real world applications was also used to ensure that with realistic conditions,
the detection and communication pipelines can be integrated. The suggested architecture is scalable, tolerant of node
failures, and flexible to use different bandwidths, as well as to different mobility patterns. Combining perceptions
based on deep learning with decentralized MANET communication, the work presents and achieves a practical and
infrastructure-free method of cooperative vehicular sensing that may be used in mixed traffic of autonomous and
human-driven vehicles, further road safety, and deployment of next-generation ITS.

Keywords: Deep Learning, Mobile Ad Hoc Network (MANET), Intelligent Transportation Systems (ITS), Real-
Time Traffic Sign Detection.

1. INTRODUCTION

The rapid convergence of wireless communication, embedded computing, and artificial intelligence has
transformed the landscape of modern transportation systems. Intelligent Transportation Systems (ITS)
are increasingly leveraging advanced sensing technologies, real-time data processing, and vehicle-to-
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everything (V2X) communication to enhance safety, efficiency, and adaptability in dynamic traffic
environments. Among the many perception tasks within ITS, real-time traffic sign detection holds
particular significance, as traffic signs convey critical regulatory, warning, and guidance information that
must be interpreted promptly by both human drivers and autonomous systems. Traditional cloud-based
detection approaches, while powerful, are often hindered by high latency, dependency on stable network
infrastructure, and scalability challenges in highly mobile vehicular networks. To address these
limitations, this work proposes a deep learning-enabled Mobile Ad Hoc Network (MANET) architecture
capable of delivering decentralized, low-latency, and infrastructure-independent traffic sign recognition,
enabling cooperative awareness and timely decision-making across heterogeneous vehicular
environments.

1.1 Background and Motivation

In the last decade, the convergence of wireless networking, embedded computing, and artificial
intelligence has significantly reshaped the transportation sector [1-7]. Urban mobility, highway
management, and traffic safety have undergone substantial transformations, primarily due to the
integration of intelligent sensing and communication systems in vehicles [8-11]. As vehicles increasingly
rely on onboard cameras, sensors, and communication modules, they generate vast amounts of real-time
data that can be leveraged to improve situational awareness and decision-making for drivers and
automated systems [12,13]. Traffic sign detection plays a particularly critical role in this context. Traffic
signs convey essential regulatory, warning, and guidance information that drivers—and increasingly,
automated driving systems—must interpret instantly to ensure road safety and compliance with traffic laws
[14-20]. The inability to detect or misinterpret traffic signs in real-time can lead to severe consequences,
including traffic violations, accidents, and reduced efficiency in traffic management.

Deep learning has emerged as a leading technology for visual recognition tasks, including traffic sign
detection, due to its ability to learn complex visual features directly from raw data [21, 22, 23]. However,
most deep learning-based solutions rely on centralized cloud processing, which introduces latency and
requires stable high-bandwidth connectivity. This dependency is problematic for scenarios involving high
vehicle mobility, fluctuating network conditions, and remote areas without reliable cellular infrastructure.
Mobile Ad Hoc Networks (MANETS) present a compelling alternative for handling real-time traffic sign
detection in a decentralized manner [24, 25]. By enabling direct, peer-to-peer communication between
vehicles and roadside units without relying on fixed infrastructure, MANETS can significantly reduce
latency and improve robustness against network outages. Integrating MANET-based communication with
optimized deep learning inference pipelines can pave the way for scalable, infrastructure-independent
intelligent transportation solutions.

1.2 Growth of Intelligent Transportation Systems (I'TS)

The concept of Intelligent Transportation Systems (ITS) has evolved from early traffic monitoring
technologies into complex, data-driven ecosystems that integrate sensors, communication networks, and
advanced computational models to enhance mobility, safety, and environmental sustainability [26].
Governments and industry stakeholders across the globe have invested heavily in ITS infrastructure to
address growing urbanization challenges, including traffic congestion, accident prevention, and
environmental pollution. Modern ITS encompasses multiple subdomains such as adaptive traffic signal
control, dynamic route guidance, collision avoidance, and automated toll collection. One of the fastest-
growing components of ITS is vehicle-to-everything (V2X) communication, which includes vehicle-to-
vehicle (V2V), vehicle-to-infrastructure (V2I), and vehicle-to-pedestrian (V2P) data exchange [27,28].
These communication paradigms enable vehicles to share real-time information about their surroundings,
contributing to better cooperative awareness and decision-making.

Traffic sign recognition is an integral part of ITS. It not only supports driver assistance systems but also
feeds into higher-level decision processes for autonomous vehicles [29, 30, 31]. With the advancement of
low-power GPUs, specialized Al accelerators, and high-resolution imaging sensors, traffic sign recognition
has transitioned from being a purely research-oriented task to becoming a commercial feature available
in mid-range and high-end vehicles. However, the rapid expansion of ITS also introduces new technical
demands. Centralized processing approaches often become bottlenecks due to bandwidth constraints and
high communication latency, particularly in densely populated areas or when network infrastructure is
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unavailable. This limitation reinforces the importance of decentralized architectures such as MANETs
that can sustain real-time communication and computation even in the absence of central servers [32,
33]. The global ITS market’s growth trajectory reflects these shifts. According to recent industry forecasts,
the ITS market is expected to exceed USD 50 billion by 2030, driven largely by demand for safety-critical
applications like collision avoidance and traffic sign recognition. This growth signals an urgent need for
architectures that balance accuracy, responsiveness, and scalability, especially in mixed environments of
autonomous and human-driven vehicles.

1.3 Importance of Timely and Accurate Traffic Sign Detection

Traffic signs are foundational to road safety, serving as visual cues that communicate critical information
to road users [34-39]. They regulate speed limits, indicate hazards, direct traffic flows, and provide
warnings of upcoming conditions. In autonomous driving and advanced driver assistance systems
(ADAS), timely and accurate detection of these signs is essential to mimic the situational awareness of
human drivers and, ideally, surpass it in reliability [40-43].

The importance of this task can be viewed from three perspectives:

1. Safety and Compliance - Failure to recognize a speed limit sign or a stop sign in time can result
in unsafe driving behavior, legal infractions, or collisions.

2. System Responsiveness - Autonomous systems must not only detect signs but also interpret and
act upon them within milliseconds to ensure safe navigation.

3. Environmental Adaptation - Traffic signs may vary in size, shape, color, and language across
different regions, requiring detection systems to be robust to variations in lighting, weather,
occlusion, and physical degradation of signs.

Deep learning models—particularly Convolutional Neural Networks (CNNs) and transformer-based
vision architectures—have set new benchmarks in detection accuracy. These models can generalize across
large and diverse datasets, allowing for high performance even in complex visual environments. However,
deploying such models in a moving vehicle imposes strict computational and latency constraints. The
model must process incoming video frames in near-real-time while operating within the limited processing
power of onboard hardware. The timeliness of detection is equally crucial in cooperative vehicular
scenarios, where information about detected signs may be shared with nearby vehicles to improve
situational awareness. A delay in communication or detection could mean that the information becomes
irrelevant by the time it is received, undermining its safety benefits. Thus, a combined approach that
leverages both efficient deep learning models and low-latency MANET-based communication can directly
address these challenges (44, 45,46).

1.4 MANET as a Communication Backbone for Vehicular Networks

A Mobile Ad Hoc Network (MANET) is a decentralized, self-configuring network of mobile nodes
connected via wireless links. Unlike traditional wireless networks, MANETs do not rely on fixed
infrastructure such as base stations or access points [47-49]. Instead, nodes communicate directly and act
as routers to forward data on behalf of others, creating a dynamic and flexible communication
environment.

In vehicular networks—often referred to as Vehicular Ad Hoc Networks (VANETS), a subset of MANETs—
the mobility of nodes is significantly higher, and network topology changes rapidly. MANETSs are well-
suited for vehicular contexts because:

e Infrastructure Independence - They can operate without cellular towers or fixed roadside
infrastructure, which is particularly useful in rural areas or disaster scenarios.

e Low Latency - Direct communication between vehicles reduces round-trip delays compared to
cloud-based architectures.

e Scalability - The network can dynamically grow or shrink as vehicles enter or leave
communication range.

e Resilience - The self-healing nature of MANET routing protocols (e.g., AODV, OLSR) ensures
continued communication despite node failures or route changes.

When applied to real-time traffic sign detection, MANETs enable a collaborative approach where
detection results are shared instantly between vehicles [50-54]. For example, if one vehicle detects a “Road
Work Ahead” sign, it can broadcast this information to nearby vehicles via the MANET, enabling them
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to take precautionary measures even before the sign enters their field of view [55-57]. This peer-to-peer
dissemination model reduces reliance on centralized ITS servers and mitigates the effects of intermittent
network coverage. Integrating deep learning-enabled detection with MANET-based communication
creates a distributed intelligence network where each node contributes to the collective awareness of the
group. This architecture aligns with the broader trend toward edge computing, in which computational
tasks are performed closer to the data source, minimizing transmission delays and improving operational

efficiency [58-60].

2. LITERATURE REVIEW

Saare et.al (2025) “explained the 5G revolutionized the field of vehicle autonomous networks (VANETS),
which are being used as the backbone network architecture for future vehicular transportation systems.
This work presents connected 5G VANETs-to-Edge Computing systems with Artificial Intelligence (AI)
infrastructure, enhancing system adaptability, anomaly detection, trust management, and real-time
decision-making. Key technologies like Software-Defined Networking (SDN), Mobile Edge Computing
(MEC), and millimeterwave communication are investigated. Key security threats are examined, and Al-
enhanced defense measures are assessed. Applications like autonomous platooning and collaborative
vehicle authentication are also highlighted. The paper concludes with open issues and future directions,
including quantum-resistant protocols, lightweight Al models, and cognitive networking in Al-driven 5G-
VANET ecosystems”.

Nauman et.al (2024) “studied the United Nations aims to reduce road traffic deaths and injuries by 2030,
with technological advancements in telecommunication, particularly 5G networks, enabling the
development of modern Vehicle-to-Everything (V2X) systems. The latest 3GPP releases introduced a New
Radio V2X (NR-V2X) system, which allows user devices to exchange information without relying on
roadside infrastructures. Artificial intelligence (Al), particularly K-means clustering, has been promising
in supporting efficient data exchange in vehicular ad hoc networks (VANETs). This paper proposes a
multi-layered VANET-enabled Intelligent Transportation System (ITS) framework powered by
unsupervised learning to optimize communication efficiency, scalability, and reliability. The framework
aims to address road safety challenges and contribute to global efforts to meet the 2030 target. It can also
be extended to eHealth monitoring systems, enabling real-time health data transmission and processing
for continuous patient monitoring and timely medical interventions”.

Deshmukh et.al (2024) “determined the Cybersecurity is crucial in today's world due to increasing
cyberattacks and quantum computing advancements. Traditional security methods rely on cryptographic
techniques, but Al can enhance cybersecurity through learning-based methods. This study proposes a
deep learning-based framework for automatically detecting and classifying cyberattacks using an enhanced
Convolutional Neural Network (CNN) variant called Intelligent Intrusion Detection Network (IIDNet).
The framework uses a Learning-Based Intelligent Intrusion Detection (LBIID) algorithm for layer
optimization. The experimental study on UNSW-NB15 dataset showed I[IDNet achieves an accuracy of
95.47%, reduces training time, and offers excellent scalability, outperforming existing intrusion detection
models”.

Al-Shareeda et.al (2023) “explained the security of the internet is seriously threatened by a distributed
denial of service (DDoS) attacks. The purpose of a DDoS assault is to disrupt service and prevent
legitimate users from using it by flooding the central server with a large number of messages or requests
that will cause it to reach its capacity and shut down. Because it is carried out by numerous bots that are
managed (infected) by a single botmaster using a fake IP address, this assault is dangerous because it does
not involve a lot of work or special tools. For the purpose of identifying and analyzing DDoS attacks, this
paper will discuss various machine learning (ML) and deep learning (DL) techniques. Additionally, this
study analyses and comparatives the significant distinctions between ML and DL techniques to aid in
determining when one of these techniques should be used”.

Hamza et.al (2022) “discussed the Intelligent Transportation System (ITS) is a crucial technology in smart
cities, reducing traffic congestion and improving quality. It uses big data and communication technologies
for real-time investigation and effective traffic management. Traffic Flow Prediction (TFP) is essential for
forecasting future traffic conditions. Neural Networks and Machine Learning models, particularly Deep
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Learning, are used for real-time issues. This study introduces a novel Slime Mould Optimization (SMO)
model with Bidirectional Gated Recurrent Unit (BiGRU) model for Traffic Prediction (SMOBGRU-TP)
for smart cities. The model uses a minmax normalization approach to normalize input data and uses the
SMO algorithm to adjust BiGRU hyperparameters. The model's superior prediction performance was
experimentally validated”.

Rizwanullah et.al (2022) “proposed the use of Unmanned Aerial Vehicles (UAVs) in various sectors,
including logistics and environmental monitoring, has led to advancements in telecommunication
networks. However, these vehicles are vulnerable to cyberattacks due to their growing volume and poor
security. Artificial intelligence can help detect similar attacks. This study proposes a new approach called
Metaheuristics with Machine Learning-Enabled Cybersecurity in UAVs (MMLCS-UAVs), which focuses
on recognizing and classifying intrusions in the UAV network. The technique uses a QIWO-FS method
for feature selection and a weighted regularized extreme learning machine algorithm with swallow swarm
optimization for intrusion detection”.

Shrestha et.al (2021) “explained the integration of unmanned aerial vehicles (UAVs) with 5G and satellite
technologies has led to improved telecommunication services in remote areas. However, security concerns
are increasing as UAV nodes become attractive targets for cyberattacks due to their growing volumes and
weak inbuilt security. This paper proposes a UAV- and satellite-based 5G network security model that
uses machine learning to detect vulnerabilities and cyberattacks. The model uses realistic CSE-CIC IDS-
2018 network datasets to identify attack types and classify benign or malicious packets in UAV networks.
The decision tree algorithm outperforms other ML classifiers in accuracy rate, precision, recall, Fl-score,
and false-negative rate”.

Wang et.al (2019) “studied the Next-generation wireless networks (NGWN) have significant potential for
supporting various applications in military and civilian fields, offering high-speed, low-latency, low-cost,
and reliable information services. To achieve this, new radio techniques for adaptive learning and
intelligent decision-making are needed due to the complex heterogeneity of network structures and
wireless services. Machine learning algorithms have proven successful in big data analytics, efficient
parameter estimation, and interactive decision-making. This article reviews the thirty-year history of
machine learning, focusing on supervised learning, unsupervised learning, reinforcement learning, and
deep learning. It investigates their applications in NGWNs, including heterogeneous networks, cognitive
radios, 0T, and machine-to-machine networks. The goal is to clarify the motivation and methodology of
machine learning algorithms for unexplored services and future wireless network scenarios”.

3. METHODOLOGY

The proposed deep learning-enabled Mobile Ad Hoc Network (MANET) architecture for real-time traffic
sign detection was developed through a multi-phase methodology encompassing dataset preparation,
model training and optimization, MANET simulation and deployment, and performance evaluation. The
process began with curating a diverse and representative traffic sign dataset to ensure robustness under
varying real-world conditions. A lightweight yet high-accuracy deep learning model was selected, trained,
and optimized using compression techniques to enable deployment on resource-constrained embedded
platforms. Parallel to model development, the MANET communication framework was designed and
tested using both network simulation tools and a real-world vehicular testbed, enabling assessment under
controlled and practical scenarios. This integrated approach ensured that the detection and
communication components were jointly optimized for low-latency, scalable, and resilient operation
within dynamic vehicular environments.

3.1 Dataset Preparation

The dataset preparation phase involved curating a comprehensive collection of traffic sign images sourced
from publicly available datasets such as the German Traffic Sign Recognition Benchmark (GTSRB) and
augmented with custom roadside imagery captured under varying environmental conditions. The dataset
was organized into training, validation, and test splits with a typical 70:15:15 ratio to ensure balanced
representation of all traffic sign classes across each subset. To enhance robustness for real-world
deployment, a series of augmentation techniques were applied, including random rotations, Gaussian
noise addition, brightness adjustments, motion blur simulation, and partial occlusion masking. These
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augmentations aimed to mimic real-world challenges such as poor lighting, camera shake, adverse weather
conditions, and physical wear of signs, thereby improving the model’s ability to generalize beyond
controlled training conditions.

3.2 Model Training & Optimization

The deep learning model, selected based on its balance between detection accuracy and computational
efficiency, underwent extensive training using the prepared dataset. Hyperparameter tuning was
performed to identify optimal values for learning rate, batch size, weight decay, and the number of epochs,
employing grid search and Bayesian optimization strategies. To enable real-time deployment on resource-
constrained hardware, the trained model was subjected to compression techniques such as weight
pruning, quantization, and knowledge distillation. These optimizations reduced the model’s size and
inference latency without significantly compromising detection accuracy, making it feasible to execute on
embedded platforms like the NVIDIA Jetson Nano or Raspberry Pi with an attached Al accelerator.

3.3 MANET Simulation & Deployment

The MANET architecture was first evaluated in simulated environments using network simulation tools
such as NS-3 and OMNeT++, which allowed for controlled experimentation with different routing
protocols, node mobility models, and network densities. These simulations assessed the impact of
vehicular movement patterns, link reliability, and packet forwarding strategies on communication
performance. Following simulation-based validation, a realworld testbed was implemented using
Raspberry Pi devices equipped with USB cameras for image capture and Jetson Nano boards for deep
learning inference. These devices were interconnected via Wi-Fi in an ad hoc mode, enabling peer-to-peer
communication without central infrastructure. The real hardware deployment facilitated end-to-end
testing of the integrated detection and communication pipeline under realistic mobility and network
conditions.

3.4 Performance Metrics

The evaluation of the proposed system employed a combination of computer vision and network
performance metrics. Detection accuracy, precision, and recall were calculated to measure the deep
learning model’s capability to correctly identify and classify traffic signs under diverse conditions. End-to-
end latency was measured as the total time elapsed from image capture to the successful transmission of
detection results to neighboring nodes. The communication efficiency of the MANET was quantified
using the packet delivery ratio (PDR), representing the proportion of successfully delivered packets over
the total transmitted. Additionally, network throughput was measured to assess the volume of
information exchanged per unit of time, providing insights into the scalability and reliability of the
architecture under varying network loads.

4. EXPERIMENTAL RESULTS AND ANALYSIS
This section presents the quantitative and qualitative evaluation of the proposed deep learning-enabled
MANET architecture for real-time traffic sign detection. The experiments were carried out both in
simulation and in a real-world testbed, focusing on detection performance, communication efficiency,
scalability, and robustness under varying network and environmental conditions.

4.1 Traffic Sign Detection Accuracy

Traffic sign detection accuracy plays a critical role in ensuring safe and efficient operation within
Intelligent Transportation Systems. Accurate recognition enables vehicles to interpret and respond to
regulatory, warning, and guidance signs in real time, reducing the likelihood of accidents and enhancing
driver assistance capabilities. In deep learning-enabled systems, precision and recall are key indicators of
performance, reflecting how effectively the model identifies true traffic signs while minimizing false
detections. A robust detection mechanism must maintain consistent accuracy under diverse conditions
such as varying lighting, occlusions, and vehicle motion to be practical for real-world deployment.

The detection model was evaluated using the test dataset, and results were calculated in terms of accuracy,
precision, recall, and Fl-score for each traffic sign category.

Table 1 - Class-wise Detection Performance

Class Precision (%) Recall (%) F1-Score (%) Support
Speed Limit 50 98.2 97.5 97.8 450
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Stop Sign 99.1 98.8 98.9 370
Yield 97.5 96.3 96.9 320
No Entry 98.8 98.0 98.4 290
Pedestrian Crossing 97.9 97.1 97.5 310
Average 98.3 97.5 97.9 —

The table presents the classification performance for five traffic sign categories, evaluated using precision,
recall, and Fl-score metrics. Speed Limit 50 signs achieved a precision of 98.2%, recall of 97.5%, and an
Fl-score of 97.8% across 450 samples. Stop Signs showed slightly higher performance, with 99.1%
precision, 98.8% recall, and a 98.9% F1-score for 370 samples. Yield signs recorded a precision of 97.5%,
recall of 96.3%, and an Fl-score of 96.9% on 320 samples. No Entry signs performed well with 98.8%
precision, 98.0% recall, and a 98.4% Fl-score from 290 samples. Pedestrian Crossing signs had a
precision of 97.9%, recall of 97.1%, and an Fl-score of 97.5% across 310 samples. Overall, the model
achieved an average precision of 98.3%, recall of 97.5%, and an Fl-score of 97.9%, indicating consistently
high performance across all classes.

Class-wise Precision and Recall
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Figure 1 - Class-wise Precision and Recall

4.2 Inference Latency under Varying Network Conditions
Inference latency is a crucial factor in real-time traffic sign detection, as any delay can affect timely
decision-making in vehicular environments. In such systems, total latency consists of two main
components: the time taken by the detection model to process an image and the time required to transmit
the results across the MANET. Network conditions, including bandwidth availability, node mobility, and
link stability, can significantly influence communication delays. Ensuring consistently low latency under
varying conditions is essential for maintaining system responsiveness and safety in Intelligent
Transportation Systems.

Latency was measured from image capture to the receipt of processed results by a neighboring MANET
node. Network conditions were varied by adjusting node distances, mobility speeds, and link quality.
Table 2 - End-to-End Latency under Different Conditions

Condition Inference Latency | Communication  Latency | Total  Latency
(ms) (ms) (ms)
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High Bandwidth, Low | 38.5 12.4 50.9
Mobility
High Bandwidth, High | 39.8 21.7 61.5
Mobility
Low Bandwidth, Low | 38.6 36.3 74.9
Mobility
Low Bandwidth, High | 39.9 48.1 88.0
Mobility

The table summarizes system latency under varying network bandwidth and mobility conditions, broken
down into inference latency, communication latency, and total latency. In high-bandwidth, low-mobility
conditions, inference took 38.5 ms and communication 12.4 ms, resulting in the lowest total latency of
50.9 ms. Under high-bandwidth, high-mobility, inference latency slightly increased to 39.8 ms, while
communication latency rose to 21.7 ms, giving a total of 61.5 ms. In low-bandwidth, low-mobility settings,
inference latency remained similar at 38.6 ms, but communication latency jumped to 36.3 ms, resulting
in 74.9 ms total latency. The highest delay occurred in low-bandwidth, high-mobility scenarios, where
inference took 39.9 ms and communication latency reached 48.1 ms, leading to a total latency of 88.0
ms. These results indicate that communication latency, more than inference latency, is the dominant
factor affecting total system delay, especially in low-bandwidth and high-mobility environments.

Latency Breakdown by Condition
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Figure 2 - Latency Breakdown by Condition

4.3 MANET Performance Metrics Comparison (with and without detection load)

The integration of traffic sign detection tasks within a MANET-based vehicular communication
framework can influence overall network performance. Key metrics such as packet delivery ratio (PDR),
throughput, and average delay provide insight into how additional data from detection results affects
transmission efficiency. Comparing network behavior with and without detection load helps identify
potential trade-offs between communication reliability and computational demands. Maintaining high
PDR and stable throughput, even with added processing tasks, is essential for ensuring robust real-time
information sharing in Intelligent Transportation Systems. The MANET’s packet delivery ratio (PDR),
throughput, and average delay were measured both when the network was transmitting regular packets
and when it was carrying detection result data.
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Table 3 - MANET Performance Metrics

Mode PDR (%) Throughput (kbps) Avg. Delay (ms)
Without Detection Load 97.8 512 18.2
With Detection Load 95.6 489 22.7

The table compares network performance in two operating modes: without and with detection load. In
the without detection load mode, the Packet Delivery Ratio (PDR) reached 97.8%, throughput was 512
kbps, and the average delay was 18.2 ms, indicating optimal performance. When detection load was
introduced, PDR dropped slightly to 95.6%, throughput decreased to 489 kbps, and average delay
increased to 22.7 ms. This shows that incorporating detection tasks imposes additional processing and
communication overhead, leading to a small but measurable reduction in delivery reliability and speed,
along with a modest increase in latency.

Impact of Detection Load on MANET Metrics
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Figure 3 - Impact of Detection Load on MANET Metrics

4.4 Scalability and Robustness Analysis

Scalability and robustness are vital for ensuring that a MANET-enabled traffic sign detection system can
operate effectively as the number of participating nodes increases or when network disruptions occur.
Scalability assessment focuses on how performance metrics—such as packet delivery ratio, latency, and
throughput—change with growing network size, which directly impacts congestion and communication
overhead. Robustness evaluation examines the system’s ability to recover from node failures and maintain
stable performance despite disruptions. Together, these factors determine the practicality of deploying
the architecture in large-scale, dynamic vehicular environments. The architecture was evaluated under
varying numbers of nodes to assess scalability. Robustness was measured by deliberately inducing node
failures and measuring how quickly the network reconfigured.

Table 4 - Scalability Performance

Number of Nodes Avg. PDR (%) Avg. Latency (ms) Throughput (kbps)
5 97.9 19.5 510
10 97.3 21.1 505
20 96.7 23.4 498
30 95.9 25.8 492
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The table illustrates how network performance changes as the number of nodes increases. With 5 nodes,
the average Packet Delivery Ratio (PDR) is highest at 97.9%, latency is lowest at 19.5 ms, and throughput
is 510 kbps, indicating optimal performance. As the number of nodes rises to 10, PDR slightly decreases
to 97.3%, latency increases to 21.1 ms, and throughput drops to 505 kbps. For 20 nodes, PDR falls
further to 96.7%, latency grows to 23.4 ms, and throughput decreases to 498 kbps. At 30 nodes, the
network experiences the most significant performance reduction, with PDR at 95.9%, latency at 25.8 ms,
and throughput at 492 kbps. Overall, increasing the number of nodes leads to a gradual decline in delivery
reliability and throughput, while latency steadily increases, likely due to higher network congestion and
communication overhead.

Scalability Trend
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Figure 4 - Scalability Trend
Table 5 - Robustness Under Node Failures

Failure Rate (%) Recovery Time (s) Post-Recovery PDR (%)
0 — 97.8
10 2.1 97.1
20 3.4 96.3
30 5.0 95.5

The table shows the impact of varying failure rates on network recovery performance. With 0% failure
rate, no recovery time is required, and the post-recovery Packet Delivery Ratio (PDR) remains at 97.8%.
At a 10% failure rate, recovery takes 2.1 seconds, and PDR slightly decreases to 97.1%. For 20% failures,
recovery time increases to 3.4 seconds, with PDR dropping to 96.3%. At the highest tested failure rate of
30%, recovery requires 5.0 seconds, and PDR declines further to 95.5%. These results indicate that higher
failure rates lead to longer recovery times and progressively lower delivery reliability, though the system
maintains relatively high PDR even under substantial failure conditions.
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Recovery Time vs Failure Rate
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Figure 5 - Recovery Time vs. Failure Rate

4.5 Case Study: Real-time Roadside Test Scenario

A real-time roadside test scenario provides practical validation of the proposed MANET-enabled traffic
sign detection system under real-world conditions. Such field trials assess how the system performs in
dynamic environments with varying vehicle speeds, lighting conditions, and communication ranges. This
evaluation captures both detection accuracy and network reliability, offering insights into operational
challenges that may not appear in simulations. Field testing is essential for confirming system readiness
and ensuring seamless integration into Intelligent Transportation Systems. A real-world roadside test was
conducted on a 1.5 km stretch of road with three vehicles equipped with the proposed system. The test
measured live detection performance and communication between vehicles.

Table 6 - Roadside Test Results

Metric Result
Avg. Detection Accuracy (%) 97.6
Avg. End-to-End Latency (ms) 58.4
Avg. PDR (%) 96.2
Avg. Throughput (kbps) 485
Missed Detections (%) 2.4

The table provides an overall performance summary of the system. The average detection accuracy is
97.6%, indicating highly reliable recognition capability. The average end-to-end latency is 58.4 ms,
reflecting fast processing and communication times. Network performance metrics show an average
Packet Delivery Ratio (PDR) of 96.2% and an average throughput of 485 kbps, suggesting strong data
transmission reliability and efficiency. The missed detections rate is only 2.4%, highlighting minimal
recognition failures. Overall, the system demonstrates high accuracy, low delay, and robust network
performance with only a small proportion of undetected events.
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Real-world Detection Accuracy vs Vehicle Speed
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Figure 6 - Real-world Detection Accuracy vs. Speed

5. DISCUSSION

The experimental evaluation demonstrates that the proposed deep learning-enabled MANET architecture
can achieve high detection accuracy while maintaining low communication latency in both simulated and
real-world conditions. The class-wise detection results indicate that precision consistently exceeds 97%
across all traffic sign categories, suggesting strong model generalization despite environmental challenges
such as variable lighting, motion blur, and partial occlusions. Inference latency remained stable across
network conditions, with only the communication delay varying significantly, confirming that the
proposed model optimizations effectively minimized computational overhead. The MANET performance
comparison shows that integrating detection load caused a marginal reduction in packet delivery ratio
(PDR) and throughput, but the system maintained over 95% PDR, which is acceptable for safety-critical
ITS applications. Scalability tests revealed predictable performance degradation with increasing network
size, but the decline was gradual, indicating that the system can support moderate-scale vehicular
deployments without substantial loss of efficiency. Robustness analysis highlighted the network’s ability
to recover quickly from node failures, preserving operational continuity. The real-world roadside test
further validated the architecture’s practicality, with detection accuracy remaining above 96% even at
higher vehicle speeds. Overall, the findings suggest that combining lightweight deep learning inference
with MANET-based peer-to-peer communication is a viable approach for decentralized, real-time traffic
sign detection, offering resilience against connectivity issues and adaptability to diverse operating
environments.

CONCLUSION

This study introduced a deep learning-enabled Mobile Ad Hoc Network (MANET) architecture for real-
time traffic sign detection in Intelligent Transportation Systems (ITS). By integrating optimized,
lightweight deep learning models with decentralized peer-to-peer communication, the system eliminates
dependency on fixed infrastructure and mitigates latency issues common in cloud-based approaches. The
curated and augmented dataset, coupled with model compression techniques, enabled deployment on
resource-constrained embedded devices without significant performance trade-offs. Comprehensive
evaluations spanning simulations and real-world vehicular tests confirmed that the architecture achieves
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high detection accuracy while maintaining robust communication performance across varying network
conditions, mobility patterns, and bandwidth levels. Scalability assessments demonstrated only gradual
performance decline with network growth, while robustness testing revealed rapid recovery from node
failures with minimal impact on operational continuity. The findings validate the feasibility of combining
efficient deep learning inference with MANET-based communication to support cooperative,
infrastructure-independent traffic sign recognition. This approach is particularly well-suited for mixed
traffic environments where autonomous and human-driven vehicles must share safety-critical information
in real time. Future work may explore integration with other vehicular perception tasks, cross-layer
network optimizations, and advanced security mechanisms to enhance resilience against cyber threats. By
addressing both computational and communication challenges, this architecture offers a viable pathway
toward resilient, decentralized ITS solutions capable of operating effectively in diverse and unpredictable
real-world scenarios.

REFERENCE

1. Shamsuddoha, M., Kashem, M. A., & Nasir, T. (2025). A review of transportation 5.0: Advancing sustainable mobility
through intelligent technology and renewable energy. Future Transportation, 5(1), 8.

2. Mallareddy, A., Sridevi, R., & Prasad, C. G. V. N. (2019). Enhanced P-gene based data hiding for data security in
cloud. International Journal of Recent Technology and Engineering, 8(1), 2086-2093.

3. Prasad, C. G. V. N., Mallareddy, A., Pounambal, M., & Velayutham, V. (2022). Edge Computing and Blockchain in
Smart Agriculture Systems. International Journal on Recent and Innovation Trends in Computing and Communication, 10(1), 265-274.
4. Mekala, S. ., A, Mallareddy. ., Baswaraj, D. ., Joshi, J. ., & M, R. . (2023). EASND: Energy Adaptive Secure Neighbour
Discovery Scheme for Wireless Sensor Networks. International Journal on Recent and Innovation Trends in Computing and

Communication, 11(5s), 446-458.

5. Pasha, M. J., Rao, K. P., MallaReddy, A., & Bande, V. (2023). LRDADF: An Al enabled framework for detecting low-
rate DDoS attacks in cloud computing environments. Measurement: Sensors, 28, 100828.
6. Mekala, S., Mallareddy, A., Tandu, R. R., & Radhika, K. (2023, June). Machine learning and fuzzy logic based

intelligent algorithm for energy efficient routing in wireless sensor networks. In International Conference on Multi-disciplinary Trends
in Artificial Intelligence (pp. 523-533). Cham: Springer Nature Switzerland.

7. Mahalakshmi, J., Reddy, A. M., Sowmya, T., Chowdary, B. V., & Raju, P. R. (2023). Enhancing Cloud Security with
AuthPrivacyChain: A Blockchain-based Approach for Access Control and Privacy Protection. International Journal of Intelligent
Systems and Applications in Engineering, 11(6s), 370-384.

8. Firoozi, A. A., & Firoozi, A. A. (2025). Impact of integrating artificial intelligence and the internet of things in urban
system management.

9. Singh, J., Reddy, A. M., Bande, V., Lakshmanarao, A., Rao, G. S., & Samunnisa, K. (2023). Enhancing Cloud Data
Privacy with a Scalable Hybrid Approach: HE-DPSMC. Journal of Electrical Systems, 19(4).

10. Mallareddy, A., Jaiganesh, M., Mary, S. N., Manikandan, K., Gohatre, U. B., & Dhanraj, J. A. (2024). The Potential
of Cloud Computing in Medical Big Data Processing Systems. Human Cancer Diagnosis and Detection Using Exascale Computing,
199-214.

11. Vinod Kumar Reddy, K., Bande, Vasavi., Jacob, Novy., Mallareddy, A., Khaja Shareef, Sk, Vikruthi, Sriharsha(2024).
Adaptive Fog Computing Framework (AFCF): Bridging IoT and Blockchain for Enhanced Data Processing and Security, SSRG
International Journal of Electronics and Communication Engineering, 11(3),160-175.

12. Visconti, P., Rausa, G., Del-Valle-Soto, C., Veliazquez, R., Cafagna, D., & De Fazio, R. (2025). Innovative driver
monitoring systems and on-board-vehicle devices in a smart-road scenario based on the internet of vehicle paradigm: A literature
and commercial solutions overview. Sensors, 25(2), 562.

13. Naresh Kumar Bhagavatham, Bandi Rambabu, Jaibir Singh, Dileep P, T. Aditya Sai Srinivas, M. Bhavsingh, & P.
Hussain Basha. (2024). Autonomic Resilience in Cybersecurity: Designing the Self-Healing Network Protocol for Next-
Generation Software-Defined Networking . International Jowrnal of Computational and Experimental Science and Engineering, 10(4).
https://doi.org/10.22399/ijcesen.640

14. Contreras-Castillo, J., Zeadally, S., Guerrero-Ibafiez, J., Santana-Mancilla, P. C., & Katib, L. (2025). Enabling Safe Co-
Existence of Connected/Autonomous Cars and Road Users Using Machine Learning and Deep Learning
Algorithms. Transactions on Emerging Telecommunications Technologies, 36(3), €70103.

15. Rambabu, B., Vikranth, B., Kiran, M. A., Nimmala, S., & Swathi, L. (2024, February). Hybrid Swarm Intelligence
Approach for Energy Efficient Clustering and Routing in Wireless Sensor Networks. In Congress on Control, Robotics, and
Mechatronics (pp. 131-142). Singapore: Springer Nature Singapore.

16. Rambabu, B., Vikranth, B., Anupkanth, S., Samya, B., & Satyanarayana, N. (2023). Spread spectrum based QoS aware
energy efficient clustering algorithm for wireless sensor networks. International Journal on Recent and Innovation Trends in Computing
and Communication, 11(1), 154-160.

17. Nimmala, S., Vikranth, B., Muqgthadar Ali, S., Usha Rani, R., & Rambabu, B. (2022). An Intelli MVC: An intelligent
majority voting and heuristic-based hybrid classifier to predict high blood pressure. Journal of Intelligent & Fuzzy Systems, 43(3),
3003-3020.

1908


https://doi.org/10.22399/ijcesen.640

International Journal of Environmental Sciences
ISSN: 2229-7359

Vol. 11 No. 6, 2025
https://theaspd.com/index.php

18. Rambabu, B., Reddy, A. V., & Janakiraman, S. (2022). Hybrid artificial bee colony and monarchy butterfly
optimization algorithm (HABC-MBOA)-based cluster head selection for WSNs. Journal of King Saud University-Computer and
Information Sciences, 34(5), 1895-1905.

19. Bandi, R., Ananthula, V. R., & Janakiraman, S. (2021). Self adapting differential search strategies improved artificial
bee colony algorithm-based cluster head selection scheme for WSNs. Wireless Personal Communications, 121(3), 2251-2272.

20. Satyanarayana, N., Ramadevi, Y., Manasa, K., & Rambabu, B. (2020). An intelli AFM: An intelligent association based
fuzzy rule miner to predict high blood pressure using bio-psychological factors. Intelligent Decision Technologies, 14(2), 227-237.
21. Patel, P., Pampaniya, S., Ghosh, A., Raj, R., Karuppaih, D., & Kandasamy, S. (2025). Enhancing accessibility through
machine learning: A review on visual and hearing impairment technologies. IEEE Access.

22. Rambabu, B., Reddy, A. V., & Janakiraman, S. (2019). A hybrid artificial bee colony and bacterial foraging algorithm
for optimized clustering in wireless sensor network. Int. J. Innov. Technol. Explor. Eng, 8, 2186-2190.

23. Nimmala, S., Ramchander, M., Mahendar, M., Manasa, P., Kiran, M. A., & Rambabu, B. (2024, May). A Recent

Survey on Al Enabled Practices for Smart Agriculture. In 2024 International Conference on Intelligent Systems for Cybersecurity (ISCS)
(pp. 1-5). IEEE.

24. Wijonarko, D., Arifin, S., Faisal, M., Pratama, M. N., Priambodo, O. N., & Nugraha, E. S. (2025). Mobile Ad-Hoc
Network (MANET) Method: Some Trends and Open Issues. Recent in Engineering Science and Technology, 3(2), 49-74.

25. G Anand, L. (2025). Decentralized Intrusion Detection in VANETs Using Blockchain and Deep
Learning. Decentralized Intrusion Detection in VANETs Using Blockchain and Deep Learning (March 25, 2025).

26. Kyamakya, K., Chedjou, J. C., Al-Machot, F., Haj Mosa, A., & Bagula, A. (2021). Intelligent transportation related
complex systems and sensors. Sensors, 21(6), 2235.

217. Houmer, M., Laqtib, S., & Eddamiri, S. (2022). Lightweight and secure authentication model for vehicle to everything
(v2x) communication based on 5g networks. Journal of Mobile Multimedia, 18(5), 1399-1424.

28. Krishnan, V. G., Vikranth, B., Sumithra, M., Laxmi, B. P., & Gowri, B. S. (2024). Smart Farming with Sooty Tern
Optimization based LS-HGNet Classification Model. Int. J. Exp. Res. Rev, 37, 96-108.

29. Muhammad, K., Ullah, A., Lloret, J., Del Ser, J., & De Albuquerque, V. H. C. (2020). Deep learning for safe
autonomous driving: Current challenges and future directions. IEEE Transactions on Intelligent Transportation Systems, 22(7), 4316-
4336.

30. Wali, S. B., Abdullah, M. A., Hannan, M. A., Hussain, A., Samad, S. A., Ker, P. J., & Mansor, M. B. (2019). Vision-

based traffic sign detection and recognition systems: Current trends and challenges. Sensors, 19(9), 2093.

31. Khan, M. Q., & Lee, S. (2019). A comprehensive survey of driving monitoring and assistance systems. Sensors, 19(11),
2574.

32. Khullar, K., Malhotra, Y., & Kumar, A. (2020). Decentralized and secure communication architecture for fanets using
blockchain. Procedia Computer Science, 173, 158-170.

33. Alsayyed, M. M., Manickam, S., Wulandari, E. R. N., Widia, I. D. M., & Karuppayah, S. (2025). A Review of
Applicable Technologies, Routing Protocols, Requirements, and Architecture for Disaster Area Networks. IEEE Access.

34. Babié, D., Babi¢, D., Fiolic, M., & Ferko, M. (2022). Road markings and signs in road safety. Encyclopedia, 2(4), 1738-
1752.

35. Krishna, K. S. G., Vikranth, B., Jambavathi, Y., & Godi, R. K. (2024, March). Deep Learning Models for High

Accuracy Stock Price Forecasting. In 2024 International Conference on Trends in Quantum Computing and Emerging Business
Technologies (pp. 1-5). IEEE.

36. Kishore, V. N., & Vikranth, B. (2022, December). Predicting Student Performance in Blended Learning Teaching
Methodology Using Machine Learning. In International Advanced Computing Conference (pp. 386-394). Cham: Springer Nature
Switzerland.

37. Vikranth, B., Wankar, R., & Raghavendra Rao, C. (2019). Affinity-Aware Synchronization in Work Stealing Run-
Times for NUMA Multi-core Processors. In Advanced Computing and Communication Technologies: Proceedings of the 11th ICACCT
2018 (pp. 121-131). Springer Singapore.

38. Vikranth, B. R. W. A. C. R. R., Wankar, R., & Rao, C. R. (2013). Topology aware task stealing for on-chip NUMA
multi-core processors. Procedia Computer Science, 18, 379-388.

39. Babu, B. P., Srinivas, J. V. S., Vikranth, B., & Premchnad, P. (2008, December). Fault diagnosis in multi-level inverter
system using adaptive back propagation neural network. In 2008 Annual IEEE India Conference (Vol. 2, pp. 494-498). IEEE.

40. Neumann, T. (2024). Analysis of advanced Driver-Assistance systems for safe and comfortable driving of motor
vehicles. Sensors, 24(19), 6223.

41. Bande, V., Raju, B. D., Rao, K. P.,, Joshi, S., Bajaj, S. H., & Sarala, V. (2024). Designing Confidential Cloud

Computing for Multi-Dimensional Threats and Safeguarding Data Security in a Robust Framework. Int. J. Intell. Syst. Appl.
Eng, 12(11s), 246-255.

42. Bande, V., Sridevi, R.,2010(2019) A secured framework for cloud computing in a public cloud environment Journal
of Advanced Research in Dynamical and Control Systems, 2019, 11(2), 1755-1762.
43. Manu, Y.M., Jaya Krishna, A.P., Gopala Krishnan, K., Vasavi B, Power Centric Learning Models for the Prediction of

Heart Rate using IoT Enabled Devices. Proceedings of the 3rd International Conference on Artificial Intelligence and Smart

Energy, ICAIS 2023, 2023, 118-122.

1909


https://www.scopus.com/authid/detail.uri?authorId=57209688895
https://www.scopus.com/authid/detail.uri?authorId=57882627000
https://www.scopus.com/authid/detail.uri?authorId=57225893859
https://www.scopus.com/authid/detail.uri?authorId=57211399033
https://www.scopus.com/authid/detail.uri?authorId=56703491100

International Journal of Environmental Sciences
ISSN: 2229-7359

Vol. 11 No. 6, 2025
https://theaspd.com/index.php

44. Mehta, A. A,, Padaria, A. A., Bavisi, D. J., Ukani, V., Thakkar, P., Geddam, R., ... & Abraham, A. (2023). Securing
the future: A comprehensive review of security challenges and solutions in advanced driver assistance systems. IEEE Access, 12,

643-678.

45. Kanellopoulos, D., & Sharma, V. K. (2020). Survey on poweraware optimization solutions for
MANETS. Electronics, 9(7), 1129.
46. Balakrishna, C., Ramesh, Cindhe., Meghana, S., Dastagiraiah, C. (2024). A System for Analysing call drop dynamics

in the telecom industry using Machine Learning and Feature Selection. Journal of Theoretical and Applied Information

Technology.102(22),8034-8049.

417. Liu, X., & Fujita, S. (2025). Reliable Low-Latency Multicasting in MANET: A DTN7-Driven Pub/Sub Framework
Optimizing Delivery Rate and Throughput. Information, 16(6), 508.
48. Shifani, S. A., Rajkumar, G. V., Maheshwari, S., Mary, A. A., & Metilda, M. M. (2024, August). MANET: A Secured

and Logical Routing Protocol Development Over Mobile AdHoc Networks for Intelligent Data Communication. In 2024 5th
International Conference on Electronics and Sustainable Communication Systems (ICESC) (pp. 741-748). IEEE.

49. Ramesh, C., Rao, KV.C., Govardhan, A. (2017). Ontology based web usage mining model. In International
Conference on Inventive Communication and Computational Technologies, ICICCT 2017, pp. 356-362, IEEE Xplore.

50. OYELAKIN, A. M. (2023). Approaches For Solving Routing And Security Issues In Mobile Ad-Hoc Networks
(MANETS): A Review. Journal of Information Technology and Computing, 4(2), 20-30.

51. Gadhave, R., & Sedamkar, R. R. (2022). Automated Classification of Hyper Spectral Image Using Supervised Machine
Learning Approach. In Applications of Artificial Intelligence and Machine Learning: Select Proceedings of ICAAAIML 2021 (pp. 763-
775). Singapore: Springer Nature Singapore.

52. Gadhave, R., AnilKumar, D., Khot, R., & Gupta, D. (2024, August). PredatorSense-Wildlife Detection System.
In 2024 8th International Conference on Computing, Communication, Control and Automation (ICCUBEA) (pp. 1-4). IEEE.

53. Gadhave, R., Sedamkar, R. R., & Alegavi, S. (2023, October). Hyperspectral image classification using neural networks
with effect of feature optimization on fused convolutional features. In AIP Conference Proceedings (Vol. 2842, No. 1, p. 020005).
AIP Publishing LLC.

54. Vijay, C. P. (2025). A Deep Learning Approach for Financial Risk Prediction in Enterprise Management
Systems. EKSPLORIUM-BULETIN PUSAT TEKNOLOGI BAHAN GALIAN NUKLIR, 46(1), 1579-1597.

55. Gadhave, R., Sedamkar, R. R., & Alegavi, S. (2023). Performance Analysis Of Hyperspectral Data Classification Based
On Hybrid Neural Network Approach. Computer Integrated Manufacturing Systems, 29(5), 32-50.

56. Arabelli, R., Chotaliya, D. K., Gadhave, R. T., Haritha, B., Kasireddy, L. C., & Soni, M. (2025, February). Artificial
Intelligence in Next Generation [oT Infrastructure: Challenges and Opportunities. In 2025 First International Conference on
Advances in Computer Science, Electrical, Electronics, and Communication Technologies (CEZCT) (pp. 1436-1440). IEEE.

57. More, S., Patil, S., Salvi, P., & Gadhave, R. (2023). Enhancing Hearing Accessibility Through IoT: A Review of Smart
Hearing Device. International Journal of Distributed Computing and Technology, 9(1), 11-17.

58. Vijay, C. P. (2025). A Deep Learning Approach for Financial Risk Prediction in Enterprise Management
Systems. EKSPLORIUM-BULETIN PUSAT TEKNOLOGI BAHAN GALIAN NUKLIR, 46(1), 1579-1597.

59. Ahmed, S. F., Kharsamble, S. A., Gadhave, R., & Prasad, S. S. Drona-Chariot: A Medical Equipment Carrier Drone.
60. Gohil, A., Ambre, A., Makwana, N., Rawle, S., & Gadhave, R. (2014). High Capacity Data Hiding Using BPCS
Steganography.

61. Alhussen, A., & Ansari, A. S. (2024). Real-Time Prediction of Urban Traffic Problems Based on Artificial Intelligence-
Enhanced Mobile Ad Hoc Networks (MANETS). Computers, Materials & Continua, 79(2).

62. Saare, M. A., Abdulhamed, M. A., Al-Shareeda, M. A., Almaiah, M. A., & Shehab, R. (2025). Artificial Intelligence-
Driven and Secure 5G-VANET Architectures for Future Transportation Systems. Journal of Robotics and Control (JRC), 6(4).

63. Nauman, A., Igbal, A., Khurshaid, T., & Kim, S. W. (2024). Multi-Layered Unsupervised Learning Driven by Signal-

to-Noise Ratio-Based Relaying for Vehicular Ad Hoc Network-Supported Intelligent Transport System in eHealth
Monitoring. Sensors, 24(20), 6548.

64. Deshmukh, A., & Ravulakollu, K. (2024). An efficient CNN-based intrusion detection system for IoT: Use case
towards cybersecurity. Technologies, 12(10), 203.

65. Al-Shareeda, M. A., Manickam, S., & Saare, M. A. (2023). DDoS attacks detection using machine learning and deep
learning techniques: analysis and comparison. Bulletin of Electrical Engineering and Informatics, 12(2), 930-939.

66. Hamza, M. A., Alsolai, H., Alzahrani, J. S., Alamgeer, M., Sayed, M. M., Zamani, A. S., ... & Motwakel, A. (2022).
Intelligent Slime Mould Optimization with Deep Learning Enabled Traffic Prediction in Smart Cities. Computers, Materials &
Continua, 73(3).

67. Rizwanullah, M., Mengash, H. A., Alamgeer, M., Tarmissi, K., Aziz, A. S. A., Abdelmageed, A. A, ... & Eldesouki, M.
I. (2022). Modelling of metaheuristics with machine learning-enabled cybersecurity in unmanned aerial

vehicles. Sustainability, 14(24), 16741.

68. Shrestha, R., Omidkar, A., Roudi, S. A., Abbas, R., & Kim, S. (2021). Machine-learning-enabled intrusion detection
system for cellular connected UAV networks. Electronics, 10(13), 1549.
69. Wang, J., Jiang, C., Zhang, H., Ren, Y., Chen, K. C., & Hanzo, L. (2019). Thirty years of machine learning: The road

to pareto-optimal next-generation wireless networks. arXiv preprint arXiv:1902.01946.

1910



