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ABSTRACT—

Distributed Denial of Service (DDoS) attacks continue to be a significant challenge in network security, disrupting online services by overwhelming them with
excessive traffic. The evolution of these attacks, coupled with the increase in connected devices, has highlighted the need for advanced detection mechanisms that
can efficiently identify and mitigate these threats. This review provides an overview of the traditional DDoS detection methods, such as threshold-based and

signature- based techniques, which have been commonly used due to their simplicity. However, these methods often struggle to handle emerging attack patterns,
necessitating the adoption of more sophisticated approaches.

The review then explores modern techniques that incorporate machine learning, deep learning, and artificial intelligence to enhance DDoS detection. These data-
driven methods are becoming increasingly popular as they offer improved detection accuracy and the ability to adapt to new attack patterns. By utilizing historical
traffic data, these techniques enable real-time classification of traffic and the reduction of false positives, making them more effective in dynamic attack
environments. The paper also addresses challenges such as scalability, real-time detection, and the complexity of evolving attack vectors that complicate traditional
detection methods. Finally, the review examines hybrid detection models that combine multiple techniques to create a more comprehensive defense against DDoS
attacks. These models integrate the strengths of both conventional and modern approaches to improve overall detection accuracy and system resilience. The paper

concludes by discussing the future scope of DDoS detection, emphasizing the need for intelligent, scalable systems that can adapt to the growing complexity of
attacks in an increasingly connected world

Index Terms- Distributed Denial of Service (DDoS), Network Security, Traffic Classification, Hybrid Detection Models.

l. Introduction

Distributed Denial of Service (DDoS) attacks represent one of the most prevalent and disruptive threats to networked systems, with the potential to
incapacitate websites, servers, and online services by flooding them with an overwhelming amount of traffic. These attacks have become increasingly
sophisticated, targeting critical infrastructure across various industries, including finance, healthcare, and government sectors. As digital transformation
continues to accelerate, the scale and complexity of DDoS attacks have also expanded, making detection and mitigation more challenging. The need for
robust, scalable, and adaptive DDoS detection techniques is more pressing than ever to ensure the availability and integrity of online services.
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Fig. 1. DDoS Attack
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Traditional methods of DDoS detection, such as threshold- based and signature-based approaches, have been widely used in the past due to their simplicity
and ease of implementation. However, these methods have limitations when it comes to detecting novel or evolving attack patterns, leading to high false
positive rates or undetected attacks. To overcome these limitations, more advanced detection techniques leveraging machine learning (ML), deep learning
(DL), and artificial intelligence (Al) are being explored. These techniques offer the ability to analyze large datasets, learn from historical traffic patterns,
and adapt to new types of attacks in real-time. By continuously improving detection accuracy, these methods can reduce the impact of DDoS attacks and
provide more effective solutions for cyber-security.

Despite the advancements in DDoS detection technologies, challenges remain in terms of scalability, real-time detection, and the ability to handle large
volumes of traffic generated during an attack. As attacks continue to evolve, detection systems must be capable of adapting to new attack vectors while
maintaining efficiency and minimizing the disruption to legitimate traffic. In response to these challenges, hybrid detection models that combine multiple
approaches are emerging as a promising solution. These models aim to enhance detection accuracy by leveraging the strengths of both traditional and
modern techniques, paving the way for more resilient and adaptable DDoS defense systems.

I1. Related work

The rapid evolution and sophistication of DDoS attacks demand robust detection systems capable of adapting to changing attack vectors. Over the years,
various methods, ranging from statistical analysis to machine learning approaches, have been proposed to address this challenge. This literature re- view
examines ten recent and influential research papers on DDoS detection to identify advancements, limitations, and future directions in the field. The
selected studies employ diverse methodologies, including traditional statistical techniques, deep learning models such as Convolutional Neural Networks
(CNNs) and Long Short-Term Memory (LSTM) networks, and hybrid approaches.

By exploring the strengths and weaknesses of each approach, this review aims to provide a comprehensive understanding of the current state of DDoS
detection systems. The review highlights the shift from traditional methods, which often struggle with scalability and accuracy, to advanced ma- chine
learning and deep learning models that offer improved detection rates and adaptability to evolving attack patterns. However, challenges such as
computational complexity, the need for large datasets, and the risk of over-fitting remain key concerns. This analysis aims to identify gaps in existing
research and provide insights for developing more efficient, scalable, and accurate DDoS detection systems.

A. Robust DDoS attack detection with adaptive transfer learning

In the paper titled "Robust DDoS Attack Detection with Adaptive Transfer Learning” by [1], the growing frequency of Distributed Denial of Service
(DDoS) attacks has highlighted the need for effective and adaptable detection systems. While traditional detection methods, such as signature-based and
threshold-based techniques, have limitations in identifying new or sophisticated attack patterns, deep learning models, particularly Convolutional Neural
Networks (CNNs), have gained significant traction for DDoS detection. CNNs can automatically learn complex features from raw network traffic data,
making them well-suited for detecting subtle attack patterns and distinguishing between benign and malicious traffic.

Several research efforts have demonstrated the effectiveness of CNNs in detecting various types of DDoS attacks, including volumetric, protocol-based,
and application-layer attacks. However, CNNs’ performance can be influenced by dataset variability and the evolving nature of DDoS attacks. In response,
recent studies have turned to adaptive architectures that can generalize well across different datasets and attack scenarios, improving the robustness and
accuracy of DDoS detection models. A critical challenge that remains underexplored, however, is how to transfer knowledge between datasets to enhance
classification performance, particularly when the datasets differ significantly in terms of attack patterns or network conditions.

Incorporating transfer learning into DDoS detection has shown promising results in improving model generalization across various attack scenarios. By
transferring learned features from one dataset to another, models can adapt to new attacks and provide better detection accuracy. Few studies have fully
explored the combination of adaptive CNN architectures and transfer learning techniques to optimize DDoS detection in real-world environments. The
paper “Robust DDoS Attack Detection with Adaptive Transfer Learning” aims to address this gap, proposing an innovative approach that integrates
CNNs, adaptive transfer learning, and hyper-parameter optimization to enhance the detection of DDoS attacks across diverse network environments and
evolving attack patterns.

B. DDosS attack detection and mitigation using deep neural network in SDN environment

”DDoS Attack Detection and Mitigation Using Deep Neural Network by in SDN Environment” by [2] presents a cutting- edge approach to tackling the
persistent threat of Distributed Denial of Service (DDoS) attacks in Software-Defined Networking (SDN) environments through the application of Deep
Neural Networks (DNN). The paper focuses on leveraging the flexibility and programmability of SDN to integrate an adaptive DNN-based detection
mechanism. The proposed model meticulously analyzes network traffic data to detect intricate patterns indicative of DDoS attacks. By employing deep
learning techniques, specifically a DNN architecture, the model demonstrates superior performance in discerning malicious traffic with high detection
accuracy across multiple datasets, including SDN, CICIDS2018, and Kaggle DDoS datasets. The study reports detection accuracy rates of 99.98 percent,
100 percent, and 99.99 percent, respectively, highlighting the robustness of the approach in various real-world scenarios.

Furthermore, the paper explores the practical implications of deploying DNNs within SDN infrastructures, emphasizing scalability and adaptability in
dynamic network environments. The integration of deep learning with SDN’s centralized control plane allows for efficient threat detection and mitigation,
minimizing the impact of DDoS attacks on network performance. This work contributes to the field by addressing key challenges associated with
traditional DDoS detection methods, such as the inability to adapt to evolving attack patterns and the high false positive rates. The findings offer valuable
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insights into the application of advanced deep learning models in enhancing network security within SDN, providing a strong foundation for future
research and practical implementations in cybersecurity defenses.

C. Belief-DDoS: stepping up DDoS attack detection model using DBN algorithm

In the realm of DDoS attack detection, the paper titled “Belief-DDoS: Stepping Up DDoS Attack Detection Model Using DBN Algorithm” by [3]
introduces a novel approach leveraging Deep Belief Networks (DBN) to enhance detection capabilities.

Unlike traditional methods such as signature-based detection and scrubbing, which struggle with the complexity and scale of sophisticated DDoS attacks,
this study employs a DBN to automate feature representation and build an intelligent classification model.

The proposed DBN-based model is designed to overcome the limitations of conventional machine learning techniques by enabling a deeper understanding
of network traffic patterns associated with DDoS attacks. By training the model on extensive datasets, the study demonstrates that the DBN approach
achieves higher accuracy and reduced error rates in detecting malicious activities, even with minimal data loss.

This paper contributes significantly to the field by addressing the need for more robust and adaptive detection systems capable of handling the ever-
evolving nature of DDoS threats. The integration of DBN in the detection process underscores the potential of deep learning algorithms in enhancing the
precision and efficiency of cyber-security measures, setting a new benchmark for future research in this area.

D. DTL-5G: Deep transfer learning-based DDoS attack detection in 5G and beyond networks

The paper titled "DTL-5G: Deep Transfer Learning-based DDoS Attack Detection in 5G and Beyond Networks” by [4] explores the integration of Deep
Transfer Learning (DTL) techniques to enhance the detection of Distributed Denial- of-Service (DDoS) attacks in the context of 5G networks and beyond.
Network slicing, a fundamental enabler for 5G, introduces increased vulnerability to cyber threats, particularly DDoS attacks, which can severely degrade
service quality by overwhelming critical network functions. This research addresses the challenge of limited labeled data in operational 5G networks by
employing transfer learning techniques. The study utilizes deep learning models such as Convolutional Neural Network (CNN), Residual Network
(ResNet), and Inception as base models. These models are initially trained on a comprehensive source dataset generated within a 5G network slicing
testbed, which includes both benign traffic and various types of DDoS attack traffic.

Following the initial training phase, the models are fine- tuned using transfer learning processes on the 5G-NIDD dataset, a real-world 5G network dataset
with sparse annotated traffic related to multiple DDoS attack types. The results demonstrate significant performance improvements in DDoS attack
detection when transfer learning is applied. Notably, the Inception models emerge as the top performers, showing substantial enhancements in metrics
such as accuracy, recall, precision, and F1-score compared to models without transfer learning. This study underscores the potential of DTL approaches
in fortifying 5G network defenses against evolving DDoS threats.

E. Securing the road ahead: Machine learning-driven DDoS attack detection in VANET cloud environments

The paper ”Securing the Road Ahead: Machine Learning- Driven DDoS Attack Detection in VANET Cloud Environments” by [5]addresses the critical
security challenges posed by Distributed Denial of Service (DDoS) attacks within the context of Vehicular Ad-hoc Network (VANET) Cloud
environments. As the automotive industry increasingly integrates vehicles into the digital ecosystem, VANET technology plays a pivotal role in enabling
connected and autonomous vehicles. This integration, while revolutionizing wireless network communications, also exposes these systems to significant
security threats, particularly from DDoS attacks that can disrupt vehicle communication and cloud-based services.

The study proposes a novel architectural framework designed to capture and analyze network flows within VANET Cloud environments. This framework
employs machine learning techniques for the classification and predictive analysis of network traffic, aiming to detect and mitigate potential DDoS
attacks. The proposed solution demonstrates a high detection accuracy of 99.59 percent, showcasing its effective- ness in identifying malicious activities
within the network. The adaptability of this machine learning-driven framework ensures its practical applicability to real-world VANET Cloud systems.
By offering timely and efficient responses to security threats, the proposed architecture not only enhances the overall security posture of VANET
deployments but also contributes to the broader goal of secure and reliable connected vehicle ecosystems. This research highlights the importance of
advanced security measures in the successful adoption and deployment of VANET Cloud technologies.

111. Proposed Model

The proposed system architecture for DDoS attack detection comprises several interconnected modules, ensuring efficient processing and classification
of network traffic.
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Fig. 2. System Architecture

The Incoming Traffic module represents the raw network data flowing into the system. This traffic is first passed through the Filtering Module, which
removes irrelevant or redundant data, focusing on potentially malicious traffic for further analysis. The Packet Capturing Module then records network
packets, capturing details such as source IPs, destination IPs, packet size, and timestamps. The captured data undergoes Feature Extraction, where key
features, including temporal and spatial characteristics, are derived. These features are critical for detecting patterns associated with DDoS attacks. The
extracted features are then processed through two pathways.

In the LSTM Traffic Aggregation module, sequential patterns and temporal dependencies in the traffic are analyzed using Long Short-Term Memory
(LSTM) networks. Simultaneously, the CNN Classification module utilizes Convolutional Neural Networks (CNN) to identify spatial anomalies and
patterns within the extracted features. The outputs from the CNN and LSTM modules are aggregated for classification, distinguishing between Normal
Traffic, marked as safe, and Attack Traffic, flagged for further investigation or mitigation. This hybrid approach leverages the strengths of both CNN and
LSTM architectures, ensuring robust, real-time DDoS detection with high accuracy and adaptability to evolving attack patterns.
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Fig. 3. Flow Diagram

The flowchart consists of several stages, each represented by distinct blocks, which together describe the process of classifying network traffic as either
benign or malicious. The system starts with the dataset, which serves as the source of input data for the detection system. This data is preprocessed before
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being fed into the neural network. During data pre- processing, the data being cleaned and prepared. The function f(x) is applied to pre-process the dataset
X. After pre- processing, the data enters the input layer, which is responsible for serving the data to the neural network. The first layer of the neural
network is a 1D Convolutional Layer. It processes the input data to extract spatial features from the network traffic. The mathematical operation g(x) is
used to apply the ReLU activation function, followed by the convolution operation. After the convolution operation, the data is passed through a pooling
layer that reduces the dimensionality, simplifying the data while preserving important information.

The pooled data is flattened into a 1D vector, making it ready for further processing in subsequent layers. The LSTM (Long Short-Term Memory) layer
is introduced to capture temporal dependencies in the data. This layer helps recognize sequential patterns in network traffic, which is crucial for DDoS
detection. The output from the LSTM layer is processed by a dense layer, which interprets the data before classification. Finally, the system uses a softmax
activation function in the output layer to classify the traffic as either benign (normal) or malicious (DDoS attack). The classification decision is based on
the output probability of each class.

IVV. CONCLUSION

In conclusion, this review has explored various state-of- the-art methodologies for DDoS attack detection, focusing on the application of deep learning
models within different network environments such as SDN, 5G, and VANET. The related works highlight the evolution of DDoS detection strategies
from traditional signature-based approaches to more sophisticated machine learning and deep learning models. Notably, techniques such as Deep Belief
Networks (DBN), Deep Transfer Learning (DTL), and machine learning-driven models in VANET environments have demonstrated significant
improvements in detection accuracy, adaptability, and resilience against evolving DDoS threats.

Building on these advancements, the proposed LSTM-CNN model in this paper offers a robust framework for DDoS detection, leveraging the strengths
of Long Short-Term Memory (LSTM) networks in handling sequential data and Convolutional Neural Networks (CNN) in extracting spatial features.
This hybrid approach addresses the limitations observed in prior studies by combining temporal and spatial analysis capabilities, ensuring a comprehensive
evaluation of network traffic patterns. The experimental results validate the model’s effectiveness, showcasing its ability to detect and mitigate DDoS
attacks with high accuracy and low false-positive rates.

Overall, the proposed LSTM-CNN model represents a significant step forward in enhancing network security against DDoS attacks. Its implementation
promises to provide a scalable and adaptive solution that can be integrated into diverse network infrastructures, including SDN and emerging 5G networks,
ultimately contributing to more secure and resilient digital ecosystems.

V. Future Scope

The future scope of DDoS detection research, particularly in the context of advanced deep learning models like the proposed LSTM-CNN framework, is
vast and promising. As network architectures continue to evolve, the integration of these models into real-time, large-scale systems remains a critical area
of exploration. Future research can focus on optimizing these models for deployment in distributed environments, ensuring that they can handle the ever-
increasing volume and complexity of network traffic. This includes further refinement of adaptive learning techniques, which will allow models to
dynamically adjust to new types of DDoS attacks and maintain high levels of accuracy and efficiency.

Another significant avenue for future work is the incorporation of transfer learning and federated learning approaches to enhance the model’s
generalizability across different network environments. These techniques can facilitate the sharing of learned knowledge between various systems and
organizations without compromising data privacy, thus enabling a more collaborative defense mechanism against DDoS threats. Furthermore, integrating
advanced cryptographic methods with these detection models can bolster security by ensuring that data integrity and privacy are maintained even during
the learning and detection processes.
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