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ABSTRACT: The rapid evolution of next-generation networks (NGNs), characterized by heterogeneous architectures,
high-speed data transmission, and increased connectivity, has escalated the challenges in network security. Traditional
intrusion detection systems (IDS) struggle to keep pace with the dynamic and complex nature of modern cyber threats.
Machine learning (ML) techniques have emerged as promising solutions, offering adaptive, automated, and intelligent
detection capabilities that enhance the effectiveness of IDS in NGNs. This paper reviews the state-of-the-art ML-based
intrusion detection systems tailored for NGNs, highlighting key algorithms such as supervised learning (e.g., Support
Vector Machines, Random Forests), unsupervised learning (e.g., clustering, anomaly detection), and deep learning
models. The research methodology involves systematic literature review and comparative analysis of existing ML-IDS
approaches, focusing on their detection accuracy, scalability, and response time. Key findings suggest that ML
algorithms significantly improve detection rates while reducing false positives, with ensemble and hybrid models
showing superior performance. The workflow of an ML-based IDS includes data collection, feature extraction, model
training, validation, and real-time monitoring. Despite advantages like adaptability and automation, challenges such as
data imbalance, computational complexity, and evolving attack vectors persist. The discussion underscores the need for
continuous model updating and integration with existing security frameworks. The conclusion emphasizes ML's critical
role in fortifying NGN security and calls for future research in federated learning, lightweight models for IoT
integration, and explainable Al for transparent threat analysis. This study serves as a foundation for researchers and
practitioners aiming to develop robust, intelligent IDS solutions aligned with the evolving landscape of next-generation
networks.
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L. INTRODUCTION

The proliferation of next-generation networks (NGNs), encompassing 5G, Internet of Things (loT), and software-
defined networking (SDN), has revolutionized communication paradigms by offering higher bandwidth, ultra-low
latency, and seamless connectivity. However, this transformation also introduces complex security challenges due to
the increased attack surface, diverse protocols, and heterogeneous devices involved. Conventional signature-based
intrusion detection systems (IDS), reliant on predefined attack patterns, fall short in detecting novel or sophisticated
attacks such as zero-day exploits and advanced persistent threats (APTS).

To address these challenges, machine learning (ML)-based IDS have gained prominence for their ability to learn from
historical data and adapt to emerging threats dynamically. ML algorithms enable systems to classify normal and
malicious traffic patterns effectively, detect anomalies, and reduce false positives. Moreover, ML techniques facilitate
automated feature selection, real-time threat analysis, and scalability, which are crucial for NGNs.

This paper explores the integration of ML in IDS designed specifically for NGNs, providing a detailed analysis of
various algorithms, their applications, and performance. The study also highlights the challenges and opportunities
associated with ML-IDS, emphasizing the importance of continuous model training and validation to maintain
detection efficacy in evolving network environments.

II. LITERATURE REVIEW
Research in ML-based intrusion detection has evolved considerably over the past decade. Early works focused on

supervised learning methods such as Support Vector Machines (SVM), Decision Trees, and k-Nearest Neighbors (k-
NN) to classify network traffic (Mukkamala et al., 2002; Liao et al., 2013). These techniques demonstrated improved
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detection accuracy over traditional rule-based systems but often required extensive labeled datasets and were sensitive
to data imbalance.

Unsupervised learning approaches, including clustering and anomaly detection methods, gained traction due to their
ability to identify unknown attacks without prior labeling (Portnoy et al., 2001). Techniques such as k-means clustering
and Principal Component Analysis (PCA) were used to detect deviations from normal behavior. However, challenges
in distinguishing between benign anomalies and malicious activities persisted.

Recent advances incorporate deep learning models, including autoencoders and recurrent neural networks (RNNSs),
which automatically extract hierarchical features from raw network data and capture temporal dependencies (Kim et al.,
2016). Hybrid models combining supervised and unsupervised learning have been proposed to leverage the strengths of
both paradigms (Shone et al., 2018).

Despite these advances, issues such as high computational cost, lack of interpretability, and difficulty in handling
encrypted traffic remain open research areas. The literature suggests that incorporating domain knowledge, developing
lightweight models, and integrating ML-IDS with network management systems are essential to advance the field.

III. RESEARCH METHODOLOGY

This research adopts a systematic literature review methodology to analyze machine learning-based intrusion detection
systems applied to next-generation networks. The process begins with formulating research questions focused on ML
techniques used in IDS, their effectiveness, challenges, and integration in NGNs.

An extensive search was conducted across academic databases including IEEE Xplore, ACM Digital Library,
SpringerLink, and ScienceDirect using keywords such as "machine learning intrusion detection,” "next-generation
networks security,” and "ML-based IDS." Only peer-reviewed articles published before 2018 were considered to ensure
relevance and rigor.

Selected studies were critically evaluated based on criteria including dataset usage (e.g., KDD’99, NSL-KDD, UNSW-
NB15), ML algorithms employed, performance metrics (accuracy, precision, recall, F1-score), and system architecture.
Comparative analysis was performed to identify the strengths and limitations of various ML approaches.

The methodology also involved thematic categorization of studies into supervised, unsupervised, and hybrid learning
techniques. Additional factors such as scalability, adaptability, and real-time implementation were assessed to
understand practical applicability in NGNs.

To complement the review, some experimental validation was referenced from secondary sources to validate reported
outcomes. Limitations of the study include dependency on publicly available datasets and the inherent variability in
experimental setups across papers.
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IV. KEY FINDINGS

The literature review and analysis yielded several significant findings regarding ML-based IDS for NGNs:

1. Supervised Learning Dominance: Supervised ML algorithms, particularly SVM, Random Forest, and Neural
Networks, exhibit high accuracy (>90%) in classifying known attack patterns but rely heavily on labeled datasets,
which may be difficult to obtain in real-world scenarios (Liao et al., 2013).
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2. Unsupervised Learning for Novel Attacks: Unsupervised models, especially clustering and anomaly detection,
effectively identify zero-day and unknown attacks without prior knowledge. However, they often suffer from higher
false positive rates due to difficulty in distinguishing benign anomalies (Portnoy et al., 2001).

3. Hybrid Models Enhance Performance: Combining supervised and unsupervised techniques mitigates individual
weaknesses, leading to improved detection accuracy and reduced false alarms (Shone et al., 2018).

4. Deep Learning Potential: Emerging deep learning models, such as autoencoders and RNNs, show promise in
automating feature extraction and handling large-scale, high-dimensional data typical of NGNs (Kim et al., 2016).

5. Challenges ldentified: Data imbalance, computational overhead, lack of explainability, and difficulties in
encrypted traffic analysis remain key barriers to widespread ML-IDS adoption.

6. Scalability and Real-Time Requirements: Effective IDS in NGNs must handle high data throughput and provide
real-time threat detection, necessitating optimization of ML models for efficiency.

V. WORKFLOW

The typical workflow for deploying ML-based intrusion detection systems in next-generation networks comprises the
following stages:

1. Data Collection: Network traffic data is collected from various sources including routers, switches, and host
systems. This data includes packet headers, payload information, and flow statistics.

2. Preprocessing and Feature Extraction: Raw data undergoes preprocessing to remove noise, handle missing
values, and normalize features. Feature extraction techniques select relevant attributes such as protocol types,
connection duration, and byte counts to improve detection efficiency.

3. Model Training: Depending on the ML approach (supervised, unsupervised, or hybrid), the system trains models
using labeled or unlabeled datasets. Training involves optimizing model parameters to maximize detection accuracy.

4. Validation and Testing: The trained models are validated using separate datasets to evaluate performance metrics
such as accuracy, precision, recall, and F1-score. Cross-validation techniques help ensure model generalizability.

5. Deployment and Monitoring: The IDS is deployed within the network infrastructure to monitor live traffic.
Continuous monitoring enables real-time detection of intrusions.

6. Model Updating: Given the evolving nature of cyber threats, models require periodic retraining with updated data
to maintain detection capabilities.

7. Alert Generation and Response: When anomalies or intrusions are detected, alerts are generated for network
administrators to initiate mitigation actions.

This workflow emphasizes iterative improvement and adaptation, essential for maintaining robust security in the
dynamic environment of NGNs.

VI. ADVANTAGES

e Improved Detection Accuracy: ML algorithms outperform traditional IDS in identifying both known and novel
attacks.

e Adaptability: Ability to learn from data allows dynamic adaptation to evolving threat landscapes.

e Automation: Reduces human intervention, enabling faster threat detection.

o Scalability: Capable of handling large volumes of data typical in NGNs.

VII. DISADVANTAGES

Data Dependency: Requires large, high-quality labeled datasets for supervised learning.

Computational Complexity: Some ML models demand significant computational resources.

False Positives: Unsupervised and anomaly detection methods may generate high false alarm rates.

Lack of Explainability: Many ML models, especially deep learning, function as “black boxes,” hindering trust and
compliance.

VIII. RESULTS AND DISCUSSION
Machine learning-based IDS have demonstrated superior performance over conventional methods in detecting a wide

range of cyber threats within NGNs. Studies report detection accuracies exceeding 90% using ensemble and hybrid
learning models, with substantial reductions in false positives compared to signature-based systems (Mukkamala et al.,
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2002; Shone et al., 2018). Deep learning approaches further improve detection by automating feature extraction,
enabling handling of complex traffic patterns (Kim et al., 2016).

However, results also highlight significant trade-offs. Computational costs associated with training and deploying
complex models can impact real-time detection capabilities. Data imbalance remains a persistent issue, where
underrepresented attack types degrade model accuracy. Moreover, the opaque nature of ML models limits
interpretability, posing challenges for incident response and regulatory compliance.

Effective ML-IDS for NGNs must balance detection performance, scalability, and interpretability. Integration with
traditional security frameworks and continuous model updating are essential to address evolving attack vectors.

IX. CONCLUSION

Machine learning-based intrusion detection systems offer promising solutions to the complex security challenges of
next-generation networks. Their ability to detect both known and unknown attacks with high accuracy positions them
as critical components in modern cybersecurity architectures. Despite challenges related to data requirements,
computational overhead, and interpretability, advances in hybrid and deep learning models continue to enhance IDS
capabilities. Future deployments must focus on optimizing ML models for real-time operation, improving
explainability, and integrating seamlessly with existing network security infrastructures.

X. FUTURE WORK

Future research should explore:

Federated Learning: Distributed model training across network nodes to preserve privacy and reduce data transfer.
Lightweight Models: Designing efficient algorithms suitable for resource-constrained 10T devices within NGNs.
Explainable Al: Developing transparent ML models to improve trust and facilitate compliance.

Encrypted Traffic Analysis: Enhancing IDS capabilities to detect threats within encrypted data streams.
Integration with SDN/NFV: Leveraging programmable network infrastructures to enable dynamic and context-
aware intrusion detection.
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