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Abstract — The rapid evolution of cloud computing and software-defined networking has led to increasingly complex,
distributed, and dynamic network infrastructures. Managing performance, reliability, and security in such environments
requires intelligent, automated, and adaptive network management solutions. Artificial Intelligence (Al) and Machine Learning
(ML) have emerged as transformative technologies for enhancing network management by enabling predictive analytics,
anomaly detection, traffic optimization, and autonomous decision-making. This paper presents a comprehensive survey of Al-
and ML-driven techniques for modern network management, with a focus on cloud, software-defined, and virtualized network
environments. The study systematically reviews supervised, unsupervised, and reinforcement learning approaches applied to
network monitoring, fault detection, traffic engineering, and security management. It further analyzes architectural
frameworks integrating AI/ML with Software-Defined Networking (SDN), Network Function Virtualization (NFV), and cloud-
native platforms. Key challenges such as data quality, model scalability, explainability, real-time decision-making, and security
risks are critically discussed. Additionally, the paper highlights emerging research directions including self-healing networks,
intent-based networking, federated learning, and Al-driven zero-touch network operations. By consolidating algorithms,
architectures, and application domains, this survey provides a structured reference for researchers and practitioners aiming to
design intelligent, scalable, and resilient network management systems.
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I. INTRODUCTION

Overview of Network Anomaly Detection

Network anomaly detection is a critical component of
modern network management and cybersecurity, aimed at
identifying deviations from normal network behavior that
may indicate faults, misconfigurations, performance
degradation, or malicious activities. Anomalies can
manifest as unusual traffic patterns, abnormal packet
flows, unexpected latency, or unauthorized access
attempts. With the rapid growth of cloud computing, I0oT,
5G/6G networks, and enterprise-scale infrastructures,
network environments have become highly dynamic,
distributed, and heterogeneous.

This complexity significantly increases the difficulty of
defining static rules or thresholds for anomaly detection.
Traditional network monitoring systems often rely on
predefined signatures or manually crafted rules, which
struggle to adapt to evolving traffic patterns and emerging
threats. As a result, detecting unknown or zero-day
anomalies remains a major challenge. Effective anomaly
detection is essential not only for security but also for
ensuring network reliability, quality of service, and
operational efficiency. In large-scale networks, timely
identification of anomalies can prevent cascading failures,
reduce downtime, and mitigate security breaches.
Consequently, network anomaly detection has become a
foundational requirement for modern enterprise, cloud, and
service provider networks, motivating the exploration of
intelligent and adaptive detection techniques.
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Role of Machine Learning in Network Security

Machine learning (ML) has emerged as a powerful
paradigm for enhancing network anomaly detection due to
its ability to learn patterns from data and adapt to changing
environments. Unlike traditional rule-based systems, ML
models can automatically identify complex relationships
and hidden structures within large volumes of network
traffic data. Supervised learning techniques enable
classification of known attack types, while unsupervised
and semi-supervised methods are particularly effective in
detecting unknown or previously unseen anomalies. Deep
learning approaches further enhance detection capabilities
by modeling temporal, spatial, and behavioral patterns in
network traffic. ML-based anomaly detection systems can
operate in near real time, making them suitable for high-
speed networks and cloud-native infrastructures. In
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network security, ML supports proactive threat detection,
reduces false positives, and improves the accuracy of
intrusion detection systems. Additionally, ML techniques
can scale with network growth and adapt to concept drift,
where normal behavior evolves over time. As cyber threats
become more sophisticated and automated, machine
learning plays a central role in enabling intelligent,
adaptive, and autonomous network security mechanisms.
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Progress in Machine learning

Despite significant progress, applying machine learning to
network anomaly detection presents several challenges that
motivate a systematic review. Network traffic data is often
high-dimensional, imbalanced, noisy, and continuously
evolving, which complicates model training and
evaluation. Labeled datasets for supervised learning are
scarce, expensive to produce, and may not reflect real-
world conditions. Unsupervised methods, while promising,
often suffer from interpretability issues and difficulty in
distinguishing anomalies from rare but legitimate
behaviors. Scalability is another concern, as modern
networks generate massive volumes of data at high
velocity. Real-time detection requires efficient algorithms
that balance accuracy and computational overhead.
Additionally, deployment in operational networks raises
issues related to explainability, privacy, robustness against
adversarial attacks, and integration with existing security
infrastructure. The diversity of ML techniques, datasets,
and evaluation metrics used in existing studies makes it
difficult to compare approaches and identify best practices.
These challenges highlight the need for a structured and
comprehensive review that consolidates existing research,
identifies limitations, and provides guidance for future
advancements.

Objectives of the present study

The primary objective of this systematic review is to
analyze, categorize, and compare machine learning
techniques applied to network anomaly detection. This
paper surveys a broad range of approaches, including
traditional machine learning, deep learning, and hybrid
models, and examines their applicability across different
network environments. It provides a taxonomy of methods,
discusses commonly used datasets and evaluation metrics,
and highlights strengths and limitations of existing
solutions. The review also identifies key research gaps
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related to scalability, adaptability, explainability, and real-
world deployment. By synthesizing findings from diverse
studies, this paper offers practical insights for researchers
and practitioners seeking to design effective ML-based
anomaly detection systems. Furthermore, it outlines
emerging trends and future research directions, such as
federated learning, online learning, and integration with
software-defined networking and autonomous security
frameworks.  Overall, this review contributes a
comprehensive reference framework to support the
development of robust, scalable, and intelligent network
anomaly detection solutions.

I1. BACKGROUND AND FUNDAMENTALS

Network Anomalies: Types and Characteristics
Network anomalies refer to deviations from normal
network behavior that may indicate faults, performance
issues, or malicious activities. These anomalies are broadly
categorized into point anomalies, contextual anomalies,
and collective anomalies. Point anomalies represent
individual events that significantly differ from normal
patterns, such as sudden traffic spikes or abnormal packet
sizes. Contextual anomalies depend on temporal or spatial
context, for example, high traffic volumes during unusual
time periods. Collective anomalies involve a sequence of
events that appear normal individually but form an
abnormal pattern when considered together, such as
coordinated scanning or distributed denial-of-service
attacks. Network anomalies can also be classified as
operational anomalies—caused by misconfigurations,
hardware failures, or congestion—and security anomalies,
including intrusions, malware propagation, and insider
threats. Key characteristics of network anomalies include
rarity, unpredictability, dynamic behavior, and high
dimensionality, making detection challenging. Modern
networks generate heterogeneous data from multiple
sources such as flow records, packet traces, and logs,
further complicating anomaly identification.
Understanding the nature and characteristics of anomalies
is essential for designing effective detection techniques
that can distinguish between legitimate variations and
harmful deviations.

Traditional Anomaly Detection Techniques

Traditional network anomaly detection techniques rely
primarily on rule-based, statistical, and signature-based
approaches. Rule-based systems use predefined thresholds
or expert-defined rules to identify abnormal behavior, such
as exceeding bandwidth limits or unauthorized access
attempts. Statistical methods model normal traffic behavior
using historical data and detect deviations based on
probability distributions, entropy measures, or time-series
analysis. Signature-based detection, commonly used in
intrusion detection systems, compares network traffic
against known attack signatures. While these methods are
effective for detecting well-defined and previously known
anomalies, they suffer from several limitations. Static rules
and signatures require frequent manual updates and are
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unable to detect novel or zero-day attacks. Statistical
models often assume stationary traffic patterns, which is
unrealistic in dynamic cloud and enterprise networks.
Additionally, traditional approaches struggle with high-
dimensional data and generate a high rate of false
positives. These limitations have motivated the adoption of
more adaptive and intelligent techniques capable of
learning complex patterns and evolving with network
behavior.

Fundamentals of Machine Learning

Machine learning (ML) is a subset of artificial intelligence
that enables systems to learn patterns and make decisions
based on data rather than explicit programming. ML
techniques are broadly classified into supervised,
unsupervised,  semi-supervised, and reinforcement
learning. Supervised learning uses labeled data to train
models for classification or regression tasks, while
unsupervised learning identifies patterns or clusters in
unlabeled data. Semi-supervised learning combines both
labeled and unlabeled data, addressing label scarcity, and
reinforcement learning focuses on learning optimal actions
through interaction with an environment. Core ML
concepts include feature extraction, model training,
validation, and evaluation, which determine the
effectiveness of learning-based systems. Advances in deep
learning have introduced neural networks capable of
handling complex, high-dimensional data, enabling
automated feature learning and improved accuracy. ML
models can generalize from training data to unseen
scenarios, making them suitable for dynamic and evolving
environments such as modern networks. Understanding
these fundamentals is crucial for applying ML effectively
to network anomaly detection tasks.

Machine Learning for Network Anomaly Detection
Machine learning is particularly well-suited for network
anomaly detection due to its adaptive, data-driven, and
scalable nature. Unlike traditional approaches, ML models
can automatically learn normal network behavior and
identify deviations without relying on manually defined
rules or signatures. Unsupervised and semi-supervised
techniques are especially valuable for detecting unknown
or zero-day anomalies, which are increasingly prevalent in
modern networks. ML methods can handle high-
dimensional data from diverse sources, including traffic
flows, logs, and telemetry, enabling comprehensive
analysis of network behavior. Additionally, ML models
can adapt to concept drift, where normal traffic patterns
evolve over time, reducing false positives and improving
detection accuracy. With advances in deep learning, ML-
based systems can capture temporal and spatial
dependencies in traffic data, enhancing detection of
sophisticated attacks. As networks continue to grow in
complexity and scale, machine learning provides a flexible
and powerful foundation for building intelligent, proactive,
and autonomous anomaly detection systems, making it a
cornerstone of modern network security solutions.
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1. METHODOLOGY

Protocol and Research Questions

This systematic review follows a structured and
reproducible methodology to ensure transparency, rigor,
and completeness. The review protocol is designed in
accordance with established guidelines such as PRISMA
and systematic literature review best practices commonly
adopted in computer science and network security
research. The primary objective of the protocol is to
minimize selection bias and ensure consistent evaluation of
existing studies on machine learning—based network
anomaly detection. Based on the objectives of this paper, a
set of focused research questions is formulated. These
questions aim to identify the dominant machine learning
techniques used for anomaly detection, analyze their
effectiveness across different network environments, and
evaluate trends in datasets, evaluation metrics, and
deployment scenarios. Additional research questions
address open challenges, limitations, and future research
opportunities in the field. Defining clear research questions
helps structure the review process and ensures that the
selected studies collectively contribute to a comprehensive
understanding of the topic. The protocol also defines the
review scope, including time range, publication venues,
and study types, ensuring that the review remains focused
and relevant.

Literature Search Strategy

A comprehensive literature search strategy is employed to
identify relevant studies related to machine learning
techniques for network anomaly detection. Major scientific
databases and digital libraries, including IEEE Xplore,
ACM  Digital  Library,  SpringerLink,  Elsevier
ScienceDirect, and Google Scholar, are systematically
searched. Search queries are constructed using
combinations of keywords such as network anomaly
detection, machine learning, deep learning, intrusion
detection, and traffic analysis. Boolean operators and
wildcard expressions are used to refine the search and
improve coverage. The search is restricted to peer-
reviewed journal articles, conference papers, and review
articles published within a defined time window to capture
recent advancements while maintaining historical context.
Reference lists of selected papers are also examined to
identify additional relevant studies through backward
citation analysis. This multi-stage search strategy ensures
broad coverage of the literature while maintaining
relevance and academic quality.

Inclusion and Exclusion Criteria

To ensure the relevance and quality of the reviewed
studies, explicit inclusion and exclusion criteria are
defined. Studies are included if they focus on network
anomaly detection using machine learning techniques,
present empirical results or methodological contributions,
and are published in reputable peer-reviewed venues. Both
traditional machine learning and deep learning—based
approaches are considered, covering supervised,
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unsupervised, and hybrid methods. Studies addressing
wired, wireless, cloud, or software-defined networks are
included to capture diverse application scenarios.
Exclusion criteria include non-peer-reviewed articles, non-
English publications, short abstracts without full-text
availability, and studies that focus solely on non-network
domains. Papers that discuss anomaly detection without
applying machine learning methods are also excluded.
Applying these criteria ensures that the final selection of
studies is both relevant and methodologically sound,
enabling a meaningful synthesis of findings.

Data Extraction and Classification Framework

A structured data extraction process is used to
systematically collect relevant information from the
selected studies. Extracted data includes publication
details, network environment, type of anomalies addressed,
machine learning techniques used, datasets, feature
extraction methods, evaluation metrics, and reported
performance results. To enable comparative analysis, a
classification framework is developed that categorizes
studies based on learning paradigms, algorithm types, data
sources, and deployment contexts. This framework
facilitates identification of trends, common practices, and
gaps in the literature. It also enables structured comparison
of different approaches, highlighting strengths and
limitations across techniques. By standardizing data
extraction and classification, the review ensures
consistency and supports objective synthesis of findings
across diverse studies.

Quality Assessment of Selected Studies

Quality assessment is performed to evaluate the
methodological rigor and reliability of the selected studies.
Each study is assessed based on criteria such as clarity of
problem definition, appropriateness of machine learning
methods, dataset quality, experimental design, and validity
of evaluation metrics. Studies are also examined for
reproducibility, including availability of datasets and
clarity of implementation details. Potential biases, such as
limited datasets or lack of real-world validation, are
identified and documented. The quality assessment process
helps weigh the contributions of individual studies and
ensures that conclusions drawn from the review are based
on credible and well-executed research. This step
strengthens the overall validity of the systematic review
and provides confidence in the synthesized insights and
future research directions.

Taxonomy of Machine Learning Techniques

Machine learning techniques for network anomaly
detection can be systematically categorized based on the
level of supervision required during training and the
learning strategy employed. Each category offers distinct
advantages and limitations depending on data availability,
network dynamics, and anomaly characteristics. This
section presents a comprehensive taxonomy covering
supervised, unsupervised, semi-supervised, and
reinforcement learning-based approaches, providing
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insights into their operational principles and applicability
to modern network environments.

Supervised Learning Techniques

Supervised learning techniques rely on labeled datasets in
which network traffic instances are explicitly categorized
as normal or anomalous. These methods learn
discriminative patterns from historical data and apply them
to classify new traffic observations. Supervised approaches
are widely used in network intrusion detection systems due
to their ability to achieve high accuracy and precise
classification of known attack types. They typically
operate on flow-level, packet-level, or session-based
features, such as packet sizes, protocol distributions,
connection durations, and traffic rates. While supervised
models offer strong performance when trained on
representative datasets, their effectiveness is highly
dependent on data quality, labeling accuracy, and coverage
of attack scenarios.

Classification-Based Methods

Classification-based methods are the most prevalent
supervised learning techniques used for network anomaly
detection. These methods treat anomaly detection as a
binary or multi-class classification problem, where traffic
is categorized into normal behavior or specific attack
classes. Traditional algorithms such as Decision Trees,
Support Vector Machines, Random Forests, Naive Bayes,
and k-Nearest Neighbors have been extensively studied
and applied due to their interpretability and relatively low
computational cost. In recent years, deep learning—based
classifiers, including Deep Neural Networks and
Convolutional Neural Networks, have gained popularity
for their ability to automatically learn complex feature
representations from high-dimensional network data.
These approaches are particularly effective in detecting
known intrusion patterns but often struggle with zero-day
attacks and require frequent retraining to adapt to evolving
network behaviors.

Regression-Based Methods

Regression-based supervised learning methods focus on
modeling normal network behavior by predicting expected
values of traffic metrics, such as bandwidth usage, packet
counts, or latency. Anomalies are detected when the
observed values significantly deviate from the predicted
outputs. Linear regression, support vector regression, and
neural network—based regression models are commonly
used for this purpose. These methods are especially useful
in performance anomaly detection, where sudden
deviations from baseline behavior indicate potential faults
or attacks. However, regression-based approaches are
sensitive to noise and may struggle in highly dynamic
environments where normal behavior exhibits significant
variability.

Unsupervised Learning Techniques
Unsupervised learning techniques do not require labeled
data and instead identify anomalies by discovering
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inherent structures or patterns within network traffic.
These methods assume that normal behavior is more
frequent and follows consistent patterns, while anomalies
are rare and statistically distinct. Unsupervised approaches
are particularly attractive for real-world deployments,
where labeled datasets are scarce or unavailable. They are
commonly used for detecting novel or unknown anomalies,
including zero-day attacks.

Clustering-Based Detection

Clustering-based techniques group network traffic data
into clusters based on similarity measures. Normal traffic
typically forms dense clusters, while anomalous instances
appear as outliers or small, isolated clusters. Algorithms
such as k-means, hierarchical clustering, DBSCAN, and
spectral clustering are widely applied for this purpose.
These methods are effective in identifying previously
unseen anomalies and adapting to evolving traffic patterns.
However, their performance is sensitive to parameter
selection, feature representation, and the underlying
assumption that anomalies are rare, which may not always
hold in highly congested or attack-heavy environments.

Statistical and Density-Based Models

Statistical and density-based methods model the
probability distribution of normal network traffic and
identify anomalies as deviations from this distribution.
Techniques such as Gaussian mixture models, kernel
density estimation, and principal component analysis are
commonly employed. These methods are effective in
capturing statistical properties of network behavior and
detecting subtle deviations. Density-based approaches are
particularly useful in high-dimensional data scenarios but
may suffer from scalability issues and reduced accuracy in
non-stationary network environments.

Semi-Supervised Learning Approaches

Semi-supervised learning approaches combine elements of
supervised and unsupervised learning by training models
primarily on normal traffic data, with little or no labeled
anomaly data. These techniques assume that normal
behavior is easier to collect and more consistent over time.
Models such as autoencoders, one-class support vector
machines, and isolation forests are commonly used in this
category. Semi-supervised methods are well-suited for
detecting unknown attacks and reducing dependency on
labeled datasets. However, they may generate higher false-
positive rates if normal traffic exhibits high variability or if
the training data contains hidden anomalies.

Reinforcement Learning for Anomaly Detection

Reinforcement learning introduces a decision-making
framework in which an agent interacts with the network
environment and learns optimal detection or mitigation
strategies through trial and error. In network anomaly
detection, reinforcement learning can be used to
dynamically adapt detection thresholds, select monitoring
strategies, or trigger automated responses to detected
anomalies. By incorporating feedback from the
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environment, reinforcement learning models can
continuously improve their performance and adapt to
changing network conditions. While promising, these
approaches face challenges related to training stability,
reward function design, and scalability, particularly in
large-scale and real-time network deployments.

Deep Learning-Based Approaches

Deep learning has emerged as a powerful paradigm for
network anomaly detection due to its ability to
automatically learn complex, hierarchical representations
from large-scale and high-dimensional network data.
Unlike traditional machine learning methods that rely
heavily on manual feature engineering, deep learning
models can extract discriminative features directly from
raw or minimally processed traffic data. This capability is
particularly valuable in modern network environments
characterized by high traffic volumes, diverse protocols,
and rapidly evolving attack patterns. This section reviews
the most prominent deep learning architectures used for
network anomaly detection and discusses their strengths
and limitations.

Neural Networks for Network Traffic Analysis
Artificial neural networks form the foundation of deep
learning—based anomaly detection approaches. These
models consist of multiple interconnected layers of
neurons that learn nonlinear relationships between input
features and output predictions. In network traffic analysis,
neural networks are commonly trained on features such as
packet statistics, flow characteristics, and temporal traffic
behavior. Multi-layer perceptrons have been widely
applied for supervised anomaly detection, achieving strong
classification performance for known attack types. Their
ability to model nonlinear patterns enables them to capture
subtle deviations in traffic behavior that may be missed by
traditional methods. However, neural networks typically
require large labeled datasets for effective training and are
sensitive to overfitting, especially in imbalanced datasets
where anomalous traffic is scarce.

Convolutional Neural Networks (CNNs)

Convolutional Neural Networks have gained significant
attention for network anomaly detection due to their
effectiveness in spatial feature extraction. By treating
network traffic data as images or structured matrices,
CNNs can capture local correlations and patterns within
traffic flows. This approach is particularly useful for
identifying signature-like attack behaviors and protocol-
specific anomalies. CNN-based models have demonstrated
high detection accuracy in intrusion detection tasks,
especially when combined with feature encoding
techniques that transform traffic data into two-dimensional
representations. Despite their strong performance, CNNs
are computationally intensive and may require significant
processing resources, which can limit their deployment in
real-time or resource-constrained environments.
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Recurrent Neural Networks (RNNs) and LSTMs
Recurrent Neural Networks and their variants, such as
Long Short-Term Memory networks, are well-suited for
modeling sequential and temporal dependencies in
network traffic. These models are particularly effective in
capturing time-dependent behaviors, such as traffic bursts,
periodic patterns, and long-term dependencies across
network sessions. LSTM-based approaches have been
widely used for detecting slow and stealthy attacks that
evolve over time. Their ability to retain historical context
enables more accurate detection of temporal anomalies.
However, RNNs and LSTMs often suffer from high
training complexity and long convergence times, making
scalability a key challenge in large-scale network
deployments.

Autoencoders and Variational Autoencoders
Autoencoders are unsupervised or semi-supervised deep
learning models that learn compact representations of
normal network traffic by minimizing reconstruction error.
Anomalies are detected when the reconstruction error
exceeds a predefined threshold. Variational Autoencoders
extend this concept by modeling the probability
distribution of the latent space, enabling more robust
anomaly detection under uncertainty. These models are
particularly effective for detecting unknown and zero-day
attacks, as they do not rely on labeled anomaly data.
However, their performance depends heavily on the quality
of normal traffic used during training, and improper
threshold selection may lead to high false-positive rates.

Graph Neural Networks for Network Anomalies

Graph Neural Networks represent a promising direction
for network anomaly detection by modeling network
entities and their relationships as graph structures. Nodes
represent network components such as hosts or devices,
while edges capture communication or dependency
relationships. GNNs can effectively capture both structural
and contextual information, making them well-suited for
detecting complex, distributed anomalies such as lateral
movement attacks or coordinated intrusions. By leveraging
graph topology, GNN-based approaches provide deeper
insights into network behavior. Despite their potential,
GNNs face challenges related to scalability, graph
construction complexity, and computational overhead,
particularly in large enterprise or cloud-scale networks.

Feature Engineering and Data Representation

Feature engineering and data representation play a critical
role in the effectiveness of machine learning—based
network anomaly detection systems. The quality and
relevance of extracted features directly influence a model’s
ability to distinguish between normal and anomalous
network behavior. In modern networks, traffic data is often
high-dimensional, heterogeneous, and generated at high
velocity, making efficient feature extraction and
representation essential. This section reviews commonly
used network traffic features, dimensionality reduction
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techniques, time-series representations, and approaches for
analyzing encrypted traffic.

Network Traffic Features and Flow-Based Metrics
Network traffic features form the foundation of anomaly
detection models and are typically derived from packet-
level or flow-level data. Packet-level features include
attributes such as packet size, inter-arrival time, protocol
type, and header fields, while flow-based metrics
aggregate information over a sequence of packets sharing
common attributes. Common flow-based features include
source and destination addresses, port numbers,
connection duration, byte counts, packet rates, and flow
entropy. Flow-based representations are widely used due
to their scalability and reduced storage requirements
compared to raw packet data. These features effectively
capture communication patterns and are suitable for
detecting volumetric attacks, scanning activities, and
traffic anomalies. However, flow-based metrics may lack
fine-grained details needed to detect subtle or low-rate
attacks.

Feature Selection and Dimensionality Reduction
High-dimensional feature spaces can introduce noise,
redundancy, and increased computational complexity,
negatively impacting detection performance. Feature
selection techniques aim to identify the most relevant
features by removing irrelevant or redundant attributes.
Common methods include filter-based approaches such as
correlation analysis and mutual information, wrapper-
based methods that evaluate feature subsets using model
performance, and embedded methods integrated into
learning algorithms. Dimensionality reduction techniques,
such as Principal Component Analysis and autoencoder-
based representations, transform high-dimensional data
into lower-dimensional spaces while preserving essential
information. These approaches improve model efficiency,
reduce overfitting, and enhance scalability, particularly in
large-scale  and  real-time  network  monitoring
environments.

Time-Series and Statistical Feature Extraction

Network traffic exhibits strong temporal characteristics,
making time-series and statistical feature extraction
essential for capturing dynamic behavior. Time-series
features include moving averages, traffic trends, burstiness
measures, and periodic patterns observed over sliding
windows. Statistical features such as mean, variance,
skewness, kurtosis, and entropy are commonly used to
summarize traffic distributions. These features enable the
detection of temporal anomalies, such as sudden traffic
spikes or gradual deviations from baseline behavior. Time-
series representations are particularly effective when
combined with sequence-based learning models, allowing
for early detection of evolving attacks. However, selecting
appropriate  window sizes and aggregation strategies
remains a challenge, as improper choices can lead to
information loss or delayed detection.
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Encrypted Traffic Analysis

The widespread adoption of encryption protocols has
significantly reduced visibility into packet payloads,
posing challenges for traditional anomaly detection
techniques. Encrypted traffic analysis focuses on
extracting features from metadata and traffic patterns
rather than payload content. Common features include
packet lengths, timing information, flow durations, and
statistical distributions. Machine learning models leverage
these side-channel characteristics to identify anomalous
behavior without compromising encryption. While
encrypted traffic analysis preserves privacy and complies
with security policies, it often provides less discriminatory
information, potentially reducing detection accuracy.
Balancing privacy, security, and detection effectiveness
remains an open research challenge in modern network
anomaly detection.

Datasets and Evaluation Metrics

Datasets and evaluation metrics are critical components in
the development and assessment of machine learning—
based network anomaly detection systems. The choice of
dataset directly influences model training, validation, and
generalizability, while evaluation metrics determine how
effectively detection performance is measured and
compared. This section reviews commonly used network
security datasets, contrasts synthetic and real-world data
sources, discusses performance evaluation metrics, and
highlights challenges related to reproducibility and
experimental consistency.

Publicly Available Network Security Datasets

Publicly available datasets have played a significant role in
advancing research on network anomaly detection by
providing standardized benchmarks for evaluation. Widely
used datasets include KDD Cup 99, NSL-KDD, UNSW-
NB15, CICIDS series, and Bot-loT, among others. These
datasets contain labeled network traffic representing
normal behavior and various attack types, enabling
comparative analysis of different detection techniques.
While these datasets facilitate reproducibility and fair
comparison, many suffer from limitations such as outdated
attack patterns, unrealistic traffic distributions, and class
imbalance. As network technologies and threat landscapes
evolve, the relevance of older datasets diminishes,
highlighting the need for more realistic and continuously
updated benchmarks.

Synthetic vs Real-World Datasets

Synthetic datasets are generated using traffic simulators or
controlled testbeds to model specific network behaviors
and attack scenarios. They offer flexibility, scalability, and
precise labeling, making them attractive for experimental
evaluation. However, synthetic data often fails to capture
the complexity, noise, and unpredictability of real-world
network environments. In contrast, real-world datasets
provide authentic traffic patterns and reflect operational
challenges, such as encrypted traffic and background
noise. Despite their realism, real-world datasets are
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difficult to obtain due to privacy concerns, data sensitivity,
and labeling challenges. The trade-off between control and
realism remains a key consideration in dataset selection.

Performance Metrics and Benchmarking

Performance evaluation metrics are essential for assessing
the effectiveness of anomaly detection models. Commonly
used metrics include accuracy, precision, recall, F1-score,
and area under the receiver operating characteristic curve.
In highly imbalanced datasets, metrics such as recall and
false-positive rate are often more informative than
accuracy. Computational efficiency, including training
time and inference latency, is also an important
consideration for real-time deployment. Benchmarking
across multiple datasets and metrics enables a more
comprehensive evaluation of model performance and
robustness. However, inconsistent metric definitions and
experimental setups can hinder meaningful comparison
across studies.

Reproducibility and Experimental Challenges
Reproducibility remains a significant challenge in network
anomaly detection research. Many studies lack sufficient
details on data preprocessing, feature extraction, parameter
tuning, and experimental configurations, making
replication difficult. Differences in dataset versions,
evaluation protocols, and hardware environments further
complicate reproducibility. The absence of publicly
available code and standardized evaluation frameworks
limits transparency and slows progress in the field.
Addressing these challenges requires greater emphasis on
open datasets, shared benchmarks, and reproducible
research practices, ensuring that reported results can be
reliably validated and extended by the research
community.

Comparative Analysis and Discussion

The comparative analysis of machine learning techniques
for network anomaly detection provides critical insights
into their applicability, performance, and limitations in
modern network environments. This section synthesizes
findings from existing studies, evaluating the strengths,
weaknesses, and operational considerations of different
approaches, particularly in the context of large-scale and
real-time deployments.

Comparison of Machine Learning Techniques

Machine learning techniques for network anomaly
detection can be broadly categorized into supervised,
unsupervised, semi-supervised, and reinforcement learning
approaches. Supervised methods, including classification
and regression-based models, perform well in detecting
known attack types with high accuracy and low false-
positive rates, but they require extensive labeled datasets,
which are often costly and difficult to obtain.
Unsupervised techniques, such as clustering and density-
based models, excel in detecting previously unseen
anomalies without requiring labeled data, making them
suitable for evolving network environments. Semi-
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supervised approaches provide a middle ground by
leveraging primarily normal traffic, offering effective
detection of zero-day attacks while reducing labeling
efforts. Reinforcement learning approaches, although
relatively less explored, show potential for adaptive and
autonomous anomaly detection, particularly in dynamic
network scenarios. Deep learning techniques, including
CNNs, RNNs, LSTMs, autoencoders, and graph neural
networks, demonstrate superior performance in capturing
complex temporal, spatial, and relational patterns but often
require significant computational resources and training
time.

Strengths and Limitations of Approaches

Each category of machine learning methods has inherent
strengths and limitations. Supervised models provide
precise and interpretable results but struggle with concept
drift and unknown attacks. Unsupervised techniques are
flexible and adaptable but often produce higher false-
positive rates and may be sensitive to parameter selection.
Semi-supervised models reduce dependency on labeled
data and effectively detect novel anomalies, yet they
require careful selection of thresholds and may misclassify
legitimate rare events. Deep learning approaches offer
exceptional modeling power and automated feature
extraction but face challenges related to computational
overhead, training complexity, and the need for large-scale
datasets. Reinforcement learning methods enable adaptive
detection strategies but remain limited by the design of
reward functions and practical deployment constraints.

Scalability and Real-Time Detection Considerations
Scalability and real-time detection are critical requirements
for enterprise, cloud, and ISP networks. High-speed and
high-volume network traffic generates massive amounts of
data, posing challenges for timely anomaly detection.
Supervised and deep learning models, particularly those
with complex architectures, require optimization for real-
time inference. Techniques such as streaming data
processing, incremental learning, feature selection, and
model compression are often employed to reduce latency
and computational load. Unsupervised and semi-
supervised methods, while generally lighter-weight, must
also be optimized for streaming and distributed
environments to support continuous monitoring. In large-
scale networks, the ability to process data efficiently,
detect anomalies promptly, and scale horizontally is
essential for maintaining network security and operational
reliability.

Deployment in Enterprise and ISP Networks

The deployment of machine learning—based anomaly
detection systems in enterprise and ISP networks involves
practical considerations, including integration with existing
monitoring infrastructure, compatibility with
heterogeneous devices, and adaptability to network
dynamics. Supervised models are typically suitable for
well-defined environments with rich labeled datasets,
while unsupervised and semi-supervised approaches are
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more applicable to dynamic and evolving networks. Deep
learning methods are increasingly deployed in cloud and
high-performance computing environments due to their
computational requirements. Key deployment challenges
include handling encrypted traffic, maintaining privacy,
ensuring  low-latency  processing, and  supporting
automated responses to detected anomalies. Real-world
adoption requires careful evaluation of trade-offs between
detection accuracy, computational cost, and operational
feasibility to ensure sustainable and effective anomaly
detection solutions.

Challenges and Open Research Issues

Despite significant progress in machine learning—based
network anomaly detection, several challenges remain that
limit the effectiveness, deployment, and adoption of these
techniques. Addressing these issues is essential for
building robust, adaptive, and trustworthy anomaly
detection systems in modern networks. This section
discusses the major challenges and highlights open
research directions.

Imbalanced and Evolving Network Data

Network traffic is inherently imbalanced, with anomalous
events constituting a small fraction of the overall data.
This class imbalance poses significant challenges for both
supervised and semi-supervised learning techniques, as
models may be biased toward normal traffic, resulting in
high false-negative rates. Moreover, network data evolves
over time due to changes in topology, user behavior,
protocols, and emerging attack patterns. Static models
trained on historical data may fail to recognize new types
of anomalies, emphasizing the need for adaptive learning
mechanisms. Techniques such as data augmentation,
synthetic anomaly generation, oversampling, and
incremental learning have been proposed to mitigate these
issues, but balancing model sensitivity and robustness in
dynamic environments remains an open research problem.

Concept Drift and Model Adaptability

Concept drift occurs when the statistical properties of
network traffic change over time, causing previously
trained models to become outdated and less accurate. Drift
can be gradual, such as slow changes in traffic patterns, or
abrupt, such as sudden surges caused by attacks or
configuration changes. Handling concept drift requires
continuous monitoring, adaptive retraining, and online
learning capabilities. While some approaches leverage
sliding windows or incremental updates, designing systems
that detect drift promptly without overfitting to noise is
challenging. Developing self-adaptive machine learning
models capable of maintaining long-term performance in
the presence of evolving network conditions remains a key
area for future research.

Explainability and Trust in ML Models

Machine learning and deep learning models often operate
as “black boxes,” producing accurate predictions without
providing interpretable explanations. In critical network
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security applications, understanding why a model flagged
traffic as anomalous is essential for operational decision-
making, compliance, and incident response. Explainable
Al (XAI) techniques, such as attention mechanisms,
feature attribution, and surrogate models, are increasingly
applied to enhance transparency. However, integrating
explainability into real-time, high-dimensional network
monitoring remains challenging. Ensuring that model
explanations are reliable, actionable, and understandable to
network administrators is an ongoing research direction.

Privacy, Security, and Adversarial Attacks

Machine learning models are susceptible to privacy
violations and adversarial attacks. Network traffic often
contains sensitive user or organizational information, and
training models on raw traffic may raise privacy concerns.
Techniques such as federated learning and differential
privacy can help mitigate these risks. Additionally,
adversaries can craft malicious traffic to evade detection,
manipulate models, or induce false alerts. Adversarial
robustness is particularly critical for deep learning-based
detectors, which are more vulnerable to small
perturbations in input data. Developing privacy-
preserving, secure, and resilient machine learning models
remains an urgent challenge in the field, especially for
deployment in enterprise, cloud, and ISP environments.

Emerging Trends and Future Research Directions

As network environments continue to grow in scale,
complexity, and dynamism, machine learning—based
network anomaly detection is rapidly evolving. Emerging
trends are focused on enhancing adaptability, privacy,
intelligence, and integration with modern network
management paradigms. This section outlines key
directions for future research that are likely to shape the
next generation of anomaly detection systems.

Federated and Distributed Learning

Federated and distributed learning approaches are gaining
significant attention in network anomaly detection. These
paradigms enable collaborative model training across
multiple network nodes or organizations without sharing
raw traffic data, preserving privacy and reducing
communication overhead. Federated learning allows edge
devices, data centers, or ISPs to locally train models and
share model updates with a central coordinator. This
approach addresses privacy concerns while leveraging
diverse datasets to improve model generalization.
Distributed learning, on the other hand, partitions large-
scale network data across computing nodes to accelerate
training and handle massive traffic volumes. Research
challenges in this domain include handling heterogeneous
data distributions, synchronizing model updates, and
ensuring robustness against malicious participants or
compromised nodes.

Online and Incremental Learning Models
Online and incremental learning techniques are
increasingly important for handling evolving network
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traffic and concept drift. Unlike batch learning models,
online approaches continuously update their parameters as
new traffic arrives, allowing for real-time adaptation to
changing network behaviors. Incremental learning reduces
the need for frequent retraining and minimizes
computational overhead, making it suitable for large-scale
enterprise and ISP networks. Future research should focus
on developing algorithms that can detect anomalies
accurately under limited labeled data, manage noisy inputs,
and retain knowledge from previously observed traffic
patterns without catastrophic forgetting. Efficient resource
utilization and latency optimization are also critical
considerations for real-time deployments.

Al-Driven Autonomous Network Security

The integration of artificial intelligence for autonomous
network security is a key emerging trend. Al-driven
systems can not only detect anomalies but also suggest or
implement automated mitigation strategies, such as traffic
throttling, policy enforcement, or firewall reconfiguration.
Reinforcement learning and self-adaptive architectures
enable proactive and predictive responses to threats,
reducing human intervention and response times. Future
research should address challenges related to safe
automation, reliability, and human-in-the-loop oversight to
ensure that autonomous systems operate within acceptable
risk thresholds while maintaining network performance
and security.

Integration with SDN and Network Digital Twins
Software-Defined Networking (SDN) and Network Digital
Twins (NDTSs) provide new opportunities for advanced
anomaly detection. SDN enables centralized network
control and dynamic traffic monitoring, which can be
leveraged for fine-grained feature collection and real-time
model application. Network Digital Twins simulate
network behavior in a virtual environment, allowing
machine learning models to be trained, tested, and
validated under controlled scenarios before deployment in
production networks. Integrating anomaly detection with
SDN and NDT frameworks enhances adaptability,
predictive maintenance, and operational safety. Future
research should focus on developing co-simulation
platforms, scalable model deployment strategies, and
feedback-driven learning mechanisms that enable seamless
interaction between Al models and virtualized network
environments.

Practical Implications and Industry Adoption

Machine learning—based network anomaly detection
techniques are not only of academic interest but also have
significant practical implications for enterprises, cloud
providers, and Internet Service Providers (ISPs). Their
adoption in operational networks requires careful
consideration of system integration, deployment
constraints, and best practices to ensure effectiveness,
reliability, and scalability. This section discusses these
aspects and provides guidance for real-world
implementation.
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Integration with SIEM and SOC Systems

Security Information and Event Management (SIEM)
platforms and Security Operations Centers (SOC) serve as
the central monitoring and response infrastructure in
enterprise networks. Integrating machine learning—based
anomaly detection with these systems allows organizations
to leverage real-time traffic analysis for proactive threat
detection and incident response. ML models can feed
alerts, anomaly scores, and risk assessments directly into
SIEM dashboards, enabling SOC analysts to prioritize and
investigate potential threats. Furthermore, integration
facilitates correlation with other security events, enriching
the context for automated or manual decision-making.
Challenges include ensuring compatibility with existing
SIEM platforms, handling high-frequency alerts without
overwhelming analysts, and maintaining low-latency
processing for timely detection.

Deployment Challenges in Real Networks

Deploying ML-based anomaly detection systems in real-
world networks presents multiple challenges. High
network throughput and large-scale data volumes demand
scalable architectures capable of real-time processing.
Variability in network topologies, heterogeneous devices,
and encrypted traffic further complicate feature extraction
and model generalization. Resource constraints at the
network edge may limit the use of complex deep learning
models, necessitating optimization techniques such as
model  compression  or  distributed  processing.
Additionally, organizations must address privacy,
compliance, and security considerations, ensuring that
sensitive network data is not exposed during training or
inference. Effective deployment requires careful planning,
testing in representative environments, and continuous
monitoring to adapt models to evolving network behaviors.

Best Practices for ML-Based Anomaly Detection
Successful deployment of machine learning for network
anomaly detection depends on following industry best
practices. These include maintaining high-quality,
representative datasets for training and evaluation,
combining multiple detection techniques to improve
robustness, and implementing threshold tuning to balance
sensitivity and false positives. Continuous model
evaluation and retraining are essential to adapt to changing
network conditions and emerging threats. Organizations
are encouraged to adopt explainable Al techniques to
enhance trust and transparency, enabling SOC teams to
understand model decisions and prioritize response actions
effectively. Finally, integrating anomaly detection with
broader network management and automation frameworks,
such as SDN or Network Digital Twins, can further
improve operational efficiency and proactive threat
mitigation.
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IV. CONCLUSION

The rapid evolution of network infrastructures, coupled
with increasing cybersecurity threats, has made machine
learning—based anomaly detection a critical component of
modern network defense. This review systematically
examined the state-of-the-art techniques, datasets,
architectures, and practical considerations associated with
ML-driven network anomaly detection. The following
subsections summarize the key findings, highlight the
contributions of this work, and provide a forward-looking
perspective on future developments in the field.

REFERENCES

1. Rafique, S. H., Abdallah, A., Musa, N. S., & Murugan,
T. (2024). Machine learning and deep learning
techniques for internet of things network anomaly
detection—current research trends. Sensors, 24(6),
1968.

2. Wang, S., Balarezo, J. F., Kandeepan, S., Al-Hourani,
A., Chavez, K. G., & Rubinstein, B. (2021). Machine
learning in network anomaly detection: A survey.
IEEe Access, 9, 152379-152396.

3. Eltanbouly, S., Bashendy, M., AlNaimi, N., Chkirbene,
Z., & Erbad, A. (2020, February). Machine learning
techniques for network anomaly detection: A survey.
In 2020 IEEE International Conference on
Informatics, 10T, and Enabling Technologies (ICIoT)
(pp. 156-162). IEEE.

4. Patcha, A., & Park, J. M. (2007). An overview of
anomaly detection techniques: Existing solutions and
latest technological trends. Computer networks,
51(12), 3448-3470.

5. Zhen, L., Kamarudin, N. H., Kok, V. J., & Qamar, F.
(2025). Anomaly detection model in network security
situational awareness based on machine learning:
Limitation, techniques, future trends. IEEE Access.

6. Bhattacharyya, D. K., & Kalita, J. K. (2013). Network
anomaly detection: A machine learning perspective.
Crc Press.

7. Yaseen, A. (2023). The role of machine learning in
network anomaly detection for cybersecurity. Sage
Science Review of Applied Machine Learning, 6(8),
16-34.

8.PM, V. P.,, & Soumya, S. (2024). Advancements in
anomaly detection techniques in network traffic: The
role of artificial intelligence and machine learning.
Journal of Scientific Research and Technology, 38-48.

9. Nassif, A. B., Talib, M. A., Nasir, Q., & Dakalbab, F.
M. (2021). Machine learning for anomaly detection: A
systematic review. leee Access, 9, 78658-78700.

10. Ali, W. A., Manasa, K. N., Bendechache, M., Fadhel
Aljunaid, M., & Sandhya, P. (2020). A review of
current machine learning approaches for anomaly
detection in  network traffic.  Journal  of
Telecommunications and the Digital Economy, 8(4),
64-95.

Page-10



