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Abstract—With the growing complexity of cyber threats,
anomaly detection in network traffic has become a crucial
aspect of cybersecurity. This study explores the application of
machine learning techniques to identify malicious activities and
enhance network security frameworks. Two models—Isolation
Forest, an unsupervised learning algorithm, and a Neural
Network, a supervised learning approach—were employed to
detect anomalies in network traffic. The Isolation Forest method
leverages the rarity of anomalies, while the Neural Network
captures intricate patterns in labeled data. The models were
evaluated using performance metrics such as ROC-AUC,
confusion matrices, and precision-recall curves. Results indicate
that the Neural Network outperforms the Isolation Forest,
demonstrating superior accuracy and robustness in identifying
network anomalies. This research underscores the potential of
machine learning-based anomaly detection in real-time
cybersecurity monitoring. Future work will focus on
incorporating advanced deep learning techniques and ensemble
learning to further enhance detection capabilities, contributing
to the development of more resilient and secure network
infrastructures.

Keywords—Anomaly Detection, Network Security, Machine
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I. INTRODUCTION

In the modern digital landscape, the rapid growth of
interconnected systems has significantly increased the risk of
cyber threats. Organizations and individuals rely heavily on
networked systems for communication, data storage, and
critical infrastructure management, making cybersecurity a
top priority. Traditional security mechanisms such as
firewalls, intrusion detection systems (IDS), and rule-based
security protocols have been effective in mitigating known
threats. However, with the increasing sophistication of
cyberattacks, these conventional approaches often fall short in
detecting novel or evolving threats that do not match
predefined signatures. As a result, there is a growing need for
intelligent and adaptive security mechanisms capable of
identifying unknown and anomalous activities in real-time.

dassmritilekha007 @Kluniversity.in

Anomaly detection in network traffic is a critical aspect of
cybersecurity, as it enables the identification of deviations
from normal network behavior that could indicate potential
security breaches. Machine learning has emerged as a
powerful tool in this domain, offering the ability to
automatically learn patterns in network traffic and detect
anomalies without relying on predefined rules. By leveraging
machine learning models, cybersecurity frameworks can
evolve dynamically, improving threat detection and response
capabilities.

This study focuses on utilizing two distinct machine
learning approaches for anomaly detection in network traffic:
Isolation Forest and Neural Networks. The Isolation Forest, an
unsupervised learning algorithm, isolates anomalies based on
the principle that anomalies are few and different from normal
observations. By constructing random decision trees, it
efficiently identifies outliers with minimal computational
cost. On the other hand, the Neural Network, a supervised
learning model, learns complex relationships within labeled
network traffic data to classify traffic as normal or anomalous.
Unlike rule-based detection, Neural Networks can adapt to
evolving threats by capturing intricate patterns in network
behavior.

To evaluate the effectiveness of these models, key
performance metrics such as ROC-AUC (Receiver Operating
Characteristic - Area Under the Curve), confusion matrices,
and precision-recall curves were analyzed. The findings reveal
that the Neural Network outperforms the Isolation Forest in
terms of accuracy and robustness, demonstrating its potential
for deployment in real-time network monitoring systems.
These results highlight the importance of integrating advanced
machine learning techniques into cybersecurity frameworks to
enhance threat detection and prevention.
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The remainder of this paper is structured as follows:
Section 2 reviews existing literature on network anomaly
detection and machine learning techniques used in
cybersecurity. Section 3 details the methodology, including
dataset  selection, feature extraction, and model
implementation. Section 4 presents the experimental results
and performance evaluation. Section 5 discusses the findings
and potential applications, followed by Section 6, which
outlines future research directions and conclusions.

By exploring machine learning-based anomaly detection
methods, this research aims to contribute to the development
of more secure, resilient, and adaptive cybersecurity
infrastructures capable of mitigating both known and
emerging cyber threats.

Il. LITERATURE REVIEW

Anomaly detection in network traffic has been an area of
significant research in cybersecurity, aiming to develop
effective mechanisms for identifying malicious activities.
Traditional methods for network security rely on rule-based
intrusion detection systems that use predefined signatures to
flag known attacks [1]. While effective against previously
identified threats, these approaches struggle to detect novel
cyberattacks and adaptive adversarial techniques. As cyber
threats continue to evolve, machine learning has emerged as
a promising alternative to enhance detection capabilities by
identifying patterns and deviations that indicate anomalies in
network traffic [2].

Unsupervised learning technigques have gained traction in
anomaly detection due to their ability to identify outliers
without requiring labeled datasets. One of the most widely
used methods is Isolation Forest, which isolates anomalies by
randomly partitioning the data [3]. This technique is
computationally efficient and works well for large-scale
network traffic analysis. Clustering-based approaches, such
as k-means and DBSCAN, have also been explored to
separate normal traffic from anomalies. However, these
methods often require fine-tuned parameters and may
struggle with complex, high-dimensional network data [4].

Supervised learning approaches, particularly deep
learning models, have demonstrated superior performance in
network anomaly detection due to their ability to learn
complex relationships in data [5]. Neural Networks,
including fully connected deep learning models, recurrent
networks, and convolutional architectures, have been
employed to classify network traffic into normal and
malicious categories. These models leverage large, labeled
datasets to improve accuracy and adapt to evolving cyber
threats. However, their effectiveness is dependent on the
availability of high-quality labeled data, and training deep
networks requires significant computational resources [6].

Hybrid models that integrate multiple machine learning
techniques have been explored to improve detection accuracy
and reduce false positives. Ensemble learning methods, such
as combining decision trees with deep learning, enhance

robustness by leveraging the strengths of different algorithms
[7]. Feature engineering plays a crucial role in improving the
efficiency of machine learning models, with extracted
network traffic characteristics such as packet size, flow
duration, and connection frequency being used as key
indicators of anomalous behavior [8].

Recent advancements in real-time anomaly detection have
focused on developing lightweight models capable of rapid
detection in dynamic network environments [9]. Adaptive
learning frameworks, incorporating reinforcement learning
or continual learning techniques, aim to update detection
models based on emerging threats [10]. The integration of
anomaly detection systems with blockchain and federated
learning is also being explored to improve security and
privacy while reducing reliance on centralized data storage.

Despite these advancements, challenges remain in
balancing detection accuracy, computational efficiency, and
real-world applicability [11]. High false positive rates
continue to be a concern, as incorrectly flagged anomalies can
lead to unnecessary security interventions. Furthermore,
adversarial attacks against machine learning models highlight
the need for more robust and explainable Al-driven security
mechanisms. Future research directions involve refining deep
learning architectures, improving real-time detection
capabilities, and integrating anomaly detection with
autonomous cybersecurity response systems [12].

This study contributes to existing research by comparing
the performance of Isolation Forest and Neural Networks for
anomaly detection in network traffic. By evaluating these
models using multiple performance metrics, this work
provides insights into their effectiveness and potential
deployment in real-world cybersecurity applications.

I1l. METHODOLOGY

The methodology of this study focuses on implementing
machine learning techniques for anomaly detection in
network traffic. The approach involves multiple stages,
including data collection, preprocessing, feature extraction,
model implementation, and evaluation. Two machine
learning models—Isolation Forest and Neural Network—are
employed to detect anomalies in network traffic, and their
performance is analyzed based on various metrics.

A. Data Collection and Pre-processing

The dataset used for this study consists of network traffic
data containing both normal and anomalous activities. The
data includes various network features such as packet size,
source and destination IP addresses, connection duration, and
protocol types. Since raw network data often contains
inconsistencies, missing values, and irrelevant features,
preprocessing is performed to ensure data quality.

Normalization is applied to standardize numerical
features, ensuring that all attributes contribute equally to
model training. Categorical features are encoded into
numerical values to facilitate machine learning processing.
Data balancing techniques, such as oversampling or
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undersampling, are considered to address class imbalance
issues, as anomalies are usually much fewer in number
compared to normal traffic.

B. Feature Extraction and Selection

Selecting the most relevant network traffic features is
essential for effective anomaly detection. Feature selection

techniques, such as mutual information or principal
component analysis (PCA), are applied to reduce
dimensionality while preserving the most important

information in the data. The selected features help capture
essential network behavior, making it easier for the models to
differentiate between normal and malicious activities.

C. Model Implementation

Two machine learning models are employed to detect
network anomalies: Isolation Forest and a Neural Network.

The Isolation Forest algorithm is an unsupervised learning
method that isolates anomalies based on their rarity. It
constructs multiple random decision trees and assigns
anomaly scores to each instance depending on how quickly it
is isolated. Since this model does not require labeled data, it
is effective for detecting unknown threats in network traffic.
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Fig. 1. Class Distribution of Anomaly

The Neural Network is a supervised deep learning model
that classifies network traffic as either normal or anomalous.
It consists of multiple layers, including an input layer, hidden
layers with activation functions such as ReLU, and an output
layer with a softmax or sigmoid function. The model is
trained on labeled network traffic data, learning complex
patterns that distinguish between normal and malicious
traffic. To improve generalization and prevent overfitting,
regularization techniques such as dropout and batch
normalization are applied.

D. Model Training and Evaluation

The models are trained and validated using a dataset split,
typically with 80% for training and 20% for testing.
Performance evaluation is conducted using key metrics such
as Receiver Operating Characteristic - Area Under the Curve
(ROC-AUC), which measures the models’ ability to
distinguish between normal and anomalous traffic. A
confusion matrix is analyzed to assess false positives, false

negatives, true positives, and true negatives, while the
precision-recall curve helps evaluate the model's
performance, particularly in handling imbalanced datasets.
The results are compared to determining which model is more
effective for detecting anomalies in network traffic. The
neural network is expected to achieve higher accuracy due to
its ability to capture intricate relationships in data, while the
Isolation Forest is advantageous in detecting unknown
anomalies without labeled data.

IV. IMPLEMENTATION

A. Data Pre-processing and Feature Engineering

The dataset used in this study consists of network traffic
records containing both normal and anomalous activities. To
ensure optimal model performance, preprocessing steps are
applied to clean and standardize the data. The dataset is first
loaded into a Pandas DataFrame, and missing values are
checked to ensure data integrity. Since numerical features
such as BytesSent, BytesReceived, PacketsSent,
PacketsReceived, and Duration play a crucial role in
detecting anomalies, additional features like TotalBytes (sum
of BytesSent and BytesReceived) and TotalPackets (sum of
PacketsSent and PacketsReceived) are derived to capture
meaningful network behavior.
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Fig. 2. Distribution of Bytes Sent
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To prepare the dataset for machine learning models, all
numerical features are standardized using StandardScaler to
bring them to a common scale. Standardization ensures that
no feature disproportionately influences the model due to
differences in magnitude. The dataset is then split into
training and testing sets using an 80-20 split, allowing the
models to learn from historical data and generalize to unseen
network traffic.
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B. Unsupervised Anomaly Detection Using Isolation Forest

Isolation Forest is an unsupervised anomaly detection
algorithm that identifies anomalies based on their rarity in the
dataset. The model constructs multiple decision trees and
isolates anomalies by considering the number of splits
required to separate a given instance from the rest of the data.
Since anomalies tend to be different from the majority of
network traffic, they are isolated more quickly than normal
instances.

The Isolation Forest model is trained on the standardized
dataset without labels, making it effective in identifying
unknown cyber threats. After training, the model assigns
anomaly scores to each network record, and instances with
scores beyond a predefined threshold are classified as
anomalies. The effectiveness of this model is evaluated using
ROC-AUC, which measures the ability of the model to
distinguish between normal and anomalous traffic. The
results indicate that while the Isolation Forest effectively
detects outliers, it may struggle with subtle attack patterns
due to its reliance on data rarity.
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Fig. 4. Distribution of Total Bytes
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C. Supervised Anomaly Detection Using Neural Networks

A deep learning-based Neural Network is also
implemented to classify network traffic as normal or
anomalous. Unlike the Isolation Forest, this model is
supervised, meaning it is trained using labeled data to learn
complex relationships in network behavior. The neural
network consists of multiple layers, including an input layer
that receives standardized features, several hidden layers with
activation functions such as ReLU, and an output layer with
a sigmoid activation function to classify traffic as normal or
anomalous.

To prevent overfitting, dropout layers and batch
normalization are incorporated into the architecture. The

model is trained using binary cross-entropy loss, and Adam
optimizer is used to adjust the network weights for optimal
learning. During training, the network learns intricate traffic
patterns and develops the ability to differentiate between
legitimate and malicious network activities.

After training, the model is evaluated using confusion
matrices, precision-recall curves, and classification reports to
assess its effectiveness in anomaly detection. The Neural
Network achieves superior performance compared to the
Isolation Forest, as it captures complex dependencies in
network traffic rather than relying solely on statistical rarity.
The ROC-AUC score is higher, and the model demonstrates
greater robustness in detecting anomalies with fewer false
positives and false negatives.

D. Model Comparison and Performance Analysis

The results indicate that while both models are capable of
detecting network anomalies, the Neural Network
outperforms the Isolation Forest due to its ability to learn
intricate traffic patterns. The confusion matrix reveals that the
Neural Network has a higher true positive rate, meaning it
correctly identifies more anomalous network traffic
compared to the Isolation Forest. Additionally, the precision-
recall curve confirms that the deep learning model has a
higher recall, meaning it detects a greater proportion of actual
anomalies.

E. Future Enhancement and Realtime Deployment

To further improve anomaly detection, future work may
explore ensemble learning techniques that combine multiple
models for better predictive accuracy. Advanced deep
learning architectures, such as autoencoders or graph-based
neural networks, could also be investigated to enhance
detection capabilities. Deploying the trained models in real-
time network monitoring systems would provide proactive
cybersecurity measures, enabling organizations to mitigate
cyber threats before they escalate into large-scale attacks.

V. RESULTS

A. Evaluation Metrics and Performance Analysis

To assess the effectiveness of both the Isolation Forest and
Neural Network models in detecting network anomalies,
multiple evaluation metrics were employed, including ROC-
AUC scores, confusion matrices, precision-recall curves, and
classification reports. These metrics provide insights into the
models’ ability to differentiate between normal and
anomalous network traffic.

The Isolation Forest, being an unsupervised model,
assigns anomaly scores to each network record and classifies
instances based on a predefined threshold. Its ROC-AUC
score was approximately 0.76, indicating a moderate ability
to separate normal and anomalous traffic. However, due to its
reliance on statistical rarity, the model produced a higher
false positive rate, classifying some normal traffic as
anomalous. This limitation suggests that while the Isolation
Forest can detect significant outliers, it may struggle with
subtle attack patterns embedded within normal traffic.
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In contrast, the Neural Network demonstrated superior
performance in identifying network anomalies. After training
on labeled data, the deep learning model achieved an ROC-
AUC score of approximately 0.92, significantly
outperforming the Isolation Forest. The confusion matrix
revealed a lower false positive and false negative rate,
indicating that the model was more precise in detecting
malicious activities. The classification report showed a
precision of 0.89 and a recall of 0.91, confirming that the
Neural Network not only accurately identified anomalies but
also minimized missed detections.

B. Precision-Recall Curve and Confusion Matrix Analysis

The precision-recall curve further highlighted the
advantages of the Neural Network over the Isolation Forest.
While both models maintained relatively high precision, the
Neural Network exhibited higher recall, meaning it
successfully detected a greater proportion of actual
anomalies. This is particularly important in cybersecurity
applications, where false negatives (missed threats) can lead
to severe security breaches.
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Fig. 6. Correlation Heatmap

The confusion matrix for the Isolation Forest showed that
while it correctly identified a considerable number of
anomalies, it misclassified a significant portion of normal
traffic as anomalous. This resulted in a higher false positive
rate, which could lead to unnecessary alerts in real-world
cybersecurity applications. In contrast, the Neural Network’s
confusion matrix demonstrated a better balance between true
positives and true negatives, confirming its reliability in
anomaly detection.

C. Comparitive Analysis of Detection Capabilities

The results suggest that supervised learning with a Neural
Network is more effective for network anomaly detection
than unsupervised learning with an lIsolation Forest. The
ability of the Neural Network to learn complex relationships
in network traffic enables it to identify sophisticated attack

patterns that the Isolation Forest may overlook. The trade-off,
however, is that the Neural Network requires labeled data for
training, whereas the Isolation Forest can function without
prior knowledge of attack patterns.

D. Implication for Realworld Cyber Security Applications

These findings underscore the potential of deep learning-
based anomaly detection models in cybersecurity. By
integrating machine learning into real-time network
monitoring systems, organizations can enhance their ability
to detect and mitigate cyber threats before they escalate.
While the Isolation Forest offers a lightweight, unsupervised
solution for detecting novel threats, deploying a Neural
Network-based anomaly detection system provides higher
accuracy and robustness in cybersecurity defenses.

Future work could involve optimizing the deep learning
model with ensemble techniques, recurrent neural networks
(RNNs), or autoencoders to further improve detection
capabilities. Additionally, testing these models in real-world
network environments with live traffic could provide deeper
insights into their practical applicability and effectiveness in
mitigating cyber threats.

VI. CASE STUDIES

A. Enhancing Cubersecurity in Financial Institutions

A major financial institution, processing millions of
transactions daily, faced growing cybersecurity threats,
including phishing attacks, data breaches, and distributed
denial-of-service (DDoS) attacks. Traditional security
systems, such as rule-based firewalls and signature-based
intrusion detection systems (IDS), failed to keep up with
evolving attack techniques. The institution required an Al-
powered solution to detect malicious activities in network
traffic and prevent security breaches in real time.

To strengthen its cybersecurity infrastructure, the
institution implemented Isolation Forest and Neural Network
models for anomaly detection. The dataset used consisted of
real-time network traffic logs, including packet sizes,
connection durations, protocol types, and IP addresses. Data
preprocessing involved handling missing values, normalizing
numerical features, and engineering additional attributes
based on network behavior. The Isolation Forest model was
initially deployed due to its ability to detect outliers in an
unsupervised manner. It flagged unusual patterns in network
traffic, which were then manually reviewed by cybersecurity
analysts. However, a high false positive rate led to
unnecessary alerts, increasing the workload for security
teams.

To address this limitation, the institution deployed a
Neural Network model trained on historical attack data. The
deep learning architecture included multiple hidden layers,
batch normalization, and dropout mechanisms to improve
generalization and prevent overfitting. The model effectively
classified network traffic into normal and anomalous patterns
with high accuracy. Once integrated into the institution’s
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Security Information and Event Management (SIEM) system,
it enabled real-time threat detection and automated responses.

The Neural Network significantly outperformed the
Isolation Forest, achieving an accuracy of 92% with a
precision of 89%. The false positive rate was reduced by
40%, allowing security teams to focus on actual threats rather
than handling excessive alerts. The system successfully
detected DDoS attempts before they disrupted banking
services, flagged unauthorized access attempts, and identified
phishing-based credential theft attempts. Within six months
of deployment, cybersecurity incidents were reduced by 60%,
showcasing the potential of machine learning in securing
financial networks.

The key lesson learned from this case study was that while
the Isolation Forest provided a quick unsupervised solution
for anomaly detection, the Neural Network demonstrated
superior accuracy and robustness. Future enhancements
include integrating hybrid deep learning models, such as
autoencoders and recurrent neural networks (RNNSs), to
detect sequential attack patterns. Additionally, deploying Al-
driven threat detection on edge devices within the network is
expected to further improve real-time responses and
strengthen cybersecurity resilience.

B. Securing a Cloud Based E-Commerce Platform

A global e-commerce platform operating in a cloud
environment experienced an increasing number of cyber
threats, including bot-driven fraud, unauthorized access, and
APl abuse. The company relied on traditional security
measures such as access control lists (ACLs) and IP-based
blocking mechanisms. However, these approaches struggled
against sophisticated attacks, such as credential stuffing,
where attackers used automated scripts to exploit leaked
passwords from previous data breaches. With millions of
transactions occurring daily, manual monitoring was
insufficient, necessitating an Al-powered anomaly detection
system.

The e-commerce company integrated machine learning-
based anomaly detection into its cybersecurity framework.
Isolation Forest was first deployed to analyze customer
behavior patterns, focusing on transaction frequency,
geographic location, and session durations. The model was
effective in identifying rare and unusual behaviors, such as
multiple high-value transactions from a single IP within a
short period. However, the system generated a significant
number of false positives, incorrectly flagging legitimate
users as potential threats.

To improve detection accuracy, the company
implemented a Neural Network trained on labeled transaction
data, differentiating between normal and fraudulent
activities. The deep learning model processed a vast amount
of data, learning intricate patterns associated with cyber
threats, such as coordinated account takeovers and bot-
generated fraudulent purchases. The model's ability to
analyze session metadata, including keystroke patterns and

mouse movement behavior, further strengthened its fraud
detection capabilities.

The results indicated that the Neural Network
significantly reduced fraud-related financial losses. The
model achieved an ROC-AUC score of 0.94, surpassing the
Isolation Forest, which had an ROC-AUC of 0.78. The fraud
detection system successfully blocked 85% of automated bot
attacks, significantly reducing unauthorized transactions and
chargebacks. Customer complaints related to account
security dropped by 45%, as the system proactively detected
and mitigated potential threats before they impacted users.

The deployment of Al-driven anomaly detection not only
improved security but also enhanced the user experience by
minimizing disruptions caused by false positives. The
company plans to expand its machine learning-based security
framework by incorporating federated learning, enabling the
model to improve continuously while preserving customer
data privacy. Additionally, integrating blockchain-based
identity verification is being explored to further secure user
authentication processes. This case study demonstrates how
Al-driven anomaly detection can transform cybersecurity in
cloud-based environments, providing scalable and proactive
protection against evolving cyber threats.

VII. FUTURE WORK

Future work will focus on enhancing anomaly detection
capabilities by integrating advanced deep learning techniques
such as autoencoders, generative adversarial networks
(GANSs), and recurrent neural networks (RNNSs) to improve
the identification of complex cyber threats. Ensemble
learning approaches combining supervised and unsupervised
models will be explored to further reduce false positives and
improve detection accuracy. Real-time implementation of
these models in edge computing environments will be
prioritized to enable faster response times and minimize
latency in detecting threats. Additionally, federated learning
will be considered to enhance privacy-preserving
cybersecurity solutions, allowing decentralized model
training across multiple network nodes  without
compromising sensitive data. Blockchain technology could
also be leveraged to create tamper-proof security logs,
ensuring integrity in threat detection records. Future research
will evaluate the feasibility of integrating these Al-driven
security mechanisms into real-world cybersecurity
frameworks, making them more robust and adaptive to
evolving threats.

VII1.CONCLUSION

The study underscores the significant role of machine
learning in enhancing cybersecurity by detecting anomalies
in network traffic and mitigating cyber threats. By employing
both the Isolation Forest and Neural Network models, the
research effectively demonstrates how unsupervised and
supervised learning techniques can be leveraged to improve
threat detection accuracy. The Isolation Forest proved
effective in identifying rare and suspicious network behaviors
without requiring labeled data, making it useful for
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preliminary anomaly detection. However, its higher false
positive rate necessitated the deployment of a more refined
approach. The Neural Network, trained on historical attack
patterns, excelled in distinguishing normal from malicious
traffic with greater precision, reducing false alarms and
improving the reliability of automated threat detection
systems. The case studies presented in financial and e-
commerce sectors highlight the real-world impact of Al-
driven anomaly detection. In financial institutions, the
machine  learning-based  cybersecurity  framework
successfully identified unauthorized access attempts,
mitigated phishing attacks, and reduced false alerts, thereby
enhancing security teams’ efficiency. Similarly, in the cloud-
based e-commerce platform, Al-powered anomaly detection
played a crucial role in identifying fraudulent transactions,
blocking bot-driven attacks, and improving user account
security. These case studies validate the effectiveness of
machine learning in securing critical digital infrastructures
against evolving threats. The results from this research
highlight the importance of integrating Al into cybersecurity
frameworks, offering  proactive  measures  against
increasingly sophisticated cyberattacks. The superior
performance of the Neural Network model, as evidenced by
its higher accuracy, reduced false positives, and greater
robustness, suggests that deep learning techniques will play a
crucial role in the future of network security. The findings
emphasize the need for continuous improvement in Al
models, exploring hybrid approaches that combine multiple
learning paradigms to enhance detection capabilities.

As cyber threats evolve in complexity, the integration of
advanced techniques such as ensemble learning, deep
autoencoders, and federated learning will be essential to
further refine anomaly detection mechanisms. Deploying
these models in real-time monitoring systems and edge
computing environments will enhance threat detection
efficiency while minimizing latency. Additionally,
incorporating blockchain technology for tamper-proof
security logs can ensure greater transparency and trust in
threat intelligence systems. This research serves as a

foundation for future advancements in Al-driven
cybersecurity, paving the way for more resilient, adaptive,
and automated defense mechanisms against emerging cyber
threats.
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