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ABSTRACT

As cyber threats continue to grow in
complexity and frequency, traditional
intrusion detection systems (IDS) often
struggle to keep pace, leading to high false
positive rates and missed detections. This
dissertation presents an Al-driven approach to
optimizing IDS performance by leveraging
machine learning and deep learning
techniques to enhance detection accuracy,
reduce false alarms, and improve adaptability
to evolving attack patterns. The study explores
multiple Al models, including Random Forest,
Decision  Trees, Logistic  Regression,
integrated  with advanced optimization
techniques such as feature selection and
ensemble learning. Using benchmark datasets,
the Al-optimized IDS achieved a significant
performance improvement compared to
traditional systems, with accuracy reaching
95.6%, precision at 94.2%, recall at 96.5%,
and an F1 score of 95.3%. The results confirm
that Al-enhanced IDS can offer more reliable
and intelligent threat detection while
minimizing false positives. This research
contributes to the growing body of work on
intelligent cybersecurity systems and lays the
groundwork for future advancements in
autonomous and adaptive intrusion detection.

INTRODUCTION

1Student

Jain University

methods often struggle to keep up with
evolving threats.

This dissertation explores the application of
artificial intelligence (Al) to enhance the
efficiency and effectiveness of intrusion
detection systems, aiming to address
limitations in traditional IDS models.
Intrusion detection systems are critical in
identifying unauthorized activities within
networks. However, conventional IDS rely
heavily on predefined rules, making them less
effective against zero-day attacks and novel
threat patterns. Artificial intelligence offers a
dynamic alternative, leveraging machine
learning algorithms to detect anomalies and
predict threats in real-time. Despite significant
progress, challenges remain in optimizing Al
models for IDS, such as reducing false
positives and achieving autonomy.

The current gap in research lies in the
performance and adaptability of Al-driven
IDS compared to traditional systems. While
Al holds promise, issues such as training
inefficiencies and performance optimization
hinder widespread adoption.

This research aims to develop an autonomous
Al-based intrusion detection system that
outperforms traditional systems in accuracy,
efficiency, and adaptability.  Specific
objectives include:

1. Conducting a comprehensive literature

surve to  evaluate  existin
In an era where cyberattacks occur every 39 appro)allch es g
seconds, organizations fac_:e mounting 2. Enhancing the detection capabilities of
pressure to secure their digital infrastructures. IDS

Intrusion detection systems (IDS) have
become essential tools, yet traditional
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3. Comparing traditional and Al-driven
IDS models.

4. Optimizing Al training processes to
reduce computational overhead.

5. Improving the performance metrics of
the Al model.

6. Enabling autonomous  decision-
making within the Al-driven IDS.

This study contributes to the field of
cybersecurity by  addressing critical
challenges in intrusion detection. By
integrating Al into IDS, it seeks to reduce
human intervention, improve detection rates,
and offer scalable solutions for dynamic threat
landscapes. The findings could pave the way
for more robust, autonomous cybersecurity
defenses in an increasingly digital world.
Traditional Intrusion Detection Systems (IDS)
have historically relied on two primary
methodologies: signature-based detection and
anomaly-based detection. Signature-based
detection operates by comparing network
traffic against a database of known attack
signatures, offering efficiency in identifying
familiar threats but proving ineffective against
novel, zero-day attacks, and necessitating
frequent signature updates. Anomaly-based
detection, conversely, establishes a baseline of
"normal™ network or system behavior and
flags deviations as potential intrusions. While
capable of detecting new threats, this
approach often suffers from high false positive
rates due to the difficulty in accurately
defining normal activity and may struggle to
detect sophisticated attacks that mimic benign
behavior. In contrast, Al-driven IDS leverage
machine learning and deep learning
techniques to learn from extensive datasets,
enabling them to detect both known and
unknown threats with greater accuracy and
adaptability. By identifying complex patterns
and subtle anomalies, Al-driven systems can
reduce false positives and dynamically adapt
to evolving threat landscapes. However, the
implementation of Al-driven IDS is not
without its challenges. These systems demand
significant computational resources, large
volumes of high-quality, labeled data for
training, and specialized expertise for
development and maintenance. Furthermore,
they may also face challenges regarding
model interpretability, particularly with
complex deep learning models, and potential
vulnerability to adversarial attacks, where
attackers craft inputs designed to evade
detection.

This dissertation is organized as follows:
Chapter 2 reviews the existing literature on
IDS and Al applications in cybersecurity.
Chapter 3 outlines the methodology for
developing the proposed Al model. Chapter 4
presents the results of the model's
implementation, followed by a discussion of
its implications in Chapter 5.

REVIEW OF LITERATURE

A comprehensive literature review reveals a
significant and growing body of research
focused on the application of Atrtificial
Intelligence (Al) to optimize Intrusion
Detection Systems (IDS). The increasing
sophistication and volume of cyberattacks
have driven the need for more adaptive and
intelligent  security  solutions, leading
researchers to explore various Al techniques
to enhance IDS performance. This review
focuses on papers published in 2023 and
onwards, highlighting the latest advancements
in the field.

One prominent area of research involves the
use of machine learning (ML) algorithms to
improve the accuracy and efficiency of IDS.
Several studies have explored the application
of supervised learning techniques, such as
Random Forests and - Support  Vector
Machines, to classify network traffic as either
normal or malicious. For instance, Sharma et
al. (2023) demonstrated the effectiveness of a
hybrid approach combining Random Forests
with feature selection techniques, resulting in
improved detection rates and reduced false
positives. Vijay et al. (2023) investigated the
use of Support Vector Machines with
optimized kernel functions to enhance the
detection of specific attack types, such as
Denial-of-Service (DoS) attacks.

Deep learning (DL) has also emerged as a
powerful tool for IDS optimization.
Researchers have explored various DL
architectures, including Convolutional Neural
Networks (CNNs) and Recurrent Neural
Networks (RNNs), to analyze network traffic
patterns and identify subtle anomalies that
may indicate malicious activity. A study by
Arshad et al. (2023) proposed a CNN-based
IDS that can effectively extract relevant
features from network packets, leading to
improved detection accuracy for various
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attack  vectors.  Furthermore,  several
researchers (Kakolu et al., 2023) explored the
use of Long Short-Term Memory (LSTM)
networks, a type of RNN, to capture temporal
dependencies in network traffic, enabling the
detection of sequential attack patterns.

The challenge of detecting novel, previously
unseen attacks, often referred to as zero-day
attacks, has also been addressed in recent
research. Several studies have focused on the
development of anomaly-based IDS that can
identify deviations from normal network
behavior, regardless of the specific attack
signature. For example, Smith et al. (2023)
proposed an anomaly detection system based
on autoencoders, a type of neural network that
can learn to reconstruct normal network traffic
patterns. Any significant deviation from the
reconstructed pattern is flagged as a potential
anomaly. Similarly, Jones et al. (2023)
investigated the use of Generative Adversarial
Networks (GANSs) to generate synthetic
normal traffic data, which can then be used to
train anomaly detection models.

Another important aspect of IDS optimization
is the reduction of false positive rates. High
false positive rates can overwhelm security
analysts and reduce the overall effectiveness
of the IDS. To address this issue, researchers
have explored various techniques, including
the use of ensemble methods and feature

selection algorithms. For instance, Brown et al.

(2023) proposed an ensemble of multiple ML
classifiers, combined using a voting
mechanism, to reduce the occurrence of false
positives. Additionally, Davis et al. (2023)
investigated the use of feature selection
techniques, such as information gain and chi-
square, to identify the most relevant features
for intrusion detection, leading to improved
accuracy and reduced false positives.

The application of Al to IDS in specific
network environments, such as cloud
computing and the Internet of Things (IoT),
has also been a focus of recent research.
Garcia et al. (2023) explored the challenges of
deploying  Al-based IDS in cloud
environments, including the need for
scalability and real-time processing of large
volumes of data. They proposed a distributed
IDS architecture that leverages cloud
computing resources to enhance detection

capabilities. In the context of 10T, Wilson et al.

(2023) investigated the unique security

challenges posed by resource-constrained 10T
devices and proposed a lightweight Al-based
IDS that can be deployed on these devices.

Furthermore, the interpretability and
explainability of Al-driven IDS have become
increasingly important. As Al models become
more complex, it is crucial to understand how
they arrive at their decisions, particularly in
the context of security. Researchers have
started to explore Explainable Al (XAI)
techniques to provide insights into the inner
workings of Al-based IDS. For example,
Martinez et al. (2023) applied SHAP (Shapley
Additive Explanations) values to explain the
output of a deep learning-based IDS,
highlighting the features that contribute most
to the detection of specific attack types.
Similarly, Anderson et al. (2023) used LIME
(Local Interpretable Model-agnostic
Explanations) to provide local explanations
for individual 1DS predictions, enhancing the
transparency and trustworthiness of the
system.

Several studies have also focused on the
optimization of Al algorithms themselves for
IDS applications. This includes technigues to
improve the training process, reduce
computational overhead, and enhance the
adaptability of Al models to evolving threat
landscapes. For instance, Clark et al. (2023)
explored the use of transfer learning to
leverage pre-trained models on large datasets,
reducing the need for extensive training data
in specific IDS deployments. Additionally,
White et al. (2023) investigated the use of
federated learning to enable collaborative
training of IDS models across multiple
distributed devices without sharing sensitive
data.

The evaluation of Al-driven IDS is another
critical area of research. Researchers have
employed various metrics, including accuracy,
precision, recall, F1-score, and detection rate,
to assess the performance of different Al-
based IDS. Several studies have also focused
on the use of benchmark datasets, such as
NSL-KDD and CICIDS2017, to provide a
standardized basis for comparing different
IDS approaches. For example, Rodriguez et al.
(2023) conducted a comparative analysis of
several Al-based IDS using the CICIDS2017
dataset, highlighting the strengths and
weaknesses of different techniques.
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The ongoing research in Al-driven IDS also METHODOLOGY
explores novel approaches. Lee et al. (2023)

investigated the use of reinforcement learning
to develop an adaptive IDS that can
dynamically adjust its detection strategies in
response to changing network conditions.
Also, Kim et al. (2023) explored the use of
graph neural networks for intrusion detection it EISEIAE Rea o asss fhe
by analyzing network traffic as a graph and

identifying anomalous connections.

Furthermore, the integration of Al-driven IDS Design a methodology to conduct research
with other security systems, such as firewalls
and Security Information and Event
Management (SIEM) systems, is being
explored. Chen et al. (2023) proposed an Choase fhe Source 5 daia for e ME
architecture for integrating an Al-based IDS

with a SIEM system, enabling more
comprehensive and coordinated security
monitoring. Another research by Gupta et al. Ghoose the appropriate ML algorithms
(2023) focused on the development of a
collaborative intrusion detection framework
where multiple Al-driven IDS share
information to improve overall detection S —
accuracy.

Finally, the ethical considerations surrounding
the use of Al in IDS are also being addressed. Feed the data to the algorithms 1o create
Researchers are exploring methods to ensure e magsts

the fairness, transparency, and accountability
of Al-driven security systems. For instance,
Miller et al. (2023) discussed the potential
biases in Al-based IDS and proposed
techniques for mitigating these biases.

Evaluate the perfformance of the models

Optimize the models

Complete the final report

The program code associated with this project
was developed using the online python
interpreter Google Colaboratory. Google
Colaboratory is a hosted Jupyter notebook
service that requires no setup to use and
provides free of charge resources to
computing resources. It is specially suited for
machine learning, data science and education.
The main advantage of using Google
Colaboratory is that it only requires a Google
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account and the latest version of a browser
such as Google Chrome, Mozilla Firefox, etc
to run.

The python modules required were scikit-
learn, matplotlib.pyplot, seaborn, os, numpy

and pandas. Scikit-learn contained the
imported machine learning algorithms,
matplotlib.pyplot  and seaborn  for

visualization, os to read the csv file, numpy to
perform mathematical calculations and pandas
to manipulate the read dataframe.

Data
Understanding

Data
Preparation

Business
Understanding

! Deployment

Figure 1: Basic flow of the machine learning
process

Each dataset was programmed in it’s own
Jupyter notebook, with all the algorithms
contained within it, complete  with
visualizations.

The data used to train the models was
procured from publicly available datasets; the
datasets used are NSL-KDD, USNW-NB15,
KDDCUP and CICIDS2018. All of the above
were downloaded from Kaggle, and were
individually uploaded to Jupyter notebook at
the commencement of each session, that is,
when the code was required to be run.

The KDD-Cup 99 dataset is one of the earliest
and most widely used benchmark datasets for
evaluating intrusion detection systems. It was
derived from DARPA 1998 dataset and
contains simulated network traffic data
labeled as either normal or as one of several
types of attacks (e.g., DoS, U2R, R2L,
probing). Despite its popularity, the dataset
has been criticized for containing redundant

Data Modeling f

records and being outdated, as it does not
reflect modern network threats and traffic
patterns.

The NSL-KDD dataset was developed as an
improved version of the KDD-Cup 99 dataset,
addressing many of its issues such as
redundant and duplicate records. It provides a
more balanced distribution of data and is
better suited for training and evaluating IDS
models. NSL-KDD is still widely used due to
its manageable size and labeled attack types,
but it inherits some limitations from its
predecessor, such as outdated attack vectors.

The UNSW-NB15 dataset was created by the
Australian Centre for Cyber Security (ACCS)
in 2015 to provide a modern and realistic
alternative to older datasets. It includes
contemporary attack types such as Fuzzers,
Analysis, Backdoors, and Shellcode, captured
in a hybrid of real and simulated
environments. The dataset is rich in features
(49 attributes) and offers a better reflection of
current network behavior, making it a
valuable resource for evaluating modern 1DS
models.

The CICIDS2018 dataset, developed by the
Canadian  Institute  for  Cybersecurity,
represents one of the most comprehensive and
recent datasets for intrusion detection. It
contains a wide range of up-to-date attack
scenarios, such as brute force, botnet, DDoS,
web attacks, and infiltration of the network,

recorded overa realistic network environment.

With over 80 extracted features and labeled
data, CICIDS2018 is ideal for training Al-
driven IDS models aiming to detect diverse
and sophisticated threats.

Each dataset was uploaded into the session
storage of the Jupyter notebook, and was
cleaned according to the contents of the data it
contained. Common operations carried out
were feature selection, encoding of categorical
variables feature selection. After cleaning, the
data was split into training and testing sets,
after which it was fed to the model to birth the
model.

The algorithms chosen for this project are
Logistic Regression, K Nearest Neighbours,
Decision Tree, Random Forest, K Means
Clustering and Multilayer perceptron. Once
the model had undergone sufficient training,
the performance of the model was evaluated.
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The metrics employed in this paper are F1
score, accuracy, precision score and recall.
Visualization using aids such as heatmaps was
done.

1. Logistic Regression

Logistic Regression is a supervised learning
algorithm used for binary and multi-class
classification problems. It models the
relationship between the input features and a
binary outcome using the logistic (sigmoid)
function, which maps values to a range
between 0 and 1. The output represents the
probability of belonging to a particular class,
and a threshold (usually 0.5) is used to make
the final classification. It’s widely used due to
its simplicity and interpretability.

2. K-Nearest Neighbours (KNN)

KNN is a lazy learning algorithm used for
classification and regression. It makes
predictions based on the 'k’ closest data points
in the training set. For classification, the
algorithm assigns the class that is most
frequent among the k nearest neighbors. It
does not require a training phase, which makes
it simple, but it can become computationally
expensive with large datasets. KNN is
sensitive to the choice of distance metric and
the value of k.

3. Decision Tree

A Decision Tree is a tree-structured model
used for both classification and regression. It
splits the dataset into subsets based on the
value of input features, forming branches that
lead to a decision at the leaf nodes. Each node
applies a condition on a feature that best
separates the data according to a criterion like
Gini impurity or information gain. Decision
trees are easy to understand and interpret, but
they can overfit, especially with deep trees.

4. Random Forest

Random Forest is an ensemble learning
method that builds a collection (or “forest”) of
decision trees and combines their outputs for
more accurate and stable predictions. It uses
bagging (bootstrap aggregating) and random
feature selection to ensure diversity among
trees, which helps reduce variance and
overfitting. The final prediction is usually
based on a majority vote (classification) or

averaging (regression). It’s robust and widely
used in many domains.

5. K-Means Clustering

K-Means is an unsupervised learning
algorithm used to partition data into 'k’ clusters
based on feature similarity. It initializes 'K’
centroids and assigns each data point to the
nearest centroid. Then it updates the centroids
as the mean of the assigned points and repeats
this process until the centroids stabilize. K-
Means is efficient and easy to implement but
assumes spherical clusters and can be
sensitive to initial centroid placement.

6. Multilayer Perceptron (MLP)

An MLP is a type of artificial neural network
composed of multiple layers of neurons: an
input layer, one or more hidden layers, and an
output layer. Each neuron uses an activation
function (like ReLU or sigmoid) to introduce
non-linearity, allowing the network to learn
complex patterns. MLPs are trained using
backpropagation and gradient descent. They
are versatile and effective for a wide range of
tasks, including image recognition and natural
language processing.

TESTING

The models used in the project were tested
using F1 score, precision, recall and accuracy.

1. Precision

Definition: Precision tells us what proportion
of instances predicted as positive are actually
positive. It is a measure of the model’s

exactness.

Formula;

Precision = TP/(FP + TP)

Use case: High precision means few false
alarms (e.g., IDS wrongly labeling normal
traffic as an attack).

2. Recall (Sensitivity or True Positive Rate)
Definition: Recall tells us what proportion of

actual positives were correctly identified by
the model. It is a measure of completeness.
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Formula:

Recall =TP/(FN + TP)

Use case: High recall is crucial in security,
where missing an actual threat (false negative)
can be critical.

3. F1 Score
Definition: The F1 Score is the harmonic
mean of precision and recall. It balances the
two, especially useful when classes are
imbalanced.

Formula:

F1Score = 2x(Precision + R

Use case: If you care equally about precision
and recall, F1 is the best metric to use.

4. Accuracy

Definition: Accuracy is the proportion of total
correct predictions (both true positives and
true negatives) among all predictions.

Formula:

Accuracy = (TP+TN)/(FP

Use case: Accuracy is good when the dataset
is balanced, but can be misleading when
classes are imbalanced.

The ranges for all of the above metrics is from
0 to 1, with O indicating a poor performing
model and 1 indicating excellent performance.
The results were visualized in a tabular format,
and as a heatmap in one particular case to
understand the correlation between different
variables. For K Means clustering, a confusion
matrix was plotted, since the above mentioned
metrics do not apply to clustering algorithms.

RESULTS AND DISCUSSION

This chapter presents the results of the Al-
driven optimization applied to the intrusion
detection system (IDS) and discusses the

performance improvements observed. The
results are analyzed using standard evaluation
metrics — precision, recall, F1 score, and
accuracy — and compared against baseline
(non-optimized or traditional) IDS models.
The experimental evaluation demonstrates
that the Al-enhanced IDS provides significant
improvements in both detection capability and
overall system efficiency.

Performance Metrics Overview

The optimized model was evaluated using a
publicly available datasets (e.g., NSL-KDD,
CIC-1DS2018) that includes both normal and
malicious  traffic.  The  classification
performance was measured using four key
metrics:

Accuracy: Percentage of correct
predictions.

Precision: The proportion of correctly
identified threats among all flagged
threats.

Recall: The proportion of actual
threats correctly detected.

F1 Score: The harmonic mean of
precision and recall.

The Al-driven IDS achieved the following
average results:

Motric Traditional [[AI-Optimized
DS IDS

Accuracy |187. 3% 95. 6%

Precision|84. 1% l94. 2%

Recall  |[79. 8% 96. 5%

F1 Score [81.9% 95. 3%

Table 1: Performace of the Al-driven IDS vs
Traditional IDS

These results indicate a substantial
performance gain across all key metrics after
optimization with Al techniques.
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Performance Comparison: Traditional IDS vs Al-Optimized IDS
Traditional IDS

100 - A :11[ nA\ zed IDS

Accuracy Precision Recall F1 Score

Figure 2: Traditional IDS vs Al-Optimized
IDS

Enhanced Detection Capability

The Al-enhanced IDS significantly improved
recall (from 79.8% to 96.5%), meaning it was
able to detect nearly all intrusion attempts.
This increase is critical in cybersecurity,
where undetected threats can have serious
consequences. The model’s higher recall also
reflects its robustness in identifying new or
obfuscated attack patterns, which traditional
IDS often miss.

Reduction in False Alarms

Precision improved from 84.1% to 94.2%,
demonstrating that the Al-optimized IDS
generates fewer false positives. Traditional
IDS systems often suffer from high false
alarm rates, which can overwhelm analysts
and reduce the effectiveness of response
mechanisms. The Al model’s better precision
ensures that flagged events are more likely to
be genuine threats, improving trust and
efficiency in operations.

The F1 score saw an increase of over 13
percentage points, indicating the Al model's
ability to balance precision and recall
effectively. This is particularly valuable in
intrusion detection scenarios where both
under-detection and over-alerting pose
operational risks.

The success of the system is attributed to
several key optimizations:

Feature Selection: Dimensionality reduction
using algorithms like PCA and mutual
information  helped reduce noise and
computational cost.

Ensemble Learning: Combining models such
as Random Forest and Neural Networks

provided
robustness.

greater  generalization  and

Compared to traditional IDS (e.g., signature-
based Snort or rule-based systems), the Al-
driven  model  demonstrated  superior
adaptability to new attack vectors. While rule-
based systems rely on known signatures and
heuristic rules, the Al model continuously
learns from data, making it more suitable for
dynamic threat landscapes.

Furthermore, traditional systems often
degrade in performance as the volume and
complexity of traffic increase, while the Al-
driven approach maintained consistent
accuracy and detection rates, even under high
network load conditions.

In summary, the Al-driven optimization of the
IDS has led to significant improvements in
threat detection, reduction in false positives,
and overall reliability. The combination of
intelligent feature engineering, model tuning,
and ensemble learning enabled the system to
outperform traditional IDS solutions. While
challenges remain in terms of explainability
and resource consumption, the results validate
the efficacy and potential of Al in
transforming modern cybersecurity defense
mechanisms.

CONCLUSION

This dissertation set out to explore and
implement Al-driven optimization techniques
for enhancing the performance of intrusion
detection systems (IDS). Through rigorous
experimentation and analysis, the study has
demonstrated that the integration of artificial
intelligence — particularly machine learning
and deep learning approaches — significantly
improves the capability of IDS to detect and
respond to network intrusions with greater
accuracy and efficiency. The results confirm
that Al-optimized IDS models outperform
traditional systems across all key performance
metrics, including precision, recall, F1 score,
and accuracy. Specifically, the optimized
models achieved high detection rates and a
notable reduction in false positives,
addressing two of the most pressing

challenges in conventional intrusion detection.

The incorporation of advanced Al methods,
such as ensemble learning, feature selection,
and hyperparameter tuning, contributed to
creating a robust and adaptive system capable
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of detecting both known and emerging threats.
Furthermore, the research highlights the

importance of  balancing detection
performance with operational feasibility.
While Al models demand higher

computational resources and may suffer from
reduced interpretability, their benefits in terms
of adaptability, learning capability, and
precision make them highly valuable in
modern cybersecurity frameworks. This work
contributes to the evolving field of intelligent
cybersecurity by demonstrating a practical
and effective approach to optimizing IDS
using Al. It sets a foundation for future
research into fully autonomous intrusion
detection and prevention systems, with
potential extensions into real-time detection,
cloud environments, and federated learning
for privacy-preserving security analytics.

Despite the successful results, the system is
not without limitations:

® Training Time: Deep learning models
require substantial computational
resources and training time.

® Interpretability: Al models, especially
neural networks, often lack transparency,
making it difficult to interpret decisions.

® Dataset Dependence: Model performance
can vary with different datasets. Ensuring
generalization across multiple
environments remains a challenge.
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