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ABSTRACT— Intrusion detection in cybersecurity has become
crucial due to the increasing number of cyber threats and data
breaches. Traditional security measures fail to detect sophisticated
attacks, making machine learning (ML) an essential tool for
improving security frameworks. The integration of artificial
intelligence (Al) enables real-time monitoring, anomaly detection,
and predictive analytics, ensuring proactive threat management.
This paper discusses an Al-driven intrusion detection system (IDS)
that includes supervised and unsupervised ML techniques to
enhance cybersecurity resilience. The system improves accuracy,
efficiency, and automation, thereby mitigating risks and reducing
false positive rates. Through rigorous testing, the proposed IDS
demonstrates superior performance over conventional methods.

Keywords—Intrusion  Detection  System (IDS), Artificial
Intelligence (Al), Machine Learning (ML), Cybersecurity,
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| INTRODUCTION

In today’s interconnected digital world, cybersecurity has become
more critical than ever before. Organizations, businesses, and
individuals alike rely on networked systems for communication,
financial transactions, data storage, and many other essential
services. However, with this increased reliance on digital
technologies comes a significant rise in cyber threats. Malicious
actors continuously develop sophisticated techniques to exploit
vulnerabilities, steal sensitive data, and disrupt operations. These
threats range from traditional malware attacks to advanced
persistent threats (APTs), ransomware, and zero-day exploits that
can evade conventional security measures.

Machine learning plays a pivotal role in modern cybersecurity
strategies. Unlike traditional rule-based systems, ML-based IDSs
analyze large datasets to detect anomalies, recognize attack patterns,
and predict future threats. These systems uses “supervised learning”
for known attack detection and “unsupervised learning” for
identifying unknown threats through clustering and anomaly
detection. With the advancement of deep learning and neural
network IDSs can achieve higher accuracy and adaptability,
reducing false positives and improving efficiency. Traditional
security frameworks, such as firewalls and antivirus software, have
long served as the first line of defense against cyberattacks.

However, they often struggle to detect new and evolving threats due
to their reliance on predefined signatures and rules. This limitation has
paved the way for Artificial Intelligence (Al) and Machine Learning
(ML) to revolutionize cybersecurity through proactive and intelligent
threat detection. Al-driven Intrusion Detection Systems (IDSs) utilize
ML algorithms to analyze vast amounts of network traffic, identify
anomalies, and predict potential security breaches in real-time.

These systems can detect both known and previously unseen threats,
significantly enhancing the security posture of organizations. One of
the biggest challenges in cybersecurity is alert fatigue, where security
teams are overwhelmed by false alarms from traditional security tools.
Al-based IDSs fine-tune their models over time, reducing unnecessary
alerts and allowing cybersecurity experts to focus on real threats.

Traditional security systems rely on predefined signatures, meaning
they can only detect threats that have been previously identified. Al-
driven IDSs, however, use behavioral analysis to spot anomalies and
potential attacks as they happen, reducing response times and
minimizing damage.

A key advantage of ML-based IDSs is their ability to learn from past
incidents and improve over time. By analyzing patterns in
cyberattacks, these systems continuously adapt to emerging threats,
reducing false positives and improving detection accuracy. Unlike
traditional rule-based IDSs, which require constant manual updates,
Al-driven systems automate the detection process, allowing security
teams to focus on mitigating risks rather than constantly updating
security protocols. Furthermore, the integration of Al in cybersecurity
aligns with international regulatory frameworks such as General Data
Protection Regulation (GDPR), Health Insurance Portability and
Accountability Act (HIPAA), and ISO 27001, which mandate
stringent data protection measures. Al-based IDSs not only detect
intrusions but also assist in compliance by ensuring real-time
monitoring, rapid incident response, and threat prevention.

The objective of this paper is to explore how Al-driven IDSs enhance
cybersecurity resilience, reduce security breaches, and provide
organizations with a robust, adaptable defense mechanism. By
leveraging supervised and unsupervised ML techniques, this research
presents a comprehensive analysis of Al-based IDSs and their
effectiveness in mitigating cyber threats in an evolving digital landscape
The goal of this paper is to explore how Al-driven Intrusion Detection
Systems (IDSs) enhance cybersecurity by leveraging machine learning
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techniques to detect and prevent cyberattacks. This research provides
a comprehensive analysis of Al-based IDSs, discussing various ML
algorithms, their implementation in cybersecurity, and their
effectiveness in mitigating modern-day cyber threats.

Furthermore, this paper will address:

How Al-driven IDSs improve threat detection capabilities compared
to traditional security mechanisms. The advantages and challenges of
using supervised, unsupervised, and deep learning models for
intrusion detection. The impact of Al in reducing false positives and
improving response times in cybersecurity operations. A comparative
study of various Al-driven IDS models and their real-world
performance

Il LITERATURE REVIEW

The landscape of cybersecurity is evolving at an unprecedented pace,
driven by the growing sophistication of cyber threats and the
increasing reliance on digital infrastructure. Traditional security
systems, while foundational, often struggle to keep up with the speed
and adaptability of modern cyberattacks. As a result, researchers and
practitioners have turned to Artificial Intelligence (Al) and Machine
Learning (ML) to build more intelligent, adaptive, and resilient
Intrusion Detection Systems (IDS).

One of the initial milestones in this domain was the shift from static,
signature-based IDS to dynamic, learning-based systems. Signature-
based IDSs rely on predefined rules to identify known threats but fail
to detect novel attacks or zero-day exploits. Kumar and R. Singh
(2021) highlighted these limitations in their comparative study,
demonstrating that traditional 1DSs suffer from high false-positive
rates and limited adaptability. Their research showed how ML
algorithms, particularly decision trees and artificial neural networks,
can learn from historical data to detect patterns associated with
malicious behavior. These models significantly improved detection
accuracy and provided better scalability, making them viable for real-
time implementation.

While Al-driven models deliver high accuracy, they often operate as
black boxes, offering little insight into their decision-making
processes. This opacity raises concerns in high-stakes environments
such as cybersecurity, where understanding the rationale behind a
model’s prediction is critical. Gupta and Verma (2022) explored this
issue and emphasized the importance of Explainable Al (XAl) in
fostering trust and accountability. They proposed the use of
interpretability tools like SHAP (SHapley Additive Explanations) and
LIME (Local Interpretable Model-agnostic Explanations) to visualize
and understand how features influence the model's output. By
adopting XAl methods, organizations not only improve trust in their
Al systems but also enhance auditability and regulatory compliance.

The proliferation of Internet of Things (10T) devices has introduced
new security challenges. These devices are typically resource-
constrained, lack built-in security mechanisms, and are often
deployed in large numbers—making them attractive targets for
attackers. Zhang and Park (2020) addressed this challenge by
developing an unsupervised learning-based IDS tailored for loT
networks. Their model employed clustering algorithms and
autoencoders to detect botnet behavior and unauthorized access in
both smart home and industrial settings. Their work highlighted the
potential of lightweight Al models that can be deployed at the
network edge, ensuring faster detection and reduced data transfer
overhead.

Another innovative approach gaining traction is the use of
Reinforcement Learning (RL) for adaptive intrusion detection.
Traditional ML models require periodic retraining to adapt to new
threats. However, RL algorithms can continuously learn and adjust
policies in response to environmental feedback. Patel and Sharma
(2021) implemented a deep reinforcement learning framework that
dynamically modified security policies based on real-time network
traffic. Their system was able to reduce false positives and improve
response time, showcasing RL’s potential in building autonomous and
proactive IDSs.

Despite these advancements, several challenges remain. One major
concern is computational efficiency. Al models, particularly deep
learning ones, often require substantial processing power and memory
resources that may not be readily available in all deployment
environments. This issue becomes more pronounced in edge computing
or loT settings. Researchers are actively exploring lightweight model
architectures, dimensionality reduction techniques, and efficient feature
selection to overcome this limitation.

Another critical challenge is class imbalance in datasets. Most publicly
available IDS datasets, such as NSL-KDD or CICIDS, are heavily
skewed toward certain types of attacks, making it difficult for ML
models to learn from rare but critical threats. Recent works have
proposed the use of Generative Adversarial Networks (GANSs) for data
augmentation, enabling the creation of synthetic yet realistic attack data
to balance the dataset. These techniques help improve the generalization
ability and reliability of the IDS.

Recent literature also highlights the importance of hybrid models that
combine the strengths of multiple algorithms. For instance, some
studies have integrated rule-based systems with ML classifiers, or
combined deep learning with traditional anomaly detection methods.
These ensembles tend to offer better accuracy and robustness compared
to standalone models. Moreover, federated learning has emerged as a
promising approach for privacy-preserving IDS. Instead of transferring
sensitive data to a central server, federated learning allows models to be
trained locally and only share model updates. This method is especially
beneficial in sectors like healthcare or finance, where data privacy is
paramount.

Despite their success, deep learning models are often criticized for
being "black boxes.” In high-risk applications like cybersecurity, it’s
essential to understand why a system flagged certain behavior as
malicious. Gupta and Verma (2022) investigated the role of explainable
Al (XAl) in IDSs, focusing on the interpretability of model decisions
using tools like SHAP and LIME. These tools allow security analysts to
trace the reasoning behind each prediction, improving the transparency
and trustworthiness of Al-driven security tools. Reinforcement
Learning (RL) offers a paradigm shift in how intrusion detection
systems can self-improve over time. Instead of static learning, RL
agents learn optimal policies through trial and error in a dynamic
environment. Patel and Sharma (2021) developed an RL-based IDS that
could automatically adjust firewall rules and security policies in
response to detected threats. This not only reduced the manual
intervention needed but also minimized false positives by constantly
adapting to traffic patterns.RL-based systems hold promise for
developing autonomous security architectures where IDS solutions
evolve in tandem with threat actors, thereby reducing the response time
to new attack vectors.
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With billions of connected devices, the Internet of Things (10T) has
become a major target for cybercriminals. 10T devices often lack
robust security features and have limited processing power, posing a
challenge for implementing complex ML models. Researchers have
proposed lightweight, edge-deployable IDSs tailored for such
scenarios. Zhang and Park’s (2020) unsupervised IDS model for IoT
environments achieved significant success by leveraging clustering
algorithms that require minimal computational resources. Their
model was effective in real-time monitoring of smart homes and
industrial 10T setups, detecting even subtle anomalies that traditional
IDSs often missed. Emerging research is also looking into federated
learning for 10T security, where models are trained locally on edge
devices and only share updated parameters, thus preserving user
privacy and reducing the risk of centralized data breaches.

A persistent problem in IDS development is the imbalance in public
datasets. Most datasets, like NSL-KDD, KDDCup99, and CICIDS,
are heavily skewed toward common attack types, while
underrepresenting newer or less frequent threats. This leads to biased
models that perform poorly on rare, high-impact attacks. To address
this, researchers are now using Generative Adversarial Networks
(GANs) and data augmentation techniques to synthesize realistic
attack samples. These synthetic datasets help improve generalization
and make the models more resilient in detecting zero-day attacks.
Moreover, feature engineering continues to play a crucial role.
Selecting relevant features, reducing noise, and minimizing
redundancy help in reducing computational load and improving
model performance, especially in real-time deployment scenarios.

11l PROBLEM STATEMENT

In the digital age, technology is advancing at an extraordinary rate,
reshaping industries, streamlining communication, and redefining the
way we live and work. However, this rapid technological evolution
also brings with it an equally dynamic and dangerous threat:
cybercrime. Cybercriminals are constantly refining their tactics,
employing sophisticated tools, Al-powered exploits, and social
engineering techniques to compromise digital systems. From small
businesses to multinational corporations and government agencies, no
entity is immune to the growing onslaught of cyber threats.
Organizations today face a wide spectrum of cyberattacks ranging
from ransomware, phishing, and distributed denial-of-service (DDoS)
attacks, to more advanced persistent threats (APTS), zero-day
exploits, and Al-enhanced breaches. These threats are not only more
frequent but also more intelligent, often evolving faster than
traditional cybersecurity systems can adapt. As a result, the traditional
defense mechanisms that once formed the backbone of enterprise
security including firewalls, antivirus software, and rule-based
Intrusion Detection Systems (IDSs) are no longer adequate to ensure
safety.

Conventional IDSs largely rely on static rule sets and predefined
signatures to detect malicious behavior. While these systems were
effective against known attack patterns, they fail to provide protection
against novel threats, particularly zero-day exploits. Such rigid
frameworks are ill-equipped to adapt to the fast-paced and ever-
changing threat landscape. As cybercriminals continuously devise
new methods to bypass traditional defenses, relying solely on
historical threat data leaves organizations exposed to previously
unseen vulnerabilities. Moreover, traditional IDSs are reactive rather
than proactive. They can only detect what they have been
programmed to recognize. This inability to generalize or learn from

new data is a critical shortcoming in today’s cybersecurity environment
where unknown threats often pose the greatest risk.One of the most
pressing challenges in existing IDS implementations is the high rate of
false positives. Security systems often generate large volumes of alerts
many of which turn out to be false alarms. While the intention is to flag
any suspicious behavior, this over-sensitivity overwhelms security
analysts and leads to what is commonly known as alert fatigue.

Alert fatigue can have dangerous consequences. When analysts become
desensitized to alerts due to their sheer volume or frequent irrelevance,
they may ignore or overlook genuine threats. This delays incident
response, increases the likelihood of successful breaches, and reduces
trust in the IDS infrastructure. A balance between sensitivity and
specificity is essential — and this is an area where traditional IDSs
typically fail. Zero-day vulnerabilities represent flaws in software or
hardware that are unknown to the vendor and therefore unpatched.
Attackers exploit these vulnerabilities before they are publicly disclosed
or fixed, making them extremely dangerous. Traditional IDSs, which
depend on known attack signatures, are inherently incapable of
detecting such exploits in real time.As the humber of zero-day attacks
continues to rise, organizations require IDS solutions that are capable
of identifying anomalous behavior — even when no known signature
or pattern exists. This necessitates a move toward intelligent, behavior-
based detection approaches such as those offered by machine learning.

Many security tools, particularly those performing deep packet
inspection and real-time analysis, demand substantial processing power
and memory. In high-traffic environments such as large-scale
enterprises or cloud data centers, this can lead to noticeable
performance degradation. In some cases, organizations are forced to
compromise between security and operational efficiency — a
dangerous trade-off. Traditional IDS systems are often not optimized
for performance, and scaling them up to handle modern traffic loads
requires expensive infrastructure upgrades. There is a growing need for
lightweight, intelligent IDS solutions that can offer robust protection
without draining system resources.The Internet of Things (1oT) has
revolutionized industries by enabling smart environments, but it has
also opened up new avenues for cyberattacks. loT devices are
frequently designed with minimal security considerations and often lack
firmware update mechanisms. Their limited processing power and
fragmented architecture make them difficult to secure using traditional
IDS frameworks. Furthermore, the sheer number of 10T devices — from
smart home gadgets to industrial control systems — has expanded the
attack surface exponentially. Many traditional IDSs are not equipped to
understand the diverse and high-volume traffic patterns generated by
10T ecosystems. As a result, these networks remain exposed to botnets,
malware, and coordinated attacks.

Another major issue is the **lack of adaptability** in legacy security
systems. Cyber threats today are not static — they are dynamic,
multifaceted, and capable of evading even advanced security protocols
through encryption, spoofing, and evasion techniques. Rule-based
systems do not evolve unless manually updated, making them
increasingly obsolete in environments that demand agility and real-time
adaptation. In contrast, Al-driven systems are capable of learning and
evolving. They can be trained to recognize unusual behaviors,
generalize from new attack vectors, and self-adjust to emerging threats
capabilities that are sorely lacking in conventional IDS deployments.
Modern organizations are not only seeking ways to detect attacks but
also to prevent them proactively. Traditional IDSs, while capable of
generating alerts, often lack integration with automated response
mechanisms. This gap delays the containment and mitigation of threats,
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allowing attackers to cause greater damage before any action is taken.
What is needed is a solution that not only detects threats in real time
but also facilitates immediate, context-aware response potentially
even at the hardware level. This level of automation and
responsiveness is critical in minimizing the impact of sophisticated
attacks. To address all of these issues, there is a clear need for an “Al-
driven Intrusion Detection System” is the one that integrates machine
learning, automation, and real-time responsiveness into a unified
framework. Such a system should be capable of learning from
historical and live network data, adaptes to new and unknown threats
without explicit reprogramming, minimizes false positives through
intelligent filtering and analysis, operates efficiently in high-traffic
and loT-driven environments. provides hardware-level alerting via
integrated components like ESP8266 and OLED displays.

This paper proposes the development and deployment of a
lightweight, scalable, and adaptive intrusion detection system that
leverages both supervised and unsupervised machine learning
techniques. By utilizing intelligent algorithms, the system can
dynamically adjust its detection criteria, reduce the load on human
analysts, and ensure robust cybersecurity even in rapidly changing
digital environments.

IV PROPOSED SYSTEM

The proposed Al-driven Intrusion Detection System (IDS) is
developed to overcome the inherent limitations of traditional security
frameworks, which often rely on static rule-based methods and
outdated signatures. By leveraging the power of machine learning,
real-time monitoring, and automated threat response mechanisms,
this system aims to deliver a comprehensive, scalable, and intelligent
security infrastructure suitable for both enterprise and loT
environments.

At the core of this IDS lies a multi-layered architecture consisting of
five main components: data collection, feature extraction, anomaly
detection, threat classification, and response mechanisms. Each layer
is designed to play a critical role in ensuring that the system can
continuously monitor network traffic, detect anomalies with high
precision, and respond to threats in real time.

The first layer, data collection, gathers a wide variety of data from
multiple sources, including network traffic logs, system logs,
application logs, and user activity records. These data points provide
a rich context for threat detection and include attributes like source
IP, destination IP, port numbers, packet size, time intervals between
requests, and access frequency. Collection is facilitated through
stream-based platforms such as Apache Kafka, enabling high-
throughput and real-time data ingestion. This broad and continuous
data acquisition forms the foundation upon which the system
performs its analytics.

Once data is collected, the feature extraction layer processes the raw
inputs and transforms them into a structured dataset suitable for
machine learning algorithms. Techniques such as Principal
Component Analysis (PCA) and Recursive Feature Elimination
(RFE) are used to reduce dimensionality and extract only the most
informative attributes. For example, PCA transforms the original
input matrix X into a set of orthogonal principal components Z using
the equation

Z=XW

Where, W represents the matrix of eigenvectors of the covariance
matrix of X. This not only improves computational efficiency but also
enhances model accuracy by eliminating noise and redundancy from the
data.

The third layer focuses on anomaly detection, utilizing unsupervised
learning algorithms that do not require labeled training data. Among the
methods implemented are K-Means Clustering, Isolation Forests, and
Autoencoders. K-Means aims to minimize intra-cluster distances using
the cost function

3 =3 i=1KY XECilIx—pill2

where each data point is assigned to the nearest cluster center. Isolation
Forests work by recursively partitioning the data and measuring the
average path length required to isolate a point, where anomalies tend to
have shorter paths. Autoencoders, a type of neural network, are trained
to reconstruct their input data.

Error(x)=IIx—x"2

When the reconstruction error exceeds a threshold, it signals an
anomaly. This multi-pronged approach ensures that the system can
detect both known and previously unseen attack patterns.

Following anomaly detection, the data is passed through the
classification layer, which employs supervised learning models to label
anomalies as either benign or malicious. The models used include
Random Forest, Support Vector Machines (SVM), and Deep Neural
Networks (DNNs). Random Forest uses an ensemble of decision trees
and classifies based on majority voting:

H(x)=majority_vote{h1(x),h2(x),...,hn(x)}

SVMs aim to find the optimal hyperplane that separates classes by
maximizing the margin between them, expressed as 2/||w|| under the
constraint

yi(wTxi+b)>1y i(wAT x_i+b) \geq lyi(wTxi+b)>1

DNNs use multiple hidden layers to capture complex patterns in the data
and are trained using backpropagation and optimizers like Adam. This
robust classification ensures high accuracy in flagging true threats while
minimizing false positives.

Upon classifying an event as malicious, the response and mitigation
layer triggers an automated series of actions. These include blocking
suspicious IP addresses, generating alerts on the admin dashboard,
logging the event with metadata for audit purposes, and sending real-
time visual alerts through OLED displays connected via
ESP8266/ESP32 Wi-Fi modules. These embedded components enable
immediate physical feedback in environments where administrative
oversight may not be constant, making the system well-suited for both
remote monitoring and on-site defense.

The entire system is implemented using a suite of open-source
technologies. Python serves as the primary programming language,
with libraries like Pandas, NumPy, Scikit-learn, TensorFlow, PyTorch,
and XGBoost handling data preprocessing, model training, and
evaluation. For real-time data handling, Apache Spark and Kafka are
used, ensuring scalability in large enterprise networks. 10T integration
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is achieved using the Arduino IDE and relevant libraries to configure
and control ESP modules and OLED displays.

In terms of hardware integration, the system supports seamless
connectivity between detection logic and IoT modules. The ESP8266
enables secure communication with the main server, while the OLED
acts as a local alert system that can display brief summaries such as
“Threat Detected,” “System Normal,” or “Isolating IP.”
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This fusion of intelligent software and interactive hardware allows the
IDS to bridge the gap between cyber and physical response systems.

The advantages of this Al-driven IDS are numerous. It is inherently
adaptive, capable of evolving its threat models as it encounters new
forms of malicious activity. It significantly reduces the rate of false
positives, which is a major pain point in traditional IDS deployments.
It is scalable across environments, from small office networks to large
cloud infrastructures. Most importantly, it can react autonomously to
threats in real time, minimizing the damage window and reducing
reliance on human intervention.

However, the system also faces challenges. Training and deploying
deep learning models require significant computational power, often
necessitating GPU or TPU acceleration. The process of collecting and
analyzing network data can raise privacy concerns, which must be
addressed with proper encryption protocols and adherence to data
protection regulations like GDPR. Furthermore, attackers may
attempt to use adversarial ML techniques to mislead the IDS,
necessitating regular retraining and model hardening.

Looking ahead, future enhancements will focus on integrating
blockchain technology for secure, tamper-proof threat logging and
information sharing. Additionally, the incorporation of explainable Al
(XAI) models will improve transparency in decision-making, helping
security analysts understand and trust the system's outputs. There is also
significant potential in expanding edge computing capabilities,
allowing IDS modules to be deployed closer to the source of data —
particularly useful in 10T environments where low-latency response is
critical.

In conclusion, the proposed system offers a powerful combination of
intelligence, automation, and responsiveness. Its integration of ML,
10T, and real-time analytics creates a robust defense mechanism capable
of meeting the demands of modern cybersecurity. With its ability to
adapt, scale, and respond autonomously, this IDS framework represents
a significant advancement over traditional security solutions.

V REGULATORY COMPLIANCE

Ensuring regulatory compliance is not just a technical requirement but
a legal and ethical responsibility for any cybersecurity solution. The
proposed Al-driven Intrusion Detection System (IDS) has been
developed with a strong emphasis on aligning with global data
protection standards, ensuring it can be safely deployed in enterprise,
healthcare, financial, and loT-driven environments. By integrating
compliance mechanisms into its design, the IDS not only provides real-
time threat detection but also assures that sensitive data is handled
lawfully and securely.

One of the primary frameworks guiding data protection worldwide is
the General Data Protection Regulation (GDPR). The GDPR sets forth
strict rules on data privacy, security, and individual rights concerning
personal data. The IDS supports GDPR compliance by incorporating
data minimization principles, ensuring that only the necessary security-
relevant data is processed. All sensitive data is protected using industry-
standard encryption algorithms, and access control mechanisms are in
place to prevent unauthorized access. Furthermore, the system
maintains detailed logs of all security events and accesses, supporting
auditability and breach reporting in line with Article 33 of GDPR.

For organizations operating in the healthcare domain, HIPAA (Health
Insurance Portability and Accountability Act) mandates secure
handling of Protected Health Information (PHI). The IDS supports
HIPAA requirements by implementing role-based access control
(RBAC), ensuring that only authorized healthcare professionals can
access medical data. All communications involving electronic health
records (EHRS) are encrypted both at rest and in transit. The system also
includes regular security assessment protocols to detect vulnerabilities
and enforce proactive protection. Audit trails are generated to meet
HIPAA'’s stringent breach notification and documentation standards.

Another critical standard, particularly for international and cross-
domain organizations, is ISO/IEC 27001, which defines the
requirements for an Information Security Management System (ISMS).
The Al-driven IDS aligns with ISO/IEC 27001 by offering continuous
monitoring, risk assessment frameworks, structured incident response
workflows, and routine compliance audits. These features allow
organizations to detect, respond, and document incidents within an
established governance structure, reducing the risk of regulatory
violations and data loss.
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In the financial sector, businesses are subject to the Payment Card
Industry Data Security Standard (PClI DSS) when handling
cardholder data. The IDS addresses PCI DSS compliance by
monitoring payment gateways in real-time and employing advanced
anomaly detection to flag suspicious financial transactions. It uses
strong encryption protocols to protect cardholder data and maintains
immutable logs of financial events for forensic analysis. This helps
mitigate the risk of fraud and supports organizations during PCl DSS
audits.

The system also adheres to the NIST Cybersecurity Framework,
which is widely adopted across public and private sectors. NIST
outlines best practices across five categories: Identify, Protect, Detect,
Respond, and Recover. The IDS supports this framework by
identifying system assets and threats through Al-powered profiling,
protecting data with encryption and access controls, detecting
anomalies using machine learning, responding with automated
mitigation, and recovering through backup and restoration plans. This
holistic integration ensures that security management is both
proactive and resilient.

To ensure ongoing adherence to these frameworks, the IDS includes
a robust compliance monitoring and audit trail system. All security
events, user interactions, and system responses are logged and
timestamped in a tamper-proof format. Administrators can access
compliance dashboards to review key metrics and generate audit-
ready reports. These tools make it easier to demonstrate adherence
during external audits, internal reviews, or investigations following a
security incident.

A visual overview of the IDS’s compliance alignment with regulatory
frameworks can be represented through a layered diagram showing
core protections (e.g., encryption, access control), mapped to each
standard like GDPR, HIPAA, PCI DSS, and NIST.

Data Encryption
GDlPR
HIPIAA

IS0/ IE(I': 21001
I

NIST Cybersecurity
Framework

Access Control »Eal8:E52«— Access Control

Regulatory Compliancee Layers

In summary, the proposed Al-driven IDS is built with compliance as
a core principle. It does not just defend against cyber threats but does

so in a way that respects privacy, upholds legal standards, and aligns
with recognized global regulations. This integration of legal
frameworks ensures that organizations can confidently secure their data
infrastructure without the risk of compliance failure, while continuing
to benefit from the power and flexibility of intelligent cybersecurity
solutions.

VI COMPARATIVE ANALYSIS

A thorough comparative analysis between Al-driven Intrusion
Detection Systems (IDSs) and traditional cybersecurity solutions
highlights the advantages of incorporating machine learning and
artificial intelligence into cybersecurity frameworks. This section
explores the performance, scalability, efficiency, and adaptability of Al-
driven IDSs compared to conventional security mechanisms.

Traditional 1DSs rely heavily on signature-based detection, meaning
they can only identify attacks that match pre-existing threat signatures.
This approach leaves a significant gap in detecting new, evolving, or
zero-day attacks. Al-driven IDSs, however, leverage supervised and
unsupervised machine learning algorithms, enabling them to learn from
data patterns and detect previously unseen threats.Studies have shown
that Al-based IDSs achieve an average detection accuracy of over 95%,
whereas traditional systems often struggle to exceed 80% accuracy due
to their reliance on predefined rules. Additionally, Al-driven systems
significantly reduce false positive rates, ensuring that security teams
focus on real threats rather than being overwhelmed by excessive alerts.

In designing a robust and effective Intrusion Detection System (IDS),
the choice of machine learning algorithms plays a critical role in
determining accuracy, efficiency, scalability, and adaptability.
Different models come with their own strengths and limitations,
especially when applied to the highly dynamic and data-intensive field
of cybersecurity. To identify the most appropriate model for our system,
a comparative analysis was performed among three popular classifiers:
Random Forest, Support Vector Machine (SVM), and Gaussian Naive
Bayes (GNB). These algorithms were evaluated based on multiple
metrics including accuracy, precision, recall, F1-score, training time,
and ability to handle imbalanced datasets.

The Random Forest Classifier is an ensemble learning method that
builds multiple decision trees and merges their outputs to improve
predictive performance. It is particularly robust in handling both
numerical and categorical data and can handle missing values with
minimal impact on performance. In our IDS implementation, Random
Forest showed high accuracy and low false positive rates. The model
achieved an accuracy of over 97% on the benchmark dataset (e.g.,
CICIDS2017), with strong generalization across both known and
previously unseen attack patterns. It also provided feature importance
rankings, which are useful in selecting the most relevant features for
future optimization.

Mathematically, Random Forest works by aggregating predictions from
individual trees:

H(x)=majority_vote{h1(x),h2(x),...,.hn(x)}

where each hi(x) represents an individual decision tree in the ensemble.
This technique reduces overfitting, which is a common issue in single-
tree models, while maintaining model interpretability.
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In contrast, the Support Vector Machine (SVM) is a powerful

algorithm known for its ability to perform well on smaller, high- Comparative Analysis
dimensional datasets. SVM finds the optimal hyperplane that best
separates the data into classes. It excels in binary classification tasks
and can be extended for multi-class scenarios. SVM achieved
approximately 94% accuracy in our IDS testbed. However, it required 100
considerable preprocessing, including normalization and scaling of
features. It also consumed more training time compared to Random 30
Forest, especially when handling large volumes of network data.

SVM maximizes the margin between two classes using the following 60
optimization:
40
Maximize 2/ [lwll subject to yi(wTxi+h)>1
2
This geometric margin maximization is what allows SVM to create
robust boundaries between malicious and normal network behavior,

but it comes with limitations when dealing with large and imbalanced Signature Anomaly Hybrid IDS  Al-driven
datasets. based IDS based IDS

120

o

o

The third algorithm, Gaussian Naive Bayes (GNB), is a probabilistic ® Precision M1 Score Accuracy

model based on Bayes' theorem. It assumes that the features are
normally distributed and conditionally independent given the class
label. Although this assumption is rarely true in real-world scenarios,
GNB often performs surprisingly well for baseline comparisons. In
our experiments, GNB had the fastest training time and lowest
computational cost. However, it lagged in accuracy and produced a
higher false positive rate, particularly when differentiating between
subtle attack behaviors and benign traffic. On average, it achieved an
accuracy of 88-90%, which is acceptable in resource-constrained
environments but insufficient for enterprise-grade deployment.

The evaluation also included metrics such as precision, recall, and F1-
score. Random Forest consistently delivered the best balance across
these metrics, while SVM showed slightly better precision but lower
recall in certain multiclass scenarios. GNB had high precision in benign
traffic detection but struggled with low recall on rare attack types,
making it less suitable for detecting zero-day or polymorphic threats.
From a resource efficiency standpoint, GNB required the least
computational power and training time, making it suitable for edge
deployments or lightweight loT nodes.

The model estimates probability using:

P(CKIx)=P(x)P(xICK)-P(CK)
ACCURACY | PRECISON F1 SCORE
where P(x|Ck) is calculated assuming feature independence and
Gaussian  distribution.  While this makes the algorithm
computationally efficient, it limits its capability in complex IDS
environments. RANDOM 97.5% 96.8% 95.9%
FOREST
SUPPORT
VECTOR
MACHINE 94.2% 93.5% 91.8%
[SVM]
GAUSSIAN
NAIVE
BAYES 88.3% 80.5% 82.5%
TABLE 1

Random Forest, while more demanding, remained within feasible limits
and was scalable for use in both cloud and enterprise networks. SVM,
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on the other hand, was the most resource-intensive during training,
especially with large feature sets and multiclass classifications.

Additionally, interpretability was considered as part of the
comparative analysis. Random Forest provided clear insights into
feature importance and decision boundaries, which is beneficial for
explainability and compliance in regulated sectors. SVM’s model is
harder to interpret, especially with kernel functions. GNB, while
mathematically simple, doesn’t offer much interpretability beyond
basic probabilities.

In conclusion, the comparative analysis clearly indicates that Random
Forest is the most effective model for the proposed IDS architecture.
It balances accuracy, speed, interpretability, and scalability. While
SVM is still a viable option for specific binary classification tasks, its
computational cost and complexity are limitations. Gaussian Naive
Bayes, though fast, should be reserved for basic deployments or as a

benchmarking model during  early  testing phases.
- Basic IDS
s Al-driven 1D
- - WL A | S
Accuracy Procizion Raecall Fil-Score

Future iterations of this system may explore hybrid models or model
ensembles, such as combining Random Forest with Deep Neural
Networks or integrating anomaly detection outputs with classification
layers. This would further strengthen the system’s detection
capabilities and allow it to handle an even broader spectrum of
cybersecurity threats with higher resilience and intelligence.

VIl RESULT AND DISCUSSION

The effectiveness of an Intrusion Detection System (IDS) is best
evaluated through empirical testing and real-world performance
metrics. To assess the reliability and efficiency of the proposed Al-
driven IDS, multiple experiments were conducted using benchmark
intrusion detection datasets such as NSL-KDD, CICIDS2017, and
customized subsets of traffic logs. The evaluation focused on several
critical dimensions: classification accuracy, false positive rate,
training time, resource efficiency, and the real-time responsiveness of
the hardware-integrated alerting mechanism. The core of the IDS is
built upon machine learning models trained on labeled and unlabeled
network traffic data. Among the models tested Random Forest,
Support Vector Machine (SVM), and Gaussian Naive Bayes (GNB)
the Random Forest classifier demonstrated the most consistent and
reliable performance. Random Forest achieved an overall accuracy of
97.3%, with a precision of 96.8%, recall of 97.1%, and an F1-score
of 96.9%. These metrics indicate the model's strong ability to
distinguish between normal and malicious behavior with minimal
false alerts. The ensemble nature of Random Forest, which aggregates
the decisions of multiple trees, also provided robustness against
overfitting and variability in attack patterns.

In contrast, SVM achieved 94% accuracy, showing high precision in
detecting known attacks but slightly lower recall for rare or evolving
threats. This resulted in some missed detections, especially for zero-day
attacks. Gaussian Naive Bayes, while fast and efficient, lagged behind
with an accuracy of approximately 89%, making it less suitable for
high-stakes enterprise environments where every detection counts.

One of the most common challenges with intrusion detection systems is
managing the rate of false positives. Traditional IDSs often overwhelm
administrators with excessive alerts, many of which turn out to be false
alarms a condition known as alert fatigue.

The proposed Al-based IDS successfully addressed this issue. The false
positive rate for Random Forest was reduced to under 2.5%, a
significant improvement compared to over 10% observed in baseline
models. This enhancement was achieved through intelligent feature
selection, balanced training data, and model optimization. The low false
alert ratio enabled administrators to focus only on genuine threats,
streamlining incident response and improving overall security posture.

Each model was evaluated for its computational efficiency, a key factor
when deploying IDSs in real-time environments. Gaussian Naive Bayes
had the fastest training time under 5 seconds due to its simplistic
probabilistic nature. SVM required nearly 2025 seconds for training,
mainly due to kernel computations and the need to process high-
dimensional data.

Random Forest struck a balance with a moderate training time of 10-12
seconds, while offering better performance across all key metrics. It
scaled well even with large datasets and was found suitable for
deployment in both cloud-based and local network infrastructures.
Additionally, the model’s ability to perform incremental learning with
new data made it a long-term viable option.

Beyond software-level accuracy, a significant innovation in this project
was the integration of hardware-based real-time alerts using ESP8266
microcontrollers and OLED displays. These components were
configured to receive threat notifications from the IDS system and
immediately display visual cues — such as “Threat Detected,”
“Normal,” or “System Compromised” — depending on the nature of
the event.

In testing scenarios, the hardware responded to IDS outputs with an
average delay of less than 2 seconds, enabling near-instant physical
alerts. This is especially valuable in isolated or 10T environments where
security personnel may not be actively monitoring a screen but still
require real-time incident awareness.

The display updates were triggered through secure MQTT protocols
over Wi-Fi, and the entire system was built to function autonomously.
The OLED modules displayed threat categories, timestamps, and brief
summaries of malicious activity. This real-world integration bridged the
gap between backend intelligence and front-end responsiveness.

When benchmarked against a rule-based IDS like Snort, the proposed
Al-driven system outperformed it in several dimensions. While Snort is
known for its robustness and signature database, it failed to detect
unknown attacks and exhibited a higher false positive rate (close to
15%). In contrast, the Al-based IDS maintained lower alert noise,
identified novel attacks, and adjusted itself dynamically using retraining
and feedback loops. Snort also lacked built-in hardware integration or
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any form of smart alerting system, while the proposed IDS
demonstrated end-to-end security — from data ingestion and analysis
to automated alerting and visual feedback.

To visually understand model performance, comparative bar charts
and confusion matrices were generated. These graphs highlighted
Random Forest’s dominance across most performance metrics,
showing minimal confusion between classes, even in multiclass
detection setups involving DoS, phishing, and malware events.

Confusion Matrix

04 Normal 1535 5 6
2 2{ DoS 459 18 10
o
@
= .

g4 Probing 97 8 1

44 U2R 64 2 0

Nor'mal Dv:')S . Prot'>ing | U:?R

Predicted label

TABLE 2

The final tests involved simulating network conditions with different
traffic loads. The system handled upto 10,000 packets per second on
a mid-tier server without noticeable delays or system strain. This
scalability indicates strong potential for deployment in cloud-based
infrastructures, smart factories, academic institutions, and loT-
controlled environments. The inclusion of lightweight models like
GNB for smaller deployments (e.g., smart homes) and robust models
like Random Forest or even hybrid DL architectures for enterprise use
cases makes the system adaptable to varying operational scales.

The evaluation confirms that the Al-driven IDS meets and exceeds
expectations in terms of accuracy, speed, adaptability, and
practicality. The inclusion of real-time alerting through hardware
modules sets this system apart from many academic prototypes and
commercial tools that rely solely on backend detection. By combining
machine learning intelligence with loT-driven feedback, the proposed
system achieves a highly secure, scalable, and responsive intrusion
detection solution capable of evolving alongside modern cyber
threats.

VIl CONCLUSION & FUTURE SCOPE

In an era where digital infrastructure is the backbone of every
industry, cybersecurity has become not just a technical necessity but
a critical pillar of organizational resilience. This project set out to
develop an Al-driven Intrusion Detection System (IDS) that
addresses the limitations of traditional security mechanisms and
brings automation, intelligence, and adaptability into real-time threat
detection. The proposed system integrates machine learning

algorithms such as Random Forest, Support Vector Machines, and
Autoencoders, with a layered architecture capable of data collection,
feature extraction, anomaly detection, classification, and automated
response. These capabilities are further enhanced through integration
with 10T hardware, including ESP8266 and OLED modules, enabling
real-time visual alerting and fast decision-making even at the edge.

Through extensive experimentation and analysis, the system
demonstrated high accuracy (97%+ with Random Forest), low false
positive rates, and efficient resource utilization. Comparative analysis
confirmed that the Al-based models significantly outperform
conventional rule-based IDSs in detecting both known and unknown
threats, especially in dynamic and high-traffic network environments.
What sets this system apart is not only its intelligent backend but its
real-world applicability. From instant OLED alerts to automated IP
blocking, the solution bridges the gap between theoretical research and
practical deployment making it suitable for enterprise networks, cloud
architectures, smart cities, and even loT-controlled environments.
Furthermore, the IDS is built with regulatory compliance** in mind,
aligning with global frameworks such as GDPR, HIPAA, PCI DSS,
ISO/IEC 27001,and NIST. The inclusion of features such as data
minimization, encrypted storage, audit trails, and compliance
dashboards ensures that the system does not just secure data, it does so
lawfully and ethically.

While the project achieved its objectives, it also revealed areas for
future development. The system currently relies on centralized training,
which could be improved with federated learning for distributed
environments. Integrating blockchain for secure, tamper-proof logging
is another promising avenue. Furthermore, adding Explainable Al
(XAI) would enhance transparency, particularly in sectors that require
explainability and trust. In conclusion, the Al-driven IDS developed in
this project is a comprehensive, intelligent, and scalable solution that
meets the demands of modern cybersecurity. It is capable of evolving
with emerging threats, adapting to new environments, and supporting
proactive defense strategies across diverse applications. This work not
only contributes to academic research in cybersecurity but also provides
a foundation for real-world innovation that can help protect our digital
world.
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