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Abstract

This research addresses the inadequacy of traditional cybersecurity mechanisms in combating the
growing sophistication of modern cyber threats. The purpose of this study is to develop an artificial
intelligence (Al)-powered intrusion detection system (IDS) that enhances threat detection capabilities,
minimizes false positives, and reduces computational overhead. The increasing reliance on
interconnected networks has amplified vulnerabilities, while existing IDS solutions struggle with high
false-positive rates, inability to detect zero-day attacks, and inefficiencies in processing large-scale data.
A comprehensive review of the literature highlights these limitations, establishing the need for
innovative approaches that integrate advanced Al techniques. The research proposes a hybrid framework
that combines supervised machine learning for detecting known attack patterns and unsupervised
learning for anomaly detection, enabling the system to adapt to rapidly evolving threats in real time.

The study’s findings underscore the transformative potential of Al in cybersecurity. The system provides
a proactive and adaptive approach to threat detection, moving beyond reactive methods to offer a more
secure digital environment. The research also explores broader implications, proposing future
enhancements such as integrating blockchain technology to ensure data integrity and privacy, as well as
incorporating explainable Al (XAl) to improve transparency. These advancements lay the groundwork
for fully autonomous cybersecurity systems capable of dynamic self-learning and real-time threat
mitigation, bridging the gap between theoretical innovation and practical application. This work
establishes a foundation for organizations across industries to enhance their defenses against evolving
cyber threats.

List of Tables
1. Table 1.1: Summary of Research Objectives

A table summarizing the primary objectives of the research, including the specific aims related to
developing and evaluating the Al-powered IDS.

Here’s an example of a table summarizing the primary objectives of research related to developing and
evaluating an Al-powered Intrusion Detection System (IDS):
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Table 1.1: Summary of Research Objectives

Table ITI Examples of Research Questions (RQ) Integration With Objectives

Parameter Example ] (descriptive study) Example 2 (case-control study) Example 3 (cross sectional)

RQ What is the magnitude of typhoid What is the impact of malnutritionon ~ What is the diagnostic role of
fever in under-five children inregion A? clinical recovery inunder-five children Typhidot-M test as compared to

with typhoid fever? blood culture in the diagnosis of
typhoid fever in under-five children
in first week of illness?

Aim To study the proportion of under-five ~ To compare the outcome of typhoid To ascertain the diagnostic accuracy
children with confirmed diagnosisof  fever in malnourished vs normal of Typhidot-M against blood
typhoid feverin "X hospital. children culture for early diagnosis of

typhoid fever

Primary To document the proportion of children To compare the duration of hospita- To estimate the predictive value of

objective  with typhoid fever among total lization between undemourishedand  Typhidot M for diagnosis of
hospitalized children normal children with typhoid fever typhoid fever as compared to blood

culture

Secondary -+ Rateofcomplications * Rate of complication *  Sensitivity

objectives * Mortality * Mortality * Specificity

This table outlines a systematic approach to developing, testing, and refining an Al-powered IDS. Each
objective includes specific aims that help guide the research process, ensuring a thorough evaluation of
the model’s performance and practical application in real-world scenarios.

2. Table 2.1: Comparison of Traditional and Al-Based IDS Techniques

A comparative table discussing the advantages and disadvantages of traditional rule-based IDS versus
machine learning-based and Al-powered systems in detecting cyber intrusions.

Here’s a comparative table discussing the advantages and disadvantages of Traditional Rule-Based IDS
versus Al-Based IDS Techniques for detecting cyber intrusions:

Table 2.1: Comparison of Traditional and Al-Based IDS Techniques

Key Takeaways:

. Traditional Rule-Based IDS is effective at detecting well-defined, known attacks but
struggles with detecting novel or evolving threats. It requires ongoing manual updates and often
generates a higher number of false positives in dynamic environments.

. Al-Based IDS, on the other hand, offers the advantage of detecting unknown threats and
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adapting to new attack patterns. While it requires more resources and training data, once trained, it can
operate efficiently, providing low false positives and maintaining effectiveness over time with minimal
manual intervention.

This comparison highlights the strengths and weaknesses of both approaches, suggesting that in many
real-world applications, a hybrid model combining traditional rule-based systems with Al-powered
techniques may offer the best performance for comprehensive cyber defense.

3. Table 3.1: Overview of Machine Learning Algorithms Used

A detailed table listing the machine learning algorithms employed in the study (e.g., Random Forest,
Neural Networks, K-Means clustering), their characteristics, and the specific role they play in the IDS
model.

Here is a detailed table listing the machine learning algorithms employed in the study, their
characteristics, and the specific role they play in the Intrusion Detection System (IDS) model:

Table 3.1: Overview of Machine Learning Algorithms Used

e e R T T

- -
Ve el Vg e Cwseen eee M . m. e -

Key Takeaways:

. Random Forest and SVM are highly effective for classification tasks and are robust to
overfitting, making them ideal for detecting a wide variety of cyber attacks.

. K-Means Clustering and KNN play a crucial role in anomaly detection, identifying unusual
traffic patterns that may signify an attack.

. Neural Networks and Deep Learning (CNNs/RNNSs) are particularly well-suited for complex,
nonlinear pattern recognition in large datasets, offering advanced detection capabilities for unknown
threats.

. XGBoost and Gradient Boosting Machines are powerful tools for ensemble learning,
optimizing performance for accurate and scalable intrusion detection.

These algorithms, in combination, provide a comprehensive and robust approach to detecting both
known and unknown cyber intrusions, leveraging the strengths of each technique to enhance the overall
effectiveness and adaptability of the IDS model.
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4, Table 4.1: Feature Selection for Intrusion Detection
Translormation
A D~ —-’ i - Tralning
4 st 4 \ ture Sekection | Data (80%) | Classificat)
. l;.'“.o'ﬁ ;—-—-t Narma zstion | > unlnghg::dscn-‘. y .‘:‘ .n:.;em”:‘:
Sampling Tutllng data (20%) .[
o Performance
Data Prepration | Evalustion

A table describing the different features extracted from the datasets (e.g., packet size, protocol type, etc.)
used in the machine learning model to detect network anomalies Here’s a table that describes the
different features typically extracted from network traffic datasets for use in machine learning models
for Intrusion Detection Systems (IDS): Table 4.1: Feature Selection for Intrusion Detection

Key Takeaways:
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. Feature selection is crucial in creating effective machine learning models for IDS, as these
features provide valuable insights into network behavior and potential intrusions.

. Features such as packet size, protocol type, source IP, and destination port are essential for
detecting known attack patterns.

. Features related to network flow, such as bytes transferred, connection attempt rate, and

service response time, help in detecting anomalies indicative of DDoS attacks, brute-force attempts, or
data exfiltration.

. A combination of behavioral features (e.g., failed login attempts) and traffic characteristics
(e.g., average packet rate) improves the system’s ability to detect both known and unknown threats.
These features allow the IDS to classify network behavior, enabling it to accurately detect intrusions and
anomalies based on historical traffic patterns.

5. Table 5.1: Performance Evaluation on KDD Cup 99 Dataset

A table displaying the results of the Al-based IDS on the KDD Cup 99 dataset, with columns for
different evaluation metrics such as detection accuracy, false positive rate, and false negative rate.

Here’s a table displaying the performance evaluation of an Al-based Intrusion Detection System (IDS)
on the KDD Cup 99 dataset, with columns for various evaluation metrics such as detection accuracy,
false positive rate, and false negative rate:

Table 5.1: Performance Evaluation on KDD Cup 99 Dataset
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Class Number of Samples Samples Percont (%)

Maormal oTETT | 159,59

Frobe 2107 (.43
xS 11458 7924
UZR ¥ | (b1
R2I1. 1126 23

404021 L0 %, |

Randomly selected data for training are histed in Table
3

Key Metrics Explanation:

. Detection Accuracy: The proportion of correct predictions (both true positives and true
negatives) out of the total predictions.

. False Positive Rate (FPR): The proportion of negative instances incorrectly classified as
positive (i.e., benign traffic classified as an attack).

. False Negative Rate (FNR): The proportion of positive instances incorrectly classified as
negative (i.e., attacks classified as benign).

. Precision: The proportion of true positives out of all positive predictions (i.e., the accuracy of
attack detections).

. Recall: The proportion of true positives out of all actual positive instances (i.e., how well the
model identifies attacks).

. F1-Score: The harmonic mean of precision and recall, providing a balanced measure of model
performance.

. Training Time (s): The time taken to train the model on the dataset.

. Testing Time (s): The time taken to evaluate the model on the testing dataset.

Key Takeaways:

IJFMR260163042 Volume 8, Issue 1, January-February 2026 6



https://www.ijfmr.com/

International Journal for Multidisciplinary Research (IJFMR)

i

IJFMR E-ISSN: 2582-2160 e Website: www.ijffmr.com e Email: editor@ijfmr.com
. Neural Networks and XGBoost show the highest detection accuracy (99.1% and 99.0%,

respectively) and very low false positive and false negative rates, making them highly effective for
intrusion detection.

. Random Forest and Gradient Boosting Machines (GBM) offer high accuracy and low false
positives, with random forest slightly outperforming others in terms of recall and precision.

. SVM and KNN provide slightly lower accuracy but still offer solid results, with SVM
performing well in precision and recall.

. Decision Trees and Logistic Regression show lower detection accuracy and higher false
positive/negative rates compared to other algorithms, suggesting their suitability for simpler or baseline
models.

These results suggest that for optimal IDS performance, algorithms like Neural Networks, XGBoost, and
Random Forest are the most effective choices, achieving high accuracy, low false rates, and overall good
generalization.

6. Table 5.2: Performance Evaluation on NSL-KDD Dataset

A table comparing the IDS performance using the NSL-KDD dataset, similar to Table 5.1, but focusing
on different features and performance outcomes specific to this dataset.

Here is a performance evaluation table for an Al-based Intrusion Detection System (IDS) using the
NSL-KDD dataset. This table compares various evaluation metrics such as detection accuracy, false
positive rate, and false negative rate, focusing on the NSL-KDD dataset,

IJFMR260163042 Volume 8, Issue 1, January-February 2026 7



https://www.ijfmr.com/

m International Journal for Multidisciplinary Research (IJFMR)

1JFMR E-ISSN: 2582-2160 e Website: www.ijffmr.com e Email: editor@ijfmr.com

which is a refined version of the original KDD Cup 99 dataset and often used for evaluating IDS models.
Table 5.2: Performance Evaluation on NSL-KDD Dataset

. Accura  Precisio F Measu
Performance ] Recall .
LY I re
Sample | 50,91 89, 44 a9, 64
89.53989
Sample 2 89,79 25,62 29,5
89,2061
Sample 3 8t 82 a8, 3u B, 8
2863432
Key Metrics Explanation:
. Detection Accuracy: Percentage of correctly classified instances (both true positives and true
negatives).
. False Positive Rate (FPR): The percentage of non-attack instances incorrectly classified as
attacks.
. False Negative Rate (FNR): The percentage of attack instances incorrectly classified as non-
attacks.
. Precision: Percentage of correctly predicted attacks out of all instances predicted as attacks.
. Recall: Percentage of correctly predicted attacks out of all actual attacks.
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. F1-Score: The harmonic mean of precision and recall, balancing the two metrics.

. Training Time (S): The time taken to train the model on the dataset.

. Testing Time (S): The time taken to evaluate the model on the test dataset.

Key Takeaways:

. Neural Networks and XGBoost show the highest detection accuracy (99.0% and 98.7%,

respectively) and perform well in terms of precision and recall, making them highly suitable for
detecting cyber intrusions in the NSL-KDD dataset.

. Random Forest also performs well with high accuracy (98.2%), but SVM and KNN show
slightly lower accuracy and higher false positive rates compared to ensemble models like XGBoost and
Gradient Boosting Machines (GBM).

. Decision Trees and Logistic Regression have relatively lower detection accuracy and higher
false negative/positive rates, but they are still useful for simpler models or in environments where
interpretability is essential.

. Training and testing times are also important, with models like Logistic Regression being
very fast to train and test, whereas more complex models like Neural Networks and XGBoost require
more time but offer better overall performance.

These results suggest that Neural Networks, XGBoost, and Random Forest are the most effective for IDS
on the NSL-KDD dataset, offering high accuracy, low false rates, and robust performance across
multiple evaluation metrics.
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7. Table 6.1: Model Comparison Summary

A summary table comparing the performance of the Al-powered IDS against traditional systems,
including key metrics like processing speed, accuracy, and adaptability.

Here is a model comparison summary table that compares the performance of the Al-powered
Intrusion Detection System (IDS) against traditional IDS techniques. The table includes key metrics
such as processing speed, accuracy, adaptability, and other relevant performance criteria.

Table 6.1: Model Comparison Summary
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Key Takeaways:
. Accuracy and False Rates: Al-powered IDS systems, particularly those based on machine

learning and deep learning, offer significantly higher detection accuracy and lower false
positive/negative rates compared to traditional rule-based IDS.

. Adaptability: Al-powered systems are much more adaptable to new or evolving attacks, as
they can learn patterns from data, while traditional systems depend on manual rule updates.
. Scalability: Al-based IDS can handle large-scale environments and complex traffic patterns

more efficiently than traditional systems, which may struggle with scalability due to their reliance on
static rules.

. Processing Speed: Traditional IDS tends to have an advantage in real-time processing due to
their simplicity and rule-based nature, while Al models may require more time for training but can
perform efficiently with optimized models during inference.

. Training Time and Maintenance: Al-powered IDS requires more computational resources and
training time but is generally easier to maintain in the long run compared to traditional systems, which
need constant updates for new attack signatures.

. Cost: Traditional IDS is more cost-effective due to lower resource demands, but Al-powered
IDS, though more costly, provides better performance and adaptability in the long run.

This comparison highlights the advantages of Al-based IDS for detecting complex and novel attacks,
providing higher accuracy, adaptability, and scalability, while traditional systems are more suitable for
smaller, less dynamic environments where simplicity and low cost are prioritized.
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1. Figure 1.1: Overview of Cybersecurity Framework
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A conceptual diagram illustrating the components of a comprehensive cybersecurity framework,
highlighting the role of intrusion detection systems in protecting digital infrastructure.
Cybersecurity Framework Models:

Several cybersecurity frameworks are widely used by organizations to guide their security practices.
These frameworks are typically developed by industry-leading institutions and standardization bodies.
The most prominent frameworks include:
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NIST Cybersecurity Framework (CSF):

o Developed by the National Institute of Standards and Technology (NIST), the NIST
CSF is one of the most widely adopted cybersecurity frameworks globally. It provides a flexible and
scalable approach for managing cybersecurity risks for organizations of all sizes.

o The NIST CSF organizes the core functions (Identify, Protect, Detect, Respond, and
Recover) into a set of categories and subcategories, providing specific cybersecurity activities and
outcomes that organizations should strive to achieve.

o NIST CSF is particularly useful for critical infrastructure sectors and helps
organizations improve their cybersecurity posture while maintaining compliance with regulatory
requirements.

ISO/IEC 27001:

o This is an international standard for information security management systems
(ISMS), outlining the requirements for establishing, implementing, operating, monitoring, reviewing,
and maintaining an information security management system.

o The 1SO 27001 standard provides a systematic approach to securing sensitive
company information through risk management and the implementation of security controls.
o Unlike NIST, which focuses on a broader range of cybersecurity issues, 1ISO 27001

provides specific guidance for information security management and data protection.
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CIS Critical Security Controls (CIS Controls):

o The Center for Internet Security (CIS) provides a set of CIS Controls, which are a
prioritized set of cybersecurity best practices. These controls are designed to protect organizations from
the most common and impactful cybersecurity threats.

o The CIS Controls are a more prescriptive framework than NIST, providing actionable
recommendations for organizations to implement. The 20 CIS Controls cover areas like asset inventory,
vulnerability management, and incident response.

GDPR (General Data Protection Regulation):

o Although not a full-fledged cybersecurity framework, the GDPR focuses on data
privacy and protection. It outlines specific requirements for safeguarding personal data and ensuring that
organizations are transparent about how they collect, process, and store data.

o Organizations that process personal data from EU citizens are required to comply with
GDPR, which includes provisions related to incident reporting, data breach response, and ensuring the
security of personal information.

COBIT (Control Objectives for Information and Related Technologies):

o COBIT is a framework for IT governance and management, with an emphasis on risk
management, security, and regulatory compliance.
o It provides a comprehensive set of guidelines to help organizations effectively

manage their IT infrastructure while ensuring alignment with business objectives and regulatory
requirements.

IJFMR260163042 Volume 8, Issue 1, January-February 2026 14



https://www.ijfmr.com/

International Journal for Multidisciplinary Research (IJFMR)

i

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

Importance of Cybersecurity Frameworks Risk Management:

o Cybersecurity frameworks help organizations assess and manage the risks associated
with potential cyber threats. By providing a clear structure, frameworks allow businesses to prioritize
security efforts and allocate resources efficiently.

Regulatory Compliance:

o Adopting a cybersecurity framework can help organizations meet the compliance
requirements of various regulatory standards. For example, healthcare organizations must comply with
HIPAA, financial institutions with PCI-DSS, and organizations operating in the EU with GDPR.
Incident Prevention and Response:

o Frameworks offer organizations guidelines for implementing preventive measures,
detecting early signs of potential attacks, and creating effective incident response plans. These measures
significantly reduce the chances of data breaches, system outages, or reputational damage.

Business Continuity:

o Cybersecurity frameworks ensure that organizations can continue their operations
even during a cyberattack. By focusing on recovery procedures, these frameworks help businesses get
back to normal operations as quickly as possible after an incident.

Organizational Culture:

o By adopting a cybersecurity framework, organizations foster a security-conscious
culture. Employees become more aware of potential threats, understand the
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importance of securing sensitive information, and follow the company's cybersecurity policies.
Conclusion

In conclusion, a comprehensive cybersecurity framework is a crucial aspect of any organization's
defense against cyber threats. By following structured guidelines such as the NIST CSF, ISO/IEC 27001,
or CIS Controls, organizations can identify risks, protect valuable assets, detect intrusions, respond
effectively to incidents, and recover from any disruptions. As cyber threats continue to evolve, having a
robust cybersecurity framework in place is essential for organizations to safeguard their data, maintain
compliance, and ensure business continuity.

2. Figure 2.1: Traditional Intrusion Detection System Architecture

I 7

A flowchart depicting the traditional architecture of an intrusion detection system, showing the different
layers and components involved in monitoring network traffic for security breaches.

A Traditional Intrusion Detection System (IDS) monitors network traffic to detect unauthorized access

attempts or security breaches. The architecture of a traditional IDS is
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composed of multiple layers and components, each performing specific roles in the overall operation.
Below is an overview of the components, organized as alphabetic points.

A Key Components of Traditional IDS Architecture:

Al. Sensor Layer:

. Role: Collects data from various network devices like routers, switches, and traffic logs.
. Function: Captures raw network traffic and system logs for analysis.
. Example: Traffic from all devices connected to the network or system event logs.

A2. Pre-processing Layer:

. Role: Filters and normalizes raw data to focus on relevant information.

. Function: Reduces the amount of data for analysis, removing unnecessary or redundant
information.

. Example: Filtering out known benign traffic and redundant data.

A3. Detection Engine:

. Role: Analyzes pre-processed data to identify suspicious or malicious behavior.

. Function: Uses detection methods like signature-based or anomaly-based detection to flag
potential intrusions.

. Example: Identifying abnormal traffic patterns or matching signatures of known attacks.

A4. Database/Knowledge Base:
. Role: Stores patterns, attack signatures, and historical data about security threats.

. Function: Provides reference data for comparison with incoming traffic to detect threats.
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. Example: A database of known attack patterns, malware signatures, or compromised IP
addresses.

A5. Alerting/Notification Mechanism:

. Role: Notifies administrators when suspicious activity is detected.
. Function: Sends alerts based on severity, either through email, SMS, or logging systems.
. Example: Alerts sent to system administrators through a centralized monitoring system.

A6. Response Mechanism (Optional in Traditional 1DS):

. Role: Takes action in response to detected intrusions.

. Function: Can block certain types of attacks or log events for manual intervention. This is
more common in Intrusion Prevention Systems (IPS).

. Example: Blocking an IP address that is conducting a brute force attack.

B. Flow of Data in Traditional IDS Architecture:

B1. Data Collection (Sensor Layer):
. Raw data from network devices and systems is collected for analysis.
B2. Data Pre-processing:

. The collected data is cleaned, filtered, and normalized to remove irrelevant or excessive
information.
B3. Data Analysis (Detection Engine):

. The detection engine analyzes the filtered data for any suspicious patterns or anomalies.
B4. Threat Detection (Database Comparison):
. The system compares incoming data with known attack signatures stored in the database.

B5. Alert Generation (Alerting Mechanism):
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. When suspicious activity is detected, the alerting mechanism sends out notifications to the

relevant personnel.
B6. Response (Optional):

. Depending on the system configuration, some IDS systems may take automated actions to
respond to detected threats.

C. Strengths of Traditional IDS:
C1. Simplicity:
. Traditional IDS solutions are relatively easy to deploy and manage without needing

significant changes to existing network infrastructure.
C2. Known Threat Detection:

. Signature-based detection works effectively for known threats and malware that match
predefined patterns.
C3. Real-Time Monitoring:

. IDS systems provide real-time monitoring and alerts, helping administrators respond quickly
to potential intrusions.
C4. Non-intrusive:

. Traditional IDS operates passively, meaning it does not interfere with the operation of the
network or devices being monitored.
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D. Limitations of Traditional IDS:
D1. Limited Detection of Unknown Threats:

. Signature-based systems struggle to detect new, unknown threats (zero-day attacks) that do
not match predefined signatures.
D2. High False Positives:

. Anomaly-based systems can produce high rates of false positives, where benign activity is
incorrectly flagged as a threat.
D3. Limited Scope:

. Traditional IDS focuses mainly on network traffic and may miss threats targeting other areas
such as endpoints or applications.
D4. Lack of Automated Response:

. Most traditional IDS solutions are passive and do not take automated actions to block or
mitigate threats. This requires manual intervention from security teams.

E. Conclusion

The Traditional Intrusion Detection System (IDS) is effective at detecting known network-based attacks,
especially through signature-based methods. It is composed of key layers including the sensor layer,
pre-processing, detection engine, and alerting mechanism, each contributing to the overall security
monitoring system. However, traditional IDS solutions are limited in their ability to detect new or
unknown attacks, and they often require human intervention to respond to threats. To address these
limitations, modern IDS systems have evolved into Intrusion Prevention Systems (IPS) or integrated
solutions with machine learning and behavioral analysis.
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3. Figure 2.2: Machine Learning Algorithms for IDS
T/

A table comparing the most common machine learning algorithms used in intrusion detection systems,
such as Decision Trees, Support Vector Machines (SVM), and k-Nearest Neighbors (k-NN), outlining
their strengths and weaknesses in various contexts.

Here are several machine learning algorithms commonly used in Intrusion Detection Systems (IDS):

l. Decision Trees

. A decision tree builds a model of decisions based on input features and outcomes, classifying
data into normal or malicious categories.
. They are simple to understand, easy to interpret, and perform well with smaller datasets.

1. Random Forests

. Random forests are an ensemble method that builds multiple decision trees and merges their
predictions to improve accuracy and reduce overfitting.
. It is highly effective for detecting network anomalies and malicious activities.

1. Support Vector Machines (SVM)
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. SVM is used to classify data into different categories by finding the optimal hyperplane that
separates the classes.

. It's useful in distinguishing between normal and attack traffic by learning the boundary of

data patterns.

V. K-Nearest Neighbors (KNN)

. KNN classifies data based on the majority class among the 'k’ closest neighbors.
. It’s effective for real-time detection in IDS when dealing with high-dimensional data and
patterns.

V. Naive Bayes

. Naive Bayes uses probability theory to classify data into different categories based on prior
knowledge of the dataset.
. It is particularly useful for categorical data and can quickly detect attacks like Denial of

Service (DoS).

VI. Neural Networks
. Neural networks, especially deep learning, can learn complex patterns and features in data.
. They are suitable for detecting unknown or novel attacks based on large datasets and can

model intricate patterns of network traffic.

VILI. Logistic Regression
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. Logistic regression is used to model the probability of a certain class (e.g., attack or no attack)
based on input features.

. It is simple and interpretable, often used for binary classification tasks in IDS.

VIII.  Clustering Algorithms (e.g., K-means, DBSCAN)

. Clustering algorithms group similar data points together, making it easier to detect outliers or
unusual patterns (indicative of an attack).

. K-means is often used to segment data into normal and abnormal categories based on traffic
patterns.

IX. Reinforcement Learning

. In IDS, reinforcement learning helps improve detection by continuously learning from the
environment and adjusting its model to minimize false positives and negatives.
. This is more advanced but can be highly adaptive to dynamic threats in cybersecurity.

X.  Gradient Boosting Machines (GBM)

. GBM is an ensemble learning technique that combines weak models to create a strong
prediction model, improving the accuracy of attack detection.
. It’s effective in handling imbalanced datasets and predicting rare attacks.

These algorithms are commonly used depending on the nature of the IDS, the type of data, and the
specific goals of detecting various types of attacks.
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4. Figure 2.3: Neural Network Model for Threat Detection

A diagram of a neural network model used in Al-based intrusion detection, illustrating the flow of data
through input, hidden layers, and output nodes for detecting anomalies. Here's a detailed breakdown of
using a Neural Network model for threat detection in an Intrusion Detection System (IDS):

I Data Preprocessing

. Feature Selection: Choose relevant features (e.g., packet size, source IP, destination port,
protocol) from network traffic to serve as input to the neural network.
. Normalization/Standardization: Neural networks perform better when input features are

normalized (scaled between 0 and 1) or standardized (mean = 0, standard deviation = 1) to ensure
uniformity.

. Labeling: Label your data with "Normal™ and "Attack™ (or specific attack types) for
supervised learning.

. Network Architecture
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. Input Layer: The input layer consists of nodes corresponding to the features extracted from
the network traffic data.

. Hidden Layers: One or more hidden layers with activation functions (ReLU, Sigmoid, Tanh)

allow the model to learn complex patterns. More layers and nodes can capture intricate relationships in
data, but too many may lead to overfitting.

. Output Layer: For binary classification (normal vs. attack), the output layer has one neuron
with a sigmoid activation function. For multi-class classification (different attack types), the output layer
has multiple neurons with softmax activation.

. Activation Functions: Use ReLU (Rectified Linear Unit) in hidden layers for faster
convergence and handling non-linearity. Sigmoid or Softmax is used in the output layer for
classification.

. Model Training

. Loss Function: Cross-entropy loss is typically used for classification problems, measuring
the difference between predicted and actual labels.

. Optimizer: Optimizers like Adam, SGD, or RMSprop adjust the weights of the network to
minimize the loss function. Adam is often preferred due to its adaptive learning rate.

. Batch Size and Epochs: Train in batches, adjusting the batch size and number of epochs.

Use cross-validation to find optimal values for these hyperparameters.

. Backpropagation: The backpropagation algorithm adjusts the weights in the network by
computing gradients, updating weights to minimize error.

V. Model Evaluation

. Training and Validation Split: Split data into training, validation, and test sets to evaluate

the model's performance and avoid overfitting.
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. Metrics: Use metrics like accuracy, precision, recall, F1-score, and AUC-ROC to evaluate

the model's ability to correctly classify threats and minimize false positives/negatives.
V. Model Deployment

. Real-Time Detection: The trained neural network model can be deployed for real-time
monitoring of network traffic. New data is fed into the model to classify traffic as normal or malicious.
. Threat Classification: The model will output a prediction indicating whether the traffic is
benign or if a potential threat (e.g., DoS attack, malware, etc.) is detected.

. Continuous Monitoring: Continuously retrain the model with new network data to adapt to
emerging threats and maintain high detection accuracy.

VI. Challenges and Considerations

. Imbalanced Data: If attacks are rare, the model might be biased towards classifying traffic

as normal. Techniques like oversampling, undersampling, or using weighted loss functions can help
mitigate this.

. Overfitting: Regularization techniques (e.g., dropout, L2 regularization) and early stopping
can help prevent overfitting, ensuring the model generalizes well to unseen data.

. Complexity: Neural networks can require significant computational resources, particularly
for deep models, so hardware (e.g., GPUs) may be needed for efficient training.

VILI. Types of Neural Networks for IDS

. Feedforward Neural Networks (FNN): Basic architecture where information flows in one

direction from input to output. Suitable for simpler problems.
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. Convolutional Neural Networks (CNN): Typically used for spatial data but can be applied
to network traffic features, especially for anomaly detection in time-series or structured data.

. Recurrent Neural Networks (RNN) / Long Short-Term Memory (LSTM): Effective for

sequential data (like traffic logs) where patterns over time can reveal attack behaviors.
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A visual representation of the research methodology, outlining the steps taken from literature review,
data collection, model design, to evaluation of results.
Here is a general Research Methodology Flowchart that outlines the steps in conducting research:
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l. Problem Identification

. Clearly define the research problem or question.

. Identify the scope and objectives of the study.

. Literature Review

. Conduct a review of existing literature and studies related to the research topic.
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. Summarize relevant theories, findings, and gaps in the existing research.

1. Hypothesis Formulation

. Based on the problem statement and literature review, formulate the hypothesis or research
questions.

. Define the variables or factors to be studied.

V. Research Design

. Decide on the research type (qualitative, quantitative, or mixed methods).

. Choose the methodology (e.g., experimental, survey, case study, etc.).

. Select the tools and techniques for data collection (e.g., surveys, interviews, experiments).
V. Data Collection

. Collect data based on the chosen methodology and research design.

. Use appropriate sampling techniques (e.g., random sampling, convenience sampling).

VI. Data Analysis

. Analyze the collected data using statistical or qualitative analysis techniques.

. Interpret the findings to test the hypothesis or answer the research questions.

VILI. Results Interpretation

. Interpret the results in the context of the research problem.

. Discuss the significance of the findings and how they contribute to existing knowledge.
VIII. Conclusion and Recommendations

. Draw conclusions based on the research findings.

. Provide recommendations for future research or practical applications of the results.

IX. Report Writing
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. Document the entire research process, including the methodology, findings, and conclusions.
. Present the research in a structured format (e.g., research paper, thesis).

X. Review and Revision

. Revise and edit the research report to improve clarity, accuracy, and coherence.

. Seek feedback from peers or mentors.

Here’s a simplified flowchart based on these steps:

CSsS

[Problem Identification] — [Literature Review] — [Hypothesis Formulation]

l l l

[Research Design] — [Data Collection] — [Data Analysis]

l l l

[Results Interpretation] — [Conclusion & Recommendations] — [Report Writing] — [Review &
Revision]

This flowchart provides a clear, step-by-step approach for conducting research, starting from identifying
the problem to finalizing the research report.

6. Figure 4.1: Al-Powered IDS System Architecture
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A detailed system architecture diagram illustrating the integration of machine learning and neural
networks within an intrusion detection system for detecting both known and novel threats.

Here is a detailed Al-Powered IDS (Intrusion Detection System) Architecture using machine learning or
deep learning models to detect threats and anomalies:

l. Data Collection Layer

o Traffic Data: Collect network traffic data from routers, firewalls, or network sensors.

This data typically includes packet-level data, flow information, and metadata like IP addresses, ports,
and protocols.

. System Logs: Collect logs from various systems (e.g., servers, databases, applications) that
contain information about user activity, system events, and potential intrusions.

. Sensor Data: Use 10T devices or sensors to gather real-time data on network activity.

. External Data Feeds: Integrate threat intelligence feeds (e.g., known attack patterns,

vulnerabilities, or IP blacklists) for contextual information.
. Preprocessing Layer

. Data Cleaning: Remove duplicates, incomplete records, or irrelevant information to ensure
clean data.
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. Normalization/Standardization: Normalize the data (e.g., scale values to a standard range)
to enhance the performance of Al models.

. Feature Extraction: Extract key features such as traffic volume, source IP, packet size,

session duration, and protocol type. This step may involve transforming raw data into a format suitable
for machine learning algorithms.

. Data Labeling: Label data as "normal” or "attack" (or different attack categories) for
supervised learning models. For unsupervised models, the system can label data based on anomaly
detection or clustering.

1. Machine Learning/Al Model Layer

. Model Selection: Choose machine learning algorithms or deep learning models for intrusion
detection, such as:

o Supervised Learning: Decision Trees, Random Forests, SVM, Neural Networks.

o Unsupervised Learning: Clustering algorithms (K-means, DBSCAN), Autoencoders
for anomaly detection.

o Deep Learning: Convolutional Neural Networks (CNNs), Recurrent Neural

Networks (RNNS), or Long Short-Term Memory (LSTM) networks for sequential or time-series
analysis.

. Training: Train the model on labeled data (for supervised learning) or using anomaly
detection techniques (for unsupervised learning).

. Model Evaluation: Use metrics like accuracy, precision, recall, F1-score, and AUC-ROC to
evaluate model performance.

V. Detection Layer
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. Anomaly Detection: The Al model continuously analyzes real-time network traffic and
system logs to detect abnormal patterns that indicate potential threats.

. Pattern Recognition: Detect known attack patterns (e.g., DoS, DDoS, port scanning,
malware) using machine learning models trained on historical attack data.

. Anomaly Scoring: The model assigns a score to network traffic or system events based on

how anomalous they are. Events with a high score are flagged for investigation.
V. Alert Generation Layer

. Alert Classification: Once a potential threat is detected, the system classifies the alert based
on severity (e.g., critical, high, medium, low).

. False Positive Reduction: The system uses contextual data and threat intelligence to filter
out false positives, reducing unnecessary alerts.

. Alert Prioritization: Prioritize alerts based on severity, attack type, and criticality of the
affected system.

VI. Response Layer

. Automated Response: For real-time threats, the system may automatically trigger actions to

mitigate the attack, such as blocking traffic, isolating infected systems, or deploying network security
policies.

. Incident Reporting: Detailed reports and logs are generated to support incident response,
forensic analysis, and compliance requirements.
. Manual Intervention: Security analysts review the alerts and take manual actions if

necessary, such as analyzing the attack vector, blocking malicious IP addresses, or enhancing security
measures.
VILI. Feedback & Learning Layer

IJFMR260163042 Volume 8, Issue 1, January-February 2026 32



https://www.ijfmr.com/

International Journal for Multidisciplinary Research (IJFMR)

i

IJFMR E-ISSN: 2582-2160 e Website: www.ijffmr.com e Email: editor@ijfmr.com
. Continuous Learning: The system continuously learns from new data and feedback to

improve detection accuracy. This includes adjusting the model based on new attack patterns or changes
in network behavior.

. Model Retraining: Periodically retrain the Al model with new data to ensure the model
adapts to evolving threats and network conditions.
. Human Feedback: Security analysts may provide feedback to the system regarding false

positives or missed detections, which can be used to refine the model.
High-Level Al-Powered IDS Architecture:

CSS

[Data Collection Layer] — [Preprocessing Layer] — [Machine Learning/Al Model Layer]

! ! l

[Traffic, Logs] [Cleaning, Extraction]  [Training, Evaluation]

! ! l

[Anomaly Detection] [Model Selection] [Supervised/Unsupervised]
! ! l

[Alert Generation Layer] — [Detection Layer] — [Response Layer]

l l l

[Alert Classification] [Anomaly Scoring] [Automated Response]

! l l

[Prioritization] [Pattern Recognition] [Incident Reporting, Feedback]
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<> [Feedback & Learning Layer]
<> [Continuous Learning, Model Retraining]

Key Features of Al-Powered IDS:

. Adaptability: The system adapts to new types of attacks by continuously learning from new
data and threats.

. Real-time Detection: Al models process traffic and logs in real-time to detect malicious
activity as it occurs.

. Reduced False Positives: Machine learning models are trained to identify patterns and
reduce the number of false alarms.

. Scalability: The system can scale to handle large volumes of network traffic and data,
especially with deep learning models.

. Threat Intelligence Integration: Al-powered IDS can integrate external threat intelligence

sources for more contextually aware detection.

Al-powered IDS leverages advanced machine learning and deep learning techniques to improve the
detection of both known and unknown threats, enhancing the effectiveness and efficiency of intrusion
detection in modern networks.

7. Figure 4.2: Feature Engineering Process Flow
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A flowchart showing the process of feature extraction, selection, and transformation in the development
of the IDS model.

Here’s a Feature Engineering Process Flow that outlines the key steps in preparing data for machine
learning models:

l. Problem Understanding and Data Exploration

. Understand the Business Problem: Clearly define the objectives of the machine learning
model, and how features will help solve the problem (e.g., predicting attacks in an IDS system).
. Explore Data: Understand the data distribution, identify missing or outlier values, and

visualize features to grasp their relevance and potential relationships.
. Data Collection

. Gather Raw Data: Collect data from relevant sources, such as network traffic, logs, sensor
data, or other structured/unstructured data sources.
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. Data Sources: Ensure all necessary data is collected (e.g., for IDS: packet data, system logs,
etc.).

1. Data Cleaning

. Handle Missing Values: Deal with missing data through techniques like imputation,
removal, or substitution (e.g., using mean, median, or mode for imputation).

. Remove Duplicates: Identify and remove duplicate records to ensure the dataset's integrity.

. Handle Outliers: Detect and treat outliers either by transforming data, removing extreme
values, or replacing them based on the data context.

. Remove Irrelevant Data: Eliminate features that do not contribute to the prediction goal.

V. Feature Extraction

. Domain Knowledge: Leverage domain knowledge to create meaningful features (e.g., for
IDS, you may extract features like packet size, duration of connections, protocol type).

. Raw Data Transformation: Convert raw data into usable features by aggregating, binning,
or deriving new attributes (e.g., extracting "average packet size" from raw packet data).

. Datetime Features: Extract time-related features like the hour of the day, day of the week, or
elapsed time between events if relevant to the model.

. Statistical Features: Compute statistical measures such as mean, median, standard deviation,
etc., over time windows or data ranges.

V. Feature Selection
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. Correlation Analysis: Use correlation matrices or statistical tests (e.g., chi-squared,
ANOVA) to identify features that are strongly correlated with the target variable and with each other.

. Dimensionality Reduction: Apply techniques like Principal Component Analysis (PCA) or
t-SNE to reduce the number of features while retaining essential information.

. Feature Importance: Use model-based methods (e.g., Decision Trees, Random Forests, or
XGBoost) to evaluate feature importance and drop irrelevant or redundant features.

. Remove Redundant Features: Eliminate highly correlated features to reduce
multicollinearity and improve model interpretability.

VI. Feature Transformation

. Normalization/Scaling: Scale features to a standard range (e.g., Min-Max scaling, Z-score
standardization) to ensure no feature dominates others due to differences in magnitude.

. Encoding Categorical Features: Convert categorical variables to numerical representations
using methods like One-Hot Encoding, Label Encoding, or Binary Encoding.

. Log Transformation: For skewed features, apply log transformation to reduce the effect of
extreme values or to linearize the data.

. Polynomial Features: Generate polynomial features (e.g., x2x"2x2, x-yx \cdot yx-y) to
capture non-linear relationships between features.

VII. Feature Engineering for Time-Series (if applicable)

. Lag Features: Create lag features (previous values in time-series) to capture temporal

dependencies.

IJFMR260163042 Volume 8, Issue 1, January-February 2026 37



https://www.ijfmr.com/

International Journal for Multidisciplinary Research (IJFMR)

i

IJFMR E-ISSN: 2582-2160 e Website: www.ijffmr.com e Email: editor@ijfmr.com

. Rolling Window Features: Calculate rolling averages, moving standard deviations, or other
statistics to smooth time-series data.

. Time-Based Features: Extract time-related features such as seasonality, trends, or cyclic
patterns.

VIIL. Handling Imbalanced Data

. Resampling: Use over-sampling (SMOTE) or under-sampling techniques to balance the
dataset if there is an imbalanced distribution of classes (e.g., attacks vs. normal traffic in IDS).

. Class Weight Adjustment: Modify the loss function to penalize misclassification of
underrepresented classes more heavily.

IX. Feature Engineering for Text or Unstructured Data (if applicable)

. Text Preprocessing: Tokenize, remove stop words, apply stemming/lemmatization, and
vectorize text using methods like TF-IDF or Word2Vec.

. Sentiment Analysis: Extract sentiment features if dealing with textual data (e.g., analyzing
logs or reports for sentiment in security alerts).

X. Feature Evaluation and Refinement

. Model Evaluation: Train a model using the engineered features, evaluate its performance,
and check for overfitting/underfitting.

. Iterative Refinement: Based on model performance, refine features by adding, removing, or
transforming them and re-evaluate the model iteratively.

. Cross-Validation: Use cross-validation techniques (e.qg., k-fold) to ensure that feature

engineering improvements generalize well.
Feature Engineering Process Flow Diagram:
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CSsS

[Problem Understanding & Data Exploration] — [Data Collection] — [Data Cleaning]

l l l

[Feature Extraction] — [Feature Selection] — [Feature Transformation] — [Model Training]

l l l

[Time-Series Features] — [Imbalanced Data Handling] — [Feature Evaluation & Refinement]

l

[Text Data Preprocessing] — [Feature Refinement]

Key Considerations:

. Domain Expertise: Feature engineering is often more effective when you incorporate
domain knowledge about the data.

. Iterative Process: Feature engineering is iterative and may require multiple rounds of testing
and refinement.

. Model Compatibility: Certain models (e.g., decision trees) handle unnormalized or
untransformed data better, while others (e.g., SVMs, neural networks) require standardized or
normalized features.

This flow provides a clear, structured approach to transforming raw data into meaningful features that
will help machine learning models perform better and provide accurate predictions or classifications.
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8. Figure 5.1: Performance Metrics Comparison (KDD Cup 99 Dataset)

F.# Feature F. # Feature F.# Feature
name. name. name.
F1 Duration F15 Su F29  Same srv
attempted rate
F2 Protocol type  F16 Num root F30 Diffsrv
rate
F3 Service F17 Num file F31  Srv diff
creations host rate
F4 Flag FI18  Num F32  Dst host
shells count
F5 Source bytes  FI19  Num F33  Dst host
access srv count
files
F6 Destination F20 Num F34  Dst host
bytes outbound same srv
cmds rate
F7 Land F21 Is host F35 Dst host
login diff srv
rate
F8 Wrong F22  1Is guest F36  Dst host
fragment login same src
port rate
F9 Urgent F23  Count F37  Dst host
srv diff
host rate
F10 Hot F24 Srv count F38  Dst host
serror rate
F11  Number F25 Serrorrate F39  Dst host
failed logins SI'V SError
rate
F12 Logged in F26  Srvserror  F40  Dst host
rate rerror rate
F13 Num F27 Rerrorrate  F41  Dst host
compromised SI'V rerror
rate
F14  Root shell F28 Srv rerror F42  Class label
rate

A bar graph comparing the performance of various machine learning models (e.g., SVM, Decision Trees,
Neural Networks) against the KDD Cup 99 dataset based on accuracy, precision, and recall.

The KDD Cup 1999 dataset is widely used for evaluating Intrusion Detection Systems (IDS) and
machine learning algorithms, as it contains network traffic data labeled with different attack types and
normal traffic. When comparing performance metrics of different models on the KDD Cup 99 dataset,
the following common performance metrics are typically used:
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1. Accuracy

. Definition: The proportion of correctly classified instances (both normal and attack).
. Formula:

Accuracy=TP+TNTP+TN+FP+FNAccuracy = \frac{TP + TN}{TP + TN + FP +

FN}Accuracy=TP+TN+FP+FNTP+TN

where:

o TP = True Positive (attack correctly identified)

o TN = True Negative (normal correctly identified)

o FP = False Positive (normal incorrectly identified as attack)

o FN = False Negative (attack incorrectly identified as normal)

. Pros: Easy to understand and interpret.

. Cons: Not ideal for imbalanced datasets (common in IDS) since high accuracy can be

misleading (e.g., predicting all instances as "normal” in a dataset with mostly normal traffic).
2. Precision

. Definition: The proportion of predicted positive instances (attacks) that are actually positive.
. Formula: Precision=TPTP+FPPrecision = \frac{TP}{TP + FP}Precision=TP+FPTP

. Pros: Useful when false positives (incorrectly identifying normal traffic as attacks) are costly,
like in a security system.

. Cons: Does not account for false negatives (missed attacks).

3. Recall (Sensitivity or True Positive Rate)
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. Definition: The proportion of actual positive instances (attacks) that are correctly identified
by the model.

. Formula: Recall=TPTP+FNRecall = \frac{TP}{TP + FN}Recall=TP+FNTP

. Pros: Useful when missing attacks (false negatives) is more costly than false alarms.

. Cons: May lead to many false positives if the system is overly sensitive.

4. F1-Score

. Definition: The harmonic mean of Precision and Recall, providing a balance between the
two.

. Formula: F1=2-Precision-RecallPrecision+RecallF1 = 2 \cdot \frac{Precision \cdot
Recall}{Precision + Recall}F1=2-Precision+RecallPrecision-Recall

. Pros: Provides a balance between Precision and Recall, especially important for imbalanced
datasets.

. Cons: May still fail to show if the system is overly biased towards one class.

5. False Positive Rate (FPR)

. Definition: The proportion of normal instances incorrectly classified as attacks.

. Formula: FPR=FPFP+TNFPR = \frac{FP}{FP + TN}FPR=FP+TNFP

. Pros: Important for understanding how many normal instances are flagged as attacks.

. Cons: Focuses only on false positives and not on true positives or false negatives.

6. Area Under ROC Curve (AUC-ROC)

. Definition: The Area Under the Receiver Operating Characteristic curve, which plots the
True Positive Rate (Recall) against the False Positive Rate.

. Pros: Provides an aggregate measure of performance across all classification thresholds,

independent of the class distribution.
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. Cons: Might not be intuitive in specific cases where class balance is of primary concern.
7. Matthews Correlation Coefficient (MCC)

. Definition: A metric that takes into account all four confusion matrix values (TP, TN, FP,
FN).

. Formula: MCC=TP-TN-FP-FN(TP+FP)(TP+FN)(TN+FP)(TN+FN)MCC = \frac{TP

\cdot TN - FP \cdot FN}\sqrt{(TP + FP)(TP + FN)(TN + FP)(TN +
FN)}}MCC=(TP+FP)(TP+FN)(TN+FP)(TN+FN)TP-TN-FP-FN

. Pros: Useful for imbalanced datasets as it provides a balanced measure, considering both
false positives and false negatives.

. Cons: Can be more complex to interpret compared to other metrics.

8. Specificity (True Negative Rate)

. Definition: The proportion of actual negative instances (normal traffic) correctly identified as
negative.

. Formula: Specificity=TNTN+FPSpecificity = \frac{TN}{TN + FP}Specificity=TN+FPTN

. Pros: Useful to determine how well the model avoids false positives.

. Cons: Alone, it doesn't give insight into detecting attacks.

Performance Comparison Example (KDD Cup 99)

When comparing models on the KDD Cup 99 dataset, various machine learning algorithms such as
Decision Trees, Random Forests, SVMs, and Neural Networks can be evaluated based on these metrics.
A typical comparison might look like this:
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Key Observations:
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. Accuracy: While Neural Networks might achieve the highest accuracy, this metric could be
misleading if there is class imbalance.

. Precision and Recall: Random Forest and Neural Networks tend to perform well in
balancing false positives and false negatives.

. F1-Score: Neural Networks often have a higher F1-score, indicating a better balance between
precision and recall.

. AUC-ROC: Models like Neural Networks and Random Forest typically achieve high AUC-
ROC, indicating strong discrimination power.

. MCC: Models like Random Forests and Neural Networks perform better in terms of MCC,
indicating a more balanced performance across classes.

Conclusion:

. Neural Networks often excel in terms of accuracy, AUC-ROC, and F1-Score for KDD

Cup 99, but they may be computationally more expensive.

. Random Forests provide a good balance of precision, recall, and specificity, making them a
strong choice for IDS.
. SVM might have a lower recall compared to others but performs well in detecting certain

attack patterns with high specificity.

In practice, the selection of a model depends on the desired trade-off between precision and recall, the
system’'s computational resources, and how the model will be deployed (e.g., in a real-time IDS or in a
batch processing system).

9. Figure 5.2: Confusion Matrix for IDS Performance Evaluation
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Cases True False

Positive (TP) Negative (FN)

True Label

False True
Control | Ppositive (FP) | Negative (TN)

Cases Control
Predicted Label

A confusion matrix used to evaluate the performance of the Al-based IDS, showing the number of true
positives, false positives, true negatives, and false negatives for model predictions.
A Confusion Matrix is a crucial tool for evaluating the performance of a machine learning model,
particularly for Intrusion Detection Systems (IDS). It helps to assess how well the model is

distinguishing between different classes, such as "Normal™ and "Attack" in a network traffic dataset like
the KDD Cup 99 dataset.

Confusion Matrix Structure:

For binary classification, the confusion matrix typically consists of the following four components:

Predicted: Attack Predicted: Normal Actual: Attack True Positive (TP)  False
Negative (FN) Actual: Normal False Positive (FP) True Negative (TN)

. True Positive (TP): The number of attacks correctly identified as attacks.

. True Negative (TN): The number of normal traffic instances correctly identified as normal.
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. False Positive (FP): The number of normal traffic instances incorrectly classified as attacks
(Type | error).

. False Negative (FN): The number of attacks incorrectly classified as normal (Type 11 error).

Performance Metrics Derived from the Confusion Matrix:
From the confusion matrix, the following performance metrics can be derived:

1. Accuracy: The proportion of correctly classified instances (both attacks and normal traffic).
Accuracy=TP+TNTP+TN+FP+FNAccuracy = \frac{TP + TN}{TP + TN + FP +
FN}Accuracy=TP+TN+FP+FNTP+TN

2. Precision: The proportion of predicted attacks that are actually attacks.

Precision=TPTP+FPPrecision = \frac{TP}{TP + FP}Precision=TP+FPTP

o High precision means that there are fewer false positives, i.e., fewer normal traffic
instances wrongly flagged as attacks.
3. Recall (Sensitivity or True Positive Rate): The proportion of actual attacks that are

correctly identified.
Recall=TPTP+FNRecall = \frac{TP}{TP + FN}Recall=TP+FNTP

o High recall means fewer attacks are missed, i.e., fewer false negatives.
4. F1-Score: The harmonic mean of precision and recall, which provides a balance between
them.

F1=2-Precision-RecallPrecision+RecallF1 = 2 \cdot \frac{Precision \cdot Recall}{Precision +
Recall}F1=2-Precision+RecallPrecision-Recall
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5. False Positive Rate (FPR): The proportion of normal traffic instances that are incorrectly

classified as attacks.
FPR=FPFP+TNFPR = \frac{FP}{FP + TN}FPR=FP+TNFP

6. False Negative Rate (FNR): The proportion of actual attacks that are incorrectly classified as
normal.
FNR=FNTP+FNFNR = \frac{FN}{TP + FN}FNR=TP+FNFN

7. Specificity (True Negative Rate): The proportion of actual normal traffic correctly identified
as normal.
Specificity=TNTN+FPSpecificity = \frac{TN}{TN + FP}Specificity=TN+FPTN

8. Matthews Correlation Coefficient (MCC): A metric that takes all four components (TP,
TN, FP, FN) into account and is useful for imbalanced datasets.
MCC=TP-TN-FP-FN(TP+FP)(TP+FN)(TN+FP)(TN+FN)MCC = \frac{TP \cdot TN - FP \cdot
FN}M\sqrt{(TP + FP)(TP + FN)(TN + FP)(TN +
FN)}}MCC=(TP+FP)(TP+FN)(TN+FP)(TN+FN)TP-TN—FP-FN

Example of a Confusion Matrix for IDS:

Consider a Confusion Matrix for an IDS model:

Predicted: Attack Predicted: Normal Actual: Attack 950 50
Actual: Normal 100 900

. True Positives (TP): 950 attacks correctly identified as attacks.

. False Negatives (FN): 50 attacks incorrectly classified as normal.

. False Positives (FP): 100 normal traffic instances incorrectly classified as attacks.
. True Negatives (TN): 900 normal traffic instances correctly classified as normal.
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Performance Metrics for the Above Example:

1. Accuracy:

Accuracy=950+900950+50+100+900=18502000=0.925Accuracy = \frac{950 + 900}{950 + 50 + 100 +

900} = \frac{1850}{2000} =
0.925Accuracy=950+50+100+900950+900=20001850=0.925

o Accuracy = 92.5%

2. Precision:

Precision=950950+100=9501050~0.905Precision = \frac{950}{950 + 100} =
\frac{950}{1050} \approx 0.905Precision=950+100950=1050950~0.905

o Precision = 90.5%

3. Recall:

Recall=950950+50=9501000=0.95Recall = \frac{950}{950 + 50} = \frac{950}{1000} =

0.95Recall=950+50950=1000950=0.95
o Recall = 95%

4. F1-Score:
F1=2-0.905-0.950.905+0.95~0.927F1 = 2 \cdot \frac{0.905 \cdot 0.95}{0.905 + 0.95}
\approx 0.927F1=2-0.905+0.950.905-0.95~0.927

o F1-Score =92.7%

5. False Positive Rate (FPR):

FPR=100100+900=1001000=0.1FPR = \frac{100}{100 + 900} = \frac{100}{1000} =
0.1FPR=100+900100=1000100=0.1
o FPR = 10%

6. False Negative Rate (FNR):
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FNR=50950+50=501000=0.05FNR = \frac{50}{950 + 50} = \frac{50}{1000} =
0.05FNR=950+5050=100050=0.05

o FNR = 5%

7. Specificity:

Specificity=900900+100=9001000=0.9Specificity = \frac{900}{900 + 100} =
\frac{900}{1000} = 0.9Specificity=900+100900=1000900=0.9

o Specificity = 90%

8. Matthews Correlation Coefficient (MCC):
MCC=950-900—100-50(950+100)(950+50)(900+100)(900+50)=855000—5000(1050)(100
0)(1000)(950)~0.85MCC = \frac{950 \cdot 900 - 100 \cdot 50}{\sqrt{(950 + 100)(950 +
50)(900 + 100)(900 + 50)}} = \frac{855000 - 5000}{\sqrt{(1050)(1000)(1000)(950)}}

\approx 0.85MCC=(950+100)(950+50)(900+100)(900+50)950-900—100-50

=(1050)(1000)(1000)(950)855000~5000~0.85

o MCC = 0.85

Key Takeaways:

. A high recall (95%) indicates that most attacks are detected, but there are 100 false positives
(10% FPR), which is a trade-off.

. The F1-score (92.7%) is high, showing a good balance between precision and recall.

. Accuracy (92.5%) is relatively high, but it should not be the sole metric used for imbalanced
datasets where the class distribution is skewed (e.g., more normal traffic than attacks).

. MCC (0.85) is also quite high, indicating a strong overall performance considering all

confusion matrix elements.
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The Confusion Matrix provides a detailed view of how well the IDS model is performing and helps
identify areas for improvement, such as reducing false positives or false negatives.

10. Figure 6.1: Interpretation of Model Results
Average score range | Interpretation ol results
4.50-5.00 Very high level of suitability
3.50-4.49 High level of suitability
2.50-3.49 Average level of suitability
1.50-2.49 Low level of suitability
1.00-1.49 Very low level of suitability

A visual chart showing the interpretation of the IDS model results, highlighting areas of improvement
and model effectiveness in detecting cyber threats.

Interpreting model results, especially for Intrusion Detection Systems (IDS), involves understanding
how well the model is performing in distinguishing between normal traffic and various types of attacks.
Based on the confusion matrix and the derived performance metrics, here's how to interpret model
results:

1. Confusion Matrix Breakdown

The confusion matrix is a key tool for understanding how well your model classifies both

normal traffic and attacks:

Predicted: Attack Predicted: Normal Actual: Attack True Positive (TP)  False
Negative (FN) Actual: Normal False Positive (FP) True Negative (TN)
. True Positives (TP): Correctly identified attacks (model's success in detecting attacks).
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. True Negatives (TN): Correctly identified normal traffic (model's success in identifying
benign traffic).

. False Positives (FP): Normal traffic incorrectly identified as attacks (Type | error, false
alarm).

. False Negatives (FN): Attacks incorrectly classified as normal (Type Il error, missed
detection).

2. Performance Metrics Interpretation

A. Accuracy

. Formula: Accuracy=TP+TNTP+TN+FP+FNAccuracy = \frac{TP + TN}{TP + TN + FP

+ FN}Accuracy=TP+TN+FP+FNTP+TN
. Interpretation:

o High accuracy suggests the model is correctly classifying the majority of instances.
However, accuracy alone can be misleading for imbalanced datasets like in IDS, where normal traffic
significantly outweighs attack instances. If a model classifies almost everything as normal, it could still
achieve high accuracy but miss most attacks.

o Example: If your model is predicting normal for most cases, even though only a few
attacks occur, you might have high accuracy but poor detection of attacks.

B. Precision

. Formula: Precision=TPTP+FPPrecision = \frac{TP}{TP + FP}Precision=TP+FPTP

. Interpretation:
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o High precision means that when the model predicts an attack, it is likely correct, with
fewer false positives. In IDS, false positives can cause unnecessary alerts and alarm fatigue.

o Example: A precision of 90% means that 90% of the instances predicted as attacks
are actually attacks, and only 10% are normal traffic misclassified as attacks.

C. Recall (Sensitivity or True Positive Rate)

. Formula: Recall=TPTP+FNRecall = \frac{TP}{TP + FN}Recall=TP+FNTP

. Interpretation:

o High recall means that most attacks are detected. In an IDS context, high recall is

crucial because missing an attack (false negative) is more critical than incorrectly flagging normal traffic
(false positive).

o Example: If recall is 95%, it means 95% of all attacks in the dataset were correctly
detected by the model, leaving only 5% as undetected (false negatives).

D. F1-Score

. Formula: F1=2-Precision-RecallPrecision+RecallF1 = 2 \cdot \frac{Precision \cdot
Recall}{Precision + Recall}F1=2-Precision+RecallPrecision-Recall

. Interpretation:

o The F1-score is a balanced measure that combines precision and recall into a single

metric. It is particularly useful when you have an imbalanced dataset (common in IDS), where you want
to balance the trade-off between false positives and false negatives.
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o Example: If the F1-score is 0.92, the model is performing well in terms of both
identifying attacks (recall) and not over-predicting attacks (precision).

E. False Positive Rate (FPR)

. Formula: FPR=FPFP+TNFPR = \frac{FP}{FP + TN}FPR=FP+TNFP

. Interpretation:

o Low FPR means the model is good at distinguishing between normal traffic and
attacks, with fewer normal traffic instances misclassified as attacks.

o Example: If the FPR is 10%, then 10% of the normal traffic is incorrectly flagged as
attack, leading to unnecessary alerts. A lower FPR is generally preferred.

F. False Negative Rate (FNR)

. Formula: FNR=FNTP+FNFNR = \frac{FN}{TP + FN}FNR=TP+FNFN

. Interpretation:

o Low FNR is crucial, especially in IDS, as it means fewer attacks go undetected.

A high FNR would indicate that the model is failing to detect attacks, which is highly undesirable in
security-critical applications.

o Example: An FNR of 5% means 5% of the attacks are missed, which can lead to
potential security breaches.

G. Specificity (True Negative Rate)

. Formula: Specificity=TNTN+FPSpecificity = \frac{TN}{TN + FP}Specificity=TN+FPTN
. Interpretation:

o High specificity means that the model is good at correctly identifying normal traffic,

minimizing false alarms (false positives).
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o Example: If specificity is 90%, the model correctly identifies 90% of the normal
traffic, while 10% of normal traffic is incorrectly flagged as attacks.

H. Matthews Correlation Coefficient (MCC)

. Formula: MCC=TP-TN-FP-FN(TP+FP)(TP+FN)(TN+FP)(TN+FN)MCC = \frac{TP

\cdot TN - FP \cdot FN}\sqrt{(TP + FP)(TP + FN)(TN + FP)(TN +
FN)}}MCC=(TP+FP)(TP+FN)(TN+FP)(TN+FN)TP-TN-FP-FN

. Interpretation:

o MCC is a balanced metric that takes into account all four confusion matrix
components (TP, TN, FP, FN), and is particularly useful for imbalanced datasets.

o Example: An MCC value close to +1 indicates a strong, balanced performance, while
values near 0 or negative suggest poor or random performance.

3. Model Performance Summary (Interpretation)

Based on the model results, here’s how you might interpret the effectiveness of an IDS:

. If the model has high accuracy but low precision and recall, it might be classifying most
instances as normal, missing many attacks (high false negatives). Although the model might look good
at first glance, it is not effective for detecting intrusions.

. If the model has high recall but low precision, it means the model is detecting most attacks
but is also flagging many normal traffic instances as attacks (high false positives). This would lead to
excessive alarms and could be costly to manage, but is acceptable if catching intrusions is more
important than the cost of false alarms.

. If the model has balanced high precision and recall (high F1-score), it means the model is
both effective at detecting attacks and minimizing false positives, making it a strong candidate for real-
world deployment in an IDS system.
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. If the model has low specificity and high FPR, it indicates that normal traffic is often
misclassified as an attack, leading to a poor user experience due to many false alerts.

4. Trade-offs in IDS Performance:

. Inan IDS, the goal is often to minimize false negatives (missed attacks) while controlling
false positives (false alarms).

. Depending on the specific needs of the system, you may adjust thresholds:

o Prioritizing Recall: If missing attacks is more harmful (e.g., in critical
infrastructure), you might prefer a model with high recall but might accept a higher false positive rate.

o Prioritizing Precision: If false alarms disrupt operations, you may prioritize high
precision to avoid flooding the system with alerts, even if some attacks are missed (higher false
negatives).

5. Conclusion:

. Interpretation of IDS model results is a balance of understanding the performance trade-offs

between false positives and false negatives, especially in the context of security, where missing an attack
(false negative) can be far more damaging than a false alarm (false positive).

. Always ensure to evaluate multiple metrics (accuracy, precision, recall, F1-score, etc.) to gain
a holistic view of the model’s performance, especially in imbalanced and security-sensitive datasets like
those used for IDS tasks.
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Additional Visuals in the Thesis

. Flowcharts: Depicting the various stages in the IDS lifecycle, from data preprocessing to
model training and real-time threat detection.

Here’s a description of the flowcharts that can be included in your thesis to depict the various stages in
the Intrusion Detection System (IDS) lifecycle:

1. Data Preprocessing Flowchart

This flowchart outlines the process of preparing data for analysis and model training in the IDS pipeline.
It includes steps such as:

. Data Collection: Gathering raw network traffic data from sources like network logs, sensor
data, or real-time traffic feeds.

. Data Cleaning: Handling missing values, removing duplicates, and correcting
inconsistencies in the dataset.

. Feature Extraction: Identifying and extracting important features such as packet size,
protocol type, source IP, and other network characteristics.

. Data Transformation: Scaling or normalizing features to ensure uniformity and improve
model performance (e.g., using Min-Max scaling or Z-score normalization).

. Data Labeling: Assigning labels to the data (attack or normal) based on known attack types
or intrusion patterns.

. Data Splitting: Dividing the data into training, validation, and test sets.
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2. Model Training Flowchart

This flowchart focuses on the steps involved in training the machine learning model to detect network
intrusions:

. Feature Selection: Choosing the most relevant features from the dataset that improve the
model's accuracy and reduce overfitting.

. Model Selection: Choosing an appropriate machine learning algorithm (e.g., Random Forest,
Neural Network, SVM) based on the problem and dataset.

. Model Training: Feeding the training dataset into the chosen algorithm and learning patterns
from the data.

. Hyperparameter Tuning: Fine-tuning model parameters (e.g., learning rate, tree depth, etc.)
to optimize model performance.

. Model Evaluation: Evaluating the trained model using metrics like accuracy, precision,
recall, and F1-score on the validation dataset.

3. Real-Time Threat Detection Flowchart

This flowchart describes the process of detecting intrusions during real-time network monitoring:

. Data Input: New network traffic data is fed into the system in real-time.

. Feature Extraction: Similar to preprocessing, important features are extracted from the
incoming traffic.

. Model Inference: The model is used to classify the incoming traffic as either normal or an
attack based on the learned patterns.

. Anomaly Detection: The model detects deviations from normal behavior patterns and flags

potential intrusions.
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. Alert Generation: The system generates alerts or notifications in case an attack is detected.
. Action: Depending on the system configuration, predefined actions are triggered, such as
blocking the malicious traffic, logging the event, or alerting the administrator.

4. Model Evaluation and Improvement Flowchart

This flowchart highlights the continuous improvement process for the IDS:

. Evaluation Metrics: Metrics such as accuracy, false positive rate, false negative rate, and F1-
score are used to assess model performance.

. Performance Review: Based on evaluation metrics, the model’s strengths and weaknesses
are identified.

. Model Retraining: The model is retrained with updated data to improve performance (e.g.,
adding new attack types or fine-tuning hyperparameters).

. Feedback Loop: Continuous feedback from real-time monitoring informs the retraining and

fine-tuning of the model to adapt to evolving threats.
Example Flowchart: IDS Lifecycle
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Visualization Examples:

1. Data Preprocessing Flowchart: Visualize steps in data cleaning, feature extraction,
transformation, and splitting.
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2. Model Training Flowchart: Show model selection, training, hyperparameter tuning, and
evaluation.

3. Real-Time Threat Detection Flowchart: Show data input, feature extraction, classification,
anomaly detection, and alert generation.

4. Model Evaluation and Improvement Flowchart: Include feedback loops for continuous

improvement of the system.

These flowcharts provide a visual representation of the IDS pipeline, making the process easy to
understand for the reader. They will help clarify how the system moves through different stages, from
data preprocessing to real-time threat detection and model improvement.

. Graphs/Charts: Representing quantitative results, such as detection rates, precision, and
recall, for different algorithms.

To effectively represent the quantitative results of the Al-powered Intrusion Detection System (IDS) and
compare different algorithms, graphs and charts can be used to visualize key performance metrics such
as detection rates, precision, and recall. Below are examples of graphical representations that you can
include in your thesis:

1. Bar Chart: Comparison of Detection Accuracy Across Algorithms

A bar chart is ideal for comparing the detection accuracy of different algorithms. The x-axis would
represent the algorithms, and the y-axis would represent the detection accuracy percentage.
Example:
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Detection Accuracy Comparison

| Algorithm | Accuracy (%)

| Random Forest | 98.5 |
| SVM |97.3 |

| KNN | 96.8 |

| Neural Network | 99.1 |
| Decision Trees | 95.4 |
| GBM | 98.8 |

| XGBoost | 99.0 |

| Logistic Regression| 94.5 |

Graph:

. X-axis: Algorithms (Random Forest, SVM, KNN, Neural Network, etc.)
. Y-axis: Detection Accuracy (%)

. Each bar represents the detection accuracy for the respective algorithm.
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2. Line Graph: Precision and Recall Comparison

A line graph can show the precision and recall for different algorithms. Two lines can be plotted: one for
precision and another for recall across various algorithms.
Example:
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Precision and Recall Comparison

| Algorithm | Precision (%) | Recall (%) |
| Random Forest | 98.7 | 97.3 |
| SVM | 96.7 | 94.2 |
| KNN | 96.3 | 95.0 |
| Neural Network | 99.4 | 98.8 |

| Decision Trees | 94.9 | 92.8 |

| GBM | 98.5 | 97.9 |
| XGBoost 199.2 | 985 |
| Logistic Regression| 93.8 | 90.2 |
Graph:
. X-axis: Algorithms (Random Forest, SVM, KNN, Neural Network, etc.)
. Y-axis: Precision/Recall (%)
. Two lines on the graph: one for precision and another for recall.
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3. Precision-Recall Curve

A Precision-Recall (PR) curve is particularly useful for visualizing the trade-off between precision and
recall across different threshold values for each algorithm.
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. The x-axis represents recall, and the y-axis represents precision.
. Each algorithm can be represented by a separate line on the graph, showing how precision

and recall change at various decision thresholds.

4. Confusion Matrix Heatmap

A confusion matrix is an essential tool for evaluating classification models, and it can be visualized as a
heatmap. This matrix will show the counts of true positives, true negatives, false positives, and false
negatives for each algorithm.

Example:

Confusion Matrix for Neural Network

| Actual: Attack | 1200 | 40 |

| Actual: Normal | 100 | 3000 |

Graph:

. X-axis: Predicted labels (Attack, Normal)

. Y-axis: Actual labels (Attack, Normal)

. Color intensity reflects the number of instances, with darker colors representing higher
counts.
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5. ROC Curve (Receiver Operating Characteristic Curve)
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A ROC curve is used to plot the true positive rate (recall) against the false positive rate. It is helpful for
comparing the trade-off between sensitivity (recall) and specificity (1 - false positive rate) across
different algorithms.

Graph:

. X-axis: False Positive Rate (FPR)

. Y-axis: True Positive Rate (Recall or Sensitivity)

. A diagonal line (from 0,0 to 1,1) represents random classification, and the algorithms should

ideally lie above this line to demonstrate good performance.

6. Radar Chart: Multi-Metric Comparison

A radar chart is useful for comparing multiple algorithms across several metrics (e.g., detection
accuracy, precision, recall, false positive rate, false negative rate). Each axis represents a different
evaluation metric, and each algorithm is plotted along these axes.

Example:

Radar Chart: Performance Comparison

| Metric | Random Forest | Neural Network | XGBoost | SVM |
| Detection Accuracy | 98.5 | 99.1 [99.0 |97.3]

| Precision | 98.7 | 99.4 [99.2 |96.7|

| Recall | 97.3 | 98.8 |98.5 ]94.2]

| FPR | 2.1 | 1.8 |20 |45 |
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| FNR | 4.2 | 3.0 |34 |58 |

Graph:

. Each axis represents a performance metric (Detection Accuracy, Precision, Recall, etc.).
. Each algorithm will have its own set of values, represented by points connected to form a

polygon. The larger the polygon area, the better the performance.

7. Box Plot: Distribution of Detection Times

A box plot can be used to compare the distribution of detection times for each algorithm. This is useful
for showing not only the average detection time but also the variability (range, quartiles) in time taken
by each algorithm.

Example:

Box Plot: Detection Time Comparison

| Algorithm | Random Forest | Neural Network | SVM |
| Detection Time (s) | 2.5 | 6.2 |3.1 |

Graph:

. X-axis: Algorithms

. Y-axis: Detection Time (seconds)
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. Each box represents the range of detection times, with the line inside the box representing the

median detection time.
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Summary of Suggested Graphs:

1. Bar Chart: For comparing detection accuracy across algorithms.

2. Line Graph: For comparing precision and recall across algorithms.

3. Precision-Recall Curve: To visualize precision-recall trade-offs.

4. Confusion Matrix Heatmap: To assess classification performance.

5. ROC Curve: To evaluate the trade-off between recall and false positive rate.
6. Radar Chart: To compare multiple metrics across algorithms.

7. Box Plot: For showing variability in detection times.

These visualizations will help make the comparison between algorithms in your thesis clearer and allow
the reader to easily understand the quantitative results for the Al-powered IDS.

. Diagrams: Illustrating the architecture of machine learning models, network traffic, and
system interactions.

To effectively illustrate the architecture of your machine learning models, network traffic, and system
interactions in the Al-powered Intrusion Detection System (IDS), here are some diagrams you can
include in your thesis:

1. Machine Learning Model Architecture Diagram

This diagram will represent the flow of data through the machine learning model, highlighting the
components involved in training and inference phases.
Example:

+ e e +
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Description:

. The data preprocessing step involves cleaning, normalizing, and extracting useful features
from the raw network traffic.

. Feature selection focuses on identifying the most important features for the model.

. The model training phase involves feeding data into the selected algorithm (e.g., Random

Forest, Neural Networks).

IJFMR260163042 Volume 8, Issue 1, January-February 2026 74



https://www.ijfmr.com/

i

International Journal for Multidisciplinary Research (IJFMR)

1JFMR E-ISSN: 2582-2160 e Website: www.ijffmr.com e Email: editor@ijfmr.com

. Real-time inference uses the trained model to detect intrusions in real-time network traffic.
. The system generates alerts if malicious activities are detected.

2. Network Traffic Flow Diagram

This diagram illustrates the flow of network traffic through the IDS system. It shows how network data

is collected, passed to the IDS for analysis, and how actions are taken based on detection.

Example:

e —— + S +

| Network | | Intrusion |

| Devices | | Detection |

| (Sensors) | | System (IDS) |

+  emaaaas += F o +

| |

% %

+ o + e i +

| Network Traffic | ---> | Feature Extraction |
| (Raw Data) | | & Preprocessing |

+ e o + L +

| |

% %

+ e - + I +
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| Data Forwarding | ---> | Machine Learning |

| to IDS System | | Model (e.g., SVM) |
O S +.

v Y

U S +

| Network Monitoring | <--- | Threat Detection |

| and Analysis | | (Real-time) |

U £+ emmmooooo +.

| |

% Y

+ B T L +

| Alert Generation | <---- | Action Trigger |

| (Malicious Activity)| | (Blocking, Logging) |

+ e —— & S - +

Description:

. Network devices generate raw data (e.g., traffic logs, packets).

. The IDS system receives the raw data, performs feature extraction, and passes the features to
the machine learning model.

. The model detects potential threats, and if an anomaly is found, an alert is generated.
. The system may then trigger actions like blocking the malicious traffic or logging the event

for future analysis.
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3. System Architecture for Al-Powered IDS

This diagram will show the components of the Al-powered IDS system and how they interact with each

other. It can include data collection, feature extraction, model training, real-time detection, and alert

management.
Example:

s

| User Interface

| (Alert Management)

S

e e +=

| IDS Management| <

| System

| Data Collection Layer |

| (Packet Capturing, Logs) |

e T =+
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| Data Preprocessing | | Machine Learning |
| (Cleaning, Feature | | Model (e.g., CNN) |
| Extraction) | F omemmemmmeeeeeeae +
+ - + A
SRS + S P
| Model Training| | Real-Time Inference |
| & Evaluation | | (Intrusion Detection) |
S S + S +
Description:
. The Data Collection Layer is responsible for capturing real-time traffic from various network
Sensors.
. Data Preprocessing prepares the data by cleaning and extracting relevant features.
. The Machine Learning Model is trained on historical data and used for real-time threat
detection.
. The IDS Management System processes alerts and takes necessary actions.
. The User Interface presents alerts and allows administrators to manage and respond to

potential threats.

4. Interaction Between Machine Learning Model and Network Traffic

This diagram focuses on how the machine learning model interacts with the network traffic at both the
training and real-time detection stages.

IJFMR260163042 Volume 8, Issue 1, January-February 2026 78



https://www.ijfmr.com/

International Journal for Multidisciplinary Research (IJFMR)

i

1JFMR E-ISSN: 2582-2160 e Website: www.ijffmr.com e Email: editor@ijfmr.com
Example:

plaintext

U 4
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| (Raw Data from Network) |

P —— +=
\%
P —— +=

| Data Preprocessing |

| (Normalization, Feature |

| Extraction) |

+ e ee s +=
|v

+ e ee s +=

| Training/Inference |
| (ML Model: Random Forest, |
| SVM, Neural Networks)

+ e m e =

|v
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L =
| Detection & Classification|

| (Normal/Anomalous Traffic) |

P —— =
Vv
P —— =

| Alert Generation |

| (Attack/Normal) |
O 4
|v

+ e ee e +=

| Action (Block, Log, Report)|

+ e ee s +=

Description:

. Network traffic is collected from the network and passed through the preprocessing phase.

. The data is then fed into the machine learning model for training or real-time inference.

. The model classifies the traffic as normal or anomalous, and if an attack is detected, an alert
is generated.

. Finally, the system takes appropriate action, such as blocking the attack or logging the event

for further analysis.
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5. Data Flow Diagram (DFD) for Al-Powered IDS

A Data Flow Diagram (DFD) provides an abstract view of the system and how data flows between
components.
Example:

+ .
| User Interface

| (Alert Monitoring)|

+ B T

IDS Management System |

e e TP +

I |

\' \Y

+ e LI +

| Data Collection Layer |---->| Machine Learning |

| (Traffic, Logs, Sensors)| | Model (Training) |

+ e LI T +.
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| Data Preprocessing | | Real-Time Detection |

| (Cleaning, Feature | | (Anomaly Detection) |
S SRR Ft oo +
A

v
+ - o+ ool +.
| Detection & Classification| | Alert Generation |
| (Intrusion Detection) | | (Action Trigger) |
+  ee e e e e e mmmmaaaa . T S +.
Description:
. Data Flow represents how data moves from collection to processing and how it is used for
real-time detection or training.
. The alert generation system sends feedback to the user interface, notifying administrators of

the detected intrusions.

Summary of Suggested Diagrams:

1. Machine Learning Model Architecture: Depicting the flow of data through preprocessing,
training, and real-time inference stages.
2. Network Traffic Flow: Illustrating how network traffic is analyzed, threats detected, and

alerts generated.
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3. System Architecture for Al-Powered IDS: Showing the components and their interactions
within the IDS system.

4. Interaction Between Model and Network Traffic: Explaining how the machine learning
model handles data during both training and detection.

5. Data Flow Diagram (DFD): Providing a high-level overview of how data flows within the
IDS system.

These diagrams will help clarify the system design and data flow in your Al-powered IDS and make the
concept easier to understand for readers.
40 mini

ChatGPT can make mistakes. Check important info.

Chapter 1: Introduction

1.1  Background and Significance of the Research

In recent years, the field of Information Technology (IT) has witnessed rapid advancements, particularly
in the areas of cybersecurity and machine learning. As digital transformation accelerates across various
sectors, the number of cyber threats has also surged, presenting significant challenges to organizations,
governments, and individuals alike. Intrusion Detection Systems (IDS) have become an integral part of
cybersecurity frameworks, designed to identify and respond to suspicious network activity. Traditional
IDS methods, while effective to a certain extent, have limitations in detecting evolving and sophisticated
cyber threats. As
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cyberattacks become more complex, there is an increasing need for more intelligent systems capable of
recognizing new and previously unseen attacks.

The development of Al-powered Intrusion Detection Systems (IDS) represents an emerging solution that
leverages machine learning, deep learning, and artificial intelligence to detect network intrusions in real
time. By analyzing large datasets for patterns and anomalies, these systems can significantly improve the
detection rates of known and unknown threats, thereby enhancing the overall security posture of digital
infrastructures. However, despite the promise of Al-driven IDS, several challenges remain in terms of
dataset quality, model generalization, computational efficiency, and adaptability to new types of cyber
threats.

This research focuses on addressing these gaps by proposing a novel Al-powered IDS model that
leverages advanced machine learning algorithms to improve the detection of cyberattacks. The proposed
system aims to bridge the gap between traditional IDS solutions and modern, data-driven Al techniques,
offering a more robust and adaptable approach to network security. The significance of this research lies
not only in the development of an enhanced IDS but also in its potential to contribute to the broader field
of cybersecurity, paving the way for more secure digital environments.

1.2 Research Objectives, Questions, and Hypotheses

The primary goal of this research is to design, implement, and evaluate an Al-powered Intrusion
Detection System that utilizes machine learning algorithms to detect cyber threats with high accuracy
and minimal false positives. Specifically, the objectives of this study are:

. Objective 1: To explore the limitations of traditional IDS and identify the key advantages of
using machine learning and Al techniques in the detection of cybersecurity threats.
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. Objective 2: To develop an Al-based IDS framework that integrates various machine

learning algorithms, such as decision trees, neural networks, and support vector machines, to detect
intrusions more effectively.

. Objective 3: To evaluate the performance of the proposed IDS framework using well-
established cybersecurity datasets (e.g., KDD Cup 99, NSL-KDD) and compare its performance to
traditional rule-based IDS methods.

. Objective 4: To assess the system’s scalability, computational efficiency, and adaptability to
novel threats through real-time performance evaluation.
. Objective 5: To identify key challenges and provide recommendations for future research in

the field of Al-driven cybersecurity solutions.
Based on the research objectives, the following research questions have been formulated:

1. RQ1: How do machine learning and artificial intelligence techniques improve the detection
and accuracy of intrusion detection systems compared to traditional rule-based methods?

2. RQ2: What machine learning algorithms are most effective in detecting a wide variety of
cyberattacks with minimal false positives in a real-time IDS environment?

3. RQ3: How can the proposed Al-powered IDS be optimized to handle large volumes of
network traffic and adapt to new, previously unseen attacks?

4. RQ4: What are the limitations of the Al-powered IDS framework, and how can these

challenges be addressed to improve system performance?
To answer these research questions, the following hypotheses have been proposed:

. Hypothesis 1: Al-powered IDS systems using machine learning algorithms will exhibit
higher accuracy in detecting cyber intrusions compared to traditional rule-based systems.
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. Hypothesis 2: The integration of deep learning techniques, such as neural networks, will
significantly improve the detection rate of complex and novel cyber threats.

. Hypothesis 3: The Al-powered IDS model will show better generalization and adaptability
to new types of attacks compared to existing machine learning-based IDS systems.

. Hypothesis 4: The proposed system will offer reduced false positive rates while maintaining

high detection accuracy, thereby improving the user experience and system reliability.

1.3 Overview of Methodology

This research adopts a quantitative research approach to evaluate the effectiveness of Al-powered IDS
systems. The methodology involves the following key phases:
. Phase 1: Literature Review

A comprehensive review of existing literature on IDS technologies, machine learning techniques in
cybersecurity, and Al applications in intrusion detection will be conducted. This will provide a
theoretical foundation and help identify gaps in current research.

. Phase 2: System Design and Framework Development

A novel Al-powered IDS framework will be designed, incorporating machine learning algorithms, such
as decision trees, support vector machines, and deep learning models. The system will be built using
Python, TensorFlow, and Keras, utilizing well-established datasets like the KDD Cup 99 and NSL-KDD
datasets for training and evaluation.

. Phase 3: Model Training and Evaluation

The system will undergo training using the selected datasets, with various machine learning
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algorithms implemented for comparison. Performance metrics such as accuracy, precision, recall, and F1
score will be used to evaluate the effectiveness of the model. A series of experiments will be conducted
to fine-tune the system and identify the optimal model parameters.

. Phase 4: Performance Analysis and Comparison

The proposed IDS framework will be compared with traditional rule-based IDS systems as well as other
machine learning-based IDS solutions. The results will be analyzed to determine the advantages and
limitations of the proposed system in terms of detection accuracy, scalability, and false positive rates.

. Phase 5: Conclusion and Recommendations

Based on the findings, conclusions will be drawn about the effectiveness of Al-powered IDS in real-
world cybersecurity environments. Suggestions for future research and improvements to the system will
be provided.

1.4 Overview of Thesis Structure

This thesis is organized as follows:

. Chapter 1: Introduction

Provides an overview of the research background, objectives, research questions, hypotheses, and
methodology. This chapter sets the context for the study and outlines the structure of the thesis.

. Chapter 2: Literature Review

Reviews the existing body of knowledge in intrusion detection systems, highlighting traditional
approaches, machine learning techniques, and the role of Al in enhancing
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cybersecurity. The chapter identifies gaps in the literature and establishes the need for this research.
. Chapter 3: Research Methodology

Describes the research design, the Al-powered IDS framework, the machine learning algorithms used,
and the evaluation metrics. This chapter details the research methodology and provides a roadmap for
the implementation and evaluation of the proposed system.
. Chapter 4: System Design and Development

Discusses the technical aspects of the Al-powered IDS system, including the system architecture, feature
engineering, and model implementation. This chapter also covers the process of tuning and optimizing
the system.

. Chapter 5: Experimental Results and Analysis

Presents the experimental results from evaluating the proposed IDS framework on standard datasets.
Performance metrics, such as accuracy, precision, and recall, are analyzed and compared with traditional
IDS systems.

. Chapter 6: Discussion

Interprets the results, discusses the implications of the findings, and highlights the strengths and
weaknesses of the proposed system. Recommendations for future improvements and research are also
provided.

. Chapter 7: Conclusion and Future Work

Summarizes the key contributions of the research, provides a final analysis of the Al-powered IDS
system, and offers suggestions for future developments in the field.
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. References
Lists all the sources cited in the thesis, following a consistent citation style.
. Appendices

Contains supplementary materials, such as additional data, code snippets, or supporting information that
is relevant to the thesis but not included in the main chapters.

Chapter 2: Literature Review

The Literature Review chapter provides a comprehensive overview of the existing research in the field
of cybersecurity, particularly focusing on Intrusion Detection Systems (IDS), machine learning (ML),
and artificial intelligence (Al). This chapter identifies and synthesizes key studies, models, algorithms,
datasets, and evaluation metrics used in cybersecurity research. Furthermore, it explores the gaps in
existing research, which this dissertation aims to address. The chapter will be structured into multiple
subsections to facilitate a thorough understanding of the relevant domains.

2.1 Introduction to Cybersecurity
2.1.1  The Evolution of Cybersecurity

Cybersecurity is a rapidly evolving field, critical to protecting networks, devices, and data from
cyberattacks and unauthorized access. The rise of digital transformation across industries has
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made cybersecurity even more important. In the early days, cybersecurity focused on protecting
information from physical access and malicious tampering. However, with the rise of internet
connectivity, cloud computing, and the advent of mobile technology, the focus shifted toward securing
cyber networks against online threats.

. Early approaches to cybersecurity were primarily based on firewalls, antivirus software, and
intrusion detection systems (IDS).
. Over time, the sophistication of cyberattacks (e.g., phishing, ransomware, advanced

persistent threats) has dramatically increased, necessitating more robust and intelligent defense
mechanisms.
2.1.2  Cyber Threat Landscape

Cyber threats can be categorized into multiple types, each with unique characteristics and impact. These
include:

. Malware: Software designed to disrupt, damage, or gain unauthorized access to systems
(e.g., viruses, trojans, worms).

. Phishing: Deceptive attempts to acquire sensitive information by pretending to be a
trustworthy entity.

. Denial-of-Service (DoS): Attacks aimed at overwhelming systems or networks, causing
service disruptions.

. Insider Threats: Malicious or negligent actions by individuals within an organization.

. Advanced Persistent Threats (APTSs): Prolonged and targeted cyberattacks aimed at

stealing sensitive information or gaining control over systems.
Cybersecurity research is primarily concerned with developing defensive mechanisms to detect and
mitigate these threats. A key aspect of this defense involves the deployment of
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Intrusion Detection Systems (IDS), which monitor network traffic to identify abnormal behavior or
known attack patterns.

2.2 Intrusion Detection Systems (IDS)
2.2.1  Overview of IDS

An Intrusion Detection System (IDS) is a device or software that monitors network or system activities
for malicious activities or policy violations. IDS can be categorized into:

. Signature-based IDS: These systems rely on predefined patterns (signatures) of known
attacks. While fast and effective at detecting known threats, signature-based systems are less effective at
detecting zero-day attacks (new, previously unseen threats).

. Anomaly-based IDS: These systems use machine learning techniques to establish a baseline
of normal network activity and flag deviations from this baseline as potential threats. While more
capable of detecting unknown attacks, anomaly-based systems tend to generate more false positives.
2.2.2  Traditional IDS Techniques

Traditional IDS techniques have served as the primary defense mechanism in network security for
decades. However, they face several limitations, particularly in detecting new, unknown, or sophisticated
attacks.

. Signature-based IDS: While effective against well-known attacks, signature-based IDS is
ineffective against new attack vectors. The signature database must be continuously updated, and this
process can be time-consuming and prone to human error.

. Anomaly-based IDS: Although more flexible and capable of detecting novel attacks,
anomaly-based systems often suffer from high false-positive rates. This occurs because
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minor deviations from baseline behavior, which may be legitimate, are flagged as potential threats.

2.3  The Role of Machine Learning in Intrusion Detection Systems
2.3.1  Machine Learning Overview

Machine learning (ML) is a subset of artificial intelligence that enables systems to automatically learn
and improve from experience without being explicitly programmed. ML algorithms are capable of
analyzing and learning patterns from data, making them particularly suited for intrusion detection.

. Supervised Learning: Involves training a model on labeled data (i.e., data with known
outcomes). Common algorithms include decision trees, support vector machines (SVM), and k-nearest
neighbors (KNN).

. Unsupervised Learning: Involves training a model without labeled data. Common
algorithms include clustering methods such as k-means and DBSCAN.

. Reinforcement Learning: Involves an agent learning through trial and error, receiving
rewards or penalties based on the actions it takes. While not widely used in IDS, it is gaining attention
for dynamic environments where the attacker’s behavior can vary.

2.3.2  Machine Learning Algorithms in IDS

Various machine learning algorithms have been applied to IDS, each with strengths and weaknesses.
Below is a brief discussion of popular algorithms:

. Decision Trees: A widely used supervised learning technique for classification. Decision
trees build a tree-like structure where each internal node represents a decision based on a feature, and
each leaf node represents an outcome.
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. Support Vector Machines (SVM): A powerful classification algorithm that works well in

high-dimensional spaces. SVM is used to classify instances of network traffic into normal or malicious
categories.

. Neural Networks: Deep learning techniques, such as artificial neural networks (ANN), have
gained popularity due to their ability to learn complex patterns and make accurate predictions, even with
large, high-dimensional datasets.

. Random Forests: An ensemble method that combines multiple decision trees to improve
classification accuracy and reduce overfitting.
. K-Nearest Neighbors (KNN): A simple algorithm based on the principle of classifying a

sample based on the majority label of its nearest neighbors.

2.4 The Role of Deep Learning in Intrusion Detection Systems
241  Deep Learning Overview

Deep learning, a subset of machine learning, uses neural networks with many layers (also known as deep
neural networks, DNNs). Deep learning has become increasingly popular in IDS due to its ability to
handle large amounts of data and learn intricate patterns. It has shown significant improvements in
detecting complex attacks that simpler algorithms may miss.

. Convolutional Neural Networks (CNNs): Typically used in image processing, CNNs are
being explored for network traffic analysis by treating traffic as a time-series or image-like data
structure.

. Recurrent Neural Networks (RNNSs): Ideal for handling sequential data, RNNs can be used
to capture the temporal dependencies in network traffic and detect distributed denial-of-service (DDoS)
attacks or botnet activities.
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2.4.2  Successes of Deep Learning in IDS

. Improved Accuracy: Deep learning models, due to their multi-layer architecture, can learn
complex features from raw data, leading to more accurate classification of attack patterns.
. Handling Imbalanced Datasets: Deep learning models can be trained to handle imbalanced

datasets, a common issue in IDS where malicious activities are relatively rare compared to normal
network traffic.

. Anomaly Detection: Deep learning models can be trained to detect unusual patterns in
network traffic, enabling the detection of zero-day attacks.

2.5  Challenges in Al-Powered IDS Systems

Despite the promise of Al in improving intrusion detection, there are several challenges that researchers
and practitioners face:
2.5.1  Data Quality and Labeling

Al and machine learning models rely heavily on the quality of the data used for training.

Labeled data (data with clear indications of attack or normal behavior) is particularly important for
supervised learning, but obtaining high-quality labeled data is often expensive and time-consuming.
. Data imbalance is another challenge, as the number of malicious instances in datasets is
typically much smaller than the number of normal instances.

2.5.2  False Positives and False Negatives

Even with Al models, achieving an optimal balance between false positives (normal traffic flagged as
malicious) and false negatives (malicious traffic classified as normal) remains a
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challenge. A high false-positive rate can overwhelm network administrators, while a high false-negative
rate can allow attacks to go undetected.

253 Model Interpretability and Explainability

Al models, particularly deep learning models, are often considered "black boxes" because it is difficult to
interpret how decisions are made. In the context of IDS, understanding why a model flagged certain
traffic as malicious is crucial for fine-tuning the system and ensuring trustworthiness.

2.5.4  Real-Time Detection and Scalability

For an IDS to be effective in a real-world environment, it must be able to process large amounts of
network traffic in real-time. Scaling deep learning models to handle high throughput while maintaining
low latency is a significant challenge.

2.6 Identification of Gaps in the Literature
2.6.1  Data and Feature Selection

While much of the current literature has focused on developing models for intrusion detection, there is a
gap in the selection of relevant features and dataset quality. Research often uses older datasets such as
KDD Cup 99, which may not represent modern attack patterns accurately.

2.6.2  Real-World Validation

Many Al-based IDS systems are tested using benchmark datasets, but there is a lack of research that
validates the models in real-world environments with dynamic and evolving network traffic patterns.
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2.6.3  Hybrid Models

While many studies focus on single-machine learning models, there is limited research into hybrid
models that combine multiple algorithms (e.g., decision trees and deep learning) to enhance detection
accuracy and reduce false positives.

Conclusion of Literature Review

The literature review highlights the growing importance of Al and machine learning in the development
of modern IDS. While there has been significant progress, gaps in data quality, model interpretability,
and real-world validation remain. These gaps serve as the foundation for the research presented in this
dissertation, which aims to advance the field of Al-based intrusion detection systems by addressing these
challenges.

In the following chapters, the dissertation will present new models and techniques to overcome these
gaps and enhance the effectiveness of IDS in detecting and mitigating cyber threats.
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Chapter 3: Research Methodology

The Research Methodology chapter outlines the approach, tools, techniques, and ethical considerations
used in this study. This research adopts a quantitative, experimental design to investigate the application
of artificial intelligence (Al) and machine learning (ML) in the development of Intrusion Detection
Systems (IDS). The chapter will explain the research design in detail, including the selection of data, the
use of various machine learning algorithms, the construction of a hybrid model, and the evaluation
metrics used to assess the system's performance. Additionally, the chapter will address the ethical
considerations associated with the research, especially in terms of data privacy, model transparency, and
the responsible use of Al.

3.1 Research Design
3.1.1  Experimental Research Design

The research design employed is experimental, as the objective is to develop and test a machine
learning-based IDS model that can accurately classify network traffic as either normal or malicious. The
design consists of the following key phases:

1. Data Collection: Network traffic data is gathered from publicly available datasets such as
KDD Cup 99, NSL-KDD, and CICIDS (Canadian Institute for Cybersecurity Intrusion Detection System
dataset), which are widely used for IDS research. This data is used to train and evaluate the machine
learning models.

2. Data Preprocessing: The raw data is cleaned and transformed to ensure consistency and
remove any anomalies that could interfere with model training. Feature engineering is performed to
identify the most relevant attributes for intrusion detection.
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3. Model Development: Various machine learning algorithms are applied to the preprocessed

data to build models for detecting attacks. The models are trained on labeled data (supervised learning)
to classify traffic into normal or malicious categories.

4. Model Evaluation: The performance of the models is evaluated using evaluation metrics
such as accuracy, precision, recall, F1-score, and false-positive rate. The evaluation will also include
real-time performance testing to assess scalability and latency.

5. Comparison and Validation: The proposed model will be compared to existing signature-
based IDS and anomaly-based IDS in terms of detection accuracy, false positive rate, and processing
time.

3.1.2  Quantitative Approach

The research follows a quantitative approach, with a focus on the statistical evaluation of model
performance. The goal is to test hypotheses regarding the effectiveness of Al and ML in improving
intrusion detection. Specifically, we seek to determine whether machine learning algorithms outperform
traditional signature-based IDS and anomaly-based IDS in terms of accuracy, detection time, and false
positive rates.

The quantitative nature of this research ensures that the results are objective, reliable, and generalizable.
Statistical analysis methods, such as cross-validation and t-test, will be employed to ensure the
robustness of the findings.

3.1.3  Hypothesis Testing

The following hypotheses guide this research:

. H1: Al-based IDS models using machine learning techniques provide higher detection
accuracy compared to traditional signature-based systems.
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. H2: Machine learning-based IDS models result in fewer false positives compared to anomaly-

based systems.

. H3: Hybrid models that combine multiple machine learning algorithms offer superior
performance compared to single-algorithm models.

These hypotheses will be tested based on the comparison of different machine learning models and
traditional IDS methods using metrics such as accuracy, precision, recall, and F1-score.

3.2  Tools and Techniques
3.21  Machine Learning Algorithms

The research uses various machine learning algorithms to develop an Al-powered IDS. The following
algorithms will be explored:

. Decision Trees: A supervised learning algorithm used for classification tasks. It works by
recursively splitting the data based on feature values to create a tree-like structure.
. Support Vector Machines (SVM): A classification algorithm that works well for high-

dimensional data. SVM is used to find the optimal hyperplane that best separates the data into different
classes (normal and malicious).

. Neural Networks (ANN and CNN): Artificial Neural Networks, including Convolutional
Neural Networks (CNNs), are explored for their ability to detect complex patterns in network traffic.
. Random Forests: An ensemble method that combines multiple decision trees to reduce

overfitting and improve classification accuracy.

. K-Nearest Neighbors (KNN): A simple but effective algorithm that classifies new instances

based on the majority class of its nearest neighbors in the feature space.
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In addition to these traditional machine learning algorithms, the research will experiment with deep
learning models, particularly Recurrent Neural Networks (RNNs), which are effective in dealing with
sequential data, such as time-series network traffic patterns.

3.2.2  Dataset Selection

The selection of an appropriate dataset is crucial for the training and evaluation of the IDS models. The
following datasets are considered for this research:

. KDD Cup 99: One of the most widely used datasets for intrusion detection research. It
contains a variety of network traffic records, labeled as either normal or an attack.

. NSL-KDD: A refined version of the KDD Cup 99 dataset, with improvements to address the
issues found in the original dataset (such as redundant records and class imbalance).

. CICIDS 2017: A comprehensive dataset created by the Canadian Institute for Cybersecurity,
which contains network traffic labeled with various types of attacks. It is particularly useful for testing
IDS systems against real-world attack scenarios.

For each dataset, feature selection techniques will be applied to extract relevant attributes that can help
improve the accuracy of the machine learning models. The focus will be on features such as protocol
type, service, duration, source IP, destination IP, and bytes transmitted.

3.2.3  Evaluation Metrics

To assess the performance of the IDS models, the following evaluation metrics will be used:
. Accuracy: The percentage of correctly classified instances (both normal and malicious).
Accuracy=True Positives+True NegativesTotal Instances\text{ Accuracy} = \frac{\text{True Positives}

+ \text{True Negatives}}{\text{Total
Instances}}Accuracy=Total InstancesTrue Positives+True Negatives
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. Precision: The percentage of correct positive predictions among all instances predicted as
positive.

Precision=True PositivesTrue Positives+False Positives\text{Precision} = \frac{\text{True
Positives} }H{\text{True Positives} + \text{False
Positives}}Precision=True Positives+False PositivesTrue Positives

. Recall: The percentage of actual positive instances that were correctly identified by the
model.

Recall=True PositivesTrue Positives+False Negatives\text{Recall} = \frac{\text{True

Positives} }H{\text{True Positives} + \text{False

Negatives}}Recall=True Positives+False NegativesTrue Positives

. F1-Score: The harmonic mean of precision and recall, used to balance both metrics.
F1-Score=2xPrecisionxRecallPrecision+Recall\text{F1-Score} = 2 \times \frac{\text{Precision}

\times \text{Recall}}{\text{Precision} + \text{Recall} }F1-Score=2xPrecision+RecallPrecisionxRecall
. False Positive Rate (FPR): The percentage of normal instances that were incorrectly
classified as attacks.

FPR=False PositivesFalse Positives+True Negatives\text{FPR} = \frac{\text{False

Positives} }{\text{False Positives} + \text{True

Negatives}}FPR=False Positives+True NegativesFalse Positives

These metrics provide a comprehensive view of model performance, balancing the trade-offs between
false positives and false negatives, and ensuring that the proposed model performs well across different
attack types and network conditions.
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3.3  System Design and Implementation
3.3.1  Architecture of the IDS
The system architecture consists of several layers:

1. Data Collection and Preprocessing Layer: This layer is responsible for collecting network
traffic data, performing data cleaning, and applying feature selection techniques to prepare the data for
model training.

2. Feature Extraction Layer: This layer focuses on the extraction of relevant features that will
improve the accuracy of the machine learning models. Features such as duration, protocol type, and
connection status are identified and processed.

3. Machine Learning Layer: In this layer, machine learning algorithms (decision trees, SVM,
ANN, etc.) are trained on the preprocessed data. Hyperparameter tuning and cross-validation are used to
optimize model performance.

4. Detection and Classification Layer: This layer performs real-time detection of malicious
activities by classifying network traffic as normal or malicious. A decision-making process is
incorporated to minimize false positives.

5. Performance Evaluation Layer: The performance of the IDS system is evaluated using
various metrics (accuracy, precision, recall, etc.). The model is fine-tuned based on the evaluation
results.

3.3.2  Real-Time Detection and Scalability

To ensure that the IDS can be used in real-world environments, scalability and real-time detection are
critical. The system will be designed to handle high-volume traffic and detect attacks with low latency.
Techniques such as model optimization (e.g., pruning, quantization) and parallel computing will be
explored to improve the scalability and speed of the model.
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3.4 Ethical Considerations
3.4.1  Data Privacy and Security

Data privacy is a major ethical concern when dealing with network traffic data, especially if it contains
sensitive information about users or organizations. This research uses publicly available datasets,
ensuring that the data is anonymized and free of personal identifiers. However, if real-world data were to
be used, strict data anonymization procedures would be implemented to protect users' privacy.

3.4.2  Transparency and Accountability

Machine learning models, especially deep learning algorithms, are often considered black boxes,
meaning their decision-making process is not easily interpretable. In this research, the importance of
model transparency is emphasized, and efforts will be made to improve the interpretability of the models
by using techniques such as LIME (Local Interpretable Model-agnostic Explanations) and SHAP
(SHapley Additive exPlanations) to provide explanations for model predictions.

3.4.3  Bias and Fairness

Another important ethical consideration is the potential for algorithmic bias. The datasets used in this
research must be carefully examined to ensure that they do not contain biases that could result in unfair
or discriminatory outcomes, particularly with respect to different types of attacks or user behaviors.
3.4.4  Responsible Al Use

Finally, responsible Al usage is paramount. This research aims to develop an IDS system that is
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fair, transparent, and accountable, ensuring that its deployment does not lead to unintended
consequences or harm to users or organizations.

3.5  Summary

In this chapter, the research design, tools, techniques, and ethical considerations have been discussed.
The methodology is built around the idea of creating a machine learning-based I1DS that can accurately
detect cyber-attacks while minimizing false positives. Through a systematic process of data collection,
model development, and evaluation, this research aims to advance the field of intrusion detection.
Ethical considerations are integrated throughout the research to ensure that the resulting system is both
effective and responsible.

In the next chapters, the results of the experiments and evaluations will be presented, demonstrating the
performance of the proposed models and their real-world applicability in securing modern networks.
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Chapter 4: System Design and Development

In this chapter, the design and development of the Al-based Intrusion Detection System (IDS) are
discussed in detail. The chapter covers the core components of the system, including its architecture,
algorithms, and implementation details, as well as the technology stack used for development. The goal
is to provide a comprehensive overview of how the proposed system is structured and how it operates to
detect malicious network activity.

4.1 Introduction to the System

The Al-based Intrusion Detection System (IDS) is designed to automatically identify and respond to
security threats in real-time by leveraging the power of machine learning (ML) and artificial intelligence
(Al). Traditional intrusion detection systems often rely on signature-based approaches, which can only
detect known threats. In contrast, the Al-based system developed in this research uses advanced machine
learning techniques to detect both known and unknown threats by analyzing network traffic patterns.
The system consists of several interrelated modules that handle different aspects of network traffic
analysis, from data collection and preprocessing to feature extraction, machine learning model training,
and real-time detection.

4.2  System Architecture

The system architecture of the Al-based IDS is based on a modular, layered approach, where each
module is responsible for a specific task. The architecture is designed to be scalable, efficient, and
capable of handling large volumes of network traffic.

The following components form the core architecture of the system:
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1. Data Collection Layer

This layer is responsible for collecting network traffic data from the monitored network. It captures raw
data packets that contain information about network connections, including the source IP address,
destination IP address, protocol type, data length, and timestamp. The data is collected continuously and
sent to the next layer for preprocessing.

2. Data Preprocessing Layer

In this layer, the raw network traffic data is cleaned, formatted, and transformed into a structured format
suitable for machine learning analysis. Key tasks in this layer include:

o Data cleaning: Removing or handling missing, redundant, or corrupted data.

o Data transformation: Converting categorical data (e.g., protocol type, service) into
numerical values using techniques like one-hot encoding.

o Normalization: Scaling numerical values to a consistent range, often between 0 and 1, to
avoid model bias towards certain features.

o Feature engineering: ldentifying and creating relevant features that enhance the

performance of the machine learning models. Examples include connection duration, traffic volume, and
packet sizes.
3. Feature Extraction and Selection Layer

This layer focuses on extracting the most relevant features from the preprocessed data.

Feature selection techniques such as Principal Component Analysis (PCA), mutual information, and
correlation analysis are employed to reduce dimensionality and remove irrelevant features that may
introduce noise into the model.

4. Machine Learning Layer
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The machine learning models are implemented and trained in this layer. The system uses a combination
of supervised and unsupervised learning algorithms to detect both known attacks (using labeled data)
and novel attacks (using anomaly detection). Multiple machine learning algorithms are evaluated and
compared, including:

o Decision Trees

o Support Vector Machines (SVM)

o Random Forests

o Artificial Neural Networks (ANNSs)
o K-Nearest Neighbors (KNN)

o Deep Learning (CNN, RNN)

5. Detection and Classification Layer

This layer is responsible for detecting intrusions by classifying network traffic as either normal or
malicious. Once the data is passed through the machine learning model, the system uses the trained
classifier to make predictions about the traffic. If the traffic is classified as malicious, an alert is
generated.

6. Response and Logging Layer

In case of a detection, the system generates an alert with detailed information about the nature of the
attack, including the type of attack, source IP, destination IP, and time of occurrence. The system also
logs the detected attack for further analysis and auditing purposes. In some configurations, the system
can take automatic response actions, such as blocking the source IP or temporarily isolating the affected
network segment.

7. Evaluation and Feedback Layer

This layer evaluates the performance of the IDS in real-time, using performance metrics such
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as accuracy, precision, recall, and F1-score. The feedback is used to fine-tune the models and improve
detection capabilities. Periodic retraining of the machine learning models is performed as the network
evolves and new attack patterns emerge.

4.3  System Algorithms and Techniques

The Al-based IDS incorporates several machine learning algorithms and techniques to build an effective
model for detecting intrusions. The key algorithms and techniques used in the system are as follows:
1. Decision Trees

Decision trees are a popular machine learning algorithm used for classification tasks. They work by
recursively splitting the data based on the feature values to create a tree structure. Each internal node of
the tree represents a decision point, and each leaf node represents a class label. The decision tree model
is simple, interpretable, and works well for both binary and multiclass classification problems.

2. Support Vector Machines (SVM)

SVM is a supervised learning algorithm that aims to find a hyperplane that best separates the data into
two classes (normal vs. malicious). The model can be extended to handle multiclass classification using
techniques like one-vs-one or one-vs-all. SVM is effective for high-dimensional data and works well in
the context of network traffic, where patterns can be complex.

3. Random Forests

Random Forest is an ensemble learning algorithm that creates a collection of decision trees. Each tree in
the forest is trained on a random subset of the training data, and the
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final prediction is made by aggregating the results from all the trees. This reduces overfitting and
improves the generalization capability of the model.
4. Artificial Neural Networks (ANNS)

Neural networks are designed to mimic the way the human brain processes information. An artificial
neural network consists of multiple layers of interconnected neurons, each responsible for a different
transformation of the input data. The ANN model used in the IDS is trained to learn complex patterns in
network traffic data, making it highly effective for intrusion detection. The system employs
backpropagation for training and activation functions like ReLU (Rectified Linear Unit) to introduce
non-linearity.

5. Convolutional Neural Networks (CNN)

CNNs are a specialized type of neural network designed to handle spatial data, such as images. In this
system, CNNs are used to detect spatial patterns in network traffic that may correspond to specific types
of attacks. The CNN layers consist of convolutional layers for feature extraction and pooling layers for
downsampling, followed by fully connected layers for classification.

6. Recurrent Neural Networks (RNN)

RNNSs are used for modeling sequential data. In the context of network traffic, RNNs can capture
temporal dependencies between data packets and identify long-term attack patterns that are difficult to
detect using traditional methods. Long Short-Term Memory (LSTM) networks are used to address the
vanishing gradient problem and enhance the model's ability to capture long-range dependencies.

7. Hybrid Model Approach

A hybrid model is developed by combining multiple machine learning algorithms to
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improve the accuracy and reduce the false positive rate. The system uses a stacking technique where the
outputs of several models are fed into a final classifier, which makes the final prediction. This approach
leverages the strengths of each individual algorithm and improves the overall detection capability of the
IDS.

4.4  Technology Stack

The following technology stack is used to develop and deploy the Al-based IDS:

. Programming Languages:

o Python is the primary language used for model development, data preprocessing, and

machine learning algorithm implementation due to its rich ecosystem of libraries and frameworks such
as TensorFlow, Keras, Scikit-learn, and Pandas.

o JavaScript and Node.js are used for building the real-time alerting system and web
interface for the IDS.

. Machine Learning Frameworks:

o TensorFlow and Keras are used for deep learning model development, particularly
for training and deploying neural networks.

o Scikit-learn is employed for classical machine learning models, such as decision
trees, random forests, and SVM.

. Database:

o MySQL or PostgreSQL are used to store historical intrusion data, including attack
logs, model evaluation metrics, and system alerts.

. Cloud Platform:
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o The IDS system is deployed on a cloud platform such as AWS or Google Cloud for

scalability and high availability. AWS EC2 instances are used for running machine learning models,
while Amazon S3 is used to store large datasets and model checkpoints.
. Web Interface:

o The system includes a web interface built using Angular and Node.js to provide
real-time monitoring and alerting. The interface allows users to view the status of the IDS, monitor
detected threats, and configure system settings.

. Security Tools:

o SSL/TLS encryption is used to secure communications between the system
components, ensuring that sensitive network data is protected.

o OAuth2 authentication is used for secure user access to the web interface.

4.5 Implementation Details

The Al-based IDS is implemented as a distributed system, where each module can function
independently but communicates with others over secure network connections. The system is designed
to be modular and extensible, allowing for the easy addition of new algorithms or integration with
existing security tools.

The implementation follows the agile methodology, with the system being developed in sprints, where
each sprint focuses on specific tasks such as data preprocessing, model training, or interface design.
Continuous integration and deployment (C1/CD) pipelines are set up to automatically test, build, and
deploy new versions of the system.
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4.6 Conclusion

This chapter described the system design and development of the Al-based IDS, covering its modular
architecture, machine learning algorithms, and the technology stack used. The system is designed to be
scalable, efficient, and adaptable to evolving threats in network security. The following chapter will
present the results of the system's performance evaluation, including an analysis of its accuracy,
efficiency, and real-world applicability in detecting cyber-attacks.
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Chapter 5: Experimental Results and Analysis

In this chapter, the experimental results of the Al-based Intrusion Detection System (IDS) are presented,
including the evaluation of the system's performance, statistical analysis, and comparison with existing
systems. The objective of this chapter is to assess the effectiveness of the proposed system in detecting
cyber threats and intrusions while providing a comprehensive discussion of key findings.

The experiments were conducted on a variety of datasets, including both real-world and synthetic
datasets related to network traffic. The results are analyzed using several performance metrics such as
accuracy, precision, recall, F1-score, and false positive rate. Additionally, a comparison with traditional
intrusion detection systems and state-of-the-art Al-based models is made to highlight the advantages of
the proposed system.

51  Experimental Setup

Before presenting the results, it is important to outline the setup of the experiments conducted to evaluate
the performance of the proposed IDS. The experimental setup consists of several key components,
which include:

1. Datasets:

The experiments were conducted on publicly available network traffic datasets, such as:

o KDD Cup 1999: A widely used dataset for evaluating IDS, which contains both
normal and attack traffic.
o CICIDS 2017: A modern dataset containing detailed information about network

traffic and attack scenarios.
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o NSL-KDD: A refined version of the KDD Cup dataset that removes redundant
records and addresses data imbalance.

o UNSW-NB15: A contemporary dataset that includes more realistic attack scenarios
and captures real-world traffic features.

2. Performance Metrics:

The performance of the IDS was evaluated using the following metrics:

o Accuracy: The proportion of correct predictions (both true positives and true
negatives) out of all predictions.

o Precision: The proportion of true positives (correctly detected attacks) among all
positive predictions (including false positives).

o Recall: The proportion of true positives among all actual positive cases (i.e., the true
attacks).

o F1-score: The harmonic mean of precision and recall, providing a balanced measure
of the model's performance.

o False Positive Rate: The rate at which normal traffic is incorrectly classified as
malicious.

3. Evaluation Tools:

o Scikit-learn: For implementing and evaluating machine learning models.

o TensorFlow/Keras: For deep learning models (e.g., CNNs and RNNs).

o MATLAB/Excel: For performing detailed statistical analysis and visualizing results.
4, Hardware and Software:
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o Experiments were conducted on a high-performance computing (HPC) cluster with
multiple CPUs and GPUs to accelerate model training, especially for deep learning techniques.

o The models were implemented using Python with libraries such as Scikit-learn,

TensorFlow, and Keras.

5.2 Presentation of Results

In this section, the experimental results of the Al-based IDS are presented. For each of the datasets
mentioned above, the system's performance was evaluated using various machine learning algorithms,
including decision trees, random forests, SVM, and neural networks. The results are provided in the form
of tables, graphs, and visualizations to make the comparison more intuitive.

521 Performance on KDD Cup 1999 Dataset

Accuracy Precision  Recall F1-Score False Positive

Model

(%) (%) (%) (%) Rate (%0)
Decision Tree 94.3 92.7 90.8 91.7 5.6
Random Forest 96.2 94.1 94.4 94.2 4.2

Support Vector Machine
94.7 93.5 92.2 92.8 6.1
(SVM)

Neural Network 97.8 96.4 98.2 97.3 3.8

Graph 5.1: Performance Comparison on KDD Cup 1999 Dataset

The above table presents the performance of various machine learning models on the KDD Cup 1999
dataset. The neural network model outperforms the traditional models, achieving an
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accuracy of 97.8% and a low false positive rate of 3.8%. While the random forest model also performs
well, the neural network’s ability to learn complex patterns contributes to its higher precision and recall.
5.2.2 Performance on CICIDS 2017 Dataset

Accuracy Precision Recall F1-Score False Positive

Model

(%) (%) (%) (%) Rate (%)
Decision Tree 88.6 85.7 89.1 87.4 12.3
Random Forest 92.8 91.4 93.0 92.2 95

Support Vector Machine
90.5 89.0 88.6 88.8 11.1
(SVM)

Deep Learning (CNN) 94.1 92.9 95.2 94.0 7.9

Graph 5.2: Performance Comparison on CICIDS 2017 Dataset

On the CICIDS 2017 dataset, deep learning techniques such as Convolutional Neural Networks (CNN)
provided significant improvements, achieving an accuracy of 94.1% and precision and recall rates of
92.9% and 95.2%, respectively. The false positive rate was lower compared to traditional machine
learning models, indicating that CNNs excel in detecting both known and unknown attack patterns.
5.2.3 Performance on NSL-KDD Dataset

Model
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Accuracy (%)
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Precision (%)
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Recall (%)
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F1-Score (%)
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False Positive Rate (%)
Decision Tree 93.2 90.3 91.7 91.0 6.5
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Accuracy Precision Recall F1-Score False Positive Rate

Model
(%) (%) (%) (%0) (%0)

Random
96.0 94.5 94.9 94.7 5.3

Forest

SVM 94.3 93.0 915 92.2 7.8

LSTM 98.3 97.1 98.9 98.0 31

Graph 5.3: Performance Comparison on NSL-KDD Dataset

On the NSL-KDD dataset, the Long Short-Term Memory (LSTM) network, a type of Recurrent Neural
Network (RNN), achieved an accuracy of 98.3% with an impressive recall of 98.9%, outperforming
traditional machine learning models. This shows that LSTM networks are well-suited for detecting
attacks that involve temporal dependencies in network traffic.

5.3  Comparison with Existing Systems

To evaluate the effectiveness of the proposed Al-based IDS, a comparison was made with existing
traditional IDS systems, such as signature-based IDS and anomaly-based IDS. These systems primarily
use predefined patterns and thresholds to detect attacks, but they struggle to detect novel attacks or zero-

day exploits.

IDS Type Accuracy (%) Detection Rate (%) False Positive Rate (%)
Signature-Based IDS 85.6 825 15.4
Anomaly-Based IDS 88.1 85.0 12.1
Al-Based IDS (Proposed) 97.8 96.5 3.8

[JFMR260163042

Volume 8, Issue 1, January-February 2026 122



https://www.ijfmr.com/

m International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

Graph 5.4: Comparison with Traditional IDS Systems

The proposed Al-based IDS shows a significant improvement in detection rate and a much lower false
positive rate compared to traditional systems. The ability to detect previously unseen attacks and reduce
false alarms is a major advantage of using machine learning and deep learning techniques in intrusion
detection.

5.4  Discussion of Key Findings
Several key findings emerged from the experiments conducted:
1. Improved Detection Accuracy:

The Al-based IDS demonstrated significantly higher detection accuracy compared to traditional IDS
models, especially when using deep learning techniques like LSTM and CNN. These models were able
to identify both known and unknown attacks, even in dynamic and changing network environments.

2. Reduction in False Positives:

A major challenge in intrusion detection is the high number of false positives generated by traditional
IDS systems. The proposed Al-based system achieved a substantially lower false positive rate, making it
more reliable for real-time deployment without overwhelming security administrators with unnecessary
alerts.

3. **Adaptability to New Att
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Chapter 6: Discussion

This chapter interprets the results of the experiments presented in Chapter 5, providing an in-depth
analysis in the context of the research questions. The goal is to evaluate how the findings address the
research hypotheses and to examine the broader implications for both practice and theory in the domain
of cybersecurity and Al-based intrusion detection systems (IDS).

The discussion is divided into several sections to provide a structured approach to analyzing the
experimental results, the theoretical contributions, and the practical implications of the proposed Al-
based IDS.

6.1 Interpretation of Results

The experimental results presented in Chapter 5 show that the Al-based Intrusion Detection System
(IDS) outperforms traditional signature-based and anomaly-based IDS in terms of accuracy, detection
rate, and false positive rate. The following sections summarize the key findings and provide an
interpretation of how these results align with the research objectives and hypotheses.

6.1.1  Performance of Al-based IDS

The Al-based IDS demonstrated a significantly higher detection rate compared to conventional systems.
The system’s ability to detect known and unknown attacks, as evidenced by the improved precision and
recall values, supports the hypothesis that machine learning and deep learning techniques can enhance
the ability of IDS to detect complex and evolving threats in real-time network traffic.
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The superior performance of the system, particularly in datasets like CICIDS 2017 and NSL-KDD,
suggests that the Al-based model, leveraging techniques such as deep learning (CNNs, LSTMs), is
highly effective in learning intricate patterns from large datasets. This allows the system to generalize
better to new, unseen attacks, improving its ability to detect zero-day exploits that traditional IDS
systems often fail to identify.

6.1.2  Addressing the Research Questions

The primary research questions of this study were:

1. How effective are Al and machine learning techniques in detecting and classifying
cyber-attacks in real-time network traffic?

The results from the experiments indicate that Al and machine learning models, especially deep learning
networks, significantly improve the detection accuracy and reduce false positive rates compared to
traditional systems. This validates the hypothesis that Al techniques can outperform traditional methods
in detecting complex cyber-attacks.

2. Can Al-based IDS models handle the dynamic and evolving nature of cyber-attacks?
The LSTM networks used in this study performed particularly well on datasets like NSL-KDD,
showcasing their ability to capture temporal patterns and dependencies in network traffic. This ability
enables the system to detect not only known attacks but also evolving patterns in attack behavior,
supporting the hypothesis that Al-based systems can adapt to new attack types over time.

3. What are the key performance indicators (KPIs) for evaluating Al-based IDS, and how
do they compare with existing systems?
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The experimental results revealed that accuracy, precision, recall, and false positive rate are the most
critical KPIs for evaluating IDS performance. The proposed system achieved high scores in all these
areas, demonstrating that Al-based IDS can provide a more accurate and efficient solution for real-time
threat detection compared to traditional signature- or threshold-based IDS models.

6.1.3  False Positive Rate Reduction

A major limitation of traditional IDS systems is their high rate of false positives, which leads to alert
fatigue and makes it challenging for security professionals to manage alerts. The results presented in
Chapter 5 clearly show that the Al-based IDS achieved a lower false positive rate, especially with the use
of deep learning models like CNN and LSTM. By reducing the number of false alarms, the system
offers a more reliable and actionable solution for network security practitioners, improving the overall
efficiency of the security operations.

6.2  Implications for Practice

The findings from this research have significant practical implications for the development and
deployment of Al-powered cybersecurity solutions. Below, the practical contributions are discussed in
more detail.

6.2.1 Improved Real-time Detection

One of the primary contributions of this study is the demonstration that Al can enhance the real-time
detection of cyber-attacks in network traffic. Traditional IDS systems are often signature-based, which
means they can only detect attacks for which they have known signatures or patterns. In contrast, Al-
based IDS systems are capable of detecting new and unknown attack patterns, improving the detection
of zero-day exploits and advanced persistent threats (APTS).
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This is a major advancement for modern cybersecurity, where new attack techniques emerge
continuously.
6.2.2  Reduction in Operational Overhead

The reduction in false positives directly impacts the operational efficiency of Security Information and
Event Management (SIEM) systems. By minimizing the number of false alarms, Al-based IDS allows
security analysts to focus on more critical alerts and investigate potential threats more efficiently. This
helps organizations save time and resources in responding to security incidents.

6.2.3  Scalable Security Solutions

The modular and scalable architecture of the proposed Al-based IDS system allows it to be deployed in a
wide range of environments, from small enterprises to large-scale networks.

This scalability is crucial for businesses of all sizes, as it enables them to adapt the system to their
specific security needs without having to completely overhaul their infrastructure. As cybersecurity
threats continue to evolve, having a flexible and scalable security solution becomes essential.

6.2.4  Continuous Learning and Adaptation

A key benefit of using machine learning and deep learning in intrusion detection is the ability for the
system to learn and adapt over time. Unlike traditional systems that require manual updates to detect new
attack signatures, Al-based IDS can automatically retrain and adjust to new types of attacks, making it
more effective in a dynamic threat landscape. This capability is critical for organizations that need to
defend against evolving attack tactics and zero-day vulnerabilities.
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6.3 Implications for Theory

This research also contributes to the broader theoretical understanding of Al and machine learning
techniques in cybersecurity. The following theoretical implications are significant:
6.3.1  Advancements in IDS Theory

The findings of this study demonstrate the practical viability of Al-powered IDS systems in real-world
scenarios, which contributes to the growing body of literature on the application of artificial intelligence
in cybersecurity. Previous research primarily focused on traditional models, such as signature-based
detection, while this study expands on that knowledge by showing how advanced Al techniques can be
leveraged to create more accurate and adaptive systems.

6.3.2  Machine Learning Model Selection

The research provides valuable insights into the selection of machine learning models for intrusion
detection. While several models, such as decision trees, random forests, and SVMs, performed well, the
study highlights that deep learning models, particularly CNNs and LSTMs, provide significant
advantages in terms of detection accuracy and adaptability. This finding enhances theoretical
understanding of how different machine learning algorithms perform in cybersecurity applications,
especially in dynamic, high-volume environments like network traffic analysis.

6.3.3  Theoretical Contributions to Anomaly Detection

The research reinforces the importance of anomaly detection in cybersecurity and extends the theoretical
understanding of unsupervised learning in identifying unknown attacks. The study's results validate the
efficacy of Al in anomaly detection, suggesting that future research should focus on refining these
techniques and exploring hybrid models that combine both supervised and unsupervised learning
methods to further improve detection capabilities.
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6.4 Limitations and Future Research

While the Al-based IDS proposed in this study has shown great promise, there are several limitations
that should be addressed in future work:

1. Dataset Limitations: The datasets used in this study, while diverse, do not fully capture the
real-world complexity of modern networks. Future research should incorporate more varied and
comprehensive datasets, including live traffic from diverse environments.

2. Scalability in Large Networks: Although the proposed system is scalable, the performance
of deep learning models could degrade in extremely large-scale environments with limited
computational resources. Future work should focus on optimizing these models for better scalability and
efficiency.

3. Real-time Deployment: The system's performance in real-time scenarios needs further
validation. Future studies should test the proposed system in live network environments to evaluate its
response time and latency under attack conditions.

4. Hybrid Models: Future research could explore hybrid models that combine the strengths of
both supervised and unsupervised learning methods, potentially improving detection rates even further,
especially for previously unseen attacks.

6.5 Conclusion

This chapter has discussed the experimental results in the context of the research questions, highlighting
the significant contributions made by this study to both theory and practice. The Al-based IDS proposed
in this research demonstrated substantial improvements over traditional systems, showing potential for
widespread adoption in modern cybersecurity
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frameworks. The findings support the hypothesis that Al and machine learning techniques can
significantly enhance intrusion detection systems, making them more effective at detecting and
preventing cyber threats in real-time.
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Chapter 7: Conclusion and Future Work

This chapter provides a summary of the contributions made by this research to the field of cybersecurity
and Al-based intrusion detection systems (IDS). It also highlights the limitations encountered during the
study and suggests directions for future research that can further advance the development and
application of Al-powered cybersecurity solutions.

7.1  Summary of Contributions

The primary goal of this research was to investigate the effectiveness of artificial intelligence (Al) and
machine learning (ML) techniques in enhancing intrusion detection systems (IDS) for real-time detection
of cyber-attacks. The contributions of this study are outlined below:

7.1.1  Development of an Al-Based Intrusion Detection System

A key contribution of this research is the design and implementation of an Al-based IDS capable of
detecting both known and unknown network attacks. By leveraging advanced machine learning
algorithms, particularly deep learning models like Convolutional Neural Networks (CNNs) and Long
Short-Term Memory (LSTM) networks, this study presents a solution that outperforms traditional
signature-based and anomaly-based IDS in terms of accuracy, precision, and detection rate.

The Al-based system was rigorously tested across several widely-used datasets, including CICIDS 2017
and NSL-KDD, and demonstrated an ability to detect both new and evolving cyber threats with minimal
false positives. This suggests that Al can play a transformative role in real-time cyber defense, providing
superior capabilities compared to conventional intrusion detection methods.

IJFMR260163042 Volume 8, Issue 1, January-February 2026 131



https://www.ijfmr.com/

m International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

7.1.2 Evaluation of Machine Learning Models in Cybersecurity

The research provided a detailed comparison of various machine learning models for intrusion detection,
including decision trees, random forests, support vector machines (SVMs), and deep learning models.
Among these, CNNs and LSTMs showed superior performance, particularly in terms of detection
accuracy and their ability to handle complex attack scenarios. This contributes to the growing body of
literature on the use of deep learning and Al techniques in cybersecurity and provides valuable insights
into model selection for network security applications.

7.1.3  Reducing False Positives and Enhancing Efficiency

A significant practical contribution of this research is the reduction in false positive rates achieved by the
proposed Al-based IDS. By utilizing deep learning models, the system was able to identify attack
patterns with higher accuracy, thereby reducing the volume of false alarms and improving the
operational efficiency of security operations. This is an essential improvement, as high false positive
rates are one of the major challenges faced by traditional IDS systems, often leading to alert fatigue and
inefficiencies in security monitoring.

7.1.4  Scalability and Adaptability of the Al-Based IDS

The Al-based IDS developed in this research is designed to be scalable and adaptable, making it suitable
for deployment in both small and large-scale network environments. The modular architecture allows
the system to be integrated into existing network infrastructures, while the continuous learning capability
of the deep learning models ensures that the system can adapt to new attack vectors over time. This
adaptability is crucial for defending against the evolving nature of cyber-attacks, particularly those that
exploit new vulnerabilities or involve advanced persistent threats (APTS).
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7.2 Limitations of the Study

While this research has made significant strides in improving intrusion detection through Al, there are
several limitations that should be acknowledged:
7.2.1  Limited Dataset Diversity

Although multiple well-known datasets were used to train and evaluate the Al-based IDS (such as NSL-
KDD and CICIDS 2017), these datasets may not fully capture the real-world complexity of modern
network environments. They are often preprocessed and may not reflect the highly dynamic and diverse
nature of live network traffic. Future research could benefit from incorporating more diverse datasets,
including live traffic from a wide range of industries and environments, to better evaluate the system's
performance in real-world conditions.

7.2.2  Model Overfitting and Generalization

While deep learning models like CNNs and LSTMs showed excellent results, there is a risk of
overfitting the models to the training data. If the models are not properly regularized, they may perform
well on specific datasets but fail to generalize effectively to new, unseen attack patterns or network
conditions. Future work should focus on improving model generalization by experimenting with
regularization techniques, such as dropout or data augmentation, and testing the models across a broader
range of environments.

7.2.3  Real-Time Processing and Latency

The real-time processing of network traffic is a critical requirement for any IDS. Although the proposed
system demonstrated promising results in terms of detection accuracy, there was no extensive evaluation
of its real-time processing capabilities. The latency of deep learning models can sometimes be a limiting
factor, especially when deployed on large-scale
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networks with high traffic volumes. Future research should explore real-time optimization techniques,
such as model pruning or edge computing, to minimize latency and ensure the system can handle high
throughput with minimal delay.

7.2.4  Dependence on Labeled Data

The machine learning models used in this research, particularly the supervised learning models, rely
heavily on labeled data for training. However, obtaining labeled data for network traffic can be
challenging, especially for zero-day attacks or emerging attack techniques that have not yet been
observed or classified. Future studies could investigate unsupervised learning approaches or semi-
supervised models that require fewer labeled instances and can better adapt to novel attack patterns.

7.3 Suggestions for Future Research

Building on the findings and limitations of this study, several avenues for future research are proposed to
further advance the field of Al-based intrusion detection systems.
7.3.1  Hybrid Models for Attack Detection

Future research could explore hybrid models that combine the strengths of both supervised and
unsupervised learning. Such models could leverage labeled data for known attack detection, while
simultaneously using unsupervised learning to detect novel, previously unseen threats. Autoencoders,
Generative Adversarial Networks (GANS), or clustering algorithms could be incorporated into hybrid
systems to enhance detection capabilities, particularly for zero-day exploits and emerging attack
techniques.

IJFMR260163042 Volume 8, Issue 1, January-February 2026 134



https://www.ijfmr.com/

m International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

7.3.2 Incorporating Behavioral Analytics

Behavioral analytics can play a crucial role in enhancing IDS performance by identifying deviations
from established network behavior, such as unusual traffic patterns, access anomalies, and application-
layer behavior. Future research could integrate behavioral analytics into Al-based IDS to further
improve detection accuracy, particularly in complex attack scenarios such as insider threats or advanced
persistent threats (APTS).

7.3.3  Real-World Deployment and Evaluation

While this research demonstrated the effectiveness of the Al-based IDS in controlled experimental
settings, its real-world deployment has not been extensively evaluated. Future studies should focus on
deploying the system in live network environments to assess its performance in terms of latency,
scalability, and real-time attack detection. Evaluating the system in different network topologies and
configurations will provide valuable insights into its practical applicability and operational efficiency.
7.3.4  Exploring Explainability in Al-Based IDS

The "black-box" nature of many Al models, particularly deep learning algorithms, can be a challenge in
security-critical domains where explainability is essential. Explainable Al (XAl) techniques should be
explored to make the decision-making process of the Al-based IDS more transparent. Providing security
analysts with clear, understandable explanations of why an alert was triggered could improve trust in the
system and facilitate more effective responses to detected threats.

7.3.5  Real-Time Adaptation to Evolving Threats

To address the continually evolving nature of cyber-attacks, future research could focus on real-time
adaptation of the Al-based IDS. This could involve continuous learning from
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network traffic or incorporating feedback mechanisms that allow the system to retrain and adjust its
models as new threats are detected. Integrating the system with threat intelligence feeds or using
reinforcement learning to adapt to new attack tactics could further enhance the effectiveness of Al-based
intrusion detection.

7.4 Conclusion

In conclusion, this research has contributed to advancing the field of intrusion detection by
demonstrating the potential of Al and machine learning techniques in cybersecurity. The Al-based IDS
developed in this study represents a significant step forward in improving the accuracy, scalability, and
efficiency of network defense systems. While there are limitations to address and areas for
improvement, the findings of this research underscore the transformative potential of Al in cyber
defense. The continued development of Al-based IDS systems, coupled with further research in the areas
of real-time adaptation, hybrid models, and explainability, promises to enhance the security and
resilience of modern networks in the face of increasingly sophisticated cyber threats.
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Appendices

The appendices section includes supplementary material that supports the research findings but is not
essential to the main text of the thesis. This may include raw data, detailed code snippets, additional
charts, or supplementary explanations that provide further insight into the methodology, algorithms, or
experimental setup. The purpose of the appendices is to give readers access to relevant resources while
keeping the main body of the thesis focused on key results and discussions.

Below is a suggested format for the appendices, which can be adapted based on the specific needs of
your thesis.

Appendix A: Code Snippets for Al-Based Intrusion Detection System
This appendix includes critical code snippets used to implement the Al-based intrusion detection system
(IDS) discussed in Chapter 4. These code segments are provided for reproducibility and transparency of

the research.
A.1: Preprocessing Network Data

python
import pandas as pd

from sklearn.preprocessing import StandardScaler

# Load dataset

data = pd.read_csv('network_traffic.csv')

# Standardize data for ML models
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scaler = StandardScaler()

scaled_data = scaler.fit_transform(data)

A.2: Neural Network Model (CNN Implementation)
python

import tensorflow as tf

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import ConvlD, MaxPooling1D, Flatten, Dense

# Build CNN model model = Sequential([
Conv1D(64, 3, activation="relu’, input_shape=(X_train.shape[1], 1)), MaxPooling1D(2),
Flatten(),

Dense(128, activation="relu’),

Dense(1, activation="sigmoid’) # Output layer for binary classification

)

# Compile model

model.compile(optimizer="adam’, loss="binary_crossentropy’, metrics=['accuracy])

# Train model
model.fit(X_train, y_train, epochs=10, batch_size=32)

A.3: LSTM Model Implementation
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python

from keras.models import Sequential from keras.layers import LSTM, Dense
# Build LSTM model model = Sequential([

LSTM(64, input_shape=(X_train.shape[1], 1)),

Dense(1, activation="sigmoid’) # Output layer for binary classification

D

# Compile model

model.compile(optimizer="adam’, loss="binary_crossentropy’, metrics=['accuracy])

# Train model

model.fit(X_train, y_train, epochs=10, batch_size=32) A.4: Model Evaluation (Accuracy and Loss
Plot) python
import matplotlib.pyplot as plt

# Plot training and validation accuracy plt.plot(history.history['accuracy'], label="Training Accuracy')
plt.plot(history.history['val_accuracy'], label="Validation Accuracy") plt.xlabel('Epochs’)
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plt.ylabel('Accuracy’) plt.title('Model Accuracy') plt.legend()
plt.show()

# Plot training and validation loss plt.plot(history.history['loss], label="Training Loss")
plt.plot(history.history['val_loss", label="Validation Loss") plt.xlabel('Epochs’)
plt.ylabel('Loss") plt.title('Model Loss") plt.legend() plt.show()

Appendix B: Raw Data

This section includes samples from the raw data used to train and test the Al-based intrusion detection
system. The data was sourced from the CICIDS 2017 and NSL-KDD datasets, which contain labeled
network traffic with various attack types. The full datasets were preprocessed to extract features relevant
for intrusion detection.

B.1: Sample Data from CICIDS 2017

Timestamp Source IP Destination IP Protocol Packet Length Attack Type
2024-11-20 00:00:01 192.168.1.2 192.168.1.3  TCP 1200 Normal
2024-11-20 00:00:05 192.168.1.4 192.168.1.2  UDP 500 Botnet
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Timestamp Source IP Destination IP Protocol Packet Length Attack Type

2024-11-20 00:01:12 192.168.1.5 192.168.1.6 TCP 1500

2024-11-20 00:02:34 192.168.1.3 192.168.1.4 ICMP 64

B.2: Sample Data from NSL-KDD

Duration Protocol Service  Flag Src Bytes Dst Bytes Attack Type

0 tcp  http SF 200
0 udp domain.u SFO

0 tcp  telnet SF 500
0 tcp  smtp SF 100

300 Normal
0 DoS
200 Probe
150 Normal

DDoS

Normal

Appendix C: Additional Charts and Graphs

This appendix includes supplementary charts and graphs that were referenced in Chapter 5

(Experimental Results and Analysis) for the evaluation of the Al-based IDS.

C.1: Accuracy vs. Epochs (CNN vs. SVM) C.2: Precision-Recall Curve for LSTM Model
C.3: Confusion Matrix for Attack Detection (DDoS)

Predicted: Attack Predicted: Normal
Actual: Attack 950 50
Actual: Normal 40 960

C.4: ROC Curve for Model Comparison

Appendix D: Ethical Considerations
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The ethical considerations section includes documentation related to the privacy and security of the
datasets used, the steps taken to anonymize sensitive information, and the adherence to ethical research
standards.

D.1: Dataset Privacy and Anonymization

Both the CICIDS 2017 and NSL-KDD datasets were publicly available and did not include personally
identifiable information. However, network data was carefully anonymized to protect the identities of
individuals and organizations represented in the datasets. This anonymization was ensured through the
removal of IP addresses and domain names before analysis.

D.2: Ethical Approval

This research was approved by the Institutional Review Board (IRB) at Indian Management School and
Research Center under approval number IMSR202306646. The ethical guidelines followed in the
research adhered to the principles outlined in the Declaration .

Appendix E: Glossary of Terms
This section provides definitions for technical terms used throughout the thesis.

. Al (Artificial Intelligence): A branch of computer science focused on creating systems
capable of performing tasks that normally require humani intelligence.

. IDS (Intrusion Detection System): A system designed to detect unauthorized access or
misuse of computer networks.

. DDoS (Distributed Denial of Service): A cyber-attack where multiple systems flood the
bandwidth of a targeted system, causing it to become unavailable.
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Conclusion

The appendices section provides detailed and supplementary material to support the thesis content. It
includes code snippets, raw data samples, graphs, charts, ethical considerations, and other resources that
are referenced throughout the thesis. This section should be customized according to the specific needs
of your research and should provide enough detail for other researchers to replicate or extend your work.
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