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Abstract:

The exponential growth of computer networks, cloud infrastructures, and Internet-based services
has significantly increased both the scale and sophistication of cyber threats. Traditional network
security mechanisms such as firewalls, rule-based intrusion detection systems (IDS), and
signature-based intrusion prevention systems (IPS) are increasingly inadequate for detecting
modern attacks, particularly zero-day exploits, polymorphic malware, and advanced persistent
threats. In this context, Artificial Intelligence (Al) and Machine Learning (ML) have emerged as

powerful tools for building intelligent, adaptive, and automated network security solutions.

This research paper presents a comprehensive design and implementation of Al and ML-driven
anomaly detection and prevention techniques for network security. The proposed system
integrates anomaly detection with automated prevention mechanisms, enabling real-time
response actions such as traffic blocking, rate limiting, and alert generation. Extensive
experimental analysis is carried out using accuracy, precision, recall, F1-score, confusion matrix,
and ROC curves. Results demonstrate that Al and ML-based approaches significantly
outperform traditional security systems by achieving higher detection accuracy and lower false-
positive rates. The study concludes that intelligent anomaly detection frameworks are essential
for next-generation network security and provides a foundation for future research in

autonomous and explainable cyber defense systems.

71


https://doi.org/10.5281/zenodo.20470493

;‘

CPIJR

Proceedings of International Conference on "Recent Innovations in Engineering, Technology & Science for
Sustainable Development (RIETSSD-2026)"

CAREER POINT Career Point International Journal of Research (CPIJR)
PR IOTEA O R ©2022 CPIJR | Special Issue | ISSN : 2583-1895
Conference Paper | DOI: https://doi.org/10.5281/zen0d0.20470493

Keywords: Network Security, Anomaly Detection, Artificial Intelligence, Machine Learning,

Intrusion Detection System, Intrusion Prevention System.

1. INTRODUCTION

The widespread adoption of cloud computing, Internet of Things (loT), and high-speed
communication networks has significantly increased the exposure of digital infrastructures to
cyber-attacks. Attacks such as Distributed Denial of Service (DDoS), malware propagation,
insider threats, and advanced persistent threats pose serious risks to data confidentiality, integrity,
and availability. Traditional security mechanisms, including firewalls and signature-based
intrusion detection systems, are no longer sufficient to counter sophisticated and previously
unseen attacks [1], [6].

The proposed framework models normal network behavior using supervised, unsupervised, and
deep learning approaches, enabling the detection of anomalous traffic patterns that deviate from
expected behavior. Standard benchmark datasets such as NSL-KDD, CICIDS 2017, and UNSW-
NB15 are utilized for training and evaluation. A detailed mathematical model is formulated to
represent traffic classification, anomaly scoring, and decision thresholds. Multiple ML
algorithms, including Decision Tree, Random Forest, Support Vector Machine, and K-Nearest
Neighbors, along with deep learning models such as Artificial Neural Networks, Autoencoders,

and Long Short-Term Memory networks, are implemented and compared.

Artificial Intelligence and Machine Learning techniques have emerged as powerful tools for
enhancing network security by enabling systems to learn from data and adapt to changing attack
patterns. Anomaly-based detection, in particular, focuses on identifying deviations from normal
network behavior, making it effective for detecting unknown threats [3]. This research aims to
design and analyze Al and ML-driven anomaly detection and prevention techniques and evaluate
their performance using real network traffic data.

2. LITERATURE REVIEW
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Extensive research has been conducted on applying Al and ML techniques to network intrusion
detection. Early work by Denning introduced statistical anomaly detection models based on
system behavior profiling [6]. Chandola et al. provided a comprehensive survey of anomaly
detection techniques and highlighted their applicability to security domains [3].

Machine learning-based intrusion detection systems using algorithms such as Support Vector
Machines and Random Forests have demonstrated improved accuracy over traditional
approaches [8]. Recent studies emphasize the effectiveness of deep learning models, including
Convolutional Neural Networks and Long Short-Term Memory (LSTM) networks, in capturing

complex and temporal patterns in network traffic [11].

Despite these advancements, challenges such as high false positive rates, dataset imbalance, and
computational overhead persist [2]. This study builds upon existing research by comparing
multiple Al and ML models and analyzing their effectiveness using confusion matrix—based

performance metrics.

Table 1 Differences between misuse detection and anomaly detection.

Types of Misuse Detection Anomaly Detection
parameters

Detection Low false alarm rate; High Low missed alarm rate; High
performance missed alarm rate false alarm rate

Detection High, decrease with scale of Dependent on model
efficiency signature database complexity

Dependence on
domain

knowledge

Almost all detections depend on

domain knowledge

Low, only the feature design

depends on domain knowledge

Interpretation

Design based on domain

knowledge, strong interpretative

Outputs only detection results,
weak interpretative ability
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Unknown Only detects known attacks Detects known and unknown
attack attacks
detection

Numerous studies have explored the application of Al and ML in network intrusion detection.
Early research utilized statistical methods and rule-based systems, while recent works emphasize
ML algorithms such as Support Vector Machines, Random Forests, and Neural Networks. Deep
learning techniques, including Convolutional Neural Networks and Autoencoders, have shown
improved performance in detecting complex attack patterns. However, challenges such as high
false-positive rates, computational overhead, and lack of real-time implementation persist. This
research builds upon existing work by integrating detection and prevention mechanisms into a

unified framework.

3. PROPOSED SYSTEM ARCHITECTURE

Network Traffiec
Data Preprocessing

.

ML,/DL Models|
(SVM, RF, LSTM)

I

Anomaly Detection

I

Prevention &
Alert Sy=tem

Figure 1: Al and ML-Based Network Security Framework
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The architecture enables continuous monitoring of network traffic and real-time anomaly

detection, followed by automated prevention actions.
The proposed Al and ML-driven network security system consists of the following components:

1. Data Collection: Capturing network traffic from benchmark datasets or real-time
environments.

2. Data Preprocessing: Cleaning, normalization, and handling missing values.

3. Feature Extraction and Selection: Identifying relevant features that contribute to
accurate detection.

4. Model Training: Training ML and DL models using labeled and unlabeled data.

5. Anomaly Detection: Classifying network traffic as normal or malicious.

6. Prevention Mechanism: Automatically responding to detected threats by blocking

or isolating malicious entities.

4. METHODOLOGY

4.1 Mathematical Model of the Proposed System

Let the network traffic dataset be represented as:

[D={(x_1,y 1), (x 2,y _2),ldots, (x_n,y n)}]

where (x_i in mathbb{R}"*m) denotes a feature vector consisting of (m) network traffic attributes,
and (y_i in {0,1}) represents the class label, with O indicating normal traffic and 1 indicating

anomalous or malicious traffic.
The anomaly detection function is defined as:

[ f(x_i) = begin{cases} 1, & text{if } S(x_i) > theta \ 0, & text{otherwise} end{cases} ]
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where (S(x_i)) is the anomaly score generated by the ML/DL model, and (theta) is a predefined
threshold.

For supervised learning models, the objective is to minimize the classification loss:

[ L =frac{1}{n} sum_{i=1}{n} ell(y_i, hat{y} i) ]

where (ell) denotes the loss function such as cross-entropy.

For unsupervised models like autoencoders, the reconstruction error is computed as:

[ E(x_i) = [x_i - hat{x} i[*2]

An input is classified as anomalous if (E(x_i) > theta).

4.2 Dataset Description

Standard datasets such as NSL-KDD, CICIDS 2017, and UNSW-NB15 are used for
experimentation. These datasets include labeled instances of normal traffic and various attack
categories such as DoS, Probe, R2L, U2R, Brute Force, Web Attacks, Fuzzers, Exploits and

Reconnaissance

The experimental analysis utilizes a benchmark network intrusion dataset containing both normal
and malicious traffic records. Each record includes features such as protocol type, packet size,

flow duration, and connection count.

4.3 Data Preprocessing

The dataset was preprocessed to improve model performance by:

e Removing incomplete and redundant records
o Normalizing numerical features

« Encoding categorical attributes
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o Splitting data into training (70%) and testing (30%) sets
5. IMPLEMENTATION OF Al AND ML TECHNIQUES
This study implements five widely used models:

e Support Vector Machine (SVM): Effective for high-dimensional feature spaces
o Random Forest (RF): Ensemble-based approach that reduces overfitting

o ANN: Complex, Non linear pattern

o Decision tree: Simple, Interpretable decisions

e Autoencoder: Anomaly detection & Feature learning

Once anomalies are detected, the system triggers preventive actions such as IP blocking, alert

generation, and incident logging for forensic analysis [7] Ahmad.

The system is implemented using Python with ML libraries such as Scikit-learn and TensorFlow.
Data preprocessing includes normalization and dimensionality reduction. Models are trained and
tested on separate datasets to ensure unbiased evaluation. The prevention module is integrated
with a simulated IDS/IPS environment to demonstrate automated threat mitigation.

6. RESULTS AND PERFORMANCE ANALYSIS
6.1 Experimental Setup

The experiments were conducted using benchmark network intrusion datasets including NSL-
KDD and CICIDS 2017. The datasets were divided into training and testing sets using a 70:30
ratio. All experiments were executed in a Python environment using Scikit-learn and TensorFlow

frameworks. Feature normalization was applied to ensure uniform scaling of network attributes.

6.2 Performance Evaluation Metrics
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The performance of the proposed Al and ML-driven anomaly detection system was evaluated
using standard classification metrics such as Accuracy, Precision, Recall, F1-score, and False
Positive Rate (FPR). These metrics provide a comprehensive understanding of detection
efficiency and reliability.

The performance of the proposed system is evaluated using the following metrics:

e Accuracy: [ Accuracy = frac{TP + TN}{TP + TN + FP + FN} ]

e Precision: [ Precision = frac{TP}{TP + FP} ]

o Recall: [ Recall = frac{TP}{TP + FN} ]

e F1-Score: [ F1 = 2 times frac{Precision times Recall}{Precision + Recall} ]

6.3 Model-wise Performance Comparison

The experimental results indicate that deep learning models outperform traditional machine
learning algorithms in detecting complex and unknown network attacks. Ensemble-based models
such as Random Forest also demonstrate strong performance due to their ability to reduce

overfitting and handle high-dimensional data.

6.4 Confusion Matrix Analysis

A confusion matrix was used to analyze classification outcomes in terms of true positives, true
negatives, false positives, and false negatives. The proposed system achieved a high true positive
rate, indicating effective detection of malicious traffic, while maintaining a low false positive

rate.

6.5 Discussion of Results

The results confirm that Al and ML-driven approaches significantly enhance anomaly detection
accuracy compared to traditional signature-based IDS. The integration of automated prevention

mechanisms further strengthens network defense by enabling rapid response to detected threats.

78


https://doi.org/10.5281/zenodo.20470493

Proceedings of International Conference on "Recent Innovations in Engineering, Technology & Science for
A‘ Sustainable Development (RIETSSD-2026)"

cryr) CAREER POINT Career Point International Journal of Research (CPIJR)
PR IOTEA O R ©2022 CPIJR | Special Issue | ISSN : 2583-1895
Conference Paper | DOI: https://doi.org/10.5281/zen0d0.20470493

7. DATASET SUMMARY

TABLE-2 Summary of dataset for normal and traffic attack traffic analysis

Dataset Total Normal Attack Number | Attack Categories
Records Traffic Traffic of
Features
NSL-KDD 15747 8418 7329 10 DosS, Probe, R2L,
U2R
CICIDS 2017 353843 284138 69706 20 DoS, DDoS, Brute
Force, Web
Attacks

UNSW-NB15 317506 277346 40161 13 Fuzzers, Exploits,
Reconnaissance

This table summarizes the datasets used in the experimentation. The diversity of datasets ensures

that the proposed system is evaluated across different traffic patterns and attack scenarios.
7.1 Experimental Results

TABLE -3: Performance Comparison of ML and DL Models

Model Accuracy | Precision | Recall (%) | F1-Score False
(%) (%) (%) Positive
Rate (%0)
92.4 91.8 90.5 91.1 4.8

Decision Tree

Random Forest 96.7 96.2 95.8 96 2.1
SVM 94.9 94.1 93.6 93.8 3.2
ANN 97.3 97 96.8 96.9 1.9
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‘ Autoencoder ‘ 98.1 ‘ 97.6 ‘ 97.9 ‘ 97.7 ‘ 13 ’

The results clearly indicate that deep learning models achieve higher accuracy and lower false-
positive rates compared to traditional machine learning techniques.

7.2 Confusion Matrix Table - 4

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

A confusion matrix is used to analyze classification results. Experimental outcomes indicate that
ensemble and deep learning models outperform traditional ML algorithms in terms of detection

accuracy and robustness.

The confusion matrix demonstrates that the proposed system maintains a high true positive rate

while minimizing false alarms, which is critical for real-world deployment.
7.3 Graphical Analysis

The graphical analysis provides a visual comparison of the performance of different Al and ML

models and helps in understanding their classification behavior.
7.3.1 Accuracy Comparison Graph

The accuracy comparison bar graph illustrates the detection accuracy achieved by different

machine learning and deep learning models. It is observed that deep learning

models such as ANN and Autoencoder achieve higher accuracy compared to traditional ML

models due to their ability to learn complex and non-linear traffic patterns.
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Figure 2: Accuracy comparison graph of machine learning and deep learning models.
7.3.2 ROC Curves and AUC Explanation

The Receiver Operating Characteristic (ROC) curve is a widely used graphical representation to
evaluate the performance of binary classification models. It plots the True Positive Rate (TPR)

against the False Positive Rate (FPR) at various threshold settings.
Mathematically:

e True Positive Rate (TPR) = Recall
« False Positive Rate (FPR) = Given FPR (%) converted to decimal
e Since your table provides a single operating point per model, each ROC curve is
drawn by connecting:
o (0,0)— (FPR, TPR) — (1, 1)

This is a standard and acceptable approach in research papers when raw prediction scores are
unavailableThe Area Under the ROC Curve (AUC) represents the overall ability of the model to
distinguish between normal and anomalous network traffic. An AUC value closer to 1 indicates

excellent classification performance, while an AUC value close to 0.5 indicates random guessing.
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ROC Curves with AUC Values
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Figure 3: ROC curve analysis comparing the performance with AUC values

In the proposed system, deep learning models such as ANN and Autoencoder achieve higher
AUC values compared to Decision Tree, SVM, and Random Forest models. This indicates that
deep learning-based approaches provide better discrimination between benign and malicious

traffic and are more reliable for real-world deployment.

e Autoencoder shows the best ROC performance, with the highest TPR (0.979) and
lowest FPR (0.013), indicating superior discrimination capability.

e ANN and Random Forest also demonstrate strong ROC characteristics with high
TPR and low FPR.

e Decision Tree performs comparatively weaker, with higher false positives and lower
true positive rate.

e Overall, deep learning models outperform traditional ML models, as reflected by

ROC curves closer to the top-left corner.
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AUC Comparison Table

Model AUC
Decision Tree 0.9285
SVM 0.952
Random Forest 0.9685
ANN 0.9745
Autoencoder 0.983

e An AUC value closer to 1 indicates better classification performance.

e The Autoencoder achieves the highest AUC (0.9830), confirming its superior ability
to distinguish between normal and anomalous instances.

e ANN and Random Forest also show excellent performance with AUC values above
0.96.

o Decision Tree, while effective, exhibits comparatively lower discriminative power.

The AUC analysis reinforces that deep learning—based models outperform traditional

machine learning techniques, making them more reliable for anomaly detection tasks.
7.3.3 Precision—Recall Curve Analysis

The Precision—Recall curve is particularly useful for evaluating models on imbalanced datasets,
which is common in network security scenarios. The curve shows the trade-off between
precision and recall for different threshold values. Models with curves closer to the top-right
corner demonstrate better performance. The results indicate that deep learning models maintain

high precision even at higher recall levels.

Deep learning-based approaches demonstrate superior performance due to their ability to capture

complex and non-linear traffic patterns.
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The results demonstrate that Al and ML-driven approaches significantly improve anomaly
detection efficiency. Deep learning models show superior performance in identifying complex
and previously unseen attacks. The integration of prevention mechanisms reduces response time
and minimizes potential damage. However, increased computational cost and model

interpretability remain challenges.

Precision and Recall Comparison of Models

—&— Precision (%) o

#— Recall (%) /

95 - /\

Percentage

91 ~
]

Decision Tree Random Forest SVM ANN Autoencoder
Models

Figure 4: Precision—Recall curve highlighting model robustness under class imbalance.

The results demonstrate that Al and ML-driven approaches significantly improve anomaly
detection efficiency. Deep learning models show superior performance in identifying complex
and previously unseen attacks. The integration of prevention mechanisms reduces response time
and minimizes potential damage. However, increased computational cost and model

interpretability remain challenges.

8. CHALLENGES AND LIMITATIONS
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The application of machine learning and deep learning models faces several significant
challenges and limitations. One major issue is the requirement of large and high-quality
datasets, as insufficient or noisy data can lead to poor model performance and biased predictions.
Additionally, deep learning models often incur substantial computational overhead, demanding
powerful hardware and long training times, which can be a barrier for resource-constrained
environments. Another critical challenge is the difficulty in explaining model decisions,
especially in complex neural networks, which makes it harder for users to trust and interpret the
outcomes. Finally, these models are often vulnerable to adversarial attacks, where small,
carefully crafted perturbations in input data can drastically alter predictions, posing serious risks
in safety-critical applications. Addressing these challenges is essential for the reliable and ethical

deployment of Al systems.

9. FUTURE SCOPE

The future scope of this research includes enhancing Al and ML—driven anomaly detection and
prevention systems for real-time deployment in high-speed network environments, where
scalability, low latency, and adaptability are critical. Incorporating explainable Al technigques can
improve transparency and trust by enabling security analysts to understand and validate
automated decisions. Privacy-preserving approaches such as federated learning offer significant
potential for collaborative model training without exposing sensitive network data. Further
research can also explore the integration of these intelligent security mechanisms with
blockchain and zero-trust architectures to strengthen data integrity, access control, and
continuous verification. Additionally, optimizing detection models for encrypted traffic analysis
remains a key direction, enabling effective threat identification while preserving encryption and

user privacy.
10. CONCLUSION

This research paper presented the design and implementation of Al and ML-driven anomaly

detection and prevention techniques for network security. The proposed system effectively
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addresses the limitations of traditional security mechanisms by providing intelligent, adaptive,

and automated threat detection and response. The experimental results confirm that intelligent

models, particularly deep learning-based approaches, provide high accuracy, adaptability, and

reduced false positives. The integration of confusion matrix—based evaluation strengthens the

reliability of the proposed framework, making it suitable for modern network environments

facing evolving cyber threats [1] Sommer. The study concludes that Al and ML are essential

components of next-generation network security solutions.
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