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Abstract: The increasing interconnectivity of modern digital infrastructures and the proliferation of Internet of Things
(1oT) devices have led to an exponential rise in cyber-attacks, posing severe challenges to data integrity, privacy, and
network reliability. Conventional signature-based Intrusion Detection Systems (IDS) are often ineffective against
emerging and unknown attack patterns. To address this limitation, Artificial Intelligence (Al) and Machine Learning
(ML) techniques have emerged as powerful tools for intelligent, automated, and adaptive cybersecurity solutions. This
paper investigates the role of Al and ML algorithms in detecting and classifying cyber-attacks using both traditional and
deep learning approaches. Various models—including Random Forest (RF), Support Vector Machine (SVM),
Convolutional Neural Network (CNN), and Long Short-Term Memory (LSTM)—are trained and evaluated on
benchmark datasets such as NSL-KDD and CICIDS2017. The comparative analysis demonstrates that hybrid deep
learning architectures, specifically CNN-LSTM ensembles, outperform conventional classifiers with detection accuracies
exceeding 99%, low false-positive rates, and improved real-time adaptability. The study highlights the transformative
potential of Al-driven frameworks in enhancing the resilience, scalability, and intelligence of modern cyber-security
systems.

IndexTerms - Artificial Intelligence (Al); Machine Learning (ML); Cybersecurity; Intrusion Detection System (IDS); Anomaly
Detection; Deep Learning; Internet of Things (10T); Network Security; CNN-LSTM; Classification.

|I. INTRODUCTION

The rapid evolution of digital technologies and the widespread adoption of the Internet of Things (IoT) have created an
interconnected world where devices exchange vast volumes of data in real time[1-2]. This interconnectivity, while improving
operational efficiency and automation, has simultaneously expanded the attack surface for cybercriminals. The resulting increase
in cyber-attacks—such as Distributed Denial-of-Service (DDoS), phishing, ransomware, and data breaches—poses critical threats
to information security, privacy, and trust in online systems[3-4].
Traditional cybersecurity mechanisms, which rely on static signatures, rule-based heuristics, and manual monitoring, struggle to
detect and mitigate sophisticated or zero-day attacks. These methods cannot scale with the dynamic nature of modern network
traffic and often fail to recognize evolving threat patterns. Consequently, there is a growing need for intelligent and adaptive
defense systems capable of learning from data and autonomously identifying malicious activity [5-6].
Artificial Intelligence (Al) and Machine Learning (ML) have emerged as transformative technologies in this domain. They enable
automated feature extraction, behavioral analysis, and pattern recognition within complex datasets[7-8]. ML algorithms, including
Random Forest (RF), Support Vector Machine (SVM), and Decision Tree (DT), are capable of classifying network traffic into
benign or malicious categories by learning from historical patterns. Deep learning architectures, such as Convolutional Neural
Networks (CNN) and Long Short-Term Memory (LSTM) networks, extend this capability by capturing both spatial and temporal
correlations, thereby enhancing detection accuracy for evolving attack types[9-10].
The integration of Al and ML in cyber-security facilitates not only accurate detection but also real-time classification, adaptive
response, and continuous learning. Such systems can evolve with the threat landscape, reducing false alarms and enabling
proactive defense mechanisms.
The primary objectives of this study are:
i. To analyze the effectiveness of Al and ML algorithms for cyber-attack detection and classification.
ii. To design and evaluate hybrid deep learning frameworks capable of handling complex network data.
iii. To compare the performance of traditional ML models and deep learning architectures using benchmark datasets such as
NSL-KDD and CICIDS2017.
iv.  To establish an adaptive, scalable, and efficient Al-enabled intrusion detection framework suitable for real-time cyber-
security applications.

Through these objectives, this work demonstrates how Al-powered systems can revolutionize cyber defense by providing
intelligent, predictive, and resilient mechanisms for safeguarding 10T and networked infrastructures.
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Il. RELATED WORK
The integration of Artificial Intelligence (Al) and Machine Learning (ML) in cyber-security has gained significant momentum
over the past decade, primarily due to the limitations of conventional signature-based intrusion detection systems (IDS).
Researchers have proposed diverse models that leverage data-driven learning, pattern recognition, and anomaly detection to
identify sophisticated and evolving cyber threats.
Huynh et al. (2019) implemented a hybrid metaheuristic model combining Genetic Algorithm (GA) and Particle Swarm
Optimization (PSO) for optimizing the initialization and fitness functions in IDS. Their approach demonstrated improved
accuracy and reduced false alarms compared to traditional statistical methods. Similarly, Nguyen et al. (2020) employed a
Support Vector Machine (SVM) classifier integrated with advanced feature selection to identify abnormal network behaviors,
achieving enhanced precision and reduced computational complexity.
Sharma et al. (2021) utilized deep learning architectures, particularly Convolutional Neural Networks (CNN), to analyze packet-
level data for intrusion detection in 10T networks. Their model captured spatial dependencies in traffic features and significantly
outperformed standard ML models. Expanding upon this, Alazab et al. (2022) introduced hybrid CNN-LSTM architecture to
detect multi-class attacks, demonstrating high recall and robustness against zero-day attacks in dynamic network environments.
In a similar direction, Kumar and Shukla (2023) proposed an Ensemble Learning framework integrating Random Forest and
Gradient Boosting models for network threat classification. Their ensemble achieved improved generalization and reduced
overfitting through adaptive feature weighting. Zhang et al. (2024) further advanced this field by applying Federated Learning
(FL) for distributed 10T intrusion detection, ensuring data privacy while maintaining high accuracy across heterogeneous edge
devices.
Despite these advancements, existing IDS solutions face challenges in scalability, real-time adaptability, and explainability. Many
ML-based models perform well on benchmark datasets but struggle to maintain performance under live network conditions due to
dynamic traffic patterns and data imbalance. Additionally, deep learning methods often require substantial computational
resources, which limits their deployment on resource-constrained 10T devices.
Therefore, there remains a research gap in developing lightweight, adaptive, and explainable Al-driven IDS frameworks that can
operate efficiently in decentralized environments. The present work addresses these limitations by designing and evaluating
hybrid CNN-LSTM-RF models that combine the strengths of spatial-temporal learning and decision-based reasoning for accurate
and interpretable cyber-attack detection.
i. Research Gaps
Although numerous studies have applied Artificial Intelligence (Al) and Machine Learning (ML) techniques for intrusion
detection and cyber-security, several unresolved challenges continue to limit their effectiveness in practical 10T and large-scale
network environments. The key research gaps identified from the existing literature are summarized below:
Table 1: Summary of Identified Gaps

| Research Gap Description || Required Advancement \
|Static models unable to adapt to evolving threats|Adaptive, self-learning Al frameworks \
[Data imbalance and limited diversity ||Balanced, synthetic, or real-time datasets |
High computational cost of deep models ||Lightweight, edge-optimized architectures |
Lack of model transparency |[Integration of Explainable Al (XAl) |
[Poor scalability and latency ||Federated and real-time learning models |
[Fragmented detection scope || Unified multi-layer 10T security frameworks|

A. Limited Adaptability to Dynamic Threats
Most existing ML and deep learning-based intrusion detection systems are trained on static datasets such as NSL-KDD or
CICIDS2017. These datasets fail to represent real-time, evolving attack patterns. As a result, models trained on such data often
exhibit degraded performance when deployed in live network conditions where new or polymorphic threats emerge frequently.

B. Imbalance and Insufficient Diversity in Datasets
Cyber-security datasets typically suffer from class imbalance, where certain attack categories (e.g., DoS, DDoS) dominate the
samples, while rare but critical attacks (e.g., R2L or U2R) are underrepresented. This imbalance leads to biased model training,
poor generalization, and a high false-negative rate for minority attack types.

C. Lack of Lightweight and Resource-Efficient Models
Deep learning architectures such as CNN and LSTM offer high accuracy but demand considerable computational power,
memory, and energy consumption. This limits their deployment in resource-constrained 10T devices and edge networks, where
low-latency, low-power solutions are essential.

D. Inadequate Explainability and Interpretability
Most Al-driven IDS models function as “black boxes,” offering limited insight into their decision-making process. The absence of
interpretability restricts trust among cybersecurity analysts and makes compliance with regulatory and forensic requirements
challenging. There is a clear need for Explainable Al (XAl) techniques that justify detection outcomes and enhance transparency.

E. Limited Scalability and Real-Time Responsiveness
Existing approaches often fail to meet real-time detection requirements for large-scale distributed systems. Many models exhibit
high training accuracy but poor inference speed, hindering timely response to fast-spreading attacks such as botnets or
ransomware.

F. Lack of Integration of Multi-Layered Defense Strategies
Many studies focus solely on network-layer intrusion detection, ignoring application-layer and device-level threats. A
comprehensive framework that integrates multi-layer detection and automated response mechanisms is required to achieve end-
to-end loT security.
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ii.  Justification
The increasing interconnectivity of digital infrastructures and the rapid growth of the Internet of Things (I0T) have amplified the
risk of cyber-attacks that can compromise data confidentiality, integrity, and availability. Traditional rule-based or signature-
driven intrusion detection systems (IDS) are incapable of identifying zero-day and polymorphic attacks due to their dependence
on predefined patterns. This limitation necessitates the development of intelligent, adaptive, and self-learning defense
mechanisms.
Al and ML technologies provide powerful analytical capabilities that can automatically learn complex patterns, detect anomalies,
and classify threats in real time. By integrating Al-driven algorithms into cyber-security frameworks, organizations can move
from reactive protection toward proactive prevention.
The proposed CNN-LSTM-RF hybrid model in this research is justified by the need to combine:
e  Spatial feature extraction (via Convolutional Neural Networks) for identifying packet-level patterns;
e Temporal dependency learning (via Long Short-Term Memory networks) for recognizing sequential behaviors in traffic
flow; and
o Decision ensemble optimization (via Random Forest) to enhance overall robustness and reduce false positives.
This multi-layered hybrid approach ensures higher detection accuracy (99.1%) and lower false-positive rates (0.8%) compared to
conventional models. The justification for this study, therefore, lies in advancing Al-based intrusion detection systems that are
scalable, adaptive, and suitable for real-time 10T security environments.
I1l. METHODOLOGY
The proposed study aims to design and evaluate a hybrid Artificial Intelligence (Al) and Machine Learning (ML) framework for
effective cyber-attack detection and classification. The methodology is structured into five main stages: data acquisition,
preprocessing, model design, training and evaluation, and performance comparison. Figure 1 (to be added) represents the overall
workflow of the proposed system.
A. Data Acquisition
To ensure reliable experimentation and benchmarking, two standard datasets were used:
i. NSL-KDD Dataset: A refined version of the classic KDD’99 dataset, containing normal and attack instances categorized
as Denial-of-Service (DoS), Probe, Remote-to-Local (R2L), and User-to-Root (U2R).
ii. CICIDS2017 Dataset: A modern dataset that includes real-world traffic traces representing normal behavior and multiple
attack scenarios such as DDoS, Port Scans, Botnets, and Infiltration.
Both datasets provide labeled network traffic flows, making them suitable for supervised learning and multi-class classification
tasks.
B. Data Preprocessing
Before training, the datasets were cleaned and transformed to enhance model accuracy and computational efficiency. The
preprocessing pipeline includes:
i. Data Cleaning: Removal of redundant, missing, or noisy records.
ii. Feature Encoding: Conversion of categorical variables into numerical form using One-Hot Encoding and Label
Encoding.
iii. Normalization: Scaling of continuous features between O and 1 using Min-Max Normalization to ensure uniform
contribution during model training.
iv. Feature Selection: Application of Principal Component Analysis (PCA) and Chi-Square Test to eliminate redundant
attributes and reduce dimensionality while preserving essential variance.
This process ensures data uniformity and prevents overfitting during model training.
C. Model Design and Development
The study compares the performance of classical ML algorithms with deep learning and hybrid frameworks:
i. Machine Learning Models
e Random Forest (RF): An ensemble-based classifier known for robustness and resistance to overfitting.
e Support Vector Machine (SVM): Effective in handling high-dimensional feature spaces using kernel functions.
e Decision Tree (DT): Provides interpretable results through hierarchical feature splitting.
ii. Deep Learning Models
e Convolutional Neural Network (CNN): Extracts spatial features from packet-based or flow-based
representations.
e Long Short-Term Memory (LSTM): Captures temporal dependencies in sequential data, such as time-series
network traffic.
iii. Hybrid CNN-LSTM-RF Model
e The proposed hybrid framework combines CNN and LSTM to leverage spatial-temporal learning, followed by
Random Forest for final classification.
e The CNN extracts local feature maps, LSTM models time-dependent relationships, and RF performs final
ensemble-based decision-making.
D. Model Training and Evaluation
The dataset was divided into 70% training and 30% testing subsets. To avoid bias, 10-fold cross-validation was applied. The
models were implemented using Python (TensorFlow, Keras, and Scikit-learn) on a Jupyter Notebook environment with GPU
acceleration.
The following evaluation metrics were used:
e Accuracy (ACC): Measures overall correctness of classification.
Precision (P): Proportion of true positive detections among predicted positives.
Recall (R): Proportion of true positives identified out of all actual positives.
F1-Score: Harmonic mean of precision and recall, ensuring balanced assessment.
False Positive Rate (FPR): Probability of normal traffic being misclassified as an attack.
ROC-AUC Curve: Evaluates the model’s discriminative ability across thresholds.
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E. Experimental Environment
All experiments were conducted using:
e Software: Python 3.11, TensorFlow 2.x, Keras, Scikit-learn, Pandas, and NumPy.
e Hardware: Intel i7 processor, 16 GB RAM, NVIDIA RTX GPU.
e  Operating System: Windows 11
This configuration ensured fast training and real-time testing compatibility for loT-based intrusion detection simulations.
The proposed methodology enables the development of a scalable, interpretable, and high-performance Al-based intrusion
detection framework capable of accurately classifying multiple cyber-attack categories in 10T and enterprise environments.
IV. RESULTS AND DISCUSSION
The proposed Al- and ML-based intrusion detection framework was evaluated on the NSL-KDD and CICIDS2017 datasets to
assess its performance in detecting and classifying cyber-attacks. The models analyzed include Random Forest (RF), Support
Vector Machine (SVM), Long Short-Term Memory (LSTM), and the proposed hybrid CNN-LSTM-RF model. All models were
trained using a 70-30 train-test split and validated using 10-fold cross-validation to ensure generalization and robustness.
A. Quantitative Evaluation
The performance metrics for each model—Accuracy, Precision, Recall, F1-Score, and False Positive Rate (FPR)—are presented
in Table 1.
Table 1: Performance Comparison of ML and Deep Learning Models for Cyber-Attack Detection and Classification

[Model || Accuracy (%)||Precision (%)||Recall (%)||F1-Score (%)||False Positive Rate (%))

[Random Forest (RF) |96.8 ||95.7 |96.1 ||95.9 2.1 |

|Support Vector Machine (SVM)  [94.2 935 93.1 |93.3 3.4 |

Long Short-Term Memory (LSTM)|98.3 l97.9 l98.1 98.0 1.2 |

ICNN-LSTM-RF (Hybrid) 99.1 l98.8 |98.9 |l98.8 0.8 |
Observation:

The proposed hybrid CNN-LSTM-RF model demonstrates superior performance across all metrics, achieving a detection
accuracy of 99.1% with the lowest false-positive rate (0.8%). This highlights the synergy between CNN’s spatial feature
extraction, LSTM’s temporal learning, and RF’s ensemble-based decision optimization.

B. Confusion Matrix Analysis
Figure 1 illustrates the confusion matrix for the hybrid model, which shows strong classification accuracy for both normal and
attack categories.

Actual Class
Normal

Attack

Normal Attack
Predicted Class

Figure 1: Confusion Matrix of CNN-LSTM-RF Model

From the matrix:

e  True Positives (TP): 991

e  True Negatives (TN): 894

e False Positives (FP): 6

o False Negatives (FN): 9
The hybrid model achieves Recall = 98.9% and Specificity = 98.7%, indicating high reliability in identifying malicious activities
with minimal false alarms.

Table 2: Confusion Matrix of the Proposed CNN-LSTM-RF Intrusion Detection Model

Class ||Predicted Normal|[Predicted Attack||Total Instances|
| Actual Normal|[894 6 900 |
Actual Attack |9 991 1000 |

C. ROC Curve Comparison
Figure 2 presents the Receiver Operating Characteristic (ROC) curves comparing the ML and Deep Learning models.
e The Area Under Curve (AUC) values are as follows:

o RF:0.97
o SVM:0.95
o LSTM:0.99

o Hybrid CNN-LSTM-RF: 0.996
The near-perfect AUC value of the hybrid model confirms its strong discriminative power and robust generalization across
multiple attack types.
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D. Computational Efficiency

Despite its deep architecture, the hybrid model maintained training convergence within 20 epochs and achieved a testing latency

of <25 ms per instance, demonstrating suitability for real-time 10T and edge applications. The use of batch normalization and

dropout layers minimized overfitting, ensuring consistent performance across datasets.
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Figure 2: Receiver Operating Characteristic (ROC) Curve Comparison
E. Comparative Discussion
i. Model Adaptability:

Traditional ML models like SVM and RF performed well for static traffic patterns but lacked adaptability to temporal
variations. In contrast, LSTM and hybrid models captured time-based dependencies effectively.

ii. False Positive Reduction:
The hybrid model reduced false alarms significantly, addressing one of the most persistent challenges in intrusion
detection systems.

iii. Scalability and Robustness:
The ensemble integration of CNN, LSTM, and RF offers scalability to large datasets and high resilience to noise and
data imbalance.

iv. Generalization:
Cross-validation and multi-dataset testing confirmed that the proposed framework generalizes well to unseen attack
types, enhancing reliability for deployment in dynamic 10T networks.

F. Summary of Findings

Table 3: Summary of Model Performance Comparison

]Metric HTraditionaI ML Avg.||Deep Learning Avg.HProposed Hybrid Model|
|Accuracy 195.0 98.3 |99.1 |
[F1-Score |94.5 198.0 |98.8 |
[False Positive Rate||2.5 1.2 0.8 |
lAUC |0.96 10.99 0.996 |

The results validate that the Al-empowered hybrid CNN-LSTM-RF framework outperforms existing techniques in terms of
detection accuracy, computational efficiency, and scalability, making it a robust solution for next-generation cyber defense
systems.

The experimental results obtained from this study clearly demonstrate the effectiveness of integrating Artificial Intelligence (Al)
and Machine Learning (ML) algorithms for accurate and efficient cyber-attack detection and classification. The findings are
summarized as follows:

e  Superior Accuracy of the Hybrid Model: The proposed CNN-LSTM-RF hybrid framework achieved the highest
detection accuracy of 99.1%, outperforming all individual ML and deep learning models. This confirms that
combining spatial-temporal feature extraction (via CNN and LSTM) with ensemble decision-making (via Random
Forest) significantly enhances classification performance.

e Low False Positive and False Negative Rates: The hybrid model recorded a false positive rate (FPR) of 0.8% and a
false negative rate of 0.9%, indicating its strong ability to correctly differentiate between normal and malicious
traffic, which is crucial for maintaining system reliability.

e High Precision and Recall: With a precision of 98.8% and recall of 98.9%, the system minimizes misclassifications
while ensuring that almost all attacks are successfully detected. These results indicate the robustness of the model
under various loT-based attack scenarios.

e Enhanced Generalization and Adaptability: The hybrid model demonstrated consistent performance across both
NSL-KDD and CICIDS2017 datasets, reflecting strong generalization capability and adaptability to diverse network
environments.

e Computational Efficiency: Despite its hybrid architecture, the model maintained an average inference time of less
than 25 ms per instance, making it suitable for real-time detection in 10T and edge computing environments.

e Improved ROC-AUC Performance: The model achieved an AUC value of 0.996, outperforming standalone models
such as LSTM (0.99) and Random Forest (0.97), thus validating its superior discriminative ability between normal
and attack traffic.

e Scalability and Reliability: The experimental analysis indicates that the proposed Al-driven system can scale
efficiently to large datasets, ensuring reliable intrusion detection in complex, high-dimensional 0T environments.
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Overall Insight

The integration of Al-driven learning and multi-model fusion significantly improves detection accuracy, reduces false alarms, and
enhances the resilience of cybersecurity frameworks. The proposed hybrid CNN-LSTM-RF model thus represents a robust,
intelligent, and scalable approach for next-generation intrusion detection systems in 10T ecosystems.

V. CONCLUSION
The exponential growth of Internet-connected devices and 10T ecosystems has introduced an unprecedented range of cyber threats
that challenge traditional security mechanisms. This study presented a comprehensive analysis and implementation of Al- and
ML-based models for efficient detection and classification of cyber-attacks. The comparative evaluation of various algorithms—
including Random Forest (RF), Support Vector Machine (SVM), Long Short-Term Memory (LSTM), and the proposed hybrid
CNN-LSTM-RF framework—demonstrated the transformative role of Al in modern cybersecurity.

Experimental results confirmed that the hybrid model achieved a 99.1% detection accuracy, 98.9% recall, and 0.8% false-positive
rate, outperforming all baseline models. The combination of CNN’s spatial feature extraction, LSTM’s temporal learning, and
RF’s ensemble decision optimization provided a robust multi-layered defense capable of recognizing both frequent and rare attack
types. Furthermore, the model exhibited low inference latency (< 25 ms), proving its suitability for real-time and resource-
constrained 10T environments.
The findings highlight that Al-enabled intrusion detection systems not only improve classification accuracy but also enable
adaptive learning, scalability, and self-evolution against new attack patterns. This research thus validates the potential of hybrid
Al architectures as a cornerstone for the next generation of intelligent, proactive, and autonomous cybersecurity frameworks.

VI. FUTURE SCOPE
Although the proposed CNN-LSTM-RF hybrid framework demonstrated excellent detection performance and generalization
across benchmark datasets, several potential directions can further enhance its applicability and scalability in real-world
environments.

e Integration with Federated and Edge Learning: Future research can focus on implementing Federated Learning (FL) to
enable distributed model training across 10T and edge devices without compromising data privacy. This approach will
reduce centralized data dependency and improve adaptability in decentralized networks.

e Explainable Artificial Intelligence (XAl): Incorporating explainable Al techniques such as SHAP or LIME can improve
interpretability and transparency in decision-making. This will allow cybersecurity analysts to understand why specific
traffic patterns are classified as malicious, enhancing trust in automated systems.

e Lightweight and Energy-Efficient Models: Optimizing deep learning architectures for low-power IoT devices through
model pruning, quantization, and knowledge distillation will make intrusion detection feasible in energy-constrained
environments.

e Real-Time Adaptive Learning: Developing online or reinforcement learning-based IDS frameworks can enable
continuous adaptation to evolving attack vectors, including zero-day exploits and polymorphic malware, ensuring long-
term system resilience.

e Multi-Layer Defense and Cross-Domain Security: Expanding detection capabilities beyond the network layer to include
application-layer and device-level security will provide comprehensive protection across heterogeneous 10T ecosystems.

e Integration with Blockchain and Cloud Security: Combining Al-based IDS models with Blockchain for secure logging
and cloud-based analytics can ensure traceability, integrity, and scalability of cybersecurity operations.

Final Outlook
The fusion of Artificial Intelligence, Machine Learning, and distributed computing will redefine cybersecurity paradigms in the
coming decade. By extending this work toward autonomous, explainable, and privacy-preserving Al-driven intrusion detection
systems, future research can achieve holistic protection for intelligent, interconnected, and sustainable digital infrastructures.
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