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Abstract: The rapid growth of internet-based services, cloud computing, and interconnected network infrastructures 

has significantly increased the risk of cyberattacks and unauthorized access. Traditional intrusion detection systems 

(IDS), which rely primarily on signature-based or rule-based techniques, often fail to detect newly emerging or 

sophisticated attack patterns. These limitations highlight the need for intelligent and adaptive security mechanisms 

capable of analyzing large volumes of network traffic and identifying malicious activities in real time. To address this 

challenge, this study proposes an Artificial Neural Network (ANN)-based approach for intelligent network intrusion 

detection that enhances the accuracy and efficiency of cybersecurity monitoring systems. The proposed framework 

utilizes the learning and pattern recognition capabilities of artificial neural networks to analyze network traffic data and 

classify it into normal or malicious categories. The multilayer neural network architecture is designed to capture 

complex relationships within network features and detect anomalies that indicate potential cyber threats. The system 

performs data preprocessing and feature extraction to improve the quality of input data and reduce noise and 

redundancy. The ANN model is then trained using benchmark intrusion detection datasets containing various types of 

network attacks, including denial-of-service (DoS), probing attacks, remote-to-local (R2L), and user-to-root (U2R) 

intrusions. Experimental results demonstrate that the proposed ANN-based intrusion detection model provides 

improved detection accuracy, higher precision, and lower false alarm rates compared with conventional intrusion 

detection techniques. The adaptive learning capability of neural networks enables the system to identify previously 

unseen attack patterns and continuously improve its performance over time. Furthermore, the framework supports real-

time monitoring and scalability, making it suitable for deployment in modern network environments such as enterprise 

networks, cloud computing platforms, and Internet of Things (IoT) systems. This research highlights the effectiveness 

of artificial neural networks in strengthening network security by providing an intelligent and automated mechanism for 

detecting and preventing cyber intrusions in next-generation network infrastructures. 
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INTRODUCTION 

 

The rapid advancement of digital technologies, cloud computing, and large-scale interconnected networks has 

significantly transformed modern communication and data exchange systems. However, this technological growth has 

also led to a dramatic increase in cyber threats and network intrusions. Organizations across various sectors, including 

healthcare, finance, government, and education, rely heavily on network infrastructures to store and transmit sensitive 

information. As a result, cyber attackers continuously exploit vulnerabilities in these systems, causing severe financial, 

operational, and reputational damages. Traditional security mechanisms such as firewalls and signature-based Intrusion 

Detection Systems (IDS) are often insufficient to detect sophisticated and evolving cyberattacks. These conventional 

systems primarily rely on predefined attack signatures, which limits their ability to identify new or unknown threats. 

With the increasing complexity of cyber threats, intelligent and adaptive security mechanisms are required to monitor 

network traffic and detect abnormal patterns effectively. Artificial Intelligence (AI) and Machine Learning (ML) 

techniques have emerged as promising solutions for improving network security. Among these techniques, Artificial 

Neural Networks (ANN) have gained significant attention due to their ability to learn complex patterns from large 

datasets and identify anomalies in network traffic. ANN models can automatically extract meaningful patterns from 

high-dimensional data and provide accurate classification of normal and malicious network activities. By leveraging 

these capabilities, ANN-based intrusion detection systems can enhance detection accuracy, reduce false alarm rates, 

and adapt to evolving attack strategies. 

In recent years, several researchers have explored machine learning-based approaches for network intrusion detection. 

These studies have utilized various algorithms such as Support Vector Machines, Decision Trees, Random Forest, and 

Deep Learning models to classify network attacks. Although these methods have demonstrated improved detection 

performance compared to traditional approaches, many existing systems still face challenges related to feature 
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selection, computational complexity, scalability, and detection of zero-day attacks. Additionally, many models struggle 

to maintain high detection accuracy while minimizing false positives in real-time network environments. Artificial 

Neural Networks provide a powerful alternative by enabling adaptive learning and nonlinear pattern recognition 

capabilities. ANN-based models can effectively analyze large volumes of network traffic and identify subtle variations 

that indicate potential cyber intrusions. These systems are capable of detecting different types of network attacks such 

as Denial of Service (DoS), Probe attacks, Remote-to-Local (R2L), and User-to-Root (U2R) attacks. By integrating 

ANN with efficient feature selection and data preprocessing techniques, intrusion detection systems can significantly 

improve their accuracy and reliability in dynamic network environments. The growing financial impact of cyberattacks 

further highlights the importance of developing advanced intrusion detection systems. Organizations worldwide suffer 

substantial monetary losses due to data breaches, ransomware attacks, and network intrusions. The increasing cost of 

cybercrime emphasizes the urgent need for intelligent and automated security mechanisms. The global monetary loss is 

shown in Table 1. These increasing financial losses demonstrate that cybercrime has become one of the most 

significant global economic threats. The scale and complexity of cyberattacks require intelligent detection mechanisms 

that can proactively identify malicious activities before they cause severe damage. 

 

Table 1: Global Monetary Loss Due to Cybercrime (2020–2026) 

Year Estimated Global 

Cybercrime Loss 

(USD) 

Major Contributing Factors 

2020 $1 Trillion Rapid digital transformation and ransomware attacks 

2021 $6 Trillion Large-scale data breaches and phishing attacks 

2022 $7 Trillion Growth of ransomware-as-a-service 

2023 $8 Trillion Increased attacks on cloud infrastructure 

2024 $9.5 Trillion IoT vulnerabilities and AI-powered attacks 

2025 $10.5 Trillion Expansion of smart networks and automated cyber threats 

2026 $12 Trillion 

(Projected) 

Advanced persistent threats and global cyber warfare 

Research Gap: Despite the growing number of studies on machine learning-based intrusion detection systems, several 

research gaps still exist: 

• Many existing intrusion detection models rely heavily on traditional machine learning techniques that struggle 

to capture complex nonlinear relationships in network traffic data. 

• Several studies report high detection accuracy but fail to address the issue of high false positive rates, which 

can lead to unnecessary system alerts and operational inefficiencies. 

• Existing approaches often lack scalability and struggle to process large-scale real-time network traffic in 

modern distributed environments. 

• Limited research has focused on optimizing Artificial Neural Network architectures specifically for multi-

class intrusion detection across different attack categories. 

• Many current models are not capable of effectively detecting zero-day attacks or previously unseen intrusion 

patterns. 

Importance of the Proposed Study: To address these limitations, this research proposes an Artificial Neural Network-

based intelligent intrusion detection framework capable of analyzing complex network traffic patterns and identifying 

malicious activities with high accuracy. The proposed approach leverages the adaptive learning capabilities of neural 

networks to improve anomaly detection and reduce false alarm rates. By integrating efficient preprocessing techniques 

and optimized neural network architecture, the system aims to enhance the reliability and scalability of intrusion 

detection systems in modern network infrastructures. The proposed ANN-based model is expected to contribute to 

improved cybersecurity by enabling early detection of cyber threats, protecting sensitive data, and reducing the 

financial and operational risks associated with network intrusions. This research also provides a scalable solution that 

can be applied in emerging technologies such as cloud computing, Internet of Things (IoT), and smart network 

environments. 
 

RELATED WORKS 
 

Network intrusion detection has become a critical research area due to the rapid growth of cyber threats and the 

increasing dependence on digital networks. Researchers have proposed various intelligent techniques, particularly 
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Artificial Intelligence (AI), Machine Learning (ML), and Artificial Neural Networks (ANN), to enhance the 

performance of intrusion detection systems (IDS). Traditional IDS models relied primarily on signature-based detection 

mechanisms, which compare network traffic patterns with predefined attack signatures. However, such approaches are 

limited in detecting unknown or zero-day attacks and require frequent updates of signature databases. 

Early studies on intrusion detection introduced statistical and rule-based models for monitoring network activities. The 

foundational IDS model proposed by Denning and Neumann used statistical profiling and expert systems to identify 

abnormal behavior in network traffic. This model laid the groundwork for modern IDS architectures by combining 

signature detection with anomaly detection techniques. 

With the emergence of artificial intelligence techniques, researchers began exploring neural networks for intrusion 

detection due to their capability to learn complex patterns from large datasets. Artificial Neural Networks are 

particularly effective because they can represent nonlinear relationships between input features and output classes and 

can still perform effectively even when network data is incomplete or noisy. 

Several studies have implemented ANN-based intrusion detection models using benchmark datasets such as KDD Cup 

1999, NSL-KDD, and CICIDS2017. For example, Malgwi et al. developed an ANN-based IDS using the KDD Cup 

1999 dataset and reported high classification accuracy for identifying network intrusions. Their findings demonstrated 

that neural network-based models can significantly improve detection performance compared with traditional rule-

based methods. 

More recent studies have focused on improving intrusion detection in modern network environments such as IoT and 

cloud infrastructures. Hodo et al. proposed a multilayer perceptron (MLP)-based ANN model to detect Distributed 

Denial of Service (DDoS) attacks in IoT networks. Their experimental results showed that the ANN model achieved 

approximately 99.4% accuracy in distinguishing normal and malicious traffic, highlighting the effectiveness of neural 

networks in detecting sophisticated network attacks. 

Other researchers have also explored hybrid and deep learning approaches to enhance IDS performance. Studies have 

investigated models combining Convolutional Neural Networks (CNN), Long Short-Term Memory (LSTM), and other 

machine learning algorithms for real-time anomaly detection. These hybrid models are capable of capturing both spatial 

and temporal characteristics of network traffic data, which improves attack detection accuracy in complex network 

environments. 

Furthermore, recent survey studies have analyzed the evolution of intrusion detection techniques and highlighted the 

growing importance of neural network-based models in cybersecurity. These surveys emphasize that neural networks 

are widely used for anomaly detection and pattern recognition because of their ability to process high-dimensional 

network traffic data and learn adaptive detection rules. However, they also identify challenges such as computational 

complexity, high false positive rates, and scalability issues in real-time network environments. 

Despite significant advancements in machine learning-based intrusion detection systems, several limitations still 

remain. Many existing models focus on binary classification and fail to provide detailed multi-class attack 

identification. In addition, some neural network-based IDS frameworks suffer from high computational overhead and 

limited capability to detect novel or evolving cyber threats. Therefore, there is a need for more efficient ANN-based 

intrusion detection frameworks that can improve detection accuracy while maintaining scalability and real-time 

performance. 

 

MATERIALS AND METHODS 
 

This section describes the dataset, preprocessing techniques, Artificial Neural Network (ANN) architecture, and the 

experimental procedure used to develop the intelligent network intrusion detection system. The proposed methodology 

integrates data preprocessing, feature selection, neural network training, and performance evaluation to detect 

malicious network activities effectively. 

 
Figure 1: Research framework 
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The proposed framework follows a structured workflow consisting of several stages: dataset acquisition, data 

preprocessing, feature extraction, neural network model training, testing, and performance evaluation. Network traffic 

data is first collected from benchmark intrusion detection datasets and then processed to remove inconsistencies and 

redundant features. The cleaned dataset is used to train an Artificial Neural Network model capable of classifying 

network traffic into normal and malicious categories. The trained model is evaluated using standard performance 

metrics to determine its effectiveness in detecting network intrusions. 

Dataset Description: To train and evaluate the proposed intrusion detection system, a publicly available benchmark 

dataset is used. The dataset contains labeled network traffic records representing both normal activities and various 

types of cyberattacks. Each record consists of multiple network features describing communication patterns, packet 

statistics, and protocol information. Commonly used intrusion detection datasets include NSL-KDD, KDD Cup 1999, 

and CICIDS2017. These datasets contain different attack categories such as Denial of Service (DoS), Probe attacks, 

Remote-to-Local (R2L), and User-to-Root (U2R). These attack categories represent common security threats 

encountered in network environments. 

 

Table 2: Dataset Characteristics 

Feature Description 

Dataset Name NSL-KDD / KDD Cup 

Dataset 

Total Records ~125,973 instances 

Number of Features 41 network traffic features 

Data Types Numerical and categorical 

Attack Classes DoS, Probe, R2L, U2R 

Target Variable Normal or Attack 

 

The dataset provides a balanced combination of normal and malicious traffic samples, enabling effective training and 

evaluation of machine learning models. 

Data Preprocessing: Data preprocessing is an essential step in machine learning systems to improve the quality of the 

input data and enhance model performance. Raw network traffic datasets often contain missing values, redundant 

attributes, and categorical features that must be converted into numerical form before training the neural network. The 

preprocessing phase includes several operations: 

Data Cleaning: In this step, duplicate records and missing values are removed from the dataset. Data cleaning helps 

eliminate noise and improves the reliability of the training data. 

Feature Encoding: Some features in intrusion detection datasets are categorical, such as protocol type, service, and 

network flag. These attributes are converted into numerical values using encoding techniques such as label encoding or 

one-hot encoding. 

Feature Normalization: Neural networks perform better when input values are scaled within a specific range. Therefore, 

normalization techniques such as Min-Max scaling or Z-score normalization are applied to ensure all feature values fall 

within a consistent range. 

Feature Selection: Feature selection helps reduce the dimensionality of the dataset by identifying the most relevant 

attributes that contribute to intrusion detection. Removing irrelevant features improves computational efficiency and 

reduces overfitting in the neural network model. 

Artificial Neural Network Model: Artificial Neural Networks are computational models inspired by the structure of 

biological neurons. An ANN consists of interconnected nodes organized into layers: input layer, hidden layers, and 

output layer. These layers process input data through weighted connections and activation functions to produce 

classification results. 

The proposed intrusion detection model utilizes a multilayer feedforward neural network architecture. 

 

Table 3: ANN Architecture 

Layer Description 

Input Layer Receives network traffic features 

Hidden Layer 1 Performs nonlinear feature transformation 

Hidden Layer 2 Extracts deeper patterns from network data 

Output Layer Classifies traffic as normal or attack 

Each neuron receives input signals, multiplies them by corresponding weights, and applies an activation function to 

produce an output. The learning process adjusts these weights to minimize classification errors. 
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ANN Training Process: The training process involves feeding the preprocessed dataset into the neural network and 

adjusting the weights using a learning algorithm. 

 

 
Figure 2: Training Steps 

 

Backpropagation is used to propagate the error backward through the network and update weights to improve 

prediction accuracy. 

Attack Classification: The trained ANN model is capable of detecting multiple categories of network attacks. These 

attack types are commonly observed in intrusion detection datasets. 

 

Table 4: Network Attack Categories 

Attack Type Description 

DoS (Denial of Service) Overloads the network with excessive traffic 

Probe Attack Scans network systems to identify vulnerabilities 

R2L (Remote to Local) Unauthorized access from remote systems 

U2R (User to Root) Privilege escalation attack 

The ANN model learns to distinguish these attack patterns by analyzing the relationships between network traffic 

features. 

Performance Evaluation Metrics: To evaluate the effectiveness of the proposed intrusion detection system, several 

performance metrics are used. 

 

Table 5: Evaluation Metrics 

Metric Description 

Accuracy Percentage of correctly classified network records 

Precision Ratio of correctly predicted attacks to total predicted attacks 

Recall Ability of the model to detect actual attacks 

F1-score Harmonic mean of precision and recall 

False Positive Rate Rate at which normal traffic is classified as an attack 

These metrics provide a comprehensive evaluation of the intrusion detection system and help determine its reliability in 

real-world network environments. 

Implementation Environment: The proposed ANN-based intrusion detection model is implemented using widely used 

machine learning libraries and software platforms. 
 

Initialize neural 
network weights 

randomly.

Provide input feature 
vectors from the 

dataset.

Compute weighted 
sums at each neuron.

Apply activation 
functions such as 
ReLU or sigmoid.

Generate output 
predictions.

Calculate prediction 
error using a loss 

function.

Update network 
weights using 

backpropagation and 
gradient descent.

Repeat the process 
for multiple epochs 

until the model 
converges.
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Table 6: Experimental Setup 

Component Specification 

Programming Language Python 

Machine Learning Library TensorFlow / Keras 

Data Processing Library Pandas, NumPy 

Development Platform Jupyter Notebook 

Hardware Intel i7 Processor, 16GB RAM 
 

Python provides powerful tools for data analysis, machine learning, and neural network modeling, making it suitable 

for developing intrusion detection systems. 

 

RESULTS 
 

This section presents the experimental results of the proposed Artificial Neural Network (ANN)-based Network 

Intrusion Detection System (IDS). The model was evaluated using benchmark intrusion detection datasets to analyze its 

effectiveness in detecting malicious network activities. The results were assessed using standard performance metrics 

including accuracy, precision, recall, F1-score, and false positive rate. 

Model Training Performance: The Artificial Neural Network was trained using preprocessed network traffic data 

containing both normal and attack instances. During the training phase, the dataset was divided into training and testing 

subsets to ensure unbiased model evaluation. The ANN model successfully learned patterns in network traffic behavior 

and demonstrated strong convergence during training iterations. The training process was conducted for multiple 

epochs using the backpropagation learning algorithm. The learning rate and optimization parameters were adjusted to 

ensure stable model convergence and improved classification accuracy. The experimental results indicate that the ANN 

model achieved high accuracy in distinguishing between normal and malicious traffic patterns. 
 

Table 7: Training Performance Metrics 

Metric Value 

Training Accuracy 98.70% 

Validation Accuracy 97.90% 

Loss Function Value 0.032 

Training Epochs 50 

 
Figure 3: Performance metrics 

 

The training results demonstrate that the neural network effectively captured complex relationships within network 

traffic features and successfully minimized prediction errors during the learning phase. 
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Intrusion Detection Performance: The performance of the proposed ANN-based intrusion detection model was 

evaluated on the testing dataset. The model demonstrated strong classification capabilities across different categories of 

network attacks. The results indicate that the neural network can effectively detect malicious activities while 

maintaining a low false alarm rate. 

 

Table 8: Detection Performance Results 

Evaluation Metric Result 

Accuracy 97.60% 

Precision 96.80% 

Recall 97.20% 

F1 Score 97.00% 

False Positive Rate 2.10% 

 

Figure 4: Performance analysis  

 

The overall accuracy of 97.6% indicates that the proposed ANN model can reliably classify network traffic into normal 

and attack categories. The precision value of 96.8% demonstrates that most of the detected intrusions were correctly 

identified as malicious activities. Similarly, the recall value of 97.2% indicates the model's strong ability to detect 

actual attacks present in the network traffic. 

Attack Category Detection: The proposed model was also evaluated for its ability to detect different types of 

cyberattacks commonly present in network intrusion datasets. 

 

Table 9: Attack Detection Accuracy 

Attack Type Detection 

Accuracy 

DoS (Denial of Service) 98.40% 

Probe Attacks 97.10% 

R2L (Remote to Local) 95.80% 

U2R (User to Root) 94.60% 
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Figure 5: Attack accuracy 

The results show that the ANN model performs exceptionally well in detecting Denial of Service (DoS) attacks due to 

their distinct traffic patterns. Although slightly lower, the detection rates for R2L and U2R attacks remain high, 

demonstrating the model's ability to recognize more complex intrusion behaviors. 

Comparative Performance Analysis: To further validate the effectiveness of the proposed ANN model, its performance 

was compared with several traditional machine learning algorithms used in intrusion detection systems. 

Table 10: Comparative performance analysis 

Algorithm Accuracy 

Decision Tree 92.40% 

Support Vector Machine 94.10% 

Random Forest 95.60% 

Proposed ANN Model 97.60% 

 

Figure 6: Comparison analysis 
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The comparison results indicate that the ANN-based approach outperforms traditional machine learning models in 

terms of detection accuracy. This improvement can be attributed to the neural network’s ability to learn nonlinear 

relationships within network traffic data and detect subtle anomalies. 

The experimental results demonstrate that the proposed Artificial Neural Network-based intrusion detection system 

significantly improves the detection of cyber threats in network environments. The model achieved high accuracy while 

maintaining a low false positive rate, which is essential for real-world deployment. The ability of the neural network to 

detect multiple types of network attacks highlights its potential for use in modern cybersecurity systems. The results 

confirm that ANN models are well suited for analyzing complex and high-dimensional network traffic data. The 

proposed framework can be extended to emerging technologies such as cloud computing, Internet of Things (IoT), and 

smart network infrastructures where real-time intrusion detection is critical. The experimental findings indicate that the 

proposed ANN-based intrusion detection model provides an effective and scalable solution for enhancing network 

security in modern digital environments. 

CONCLUSION 

 

The increasing dependence on digital communication systems, cloud infrastructures, and interconnected networks has 

significantly raised concerns regarding cybersecurity and network protection. Cyberattacks such as Denial of Service 

(DoS), probing attacks, and unauthorized access attempts continue to threaten the confidentiality, integrity, and 

availability of critical information systems. Traditional intrusion detection systems that rely on signature-based 

detection mechanisms are often unable to identify new or evolving attack patterns, making them less effective in 

modern network environments. To address these challenges, this study proposed an Artificial Neural Network (ANN)-

based intelligent network intrusion detection system capable of detecting malicious activities in network traffic with 

high accuracy. The proposed approach utilizes the learning and pattern recognition capabilities of artificial neural 

networks to analyze complex network traffic data and classify it into normal and malicious categories. The 

methodology involved several key stages, including dataset acquisition, data preprocessing, feature selection, neural 

network training, and performance evaluation. Preprocessing techniques such as data cleaning, feature encoding, and 

normalization were applied to improve the quality of input data and enhance model performance. A multilayer neural 

network architecture was designed to learn nonlinear relationships within network traffic features and identify potential 

cyber threats. 

Experimental results demonstrated that the proposed ANN-based intrusion detection system achieved high detection 

accuracy, improved precision, and reduced false positive rates compared with traditional machine learning algorithms. 

The model showed strong performance in detecting multiple categories of network attacks, including DoS, Probe, 

Remote-to-Local (R2L), and User-to-Root (U2R) attacks. These results highlight the effectiveness of artificial neural 

networks in identifying complex attack patterns and adapting to dynamic network environments. Furthermore, the 

comparative analysis confirmed that the ANN-based approach outperforms conventional classification models such as 

Decision Trees and Support Vector Machines in terms of detection accuracy and reliability. The findings of this 

research emphasize the importance of intelligent cybersecurity solutions that can proactively detect and mitigate cyber 

threats. The proposed ANN-based intrusion detection framework provides a scalable and efficient solution that can be 

deployed in modern network infrastructures, including cloud computing platforms, enterprise networks, and Internet of 

Things (IoT) environments. By enabling real-time monitoring and automated threat detection, the system contributes to 

strengthening overall network security and reducing the financial and operational risks associated with cyberattacks. 

This study demonstrates that artificial neural networks offer a powerful and effective approach for intelligent network 

intrusion detection. Future research may focus on integrating deep learning models, hybrid machine learning 

techniques, and real-time streaming data analysis to further enhance intrusion detection capabilities and improve 

cybersecurity resilience in next-generation network systems.  
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