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ABSTRACT: The rapid growth of networked systems has significantly increased the risk and complexity of cyber-
attacks, making traditional signature-based security mechanisms inadequate for modern environments. This paper
presents the design and implementation of an intelligent Network Intrusion Detection System (NIDS) using a machine
learning approach based on the Random Forest algorithm. The proposed system utilizes the NSL-KDD dataset, which
provides a refined and balanced representation of network traffic, to train and evaluate the model.A comprehensive pre-
processing pipeline is employed to convert categorical attributes into numerical form and to transform multi-class
labels into a binary classification problem distinguishing normal and malicious traffic. The Random Forest classifier,
configured with multiple decision trees, effectively captures complex patterns in high-dimensional data and enhances
detection performance.

Experimental evaluation demonstrates that the model achieves high accuracy with improved detection capability while
maintaining a low false positive rate. Performance is validated using standard metrics such as confusion matrix and
ROC-AUC analysis. The results indicate that ensemble learning techniques provide a robust and scalable solution for
intrusion detection.The proposed system offers an efficient framework for identifying anomalous network behavior and
can serve as a foundation for future real-time and large-scale cybersecurity applications.

KEYWORDS: Network Intrusion Detection System (NIDS), Machine Learning, Random Forest, NSL-KDD Dataset,
Cybersecurity, Ensemble Learning.

I. INTRODUCTION

The rapid advancement of information technology and the widespread use of computer networks have significantly
transformed modern society. From financial institutions and healthcare systems to government organizations and
educational platforms, almost every sector relies heavily on networked systems for communication, data storage, and
operational efficiency. However, this increasing dependence has also made networks highly vulnerable to a wide range
of cyber threats. Malicious activities such as Denial of Service (DoS) attacks, unauthorized access, probing, and data
breaches have become more frequent and sophisticated, posing serious risks to data security and system integrity.

Traditionally, network security has been maintained using firewalls and signature-based intrusion detection systems
(IDS). These systems operate by comparing network traffic against a database of known attack patterns or predefined
rules. While they are effective in detecting previously identified threats, they suffer from significant limitations. In
particular, they are unable to detect new or unknown attacks, commonly referred to as zero-day attacks. Additionally,
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these systems require constant updates to their signature databases and often generate a high number of false alerts,
making them inefficient in handling large-scale and dynamic network environments.

To overcome these challenges, there has been a growing interest in the use of intelligent and adaptive techniques for
intrusion detection. Machine learning has emerged as a promising solution in this domain due to its ability to learn
patterns from historical data and make predictions on unseen data. Unlike traditional rule-based systems, machine
learning models can identify hidden relationships and anomalies within network traffic, enabling the detection of both
known and unknown attacks. This capability makes machine learning particularly suitable for modern cybersecurity
applications, where the threat landscape is continuously evolving.
Among various machine learning algorithms, ensemble learning methods have gained attention for their improved
accuracy and robustness. Random Forest, an ensemble-based classification technique, is widely recognized for its
ability to handle high-dimensional data, reduce overfitting, and provide reliable predictions. It operates by constructing
multiple decision trees using random subsets of data and features, and then combining their outputs through a majority
voting mechanism. This approach enhances the model’s generalization ability and makes it highly effective for
complex classification tasks such as network intrusion detection.

In this work, a Network Intrusion Detection System (NIDS) is developed using the Random Forest algorithm. The
system is trained and evaluated using the NSL-KDD dataset, which is an improved version of the widely used KDD
Cup 99 dataset. The NSL-KDD dataset addresses key issues such as redundancy and class imbalance, providing a more
realistic and challenging benchmark for evaluating intrusion detection models. The dataset includes multiple features
that describe network traffic behavior, allowing the model to learn meaningful patterns associated with normal and
malicious activities.

A comprehensive preprocessing phase is implemented to prepare the dataset for model training. This includes
transforming categorical attributes into numerical values using label encoding and converting the multi-class attack
labels into a binary classification problem. The processed data is then used to train the Random Forest model, which
learns to distinguish between normal and attack traffic based on feature patterns. The performance of the system is
evaluated using standard metrics such as accuracy, confusion matrix, and Receiver Operating Characteristic (ROC)
analysis.

The proposed system aims to provide an efficient and scalable solution for detecting network intrusions with high
accuracy and low false alarm rates. By leveraging the strengths of machine learning and ensemble techniques, the
system enhances the capability of traditional intrusion detection methods and contributes to improved network security.
Furthermore, the approach can be extended to real-time environments and integrated with advanced security
frameworks to provide continuous monitoring and protection.

II. LITERATURE REVIEW

The field of Network Intrusion Detection Systems (NIDS) has evolved significantly over the years in response to the
increasing complexity and frequency of cyber-attacks. Early intrusion detection techniques were primarily based on
signature-based methods, where predefined patterns of known attacks were stored in a database and compared with
incoming network traffic. While these methods were effective in detecting known threats with high accuracy, they were
limited in their ability to identify new or unknown attacks. This limitation led to the development of anomaly-based
detection systems, which focus on identifying deviations from normal network behaviour.

Anomaly-based intrusion detection systems rely on statistical models and machine learning techniques to establish a
baseline of normal activity. Any significant deviation from this baseline is considered suspicious and flagged as a
potential intrusion. Although this approach provides the advantage of detecting previously unseen attacks, early
implementations suffered from high false positive rates, which reduced their practical usability. To address these
challenges, researchers have explored various machine learning algorithms to improve detection accuracy and reduce
false alarms.

Among the earliest machine learning approaches, Naive Bayes gained attention due to its simplicity and computational
efficiency. It applies probabilistic reasoning based on Bayes’ theorem and assumes independence among features.
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However, in the context of network traffic data, where features are often correlated, this assumption limits its
performance. As a result, Naive Bayes tends to produce lower accuracy and higher false positive rates compared to
more advanced methods.

Support Vector Machines (SVM) have also been widely used for intrusion detection due to their strong classification
capabilities in high-dimensional spaces. SVM works by identifying an optimal hyperplane that separates different
classes with maximum margin. Although SVM provides good accuracy, its computational complexity increases
significantly with large datasets, making it less suitable for real-time or large-scale applications.

Decision Trees are another popular approach due to their interpretability and ease of implementation. They classify data
by recursively splitting it based on feature values, creating a tree-like structure of decisions. While Decision Trees are
fast and easy to understand, they are prone to overfitting, especially when dealing with complex and high-dimensional
datasets such as network traffic logs. This limitation affects their ability to generalize well on unseen data.

To overcome the drawbacks of individual classifiers, ensemble learning techniques have been introduced. Ensemble
methods combine multiple models to improve overall performance and stability. Random Forest is one of the most
widely used ensemble algorithms for intrusion detection. It constructs multiple decision trees using random subsets of
data and features, and the final prediction is determined through majority voting. This approach significantly reduces
overfitting and enhances classification accuracy. Studies have shown that Random Forest consistently outperforms
traditional machine learning models in terms of detection rate and false alarm reduction.

The availability of benchmark datasets has played a crucial role in evaluating intrusion detection systems. The KDD
Cup 99 dataset was one of the earliest and most widely used datasets for this purpose. However, it contained a large
number of redundant records, which led to biased learning and overly optimistic performance results. To address these
issues, the NSL-KDD dataset was introduced as an improved version. It eliminates duplicate records and provides a
more balanced distribution of data, making it a more reliable benchmark for evaluating machine learning models.

Recent research trends have also explored the use of deep learning techniques, such as Artificial Neural Networks
(ANN), Convolutional Neural Networks (CNN), and Recurrent Neural Networks (RNN), for intrusion detection. These
methods are capable of learning complex patterns and temporal dependencies in network traffic. However, they require
large amounts of data, high computational resources, and longer training times, which can limit their practical
deployment in real-time systems.

In comparison, ensemble-based machine learning approaches, particularly Random Forest, offer a balance between
performance, efficiency, and scalability. They are capable of handling high-dimensional data, providing feature
importance insights, and achieving high detection accuracy with relatively lower computational cost. These advantages
make Random Forest a suitable choice for developing an effective Network Intrusion Detection System.

Based on the analysis of existing literature, it is evident that machine learning techniques have significantly improved
the performance of intrusion detection systems. The transition from traditional rule-based methods to intelligent data-
driven approaches has enhanced the ability to detect both known and unknown threats. This study builds upon these
advancements by implementing a Random Forest-based NIDS using the NSL-KDD dataset to achieve reliable and
efficient intrusion detection.

III. METHODOLOGY

The proposed Network Intrusion Detection System (NIDS) follows a structured machine learning pipeline consisting of
data acquisition, preprocessing, model training, and performance evaluation. The objective is to accurately classify
network traffic as either normal or malicious using the Random Forest algorithm.
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Step1. Dataset Description
The system utilizes the NSL-KDD dataset, which is an improved version of the KDD Cup 99 dataset. It addresses
issues such as redundancy and class imbalance, providing a reliable benchmark for intrusion detection research. The
dataset contains 41 features representing different characteristics of network traffic, including protocol type, service,
and traffic statistics.

Step2.Data preprocessing
Data preprocessing is a crucial step to ensure compatibility with machine learning algorithms. The dataset includes both
categorical and numerical attributes. Categorical features such as protocol type, service, and flag are converted into
numerical values using label encoding.The target variable, which originally contains multiple attack types, is
transformed into a binary classification problem by mapping normal traffic to one class and all attack types to another.
Additionally, irrelevant attributes are removed, and the dataset is checked for inconsistencies to improve data quality.

Step3.Data Integration and Splitting
To maintain consistency in encoding, training and testing datasets are combined during preprocessing and later
separated. The processed data is divided into training and testing sets, where the training data is used to build the model
and the testing data is used to evaluate its performance.
Step4.Model development
The Random Forest algorithm is employed as the core classification model. It is an ensemble learning technique that
constructs multiple decision trees using random subsets of data and features. Each tree independently predicts the class
label, and the final output is determined by majority voting.

The model is configured with multiple estimators to improve accuracy and reduce overfitting. This approach enables
the system to handle high-dimensional data and capture complex patterns in network traffic.

Step5.Model Evaluation
The performance of the proposed system is evaluated using standard metrics such as accuracy, precision, recall, and F1-
score. A confusion matrix is used to analyze classification results, and the Receiver Operating Characteristic (ROC)
curve is used to assess the model’s ability to distinguish between classes.

Step6.Model persistence
To enable efficient reuse, the trained model is saved using serialization techniques. This allows the system to load the
trained model without retraining, making it suitable for deployment in real-world environments.
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IV. RESULTS

The proposed Text-to-SQL system was implemented to allow users to retrieve database information using natural
language queries. The system was developed using a Streamlit interface, a Large Language Model for query
interpretation, and a MySQL database for storing and retrieving data. After integrating these components, the system
was tested with different user queries to evaluate its functionality and performance.During testing, users entered
questions in natural language through the Streamlit interface. The system successfully interpreted the input and
converted it into corresponding SQL queries. These queries were executed on the MySQL database, and the retrieved
results were displayed in a structured format on the user interface. The results showed that the system was able to
correctly identify relevant database tables and attributes for most user queries.

The experimental results demonstrate that the system simplifies database interaction for users who do not have
knowledge of SQL. Users were able to retrieve data using simple English questions without needing to understand
database schemas or query syntax. The system also reduced the time required to access information compared to
manual SQL query writing.However, the system may encounter limitations when processing highly complex queries or
ambiguous user input. In such cases, additional improvements in prompt design, query validation, and database schema
understanding can further enhance the accuracy and reliability of the system.

Overall, the results indicate that the proposed approach effectively bridges the gap between natural language interaction
and structured database querying, making data access more efficient and user-friendly.

V. CONCLUSION

This paper presented the design and implementation of a machine learning-based Network Intrusion Detection System
(NIDS) using the Random Forest algorithm. The system was developed to address the limitations of traditional
signature-based security mechanisms by enabling the detection of both known and unknown cyber-attacks. By utilizing
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the NSL-KDD dataset and applying effective preprocessing techniques, the model was trained to accurately classify
network traffic as normal or malicious.

The experimental results demonstrate that the proposed approach achieves high detection accuracy with a low false
alarm rate. The use of an ensemble learning method enhances the system’s ability to handle high-dimensional data and
complex traffic patterns while reducing overfitting. Additionally, feature importance analysis influencing intrusion
provides valuable insights into the key factors detection.

Overall, the proposed system offers a reliable and scalable solution for improving network security. It highlights the
effectiveness of machine learning techniques in detecting intrusions and lays the foundation for further enhancements,
such as real-time deployment and integration with advanced security frameworks.

VI. FUTURE ENHANCEMENT

The proposed Network Intrusion Detection System (NIDS) can be further enhanced to improve its performance,
scalability, and real-world applicability. One potential extension is the integration of deep learning techniques, such as
neural networks and recurrent architectures, to capture more complex temporal patterns in network traffic. Another
important improvement is the transition from offline analysis to real-time intrusion detection by integrating the model
with live network monitoring systems. This would enable immediate identification and response to cyber threats.
Additionally, incorporating larger and more recent datasets can improve the model’s ability to detect emerging and
sophisticated attack patterns.The system can also be extended to support multi-class classification, allowing it to
identify specific types of attacks rather than only distinguishing between normal and malicious traffic. Furthermore,
deployment in cloud-based environments can enhance scalability and allow the system to handle high-volume network
data efficiently.Finally, integrating automated response mechanisms, such as alert generation or attack mitigation
strategies, can transform the system from a detection tool into a comprehensive network security solution.
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