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1. Introduction
[bookmark: _Toc215214168]1.1 Context and Background
Network intrusion detection is an essential element of the current cybersecurity, as it is supposed to detect the illegitimate or malicious activities within the network [1]. The growing complexity and frequency of cyber-attacks such as data breaches, Distributed Denial of Service (DDoS) attacks, and malware intrusion, have increased the need to have a powerful intrusion detection system (IDS). Such systems should be able to effectively distinguish the normal and anomalous network traffic in real-time, as a way of securing sensitive data and ensuring integrity of the network.
In the last ten years, machine learning methods have been the focus of the construction of useful IDS. The rule-based systems are not always sufficient as they are based on predetermined patterns and cannot be updated to meet the new attack vectors. By contrast, machine learning algorithms, including Random Forest, have the ability to learn patterns on data automatically and, therefore, identify known as well as novel intrusions.
The current developments in the area have resulted in the grandiosity of machine learning models in relation to the IDS [2]. Such datasets as NSL-KDD, CICIDS, and UNSW-NB15 have become quite common and offer enough information to train and test machine learning models. There has also been an improved development of algorithms, where the ensemble techniques, such as Random Forest, have become more popular due to their capabilities of operating with large volumes of data, handling the importance of features, and curbing overfitting. These enhancements are most critical especially in real time intrusion detection where rapid detection of the attacks is imperative in order to reduce the effect of the attack and in order to sustain business activities.
[bookmark: _Toc215214169]1.2 Research Problem
This research problem to be addressed in this study is that it is difficult to detect intrusions in network traffic that can be accurately identified with the use of machine learning, in this case, the Random Forest classifier. Existing intrusion detection systems tend to be inefficient with substantial network traffic volume and complexity, resulting in high false-positive and low detection rates [3]. Moreover, models that are currently in use are also usually based on predefined attack signatures and therefore, they are not able to identify new or emerging threats.
This study aims at assessing the efficiency of the Random Forest classifier in identifying normal and malicious network traffic [4]. This study will attempt to understand how the random forest algorithm can be utilized to improve the effectiveness and efficiency of intrusion detection systems especially in a dynamic network environment by emphasizing machine learning-based intrusion detection. Finding a solution to this problem is paramount in enhancing network security, reducing false positives, and creation of systems that have the capacity to identify known and unknown threats in real time.
[bookmark: _Toc215214170]1.3 Research Aim and Objectives
Aim:
This study aims to deploy and test a Random Forest classifier system on intrusion detection in network traffic and evaluate the system in terms of detecting known as well as unknown intrusions.
Objectives:
a) To collect and preprocess network traffic data (e.g., NSL-KDD, CICIDS).
b) To implement a Random Forest classifier to classify network traffic as normal or intrusive.
c) To evaluate the performance of the Random Forest model using metrics such as accuracy, precision, recall, F1-score, and ROC-AUC.
d) To compare the performance of the Random Forest classifier with other machine learning techniques for intrusion detection.
e) To analyze the feature importance of the trained model to identify key factors in intrusion detection.
[bookmark: _Toc215214171]1.4 Significance of the Research
This study is important as it addresses the rising demand of a more efficient and dynamic network intrusion detection systems (NIDS) in the current highly advanced level of cyber threats. Conventional approaches of IDS are often signature-based that fail to identify new attacks or zero-day attacks [5]. A more dynamic and scalable, that is, capable of learning based on network traffic data and detecting known and unknown intrusions, solution to the problem presented by this research can be offered with the intermediation of a Random Forest classifier, a machine learning model.

The research will make a contribution to the literature by examining the usage of another popular ensemble technique, the Random Forest, the use of which in the area of the real-time network traffic analysis. It will shed light on the possibilities of the enhanced accuracy of detection and false positives reduction as well as the overall performance of the NIDS due to the combination of supervised learning algorithms. The potential solutions to practical issues of this study can be implemented in improving cybersecurity architecture, especially the organizations that are interested in the preservation of sensitive data and network integrity against developed cybercrime. Finally, the study will be focused on enhancing the security stance of contemporary networks and ensuring more stable and adaptive intrusion detection frameworks.
[bookmark: _Toc215214172]2. Literature Review
[bookmark: _Toc215214173]2.1 Introduction to the Literature Review
According to [12], this literature review aims to examine the current body of literature on intrusion detection system (IDS), in particular, the use of machine learning algorithm, like random forest, in identifying intrusion in network traffic [6]. The purpose of the review is to define some of the main trends, methods, and gaps in literature and how machine learning models are being implemented in order to make IDS more effective in real-time network facilities.
The topics that will be explored in this review will encompass the development of network intrusion detection, difficulties of detection in high-dimensional network traffic data sets (large), and how these machine learning algorithms compete with one another in that application. One will especially focus on the page on the popular ensemble algorithm, which is called Random Forest, and how it is effective in dealing with imbalanced data and offering insights about feature importance. From the viewpoint of Pratik Waghmode et al. (2025) The popular network traffic datasets (including NSL-KDD, CICIDS 2017, and UNSW-NB15) and the performance measures that are usually applied to assess machine learning models in intrusion detection will also be discussed in the literature. In this review the gaps of the research being conducted by others will be brought out and the contribution that the proposed study will make to these gaps will be indicated [7].
[bookmark: _Toc215214174]2.2 Key Contributions and Gaps
According to Osman et al. (2025) The evolution of intrusion detection systems (IDS) in the recent decades can be largely explained by the fact that the network traffic has become more complicated and has grown in volume, whereas cyberattacks have become more sophisticated [8]. The signature-based IDS systems that are traditionally used to detect novel or zero-day attacks have been mostly ineffective due to the constraints of their reliance on preset attacks. As Ghaffarian et al. (2023) says this drawback has led to consideration of machine learning (ML) procedures, which can dynamically evolve with regards to new threats learning patterns straight over network traffic records [9].

One of the most important contributions to the field is the use of the so-called ensemble learning techniques, especially the use of Random Forest as an intrusion detection technique. Studies have indicated that Random Forest is quite efficient in terms of high-dimensional information and in turn it is very appropriate when dealing with network traffic, which is very complex. Investigations like the one conducted have had shown that Random Forest performs better than the classical classifier, including decision trees and SVM, with much higher detection accuracy, which is especially applicable to the imbalanced dataset with less frequent anomalies. The findings highlight the strength of the Random Forest to differentiate normal and anomalous traffic, which is a critical approach to the tasks of non-persistent intrusion detection in real-time.
From the viewpoint of Hasan et al. (2016), the importance aspect of feature importance of Random Forest has been investigated in other studies, which have shown that the classifier can determine significant features out of network traffic that helps in most intrusion detection [10]. The application of Random Forest to detect DDoS attacks was discussed by Ma et al. (2023), and it is revealed that the model was able to correctly classify attack traffic and produced a low proportion of false positives [11]. Moreover, El-Sherif et al. (2025) also mentioned the possibility of using Random Forest in binary classification (normal vs. attack) or in multi-class classification (different types of attacks) [12].
Although these developments have made much progress in intrusion detection, there are still gaps in literature. To begin with, less attention is paid to the identification of the new or zero-day attacks. Most research is conducted with a set of data that is not the most recent data on attacks. Further studies on the adaptive IDS models, which are capable of learning dynamically based on the live network traffic in order to identify the emerging threats, are required.

A second gap is the fact that there is little research done on hybrid models, combining unsupervised learning with supervised learning (such as Random Forest) in particular in the environment of detecting novel attacks [13]. Collectively, the techniques may help the model to detect unknown pattern attacks without necessarily using only labeled data.

Besides, although Random Forest has been found to be successful, there is a gap in the literature that needs to be filled through additional studies about the generalization of models in a wide range of networks. The problems faced by many models are that they can not be deployed in the various network topologies, or the data available will have a different source, and thus there is a need to have domain-adaptive machine learning models, which can be more generalized in its use under the various conditions of the network.

Lu et al. (2024) mentioned, even though the approach to intrusion detection under the umbrella of Random Forest and other machine learning algorithms has reached a breakthrough level, the gaps in the literature remain in such aspects as detection of novel attacks, flexibility of the multi-variable modeling, and combination of various learning methods [14]. The solution to these gaps would result in stronger real time intrusion detection systems capable of managing known and unknown threats.
[bookmark: _Toc215214175]2.3 Theoretical and Technical Frameworks
According to Kayode Saheed et al. (2022), Machine learning and ensemble learning aspects mainly form the theoretical basis of intrusion detection systems (IDS) in terms of classification models and machine learning [15]. Classification provided is a classification of data under specified labels which in this case involves classifying the network traffic as normal or malicious. Random Forest is one of the most popular models used in the field of classification in IDS that is an ensemble model of multiple decision trees and combines their results to enhance the accuracy and minimize overfitting. The good feature of using random forest algorithm in IDS is its capability of dealing with high dimensional data and imbalanced data set where the number of attacks is less than the normal traffic.

The other important theoretical framework is ensemble learning, which exploits a number of weak classifiers, to produce a more powerful and more precise model. Random Forest This is an overview of decision trees that are trained on a random sample of the data. This will make the model more robust and generalizable, which is important when dealing with the complexity of the network traffic data.

Technical techniques are very important; among them, feature extraction and data preprocessing are essential. Among the commonly used methods are normalization, scaling, missing value imputation and one-hot encoding of categorical variables [16]. Besides, the most suitable features to use in training a machine learning model are selected using feature selection techniques such as information gain and chi-squared tests. These methods guarantee the quality of information inputted into the Random Forest classifier making the latter better able to identify outliers.
[bookmark: _Toc215214176]2.4 Relation to Study
This study directly bases itself on the literature reviewed that has noted the increased importance of machine learning in improving intrusion detection systems (IDS) [17]. It has been demonstrated by study on previous designs that random forest is a strong tool of network intrusion detection, particularly in large high dimensional data sets. Nonetheless, most of the literature has focused on the traditional attacks and small datasets, which are not very reflective of the dynamism of cyber threats. This paper will be an addition to the currently existing literature as it will examine the usage of the Random Forest on newer network traffic data that incorporate newer types of attack such as DDoS, R2L, and U2R, providing a more current view.
According to Ozdem (2025), taking a real-time detection perspective and dealing with the issue of model generalization in a variety of network settings, the research will extend the knowledge on the deployment of the ensemble learning techniques in live and dynamically changing network traffic [18]. The major distinctive feature of the study is that it also compared the use of Random Forest to other types of machine learning models, and focused on analyzing the importance of the features to find the most important ones in network traffic in order to detect it even better, which has not been thoroughly studied in the literature.
[bookmark: _Toc215214177]2.5 Literature Summary
The machine learning literature on intrusion detection system (IDS) points to a massive progress in utilizing classification model and ensemble learning technique, especially Random Forest [19]. Research indicates that Rand Forest is effective in identifying intrusion, particularly in imbalanced data, and it has merits of high-dimensional input and determining importance of features. The past studies have mostly investigated classical forms of attacks and conventional datasets such as NSL-KDD but recent forms of attacks and live detection scenarios have been least explored.

However, even with such improvements, there are still gaps on how to identify novel attacks, or zero-day attacks better than current models, enhancing generalization of models on different networks, and integrating unsupervised learning with supervised models to detect dynamic attacks. Also, the currently available studies do not all consider the use of analysis of feature importance in improvement of model interpretability and detection accuracy.

The proposed study will seek to fill these gaps using the contemporary datasets, real-time network traffic and emphasize the adaptability of the model, feature significance, and the relative performance of Random Forest to identify all known and unknown network intrusion.

[bookmark: _Toc215214178]3. Research Design and Methodology
[bookmark: _Toc215214179]3.1 Research Design
This study uses a supervised learning methodology to design and test a Random Forest classifier to detect network intrusions [20]. The concept of supervised learning is suitable due to its ability to enable the model with the help of labeled data, in which every instance of network traffic can be described as normal or anomaly. The ensemble learning technique, which is known as random Forest, is used to integrate a large number of decision trees to enhance predictive power and decrease the chance of overfitting hence is suitable in intrusion detection.
Random Forest especially is useful with large feature high-dimensional data as is common with network traffic datasets [21]. There is no sensitivity to noise and outliers (characteristic of network traffic data) as is the case with other models e.g. Support Vector Machines (SVM). Decision Trees can be interpreted but they are subject to overfitting but with Random Forest, this problem is avoided because the predictions of many trees are averaged. Also, the Random Forest can be used to understand features of the data that carry the most weight in intrusion detection, allowing one to understand what kinds of attributes of the network traffic data are the most important.
Alternative methods of machine learning, including SVM or k-Nearest Neighbors (k-NN), were also on the list but are less applicable to large-scale, unbalanced datasets because they are more computationally expensive and susceptible to noise. Random Forest is therefore the best option when it comes to efficiently managing the complexity and volume of network traffic data and providing strong, scalable, and understandable results.

[bookmark: _Toc215214180]3.2 Research Methods and Materials
Methods
The research methodology entails data collection, data preprocessing, model training and model evaluation.
1. Data Collection: The dataset to be utilized in this study will be one of the popular public networks intrusion detection data namely NSL-KDD, CICIDS 2017 or UNSW-NB15 [22]. These data sets have labeled network traffic data, such as normal traffic and different forms of attacks. The information will be sourced in the open repositories, e.g. in Kaggle or official pages of the corresponding institutions.
2. Data Preprocessing: After gathering the dataset, the same will undergo cleaning and preprocessing. It includes processing of missing values, normalization or standardization of numerical data, and encoding of categorical data (ex: protocol type). The feature engineering can also be used to derive the relevant features of the raw data. This is necessary in order to make sure that the Random Forest classifier is fed with clean and meaningful data.
3. Model Training: Once the preprocessing finishes the Random Forest classifier will be trained on the labeled dataset. The training procedure will include dividing the data into training and testing subsets (e.g. 80-20 split) to determine the performance of the model on unseen data [23]. The cross-validation and grid search will be applied to tune the hyperparameters (e.g. number of trees, tree depth) and maximize the performance of the model.
4. Model Evaluation: In model evaluation, the trained model will be measured in terms of performance metrics that include accuracy, precision, recall, F1-score, and ROC-AUC. The results of classification with the model will be analyzed with the help of a confusion matrix.
Materials
1. Dataset: NSL-KDD dataset will be utilized in the study, and it is publicly available and popular in the network intrusion detection research. These datasets consist of labeled data consisting of normal and attack traffic, and these have enough examples to train a machine learning model. All the data sets include features of packet size, protocol type and flow duration, thus, they are suitable in classification activities.
2. Data Collection Method: Kaggle or official research databases will be used to download the data, and the information will be loaded into Python with the help of the pandas library [24]. Ethical issues such as privacy of data will also be considered with no sensitive and personal information being abused. No privacy issues associated with personal identification do exist since the data is publicly available and is anonymized. The study will also make sure that the application of the dataset is based on the terms and conditions presented by the creators of the data set.
3. Software: The Python programming language that is a powerful data science and machine learning language will be used in the analysis. Important libraries will be scikit-learn to implement the model, pandas to manipulate the data and matplotlib/seaborn to visualize the results. It will also make use of NumPy to complete efficient numerical operations and development and experimentation will be done using Jupyter Notebook or Google Colab.
4. Hardware Requirements: Since the sizes of the datasets are not too big, the research can be performed on a local PC. Nevertheless, to compute and train the model faster, cloud-based solutions will be utilized such as Google Colab that is free to use its GPUs to train the model. It will accelerate the training process, particularly on large datasets and complicated models such as Random Forest.

[bookmark: _Toc215214181]4. Expected Outcome
[bookmark: _Toc215214182]4.1 Anticipated Results
The anticipated consequence of this study is that the random forest Classifier will be effective in identifying intrusions in the network traffic in a manner that differentiates between normal and anomalous networks traffic at a high level of accuracy. It is expected that the model will have low false positive rate, or that legitimate traffic is not classified as malicious. Taking into consideration the fact that Random Forest is easy to use with any type of imbalanced datasets and differentiates between any patterns, we anticipate that the model will be efficient regardless of the kind of type of attacks. Measurements of performance that will be used to assess the performance of the classifier include accuracy, precision, recall, and F1-score among other measures that will ensure that the performance of the classifier is well assessed.
[bookmark: _Toc215214183]4.2 Implications
The research results might have great future implications in both scholarly and practical dimensions of network security. The scholarly contribution of the research will be added to the existing knowledge on the use of machine learning in intrusion detection. In practice, the results could be the improvement in real-time network security through the increase in intrusion detection system efficacy and accuracy. Having managed to identify the familiar and unfamiliar intrusions, the study can inform organizations to build stronger security systems, lessen the chances of information breach, and enhance their general network security systems.
[bookmark: _Toc215214184]4.3 Limitations
The nature and representativeness of the chosen dataset are the limitations of the study, as it might not cover every category of real-world network traffic and network attack. Moreover, there is a possibility of model generalization due to overfitting of the Random Forest classifier to the training sample. The model could also be constrained by computer constraints with respect to scalability [25].
[bookmark: _Toc215214185]5. Timeline
The study will take place within four months during which targeted milestones will be stipulated in every phase of the project [26]. The timeline is designed in such a way that there is a systematic flow through which the literature review and data collection will be done after which data pre-processing, model development, evaluation and ultimate reporting can occur. Every task is assigned an adequate time to be thoroughly analysed and refined so that special attention is paid to guarantee that the model is accurate and effective in identifying network intrusions.
	Task
	Duration
	Milestones

	Literature Review & Research Problem
	Week 1-2
	Conduct literature review and define research problem.

	Dataset Selection & Pre-processing
	Week 3-4
	Select dataset, clean data, handle missing values, scaling.

	Model Development
	Week 5-8
	Implement Random Forest, tune hyperparameters.

	Model Training & Evaluation
	Week 9-12
	Train model, evaluate with metrics (accuracy, recall, etc.).

	Final Report Writing
	Week 13-15
	Analyze results, write final report, and submit.
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[bookmark: _Toc215214186]6. Conclusion
The purpose of this proposed research is to identify how a Random Forest classifier can be applied to intrusion detection in network traffic, and how to address the problem of improving network security with the tool of machine learning. As the scope of cyber threats is growing, and the traditional intrusion detection tools are becoming increasingly ineffective, the use of the supervised learning algorithms, namely Random Forest, has an immense potential in increasing the accuracy of detection, the number of false positives, and new intrusions detected in real-time. Using publicly accessible datasets like NSL-KDD, CICIDS 2017, or UNSW-NB15, the proposed research aims at using high-dimensional data related to network traffic to train the model. The methodology will involve data preprocessing, feature selection, model training and overall evaluation with terms of accuracy, precision, recall and F1-score. It is theorized that the end result of this study will be a powerful Random Forest framework that is able to differentiate between normal and abnormal traffic with high accuracy. The results will be used in the development of the intrusion detection systems field by illustrating how machine learning can be practically used in the field of cybersecurity. Also, the findings will indicate the possibility of Occupy ownership of evolving and unknown network threats with the help of the Random Forest. Nevertheless, this study has limitations associated with data quality, generalization of the model, and computer resources. These notwithstanding, the study has significant potential to improve security structures in the networks.
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