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Abstract: The widespread adoption of Virtual Private Networks (VPNs) for secure communication over public networks has 
highlighted the need for accurate detection of encrypted network traffic. This study proposes a comprehensive approach utilizing 
machine and ensemble learning algorithms to address this detection challenge. Leveraging the ISCX VPN dataset, the project 
aims to develop a robust system capable of distinguishing between VPN and non-VPN traffic with high accuracy. Key stages 
include data acquisition, preprocessing, feature extraction, and model training using Decision Tree, Naive Bayes, Random 
Forest, and Adaboost algorithms. Through rigorous experimentation, the most effective algorithmic approach is identified. The 
project also offers insights into the diverse nature of encrypted network communication and its implications for network security. 
The anticipated outcomes include improved understanding and management of VPN traffic, enhancing overall network security 
and performance. This research contributes to advancing network security practices by offering practical solutions for encrypted 
traffic detection in real-world settings. 
Index Terms: Virtual Private Network (VPN), Machine Learning, Ensemble Learning, Traffic Analysis, ISCX VPN Dataset. 
 

I. INTRODUCTION 
The advent of Virtual Private Networks (VPNs) has revolutionized the realm of secure communication across public networks, 
presenting a pivotal paradigm shift in modern connectivity. VPNs facilitate encrypted connections, safeguarding sensitive data 
during transmission over untrusted networks like the internet. As such, they have become indispensable tools for ensuring privacy, 
security, and data integrity in an era characterized by escalating cyber threats and privacy concerns. This study delves into the 
intricate domain of VPN encrypted traffic detection, employing cutting-edge machine and ensemble learning algorithms to tackle 
the challenges inherent in accurately discerning VPN from non-VPN traffic. By harnessing the power of these advanced techniques 
and leveraging rich datasets, the project endeavors to forge innovative solutions that enhance network security and bolster data 
protection measures. 
 

A. Existing Challenges 
The detection of encrypted network traffic poses several formidable challenges, chief among them being the ability to accurately 
distinguish between VPN and non-VPN traffic amidst the complex and dynamic nature of modern network environments. 

 

B. Disadvantages of Existing Systems 
The disadvantages of existing Detection of Virtual Private Network systems include: 
1) Limited Accuracy: Existing systems often struggle to achieve high levels of accuracy in detecting encrypted traffic, leading to 

misdetections and false positives. 
2) Scalability Issues: Some systems may lack scalability, rendering them inefficient in handling large volumes of traffic or 

adapting to evolving network architectures. 
3) Dependency on Handcrafted Rules: Many existing systems rely heavily on handcrafted rules or heuristics, which may be 

ineffective in capturing the nuanced characteristics of encrypted traffic. 
4) Vulnerability to Evasion Techniques: Certain evasion techniques, such as traffic obfuscation or encryption protocol 

manipulation, can bypass detection mechanisms employed by existing systems, compromising their efficacy. 
These shortcomings underscore the need for advanced technologies and methodologies to enhance the effectiveness of Detection of 
Virtual Private Networks encrypted traffic using Machine and Ensemble learning algorithms 
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C. Project Objectives 
The main objective of this project is to develop a robust and accurate system for the detection of encrypted network traffic into 
Virtual Private Network (VPN) and non-VPN categories using machine and ensemble learning algorithms. With the pervasive 
adoption of VPNs for ensuring secure communication over public networks, there is a pressing need to accurately distinguish 
between VPN and non-VPN traffic to enhance network security measures. The project aims to address several key challenges in 
encrypted traffic detection. Firstly, as the use of VPNs continues to rise, understanding and managing the distinct characteristics of 
VPN traffic become paramount for network administrators, security professionals, and researchers. The existing methods for 
detecting encrypted traffic often lack accuracy and efficiency, leading to potential security vulnerabilities and operational 
inefficiencies. The project seeks to overcome these challenges by leveraging machine and ensemble learning algorithms to analyze 
encrypted network traffic comprehensively. By drawing upon the ISCX VPN dataset, encompassing a diverse range of network 
flows, the project endeavors to develop a detection system capable of accurately discerning between VPN and non-VPN traffic. 
The ultimate goal is to provide network administrators and security analysts with a reliable tool for proactive monitoring, detection, 
and mitigation of potential security threats posed by encrypted traffic. By improving the accuracy and efficiency of encrypted traffic 
detection, the project aims to enhance overall network security measures and ensure the integrity and confidentiality of data 
transmitted over public networks. 

 
D. Key Features and Innovations 
Key Features and Advantages of the Detection of Virtual Private Network systems: 
1) Integration of advanced machine and ensemble learning algorithms for enhanced detection accuracy. 
2) Utilization of the ISCX VPN dataset to train and evaluate detection models. 
3) Comprehensive analysis and evaluation of multiple algorithms, including Decision Tree, Naive Bayes, Random Forest, and 

Adaboost. 
4) Emphasis on scalability, adaptability, and efficiency to address real-world challenges in encrypted traffic detection. 

 

II. LITERATURE SURVEY 
This application was developed based on the following papers: 
 
1) "A Systematic Approach of Feature Selection for Encrypted Network Traffic classification" by D. McGaughey et al.: 
In this paper, McGaughey et al. present a systematic approach to feature selection for classifying encrypted network traffic. They 
utilize the fast orthogonal search (FOS) algorithm to identify a subset of features with discriminative power from a large feature set 
derived from the data. Subsequently, a k-nearest neighbor (kNN) classifier is employed for traffic classification using the selected 
features. The FOS algorithm efficiently identifies a subset of features, leading to notable improvements in classification accuracy 
compared to using an arbitrary feature set. The approach not only enhances accuracy but also reduces computation time, making it 
scalable and applicable in real-world scenarios where timely classification is crucial. [1] 
 
2) "Comparison of Machine-Learning Algorithms for Classification of VPN Network Traffic Flow Using Time-Related Features" 

by S. Bagui et al.: 
Bagui et al. propose a framework for classifying VPN or non-VPN network traffic using time-related features and machine-learning 
techniques. The study compares six classification models, including logistic regression, support vector machine, Naïve Bayes, k-
nearest neighbor, Random Forest, and Gradient Boosting Tree classifiers. Recommendations are provided based on optimized 
Random Forest and Gradient Boosting Tree models, which demonstrate high accuracy and low overfitting. The research contributes 
to advancing the understanding and capability of classifying encrypted network traffic, thereby enhancing network security 
measures. [2] 
 

3) "A VPN-Encrypted Traffic Identification Method Based on Ensemble Learning" by Ying Cui et al.: 
Cui et al. propose a method for identifying VPN-encrypted traffic based on ensemble learning to address challenges such as feature 
redundancy, data class imbalance, and low identification rates. The method involves feature selection using minimum Redundancy 
Maximum Relevance (mRMR), enhancing the XGBoost identification model with focal loss function for data class imbalance, and 
optimizing ensemble learning model parameters using optimal Bayesian. Experimental results demonstrate superior outcomes 
compared to existing methods, highlighting the method’s effectiveness in identifying VPN-encrypted traffic and contributing to the 
advancement of network security practices. [3] 



International Journal for Research in Applied Science & Engineering Technology (IJRASET) 
                                                                                           ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538 

                                                                                                                Volume 12 Issue IV Apr 2024- Available at www.ijraset.com 
     

 
5638 ©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 

 

4) “Research on SDN Intrusion Detection Based on Online Ensemble Learning Algorithm” by Z. Lin et al.: 
Lin et al. propose an adaptive SDN intrusion detection model based on online ensemble learning algorithm to address challenges 
posed by unbalanced data streams in Software-Defined Networking (SDN) environments. The model enhances the bagging 
algorithm to mitigate the impact of data stream imbalance on integrated classifier performance by incorporating features such as 
unbalanced detection, dynamic penalty factor adjustment, and selection integration. Experimental evaluation using the NSL-KDD 
dataset demonstrates enhanced detection accuracy, particularly in recognizing unknown intrusion behavior, contributing to the 
effectiveness of SDN intrusion detection systems and advancing network security practices in SDN environments. [4] 
 

III. METHODOLOGY 
The methodology employed in this study aims to develop a robust system for classifying encrypted network traffic into Virtual 
Private Network (VPN) and non-VPN categories using machine and ensemble learning algorithms. The primary objective is to 
enhance the accuracy and efficiency of VPN traffic classification, thereby contributing to improved network security measures. 
The main objective of this project is to create an efficient and precise system that improves the accuracy of network traffic 
detection, ultimately enhancing network security measures and ensuring the efficient management of encrypted traffic in both VPN 
and non-VPN environments using machine and ensemble learning algorithms. 
The project addresses the challenge of accurately classifying encrypted network traffic into VPN and non-VPN categories. As the 
adoption of VPNs continues to rise, understanding and managing the distinct characteristics of VPN traffic become paramount for 
network administrators, security professionals, and researchers alike. 
 
1) Data Acquisition 
Obtain the ISCX VPN dataset, a representative collection of encrypted network traffic. 

 
2) Data Preprocessing 
Refine the dataset by addressing missing values, outliers, and noise. 
Normalize features to standardize their range and facilitate effective model training. 

 
3) Feature Extraction 
Identify and select relevant features from the dataset that contribute to VPN traffic detection. 

 
4) Data Splitting 
Partition the dataset into separate training and testing sets to ensure accurate evaluation of model performance. 

 
5) Model Training with Machine and Ensemble Learning Algorithms: 
Train the following algorithms on the pre-processed and feature-extracted dataset: 
 Decision Tree 
 Naive Bayes 
 Random Forest 
 Adaboost 

 
6) Model Validation: 
Validate the trained models to ensure they generalize well to unseen data and identify any overfitting or underfitting issues. 

 
7) Model Testing 
Evaluate the performance of trained models on a dedicated testing dataset not encountered during training or validation. 

 
8) Generating and Calculating Evaluation Metrics 
Quantitatively assess model performance using metrics such as accuracy, precision, recall, and F1 score. 
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9) Results Analysis and Visualization 
Analyse and visualize the results obtained from the testing phase to understand the strengths and weaknesses of each algorithm in 
classifying encrypted network traffic. 

 
Fig 1: Workflow diagram 

 
IV. SYSTEM MODEL 

The proposed system leverages machine and ensemble learning algorithms to effectively classify encrypted network traffic. 
Drawing upon the ISCX VPN dataset, encompassing a diverse range of network flows, the system undergoes several key stages. 
Firstly, data acquisition involves obtaining the ISCX VPN dataset, a curated collection of encrypted network traffic. Next, data 
preprocessing cleans the dataset by handling missing values, outliers, and noise, while feature extraction identifies relevant features 
for detection. The dataset is then split into training and testing sets for model training and evaluation. Machine and ensemble 
learning algorithms, including Decision Tree, Naive Bayes, Random Forest, and Adaboost, are trained on the preprocessed dataset. 
Validation ensures the models generalize well to unseen data, while testing evaluates their performance. Finally, results analysis and 
visualization provide insights into the effectiveness of each algorithm in classifying VPN traffic. The steps : 

 
A. Data Acquisition 
1) Source Selection: Obtain the ISCX VPN dataset, chosen for its relevance and diversity in representing VPN traffic. 
2) Data Collection: Capture packet-level information using tools like Wireshark and tcpdump to ensure comprehensive coverage 

of VPN and non-VPN traffic. 
3) Labeling Process: Filter captured packets based on source or destination IP addresses to isolate relevant traffic for detection. 
4) Dataset Format and Availability: Ensure the dataset is available in both pcap and csv formats, enabling compatibility with 

various analysis tools and facilitating access for researchers. 

 
Fig 3: Dataset 

 
B. Data Preprocessing 
1) Missing Value Handling: Address any missing values in the dataset by imputation or removal to ensure data completeness. 
2) Outlier Detection and Treatment: Identify outliers using statistical methods and either remove or adjust them to prevent 

skewing of results. 
3) Noise Reduction: Apply techniques such as smoothing or filtering to mitigate noise in the dataset and improve the signal-to-

noise ratio. 
4) Normalization: Standardize feature scales to a common range to prevent any single feature from dominating the analysis due to 

its scale. 



International Journal for Research in Applied Science & Engineering Technology (IJRASET) 
                                                                                           ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538 

                                                                                                                Volume 12 Issue IV Apr 2024- Available at www.ijraset.com 
     

 
5640 ©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 

 

C. Feature Extraction 
1) Identification of Relevant Features: Analyze the dataset to identify features that contribute significantly to distinguishing 

between VPN and non-VPN traffic. 
2) Dimensionality Reduction: Utilize techniques such as principal component analysis (PCA) or feature selection algorithms to 

reduce the number of features while preserving relevant information. 
3) Feature Engineering: Create new features or transform existing ones to enhance the discriminatory power of the dataset, 

potentially using domain knowledge or heuristics. 
4) Validation of Extracted Features: Validate the extracted features through exploratory data analysis and statistical tests to ensure 

their suitability for the detection task. 

 
Fig 4: Feature Extraction 

 
D. Data Splitting 
1) Training and Testing Set Division: Split the dataset into training and testing sets using a predefined ratio (e.g., 70% training, 

30% testing) to ensure unbiased evaluation of model performance. 
2) Randomization: Randomly shuffle the dataset before splitting to prevent any inherent ordering effects from influencing the 

results. 
3) Stratification: Ensure that the distribution of classes is maintained in both the training and testing sets to prevent bias, 

particularly in imbalanced datasets. 
 

E. Model Training with Machine and Ensemble Learning Algorithms: 
This project employs a range of Machine and Ensemble Learning algorithms, including Decision Tree, Naive Bayes, Random 
Forest, and Adaboost, for the detection of encrypted network traffic. The models undergo training on pre-processed and feature-
extracted datasets to discern underlying patterns distinguishing VPN from non-VPN traffic. During training, the models adjust their 
internal parameters to optimize performance based on identified features. 

 
Training time for each model is recorded as follows: 
1) Decision Tree: 0.9541864139020537 
2) Naive Bayes: 0.8560031595576619 
3) Random Forest: 0.9541864139020537 
4) Adaboost: 0.9119273301737757 
Following training, model validation is conducted to ensure generalizability to unseen data. Validation assesses performance on a 
separate dataset, identifying overfitting or underfitting issues for subsequent fine-tuning. 
 
F. Model Testing, Evaluation Metrics, Result Analysis: 
Model testing involves evaluating trained models on a dedicated testing dataset not encountered during training or validation. This 
simulates real-world scenarios, providing insights into overall performance and the ability to classify encrypted traffic accurately.  

 
The performance of each model during testing is as follows: 
1) Decision Tree: 97% 
2) Naive Bayes: 66% 
3) Random Forest: 98% 
4) Adaboost: 93% 
Results analysis entails generating various evaluation metrics, such as accuracy, precision, recall, and F1 score, to quantitatively 
assess performance.  
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Visualization of results, including charts, graphs, and confusion matrices, aids in comprehending algorithmic strengths and 
weaknesses, enabling stakeholders to make informed decisions. 
This detailed system model outlines the step-by-step process involved in building a detection system for encrypted network traffic 
using machine and ensemble learning algorithms, ensuring thoroughness and clarity in implementation. 
 

V. FUTURE WORK 
Moving forward, there are several avenues for further exploration and enhancement of the proposed detection system for encrypted 
network traffic. Future research could focus on expanding the scope of the system to accommodate emerging encryption techniques 
and evolving network protocols. Moreover, exploring the application of deep learning techniques, such as convolutional neural 
networks (CNNs) or recurrent neural networks (RNNs), may offer insights into more complex patterns in encrypted traffic data, 
potentially improving detection performance. Furthermore, research efforts could delve into optimizing the system's scalability and 
efficiency to handle large-scale network environments effectively.  
 

VI. CONCLUSION 
In conclusion, this project has showcased the efficacy of machine and ensemble learning algorithms in accurately classifying 
encrypted network traffic into VPN and non-VPN categories. Through rigorous experimentation and leveraging the ISCX VPN 
dataset, Random Forest emerged as the top performer with 98% accuracy, closely followed by Decision Tree at 97%. These findings 
underscore the robustness of ensemble learning techniques in handling complex detection tasks. The project contributes to 
advancing network security by offering a reliable detection system for encrypted traffic, enabling proactive threat mitigation and 
regulatory compliance. Future endeavors may focus on expanding the system's scope, integrating anomaly detection techniques, and 
optimizing scalability to address evolving challenges in encrypted traffic analysis and bolster network security measures. 
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