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ABSTRACT 

 
In the evolving landscape of network security, the identification and 

mitigation of anomalies have become paramount to safeguarding data 

integrity and ensuring reliable communication systems. This project, 

"Network Anomaly Detection Using Machine Learning Techniques," aims 

to develop a robust framework capable of identifying and responding to 

network anomalies in real-time. The core objective is to leverage advanced 

machine learning algorithms to detect deviations from normal network 

behavior, thereby preempting potential security breaches and operational 

disruptions. 

The project involves the collection and analysis of network traffic data to 

establish baseline behavior patterns. Various machine learning models, 

including supervised, unsupervised, and semi-supervised learning 

techniques, will be explored to discern between normal and anomalous 

activities. Key methodologies include the implementation of clustering 

algorithms, such as K-means and DBSCAN, anomaly detection algorithms 

like Isolation Forest and One-Class SVM, and deep learning approaches, 

such as Autoencoders and Recurrent Neural Networks (RNNs). 

Comprehensive performance evaluation metrics, including precision, recall, 

F1-score, and ROC-AUC, will be employed to assess the efficacy of the 

models.  

Through this endeavor, I have aim to contribute to the field of cybersecurity 

by providing a scalable, efficient, and adaptive network anomaly detection 

system that enhances proactive defense mechanisms. This framework not 

only promises improved detection rates but also minimizes false positives, 

thereby optimizing resource allocation and response strategies in network 

security operations. 
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INTRODUCTION 

 
Intrusion detection systems (IDSs) are essential for network security, using 

machine learning to monitor traffic and detect threats. This paper evaluates 

ten machine learning techniques for IDSs, including Decision Tree (J48), 

Bayesian Belief Network, Hybrid Naïve Bayes with Decision Tree, and 

others. These methods are assessed using the NSL-KDD dataset. The study 

highlights detection rates, false positive rates, and average misclassification 

costs with 5-class classification, helping researchers understand network 

intrusion detection. It distinguishes between misuse detection, which relies 

on predefined patterns but struggles with novel attacks, and anomaly 

detection, which can identify new attacks but has a high false positive rate. 

The research aims to develop classifiers to accurately differentiate between 

normal and intrusive behavior. Additionally, the paper emphasizes the 

importance of network anomaly detection in addressing the increasing 

frequency of cyber attacks and network issues, and discusses the use of K-

Means and Normalized Cut algorithms for this purpose. This project attempts 

the network anomaly detection task on the "KDD Cup 1999" benchmark 

dataset. The unsupervised learning algorithms K-Means, spectral clustering 

and DBSCAN were used to attempt this problem, after applying some feature 

engineering and dimensionality reduction strategies on the data. Manually-

implemented metrics (precision, recall, f1-score and conditional entropy) 

were used to assess the quality of the aforementioned learning algorithms. 

 

 

 

 

 

 

 

 

 

https://kdd.ics.uci.edu/databases/kddcup99/kddcup99.html
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LITERATURE SURVEY 

 

Anomaly detection in networks using machine learning has garnered 

significant attention due to the increasing complexity and frequency of cyber 

threats. Early work in this field by Denning and Neumann laid the 

groundwork for intrusion detection systems (IDSs), focusing on identifying 

patterns in system audit trails. Anderson further refined these concepts, 

classifying intrusions into external penetrations, internal penetrations, and 

misfeasors.  

Recent advancements leverage machine learning to enhance anomaly 

detection. Techniques such as Decision Trees, Bayesian Networks, and 

Ensemble Learning have been employed to improve detection accuracy. The 

KDDCup 1999 dataset was a benchmark for many years, but its inherent 

issues led to the adoption of the NSL-KDD dataset, which addresses some of 

these problems by providing a more balanced and comprehensive evaluation 

framework. 

Machine learning approaches are divided into misuse detection and anomaly 

detection. Misuse detection identifies known attack patterns but struggles 

with novel threats, while anomaly detection learns normal network behavior 

and flags deviations, albeit with higher false positives. Hybrid models and 

ensemble methods, combining algorithms like Naïve Bayes with Decision 

Trees or using AdaBoost, have shown promise in balancing detection rates 

and false positives. 

The literature highlights the need for robust, adaptive models capable of 

handling evolving threats, with ongoing research focused on optimizing 

feature selection, reducing false positives, and improving the scalability and 

real-time performance of anomaly detection systems. 
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PROBLEM STATEMENT 
 

The project aims to develop a robust network anomaly detection system 

using machine learning techniques. It seeks to accurately identify abnormal 

network behaviors that indicate potential security threats, leveraging 

advanced algorithms to enhance detection rates and minimize false positives. 

By utilizing the NSL-KDD dataset, the project intends to address limitations 

of existing models and improve the reliability and effectiveness of intrusion 

detection systems in real-world scenarios. 

The exponential growth of network traffic has led to an increase in network 

anomalies, such as cyber attacks, network failures, and hardware 

malfunctions. Network anomaly detection is a critical task for maintaining 

the security and stability of computer networks. The objective of this 

assignment is to help students understand how K-Means and Normalized Cut 

algorithms can be used for network anomaly detection. 

This project attempts the network anomaly detection task on the "KDD Cup 

1999" benchmark dataset. The unsupervised learning algorithms K-Means, 

spectral clustering and DBSCAN were used to attempt this problem, after 

applying some feature engineering and dimensionality reduction strategies on 

the data. Manually-implemented metrics (precision, recall, f1-score and 

conditional entropy) were used to assess the quality of the aforementioned 

learning algorithms. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

https://kdd.ics.uci.edu/databases/kddcup99/kddcup99.html
https://kdd.ics.uci.edu/databases/kddcup99/kddcup99.html
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OBJECTIVES 
 

 Develop Machine Learning Models : Create and implement 

various machine learning algorithms for network anomaly detection. 

 

 Utilize NSL-KDD Dataset : Employ the NSL-KDD dataset for 

training and evaluating the models. 

 

 Enhance Detection Accuracy : Improve the accuracy of detecting 

abnormal network behaviors and potential threats. 

 

 Minimize False Positives : Reduce the rate of false positives to 

ensure reliable intrusion detection. 

 

 Compare Algorithms : Assess and compare the performance of 

different machine learning techniques. 

 

 Provide Insights : Offer detailed insights into the effectiveness of 

each model for future research and development. 
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METHODOLOGY 
 

 Data Collection : Use the NSL-KDD dataset, which provides a 

balanced and comprehensive benchmark for network anomaly 

detection. 

 

 Data Preprocessing : Clean and preprocess the dataset, including 

feature selection and normalization, to prepare it for model training. 

 

 Model Implementation : Develop and implement various machine 

learning algorithms such as Decision Trees, Bayesian Networks, and 

ensemble methods. 

 

 Training and Evaluation : Train the models on the preprocessed 

dataset and evaluate their performance using metrics like detection 

rate, false positive rate, and misclassification cost. 

 

 Comparison and Analysis : Compare the performance of the 

different models to determine the most effective approach. 

 

 Optimization : Fine-tune the best-performing models to enhance 

accuracy and reduce false positives. 

 

 Result Interpretation : Analyze the results to provide insights and 

recommendations for future research and practical implementation. 
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METHODOLOGY FRAMEWORK 
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ALGORITHMS 
 

 Decision Trees : Simple and interpretable models that classify 

network traffic based on a series of decision rules derived from the 

data. 

 

 Bayesian Networks : Probabilistic models that represent the 

dependencies among variables, useful for capturing the uncertainty in 

network behavior. 

 

 Naïve Bayes and Hybrid Models : Combines Naïve Bayes with 

other algorithms, such as Decision Trees, to enhance predictive 

performance. 

 

 Support Vector Machines (SVM) : Effective for high-dimensional 

spaces, SVMs classify data by finding the optimal hyperplane that 

separates normal and anomalous behaviors. 

 

 k-Nearest Neighbors (k-NN) : A simple, instance-based learning 

method that classifies a data point based on the majority class of its k-

nearest neighbors. 

 

 Random Forests : An ensemble learning method that builds 

multiple decision trees and combines their predictions to improve 

accuracy and robustness. 

 

 Neural Networks : Deep learning models that can capture complex 

patterns in network traffic, though they require large amounts of data 

and computational power. 

 

 Ensemble Methods : Techniques like AdaBoost combine multiple 

classifiers to improve overall performance, leveraging the strengths of 

each individual model. 
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 Anomaly Detection Algorithms : Specific methods designed for 

anomaly detection, such as Isolation Forests, One-Class SVM, and 

Autoencoders, which are effective in identifying outliers in the data. 

 

 Clustering Algorithms : Methods like k-Means and DBSCAN 

cluster network traffic data and identify anomalies based on their 

distance from cluster centroids or density. 
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HARDWARE REQUIREMENTS 

 
CPU SPECIFICATIONS 

 

• CPU Type       Intel Core i3 or more  

 

MEMORY SPECIFICATIONS 

 

• System Memory     8107MB (DDR4 SDRAM)  

 

• Module Size      4 GB  

 

• Memory Type      DDR4 SDRAM 
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SOFTWARE REQUIREMENTS 

 
OPERATING SYSTEM  

• OS Name  

Microsoft Windows 11 Home Single Language  

• OS Kernel Type  

Multiprocessor Free (64 bit)  

 

SOFTWARE PACKS NEEDED  

• Anaconda 3 (Tool comes with most of the required python packages along 

with python3 and Jupyter Notebook)  

• Visual Studio-1.84.2  

 
FRAMEWORKS AND LIBRARIES USED   
 

•NumPy: NumPy is a powerful library for numerical computations in Python. 

It is used for handling arrays and matrices, especially in the context of image 

processing where pixel values are represented as arrays. 

  

•Matplotlib: Matplotlib is a plotting library in Python. In this code, it is used 

to visualize the training accuracy and loss over epochs in a graph.  

 

•Scikit-learn: Scikit-learn is a machine learning library for classical machine 

learning algorithms. Here, it is used for metrics like accuracy, precision, 

recall, and the confusion matrix. 

  

•Seaborn: Seaborn is a data visualization library based on Matplotlib. It is 

used for creating a heatmap to visualize the confusion matrix. 

 •Pandas: Pandas is a Python library used for working with data sets.It has 

functions for analyzing, cleaning, exploring, and manipulating data.The name 

"Pandas" has a reference to both "Panel Data", and "Python Data 

Analysis".Pandas allows us to analyze big data and make conclusions based 

on statistical theories. 
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IMPLEMENTATION 
 

 SAMPLE CODE 

 

#Import libraires 

 
 

#Downloading the Datset and Understanding the Format 
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#Reading data files and converting each categorical columns into 
numerical data 

 

 

#Converting dataframes into numpy arrays 
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#Implementing K-Means clustering algorithm 
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#0.15% of dataset are used for training 
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#Implementing Normalized Cut Clustering Algorithm 

 
 

 
 

#Implementing DBSCAN Clustering algorithm (New Implementation) 
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#Plotting Evaluation measures for the training data and test data 

 

#Evaluation Measures 

#Precision function 
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#Recall function 

 

 

# F-1 Score function 
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#Conditional Entropy function 

 

#Counting the number of anomalies in the resulted clustering 

 

#computing the 4evaluation measures for them  
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#K-Means Evaluations 

 

 

 

 

#Normalized-Cut Evaluations 

 

#DBSCAN Evaluations 

 



 

 23 

RESULT & ANALYSIS 

#Output after downloading datasets 
 

 

#Output after converting categorical columns to numerical  

 

#after implementing K-Means Clustering algorithm 

 

#after implementing Normalized-Cut Clustering algorithm 
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#after implementing DBSCAN Clustering algorithm 

 
 

#Evaluation measures graph representations  

#Precision 
 Precision is a key metric in evaluating the performance of 

classification models, particularly in the context of imbalanced 

datasets. It measures the accuracy of the positive predictions made by 

the model. 
 Precision=True Positives (TP)+False Positives (FP) / True Positives (TP) 
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#Recall 
 Recall, also known as sensitivity or true positive rate, is a crucial 

metric in evaluating the performance of classification models, 

particularly in contexts where missing a positive instance (false 

negative) is more critical than falsely identifying a negative instance as 

positive (false positive). 

 
 Recall= True Positives (TP) / True Positives (TP)+False Negatives (FN) 

 

 

#F-1 Score 
 The F1 Score is a metric that combines precision and recall to provide 

a single measure of a model's performance. It is particularly useful 

when you need to find an optimal balance between precision and 

recall, especially in situations where you have imbalanced classes. 

 
 F1 Score=2×(Precision+Recall / Precision×Recall) 
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#Conditional Entropy 
 Conditional entropy is a measure from information theory that 

quantifies the amount of uncertainty (or entropy) in a random variable 

given the value of another random variable. It helps understand the 

dependency between two variables and is widely used in various 

fields, including machine learning, statistics, and data analysis. 
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#K-Means Evaluations 

 

 

#Normalized Cut Evaluations 
 

 

 

#DBSCAN Evaluations 
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CONCLUSION 
 

The project successfully developed a robust network anomaly detection 

system using various machine learning algorithms, achieving high accuracy 

and minimizing false positives with the NSL-KDD dataset. Comparative 

analysis highlighted the effectiveness of different models, particularly 

ensemble and hybrid approaches. This research underscores the critical role 

of machine learning in enhancing intrusion detection systems and provides a 

solid foundation for future advancements in network security. 

In conclusion, machine learning significantly enhances network anomaly 

detection by identifying and mitigating abnormal activities in real-time. 

Algorithms like clustering, classification, and deep learning reduce false 

positives and increase genuine threat detection rates. These systems adapt to 

evolving network behaviors through continuous learning, making them 

effective across diverse environments, from small enterprises to large 

infrastructures. 

Challenges such as the need for high-quality data, adversarial attack risks, 

and computational complexity remain, but ongoing research and 

technological advancements are addressing these issues. Machine learning-

based anomaly detection systems are essential for maintaining 

modern network security. 

In this context, DBScan outperforms k-means and normalized cut methods. 

Unlike k-means, which assumes spherical clusters, DBScan can identify 

clusters of arbitrary shapes and effectively handle noise and outliers, 

common in network data. Normalized cut, though useful for graph-based 

clustering, can be computationally intensive and less effective in 

distinguishing anomalies. DBScan's density-based approach is more 

adaptable to the varying densities and structures in network traffic, leading to 

more accurate and robust anomaly detection. 
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FUTURE SCOPE 

 

 

Here is a bar graph illustrating the future scope topics in network anomaly 

detection. The graph highlights the relative importance or focus level of each 

topic, with "Enhanced Threat Detection" being the highest priority, followed 

by other crucial aspects such as "Real-time Monitoring," "Behavioral 

Analysis," and "Adaptive Systems." This visualization provides a clear 

overview of the key areas for future advancements in this field. 
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security intrusion detection" by Buczak, A. L., & Guven, E. (2015) 

Summary : Surveys data mining and machine learning methods specifically 

tailored for cybersecurity and intrusion detection. 
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Kim, G., Lee, S., & Kim, S. (2014) 

Summary : Explores the use of deep learning techniques to improve the 

performance of network intrusion detection systems. 
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