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I.LINTRODUCTION

The rapid growth of internet usage and digital technologies has significantly increased the demand for secure and
reliable network systems. However, this growth has also led to a rise in cyber threats, among which Distributed Denial-of-
Service (DDoS) attacks are among the most serious and disruptive. These attacks aim to render services unavailable by
overwhelming target systems with excessive volumes of malicious traffic, making them inaccessible to legitimate users. As
organizations increasingly rely on online platforms for business operations and critical services, ensuring network security
has become a fundamental concern for system administrators and security professionals worldwide.

Traditional methods for detecting DDoS attacks are predominantly rule-based and rely on predefined attack
signatures. These static mechanisms fail to adapt to new and continuously evolving attack patterns, leading to delayed
responses and high rates of missed detections. Moreover, conventional security systems such as firewalls and signature-based
intrusion detection systems (IDS) are unable to handle the complexity and scale of modern network traffic environments.
This limitation creates an urgent need for intelligent, automated, and adaptive solutions that can detect anomalies in real time
and respond to threats with minimal human intervention [1][2].

Machine learning techniques have been widely adopted in the field of cybersecurity to address these challenges. By
analyzing historical network data and learning patterns associated with normal and malicious traffic, machine learning
models can accurately classify and predict potential threats. Critical network features such as packet size, flow duration,
traffic rate, CPU utilization, and memory consumption provide the basis for model training and real-time classification. This
intelligent approach significantly enhances detection accuracy, reduces false alarms, and enables faster response to threats

[31[4].

This paper introduces an intelligent framework that integrates the Random Forest Classifier and Random Forest
Regressor for detecting and mitigating DDoS attacks. The system not only classifies traffic as normal or malicious, but also
evaluates the severity of detected attacks using anomaly scores and risk levels, and recommends appropriate mitigation
strategies. The framework is deployed as a web application using Python Flask, providing a user-friendly interface for real-
time network monitoring, alert generation, and threat response. The proposed system demonstrates high scalability,
robustness, and practical utility in modern cybersecurity environments.

The primary objective of this project is to design and develop an intelligent system capable of accurately detecting
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Distributed Denial-of-Service (DDoS) attacks using machine learning. Specifically, the system aims to: (i) analyze network
traffic data by extracting relevant features such as packet size, flow duration, and traffic rate; (ii) train a Random Forest
model to classify traffic with high accuracy while minimizing false positives and false negatives; (iii) assess the severity of
detected attacks using anomaly severity index and risk level; and (iv) implement automated mitigation strategies including
IP blocking, rate limiting, and alert generation to reduce the impact of attacks on network resources.

The scope of this project encompasses the development of an intelligent and efficient framework for DDoS attack
detection using supervised machine learning techniques. The system analyzes network traffic data considering parameters
such as packet flow, data rate, and system resource utilization. It covers data preprocessing, feature extraction, model training
using the Random Forest algorithm, and web-based deployment using Flask. The project is limited to supervised learning
approaches targeting pattern-based DDoS attacks within simulated environments, and includes basic mitigation strategies
such as IP blocking, rate limiting, and notification alerts.

ILLITERATURE REVIEW

Feng et al. [1] proposed a lightweight deep learning-based approach for detecting DDoS attacks that reduces
computational overhead while maintaining high detection accuracy. The model demonstrated that deep learning outperforms
traditional machine learning in complex attack scenarios and laid foundational work for intelligent intrusion detection
systems.

Gondi et al. [2] developed a deep learning-based intrusion detection system specifically for 10T environments,
addressing increasing vulnerability to DDoS attacks. Their neural network architecture handled large traffic volumes with
improved adaptability and reduced false positives compared to traditional methods.

Mittal, Kumar, and Behal [4] conducted a comprehensive review of deep learning techniques for DDoS detection,
analyzing CNN, LSTM, and hybrid approaches across multiple datasets. The authors concluded that deep learning methods
provide superior detection accuracy, while emphasizing the need for hybrid models combining machine learning and deep
learning techniques.

Hamarshe et al. [5] explored DDoS detection in Software Defined Networking environments using machine learning
algorithms including Random Forest, SVM, Decision Tree, and XGBoost. Their results demonstrated that Random Forest
achieved the highest accuracy and highlighted the importance of feature selection in dynamic network environments.

Golduzian [6] proposed a machine learning and statistical approach for predicting and preventing DDoS attacks
using XGBoost, Random Forest, CNN, and Naive Bayes on the CICDD0S2019 dataset. SMOTE-based data balancing
achieved extremely high accuracy, demonstrating the effectiveness of combining statistical and machine learning approaches.

Hussain et al. [10] developed a machine learning-based DDoS detection framework using Random Forest with
multiple network traffic features. The model reduced false positives and achieved reliable detection accuracy, highlighting
the importance of ensemble learning in scalable security solutions.

Abiramasundari et al. [11] introduced a PCA-based enhanced DDoS detection model combining feature selection
with SVM, Random Forest, and Decision Tree algorithms, showing significant improvement over traditional methods
through dimensionality reduction techniques.

Batool et al. [15] conducted a comprehensive review categorizing DDoS detection approaches into machine
learning, deep learning, and federated learning methods, emphasizing the importance of hybrid models and providing insights
into dataset usage and future research directions in network security.

11.PROBLEM STATEMENT

In today's highly interconnected digital environment, network-based services face increasing vulnerability to
Distributed Denial-of-Service (DDoS) attacks. These attacks overwhelm network resources with malicious traffic, causing
service downtime, financial losses, and reputational damage. Traditional security mechanisms including firewalls and rule-
based IDS rely on predefined signatures and fail to adapt to new and evolving attack patterns. The rapid growth of network
traffic and increasing complexity of cyber threats make it challenging for conventional systems to distinguish between
legitimate and malicious traffic accurately, leading to high false positive and false negative rates [7][8].

Additionally, many existing systems do not provide real-time detection and response capabilities, which are critical
for minimizing attack impact. The absence of intelligent analysis and automated mitigation strategies further weakens
defense capabilities against large-scale DDoS attacks. There is therefore a pressing need for an advanced, adaptive, and
efficient approach that can analyze high-dimensional network data, identify anomalies quickly, and respond effectively. The
challenge lies in developing a system that maintains high accuracy and low latency while ensuring scalability and reliability
in real-time network environments, particularly when handling sophisticated and previously unseen attack vectors.

IV.SYSTEM STUDY
The existing system for detecting DDoS attacks primarily relies on traditional security mechanisms such as
firewalls, signature-based intrusion detection systems, and rule-based filtering techniques. These methods are designed to
identify known attack patterns using predefined rules and signatures. While effective against previously identified threats,
they struggle to detect new and evolving attack types. The static nature of these systems limits adaptability to dynamic
network environments, and as network traffic increases, they face difficulty distinguishing between legitimate users and
malicious traffic. This results in high false positive and false negative rates, delays in real-time response, and limited
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automated mitigation capabilities [9].

The key limitations of existing systems include: failure to detect new and unknown DDoS attack patterns; high false
positive and false negative rates; lack of real-time detection capabilities; heavy dependence on predefined rules limiting
system flexibility; requirement for manual intervention in analysis and response; poor scalability when handling large and
complex network traffic; inefficient resource utilization during high traffic loads; and inability to adapt to dynamic and
evolving cyber threats.

The proposed system introduces an intelligent framework for detecting and mitigating DDoS attacks using machine
learning. Unlike traditional methods, this system leverages the Random Forest algorithm to accurately identify malicious
traffic patterns. It performs real-time data collection, preprocessing to remove noise, feature extraction and selection, and
model-based classification of network traffic into normal and attack categories. When an attack is detected, the system
evaluates risk level based on multiple parameters and provides automated mitigation strategies such as IP blocking and rate
limiting. Alerts are generated instantly to notify administrators, while the system continuously monitors incoming traffic.
The framework minimizes false positives and negatives, handles large-scale network environments, and ensures faster
response times during cyberattacks through automation and ensemble learning [10].

The proposed framework provides high accuracy in detecting DDoS attacks; identifies both known and unknown
attack patterns; significantly reduces false positives and false negatives; enables real-time monitoring and faster threat
detection; automates mitigation to reduce manual intervention; efficiently handles large-scale high-dimensional network
data; improves system reliability through ensemble learning; offers scalability for complex network environments; provides
risk assessment for better decision-making; and ensures continuous system availability by minimizing attack impact.

V.SYSTEM SPECIFICATION

Component Specification
Processor Intel Core i7 5th Generation
RAM 12 GB
Hard Disk 500 GB
GPU NVIDIA GeForce GTX 1650
Monitor 14-inch Samtron Monitor
Input Devices Logitech Keyboard (104 keys), Logitech Mouse
Table 1: Hardware Specification
Component Details
Frontend HTML, CSS, Bootstrap, JavaScript
Backend Python 3.x
Framework Flask
Operating System Windows 10
IDE/Tools Python IDLE, VS Code
ML Libraries Scikit-learn, Pandas, NumPy, Joblib

Table 2: Software Specification

VI.PROPOSED METHODOLOGY

The methodology of this project involves a systematic, multi-stage approach to detecting and mitigating DDoS
attacks using machine learning. The overall workflow proceeds through data collection, preprocessing, feature selection,
model training, model evaluation, real-time classification, and automated mitigation. The Random Forest algorithm is central
to the detection pipeline due to its robustness, high accuracy, and ability to handle high-dimensional data without overfitting.

Network traffic data is gathered from reliable datasets including CICIDS and simulated environments. The dataset
contains features such as flow duration, packet size, number of packets, bytes per second, CPU utilization, and memory
usage. Both normal traffic and DDoS attack traffic are included to ensure balanced training data. This forms the foundation
for the detection system.

Raw data is cleaned by handling missing values, removing duplicate records, and eliminating noise. Data
normalization and scaling bring all feature values to a consistent range. Categorical data is encoded into numerical format.
Proper preprocessing improves data quality, reduces model error rates, and increases overall classification accuracy.

Feature selection identifies the most relevant attributes for DDoS detection. Techniques such as correlation analysis
and feature importance ranking are applied to select key inputs including traffic rate, packet flow, anomaly score, CPU and
memory utilization, and IDS alert count. Removing redundant features reduces computational complexity and prevents
overfitting.
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The processed dataset is divided into training (80%) and testing (20%) sets. The Random Forest Classifier is trained
on the training set to classify traffic as normal or attack. Simultaneously, the Random Forest Regressor is trained to predict
continuous values for anomaly severity index and anomaly score. Multiple decision trees are constructed using random
feature subsets, and majority voting determines the final classification output.

The trained models are evaluated using the test dataset. Performance metrics including accuracy, precision, recall,
and F1-score are computed. A confusion matrix is used to analyze true positives, true negatives, false positives, and false
negatives. The table below summarizes the model performance metrics observed during evaluation.

Metric Random Forest Random Forest Baseline (SVM)
Classifier Regressor
Accuracy 97.8% 96.4% (R?) 91.2%
Precision 97.2% — 90.5%
Recall 98.1% — 89.8%
F1-Score 97.6% — 90.1%
False Positive Rate 1.9% — 5.6%

Table 3: Model Performance Evaluation Metrics

The trained model is integrated into the Flask-based web application for real-time monitoring. Incoming network
data is continuously collected, preprocessed, and passed to the trained classifier. The system classifies traffic in real time and
raises immediate alerts when DDoS patterns are detected. This continuous monitoring capability is critical for early threat
identification and minimizing service disruption.

Upon detecting a DDoS attack, the system activates automated mitigation mechanisms. These include blocking
suspicious IP addresses, applying rate limiting to cap incoming request volumes, enabling firewall rules, and generating
alerts for system administrators. Risk level (Low, Medium, High) is computed based on the anomaly severity index, enabling
administrators to prioritize responses. This automated approach ensures rapid response with minimal manual intervention.

VIILALGORITHMS USED

Random Forest Classifier is a supervised ensemble learning algorithm that constructs multiple decision trees during
training and outputs the class selected by the majority of individual trees. Each tree is trained on a random subset of training
data and features (bootstrap aggregation), which reduces correlation between trees and decreases overfitting. In the DDoS
detection context, the classifier analyzes features such as packet rate, flow duration, CPU usage, and anomaly scores to
determine whether incoming traffic is normal or malicious. The final classification is determined by majority voting among
all decision trees, making the model robust and highly reliable. Random Forest provides feature importance scores that help
identify the most significant traffic parameters contributing to attack detection, improving transparency and interpretability
of the detection system [5][10].

The Random Forest Regressor extends the ensemble approach to continuous value prediction. Each decision tree is
trained on a random subset of the dataset and features, and final predictions are obtained by averaging all individual tree
outputs. In this system, the Regressor predicts continuous values for the anomaly severity index and anomaly score based on
network traffic features. These continuous predictions provide a deeper analytical layer beyond binary classification,
enabling more nuanced risk assessment. The Regressor complements the Classifier by providing quantitative severity
measures that inform the level of mitigation response required. Together, both models form a comprehensive detection and
assessment pipeline that classifies traffic and quantifies threat intensity simultaneously [11].

VIILSYSTEM ARCHITECTURE AND DESIGN

The proposed system follows a layered architecture comprising the Data Layer, Processing Layer, Machine
Learning Layer, Application Layer, and Presentation Layer. Network traffic from legitimate users and potential attackers
enters through the Data Layer, where it is collected and stored. The Processing Layer performs data cleaning, normalization,
and feature extraction. The Machine Learning Layer applies the trained Random Forest Classifier and Regressor to classify
traffic and assess attack severity. The Application Layer, implemented using Python Flask, coordinates data flow between
components and manages the detection-response pipeline. The Presentation Layer delivers results through a web dashboard
developed with HTML, CSS, and JavaScript.

The system is designed to accept input through a structured web interface. Users can manually enter network traffic
parameters or upload datasets containing features such as flow duration, packet size, flow bytes per second, flow packets per
second, totalforward and backward packets, packet length means, CPU utilization, and memory utilization. Input validation
techniques ensure that only accurate and relevant data is processed. Dropdown menus, form controls, and clear error
messages guide users and prevent invalid entries. Data is preprocessed and normalized before being passed to the machine
learning models.

System outputs are presented through a user-friendly web interface. The classification result indicates whether
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traffic is Normal or a DDoS Attack. For detected attacks, the system displays the risk level (Low/Medium/High), anomaly
severity index, anomaly score, confidence level, and recommended mitigation actions. For normal traffic, monitoring
recommendations and system health indicators are displayed. Color coding (green for normal, red for attack) provides
immediate visual indication. CPU and memory utilization metrics are also shown in the system status panel, enabling
comprehensive real-time visibility.

IX.SYSTEM MODULES

Module
Data Collection

Description

Gathers network traffic data from system logs, network monitoring tools, and
datasets including packet size, flow duration, and resource usage metrics.

Cleans data by handling missing values, removing duplicates, normalizing features,
and encoding categorical data to improve model accuracy.

Identifies most relevant attributes such as traffic rate, packet flow, and anomaly
score; removes redundant features to reduce complexity.

Trains Random Forest Classifier and Regressor using preprocessed data divided into
training and testing sets to classify traffic and predict severity.

Analyzes real-time incoming traffic using the trained model to classify packets as
normal or DDoS attack with continuous monitoring.

Data Preprocessing

Feature Extraction

Model Training

Traffic Classification

Risk Analysis Evaluates attack severity by assigning risk levels (Low, Medium, High) based on
anomaly score, anomaly severity index, and resource usage.
Mitigation Applies IP blocking, rate limiting, and traffic filtering; generates alerts and ensures

service availability during attacks.

Interactive web interface developed with HTML, CSS, and JavaScript enabling
traffic monitoring, alert visualization, and report analysis.
Table 4: System Modules And Descriptions

User Interface

X.SYSTEM TESTING
System testing verifies that the complete integrated system, including the frontend, backend, and machine learning
model, functions correctly under various conditions. The testing strategy encompasses multiple levels of validation to ensure
reliability and accuracy before deployment.

Testing Type

Description and Outcome

Unit Testing

Individual modules including data preprocessing, feature selection, and
prediction functions were tested independently with sample inputs; all modules
returned expected outputs.

Integration Testing

Frontend, Flask backend, and machine learning model were integrated and
tested as a combined system; data flow between modules was verified for
smooth communication.

Functional Testing

System correctly accepted traffic data, processed inputs, and generated accurate
classification results, alerts, and mitigation recommendations.

Performance Testing

System was tested with large volumes of traffic data; response time and
processing speed were within acceptable thresholds for real-time operation.

Accuracy Testing

Model achieved 97.8% accuracy on unseen test data with low false positive
(1.9%) and false negative rates, verified using confusion matrix analysis.

Security Testing

System validated against unauthorized access and data integrity issues; secure
data handling and proper input validation were confirmed.

Ul Testing

All interface elements including forms, buttons, result displays, and navigation
were verified for correct functionality and usability.

Acceptance Testing

System was validated against user requirements and project specifications in
real-world traffic scenarios; all functional requirements were met.
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XI.RESULTS AND DISCUSSION

The proposed intelligent DDoS detection framework was evaluated on a dataset comprising both normal and attack
traffic samples with features including flow duration, packet size, flow bytes per second, CPU utilization, and memory
utilization. The Random Forest Classifier achieved an accuracy of 97.8%, precision of 97.2%, recall of 98.1%, and F1-score
of 97.6%, outperforming the baseline SVM model that achieved 91.2% accuracy. The false positive rate was maintained at
1.9%, significantly lower than conventional detection approaches.

The Random Forest Regressor demonstrated strong performance in predicting the anomaly severity index with an
R2 value of 0.964, enabling accurate continuous assessment of attack severity beyond binary classification. The system
successfully demonstrated real-time classification with detection latency below 150 milliseconds per sample, satisfying the
requirements for practical network security deployment. When DDoS attacks were injected into the test environment, the
system correctly identified 98.1% of attack instances and immediately triggered appropriate mitigation recommendations.

Comparison with existing machine learning approaches in the literature confirms the competitive performance of
the proposed framework. Hamarshe et al. [5] reported Random Forest accuracy of 96.3% in SDN environments; the present
system achieves superior performance through optimized feature selection and the complementary dual-model architecture
combining classification and regression. The risk level assessment mechanism, which categorizes threats as Low, Medium,
or High based on anomaly severity thresholds, provides actionable intelligence that enables administrators to prioritize
mitigation responses effectively.

XI1.FUTURE ENHANCEMENT

The proposed DDoS detection framework provides a strong foundation for several future enhancements. Integration
of deep learning architectures such as Convolutional Neural Networks (CNN) and Long Short-Term Memory (LSTM)
networks can improve detection accuracy for complex and previously unseen attack patterns. Real-time streaming data
analysis using technologies such as Apache Kafka or Apache Spark can enable faster detection of high-speed traffic attacks.
Cloud-based deployment can enhance scalability and support distributed network environments.

Additional planned enhancements include: extension to detect other cyber-attack types including phishing, malware,
and port scanning; integration of blockchain technology for tamper-proof activity logging; incorporation of federated
learning for privacy-preserving distributed model training; online learning capabilities enabling the model to adapt
continuously to emerging attack patterns; and advanced dashboard visualizations for comprehensive real-time network health
monitoring. Mobile application support for remote alert management and monitoring represents a further practical
enhancement.

XI11.CONCLUSION

This paper presented an intelligent framework for detecting and mitigating Distributed Denial-of-Service (DDoS)
attacks using a dual machine learning model architecture comprising the Random Forest Classifier and Random Forest
Regressor. The system successfully integrates real-time traffic classification, severity assessment through continuous
prediction of anomaly scores, automated mitigation strategy recommendation, and a user-friendly web interface deployed
using Flask. Experimental evaluation demonstrated high detection accuracy of 97.8%, low false positive rates of 1.9%, and
sub-150 millisecond detection latency, establishing the framework as a reliable and practical solution for modern network
security environments.

The proposed framework addresses critical limitations of traditional rule-based security systems by leveraging
ensemble machine learning to handle high-dimensional traffic data, adapt to diverse attack patterns, and provide automated
responses without manual intervention. The combination of classification and regression models offers richer analytical
output than binary detection alone, enabling risk-stratified responses. As cyber threats continue to evolve in sophistication
and scale, the framework provides a robust and extensible foundation for next-generation intrusion detection and prevention
systems. Future integration of deep learning techniques and real-time streaming analytics will further strengthen the system's
capabilities against advanced persistent threats.
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