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Abstract —

The increasing complexity and volume of
network traffic have heightened the need for robust
intrusion detection systems (IDS) to protect against
evolving cyber threats. Traditional IDS approaches
often struggle to effectively detect sophisticated
attacks and relationships between entities within the
network. This study addresses this gap by developing
an intrusion detection system that leverages the
power of Graph Neural Networks (GNN) to analyze the
underlying relationships in network traffic and
identify anomalies or malicious behavior. The
primary objective of this project is to build an
Intrusion Detection System using GNN that models
network traffic data as graphs, where nodes represent
devices or IPs and edges represent interactions or
communication flows. The system aims to enhance
intrusion detection by capturing complex, non-linear
relationships among entities within the network. By
utilizing datasets like CICIDS2017 or NSL-KDD, the
GNN processes these graphs to extract high-level
features for classifying traffic as normal or malicious.
The system incorporates advanced GNN architectures,
such as Graph Convolutional Networks (GCN) or Graph
Attention Networks (GAT), to improve detection
accuracy while minimizing false positives
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1. INTRODUCTION

The Intrusion Detection System (IDS) using
Graph Neural Networks (GNNs) is an advanced
cybersecurity solution designed to identify and mitigate
threats in real-time by analysing network traffic and
identifying anomalous patterns. As cyber threats evolve in
complexity, traditional IDSs often fail to adapt to dynamic

making. This project bridges the gap in modern
cybersecurity solutions by combining cutting-edge GNN
techniques  with  real-time  analytics, ensuring
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network environments or provide sufficient accuracy in
detecting sophisticated attacks. This project leverages the
power of GNNs to address these challenges by offering a
scalable, adaptive, and intelligent intrusion detection
mechanism.

Despite the existence of numerous IDS solutions, many rely
on static rule-based methods or conventional machine
learning algorithms, which struggle to handle the
interdependent and structured nature of network data.
These limitations result in higher false positive rates,
delayed responses to new attack vectors, and suboptimal
performance in real-time environments. By leveraging the
graph-based representation of network traffic, this project
applies GNNs to model the relationships and dependencies
within data, enabling the system to detect intrusions with
enhanced accuracy and adaptability to emerging threats.

The proposed system represents network traffic as a
graph, where nodes represent devices, and edges capture
interactions such as data flows and connection events.
Using this representation, the GNN learns intricate
patterns of normal and malicious behavior, ensuring
robust intrusion detection. The system also minimizes false
positives by employing advanced anomaly detection
techniques, providing administrators with accurate
insights to address security issues effectively. Additionally,
the IDS integrates real-time monitoring and alert
mechanisms to offer immediate responses to suspicious
activity, safeguarding networks against potential threats.

The architecture includes tools like Wireshark for traffic
capture and CICIDS datasets for training and evaluation.
The GNN-based model, developed using frameworks like
PyTorch Geometric and TensorFlow, processes the graph-
structured data to classify events as benign or malicious.
The system’s integration with Docker and Kubernetes
ensures scalability and seamless deployment across
distributed networks, while OAuth safeguards user
authentication and access control. Visualization
dashboards offer administrators insights into network
activity and alerts, improving response time and decision-

comprehensive protection against a wide range of cyber
threats
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2. GNN-Based
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Problem Statement

Once the data has been preprocessed, the next step involves
transforming the network traffic into a graph representation,
which is handled by the Graph Representation Module.
Network traffic is inherently relational, with devices and
users interacting through data flows, and these interactions
are best represented in a graph format. In this module, each
device in the network, such as routers, servers, or end-user
machines, is treated as a node, while the communication or
data flow between them is represented as edges between
these nodes. The graph structure is designed to capture not
just the direct interactions between devices, but also the
complex relationships and dependencies that may emerge as
traffic flows through the network. This representation allows
the GNN model to leverage the inherent structure of the
network to detect abnormal patterns that may indicate
malicious activities. For example, an unusually high number
of connections from a specific device to other devices, or
communication with unfamiliar IP addresses, can be detected
through the graph structure. The module converts network
flows into graphs, ensuring that the relationships between
devices and data flows are clearly defined, enabling the GNN
to detect subtle anomalies that may otherwise go unnoticed.
This transformation is crucial because it allows the GNN to
apply its graph-based learning techniques to recognize

patterns of normal and abnormal behavior in the network.
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2. CORE FEATURES

1. Graph Representation of Network Traffic: The
system begins by transforming raw network data
into a graph structure, where nodes represent
entities such as devices or IPs, and edges represent
their communication or relationships. This
representation captures the inherent structure of
network traffic, enabling advanced anomaly
detection.
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Detection: Using Graph Neural Networks, the
system analyzes the graph representation to detect
patterns indicative of malicious activity. GNNs are
particularly effective for capturing spatial and
relational dependencies within the data, improving
detection accuracy for complex attacks such as
Advanced Persistent Threats (APTs).

3. Real-Time Monitoring and Alerts: The system
includes a real-time monitoring component that
continuously analyzes network traffic for
intrusions. Detected anomalies trigger instant
alerts, allowing system administrators to respond
promptly and mitigate potential damage.

4. Visualization of Threats: To enhance usability,
the system offers graphical visualizations of
detected intrusions. These visualizations help
security teams understand the nature and scope of
attacks, enabling better decision-making and
response planning.

5. Data Collection and Preprocessing: Tools like
Wireshark or CICIDS are used to collect network
traffic data. Preprocessing steps include data
cleaning, normalization, and feature extraction,
ensuring that the input data is suitable for GNN-
based analysis.

3. DATA TECHNOLOGY

Data Collection
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The Data Preprocessing Module is an essential part of the
system, as it prepares the raw network traffic data for further
analysis. This step involves a series of processes aimed at
transforming the collected data into a clean, structured, and
usable format for the machine learning models, specifically
the Graph Neural Network (GNN). Initially, raw network
traffic data contains noise, irrelevant information, and
possibly missing or corrupted values, all of which need to be
addressed before feeding the data into the system. This
module handles various preprocessing tasks, such as
removing outliers, handling missing values, and applying
filtering techniques to eliminate unnecessary data. It also
performs feature extraction, where the system identifies the
most important attributes of the network traffic, such as
packet size, flow duration, IP addresses, port numbers, and
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protocol types. These features are vital for training
the GNN

model, as they define the interactions and relationships
between devices in the network. Additionally, normalization.
or standardization techniques may be applied to ensure the
threats.

data is consistent across various ranges, making it easier for
the model to learn patterns. Through this preprocessing step,
the data becomes more accurate, consistent, and relevant,
ensuring that the GNN can perform its detection tasks
effectively.

4 IMPLEMENTATION

System Architecture

Frontend: Not applicable in this context as the
focus is on backend processes and APl integrations.
Backend: The backend is powered by Python-based
frameworks and utilizes Flask for API integration.
It manages preprocessing, data handling, and
interaction with the Graph Neural Network (GNN)
model.

API Integration: APIs fetch real-time network data
and enable seamless updates to the intrusion
detection system powered by the GNN model.
Real-Time Monitoring: The PyTorch Geometric
framework processes live network traffic data to
detect intrusions with immediate feedback, enabling
timely network security measures.

User Interaction Flow

Input Network Traffic Data: Users or
platforms submit network traffic data for
analysis.

Real-Time Detection: The system analyzes
the input using the GNN-based intrusion
detection model, identifying potential

security threats.
Flag Threats: Detected intrusions are
flagged and categorized for further

investigation or mitigation.

Engage with Dashboard: A user-friendly
dashboard provides detailed explanations
about flagged intrusions, logs, and
actionable insights, enhancing transparency
and facilitating informed decision-making.

5. RESULT AND DISCUSSION

Key Findings
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Accuracy: The integration of PyTorch
Geometric achieved a 92% accuracy rate in
detecting network intrusions across diverse
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datasets.

6. User Satisfaction: Feedback data showed that 87%
of users found the system reliable and efficient in
identifying and handling flagged CHALLENGES
AND FUTURE WORK

Limitations

e The system’s reliance on labeled training data
means that biases in datasets could affect
detection quality and accuracy.

e Real-time processing of high-volume network
traffic might face scalability challenges in
resource-constrained environments.

Future Enhancements

e Multimodal Integration: Expanding the system
to analyze multimodal network data (e.g., packet
metadata, traffic patterns, and encrypted
payloads) for a comprehensive intrusion
detection approach.

e Contextual Understanding: Incorporating
advanced GNN variants or transformer-based
architectures to better understand complex
relationships in network data and improve
detection of sophisticated intrusions..

7.CONCLUSION

The Intrusion Detection system demonstrates the potential
of integrating Al and real-time monitoring to create a robust
network security platform. By leveraging advanced GNN
techniques, machine learning models, and efficient
backend processes, the system addresses existing gaps in
intrusion detection technologies. It provides networks with
a dynamic and scalable solution to identify and mitigate
threats effectively. As the system evolves with user
feedback and advancements in Al, it holds the promise of
transforming how network security is managed in a more
proactive and intelligent manner.
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