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Abstract

Intrusion Detection Systems (IDS) are crucial for
identifying malicious activities and security
breaches in computer networks. Traditional IDS
techniques, such as signature-based detection,
are limited in their ability to detect new or
sophisticated attacks. This paper presents an
enhancement of IDS by incorporating graph
theory to model network behavior and detects
anomalies that may indicate potential
intrusions. By representing network traffic and
interactions as graphs, where nodes correspond
to entities like users, devices, and servers, and
edges represent interactions, IDS can detect
subtle deviations from normal behavior
patterns. We propose a graph-based anomaly
detection algorithm that leverages graph
traversal techniques and centrality metrics for
identifying anomalies. Additionally, we explore
scalability challenges and the integration of
machine learning to further enhance the
detection accuracy of the IDS. The paper
provides a comprehensive analysis of graph
theory’s role in modern IDS and proposes
solutions to improve real-time detection in
large-scale networks.

1. Introduction

Intrusion Detection Systems (IDS) play a vital
role in network security by identifying
unauthorized access, malicious activities, and
vulnerabilities in a system. However, traditional
IDS approaches--such as  signature-based
detection and statistical anomaly detection—
face challenges in detecting novel or unknown
attacks. Signature-based IDS systems rely on
predefined attack patterns, which makes them
ineffective against zero-day exploits or
sophisticated - attacks.  On the other hand,
statistical anomaly detection techniques may
struggle with the volume and complexity of
modern network data.

Graph theory offers a promising solution for
enhancing IDS performance by providing a rich
framework for modeling and analyzing network
behavior. Graphs can effectively represent
relationships and interactions between network
entities, enabling more precise detection of
anomalous patterns. By using graph traversal
algorithms, centrality metrics, and machine
learning techniques, IDS can detect anomalies
that indicate potential attacks, such as
Distributed Denial of Service (DDoS), insider
threats, and bot-net activities. This paper focuses
on improving IDS by integrating graph-based
anomaly detection algorithms, which can
efficiently detect abnormal network behavior in
real-time.
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2. Graph Theory and Anomaly Detection
in Intrusion Detection Systems

2.1. Constructing Network Graphs for IDS

In graph-based IDS approaches, network traffic
is transformed into a graph representation,
where:

Nodes represent entities like devices, users, or
services within the network.

Edges represent the interactions between these
entities, such as data transfers, connections, or
communication attempts.

For instance, in a communication graph, each
device or user is modeled as a node, and an edge
is formed whenever two entities communicate
with each other. The structure of this graph
provides an intuitive way to detect abnormal
interactions. If a device suddenly communicates
with an unusual set of devices or exhibits
strange traffic patterns, graph-based IDS can
capture these deviations through changes in the
graph structure. The key advantage of using
graphs for IDS is the ability to model not just
direct interactions, but also the relationships
between entities, which may not be immediately
visible using traditional methods. These graph
representations allow for better detection of
complex attack patterns, such as lateral
movements within a network, which are
common in advanced persistent threats (APT)
and insider attacks.

2.2. Anomaly Detection Techniques Using
Graph Theory

Once network traffic is modeled as a graph,
several  graph-based anomaly  detection
techniques can be applied to identify unusual
patterns or behaviors. Some common techniques
include:

Graph Traversal Algorithms:

Algorithms like Depth-First Search (DFS) and
Breadth-First Search (BFS) can explore the
network graph and identify any irregularities in
the flow of communication. For example, if a
device (node) that usually communicates with a
limited set of devices begins to make unusual
connections, this can be flagged as an anomaly.
Centrality and Node Metrics:

Graph centrality measures, such as degree
centrality, betweenness centrality, and
closeness centrality, are used to identify key
nodes in a network. A sudden increase or
decrease in the centrality of a node can indicate
suspicious behavior, such as a node being
compromised or used as part of a botnet.

Sub-graph  Isomorphism: This technique
compares the current network graph to known
normal behavior patterns stored as sub-graphs. If
a sub-graph deviates significantly from the
expected pattern, it is flagged as anomalous. For
example, if a normal user accesses a service they
do not usually interact with, the system would
detect this change through a sub-graph match.
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Graph Clustering: Clustering algorithms, such as
k-means or DBSCAN, can group nodes with
similar behavior patterns. Anomalies are
detected when a node exhibits behavior that
doesn't fit into any cluster of normal activity.
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2.3. Real-Time Anomaly Detection with
Dynamic Graphs

One of the key challenges in real-time IDS is
detecting anomalies as network conditions
change. Traditional static graphs do not capture
the dynamic nature of modern networks.
Dynamic graphs address this issue by allowing
the continuous update of the network structure
as new connections are made or existing
connections are terminated. Dynamic graph
models are particularly useful for detecting time-
sensitive attacks, such as DDoS or botnet
activities, which can cause rapid changes in the
communication patterns between nodes. By
continuously updating the graph in real-time, an
IDS can detect these anomalies promptly and
trigger alerts before the attack causes significant
damage.

3. Graph-Based Anomaly Detection
Algorithm
Figure 1.1
The above flow chart visually explains the key
steps in Anomaly detection process, helping to
understand how graph-based analysis detects
unusual network behavior.

3.1. Algorithm Overview

To enhance the anomaly detection capabilities of
IDS, we propose a Graph-Based Anomaly
Detection Algorithm (GBADA). The algorithm
uses graph theory to model network traffic and
identifies anomalous behavior patterns based on
graph structure analysis. The steps of the
algorithm are as follows:

Input:

Network Traffic Data: Continuous data flow
representing interactions between network
entities (devices, users, etc.).

Graph Construction: A graph G(V,E) is created
where V represents the set of nodes (entities)
and E represents the set of edges (interactions).

Steps:
Graph Construction:

Construct a graph G based on real-time network
traffic. Nodes are created for devices, users, or
services, and edges represent communications
between these nodes.

Feature Extraction:

For each node, extract various features such as
degree centrality, clustering coefficient,
betweenness centrality, and average path
length.

For each edge, calculate metrics like edge
weight (representing the frequency or intensity
of communication).

. Anomaly Score Calculation:

o An anomaly score for each node and
edge is calculated based on deviations from the
expected behavior. This is done by comparing
the current graph features to a baseline or
historical data using the formula:

Anomaly Score (vi) =

|Feature(vi)—Mean Feature| / Standard Deviation

7 T

between-ness centrality.

. Threshold:

The calculated anomaly scores are compared
against predefined thresholds. If the score
exceeds the threshold, the node or edge is
flagged as anomalous.

. Alert Generation:

The IDS generates alerts indicating the presence
of anomalous activity, including details such as
the affected nodes, the type of anomaly, and the
severity of the threat.

Output:

e Anomaly Alerts: The system produces real-
time alerts for anomalous activities, which are
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classified based on the graph’s deviation from
normal behavior.

3.2. Sample Java Code
for Graph Anomaly Detection for 14
Nodes.

import java.util.*;

class Graph {

private Map<String, List<String>>
adjacencylist = new HashMap<>();

private Map<String, Integer>
degreeCentrality = new HashMap<>();

// Add node to the graph
public void addNode(String node) {
adjacencylist.putifAbsent(node, new
ArraylList<>());

}

// Add an edge between two nodes
public void addEdge(String nodel, String
node2) {
adjacencylist.get(nodel).add(node2);
adjacencylist.get(node2).add(nodel);

}

// Calculate Degree Centrality for each
node
public void calculateCentrality() {
for (String node : adjacencylList.keySet())

degreeCentrality.put(node,
adjacencylist.get(node).size());

}

// Compute anomaly score based on
standard deviation from mean centrality
public void detectAnomalies() {
double mean =
degreeCentrality.values().stream().mapTolnt(i
-> i).average().orElse(0);
double stdDev =
Math.sqrt(degreeCentrality.values().stream()

.mapToDouble(i -> Math.pow(i

- mean, 2)).average().orElse(0));

System.out.printin("Anomalies
detected:");

for (Map.Entry<String, Integer> entry :
degreeCentrality.entrySet()) {

double anomalyScore
(entry.getValue() - mean) / stdDev;

if (Math.abs(anomalyScore) > 1.5) { //
Threshold for anomaly

System.out.printin("Node: +

entry.getkey() + " | Degree: " +

entry.getValue() + " | Anomaly Score: " +

anomalyScore);

}

// Print the Graph
public void printGraph() {
System.out.printin("Graph
Representation:");
for (Map.Entry<String, List<String>> entry
: adjacencylList.entrySet()) {
System.out.printin(entry.getKey() + " -
> " + entry.getValue());

}

public class GraphAnomalyDetection {
public static void main(String[] args) {
Graph graph = new Graph();

// Sample network connections
(Simulating network traffic)
String[][] connections = {
{"A", "B"}, {"A", "C"}, {"B", "D}, {"C",

"D"}, {"C", "E"}
{"'D", "E"} {'E", P} {'FY, 6", {6,
"H'Y, R, 1,

T A A I A
"M}, "M, "N,

{"A", "N"} // Potential anomaly (Loop-
back or unexpected behavior)

b
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// Add nodes and edges
for (String[] connection : connections) {
graph.addNode(connection[0]);
graph.addNode(connection[1]);
graph.addEdge(connection[0],
connection[1]);

}

// Display graph
graph.printGraph();

// Calculate and detect anomalies

graph.calculateCentrality();
graph.detectAnomalies();

}

Node: N | Degree: 2 | Anomaly Score: 1.67

Sample Input: This represents all network
nodes and their connections.
A ->[B, C, N]

B->[A, D]

C->[A, D, E]

D ->[B, C, E]

E->[C,D,F]

F->[E, G]

G -> [F, H]

H->[G,I]

1->[H,J]

J->l, K]

K->[J, L]

L-> [K, M]

M ->[L, N]

N->[M, A]

Expected Output: Graph Representation:
A->[B, C, N]

B->[A, D]

C->[A, D, E]

N->[M, A]

Anomaly Detection: The program calculates
the degree centrality of each node, finds the
mean and standard deviation, and identifies
anomalies based on a threshold

(1.5 standard deviations from the mean):
Anomalies detected:

Node: A | Degree: 3 | Anomaly Score: 1.89

4. Result & Analysis:

> Node A has a high anomaly score (1.89)
because it is connected to 3 nodes, which is
much higher than the average connectivity in
this network.

Figure 1.2

> Similarly Node N also has a high
anomaly score (1.67) because of its unexpected
connections. Therefore these nodes (A & N) are
flagged because their connection patterns are
significantly different from normal nodes,
which could indicate [Malicious Activity or
Network Mis-configurations.
Figure 1.3

4.1. Computational Complexity

With the growth of modern networks, graph-
based anomaly detection can become
computationally expensive, especially when
handling large-scale networks. Building and
maintaining real-time graphs requires substantial
memory and processing power.

. Optimized Graph Algorithms: To reduce
computational overhead, we propose the use of
graph pruning techniques to limit the size of the
graph. By focusing on the most relevant nodes
and edges, the IDS can operate more efficiently
without sacrificing detection accuracy.
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4.2. Distributed Processing for Large-Scale
Networks

For large networks, distributed computing
frameworks such as Apache Spark or Graph X
can be employed to process graphs in parallel.
By dividing the graph into smaller sub graphs
and analyzing them concurrently, IDS can scale
effectively to handle the growing complexity of
modern networks.

. Edge Sampling: Instead of analyzing
every edge, edge sampling can be used to select
a subset of edges for analysis. This reduces the
graph's size while maintaining enough
information to detect anomalies.

Gragh-Based Anomaly Detection |Simutating Anomaly for Node N

5. Conclusion

Graph theory provides a powerful and scalable
framework for enhancing Intrusion Detection
Systems (IDS). By modeling network behavior
as graphs, IDS can detect complex attack
patterns and abnormal behavior that traditional
methods may miss. The proposed Graph-Based
Anomaly Detection Algorithm (GBADA)
leverages graph traversal, centrality metrics, and
real-time graph updates to improve detection
accuracy and reduce false positives. While
scalability remains a challenge, the integration
of distributed processing techniques and graph
optimization can make graph-based IDS viable
for large-scale networks. This approach
represents a significant advancement in IDS,
enabling more effective detection of both known
and unknown attacks in real-time.
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