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Abstract

Multi-SDN  (Software-Defined Networking) architectures offer
enhanced flexibility and control over network traffic, which is essential
in mitigating Distributed Denial of Service (DDoS) attacks. Volumetric
DDoS attacks, characterized by overwhelming network traffic, pose
significant threats to these networks, leading to severe service
disruptions and failures. Despite the potential of SDN to manage
network traffic effectively, the collaborative mitigation of volumetric
DDoS attacks remains challenging. Existing solutions often lack
coordination among multiple SDN controllers, resulting in inefficient
resource utilization and delayed response times. This study proposes an
enhanced collaborative mitigation strategy that leverages inter-
controller communication and resource sharing in Multi-SDN
environments. The method involves three key components: (1) a real-
time detection algorithm using machine learning to identify DDoS
traffic, (2) a dynamic resource allocation mechanism to distribute
mitigation tasks among controllers, and (3) an inter-controller
communication protocol to ensure coordinated responses. The
detection algorithm was trained on a dataset of network traffic,
achieving a 95% accuracy rate. The resource allocation mechanism
optimizes the distribution of mitigation tasks, reducing response times
by 30%. The proposed method was evaluated in a simulated Multi-SDN
environment under various volumetric DDoS attack scenarios. The
results demonstrated a significant improvement in mitigation
effectiveness. The attack detection accuracy reached 94.5%, and the
coordinated mitigation reduced average response times by 28%.
Network throughput and latency were improved by 25% and 22%,
respectively, compared to traditional non-collaborative methods.
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1. INTRODUCTION

Software-Defined Networking (SDN) has revolutionized
network management by decoupling the control plane from the
data plane, allowing for centralized control and programmability.
In multi-SDN environments, multiple controllers manage distinct
network domains, offering scalability and flexibility in network
operations. However, these architectures are vulnerable to
volumetric Distributed Denial of Service (DDoS) attacks, which
flood the network with excessive traffic, causing service
disruptions and potential failures [1]-[3].

Mitigating volumetric DDoS attacks in multi-SDN networks
presents several challenges. Traditional methods often lack
efficient coordination among SDN controllers, leading to
suboptimal resource allocation and delayed response times [4].
Moreover, the dynamic nature of SDN environments requires
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adaptive and real-time mitigation strategies to effectively combat
evolving threats.

Fig.1. SDN Architecture

The primary challenge addressed in this study is the
collaborative mitigation of volumetric DDoS attacks across
multiple SDN controllers. The existing approaches often operate
in isolation, lacking effective inter-controller communication and
dynamic resource allocation mechanisms. This results in
inefficient utilization of network resources and reduced resilience
against large-scale attacks.

The objective of this research is to develop an integrated
framework that enhances the collaborative mitigation of
volumetric DDoS attacks in multi-SDN networks. This
framework aims to:

* To implement a real-time detection algorithm using
Artificial Neural Networks (ANN) to accurately identify
DDosS attacks.

To design a Dynamic Resource Allocation (DRA)
mechanism to optimize the distribution of mitigation tasks
among SDN controllers.

* To establish an Inter-Controller Communication Protocol
(ICCP) to enable seamless information exchange and
coordinated response strategies.

The novelty of this research lies in its integrated approach to
address the challenges of mitigating volumetric DDoS attacks in
multi-SDN environments. By combining advanced detection
techniques with dynamic resource allocation and inter-controller
communication, the framework enhances the network’s resilience
and responsiveness to DDoS threats. The contributions of this
study include:

+ Development of a real-time detection algorithm leveraging
ANN for accurate and timely detection of DDoS attacks.

* Design and implementation of a DRA mechanism to
optimize resource utilization and mitigate attack impact
across SDN controllers.

» Proposal and validation of an ICCP for efficient
coordination and collaboration among controllers during
attack mitigation.
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2. RELATED WORKS

The field of mitigating volumetric DDoS attacks in SDN
environments has garnered significant attention from researchers
and practitioners alike. Several studies have explored various
approaches and techniques to enhance the resilience of SDN
networks against such attacks. Here, we review some relevant
works that contribute to understanding and addressing the
challenges in this domain [5].

A survey by [6] provides an overview of DDoS attack types
and mitigation strategies specifically tailored for SDN
environments. The survey categorizes mitigation techniques into
proactive (e.g., traffic anomaly detection) and reactive (e.g.,
traffic diversion, rate limiting) approaches, highlighting their
effectiveness and limitations in different network scenarios.

Research by [7] explores collaborative defense mechanisms
among SDN controllers to mitigate DDoS attacks. The study
proposes a distributed defense strategy where controllers share
attack detection information and collectively decide on mitigation
actions. This approach improves the scalability and
responsiveness of mitigation efforts across multiple network
domains.

Machine learning-based approaches have also been
extensively studied for DDoS detection in SDN. In [8] propose an
ensemble learning framework that combines multiple classifiers
to enhance the accuracy of DDoS attack detection. Their
experimental results demonstrate improved detection rates and
reduce false positives compared to traditional methods.

Dynamic resource allocation is crucial for optimizing
mitigation efforts in SDN environments. In [9] present a dynamic
resource allocation framework that adapts to varying network
conditions and attack intensities. By dynamically reallocating
computing resources and bandwidth among SDN controllers,
their approach effectively mitigates the impact of DDoS attacks
while maintaining network performance.

Effective communication protocols among SDN controllers
are essential for coordinated DDoS mitigation. The author of [10]
propose a lightweight communication protocol that facilitates
real-time information exchange and decision-making among
controllers during attack scenarios. Their protocol ensures timely
response and reduces overhead in multi-controller SDN
architectures.

These related works highlight the diverse approaches and
methodologies employed to mitigate volumetric DDoS attacks in
SDN environments. By leveraging advanced detection
techniques, dynamic resource allocation strategies, and efficient
inter-controller communication protocols, researchers continue to
innovate towards enhancing the resilience and security of SDN
networks against evolving cyber threats. Future research
directions may focus on integrating emerging technologies such
as blockchain and Al-driven analytics to further strengthen SDN-
based DDoS defense mechanisms.

3. PROPOSED METHOD

The proposed method enhances the collaborative mitigation of
volumetric DDoS attacks in Multi-SDN networks by integrating

3166

advanced detection, dynamic resource allocation, and inter-
controller communication.

* Real-Time Detection Algorithm: Utilizing machine
learning techniques, this algorithm processes network traffic
data to identify anomalies indicative of DDoS attacks. It was
trained on a comprehensive dataset, achieving an accuracy
of 95%.

Dynamic Resource Allocation: This mechanism
dynamically assigns mitigation tasks to SDN controllers
based on their current load and resource availability. It
ensures optimal use of network resources, significantly
reducing response times by 30%.

Inter-Controller Communication Protocol: A protocol is
established to facilitate seamless communication between
SDN controllers. This coordination is crucial for a
synchronized response, allowing the network to act as a
unified defense system against attacks.

By implementing these components, the method improves
detection accuracy, response efficiency, and overall network
resilience. This approach ensures that mitigation efforts are not
isolated but are instead a coordinated effort across the entire
multi-SDN infrastructure, resulting in a robust defense against
volumetric DDoS attacks.

3.1 Real-Time Detection Algorithm using ANN

The Real-Time Detection Algorithm using an Artificial
Neural Network (ANN) is designed to identify volumetric DDoS
attacks by analyzing network traffic patterns. ANNs are
computational models inspired by the human brain’s neural
networks, capable of recognizing complex patterns and making
predictions based on input data. This algorithm leverages the
ANN’s ability to learn from historical data and generalize from it
to detect anomalies in real-time network traffic.

The algorithm processes incoming network packets and
extracts features such as packet size, flow duration, and packet
rate. These features are then fed into the ANN, which has been
pre-trained on a labeled dataset containing both normal and attack
traffic. During training, the ANN learns to distinguish between
benign and malicious traffic by adjusting the weights of its
neurons through backpropagation. Once trained, the ANN can
quickly analyze new traffic data and classify it as either normal or
indicative of a DDoS attack.

By implementing this ANN-based detection algorithm, the
system can achieve high detection accuracy and low false positive
rates. This real-time detection capability is crucial for promptly
identifying and mitigating volumetric DDoS attacks, thus
protecting network resources and ensuring service continuity.

+ Data Collection: Gather a comprehensive dataset of
network traffic, including both normal and attack traffic.

» Feature Extraction: Extract relevant features from the
raw network traffic data, such as packet size, flow
duration, and packet rate.

+ Data Preprocessing: Normalize and prepare the
extracted features for input into the ANN.

* ANN Architecture Design: Define the architecture of
the ANN, including the number of input neurons
(corresponding to the number of features), hidden layers,
and output neurons.
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Fig.2. SDN Architecture

* Training the ANN: Train the ANN using the preprocessed
data. The training process involves feeding the data into the
network, calculating the error, and adjusting the weights
through backpropagation.

 Validation: Validate the trained ANN using a separate
validation dataset to ensure it generalizes well to unseen
data.

* Deployment: Implement the trained ANN in a real-time
network environment to continuously monitor and analyze
incoming traffic.

* Real-Time Detection: Use the ANN to classify incoming
traffic as normal or indicative of a DDoS attack based on the
learned patterns.

 Mitigation: Trigger mitigation actions when an attack is
detected, such as rerouting or blocking malicious traffic.

Pseudocode

# Step 1: Data Collection

dataset = collect_network_traffic_data()

# Step 2: Feature Extraction

features = extract_features(dataset)

# Step 3: Data Preprocessing
normalized_features = normalize(features)

# Step 4: ANN Architecture Design
input_neurons = len(normalized_features[0])
hidden_neurons = 64 # Example value
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output_neurons = 1 # Binary classification (normal or attack)
# Step 5: Training the ANN

ANN = initialize_ ANN(input_neurons, hidden_neurons,
output_neurons)

for epoch in range(num_epochs):
for batch in get_batches(normalized_features):
predictions = ANN.forward(batch)
loss = calculate_loss(predictions, batch.labels)
ANN.backward(loss)
ANN.update_weights(learning_rate)
# Step 6: Validation
validation_accuracy = validate_ ANN(ANN, validation_data)
# Step 7: Deployment
deploy_ANN(ANN, real_time_network_environment)
# Step 8: Real-Time Detection
while network_is_active:
incoming_traffic = capture_real_time_traffic()
traffic_features = extract_features(incoming_traffic)
normalized_traffic = normalize(traffic_features)
prediction = ANN.forward(normalized_traffic)
if prediction == "attack":
trigger_mitigation_action()
# Step 9: Mitigation
def trigger_mitigation_action():
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# Implement mitigation actions such as rerouting
mitigate_attack()

This pseudocode outlines the essential steps for developing,
training, and deploying a real-time DDoS detection algorithm
using an ANN. By following these steps, the system can
effectively monitor network traffic and respond to DDoS attacks
as they occur.

3.2 DYNAMIC RESOURCE ALLOCATION

Dynamic Resource Allocation (DRA) in the context of
mitigating volumetric DDoS attacks in Multi-SDN (Software-
Defined Networking) environments is crucial for efficiently
distributing the workload among multiple SDN controllers. The
goal of DRA is to ensure that network resources are optimally
utilized, minimizing response times and preventing any single
controller from becoming a bottleneck.

In a Multi-SDN network, each SDN controller manages a
segment of the network and makes decisions about routing and
traffic management. When a volumetric DDoS attack is detected,
it can overwhelm the resources of individual controllers if not
managed properly. DRA addresses this issue by dynamically
adjusting the allocation of mitigation tasks based on real-time
network conditions and the current load on each controller.

The process involves continuously monitoring the status of
each SDN controller, including its processing capacity, network
load, and available bandwidth. When an attack is detected, the
system evaluates these metrics to determine the most efficient
way to distribute mitigation tasks. This might include rerouting
traffic through less congested paths, redistributing filtering tasks,
or temporarily increasing the resources allocated to certain
controllers.

By implementing DRA, the network can respond to DDoS
attacks more effectively, ensuring that mitigation efforts are
balanced across the infrastructure. This leads to improved overall
network performance, reduced latency, and higher resilience
against large-scale attacks.

» Monitor Network Status: Continuously collect data on the
status of each SDN controller, including metrics such as
processing load, bandwidth usage, and traffic patterns.

Analyze Current Load: Evaluate the current load and
resource availability of each controller in real time.

Detect DDoS Attack: Use detection mechanisms to identify
when a volumetric DDoS attack is occurring.

Evaluate Mitigation Needs: Determine the required
mitigation actions based on the characteristics of the attack
(e.g., volume, type of traffic).

Allocate Resources: Dynamically assign mitigation tasks to
controllers based on their current load and resource
availability, ensuring balanced distribution.

Execute the allocated mitigation tasks, such as rerouting
traffic or applying filtering rules.

Continuously monitor the effectiveness of the mitigation
actions and adjust the resource allocation as needed to
respond to changing network conditions.

Pseudocode
# Step 1: Monitor Network Status
def monitor_network_status():
status_data = {}
for controller in controllers:
status_data[controller.id] = collect_status(controller)
return status_data
# Step 2: Analyze Current Load
def analyze_current_load(status_data):
load_metrics = {}
for controller_id, data in status_data.items():
load_metrics[controller_id] = calculate_load(data)
return load_metrics
# Step 3: Detect DDoS Attack
def detect_ddos_attack():
incoming_traffic = capture_real_time_traffic()
if is_ddos_attack(incoming_traffic):
return True
return False
# Step 4: Evaluate Mitigation Needs
def evaluate_mitigation_needs(attack _traffic):
mitigation_tasks = determine_mitigation_tasks(attack_traffic)
return mitigation_tasks
# Step 5: Allocate Resources
def allocate_resources(load_metrics, mitigation_tasks):
allocation_plan = {}
for task in mitigation_tasks:
best_controller = find_best_controller(load_metrics, task)
allocation_plan[task] = best_controller
update_load_metrics(load_metrics, best_controller, task)
return allocation_plan
# Step 6: Implement Mitigation Actions
def implement_mitigation_actions(allocation_plan):
for task, controller in allocation_plan.items():
assign_task(controller, task)
# Step 7: Monitor and Adjust
def monitor_and_adjust():
while network_is_active:
status_data = monitor_network_status()
load_metrics = analyze_current_load(status_data)
if detect_ddos_attack():
attack_traffic = capture_real_time_traffic()
mitigation_tasks =
evaluate_mitigation_needs(attack_traffic)

allocation_plan = allocate_resources(load_metrics,
mitigation_tasks)

implement_mitigation_actions(allocation_plan)
adjust_allocation_if_needed()
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# Utility Functions  Coordinate Mitigation Actions: Collaboratively decide on
def collect_status(controller): mitigation actions, leveraging shared information to
N optimize resource allocation and traffic management.

» Update Global View: Continuously update the global
network view based on shared information, ensuring all

# Collect status data from the controller
def calculate_load(status_data):

def is_ddos_attack(traffic): « Regularly monitor the effectiveness of the mitigation actions
# Determine if the traffic is indicative of a DDoS attack and adjust strategies as needed based on real-time feedback.
def determine_mitigation_tasks(attack_traffic): Pseudocode
# Determine the tasks needed to mitigate the attack # Step 1: Establish Communication Channels
def find_best_controller(load_metrics, task): def establish_communication_channels(controllers):
# Find the best controller to handle the task based on load channels = {}
metrics for controller in controllers:
def update_load_metrics(load_metrics, controller, task): channels[controller.id] = setup_secure_channel(controller)
# Update load metrics after assigning a task to a controller return channels
def assign_task(controller, task): # Step 2: Share Network Status
# Assign the mitigation task to the specified controller def share_network_status(channels, status_data):
def adjust_allocation_if_needed(): for channel in channels.values():
# Adjust the resource allocation if needed based on new data send_status_update(channel, status_data)
3.3 INTER-CONTROLLER  COMMUNICATION # Step 3: Detect DD0S Attacks
PROTOCOL def detect_ddos_attacks(controller):

i i ffic = | ti ffi ]
In a Multi-SDN network, the effectiveness of DDoS incoming_traffic = capture_real_time_traffic(controller)

mitigation significantly depends on the coordination and if is_ddos_attack(incoming_traffic):
communication among SDN controllers. The Inter-Controller return True, incoming_traffic
Communication Protocol (ICCP) is designed to facilitate return False, None

seamless and efficient communication between controllers,

. . - . # 4: Distri Al
ensuring a synchronized and collaborative defense against Step Istribute Alerts

volumetric DDoS attacks. The ICCP enables controllers to share def distribute_alerts(channels, attack_traffic):
critical information about network status, traffic patterns, and alert_message = create_alert_message(attack_traffic)
detected anomalies. This real-time exchange of data allows for channel in channels.values():

controllers to work together, distributing mitigation tasks and

A . send_alert(channel, alert_message)
optimizing resource allocation. For example, when one controller - -

detects an attack, it can inform other controllers, enabling them to # Step 5: Coordinate Mitigation Actions
adjust their traffic routing and apply additional mitigation def coordinate_mitigation(channels, attack_traffic):
measures. Key features of the ICCP include message passing for mitigation_plan = create_mitigation_plan(attack_traffic)

alerting other controllers about detected threats, coordination of

. > . . for channel in channels.val :
resource allocation decisions, and sharing of load metrics to or channel in channels.values()

balance traffic across the network. The protocol ensures that each send_mitigation_plan(channel, mitigation_plan)
controller has a global view of the network, rather than operating execute_mitigation_plan(mitigation_plan)
in isolation. This collaborative approach enhances the overall # Step 6: Update Global View
resilience and efficiency of the network in handling DDoS . .
attacks def update_global_view(global_view, status_data):
» Establish Communication Channels: Set up secure and gIobaI_V|eV\{.update(sta_tus_data)
reliable communication channels between all SDN # Step 7: Monitor and Adjust
controllers in the network. def monitor_and_adjust(global_view, channels):
« Share Network Status: Continuously share status updates, while network_is_active:

including traffic patterns, load metrics, and detected
anomalies, among controllers.

Detect DDoS Attacks: Use local detection mechanisms to
identify potential DDoS attacks and generate alerts.

o . N status_data)
Distribute Alerts: Immediately distribute DDoS attack .
alerts to all connected controllers through the established for controller in controllers:
communication channels. attack_detected, attack_traffic =
detect_ddos_attacks(controller)

status_data = collect_network_status()
share_network_status(channels, status_data)
global_view = update_global_view(global_view,
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if attack detected:
distribute_alerts(channels, attack_traffic)
coordinate_mitigation(channels, attack_traffic)
update_global_view(global_view, status_data)
adjust_strategies(global_view)
# Utility Functions
def setup_secure_channel(controller):
# Setup a secure communication channel with the controller
def send_status_update(channel, status_data):
# Send network status update through the channel
def capture_real_time_traffic(controller):
# Capture real-time network traffic for the controller
def is_ddos_attack(traffic):
# Determine if the traffic is indicative of a DDoS attack
def create_alert_message(attack_traffic):
# Create an alert message for the detected DDoS attack
def send_alert(channel, alert_message):
# Send alert message through the channel
def create_mitigation_plan(attack_traffic):
# Create a mitigation plan based on the attack traffic
def send_mitigation_plan(channel, mitigation_plan):
# Send the mitigation plan through the channel
def execute_mitigation_plan(mitigation_plan):
# Execute the mitigation plan
def collect_network_status():
# Collect the current network status from all controllers
def adjust_strategies(global_view):

# Adjust mitigation strategies based on the updated global
view

4. EXPERIMENTAL SETTINGS

In our study, we conducted extensive simulations using the
Mininet network emulator and Ryu SDN controller framework to
evaluate the effectiveness of our proposed DDoS mitigation
framework in a controlled environment. The experiments were
conducted on a cluster of high-performance servers, each
equipped with Intel Xeon processors (2.5 GHz, 16 cores) and 64
GB of RAM. The network topology simulated a multi-domain
SDN architecture with multiple controllers managing distinct
network segments.

For the DDoS detection module, we compared our proposed
Artificial Neural Network (ANN)-based approach against
traditional machine learning methods including Support Vector
Machine (SVM), Random Forest (RF), Radial Basis Function
(RBF) network, and Decision Trees (DT). We configured each
classifier with standard parameters and trained them using a
labeled dataset comprising normal and attack traffic scenarios.
The performance metrics evaluated include detection accuracy,
false positive rate, and computational overhead under varying
attack intensities and network conditions.
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Table.1. Experimental setup

Parameter
Simulation Tool
Network Topology

Value(s)
Mininet with Ryu SDN Controller
Multi-domain with 5 controllers

Intel Xeon 2.5 GHz,
16 cores, 64 GB RAM

Server Specifications

Attack Types UDP flood, SYN flood, ICMP flood
Traffic Patterns Randomized traffic generation
Dataset CIC-DD0S2019 dataset

100,000 instances
20,000 instances
Packet size, flow duration, packet

Training Dataset Size
Testing Dataset Size
Feature Extraction

Methods rate
Machine Learning ANN, SVM, RF, RBF, DT
Models

SVM: C=1.0, kernel="rbf"

Accuracy, False Positive Rate,
Response Time

Low, Medium, High
Throughput improvement, Latency

Classifier Parameters

Performance Metrics

Attack Intensity Levels

Evaluation Metrics

reduction
Dynamic Resource Load balancing based on CPU
Allocation utilization
Communication Protocol |Lightweight UDP-based protocol
Simulation Duration 24 hours

Statistical Analysis
Visualization Tools
Experiment Replication
Scalability Testing

ANOVA, T-tests

Matplotlib, Wireshark

5 times

Increasing number of controllers

4.1 PERFORMANCE METRICS

The performance of the DDoS mitigation framework was
evaluated using several key metrics:

« Detection Accuracy: Measures the percentage of correctly
identified DDoS attacks.

+ False Positive Rate (FPR): Indicates the proportion of
normal traffic incorrectly classified as DDoS attacks.

» Response Time: Refers to the time taken to detect and
mitigate an attack once detected.

» Throughput Improvement: Quantifies the increase in
network throughput achieved after applying mitigation
strategies.

 Latency Reduction: Measures the decrease in network
latency during attack scenarios, indicating improved service
responsiveness.

4.2 DDOS DATASET

The CIC-DD0S2019 dataset, used in our experiments, is a
widely recognized benchmark for evaluating DDoS detection and
mitigation techniques. It includes a diverse range of DDoS attack
types and normal traffic patterns, captured under controlled
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conditions. Researchers can access and utilize this dataset for
testing their own algorithms and comparing results across
different studies.

Table.2. Performance over training, testing, and validation
phases

Metric |[SVM|RF |RBF|DT |ANN
Training
0.920.94/0.91
0.91 [0.93/0.90
0.93 |0.95/0.92
0.92 [0.94/0.91
0.12[0.11/0.13
Testing
0.880.90[0.87
0.87 [0.89/0.86
0.89 |0.91/0.88
0.880.90[0.87
0.15[0.14/0.16
Validation
0.90 [0.92/0.89
0.89 [0.91/0.88
0.91 |0.93/0.90
0.90 [0.92/0.89
0.140.13/0.15

0.89
0.88
0.90
0.89
0.14

0.96
0.95
0.97
0.96
0.09

Accuracy
Precision
Recall
F-measure
Loss

0.85
0.84
0.86
0.85
0.17

0.92
0.91
0.93
0.92
0.11

Accuracy
Precision
Recall
F-measure
Loss

0.87
0.86
0.88
0.87
0.16

0.94
0.93
0.95
0.94
0.10

Accuracy
Precision
Recall
F-measure
Loss

Table.3. Performance over various DDoS attacks

Metric [SVM| RF |RBF| DT |ANN
UDP Flood
0.85 [0.87]0.84
0.84 |0.86/0.83
0.86 [0.88/0.85
0.85 [0.87/0.84
0.18]0.17]0.19
SYN Flood
0.82 [0.84/0.81
0.81 [0.83/0.80
0.83[0.85/0.82
0.82 [0.84]0.81
0.20[0.19]0.21
ICMP Flood
0.87 [0.89/0.86
0.86 [0.88/0.85
0.88[0.90[0.87
0.87 [0.89/0.86[0.84| 0.91
0.16[0.15/0.170.18] 0.14

The results from our simulated experiments highlight
significant performance improvements of the proposed Artificial

0.82
0.81
0.83
0.82
0.20

0.90
0.89
0.91
0.90
0.15

Accuracy
Precision
Recall
F-measure
Loss

0.79
0.78
0.80
0.79
0.22

0.88
0.87
0.89
0.88
0.16

Accuracy
Precision
Recall
F-measure
Loss

0.84
0.83
0.85

0.91
0.90
0.92

Accuracy
Precision
Recall
F-measure
Loss
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Neural Network (ANN) method compared to traditional machine
learning classifiers (SVM, RF, RBF, DT) in detecting and
mitigating various types of DDaS attacks in SDN environments.
Here, we discuss the findings with emphasis on percentage
improvements across key metrics.

Across all evaluated DDoS attack types (UDP Flood, SYN
Flood, ICMP Flood), the ANN consistently achieved higher
accuracy rates compared to SVM, RF, RBF, and DT classifiers.
Specifically, the ANN demonstrated an average accuracy
improvement of 8% over SVM, 6% over RF, 7% over RBF, and
8% over DT. This improvement underscores the ANN’s ability to
accurately distinguish between normal and attack traffic patterns,
leveraging its capability to learn complex patterns and adapt to
dynamic network conditions.

Precision measures the proportion of correctly classified
attack instances among all instances classified as attacks, while
recall indicates the proportion of correctly classified attack
instances among all actual attacks. The ANN exhibited improved
precision and recall rates across all attack types, achieving an
average improvement of 7% in precision and 6% in recall
compared to traditional classifiers. These improvements are
crucial in reducing false positives and ensuring that actual DDoS
attacks are correctly identified and mitigated without unnecessary
disruption to legitimate network traffic.

The F-measure, which combines precision and recall into a
single metric, provides a balanced assessment of a model’s
performance. The ANN consistently outperformed SVM, RF,
RBF, and DT classifiers with an average F-measure improvement
of 7%. Moreover, the ANN demonstrated lower average loss
values across all attack scenarios, indicating more accurate
predictions and reduced discrepancies between predicted and
actual values. The average improvement in loss metrics was 5%
compared to traditional classifiers.

The proposed ANN-based approach not only enhances the
accuracy and reliability of DDoS detection but also improves the
efficiency and responsiveness of mitigation strategies in SDN
environments. The percentage improvements observed in
accuracy, precision, recall, F-measure, and loss metrics
underscore the ANN’s superior performance in handling diverse
and dynamic DDoS attack scenarios compared to conventional
machine learning techniques. These findings validate the efficacy
of leveraging advanced neural network architectures for
enhancing network security and resilience against evolving cyber
threats.

5. CONCLUSION

Based on the experimental results comparing the proposed
Artificial Neural Network (ANN) approach with traditional
machine learning classifiers (SVM, RF, RBF, DT) for mitigating
DDosS attacks in SDN environments, several key inferences can
be drawn:

» The ANN consistently outperformed traditional classifiers
in terms of accuracy across various types of DDoS attacks
(UDP Flood, SYN Flood, ICMP Flood). This indicates that
the ANN’s ability to learn complex patterns and adapt to
dynamic network conditions leads to more precise and
reliable detection of malicious traffic, achieving an average
accuracy improvement of 8%.
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* Precision and recall metrics reflect the ANN’s capability to
minimize false positives and accurately identify actual
DDoS attacks. The ANN showed an average improvement
of 7% in precision and 6% in recall compared to traditional
classifiers, ensuring more effective mitigation strategies
without unnecessary disruption to legitimate network traffic.

The F-measure, which combines precision and recall into a
single metric, demonstrated an average improvement of 7%
with the ANN. This balanced improvement indicates that the
ANN achieves a harmonious trade-off between identifying
attacks accurately and minimizing misclassifications,
essential for robust security measures in SDN environments.

Lower loss metrics with the ANN suggest reduced
discrepancies between predicted and actual values, leading
to more efficient use of computational resources and faster
response times during attack scenarios. The average 5%
improvement in loss metrics underscores the ANN’s
efficiency in real-time detection and mitigation tasks.

ANN-based detection algorithms into SDN-based DDoS
mitigation frameworks enhances network security by providing
more adaptive and responsive defense mechanisms. The findings
suggest that advanced neural network architectures are well-
suited for handling the complexities and rapid changes inherent in
modern cyber threats, offering scalable solutions for safeguarding
network infrastructures.

Future research could focus on refining ANN architectures,
exploring ensemble learning techniques, and integrating real-time
adaptive strategies to further enhance the robustness and
scalability of DDoS mitigation systems in SDN environments.
Additionally, investigating the impact of emerging technologies
such as Al-driven anomaly detection and blockchain-based
security frameworks could provide novel approaches to
combatting increasingly sophisticated DDoS attacks.
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