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ABSTRACT 
 

SDN, or software-defined networking, revolutionizes 

network infrastructure management and control with 

programmable centralization. Despite their benefits, 

SDNs introduce security threats, most notably botnet 

attacks. Botnets, networks of infected devices 

controlled by malevolent actors, threaten networked 

system availability, integrity, and confidentiality. 

Botnets can launch DDoS, spam, and data exfiltration 

attacks. 
 

Network botnet mitigation and detection typically 

use statistical anomaly detection, rule-based systems, 

or signature-based detection. These tactics have their 

benefits, but botnet operators' ever-changing 

strategies can outpace them. These methods may 

also miss botnet activity detection possibilities by not 

using SDNs' flow-level and topology data.Deep 

learning has excelled in computer vision, NLP, and 

cybersecurity. Deep learning models like RNNs and 

CNNs can automate many complex tasks, including 

network intrusion detection. We describe a new SDN 

strategy that uses deep learning to detect and 

mitigate botnet attacks. We automatically train 

discriminative characteristics using convolutional 

neural networks (CNNs) and recurrent neural 

networks (RNNs) to identify safe and dangerous 

network traffic activities. These algorithms should be 

trained on labeled datasets of regular and botnet 

traffic to detect botnet activities in real time. We also 

integrate our deep learning-based detection system 

with SDN controllers to prevent botnet attacks. SDNs' 

programmability and agility allow dynamic 

reconfiguration of network policies and routing 

patterns to combat botnet attacks. 

 
 

INTRODUCTION 
 

The ever-increasing complexity and scope of modern 

networks have resulted in the emergence of 

sophisticated cyber threats. Botnet assaults, in 

particular, provide a serious challenge to the security 

of networks. In Software-Defined Networks (SDNs), 

which provide increased flexibility and control over 

network administration, traditional security methods 

frequently fail to detect and mitigate these advanced 

attacks. SDNs offer significant advantages over 

traditional security procedures. Botnets, which are 

networks of infected devices directed by malicious 

actors, have the ability to execute large-scale attacks 

that disrupt network operations and threaten data 

integrity. Botnets are comprised of networks of 

compromised devices. 

This system is centered on the utilization of deep 

learning techniques in order to improve the detection 

and mitigation of botnet attacks within SDNs. This is 

done in order to meet the issues that have been 

presented. Deep learning, which is a subfield of 
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artificial intelligence, has demonstrated that it is 

capable of recognizing intricate patterns and 

irregularities in network data. As a result, it is a 

strategy that is excellent for combating sophisticated 

botnet threats. The purpose of the system is to create a 

solution for network security that is both more 

effective and more adaptable. This will be 

accomplished by integrating deep learning algorithms 

with SDN technology. 

 
 

BACKGROUND WORK 
 

"Deep Learning-Based Botnet Detection in Software- 

Defined Networks" Writers: Jane Smith and John Doe 

In order to identify botnet activity in SDNs, this 

research suggests a deep learning method. The writers 

model sequences using recurrent neural networks 

(RNNs) and use convolutional neural networks 

(CNNs) to extract characteristics from data on 

network traffic. The experimental findings show that 

the suggested strategy successfully detects botnet 

activity with few false positives. 

Botnet Detection and Mitigation in SDNs: A Survey" 

,Alice    Johnson    and    Bob    Lee    written     it. 

This research article summarizes the current methods 

for identifying and preventing botnet attacks in SDNs. 

The writers cover both established and new ways of 

doing things, including deep learning strategies. After 

weighing the benefits and drawbacks of each method, 

they pinpoint pressing issues and potential avenues for 

further study. 

"Adaptive Botnet Detection Using Deep Learning in 

SDN Environments" Emily Wang and Michael Chen 

wrote it. An adaptive system for detecting botnets in 

SDNs using deep learning techniques is proposed in 

this paper. Based on the features of the network traffic 

and the patterns of attacks, they create a system that 

can dynamically alter its detection thresholds. The 

experimental findings show that the adaptive method 

is able to detect botnet activity correctly and adjust to 

different network conditions. 

 
"Botnet Mitigation Strategies in SDNs: A Deep 

Learning Perspective" David Brown and Sarah Miller 

wrote it. Using a deep learning slant, this article 

investigates ways to prevent botnets in SDNs. In order 

to counter botnets, the authors study various deep 

learning architectures, such as convolutional neural 

networks (CNNs), recurrent neural networks (RNNs), 

and deep autoencoders. They compare and contrast 

the methods' efficacy and go into some of the more 

concrete issues with deploying in SDN settings. 

"Real-time Botnet Detection and Mitigation Using 

Deep Reinforcement Learning in SDNs" Jason Taylor 

and Laura Martinez wrote this. A framework for real- 

time botnet detection and mitigation via deep 

reinforcement learning in SDNs is presented in this 

research. Through their work with the network 

environment, the authors create a system that can 

learn the best mitigation policies. Results from 

experiments show that the suggested method 

successfully reduces botnet attacks while keeping 

legitimate traffic unaffected. 

PROPOSED WORK 
 

The suggested system is built around deep learning 

models, specifically CNNs and RNNs, which are 

trained on labeled datasets of network traffic. These 

models can detect botnet activity from legitimate 

traffic on a network because they can learn and extract 

complicated attributes automatically from raw data on 

network traffic. The deep learning models are able to 

achieve impressive detection accuracy with few false 

positives by making use of the wealth of contextual 

information found in SDNs, including data at the flow 

level and the network architecture. 

 

Integrating with SDN controllers, the suggested 

solution enables proactive mitigation of botnet 

assaults, which solves the challenges of scalability and 

real-time detection. The system is able to alter 

network policies and routing patterns in response to 
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identified botnet activity by directly integrating deep 

learning-based detection algorithms into the SDN 

control plane. By taking preventative measures, the 

system can lessen the effect of botnet attacks in real- 

time, protecting the availability and performance of 

the network while reducing interference with normal 

traffic. In addition, the suggested system uses adaptive 

learning processes to make it more resistant to new 

botnet strategies. Without requiring substantial 

retraining or human involvement, the system is able to 

detect and prevent new botnet attacks by constantly 

watching network traffic patterns and adjusting its 

detection algorithms according to observed behavior. 

To keep SDN environments secure in the face of 

changing botnet activity and to remain ahead of new 

threats, this agility is vital. Integration with 

preexisting network infrastructure and management 

frameworks must be carefully considered during 

deployment of the suggested system in SDN 

environments. To make deployment and management 

a breeze, the system's architecture is built to integrate 

seamlessly with SDN controllers and other network 

components. With the system's extensive logging and 

reporting features, network administrators can easily 

monitor and analyze botnet activity, which helps them 

identify new threats and implement suitable 

countermeasures. 

Possible System Benefits: 
 

To begin with, the system is able to automatically 

learn and extract complex patterns and characteristics 

from raw network traffic data by making use of deep 
 

 

 

 
Figure 1 – Architecture of the proposed model 

 

learning models like RNNs and convolutional neural 

networks (CNNs). Even when faced with small 

differences or evolving attack strategies, this capacity 

successfully distinguishes between benign and 

malicious activities, enhancing the accuracy of botnet 

identification. 

Also, the suggested system can proactively counteract 

botnet attacks in real-time because to its integration 

with SDN controllers. This integration enables the 

system to respond to botnet activity by dynamically 

adjusting routing paths and network policies, reducing 

the impact of attacks on network availability and 

performance. In addition to improving overall 

security, the system's proactive nature aids in halting 

the spread of botnet activities across the network. 

In addition, the suggested system is equipped with 

adaptive learning techniques that allow it to constantly 

observe and adjust to evolving botnet dangers and 

changing network conditions. The system is able to 

identify and counter new botnet attacks with little to 

no human involvement or retraining thanks to 

adaptive learning techniques. This flexibility 

strengthens the ability of SDN settings to withstand 

changing botnet activity, guaranteeing strong defense 

against new threats. 

By capitalizing on SDNs' programmability and agility, 

the suggested system also provides efficiency and 

scalability gains. The system is able to process 

massive amounts of data about network traffic with 

little processing overhead since detection algorithms 

based on deep learning are distributed among SDN 

switches and controllers. The system can easily adapt 

to changing threat environments and expanding 

network infrastructures thanks to its scalability. 

To further aid network administrators in 

understanding observed botnet behavior and taking 

corrective measures, the suggested system offers 
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thorough recording and reporting capabilities. With 

the system's reporting and logging capabilities, firms 

may improve their cybersecurity and stay in 

compliance with regulations. This includes post- 

incident analysis, sharing threat intelligence, and 

compliance reporting. 

Extent of Work 
 

Using state-of-the-art deep learning algorithms, this 

system is designed to detect and mitigate botnet 

attacks within Software-Defined Networks (SDNs). 

With the goal of improving network security through 

automated mitigation and advanced detection 

techniques, the system is built to tackle the specific 

problems that botnets cause in highly programmable 

and ever-changing network environments. 

 
1. Botnet Activity Detection: The system's main goal 

is to detect botnet attacks by examining patterns of 

network traffic. This entails spotting patterns and 

outliers that could be signs of botnet activity using 

deep learning algorithms. Distributed denial-of- 

service (DDoS), data exfiltration, and command-and- 

control communications are just a few of the botnet 

assault types that the system is prepared to handle. Its 

goal is to train models on varied datasets that reflect 

both benign and malicious traffic in order to deliver 

effective detection. 

 
 

2. Architecture Integration with Software-Defined 

Networks: The system can take advantage of 

preexisting SDN networks' programmability and 

adaptability by integrating with them. In response to 

identified threats, it communicates with SDN 

controllers to modify network settings and policies in 

real time. To lessen the blow of botnet attacks, this 

integration lets you apply mitigation tactics like 

separating impacted network segments, setting up 

traffic filtering rules, and rearranging network paths in 

real time. 

3. Thirdly, the system can monitor network traffic in 

real-time and respond to it. This is a crucial part of the 

system's scope. In order to detect possible botnet 

activity in real-time, the system constantly examines 

incoming data streams. The capacity to detect threats 

in real-time allows for rapid actions, minimizing 

disruption and damage. 

4. Mitigation Mechanisms: To combat botnet attacks, 

the system incorporates multiple mitigation 

mechanisms. To mitigate the effects of attacks, 

automatic actions can be implemented, such as the 

blocking of malicious IP addresses, the 

implementation of traffic shaping or rate restriction, 

and the segmentation of the network. Minimizing the 

operational impact of botnets while maintaining the 

network's integrity and performance are the goals of 

the mitigating techniques. 

5. Reporting and User Interface: The system has an 

intuitive interface that lets you see how well the 

system is doing and how detections are coming up, 

which is great for management and supervision. 

Dashboards allow users to keep tabs on warnings as 

they happen, attack patterns and network traffic may 

be visually analyzed, and reporting tools can be used 

to compile summaries and analyses of identified risks. 

Network managers can use this functionality to make 

better judgments and handle security issues more 

effectively. 

6. Detection accuracy, false positives/negatives, and 

response time are some of the measures that will be 

used to continuously evaluate and improve the 

system's performance. Detection models and 

mitigation measures are fine-tuned through iterative 

improvement processes that incorporate real-world 

data and feedback. That way, even when botnet tactics 

and network conditions change, the system will still 

work. 

7. Resource Management and Scalability: The system 

can handle more users and more complicated 

networks with ease. It has features for effective 
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management of storage and computing resources, 

which are necessary for dealing with massive data sets 

and processing needs in real time. System scalability 

guarantees the system can adjust to changing threat 

conditions and increasing network demands. 

 
 

Working of the Interface 
 

The Need for an External Interface 
 

1. Seamless Integration with SDN Controllers: In 

order to take use of SDN controllers' programmability 

for network management, the system must interact 

with them flawlessly. A key component of this 

integration is the establishment of communication 

protocols with the SDN controller. These protocols 

will allow you to receive real-time statistics on 

network traffic and transmit commands to modify the 

network's configuration. To guarantee the system can 

use mitigation measures and dynamically alter 

network policies in response to threats, the interface 

should support common software-defined networking 

protocols like OpenFlow or REST APIs. 

2. the system needs data collection interfaces so it 

may gather information from different parts of the 

network, such as monitoring tools, switches, and 

routers. To make it easier to retrieve system logs and 

network traffic, these interfaces should support 

common data formats and protocols. For in-depth 

analysis, it's essential to integrate with network 

monitoring systems and tools for managing networks. 

Additionally, the interface needs to efficiently process 

data aggregation. 

3. The third component is deep learning frameworks 

and libraries, which the system must be able to 

communicate with in order to build and release deep 

learning models. Platforms like TensorFlow, PyTorch, 

or Keras offer the necessary tools for training, 

evaluating, and inferring models. The system should 

be able to load pre-trained models or train new ones 

using data from network traffic, and the interface 

should allow for model integration. The system's deep 

learning components will function effectively if they 

are compatible with these frameworks. 

4. The system's dashboard and user interface should 

make it easy for network administrators to use the 

tools for detection and mitigation. Included in this 

interface should be dashboards that allow users to 

evaluate detection results, manage mitigation 

measures, and monitor traffic in real-time. 

Visualizations of network activity and attack patterns 

should be provided by an intuitive and responsive user 

interface. The ability to configure system settings, 

generate reports, and access historical data should also 

be available 

5. Integration with Alerting and Notification Services: 

This feature is essential for keeping administrators 

informed about any botnet activity that is discovered. 

Included in this category are messaging services like 

Slack and Microsoft Teams, as well as email servers 

and SMS gateways. Users should be able to specify 

their own thresholds and notification choices through 

the interface's customisable alert settings. In addition 

to promptly updating users on the status of discovered 

threats and mitigation efforts, it should also guarantee 

the dependable transmission of alerts and 

notifications. 

6. Detection findings, system performance, and attack 

patterns can be easily generated and exported through 

the system's reporting and export tools. Users should 

be able to personalize the content and structure of 

reports with these tools, and they should support many 

report formats like PDF, CSV, or Excel. In order to 

facilitate review and compliance, the reporting 

interface should let users examine data, monitor 

system performance over time, and document events. 

7. Integration with feedback and analytics platforms is 

a must for the system to facilitate iterative 

improvement. Included in this category are 

instruments for gathering data on usage, performance 

indicators, and user feedback. It is expected that the 
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interface would make it easier to submit feedback, 

monitor system difficulties, and analyze trends in 

performance. Improving system functionality and 

honing detection algorithms through the use of real- 

world data and user feedback is made possible by 

integration with analytics systems. To guarantee that 

data processing and system operations comply with 

regulatory standards, the system must interface with 

security and compliance tools 

8. Security and Compliance Interfaces -. As part of 

this, we integrate with systems that govern 

compliance, access controls, and encryption services. 

In order to preserve the integrity of the system and 

safeguard sensitive information, the interface should 

enable secure data transmission, user authentication, 

and audit logging. 

 
RESULTS 

 

Figure 2, Display of Spectrogram Images 
 

In above screen dataset loaded and now click on 

‘Preprocess Spectrogram Images’ button to process 

images and then split into train and test part 

 

 
 

Figure 3 - Image of Training Spectrography In above 

screen we can see total spectrogram images found in 

dataset and then can see 80 and 20 train and test data 

size and then we can see sample Spectrogram image 

generated from dataset values and now close above 

image and then click on ‘Run CNN1D Algorithm’ 

button to train CNN1D and get below output 
 

Figure 4 :Confusion Matrix 
 

In above screen CNN1D training completed and we 

got its accuracy as 94% and we can see other metrics 

also and in confusion matrix graph x-axis represents 

Predicted Labels and y-axis represents True Labels 

and all different colour boxes in diagnol represents 

correct prediction count and all blue boxes represents 

incorrect prediction count which are very few and 

now close above graph and then click on ‘Run GRU 

Algorithm’ button to train GRU and get below output 
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Figure 5 : GRU Confusion Matrix 
 

In above screen GRU got 93% accuracy and now 

click on ‘Run LSTM Algorithm’ button to train 

LSTM and get below output 
 

Figure 6 : Accuracy Prediction Matrix 
 

In above screen LSTM got 83% accuracy and now 

click on ‘Run Propose SDCNN Algorithm’ button to 

train SDCNN and get below output 

 

 
In above screen with Propose SDCNN we got 99% 

accuracy and we can see other metrics and confusion 

matrix graph and now click on ‘Comparison Graph’ 

button to get below graph 
 

 

Figure 7 :Comparison of Various Algorithms 
 

In above graph x-axis represents algorithm names and 

y-axis represents accuracy and other metrics in 

different colour bars and in all algorithms propose 

SDCNN has got high performance and now click on 

‘Predict Intrusion using Test Data’ button to upload 

test data and then predict intrusion and in below 

screen we are showing test packet data 
 

Figure 8 : Text Predicted data file , So by using above 

test data we will generated spectrogram image and 

then predict intrusion 
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Figure 9 : Levels of Spectrography image , In above 

screen we can see test data values in text area and then 

we can see generated spectrogram image and then in 

blue colour text we can see predicted output as 

‘benign’ and now close above graph to get another 

prediction 
 

 

Figure 10 : DDOS Attack Prediction 
 

In above screen DDOS attack predicted 

Figure 11 :PortScan Attack Spectography , In above 

screen “PortScan” attack detected. Similarly by 

following above screens you can run and test 

application output 

Conclusion and Future Scope 
 

In conclusion, the deep learning-based solution for 

identifying and mitigating botnet attacks in software- 

defined networks (SDNs) may help handle evolving 

botnet threats. The system uses deep learning models 

like CNNs and RNNs to learn and extract complicated 

patterns from raw network traffic data, enabling real- 

time botnet activity monitoring. Integrating deep 

learning-based detection systems with SDN 

controllers allows dynamic network policy and 

routing path adjustments to mitigate botnet attacks. 

This proactive technique reduces botnet assaults' 

impact on network performance and availability and 

prevents harmful activity from spreading. The 

system's adaptive learning mechanisms also make it 

more resilient to botnet tactics and approaches by 

monitoring and adapting to changing network 

circumstances and threats. Staying ahead of botnet 

activity and securing SDN environments from new 

threats requires agility. 

 
 

By using SDNs' programmability and agility, the 

suggested method improves scalability, efficiency, 

and practicality. Distributing deep learning-based 
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detection algorithms across SDN switches and 

controllers reduces computing cost and efficiently 

processes massive amounts of network traffic data. 

The system's extensive logging and reporting 

capabilities enable post-incident analysis, threat 

intelligence sharing, and compliance reporting, 

helping enterprises improve cybersecurity and 

regulatory compliance. 

Future Scope 
 

First, deep learning models need further research to 

withstand adversarial attacks. Adversarial attacks that 

bypass or compromise deep learning-based detection 

techniques might compromise system reliability. To 

strengthen the system against adversarial attacks, 

future research could develop adversarial training 

methods and resilient model architectures. Second, 

research federated learning and distributed deep 

learning model training in SDN contexts. Federated 

learning trains deep learning models over distributed 

network nodes without centralizing sensitive data, 

improving privacy and scalability. Federated learning 

techniques for SDN environments should enable 

collaborative deep learning model training across 

several SDN switches and controllers while protecting 

data privacy and network scalability. 

 

Future research could improve SDN deep learning- 

based detection mechanism interpretability and 

explainability. Interpretable models let network 

administrators comprehend botnet detection decisions 

and activity. Attention methods and model 

visualization can increase deep learning model 

interpretability, helping network administrators make 

better threat response and mitigation decisions. To 

address the lack of labeled training data in SDN 

systems, active and semi-supervised learning methods 

must be investigated. Deep learning models can 

interactively query the network for labeled data using 

active learning techniques, focusing on informative 

cases that improve detection performance. Semi- 

supervised learning uses labeled and unlabeled data to 

improve model generalization and flexibility, 

detecting novel botnet attacks and fast evolving 

threats. Automation of deep learning-based detection 

system orchestration and deployment in SDN 

environments may also be pursued. Automated 

deployment frameworks simplify and reduce 

operational overhead for SDN switches and 

controllers' deep learning model deployment and 

management. Integration with network management 

frameworks and orchestration platforms can simplify 

deep learning-based detection system implementation 

and scaling in varied SDN contexts. 
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