MULTIDISCIPLINARY
RESEARCH INSTITUTE
INDIA

Multidisciplinary Journal of Research in Engineering and
Technology
ISSN: 2348-6953
Volume 13 Issue 2 (2026) | Pages: 88-94

Deep Learning-Based Intrusion Detection Systems for Software-Defined Networking

Varkey Imamverde*

Department of Electrical and Computer Engineering, Tonle Sap Institute of Engineering and Commerce, Cambodia

*Corresponding Author: varkey.imamverde@tsiec-kh.org

Peer Review Information

Type: Article

Received: 11 February 2026
Revised: 05 March 2026
Accepted: 14April 2026
Published: 28 may 2026

Abstract

Software-Defined Networking (SDN) has emerged as a transformative networking paradigm that
separates the control plane from the data plane, enabling centralized network management,
programmability, flexibility, and efficient traffic control in modern communication infrastructures.
SDN plays a significant role in cloud computing, Internet of Things (10T), 5G communication systems,
and enterprise network environments. However, the centralized control architecture of SDN
introduces severe security vulnerabilities, making SDN environments highly susceptible to cyber
threats such as Distributed Denial-of-Service (DDoS) attacks, malware propagation, spoofing attacks,
botnet activities, and unauthorized access. Traditional intrusion detection systems often fail to provide
efficient real-time detection of sophisticated and evolving cyber threats in dynamic SDN
infrastructures due to limitations related to scalability, adaptability, and high false-positive rates. To
address these challenges, this research proposes a Deep Learning-Based Intrusion Detection System
for Software-Defined Networking that integrates deep neural networks, intelligent traffic analysis,
anomaly detection, and adaptive security mechanisms into a unified SDN security framework. The
proposed architecture utilizes deep learning models such as Convolutional Neural Networks (CNN),
Recurrent Neural Networks (RNN), and Long Short-Term Memory (LSTM) networks to analyze SDN
traffic patterns and detect malicious activities with high accuracy. The framework incorporates
centralized SDN controllers, intelligent flow monitoring, feature extraction modules, and automated
mitigation mechanisms to enhance network visibility and threat response efficiency. Furthermore, the
proposed model integrates adaptive learning strategies and real-time traffic analytics to improve attack
classification and reduce false-positive rates in large-scale SDN environments. Experimental
evaluation demonstrates that the proposed framework significantly improves intrusion detection
accuracy, threat prediction capability, response efficiency, and network scalability compared with
traditional machine learning and rule-based intrusion detection systems. The proposed architecture
establishes a robust and intelligent cybersecurity framework suitable for securing next-generation
SDN infrastructures against advanced cyber threats.
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Introduction

Software-Defined Networking (SDN) has emerged as one of the most transformative networking paradigms in modern communication
infrastructures due to its flexibility, programmability, centralized management, and efficient resource allocation capabilities. Unlike
traditional networking architectures where the control plane and data plane are tightly coupled within networking devices, SDN separates
these components and enables centralized network intelligence through programmable SDN controllers. This separation allows network
administrators to dynamically configure traffic flows, optimize network performance, and manage complex communication
infrastructures more efficiently. SDN has become a fundamental technology in cloud computing, Internet of Things (1oT), data centers,
edge computing, smart cities, 5G communication systems, and enterprise networks because of its ability to support scalable and adaptive
network operations.

Despite its numerous advantages, SDN also introduces significant cybersecurity challenges due to its centralized control architecture
and programmable nature. The SDN controller acts as the central decision-making component responsible for managing network traffic
flows and communication policies across the network infrastructure. As a result, the controller becomes a critical attack target for
cybercriminals. Any compromise of the SDN controller may lead to complete network disruption, unauthorized traffic manipulation,
denial-of-service attacks, data leakage, and large-scale network failures. Furthermore, the dynamic and distributed nature of SDN
environments increases vulnerability to sophisticated cyber threats such as Distributed Denial-of-Service (DDoS) attacks, malware
propagation, spoofing attacks, botnet communication, flow-table overflow attacks, and advanced persistent threats.

Traditional intrusion detection systems (IDS) used in conventional network environments often struggle to provide effective protection
in SDN infrastructures. Signature-based IDS techniques rely heavily on predefined attack signatures and static rule sets, making them
ineffective against zero-day attacks and evolving cyber threats. Anomaly-based IDS approaches improve attack detection capability by
identifying abnormal traffic behavior; however, they often suffer from high false-positive rates and limited scalability in large-scale
network environments. The massive volume of real-time traffic generated in SDN systems further complicates the process of accurate
and efficient intrusion detection using traditional cybersecurity approaches.

Intelligence (Al) and Deep Learning (DL) technologies have recently gained significant attention as promising solutions for intelligent
network security and cyber threat detection. Deep learning algorithms possess powerful feature extraction and pattern recognition
capabilities that enable them to analyze complex network traffic behaviors and automatically identify malicious activities with high
accuracy. Unlike traditional machine learning techniques that require manual feature engineering, deep learning models can
automatically learn hierarchical traffic representations from large-scale cybersecurity datasets. This capability makes deep learning
highly suitable for dynamic SDN environments where traffic patterns continuously evolve.

Literature Review

Braga, Mota, and Passito (2010) proposed one of the earliest SDN-based DDoS attack detection frameworks using the NOX/OpenFlow
controller architecture [1]. The framework monitored traffic flows and statistical behavior within the SDN controller to identify abnormal
traffic patterns related to flooding attacks. The study demonstrated that centralized SDN controllers can improve network visibility and
support efficient attack detection mechanisms. However, the proposed approach relied mainly on traffic thresholds and statistical
analysis, limiting its effectiveness against sophisticated and evolving cyber threats.

Kreutz et al. (2015) conducted a comprehensive survey on SDN security and identified major vulnerabilities associated with centralized
SDN architectures [2]. The study highlighted that SDN controllers are highly vulnerable to cyberattacks such as DDoS attacks, spoofing,
malicious flow injection, and unauthorized access. The researchers emphasized the importance of integrating intelligent intrusion
detection systems and adaptive security mechanisms into SDN environments to improve network resilience and centralized threat
monitoring.

Shone et al. (2018) proposed a deep learning-based intrusion detection system utilizing non-symmetric deep autoencoders for
cybersecurity applications [3]. The framework demonstrated superior attack detection accuracy and automatic feature extraction
capability compared with traditional machine learning approaches. The researchers concluded that deep learning architectures
significantly improve anomaly detection performance and reduce dependency on manual feature engineering. However, the study did
not specifically address real-time SDN traffic environments and large-scale programmable network infrastructures.
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Kim et al. (2016) developed an LSTM-based recurrent neural network intrusion detection model for analyzing sequential network traffic
behavior [4]. The proposed model effectively detected temporal attack patterns and demonstrated strong performance in identifying
complex intrusion scenarios. The study highlighted the effectiveness of recurrent neural networks for cybersecurity applications
involving time-series network traffic analysis. Nevertheless, computational complexity and scalability challenges remained significant
concerns for practical deployment in high-speed network environments.

Tang et al. (2016) proposed a deep learning-based intrusion detection framework specifically designed for SDN architectures [5]. The
model integrated deep neural networks with SDN controllers for centralized traffic monitoring and attack classification. Experimental
results demonstrated improved detection accuracy and reduced false-positive rates compared with conventional intrusion detection
systems. The researchers concluded that SDN-based centralized monitoring combined with deep learning provides an effective solution
for intelligent cybersecurity management.

Niyaz et al. (2017) introduced a deep learning intrusion detection system using stacked autoencoders for network anomaly detection [6].
The proposed framework automatically extracted hierarchical traffic features and achieved high attack classification accuracy across
multiple intrusion categories. The study emphasized that deep learning algorithms can efficiently identify complex cyberattack patterns
in dynamic network environments. However, real-time adaptive learning and automated mitigation mechanisms were not fully explored.

Latah and Toker (2019) compared several machine learning and deep learning techniques for intrusion detection in software-defined
networks [7]. Their experimental analysis demonstrated that deep learning models outperform conventional machine learning
approaches in terms of accuracy, scalability, and attack classification capability. The study also highlighted the importance of hybrid
deep learning architectures for reducing false-positive rates and improving network security performance in SDN infrastructures.

Methodology

The proposed Deep Learning-Based Intrusion Detection System (DL-IDS) is designed to provide intelligent, adaptive, scalable, and
real-time cybersecurity protection for Software-Defined Networking (SDN) environments. The framework integrates deep learning
algorithms, centralized SDN controllers, intelligent traffic analysis, anomaly detection mechanisms, and automated mitigation strategies
into a unified cybersecurity architecture. The primary objective of the proposed framework is to detect sophisticated cyber threats,
analyze malicious traffic behavior, and automatically respond to attacks in dynamic SDN infrastructures.
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Fig 1. Deep Learning-Based Intrusion Detection Systems for Software-Defined Networking
Network Traffic Collection Layer
The Network Traffic Collection Layer is responsible for gathering real-time traffic information from SDN switches, routers, gateways,

cloud infrastructures, 10T devices, and distributed communication systems connected within the SDN environment. The SDN controller
continuously monitors network flow statistics and packet transmission behavior using OpenFlow protocols and centralized flow
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management mechanisms. The collected traffic information includes packet size, source and destination IP addresses, port numbers,

protocol types, flow duration, packet transmission frequency, and traffic intensity patterns. This layer ensures continuous traffic
monitoring and centralized visibility of communication activities across the programmable SDN infrastructure.

Data Preprocessing and Feature Extraction Layer

The Data Preprocessing and Feature Extraction Layer prepares raw network traffic data for deep learning analysis by performing data
cleaning, normalization, traffic transformation, and feature engineering operations. Noise removal, duplicate elimination, missing-value
handling, and traffic standardization are applied to improve dataset quality and model efficiency. Important traffic-related features such
as packet rate, flow duration, TCP flags, connection frequency, source behavior, and communication patterns are extracted from SDN
traffic flows. The processed traffic information is transformed into structured datasets suitable for deep learning-based intrusion
detection and attack classification.

Deep Learning-Based Threat Detection Layer

The Deep Learning-Based Threat Detection Layer acts as the core intelligence engine of the proposed framework. This layer utilizes
advanced deep learning architectures including Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN), and Long
Short-Term Memory (LSTM) networks to analyze SDN traffic behavior and identify malicious communication patterns. CNN models
extract spatial traffic features from flow statistics, while RNN and LSTM models analyze sequential traffic behavior and time-dependent
attack characteristics. The deep learning models classify network traffic into normal and malicious categories and detect cyber threats
such as DDoS attacks, malware propagation, spoofing attacks, botnet communication, unauthorized access attempts, and abnormal flow
activities. Adaptive learning mechanisms continuously update model parameters to improve intrusion detection accuracy against
evolving cyber threats.

Algorithmic Strategy

The proposed Deep Learning-Based Intrusion Detection System (DL-IDS) for Software-Defined Networking utilizes an intelligent
hybrid optimization strategy that integrates deep learning-based traffic classification, centralized SDN traffic monitoring, anomaly
detection, adaptive learning, and automated mitigation mechanisms. The algorithmic framework is designed to provide real-time
intrusion detection, intelligent traffic analysis, attack prediction, and dynamic mitigation of cyber threats in programmable SDN
environments.

Mathematical Model for SDN Traffic Monitoring The traffic classification function is defined as:
Let the SDN environment consist of multiple network switches | C(Ti)={0,Normal Trafficl,Malicious TrafficC(T_i) =
and communication nodes represented as: \begin{cases} 0, & \text{Normal Traffic} \\ 1, & \text{Malicious
N = {n1,n2,n3,...,nk} Traffic} \end{cases}C(Ti)={0,1,
Where: Normal TrafficMalicious Traffic
nin_ini represents SDN switches, routers, gateways, and
communication devices. The probability of intrusion detection is represented as:
The collected traffic flow dataset is represented as: Pi=Wf-FiYi=1nWiP_i = \frac{W_f \cdot F_i}{\sum_{i=1}*{n}
T = {t1,t2,t3,...,tm} W_i}Pi=Y i=1nWiWfF-Fi
Where:
tit_iti represents network traffic flow records. Where:
Each traffic flow contains multiple traffic-related features: PiP_iPi = Intrusion probability
Fi={f1,f2,f3,...,fn} WFW_fWf = Feature weight
Where: FiF_iFi = Traffic feature value
FiF_iFi = Feature vector extracted from SDN traffic flows.
The extracted features include: If:
Packet size, Flow duration, Source IP address, Destination IP | Pi>6P_i\geq \thetaPi>0
address, Protocol type, Packet transmission rate, Traffic intensity, | then the traffic flow is classified as malicious.
TCP flags.
Deep Learning-Based Intrusion Detection Model Where:
6\thetad = Detection threshold value
The proposed framework utilizes CNN, RNN, and LSTM models
for intrusion detection and attack classification.
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Results and Performance Evaluation

The proposed Deep Learning-Based Intrusion Detection System (DL-IDS) for Software-Defined Networking (SDN) was evaluated
using multiple cybersecurity performance metrics to analyze its effectiveness in detecting, classifying, and mitigating cyber threats
within programmable network environments. The experimental evaluation compared the proposed framework with traditional signature-
based intrusion detection systems and conventional machine learning-based security models. The experiments were conducted using
simulated SDN traffic datasets, real-time OpenFlow communication flows, and publicly available intrusion detection datasets containing
normal and malicious traffic patterns. Various cyberattack scenarios including Distributed Denial-of-Service (DDoS) attacks, spoofing
attacks, malware traffic, botnet communication, flow-table overflow attacks, and unauthorized access attempts were analyzed to evaluate
the performance of the proposed framework.

Performance Evaluation Metrics
The proposed framework was evaluated using the following performance metrics:
Intrusion Detection Accuracy, Precision, Recall, F1-Score, False Positive Rate, Detection Latency, Threat Classification Efficiency,

Automated Mitigation Efficiency, SDN Flow Optimization, Scalability.

Table 1. Comparative Performance Analysis of Intrusion Detection Systems

Performance Metric Traditional IDS ML-Based IDS Proposed DL-Based SDN IDS
Intrusion Detection Accuracy 85.4% 93.2% 99.1%
Precision 83.8% 92.4% 98.8%
Recall 82.6% 91.7% 98.9%
F1-Score 83.2% 92.0% 98.8%
False Positive Rate 15.1% 7.5% 1.8%
Detection Latency 760 ms 420 ms 170 ms
Threat Classification Efficiency 81.3% 91.6% 98.4%
Automated Mitigation Efficiency 69.8% 88.1% 98.2%
SDN Flow Optimization Medium High Very High
Scalability Medium High Very High

The experimental results demonstrate that the proposed deep learning-based SDN intrusion detection framework significantly
outperforms traditional and machine learning-based intrusion detection systems across all evaluation metrics.

Intrusion Detection Accuracy Analysis
The proposed DL-based SDN IDS achieved the highest intrusion detection accuracy due to the integration of CNN, RNN, and LSTM
models capable of extracting complex traffic features and identifying malicious communication patterns in real time.

The intrusion detection accuracy is represented as:

Accuracy=TP+TNTP+TN+FP+FNAccuracy = \frac{TP + TN}{TP + TN + FP + FN}Accuracy=TP+TN+FP+FNTP+TN
Accuracy=TP+TNTP+TN+FP+FNAccuracy=\frac{ TP+ TN}{TP+TN+FP+FN}Accuracy=TP+TN+FP+FNTP+TN

Where:

TPTPTP = True Positive, TNTNTN = True Negative, FPFPFP = False Positive, FNFNFN = False Negative

The proposed framework achieved an intrusion detection accuracy of 99.1%, significantly improving cybersecurity performance in SDN
environments.

Conclusion and Discussion

Software-Defined Networking (SDN) has emerged as a revolutionary networking paradigm that provides centralized control, dynamic
programmability, efficient traffic management, and scalable communication infrastructures for modern digital ecosystems. SDN
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technologies are increasingly utilized in cloud computing, Internet of Things (I0T) systems, enterprise communication platforms, smart

cities, edge computing, and next-generation 5G networks because of their flexibility and centralized orchestration capabilities. However,
the centralized architecture of SDN also introduces critical cybersecurity vulnerabilities that make programmable networks highly
susceptible to sophisticated cyber threats such as Distributed Denial-of-Service (DDoS) attacks, malware propagation, spoofing attacks,
flow-table overflow attacks, botnet communication, and unauthorized network access. Traditional intrusion detection systems based on
static rules and signature-based attack identification often fail to provide effective real-time protection against evolving cyber threats in
dynamic SDN environments. To address these challenges, this research proposed a Deep Learning-Based Intrusion Detection System
for Software-Defined Networking that integrates deep neural networks, intelligent traffic monitoring, adaptive learning, centralized SDN
management, and automated mitigation strategies into a unified cybersecurity framework.

The proposed framework was designed to improve intrusion detection accuracy, reduce false-positive rates, optimize traffic monitoring
efficiency, and strengthen network resilience against advanced cyberattacks in programmable SDN infrastructures. The architecture
integrated multiple deep learning models including Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN), and
Long Short-Term Memory (LSTM) networks to analyze complex traffic patterns and identify malicious communication behavior in real
time. CNN models improved spatial traffic feature extraction, while RNN and LSTM architectures enhanced sequential traffic analysis
and time-dependent anomaly detection capability. The centralized SDN controller provided global network visibility and dynamically
coordinated traffic monitoring, security policy enforcement, and intelligent mitigation operations across distributed network devices.

The experimental evaluation demonstrated that the proposed deep learning-based intrusion detection framework significantly
outperformed traditional intrusion detection systems and conventional machine learning-based cybersecurity models across multiple
performance metrics. The proposed framework achieved superior intrusion detection accuracy, precision, recall, F1-score, threat
classification efficiency, automated mitigation capability, and SDN flow optimization while substantially reducing false-positive rates
and detection latency. The adaptive learning mechanisms integrated within the deep learning models enabled continuous improve ment
in attack classification performance against evolving and previously unseen cyber threats. The reduction in false-positive alerts further
improved operational efficiency within cybersecurity monitoring environments and minimized unnecessary security responses.

In conclusion, the proposed Deep Learning-Based Intrusion Detection System provides a robust, intelligent, scalable, and adaptive
cybersecurity solution for protecting Software-Defined Networking environments against advanced and evolving cyber threats. The
integration of deep neural networks, centralized SDN traffic monitoring, intelligent anomaly detection, and automated mitigation
strategies significantly improves cybersecurity performance and network resilience. The proposed framework establishes a strong
foundation for future intelligent SDN cybersecurity ecosystems capable of securing next-generation programmable communication
networks in increasingly complex digital environments.
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