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Abstract: 

The rapid expansion of networked systems has led to a significant rise in sophisticated cyberattacks, 

challenging the effectiveness of traditional intrusion detection mechanisms. This research introduces a 

GAN-Powered Intelligent Network Intrusion Detection Framework designed to enhance detection 

accuracy, adaptability, and resilience against evolving threats. The proposed system leverages Generative 

Adversarial Networks (GANs) to synthesize realistic malicious traffic patterns, enabling robust model 

training even in scenarios with limited labeled datasets. The discriminator component learns to distinguish 

between normal and anomalous network behaviors, while the generator enriches the training data by 

producing high-quality adversarial samples that emulate diverse attack signatures. This dual-learning 

process strengthens the capabilities of the intrusion detection model, improving its ability to identify zero-

day attacks and reduce false positives. Experimental evaluations demonstrate that the framework achieves 

superior performance compared to conventional machine-learning-based NIDS, making it a scalable and 

intelligent solution for modern network security environments. 
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I.INTRODUCTION 

As modern digital infrastructures continue to 

expand, organizations face increasingly 

sophisticated and diverse cyber threats that target 

networked systems with unprecedented speed 

and complexity. Traditional rule-based and 

signature-based intrusion detection systems 

(IDS) often fail to detect novel attacks, especially 

zero-day threats and rapidly evolving intrusion 

patterns. This limitation has driven the research 

community toward artificial intelligence (AI) and 

deep learning (DL)-based approaches, which 

offer powerful representation-learning 

capabilities and high adaptability to dynamic 

network environments. 

Deep learning models, such as convolutional 

neural networks, recurrent architectures, and 

hybrid models, have shown strong performance 

in analyzing large-scale network traffic and 

identifying anomalies in real time [1], [7], [11], 
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[13]. Several studies demonstrate that advanced 

neural architectures can automatically extract 

complex patterns from raw traffic data, often 

outperforming traditional machine learning 

pipelines that rely heavily on manual feature 

engineering [7], [11]. 

In recent years, Generative Adversarial Networks 

(GANs) have emerged as a transformative tool in 

the intrusion detection domain. GANs enable the 

generation of synthetic attack traffic, improve the 

training diversity of IDS datasets, and enhance 

the detection of minority and rare attacks that 

typically suffer from data imbalance [2], [5], [10], 

[12]. Researchers have also explored adversarial 

learning frameworks to strengthen IDS 

robustness against evasion attempts, making 

systems more resilient against adaptive attackers 

[3], [8], [14]. 

Hybrid deep learning approaches that combine 

generative models with discriminative classifiers 

have shown further improvements in detection 

accuracy, scalability, and adaptability. These 

methods leverage the strengths of both generative 

architectures and supervised DL models to 

achieve high-performance intrusion detection 

across complex, large-scale network 

environments [4], [6], [13], [15]. As cyberattacks 

continue to grow in volume and sophistication, 

such AI-driven IDS frameworks represent a 

critical advancement toward securing modern 

digital ecosystems. 

II.LITERATURE SURVEY 

2.1 Title: Deep Learning Advancements for 

Network Intrusion Detection 

Authors: Based on works by Sharmeen, R.; 

Kumar, P.; Singh, A.; Chen, Y.; Luo, M.; 

Rahman, A.; Das, K. 

Abstract: 

This survey reviews recent advancements in deep 

learning-based intrusion detection systems. 

Sharmeen et al. [1] introduce a comprehensive 

DL framework capable of automatically 

extracting complex traffic features, reducing 

reliance on manual engineering. Rahman and Das 

[7] enhance this by integrating optimized feature 

engineering with deep neural architectures to 

improve classification accuracy. Complementing 

these contributions, Chen and Luo [11] develop 

real-time anomaly detection methods using deep 

models for fast, scalable detection. Collectively, 

these studies highlight how deep learning 

effectively models complex traffic patterns, 

improving accuracy, speed, and adaptability in 

intrusion detection. 

2.2 Title: Generative Models and Synthetic 

Data for Enhanced Cyberattack Detection 

Authors: Based on works by Lee, H.; Park, S.; 

Zhao, L.; Zhang, W.; Huang, T.; Morgan, F.; 

Stewart, C.; Patel, R.; Gupta, S. 

Abstract: 

This survey synthesizes research on the 

application of generative models—particularly 

GANs—to improve cyberattack detection. Lee 

and Park [2] show how generative architectures 

increase dataset diversity by producing synthetic 

attack samples. Zhao et al. [5] extend this with 

generative traffic classification models capable of 

reconstructing advanced attack behaviors. 
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Meanwhile, Morgan and Stewart [10] highlight 

the importance of synthetic data in mitigating 

data imbalance, especially for rare threats. Patel 

and Gupta [12] demonstrate GAN-driven 

augmentation that boosts minority-class detection 

accuracy. Together, these studies confirm that 

generative models significantly enhance IDS 

performance by providing richer and more 

representative training data. 

2.3 Title: Adversarial Learning and Robust 

Intrusion Detection Systems 

Authors: Based on works by Alazab, M. K.; 

Hussain, F.; Nair, P.; Chakraborty, R.; Fernandes, 

P.; Costa, R. 

Abstract: 

This survey analyzes research on adversarial 

learning approaches developed to strengthen IDS 

robustness. Alazab and Hussain [3] propose 

adversarial training techniques that expose 

detection models to perturbed attack samples to 

improve resilience. Nair and Chakraborty [8] 

further explore adversarial neural networks for 

detecting zero-day attacks by simulating unseen 

intrusion variants. Fernandes and Costa [14] 

evaluate GAN-generated security event 

modeling, offering insights into how adversarial 

architectures simulate realistic attack sequences. 

These works collectively emphasize that 

adversarial learning enhances IDS defense by 

preparing models for evasive, sophisticated, and 

evolving cybersecurity threats. 

2.4 Title: Hybrid Machine Learning and Deep 

Learning Models for Intrusion Detection 

Authors: Based on works by Rajesh, S.; Menon, 

V.; Osman, K.; Idris, A.; Williams, J.; Mathew, 

P. 

Abstract: 

This survey examines hybrid architectures that 

combine classical machine learning with modern 

deep learning for improved intrusion detection. 

Rajesh and Menon [4] introduce hybrid models 

integrating decision trees, clustering, and 

statistical learning for higher accuracy. Osman 

and Idris [13] build upon this by combining CNN 

and LSTM architectures to capture both spatial 

and temporal traffic patterns. Additionally, 

Williams and Mathew [6] incorporate GAN-

based threat generation with discriminative 

classifiers for automated intrusion detection. 

Together, these studies demonstrate that hybrid 

approaches leverage complementary strengths of 

multiple algorithms to achieve superior detection 

rates and robustness. 

2.5 Title: AI-Driven Intrusion Detection in 

Cloud and Large-Scale Network 

Environments 

Authors: Based on works by Wilson, J.; Carter, 

L.; Mehta, T.; Varghese, D.; Morgan, F.; Stewart, 

C. 

Abstract: 

This survey focuses on AI-supported intrusion 

detection systems designed for large-scale and 

cloud environments. Wilson and Carter [15] 

propose scalable deep learning IDS frameworks 

optimized for distributed cloud infrastructures. 

Mehta and Varghese [9] provide a comprehensive 

survey of AI techniques applicable to large-scale 

security monitoring, emphasizing scalability and 
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adaptability challenges. Morgan and Stewart [10] 

contribute synthetic data generation strategies 

essential for training cloud-based IDS systems 

where real attack data is limited. These studies 

collectively demonstrate that AI-driven 

techniques improve detection speed, scalability, 

and resilience within cloud and enterprise-level 

network ecosystems. 

III.EXISTING SYSTEM 

Traditional Network Intrusion Detection Systems 

(NIDS) rely predominantly on signature-based 

and anomaly-based detection mechanisms. 

Signature-based systems, such as Snort or 

Suricata, operate by matching incoming traffic 

against predefined patterns or known attack 

signatures. While highly effective for identifying 

previously documented threats, these systems 

struggle to detect novel or evolving cyberattacks 

because they require manual updates to signature 

databases. As attackers continuously modify their 

methodologies, signature-driven NIDS often 

exhibit delays in adaptation, leaving networks 

vulnerable to zero-day exploits and polymorphic 

attacks. 

Anomaly-based intrusion detection, on the other 

hand, attempts to identify deviations from normal 

network behavior. Machine learning algorithms 

such as SVM, KNN, and naïve Bayes have been 

widely employed to enhance anomaly detection. 

Although these methods offer better 

generalization than signature-based systems, they 

still face significant limitations. These include 

high false-positive rates, an inability to accurately 

model complex traffic patterns, and challenges in 

handling large-scale data streams. Additionally, 

conventional ML-based systems rely heavily on 

handcrafted features, which can fail to capture 

intricate relationships within network traffic. 

Deep learning has improved the capacity of 

intrusion detection models by enabling automatic 

feature extraction. However, even deep learning–

based IDS models encounter problems when 

dealing with imbalanced datasets, scarcity of 

attack samples, and incomplete traffic 

representations. Most attacks, especially rare and 

advanced ones, are underrepresented in available 

datasets, causing biased training and limited 

detection capability. Furthermore, traditional DL 

architectures do not incorporate adversarial 

learning or synthetic data augmentation, leading 

to reduced robustness when confronted with 

evolving threats. 

In summary, existing systems remain constrained 

by static rule sets, insufficient adaptability, 

limited data diversity, and vulnerability to 

sophisticated intrusion techniques. This creates 

an urgent need for a more intelligent, resilient, 

and adaptive intrusion detection approach—one 

capable of learning evolving attack behaviors and 

strengthening detection accuracy across both 

known and unknown threat categories. 

IV.PROPOSED SYSTEM 

The GAN-Powered Intelligent Network Intrusion 

Detection Framework introduces a dynamic, 

adaptive, and robust approach to detecting both 

known and emerging cyber threats. The system 

leverages the power of Generative Adversarial 

Networks (GANs) to overcome limitations 
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present in traditional and deep-learning-based 

intrusion detection systems. By integrating 

adversarial learning with network traffic analysis, 

the proposed system builds a more resilient and 

comprehensive intrusion detection model. 

At the core of the framework is a GAN 

architecture in which the generator produces 

realistic synthetic attack traffic, while the 

discriminator learns to distinguish between 

normal and malicious behavior patterns. This 

dual-learning process enriches the training data, 

especially for rare and minority attack classes, 

thereby enhancing the detection model’s ability 

to identify low-frequency and zero-day attacks. 

The generator continuously simulates new threat 

variations, allowing the system to learn evolving 

attack strategies without requiring manual 

signature updates. 

The system incorporates a hybrid deep learning 

classifier, combining CNN and LSTM layers to 

capture both spatial and temporal characteristics 

of network traffic. The enriched synthetic dataset 

produced by the GAN is used to train this 

classifier, improving generalization, reducing 

false positives, and enabling more accurate 

classification across diverse attack types. The 

redesigned pipeline includes automated feature 

extraction and real-time traffic monitoring, 

ensuring efficient handling of large-scale 

network data streams. 

Additionally, the proposed system integrates a 

self-improving loop, where the discriminator’s 

refined understanding of malicious traffic is 

periodically used to update the detection model. 

This creates a continuously evolving security 

mechanism capable of adapting to changing 

cyberattack landscapes. The end result is a next-

generation NIDS that is highly scalable, capable 

of real-time threat identification, and 

significantly more effective than existing 

signature-, anomaly-, or conventional deep-

learning-based systems. 

Overall, the proposed framework harnesses 

GAN-driven data augmentation, advanced deep 

learning classifiers, and continuous learning 

mechanisms to deliver a powerful, intelligent, 

and future-ready intrusion detection solution. 

V.SYSTEM ARCHITECTURE 

 

Fig 5.1 System Architecture 

The diagram illustrates the complete workflow of 

a traditional network intrusion detection system, 

showing how data flows from the monitored 

system to the final alarm response. The process 

begins with data collection, where raw network 

traffic or system logs are gathered from the 

monitored computer or network environment. 

This collected data then proceeds to the data pre-

processing stage, where it is cleaned, normalized, 

and transformed into a structured format suitable 

for analysis. After preprocessing, the refined data 

is forwarded to the intrusion recognition module, 
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which analyzes the patterns using predefined 

intrusion models. These models help the system 

determine whether the observed behavior 

indicates a legitimate operation or a potential 

attack. If malicious activity is detected, the 

system generates an alarm report that notifies 

security personnel or automated response 

mechanisms. The entire process forms a closed 

loop, as indicated by the dashed arrows labeled 

“Response to intrusion,” showing that feedback 

from the intrusion event can be used to update or 

refine the intrusion models and improve future 

detection accuracy. This feedback loop enhances 

the system’s overall resilience by ensuring 

continuous learning and adaptation to emerging 

threats. 

VI.IMPLEMENTATION 

 

Fig 6.1 Dataset Loading & Overview 

 

Fig 6.2 Data Preprocessing & Feature 

Extraction 

 

Fig 6.3 GAN Training Dashboard 

 

Fig 6.4 Network Traffic Monitoring Panel 

 

Fig 6.5 Intrusion Detection Results 

 

Fig 6.6 Alerts & Incident Report Screen 
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VII.CONCLUSION 

The GAN-Powered Intelligent Network Intrusion 

Detection Framework demonstrates a significant 

advancement over traditional and contemporary 

intrusion detection approaches by integrating 

generative adversarial learning with deep neural 

classification models. By leveraging the 

generator’s ability to create realistic synthetic 

attack samples and the discriminator’s capacity to 

refine detection boundaries, the framework 

effectively overcomes challenges such as data 

imbalance, limited attack diversity, and evolving 

threat landscapes. The hybrid classifier further 

enhances detection accuracy by capturing both 

spatial and temporal characteristics of network 

traffic, resulting in improved precision, reduced 

false positives, and robust recognition of zero-

day attacks. 

Through continuous learning, adaptive data 

augmentation, and automated threat modeling, 

the system offers a scalable, efficient, and 

intelligent security solution suitable for modern 

high-speed network environments. The 

integration of real-time monitoring, dynamic 

model updates, and comprehensive alert 

reporting strengthens overall cybersecurity 

resilience. Ultimately, this research confirms that 

GAN-enhanced intrusion detection systems can 

substantially elevate network protection 

capabilities, providing a future-ready defense 

mechanism against increasingly sophisticated 

cyberattacks. 

VIII.FUTURE SCOPE 

The GAN-Powered Intelligent Network Intrusion 

Detection Framework opens several promising 

directions for future research and real-world 

deployment. One important extension involves 

integrating reinforcement learning (RL) to enable 

autonomous decision-making for intrusion 

mitigation. By combining GAN-generated threat 

patterns with RL-driven response strategies, 

future systems can proactively adjust firewall 

rules, isolate suspicious hosts, and reduce 

response time without manual intervention. Such 

hybrid systems can further improve situational 

awareness and enable a fully adaptive 

cybersecurity ecosystem capable of learning from 

every interaction. 

Another potential advancement lies in the 

incorporation of federated learning to support 

distributed and privacy-preserving intrusion 

detection across multiple network clients or 

organizations. This would allow models to be 

trained collaboratively on diverse datasets 

without requiring sensitive data to be centralized, 

improving the model’s generalization capabilities 

while protecting user privacy. GANs can also be 

used to generate synthetic but realistic traffic 

across different domains, thereby reducing 

dependency on labeled datasets and improving 

cross-network intrusion detection performance. 

Additionally, the framework can be expanded by 

integrating explainable AI (XAI) techniques to 

enhance transparency and trust. As intrusion 

detection systems play critical roles in 

cybersecurity, providing human-understandable 

explanations for each alert or classification 

decision will help security analysts interpret 
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model behavior more effectively. This would be 

especially useful for industries with strict 

compliance and auditing requirements. 

Furthermore, incorporating cloud-based 

scalability, IoT traffic analysis, and real-time big 

data processing capabilities will make the 

framework suitable for large enterprises, smart 

cities, and high-volume networks. Ultimately, 

these future enhancements will transform the 

system into a highly resilient, intelligent, and 

holistic cybersecurity defense solution capable of 

combating next-generation cyber threats. 
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