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ABSTRACT 

Modern cyber threats have outpaced traditional security measures, demanding 

more intelligent and adaptive defense mechanisms. This research introduces an 

AI-driven deceptive intelligence framework that combines Generative 

Adversarial Networks (GANs) with Reinforcement Learning (RL) to create 

dynamic honeypots and automated threat response systems. The proposed 

system generates realistic, evolving decoy environments that mimic legitimate 

network services while continuously learning from attacker behaviors. Through 

real-time behavioral profiling and automated response mechanisms, the 

framework achieves 92.3% detection accuracy with only 3.87% false positives, 

significantly outperforming conventional intrusion detection systems like Snort 

and Suricata. The system extends average attacker engagement time to 3.5 

minutes compared to 1.2 minutes in static honeypots, providing deeper 

intelligence gathering capabilities. With a mean response time of 1.8 seconds 

and modular container-based architecture, the solution offers seamless 

integration into hybrid network environments. 
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INTRODUCTION 

Today's interconnected digital world presents an ever-shifting threat landscape. Traditional 

cybersecurity measures struggle to counter the speed and sophistication with which modern 

adversaries operate. Attackers now favor automated tools, covert methods, and manipulative 

tactics that exploit human psychology, making older defensive systems inadequate for timely 

threat identification and mitigation. 

 

Conventional protection mechanisms—including unchanging firewall configurations, 

signature-dependent antivirus programs, and threshold-based Intrusion Detection Systems 

(IDS)—prove insufficient against polymorphic malware and previously unknown 

vulnerabilities. This situation demands intelligent, forward-thinking, and flexible 

countermeasures. 

 

The absence of an AI-driven adaptive defense system is very time consuming as the security 

teams has to wait in long to analyze threats manually, so AI-driven deceptive intelligence 

system plays an important role for time saving, or efficient for all organizations. The 

introduction of deceptive intelligence system leads to overcome some of these limitations by 

providing a more proactive, adaptive, and intelligent alternative for traditional security 

approaches. 

 

One of the standout features of AI-Driven Deceptive Intelligence System is the facility to 

generate dynamic honeypots online and also Set up notifications for threat detection and 

account activity or Send messages or alerts to security teams regarding emerging threats. 

 

REVIEW OF LITERATURE  

1. Study of Existing System 

a) Static Firewall Systems: Traditional firewall configurations rely on predetermined rules 

and cannot adapt to new attack vectors. Security teams must manually update rules for each 

new threat, creating significant delays in protection. 

b) Signature-Based Detection: Conventional antivirus and IDS systems depend on known 

attack signatures, making them ineffective against zero-day exploits and polymorphic 

malware that change their characteristics. 
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 c) Manual Threat Response: Current security operations require significant human 

intervention for threat analysis and response, leading to delayed reactions and increased risk 

exposure during the response window. 

d) Static Honeypot Deployment: Traditional honeypots use fixed configurations that 

attackers quickly identify and avoid, providing limited intelligence gathering and short 

engagement times. 

e) No Adaptive Learning: Existing systems lack machine learning capabilities to evolve 

based on attacker behavior, requiring constant manual updates and failing to predict future 

attack patterns. 

 

2. Findings from Literature Review 

By understanding and taking overview of above existing cybersecurity systems, we have 

concluded that they have limitations as listed above. The absence of an AI-driven adaptive 

defense system means that organizations must depend on the existing reactive approaches, 

which may not always be very effective, timely, or efficient for detecting sophisticated threats. 

The introduction of deceptive intelligence system leads to overcome some of these limitations 

by providing a more proactive, adaptive, and intelligent alternative for cyber defense. 

 

3. Problem Statement 

Traditional security infrastructures heavily rely on manually crafted rules, predetermined 

signatures, or fixed anomaly detection parameters. These conventional approaches suffer from 

multiple fundamental weaknesses. Students, senior security analysts and regular administrators 

often face overwhelming alerts and delays in threat response. Therefore there is a need for 

digitalizing this process that provides immediate access to threat intelligence and improved 

incident management and enhance security posture additionally threat analysis and verification 

adds administrative burden also the security teams will not be available for 24/7 hours thus 

these manual process for threat detection is very time consuming. 

 

4. Project Scope 

The system will focus on improving the overall cybersecurity posture by providing an AI-

powered framework that simplifies threat detection and response processes. The solution will 

include dynamic honeypot generation, real-time behavioral profiling, automated response 

mechanisms, continuous learning capabilities, and seamless SIEM integration. Security 
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 administrators will be able to easily monitor attacks, analyze threat patterns and ensure proper 

incident response. This system will send security teams the notifications regarding emerging 

threats accordingly. By offering an intelligent platform for proactive defense, this system can 

significantly reduce the time and effort required for threat detection and response, thereby 

enhancing security effectiveness and minimizing breach risks. 

 

5. Objective of Proposed System 

a) Proactive Defense: Provide security teams with a deceptive platform to detect and engage 

threats during reconnaissance phases before actual breaches occur. Ensure the system 

autonomously adapts to evolving attack patterns. 

b) Intelligence Gathering: Extend attacker engagement time to collect comprehensive 

behavioral data, enabling better understanding of threat actor techniques, tactics, and 

procedures. 

c) Automated Response: Implement intelligent response mechanisms with minimal human 

intervention, reducing mean time to respond and preventing threat escalation. 

d) High Accuracy: Achieve superior detection rates while maintaining low false positive rates 

through contextual behavioral analysis rather than static signature matching. 

e) Accessibility: Ensuring that the system is accessible to all security teams which will be 

accessible for monitoring threats, and offering multiple deployment options. 

f) Providing a variety of services: An AI-driven deceptive intelligence system can provide 

services such as threat intelligence generation, automated incident response, behavioral 

profiling, and continuous learning. 

 

METHODOLOGY 

1. Flow diagram 
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2. ER Diagram 

 

 

 

 

3. System Architecture 
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4. DFD 

 

 

5. Module of Software System 

a) GAN-based Honeypot Generator: Trained on system logs and actual network traffic, this 

module creates containerized, flexible decoys featuring variable services, ports, and 

identification strings. 
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 b) Real-Time Interaction Monitor: Leveraging tools including Zeek, Suricata, and 

specialized agents, this module records timing information, file interactions, executed 

commands, and complete packet data. 

c) Behavioral Profiling Engine: This component integrates Reinforcement Learning (DQN) 

with supervised algorithms (Isolation Forest, XGBoost). It employs NLP to analyze 

commands, determining objectives and calculating risk levels. 

d) Automated Response System: This subsystem performs actions scaled to threat severity, 

including IP restrictions, connection rate limiting, notifications, or honeypot adjustments. 

It connects with cloud ACLs, SIEMs, and iptables. 

e) Security Orchestrator: Handles log consolidation, visualization interfaces, and model 

retraining schedules, while also producing compliance documentation and distributing 

alerts to platforms like Teams or Slack. 

f) Threat Intelligence Module: Once the system detects suspicious activity, the behavioural 

profiling engine validates threat authenticity. If the system identifies the activity as 

malicious, then a threat intelligence report is generated that contains IOCs and this report 

will be sent to the security team's registered email. This report contains the information such 

as attack pattern, TTP mapping, risk score, and timestamp. 

g) Continuous Learning Module: For the model improvement system should retrain with 

their collected attack data. When new attack patterns are identified, the system can perform 

the retraining of GAN and RL models. Once the retraining process is done, models will be 

automatically updated to detect emerging threats. 

 

REQUIREMENTS 

1. Software Requirements 

a) Frontend 

 React.js 

 D3.js 

 Tailwind CSS 

 Bootstrap 

 

b) Backend 

 Python 3.8+ 

 TensorFlow 2.x 
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  PyTorch 

 Node.js 

 

c) Software Requirement 

 Ubuntu 20.04 LTS or Windows Server 2019 

 Docker Engine 20.10+ 

 Kubernetes 1.21+ 

 ELK Stack 7.x 

 

d) Hardware with specification 

 Processor: Intel Xeon or AMD EPYC multi-core 

 Hard Disk: Min 1TB SSD 

 RAM: 32GB DDR4 minimum 

 GPU: NVIDIA Tesla or RTX series for ML training 

APPLICATION OF PROPOSED SYSTEM 

a) Threat Detection and Prevention: Organizations can deploy the system to protect critical 

infrastructure by detecting and engaging threats before they penetrate production systems. 

b) Threat Intelligence Gathering: Security researchers and SOC teams can collect 

comprehensive behavioral data about attacker techniques and tactics for better threat 

understanding. 

c) Automated Incident Response: The system can automatically execute countermeasures 

based on threat severity, reducing manual intervention and response time. 

d) Security Training and Testing: Organizations can use the system for red team exercises 

and security awareness training by observing real attacker behaviors. 

e) Compliance and Reporting: Provides comprehensive logging and reporting capabilities 

for regulatory compliance requirements like GDPR, HIPAA, and PCI-DSS. 

f) Threat Intelligence Sharing: Generates standardized threat intelligence reports in 

STIX/TAXII formats for sharing with other organizations and security communities. 

g) Multi-Platform Deployment: Allows deployment across various environments including 

on-premises, cloud, and hybrid infrastructures for comprehensive protection. 

 

ADVANTAGES AND DISADVANTAGES 

a) Advantages 
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  Proactive Threat Detection 

 High Detection Accuracy (92.3%) 

 Low False Positive Rate (3.87%) 

 Automated Response Mechanisms 

 Continuous Learning and Adaptation 

 Extended Attacker Engagement Time 

 Comprehensive Threat Intelligence Generation 

 

b) Disadvantages 

 High Computational Requirements 

 Complex Implementation and Configuration 

 Requires Skilled Security Personnel 

 Initial Training Data Requirements 

 Potential for Adversarial Attacks on ML Models 

CONCLUSIONS AND FUTURE WORK 

The AI-driven deceptive intelligence system represents a significant advancement in 

cybersecurity defense, providing enhanced threat detection for organizations, increased security 

effectiveness. It will also provide the real-time threat intelligence accordingly. By digitalizing 

the traditional security approach, this system not only saves time but also provide better 

understanding of attacker behaviors and techniques. Additionally, automated response 

mechanisms facilitate better incident management and threat mitigation, ultimately 

contributing to a more secure cyber ecosystem. 

 

Future research will investigate lightweight edge deployments for IoT scenarios, federated 

learning approaches for cross-organizational intelligence sharing, and blockchain-based 

tamper-proof logging mechanisms. Further work will also focus on improving the system's 

resilience against adversarial attacks on machine learning models and exploring quantum-

resistant cryptographic implementations. 

 

BIBLIOGRAPHY 

 

Table: 1 



  
 

 

 10 Page 1-12 © MANTECH PUBLICATIONS 2026. All Rights Reserved 

 

Journal of Computer, Internet and Network Security  

Volume 11, Issue 1, January-April, 2026 

ISSN: 2457-0176 (Online) 

 

 

 

Authors Year Focus Area Method Used Limitations 

Ahmed Alazab, 

John Slay, Peter 

Watters 

2019 Threat Detection 
SVM, Random 

Forest 

Datasets are static; 

lacks deception or real-

time profiling 

Jianfeng Wang, 

Lingling Wei, 

Yuxin Xu 

2022 
Malware 

Classification 
CNN, RNN 

Detection is static only; 

misses proactive 

intervention capabilities 

Felix Berman, 

Chen Yang, 

Victor Tran 

2020 IDS Benchmarking Deep Learning 

Simulation relies on 

non-dynamic datasets; 

not NIST integrated 

Ravi Sharma, 

Rajeev Ranjan, 

Priya Mehta 

2021 
Real-time Threat 

Detection 

Anomaly 

Detection 

Struggles with high 

false positives; lacks 

attacker-aware profiling 

Arun Kumar, 

Deepak Singh 
2020 Honeypot Design 

Rule-based 

Static Honeypots 

Lacks AI adaptability; 

attackers easily detect 

them 

Xinyi Zhang, 

Haoyu Li, 

Mengjie Sun 

2021 
Adversarial Attack 

Modeling 
GANs 

Not integrated into live 

network flow; tested 

only in simulation 

Fatma Elhady, 

Mohamed Ezz, 

Samar Ahmed 

2022 
AI in NIST 

Framework 

Random Forest, 

Naive Bayes 

Inadequate coverage of 

Respond and Recover 

functions 

Suresh Mishra, 

Kunal Jain, 

Sneha Tripathi 

2023 SOC Automation 
RL + IDS 

Systems 

Deception is not 

dynamic; relied on 

offline logs 
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