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Introduction:

Modern digital infrastructures face increasing cybersecurity risks due to the
rapid growth of internet-based systems, cloud computing, and interconnected
devices. Traditional security tools such as NIDPS, firewalls, and antivirus systems
operate independently, leading to fragmented detection, high false positives, and
delayed responses. Advanced cyber threats are adaptive and multi-stage, making
rule-based approaches ineffective. To address this, the proposed system integrates
Al techniques like Federated Learning, Deep Reinforcement Learning, and
sandboxing into a unified framework for intelligent, real-time threat detection and
automated response.

Objectives:

1. To design and develop a unified Al-driven cybersecurity architecture
integrating multiple security components

2. To implement decentralized detection mechanisms using machine learning
and deep learning models

3. To develop a Deep Reinforcement Learning (DRL) model for adaptive threat
detection and automated response

4. To reduce false positives and false negatives using sandbox-based validation
techniques

5. To establish a centralized intelligence layer for correlating threats across
multiple systems

6. To incorporate Explainable Al (XAl) for transparent and interpretable decision-
making
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Methodology:

The project follows a multi-layered intelligent architecture where decentralized
security components such as NIDPS, antivirus, firewall, and WAF independently
analyze system behavior using ML/DL models, while suspicious activities are
validated in a sandbox to reduce false positives. Federated Learning enables
collaborative model training without sharing raw data, and a Deep Reinforcement
Learning agent continuously improves defense strategies through reward-based
learning. The system also re-evaluates safe data to detect hidden threats, maintains
a central logging system for performance analysis, and uses Explainable Al to provide
clear, human-readable insights, ensuring adaptive learning, high accuracy, and
autonomous cybersecurity decision-making.

Result and Conclusion:

The experimental results, shown in the DIREWOLF XAl dashboard and logs,
demonstrate real-time threat detection with low latency (11 ms) and efficient resource
usage. Multiple threats like code injection and ransomware are successfully identified
and blocked through coordinated modules such as the NIDPS kernel, sandbox, DRL
agent, and memory virtualization. Security logs highlight accurate threat classification
and real-time mitigation of attacks like SQL injection and memory access, while the
Al assistant confirms system integrity, continuous monitoring, and adaptive learning.
Overall, the system achieves high accuracy, low false positives, and effectively
handles advanced and zero-day threats.

Fig 1 : Dashboard Fig. 2: XAl Chatbot
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In conclusion, The project successfully demonstrates that an Al-driven integrated
cybersecurity system can overcome the limitations of traditional isolated tools. It provides
a scalable, intelligent, and adaptive solution capable of real-time threat detection and
automated response, making it suitable for modern cybersecurity challenges.
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Future Scope:

The future scope of this project includes:

Connect the system to real-world and cloud environments for better usage.

Add support for loT devices and improve security using blockchain.

Protect the system from advanced attacks and improve Al explanations.

Integrate with monitoring systems to build a fully automatic cybersecurity solution.
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