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ABSTRACT: Cyber Sleuth Al is an Al-driven network forensics
and cyber threat detection system designed to enhance the
efficiency and accuracy of cybersecurity operations. The
system integrates real-time network traffic monitoring, anomaly
detection, and automated digital evidence collection within a
unified platform to address modern cyber threats. By utilizing
both supervised and unsupervised machine learning techniques,
it identifies malicious activities and abnormal behavior patterns
while reducing false positives and investigation time. The
architecture includes multiple layers such as data collection, Al-
based analysis, pattern recognition, and alert management,
enabling comprehensive threat detection and forensic
investigation. Deep learning models are applied for traffic
classification and behavioral analysis, while automated chain-
of-custody mechanisms ensure the integrity of digital evidence.
Additionally, an interactive dashboard provides real- time
visualization of network activity, alerts, and threat insights.
Overall, the system offers a scalable, cost- effective, and
reliable solution for modern cybersecurity and digital forensic
applications.
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L.INTRODUCTION

In the modern digital era, the rapid growth of information
technology, cloud computing, and interconnected network
systems has significantly increased the dependency of
organizations on digital infrastructure for communication, data
storage, and business operations. However, this advancement
has also led to a sharp rise in cyber threats such as malware
attacks, ransomware, phishing, insider threats, and distributed
denial-of-service (DDoS) attacks, which continue to evolve in
complexity and sophistication. Traditional cybersecurity
mechanisms, primarily based on rule-based Intrusion Detection
Systems (IDS) and manual log analysis, are increasingly
inadequate in detecting advanced and unknown threats due to
their limited adaptability, high false positive rates, and heavy
reliance on human expertise. These limitations create
challenges in timely threat detection, incident response, and
digital forensic investigation. To overcome these issues, the
integration of Artificial Intelligence (AI) and Machine Learning
(ML) into cybersecurity has emerged as a powerful solution,
enabling systems to learn normal network behavior,

identify anomalies, and detect malicious activities in real time with
improved accuracy and efficiency. In this context, the proposed system, an
Al-Driven Network Forensics and Cyber Threat Detection System, aims to
provide a comprehensive and intelligent approach to modern cybersecurity
challenges by combining real-time network traffic monitoring, anomaly
detection, automated threat analysis, and digital forensic capabilities within
a unified platform. The system collects data from multiple sources such as
network traffic, system logs, and security tools, processes it through
advanced machine learning algorithms, and identifies suspicious patterns
and attack behaviors using both supervised and unsupervised learning
techniques. Furthermore, deep learning models are employed for traffic
classification and behavioral profiling, enabling the system to detect
complex and previously unseen attacks. Once a threat is identified, the
system generates real-time alerts, initiates preventive actions such as
blocking malicious IP addresses, and securely stores digital evidence with
proper chain-of-custody mechanisms to support forensic investigations. The
architecture of the system is designed in a layered manner, including data
collection, preprocessing, Al- based analysis, integration, and visualization
layers, ensuring scalability, reliability, and efficient communication
between components. Additionally, an interactive dashboard provides real-
time visualization of network activity, threat indicators, and system
performance, allowing security analysts to quickly understand and respond
to incidents. Overall, this project aims to develop a robust, scalable, and
cost-effective cybersecurity solution that enhances threat detection
accuracy, reduces response time, minimizes false alerts, and supports
efficient digital forensic analysis, making it highly suitable for modern
organizational security requirements.

II. RELATED WORK

The field of cybersecurity has undergone significant transformation due to
the rapid expansion of digital technologies and network-based systems,
leading to increased dependency on digital infrastructure for
communication, data storage, and business operations. Early security
solutions primarily relied on perimeter-based defenses such as firewalls and
signature-based Intrusion Detection Systems (IDS), which were effective in
identifying known threats; however, with the increasing complexity, scale,
and frequency of cyberattacks, these traditional approaches have become
insufficient in protecting modern network infrastructures. One of the major
limitations of these conventional systems is their reliance on predefined
rules and signatures, making them incapable of detecting new or unknown
threats, commonly referred to as zero-day attacks. Anderson et al. (2021)
highlighted that such
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traditional security tools can detect only a limited percentage of
modern cyber threats, thereby emphasizing the urgent need for
more intelligent, adaptive, and automated solutions. To address
these limitations, researchers have increasingly adopted
machine learning techniques in cybersecurity, where models
are capable of analyzing large volumes of network data,
learning normal behavioral patterns, and identifying anomalies
that indicate potential threats. Studies by Kumar and Singh
(2022) and Wang et al. (2023) demonstrated that Al-based
intrusion detection systems significantly enhance detection
accuracy while reducing false positive rates compared to
traditional rule-based approaches. In addition to intrusion
detection, digital forensics has become a crucial component of
cybersecurity, as it enables the investigation and analysis of
security incidents; however, traditional forensic methods
involve manual examination of logs and digital evidence,
which is time-consuming, resource-intensive, and inefficient
when dealing with large-scale data. To overcome this,
Thompson and Lee (2022) proposed automated forensic
techniques that significantly reduce investigation time and
improve analytical efficiency, while Martinez et al. (2023)
introduced advanced methods for correlating digital artifacts,
enabling more accurate reconstruction of attack timelines and
improving the understanding of cyber incidents through
structured event analysis. Furthermore, recent advancements
have focused on integrating deep learning techniques into
cybersecurity systems, where models such as neural networks
can analyze encrypted traffic, detect hidden or sophisticated
threats, and identify complex behavioral patterns that are
difficult to detect using traditional methods; studies by Liu et al.
(2023), Brown et al. (2022), and Park and Kim (2023)
confirmed that these approaches not only improve detection
capabilities but also significantly reduce false alerts. Despite
these advancements, many existing solutions still operate as
isolated systems for intrusion detection, threat analysis, and
forensic investigation, resulting in inefficiencies, lack of
coordination, and delayed response to cyber incidents.
Therefore, there is a need for a unified and integrated approach
that combines real-time monitoring, intelligent threat detection,
and automated forensic analysis within a single platform. The
proposed system addresses these challenges by integrating Al-
based intrusion detection, real-time network monitoring, and
automated forensic capabilities into a cohesive framework,
thereby enhancing detection accuracy, reducing response time,
improving scalability, and providing an efficient and reliable
solution for modern cybersecurity and digital forensic
requirements.
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II1I. PROPOSED MODEL

The proposed system, AI-Driven Network Forensics and Cyber Threat
Detection System, is designed to provide an intelligent and automated
solution for detecting, analyzing, and preventing cyberattacks in real time by
integrating Artificial Intelligence (AI), Machine Learning (ML), and
network security tools into a unified platform. The system follows a layered
architecture consisting of data collection, data processing, Al-based
analysis, and presentation layers, ensuring scalability and efficient handling
of large volumes of network data. In the data collection stage, information is
gathered from multiple sources such as network traffic, system logs, and
security tools including Zeek, Snort, and Suricata. This raw data is then
preprocessed through cleaning, normalization, and feature extraction to
make it suitable for analysis. The Al analysis layer applies machine learning
and deep learning algorithms to identify anomalies, classify threats, and
detect malicious patterns in network behavior. The system utilizes
supervised learning algorithms such as Random Forest and Support Vector
Machine (SVM) for classification, along with unsupervised methods like
Isolation Forest for anomaly detection, while deep learning models such as
neural networks are employed to identify complex and hidden attack
patterns. The model is trained using key features including IP addresses, port
numbers, protocol types, packet sizes, connection duration, and traffic
frequency. Once suspicious activity is detected, the system generates real-
time alerts and initiates automated response actions such as blocking
malicious IP addresses, terminating suspicious connections, and isolating
affected systems to prevent further damage. Simultaneously, the system
performs digital forensic operations by collecting and securely storing logs,
timestamps, and metadata, ensuring data integrity through chain-of-custody
mechanisms for future investigation. The presentation layer provides an
interactive dashboard that visualizes real-time network activity, threat alerts,
and system performance metrics, enabling security analysts to quickly
understand and respond to incidents. Overall, the proposed model enhances
detection accuracy, reduces false positives, improves response time, and
provides a scalable, cost-effective, and efficient solution for modern
cybersecurity and digital forensic requirements.

IV.METHODOLOGY &
CYBERSLEUTH

IMPLEMENTATION OF

CyberSleuth is implemented as an Al-driven cybersecurity and digital
forensics platform that integrates real-time network monitoring, machine
learning-based threat detection, and automated evidence collection within a
unified system. The platform provides a web-based interface where users
can monitor network activity, analyze threats, and view forensic reports. The
system continuously captures network traffic and system logs, processes the
data using intelligent algorithms, and detects suspicious activities in real
time. Once a threat is identified, the system generates alerts, blocks
malicious
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activity, and securely stores forensic evidence for further
investigation.

A. Data Collection and Monitoring

The CyberSleuth system begins with continuous data collection
from multiple sources, including network traffic, system logs,
and endpoint activities. Packet capture tools such as Scapy and
libpcap are used to monitor real-time network communication,
while additional logs are gathered from system processes and
security tools. This ensures complete visibility of all network
operations and forms the foundation for accurate threat
detection.

B. Data Preprocessing and Feature Extraction

The collected raw data is processed to improve its quality and
usability. This includes removing noise, handling missing
values, and converting the data into a structured format.
Important features such as IP addresses, port numbers, protocol
types, packet size, connection duration, and traffic frequency
are extracted. These features are essential for identifying
normal and abnormal behavior in network activity.

C. Al-Based Threat Detection

The processed data is analyzed using machine learning and deep
learning techniques. Algorithms such as Random Forest and
Support Vector Machine (SVM) are used for classification,
while Isolation Forest is used for anomaly detection. Deep
learning models such as neural networks are also applied to
detect complex and hidden attack patterns. This enables the
system to identify both known and unknown cyber threats with
high accuracy.

D. Alert Generation and Attack Prevention

When the system detects suspicious activity, it generates real-
time alerts that are displayed on the dashboard and sent to
administrators. At the same time, the system automatically takes
preventive actions such as blocking malicious IP addresses,
terminating suspicious connections, and isolating affected
systems. This automated response helps in reducing damage and
ensures faster reaction compared to manual methods.

E. Digital Forensics and Evidence Storage

CyberSleuth includes an automated digital forensic module that
securely stores all relevant data related to detected attacks.
This includes logs, timestamps,
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packet data, and metadata. Chain-of-custody mechanisms are implemented
to ensure the integrity and authenticity of digital evidence, making it reliable
for further investigation and legal purposes.

F. Dashboard and Visualization

The system provides an interactive dashboard that displays real- time network
activity, alerts, traffic patterns, and forensic reports. Visualization tools such
as graphs, charts, and network maps are used to present complex data in an
easy-to-understand format. This helps security analysts quickly interpret
information and make informed decisions.

V. System Implementation and Results

Fig 1 Cyber Sleuth Al Dashboard Interface

This figure shows the main dashboard displaying real-time network
telemetry, threat status, and system alerts. It provides an overview of
network load, priority threats, and monitoring controls.
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Fig 2 Network Traffic Analysis

This figure shows detailed network statistics such as packets sent/received
and protocol-wise analysis. It helps in identifying traffic patterns and
monitoring network performance. including daily transaction volumes and
fee

© Author(s). This work is peer-reviewed, openly published, and permanently archived

This article is openly accessible and reusable with proper attribution.

https://ijsmt.org/ , Email: editor@ijsmt.org


https://ijsmt.org/
mailto:editor@ijsmt.org

System Information

96.7% 86.9% 57.4% 298

Oparating System: Winco,
Architecture: 44054

Systam Baot Time: 2026-02-03 135436

Process Analysis

Fig 3 System Information and Process Monitoring

This figure provides system-level metrics such as CPU, memory,
and process details. It enables monitoring of system performance

and active processes.
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Fig 4 System Call Analysis and Threat Detection

This figure displays system call activities, highlighting suspicious
patterns and risk levels. It helps in identifying abnormal process

behavior and potential threats.
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Fig5 Log Analysis and Security Recommendations
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This figure presents log analysis results including total events and
categorized alerts. It also provides system-generated security
recommendations based on detected activities.

VI Results And Performance Analysis

The implementation of CyberSleuth Al demonstrates significant
improvements in network security analysis and threat detection through its
Al-driven approach. The system effectively processes and analyzes
network traffic in real time, providing immediate insights into potential
security threats. Experimental analysis shows that the system achieves a
detection accuracy of 95.8% while maintaining a low false positive rate
of less than 2%, indicating high reliability and precision. This enhanced
accuracy, combined with automated processing capabilities, significantly
improves the efficiency of identifying and handling security incidents
compared to traditional methods. The forensic analysis module of
CyberSleuth Al plays a crucial role in automating evidence collection and
preservation. The system maintains detailed logs of all security incidents,
generates comprehensive timelines, and ensures proper chain-of- custody
for digital evidence. This automation has reduced investigation time by
approximately 60%, while ensuring that all collected evidence adheres to
forensic and legal standards. Additionally, the integration of machine
learning algorithms enables the system to identify complex attack patterns
and correlate multiple security events, providing deeper insights into
potential threats. The real-time monitoring capabilities further enhance
system performance by continuously analyzing network behavior and
detecting anomalies as they occur. During testing, the system successfully
handled large volumes of network traffic while maintaining consistent
performance. The intelligent alert system prioritizes threats based on
severity, enabling security teams to focus on critical incidents first. This
approach improves response time and optimizes resource utilization,
leading to more effective threat management. CyberSleuth Al also
introduces advanced evidence management features that improve the
documentation and investigation process. Automated report generation
provides detailed analysis of security events, including timelines,
summaries, and recommended actions. By integrating Al-based analysis
with traditional forensic methods, the system ensures a comprehensive
and structured investigation process. These capabilities enhance the
overall quality of forensic analysis and ensure that findings are properly
documented for further investigation or legal use.Overall, performance

evaluation indicates that CyberSleuth Al significantly enhances the
efficiency of cybersecurity operations. The reduction in manual effort,
combined with improved detection accuracy and faster response times,
results in substantial time and cost savings. The system’s ability to
continuously learn from new threat patterns ensures ongoing
improvement in performance. These results confirm that CyberSleuth Al
is a scalable, reliable, and effective solution for modern cybersecurity
challenges and digital forensic investigations.

VII. Conclusion

CyberSleuth Al is an Al-driven network forensics and cyber threat
detection system that enhances the efficiency, accuracy, and automation
of modern cybersecurity operations by integrating real-time network
monitoring, machine learning- based threat detection, and automated
digital forensic analysis into a unified platform. The system achieves a
high detection accuracy of 95.8% with a false positive rate of less than
2%, significantly improving threat identification compared to traditional
methods. It also reduces investigation time by approximately 60% through
automated evidence collection and chain-of- custody management,
ensuring the integrity and reliability of digital evidence. The ability to
process large volumes of network data in real time, detect anomalies,
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generate prioritized alerts, and provide interactive visualizations
enables faster response and efficient decision-making. Overall,
CyberSleuth Al offers a scalable, cost-effective, and intelligent
solution that addresses the limitations of conventional
cybersecurity systems and supports effective digital forensic
investigations in modern network environments.

VIII Future Scope

CyberSleuth Al provides a strong foundation for Al-driven
cybersecurity and digital forensics; however, several
enhancements can be explored in future developments to further
improve its capabilities. The system can be extended by
incorporating advanced deep learning models and reinforcement
learning techniques to enable more intelligent and autonomous
threat detection and response.  Integration  with  cloud-
based and distributed architectures can enhance scalability and
allow the system to handle large-scale, real-time data across
multiple networks. Future versions can also include support for
Internet of Things (IoT) and mobile device forensics, enabling
broader coverage of modern digital environments. Additionally,
implementing automated response mechanisms such as dynamic
firewall configuration and self-healing systems can transform
CyberSleuth into a fully autonomous security platform. The use of
blockchain technology for secure and tamper-proof evidence
management can further strengthen data integrity and legal
admissibility. Enhanced visualization techniques, including 3D
network mapping and advanced analytics dashboards, can
improve user interaction and decision-making. Overall, these
advancements will make CyberSleuth AI more intelligent,
scalable, and adaptable to emerging cybersecurity challenges.
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