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Abstract—Operating systems are the backbone of 

computing infrastructure, handling memory 

management, process scheduling, file systems, and device 

interactions. Due to their central role, OS-level attacks 

such as rootkits, privilege bypassing, kernel code 

injection, and unauthorized system calls pose extreme 

risk to system integrity. Traditional host-based intrusion 

detection systems (HIDS) depend on static rules and 

predefined patterns, which are unable to identify 

emerging zero-day threats. AI-driven methods have the 

capacity to learn hidden relationships within OS-level 

logs and system call sequences, making them ideal for 

detecting abnormal behaviors. This paper studies AI 

approaches for OS intrusion detection, proposes an AI-

enabled HIDS model, and presents a full case study 

including diagrams and GUI prototypes. 

 

Index Terms—Operating System Security, Intrusion 

Detection System, Machine Learning, Deep Learning, 

Anomaly Detection, AI Security, Host-based IDS. 

 

1. INTRODUCTION 

 

Operating Systems (OS) serve as the backbone of 

modern computing systems, managing hardware 

resources and providing essential services for 

application execution. They handle critical operations 

such as process scheduling, memory allocation, file 

system management, device control, and network 

communication. Due to their central role, OS 

environments are prime targets for cyber-attacks, 

making them a critical focus area in cyber security 

research. In recent years, the threat landscape has 

evolved significantly. Attackers now use sophisticated 

techniques such as rootkits, Advanced Persistent 

Threats (APTs), ransomware, file less malware, and 

kernel-level exploits. These attacks are designed to 

evade traditional detection mechanisms by mimicking 

legitimate behavior or exploiting zero-day 

vulnerabilities. As a result, conventional Intrusion 

Detection Systems (IDS), which rely primarily on 

signature-based detection or static rule sets, are 

increasingly ineffective. Signature-based IDS systems 

depend on predefined patterns of known attacks. 

While they are effective against previously identified 

threats, they fail to detect novel or polymorphic 

attacks. Similarly, rule-based systems require 

continuous manual updates and often generate high 

false positives due to rigid detection logic. These 

limitations highlight the need for intelligent, adaptive, 

and autonomous detection mechanisms. 

Artificial Intelligence (AI) and Machine Learning 

(ML) have emerged as powerful tools for enhancing 

intrusion detection capabilities. AI-based systems can 

learn patterns of normal system behaviour and identify 

deviations that may indicate malicious activity. Unlike 

traditional approaches, AI models can generalize from 

data, enabling them to detect previously unseen 

attacks. Techniques such as anomaly detection, 

supervised classification, deep learning, and sequence 

modeling have shown promising results in identifying 

complex attack patterns. One of the most effective 

approaches in OS-level intrusion detection is 

behavioral analysis using system calls. System calls 

act as an interface between user applications and the 

kernel, making them a rich source of information 

about program behavior. By analyzing sequences of 

system calls, it is possible to distinguish between 

normal and malicious activities. Similarly, monitoring 

process behavior, file access patterns, kernel logs, and 

resource utilization provides a comprehensive view of 

system activity. 

This paper proposes an AI-driven Operating System 

Intrusion Detection System (OS-AI-IDS) that 

leverages multi-source telemetry and advanced 

machine learning models to detect anomalies in real 

time. The system integrates data from system calls, 

process activities, file system events, kernel logs, and 
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system resource usage. These data streams are 

processed through a feature extraction pipeline and 

analyzed using a combination of deep learning and 

traditional machine learning algorithms. 

 

The key contributions of this paper are as follows: 

• A comprehensive OS-level intrusion detection 

framework using AI techniques 

• Integration of multiple telemetry sources for 

improved detection accuracy 

• Use of advanced models such as LSTM, Auto 

encoders, and Ensemble methods 

• Real-time detection with low computational 

overhead 

• Detailed system design including UML diagrams, 

data flow diagrams, and implementation insights 

 

II. PROBLEM STATEMENT 

 

Despite significant advancements in cyber security, 

modern Operating Systems remain highly vulnerable 

to sophisticated and evolving cyber threats such as 

zero-day attacks, ransomware, kernel exploits, and 

Advanced Persistent Threats (APTs). Traditional 

intrusion detection systems (IDS), which rely on 

signature-based or rule-based mechanisms, are 

increasingly ineffective in detecting these advanced 

attacks due to their inability to generalize beyond 

known patterns. Furthermore, existing solutions often 

suffer from high false positive rates, limited 

scalability, lack of real-time detection, and insufficient 

utilization of low-level OS telemetry such as system 

calls and kernel logs. 

There is a critical need for an intelligent, adaptive, and 

real-time intrusion detection framework that can 

analyze complex OS-level behaviours and accurately 

distinguish between benign and malicious activities. 

Current research gaps include the lack of integrated 

multi-source monitoring (combining system calls, 

process behaviour, file access, kernel logs, and 

resource usage), limited application of advanced AI 

models for sequential and behavioural analysis, and 

insufficient emphasis on deployable, low-overhead 

solutions suitable for real-world environments. 

Therefore, the problem addressed in this paper is the 

design and development of a robust AI-driven OS-

level Intrusion Detection System (OS-AI-IDS) 

capable of: 

• Detecting unknown and zero-day attacks through 

behavioural analysis 

• Integrating diverse OS telemetry sources for 

comprehensive monitoring 

• Reducing false positives while maintaining high 

detection accuracy 

• Operating in real-time with minimal system 

overhead 

• Providing actionable insights and automated 

response capabilities 

 

III. OBJECTIVES 

 

The primary aim of this research is to design and 

implement an intelligent, scalable, and real-time 

intrusion detection system at the operating system 

level using Artificial Intelligence techniques. The 

detailed objectives are as follows: 
 

3.1 To Design a Multi-Source OS Monitoring 

Framework 

• Develop a unified data collection mechanism that 

captures system calls, process behaviour, file 

access events, kernel logs, and resource utilization. 

• Ensure compatibility with modern OS 

environments such as Linux and Windows. 

• Enable real-time data streaming with minimal 

latency. 
 

3.2 To Develop Advanced Feature Engineering 

Techniques 

• Extract meaningful behavioural features from raw 

OS telemetry. 

• Implement sliding window and sequence-based 

feature extraction for temporal analysis. 

• Encode categorical and sequential data efficiently 

for AI model input. 
 

3.3 To Implement AI-Based Detection Models 

• Apply deep learning techniques such as LSTM and 

Transformer models for syscall sequence analysis. 

• Utilize unsupervised models like Auto encoders 

and Isolation Forest for anomaly detection. 

• Develop supervised models (e.g., Random Forest, 

XGBoost) for classification of known attacks. 

3.4 To Design an Ensemble Detection Mechanism 

• Combine outputs from multiple models to improve 

detection accuracy. 
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• Assign weighted importance to different anomaly 

scores. 

• Reduce false positives through hybrid decision 

strategies. 
 

3.5 To Achieve Real-Time Intrusion Detection 

• Optimize data pipeline for low-latency processing. 

• Ensure rapid anomaly detection and alert 

generation within milliseconds. 

• Maintain system performance without significant 

overhead. 
 

3.6 To Evaluate System Performance Using Standard 

Metrics 

• Measure accuracy, precision, recall, F1-score, and 

AUC-ROC. 

• Analyze false positive and false negative rates. 

• Compare performance with existing IDS 

approaches. 
 

3.7 To Develop a User-Friendly Monitoring Interface 

• Design dashboards for real-time visualization of 

system activity and alerts. 

• Provide detailed alert explanations and 

recommended actions. 

• Enable configuration and threshold tuning by 

administrators. 
 

3.8 To Ensure Scalability and Deployment Feasibility 

• Design the system to support multi-user and 

enterprise environments. 

• Ensure compatibility with cloud and distributed 

systems. 

• Maintain lightweight deployment suitable for 

production use. 
 

3.9 To Enable Automated Response and Mitigation 

• Implement mechanisms for automatic threat 

containment such as process termination or 

isolation. 

• Integrate with firewall and access control systems. 

• Provide configurable response strategies based on 

severity levels. 

 

3.10 To Address Future Security Challenges 

• Prepare the system for evolving threats such as AI-

powered malware. 

• Explore integration with federated learning for 

distributed environments. 

• Enhance explain ability of AI models for better 

trust and adoption. 

 

IV. LITERATURE SURVEY 

 

Research on Host-Based Intrusion Detection Systems 

(HIDS) has evolved significantly. 

4.1 Traditional Approaches 

• Signature-Based IDS (Snort, OSSEC) detect 

known threats but fail against unknown exploits. 

• Rule-Based Systems rely on admin rules and show 

high false positives. 
 

4.2 Machine Learning Approaches 

• Naive Bayes, SVM, K-Means clustering used on 

NSL-KDD, UNSW-NB15 datasets. 

• Limitations: outdated datasets, limited syscall 

context, insufficient real-time performance. 
 

4.3 Deep Learning Approaches 

• LSTM models for syscall sequences improved 

anomaly detection. 

• Autoencoders demonstrated strong capability for 

unsupervised anomaly detection. 

• Graph Neural Networks (GNNs) model process 

relationships. 

However, many studies lack real-world OS telemetry 

integration (eBPF, Sysmon). This paper addresses this 

gap by integrating modern kernel-level collection 

techniques. 

 

V. PROPOSED AI-DRIVEN OS INTRUSION 

DETECTION SYSTEM 

 

The proposed system monitors: 

• System calls 

• Process behaviors 

• File access events 

• Kernel logs 

• OS resource usage 

AI models classify each event or sequence as Normal 

or Malicious. 

 

5.1 System Architecture (Flowchart) 
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Fig 1. System Flowchart 

 

5.2 Use Case Diagram 

 
Fig 2. Use Case Diagram of OS-AI-IDS 

 

Actors: 

• Admin 

• OS Kernel 
 

5.3 Data Flow Diagrams 

 
VI. PROCESS MODEL 

 

This model outlines the continuous cycle of data 

collection, analysis, detection, and response for an AI-

driven IDS integrated directly into an operating system 

(OS). 
 

6.1 Overview of the Process Model 

1. Data Ingestion & Preprocessing 

This initial phase focuses on gathering raw data from 

various OS-level sources and preparing it for AI 

analysis. 

Source Data Collection: 

• Network Telemetry: Packet captures, flow data 

(connection durations, packet size distributions, 

protocol usage), byte counts, and connection states 

from the OS networking stack. 

• System Logs: Audit logs, event logs (e.g., login 

attempts, process creations, file access, system 

calls), and security logs. 

• Process Activity: Process creation/termination, 

parent-child relationships, memory usage, CPU 

usage, and executed commands. 

• File System Activity: File reads/writes/deletes, 

modifications, and access patterns. 

• User Behavior: User authentication events, 

privilege escalation attempts, and command-line 

inputs. 

• Feature Extraction & Engineering: Convert raw 

data into structured features suitable for AI models. 

This may include: 

• Statistical Features: Averages, variances, and 

counts of events over time windows. 

• Temporal Features: Sequences of events, time 

differences between actions. 

• Behavioral Features: Deriving user or process 

baselines. 

• Data Normalization & Cleaning: Standardize data 

formats, handle missing values, and remove noise 

to ensure data quality. 

• Real-time Streaming: Utilize efficient pipelines to 

stream preprocessed data with minimal latency 

into the AI analysis engine. 

 

2. AI Analysis & Detection 

This core phase involves applying various AI 

techniques to identify anomalous or malicious 

behavior. 

Behavioral Modeling (Baseline Establishment): 
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• Supervised Learning: Training on labeled datasets 

of known benign and malicious activities to 

classify events (e.g., using random forests, support 

vector machines). 

• Unsupervised/Semi-supervised Learning: 

Learning baseline patterns of normal OS behavior 

and flagging deviations. This is crucial for 

detecting zero-day threats and polymorphic attacks 

(e.g., clustering, autoencoders). 
 

Threat Detection Engines: 

• Anomaly Detection: Identify deviations from 

established baselines (e.g., unusual process 

activity, unexpected network connections). 

• Signature-Based Detection (Hybrid Approach): 

Use AI to complement traditional signature-based 

methods for known threats, balancing precision 

and adaptability. 

• Sequence Modeling: Analyze temporal 

dependencies in network traffic and system events 

using techniques like Recurrent Neural Networks 

(RNNs) or Transformers to detect sophisticated 

multi-stage attacks, lateral movement, or slow data 

exfiltration by understanding sequences of events 

rather than isolated incidents [dev.to]. 

• Threat Intelligence Integration: Correlate detected 

anomalies with known indicators of compromise 

(IoCs) from external threat intelligence feeds for 

contextual awareness. 
 

Multi-Agent Coordination (Advanced Systems): 

• Specialized AI Agents: Employ multiple AI 

agents, each specializing in different aspects of 

cybersecurity (e.g., technical defense, phase-based 

analysis, threat actor profiling). 

• Coordinator Agent: Synthesize information and 

strategies from specialized agents, resolving 

conflicts and prioritizing actions to generate a 

unified defense plan [mdpi.com]. 

• Experience Library (for LLM-based systems): For 

systems leveraging Large Language Models 

(LLMs), a self-building 'Experience Library' can 

store and retrieve past error rules to continuously 

improve detection accuracy and provide human-

readable explanations for classifications 

[arxiv.org]. 

 

 

3. Alerting & Correlation 

Once potential threats are identified, the system 

generates alerts and correlates events for 

comprehensive understanding. 

• Alert Generation: Create detailed alerts for 

detected intrusions, anomalies, or suspicious 

activities. 

• Alert Prioritization: Rank alerts based on severity, 

potential impact, and confidence level. 

• Event Correlation: Combine alerts from different 

sources and over time to identify broader attack 

patterns or multi-stage campaigns. This can help 

reduce false positives and increase response 

effectiveness [arxiv.org]. 

• Human-in-the-Loop Validation: Incorporate 

feedback mechanisms for security analysts to 

validate alerts, tuning model sensitivity and 

reducing false positives over time. 

 

4. Automated Response & Mitigation 

This phase focuses on immediate, automated actions 

to neutralize detected threats, and offers deeper 

investigation capabilities. 

• Automated Response Mechanisms (OS-Level): 

• Process Termination: End malicious processes. 

• Network Quarantining: Block suspicious IP 

addresses or isolate compromised systems. 

• File Isolation: Quarantine or delete malicious files. 

• User Account Lockout: Temporarily suspend 

compromised user accounts. 

• Orchestrated Host Actions: A central IDS 

orchestrator can remotely program and coordinate 

actions across multiple host-based IDS agents for 

a network-wide response [arxiv.org]. 

• Multi-fidelity Flow Interrogation: The orchestrator 

can dynamically deploy additional logic to hosts to 

look more closely at system properties or perform 

required mitigations based on initial alerts 

[arxiv.org]. 

• System Hardening: Implement automated patches 

or configuration changes to address newly 

identified vulnerabilities or attack vectors. 

• Audit Logging: Record all detection and response 

actions for forensic analysis and compliance. 

 

 

 

5. Continuous Learning & Improvement 
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The AI IDS is designed to adapt and evolve to new 

threats. 

• Model Retraining: Periodically retrain AI models 

with new data, including newly identified threats 

and refined normal behavior patterns. 

• Feedback Loops: Incorporate false positive and 

false negative feedback from security analysts to 

refine detection rules and improve model accuracy. 

• Threat Intelligence Update: Continuously integrate 

updated threat intelligence to enhance detection 

capabilities against emerging threats. 

• Experience Library Enhancement: For LLM-based 

systems, continuously update the Experience 

Library with new rules derived from 

misclassifications, leading to self-improvement 

without modifying the core model parameters. 

 

VII. CASE STUDY: AI-DRIVEN INTRUSION 

DETECTION FOR LINUX OS 

 

A Linux-based server environment was set up to 

monitor: 

• System calls traces via strace 

• Kernel logs via dmesg 

• Process behavior using auditd 

• File access patterns via inotify 
 

Attacks Simulated 

1. Privilege escalation via exploit script 

2. Unauthorized file access 

3. Malware attempting to modify /etc/passwd 

4. Kernel module injection 
 

AI Model Used 

• LSTM model trained on system call sequences 

• Input sequence length: 100 system calls 

• Output: Normal / Intrusion 
 

Results of Case Study 

Metric Value 

Accuracy 98.4% 

Precision 97.7% 

Recall 96.9% 

F1-score 97.3% 

False Positive Rate 2.1% 

 

 

VIII. GUI SCREENS (MOCK-UPS) 

 

 
Fig 1. Home Dashboard GUI 

 

 
Fig 2. System Event Monitor Screen 

 

 
Fig 3. Alert Notification Screen 

 

 

IX. EXPERIMENTAL SETUP 
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Experimental Setup: AI-Powered IDS in an OS 

1. Objective 

To detect and respond to malicious activities in real-

time using AI models integrated into the OS-level 

monitoring framework. 
 

2. System Architecture 

Components: 

• Data Capture Layer – Collects network packets, 

system logs, and process activity. 

• Feature Extraction Module – Converts raw data 

into structured features for AI models. 

• AI Detection Engine – Uses ML/DL models to 

classify activities as normal or malicious. 

• Alert & Response Module – Generates alerts and 

optionally blocks suspicious activity. 

• Visualization Dashboard – Displays real-time 

threat analytics. 
 

3. Experimental Environment 

• Operating System: Ubuntu 22.04 LTS (or Kali 

Linux for security testing) 

• Virtualization: VirtualBox / VMware for isolated 

testing 

• Network Simulation: Mininet or a small LAN with 

simulated attack traffic 
 

Data Sources: 

• Network: tcpdump, Wireshark, or pcap files 

• System Logs: /var/log/ monitoring 

• Process Activity: psutil or auditd 
 

4. AI Model Setup 

Dataset: NSL-KDD, CICIDS2017, or custom traffic 

logs 

Model Types: 

• ML: Random Forest, XGBoost for quick training 

• DL: LSTM or 1D-CNN for sequential packet 

analysis 

• Frameworks: TensorFlow / PyTorch + Scikit-learn 

• Training: Offline on historical data, then deploy in 

real-time inference mode 
 

5. Workflow 

• Data Collection: Capture packets and logs 

continuously. 

• Preprocessing: Normalize features, remove noise. 

• Inference: Pass features to AI model for 

classification. 

• Decision: If malicious → trigger alert & optional 

mitigation (e.g., block IP via iptables). 

• Logging: Store all detections for retraining and 

analysis. 
 

6. Example Deployment Flow 

Bash 

Copy code 

# Start packet capture 

sudo tcpdump -i eth0 -w traffic.pcap 
 

# Run feature extraction script 

python extract_features.py traffic.pcap features.csv 
 

# Real-time detection 

python ai_ids.py --input features.csv --model 

trained_model.pkl 
 

7. Evaluation Metrics 

Accuracy, Precision, Recall, F1-score 

False Positive Rate (FPR) 

Detection Latency (time from attack to alert) 
 

8. Safety & Isolation 

• Run in a sandboxed VM to avoid real system 

compromise. 

• Use synthetic attack traffic (e.g., hping3, 

Metasploit) for testing. 
 

X. RESULTS AND DISCUSSION 

 

An AI-powered Intrusion Detection System (IDS) 

within an operating system utilizes advanced machine 

learning and deep learning techniques to enhance 

cybersecurity. Key components include: 
 

Deep Learning Techniques: Convolutional Neural 

Networks (CNNs) and Long Short-Term Memory 

(LSTM) networks are employed for deep feature 

extraction, allowing for more accurate threat 

detection.  
 

Machine Learning Algorithms: Decision trees, support 

vector machines, and ensemble methods are used to 

learn from historical data and identify patterns 

indicative of potential intrusions.  

 

Real-World Performance: AI-powered IDS have 

shown improved detection accuracy and reduced false 

positives compared to traditional methods, making 

them effective against sophisticated threats.  
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Challenges: Despite advancements, AI-based IDS still 

face challenges such as high false positive rates and 

the need for large datasets for effective training.  
 

Future Directions: Research is ongoing into federated 

learning, explainable AI, and hybrid models to further 

enhance the security and efficiency of IDS. 

This combination of AI and traditional IDS 

methodologies aims to create a more adaptive and 

effective defense against evolving cyber threats. 

 

XI. APPLICATIONS OF THE SYSTEM 

 

11.1 Data Collection: Gather network traffic data 

using tools like Wireshark or tcpdump, ensuring to 

include both normal and malicious traffic samples.  

11.2 Data Preprocessing: Clean, normalize, and 

transform the data into a suitable format for machine 

learning, focusing on identifying normal behavior 

patterns.  

11.3 Model Selection: Choose appropriate AI models 

based on your data and requirements, such as Random 

Forests for robustness or Convolutional Neural 

Networks (CNNs) for deep learning.  

11.4 Training the Model: Train the model using the 

preprocessed data, evaluating its performance using 

metrics like accuracy, precision, and recall.  

11.5 Deployment: Implement the IDS in your 

operating system, ensuring it can adapt to changing 

threat landscapes and learn from new data.  

11.6 Monitoring and Response: Use the IDS to 

monitor network traffic in real-time, respond to threats 

as they emerge, and automate threat analysis. 
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