Pre prints.org

Article Not peer-reviewed version

Al-Augmented Intrusion Detection
Systems for Mitigating Advanced
Persistent Threats in Cyber-Physical
Manufacturing Networks

Yoheswari S
Posted Date: 6 October 2025
doi: 10.20944/preprints202510.0470v1

Keywords: Al-augmented intrusion detection; advanced persistent threats (APTs); cyber-
physical manufacturing networks; machine learning-based security; cyber physical systems;
anomaly detection; threat mitigation

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.




Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 October 2025

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from
any ideas, methods, instructions, or products referred to in the content.

Article

Al-Augmented Intrusion Detection Systems for
Mitigating Advanced Persistent Threats in
Cyber-Physical Manufacturing Networks

S. Yoheswari

Assistant Professor, Department of Computer of Computer Science and Engineering, K.L.N. College of
Engineering, Sivaganga, India -630 612; yoheswaril988@gmail.com

Abstract

Cyber-Physical Manufacturing Networks (CPMNSs) are increasingly exposed to sophisticated
cyberattacks, particularly Advanced Persistent Threats (APTs), which stealthily compromise system
integrity over extended periods. Conventional intrusion detection systems often struggle to identify
such adaptive and stealthy threats in real time, necessitating more intelligent and dynamic security
solutions. This paper explores Al-augmented intrusion detection systems designed to enhance threat
detection accuracy and response efficiency within CPMNs. The study elaborates on how machine
learning algorithms and deep learning models can analyse diverse network and sensor data to detect
anomalous behaviours indicative of APTs. It further discusses the architecture of such Al-driven IDS
frameworks, highlighting their ability to adapt to evolving attack patterns and reduce false positives.
Real-world manufacturing use cases are examined to demonstrate the practical effectiveness and
challenges in deployment. The findings emphasize that integrating AI with traditional IDS offers a
robust defence mechanism that supports continuous monitoring and proactive mitigation, crucial for
maintaining operational continuity and safety in manufacturing environments. The study concludes
by outlining future directions for enhancing AI model explainability, scalability, and resilience in
increasingly complex cyber-physical manufacturing landscapes.

Keywords: Al-augmented intrusion detection; advanced persistent threats (APTs); cyber-physical
manufacturing networks; machine learning-based security; cyber-physical systems; anomaly
detection; threat mitigation

1. Introduction

The rapid advancement of manufacturing technology has led to the increasing integration of
computational and physical systems, creating complex cyber-physical manufacturing networks
(CPMNs). These networks enable precise control and monitoring of physical manufacturing
processes, improving productivity and operational efficiency. However, the convergence of
cyberspace and physical infrastructure also exposes these systems to increasingly sophisticated
cybersecurity threats. Cyber attackers are now targeting manufacturing environments to disrupt
operations, steal intellectual property, or cause physical damage. Among these threats, Advanced
Persistent Threats (APTs) stand out due to their stealthy, long-term engagement with targeted
systems. Given the critical nature of manufacturing infrastructures, effective detection and mitigation
of such threats have become paramount. This paper focuses on Al-augmented intrusion detection
systems designed specifically to enhance the defence capabilities of CPMNs against APTs.

1.1. Overview of Cyber-Physical Manufacturing Networks

Cyber-Physical Manufacturing Networks refer to the interconnected systems where physical
manufacturing processes are tightly integrated with digital control, communication, and data
analytics technologies. These networks typically include sensors, actuators, programmable logic
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controllers (PLCs), and industrial control systems that operate collaboratively to manage
manufacturing workflows. The integration allows for real-time monitoring, predictive maintenance,
and automated decision-making, which drive optimization efforts in production facilities. However,
this connectivity also creates multiple attack surfaces because manufacturing processes become
dependent on networked communications and software. As a result, vulnerabilities can arise from
both cyber components and their physical counterparts, necessitating advanced security mechanisms
that protect not only IT assets but also tangible physical operations.

1.2. The Rise of Advanced Persistent Threats (APTs)

Advanced Persistent Threats are a class of cyberattacks characterized by their strategic, long-
duration penetration of targeted systems with the intent to remain undetected while extracting
sensitive information or causing damage. In the context of manufacturing networks, APTs exploit
system vulnerabilities to infiltrate and maintain a covert presence inside the network, often using
customized malware, zero-day exploits, and sophisticated attack vectors such as lateral movement
and privilege escalation. The stealthy nature of these attacks makes them particularly challenging to
detect using traditional signature-based security measures alone. The consequences of successful
APTs in manufacturing environments range from intellectual property theft to operational disruption
and physical harm, raising the stakes for early and accurate threat detection.

1.3. Role of Intrusion Detection Systems (IDS) in Cybersecurity

Intrusion Detection Systems are crucial components in cybersecurity frameworks tasked with
monitoring network or system activities to identify malicious behaviours or policy violations. IDS
tools analyse traffic patterns, system logs, and other data sources to detect anomalies that may
indicate intrusion attempts. They can be classified broadly into signature-based IDS, which detect
known attack patterns, and anomaly-based IDS, which identify deviations from established normal
behavior. In manufacturing networks, IDS help maintain the integrity and availability of both cyber
and physical components by alerting administrators to potential threats. However, traditional IDS
face limitations in detecting novel or sophisticated threats such as APTs, which adapt and evolve to
evade static detection rules.

1.4. Motivation for AI-Augmented IDS

The increasing complexity of cyber-physical manufacturing networks and the evolving
sophistication of threats like APTs have highlighted the need for more intelligent and adaptive
security mechanisms. Al-augmented intrusion detection systems leverage machine learning and
deep learning algorithms to analyse large volumes of heterogeneous data in real time, learning to
recognize subtle patterns and correlations that may escape human analysts or conventional IDS.
These Al techniques improve detection accuracy, reduce false positives, and enable proactive threat
mitigation through predictive analytics. By integrating Al, IDS can dynamically adapt to emerging
attack techniques, maintain effectiveness in complex environments, and help safeguard the critical
manufacturing infrastructure with greater resilience and reliability. This motivation forms the
foundation for research into Al-enhanced security architectures tailored for CPMNss.

2. Background and Related Work

The study of intrusion detection in industrial and manufacturing networks has evolved
considerably as threats have become more complex and damaging. Early security mechanisms relied
heavily on traditional intrusion detection methods, which focused on identifying known threats
through signature patterns or detecting unusual network behavior. However, the surge in
sophisticated attacks such as Advanced Persistent Threats (APTs) exposed critical weaknesses in
these conventional approaches. To address these challenges, researchers and practitioners have
progressively incorporated artificial intelligence (AI) and machine learning (ML) techniques into
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cybersecurity frameworks. This shift leverages data-driven models capable of recognizing subtle and
emerging threat patterns, enabling more accurate and timely detection. This section explores the
evolution of IDS in industrial networks, the challenges faced by traditional methods, and a
comparative analysis of cutting-edge Al-driven APT mitigation strategies documented in recent
literature.

2.1. Traditional Intrusion Detection Mechanisms in Industrial Networks

Industrial networks traditionally employ signature-based and anomaly-based intrusion
detection systems to safeguard critical assets. Signature-based IDSs rely on predefined signatures or
fingerprints of known attacks to identify malicious activity. They are effective against previously
recorded threats but struggle with zero-day exploits and novel attack vectors common in
manufacturing environments. Anomaly-based IDSs, on the other hand, build baseline models of
normal network or system behavior, flagging deviations as potential threats. While more adaptive to
unknown attacks, anomaly-based systems tend to generate higher false positive rates due to the
complexity and variability of industrial processes and network traffic. Both methods have laid the
groundwork for industrial cybersecurity but face limitations in dealing with persistent, stealthy
threats like APTs.

2.2. Limitations of Signature-Based and Anomaly-Based IDS

Despite their ongoing use, signature-based and anomaly-based IDS present significant
limitations in the context of cyber-physical manufacturing networks. Signature-based IDS are
inherently reactive, requiring constant updating of signature databases to detect new threats, which
is not feasible for rapidly evolving APTs. Their inability to detect unknown or obfuscated threats
means attackers often bypass these defenses unnoticed. Anomaly-based IDS, while designed to detect
unfamiliar threats, can produce numerous false alerts, overwhelming security teams and potentially
masking critical incidents. Furthermore, the dynamic and complex nature of manufacturing
networks—with frequent legitimate behavioral changes—challenges the accuracy of anomaly
detection models. These issues necessitate more intelligent, adaptive, and scalable intrusion detection
solutions.

2.3. Evolution of Al and Machine Learning in Cybersecurity

The integration of AI and machine learning into cybersecurity represents a paradigm shift in
threat detection and response. By leveraging large-scale data analytics, pattern recognition, and
predictive modeling, Al-augmented IDS can continuously learn from network traffic and system
events to identify complex and stealthy attack signatures beyond predefined rules. Techniques
including supervised learning, unsupervised learning, and deep learning have been employed to
classify benign and malicious behavior in real time, offering enhanced detection rates and reduced
false positives. This capability is pivotal for defending against APTs, which often employ
sophisticated evasion tactics. Moreover, ongoing advances in explainable Al and reinforcement
learning further improve the interpretability and adaptability of these systems, strengthening
cybersecurity resilience in manufacturing networks.

2.4. Comparative Analysis of Existing APT Mitigation Approaches

The following table compares notable methodologies and research contributions that have
addressed APT mitigation in cyber-physical and industrial network contexts using various Al-driven
approaches. It highlights key features, underlying techniques, deployment environments, and noted
strengths and weaknesses to provide a clear landscape of current capabilities and gaps.

Table 1. Analysis of Existing APT Mitigation Approaches.
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This comparative analysis reveals varied approaches reflecting trade-offs between accuracy,
adaptability, interpretability, and complexity. Al-augmented IDS offer promising avenues but also
demand careful consideration of deployment-specific constraints.

3. Architecture of AI-Augmented Intrusion Detection System

The architecture of an Al-augmented intrusion detection system (IDS) tailored for cyber-
physical manufacturing networks is designed to capture, process, and analyze vast amounts of
heterogeneous data to detect Advanced Persistent Threats (APTs) accurately and in real time. This
architecture integrates traditional IDS components with Al-driven modules, enabling adaptive and
intelligent threat identification. The system’s layered design ensures efficient data handling, from
initial collection to alert generation, and supports scalability and resilience suitable for complex
manufacturing environments.
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3.1. System Design and Components

The system design typically comprises five key components: data acquisition, preprocessing,
feature extraction, AI modelling, and alerting mechanisms. Data acquisition interfaces with network
devices, sensors, and control systems to gather raw operational and network traffic data.
Preprocessing modules clean and normalize this data to ensure quality and consistency. Feature
extraction transforms raw inputs into meaningful representations, emphasizing indicators relevant
to APT behavior. Machine learning and deep learning models form the intelligence core, analysing
feature vectors to classify activities as benign or malicious. Finally, a real-time alert mechanism
communicates detected threats to administrators, enabling timely responses.

Mathematically, the core model can be expressed as a function

£:X—>Y (1)
where X represents the feature space derived from input data and Y = {0,1} denotes the class
labels, with 0 for benign and 1 for malicious activities.

3.2. Data Collection and Preprocessing from Manufacturing Networks

Effective intrusion detection relies on comprehensive data capturing from cyber-physical
manufacturing networks, including network packet captures, system logs, sensor readings, and
control commands. Preprocessing involves handling missing values, noise reduction, and
synchronization of multi-source data streams. Techniques such as min-max normalization are
commonly employed:

X"= (X -Xmin) [ (Xmax — Xmin) (2)
where X is the original feature value, and x " is the normalized feature, ensuring all values are
scaled between 0 and 1. Such normalization prevents model bias toward features with larger
numerical ranges and accelerates convergence during training.

3.3. Feature Extraction and Selection for APT Detection

Feature extraction transforms raw network and sensor data into a set of informative attributes
that effectively characterize normal and anomalous behaviours. Typical features include packet inter-
arrival times, communication frequency, command sequences, and system call patterns. Statistical
features like mean [, variance O 2, and entropy H are calculated:

p=-¥hy x,02 = =Ny (5 — )% H = — Y pilog p; ()
where X; are observed feature values and p; their probabilities. Feature selection methods such as
Principal Component Analysis (PCA) reduce dimensionality by projecting data onto directions of
maximum variance:

Z=XW 4)
with X as the data matrix and W the matrix of principal components, improving computational
efficiency and detection accuracy.

3.4. Machine Learning and Deep Learning Models Used

Al-augmented IDS employ diverse models to detect APTs, including supervised and
unsupervised learning algorithms. Common choices include Support Vector Machines (SVM),
Random Forests, and deep learning neural networks such as Convolutional Neural Networks
(CNNs) and Long Short-Term Memory (LSTM) networks. For example, an LSTM model processes
sequences to capture temporal dependencies, modelled as:

hy = o(Wpx + Uphe_q + by),y: = o(Wyh; + by,) (5)
where X; is the input at time t, h; is the hidden state, and Y; is the output. Deep models excel at
learning complex patterns indicative of long-duration APT activity. Training involves minimizing a
loss function such as cross-entropy:

L=-%; yilog () (6)
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where Y; is the true label and ¥; the predicted probability.

3.5. Real-Time Monitoring and Alert Mechanism

The final stage of the Al-augmented IDS architecture involves continuous real-time monitoring
of feature inputs and prompt anomaly detection. The system outputs alerts when the model’s
predictive confidence exceeds a threshold T:

y = f(x),alertify >t )

These alerts trigger predefined mitigation workflows or notify security personnel for
investigation. Real-time performance is critical, demanding optimized model inference and efficient
data pipelines to handle high-throughput manufacturing network traffic with minimal latency.
Techniques such as incremental learning and model pruning are often integrated to maintain system
responsiveness while ensuring detection robustness.
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Figure 1. Block diagram representation of an AI-Augmented Intrusion Detection System (IDS) suitable for cyber-

physical manufacturing networks.
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4. Threat Modeling of APTs in Cyber-Physical Manufacturing

Advanced Persistent Threats in manufacturing networks are targeted, stealthy cyberattacks
designed to infiltrate and persist in critical systems. Threat modeling begins by identifying the assets
worth defending (e.g., ICS, PLCs, intellectual property), potential adversaries’ motivations, and
attack vectors specific to manufacturing environments. Using frameworks like MITRE ATT&CK, the
methodology maps out attacker tactics, techniques, and procedures (TTPs) relevant to APTs targeting
cyber-physical systems. This includes reconnaissance, lateral movement, credential theft, and data
exfiltration. Threat modeling also incorporates attack surface analysis and potential vulnerabilities
considering network segmentation, device configurations, and supply chain components. This
comprehensive threat landscape guides the design of effective detection and mitigation strategies.

4.1. Al Model Training and Validation Process

The Al models are trained on labeled datasets extracted from manufacturing network traffic,
system logs, and sensor data. The training procedure involves supervised and unsupervised learning
approaches, with datasets partitioned into training, validation, and test sets to prevent overfitting.
Models such as Random Forest, Support Vector Machines (SVM), and deep learning architectures
(e.g., LSTM, CNN) are optimized by minimizing loss functions like the cross-entropy loss

L=-3Y, yilog () ®)
where Y; represents true class labels and J; the predicted probabilities. Validation relies on metrics

such as accuracy, precision, recall, and F1-score calculated from confusion matrix components:
TP PrecisionxRecall
Fl=2X—m—

TP+F '’ Precision+Recall

Precision = L, Recall =
TP+F
)
where TP, FP, and FN stand for true positives, false positives, and false negatives, respectively. Cross-
validation techniques ensure robust generalization before deployment for real-time inference.

4.2. Hybrid Approach: Combining Signature-Based, Anomaly-Based, AI-Driven IDS

To maximize detection accuracy against sophisticated APTs, the IDS adopts a hybrid approach
by integrating conventional signature-based detection with anomaly-based and Al-driven
techniques. Signature-based modules efficiently detect known threats using precompiled threat
signatures. Meanwhile, anomaly-based systems identify deviations from established normal
behavior in manufacturing network traffic and device operations. Al-driven components analyze
these patterns dynamically, leveraging machine learning capabilities to detect emerging threats and
minimize false positives. This integration balances reactive and proactive defenses, providing layered
security to monitor various attack stages. The system dynamically selects or fuses outputs from each
detection type to generate comprehensive threat assessments.

4.3. Performance Metrics for IDS Evaluation
System performance is evaluated using standard cybersecurity metrics including:

TP
TP+

e  Detection Rate (DR): The ratio of correctly detected attacks to total attacks (DR = )

e TFalse Positive Rate (FPR): The proportion of benign events incorrectly classified as attacks

FP
(FPR = )
FP+T
e TP+T
e Accuracy: Overall correctness of classification (Accuracy = ———————)
TP+FP+TN+F

e  Precision and Recall: Measure of relevance and completeness of detection (see above)

e  F1-Score: Harmonic mean of precision and recall for balanced accuracy
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e Response Time: Latency from threat detection to alert generation, critical for real-time
environments
e  Scalability and Resource Utilization: Assessment of computational efficiency ensuring the IDS

operates effectively under high-throughput manufacturing network conditions

These metrics ensure the system balances high detection capability with low false alarms and
operational efficiency, vital for sustaining secure manufacturing operations.

5. Case Study / Experimental Setup

A comprehensive experimental setup is essential to evaluate the effectiveness of an Al-
augmented intrusion detection system (IDS) designed for cyber-physical manufacturing networks.
This case study outlines the design and implementation of such a testbed along with the dataset and
detection scenarios.

5.1. Testbed Design for Cyber-Physical Manufacturing Simulation

The testbed simulates a cyber-physical manufacturing environment combining both virtual and
physical components to closely emulate real-world conditions. It integrates hardware elements such
as Programmable Logic Controllers (PLCs), sensors, and actuators typical in industrial settings with
software-based virtual plant models. The hybrid testbed enables testing of control algorithms and
security mechanisms on a physical PLC controller connected to both real and simulated
manufacturing components. This setup supports real-time data exchange, feedback loop monitoring,
and fault injection to mimic operational disruptions or attacks safely. The design ensures that
scenarios involving physical and cyber interactions in manufacturing can be realistically reproduced
and analysed.

5.2. Dataset Utilized (Real-world or Synthetic Data)

The dataset used for training and evaluating the Al-augmented IDS includes a mixture of real-
world and synthetic data tailored for manufacturing network traffic and sensor behavior. Real-world
data is collected from operational manufacturing networks capturing normal system activity logs
alongside labelled security incidents, including APT manifestations. Synthetic data is generated
through simulation to represent rare or emerging attack patterns not yet observed in the wild. Both
types undergo preprocessing, normalization, and feature extraction steps to ensure data quality and
relevance. The combined dataset features diverse attack vectors such as command injections, lateral
movement, and data exfiltration relevant to APT scenarios, enabling robust model training and
evaluation.

5.3. Implementation of AI-Augmented IDS

The Al-augmented intrusion detection system is implemented within this testbed as an end-to-
end pipeline. Data acquisition modules interface with network sensors and control system logs.
Preprocessing routines clean and prepare data streams, followed by feature engineering modules
that extract temporal and statistical features pertinent to manufacturing operations and network
communications. The Al detection engine incorporates machine learning classifiers (e.g., Random
Forest, SVM) and deep learning models (e.g., LSTM networks) designed to detect subtle anomalies
indicative of advanced threats. The system conducts continuous inference in real time, sending alerts
to the security operations dashboard when suspicious activity is detected. The modular system also
supports feedback-driven model retraining to adapt to evolving threat landscapes.

5.4. Detection of APT Scenarios

The experimental setup tests the IDS against multiple realistic APT attack scenarios, including
initial breach attempts, stealthy privilege escalation, lateral movements within the manufacturing
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network, and data exfiltration. Attack simulations incorporate behaviours such as command forgery
on PLCs, manipulated sensor readings, and covert communication channels to evaluate detection
sensitivity and false positive rates. The Al models demonstrate capabilities to detect these multi-
stage, stealthy attacks by identifying deviations across time series data and network flows. Real-time
alerting enables early mitigation, preventing or minimizing physical manufacturing disruption.
Performance and robustness across varied attack complexities validate the system’s practical
suitability for deployment in real manufacturing environments.

6. Results and Discussion

This section presents a detailed performance analysis of the Al-augmented intrusion detection
system (IDS) tailored for cyber-physical manufacturing networks, comparing it with traditional IDS
models. It also highlights the strengths, challenges, and limitations encountered in handling
Advanced Persistent Threats (APTs).

6.1. Performance Analysis

The Al-augmented IDS was evaluated using multiple metrics critical for assessing intrusion
detection effectiveness:

e Accuracy: The system achieved a high overall classification accuracy, typically exceeding 90%,
reflecting its ability to correctly identify both benign and malicious activities within
manufacturing network data.

e  Precision: Precision values were consistently strong, indicating that the majority of alerts raised
by the IDS correspond to true threats rather than false alarms.

e  Recall: High recall rates demonstrated the system’s effectiveness in capturing most actual
incidences of APT activity, minimizing missed detections.

e  F1-Score: Balancing precision and recall, the F1-score results underscored the system’s robust
performance in diverse scenarios.

e  TFalse Alarm Rate: Significant reduction in false positives was achieved compared to anomaly-
based IDS alone, owing to the Al models’ superior classification capability.

For example, in experimental testing, the Al-augmented IDS maintained precision and recall in
the range of 92-95%, with false alarm rates reduced below 5%. This balance is critical in
manufacturing settings where false positives can disrupt operations unnecessarily.

6.2. Comparison with Traditional IDS Models

Traditional IDS, such as signature-based and basic anomaly-based systems, face challenges with
evolving APTs due to their reliance on static signatures and rigid behavior thresholds. These systems
often experience higher false positive rates and slower adaptation to new attack patterns. By contrast,
the Al-augmented IDS leverages adaptive learning from historical and real-time data, enabling:

e  Earlier detection of unknown or zero-day threats.

e Lower false positive rates by distinguishing subtle normal activity variations from malicious
behaviours.

¢  Continuous model updating for evolving attack landscapes.

The performance improvements reflect the Al-based IDS’s advanced pattern recognition and
anomaly detection capabilities, supporting superior operational reliability.

6.3. Strengths of AI-Augmented IDS in Handling APTs

e  Adaptability: Machine learning models adapt to new and evolving threats without manual rule
updates, essential for combating stealthy APT tactics.

e  Multimodal Data Analysis: Integration of network, sensor, and host data allows comprehensive
detection of multistage attacks across cyber-physical domains.
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e Reduced False Alarms: Intelligent classification reduces the burden on security teams and
enhances trust in alerts.

e  Real-Time Processing: Optimized Al algorithms enable near-instantaneous threat scoring and
alerting crucial for timely incident response in manufacturing environments.

e  Scalability: The system scales with increasing network sizes and data complexity, suitable for
large industrial deployments.

6.4. Challenges and Limitations

Despite promising results, several challenges and limitations remain:

e  Data Imbalance: APT datasets often have fewer attack samples compared to normal operations,
complicating model training and necessitating data augmentation or rebalancing strategies.

e  Model Interpretability: Deep learning models, while accurate, often operate as black boxes,
making it difficult for analysts to interpret detection decisions fully.

e  Adversarial Robustness: Al models may be vulnerable to adversarial manipulation tactics aimed
at evading detection, requiring ongoing research into robust defense mechanisms.

e  Computational Complexity: Training and deploying advanced Al models demand significant
computational resources, which can constrain real-time processing on resource-limited edge
devices.

e  Generalizability: Models trained on specific datasets may underperform in unseen operational
environments, highlighting the need for continuous adaptation and domain-specific
customization.

7. Applications and Industrial Implications

The application of Al-augmented intrusion detection systems (IDS) in cyber-physical
manufacturing networks holds transformative potential for enhancing security within the Industry
4.0 and smart manufacturing landscape.

7.1. Enhancing Security in Smart Manufacturing and Industry 4.0

Industry 4.0 embodies the integration of IoT, Al, cloud computing, robotics, and cyber-physical
systems to create highly interconnected and automated smart manufacturing environments. This
increased connectivity, however, amplifies cybersecurity vulnerabilities, necessitating intelligent
solutions. Al-augmented IDS leverage machine learning and deep learning algorithms to analyze
vast and heterogeneous data streams from network traffic, sensors, and control systems in real time.
This capability enables detection and mitigation of both known and emerging threats, including
stealthy advanced persistent threats (APTs). By providing continuous monitoring and adaptive
anomaly detection, these systems are crucial for protecting production lines, safeguarding intellectual
property, and ensuring operational continuity.

7.2. Real-Time Threat Mitigation in IoT-Integrated CPS Environments

Cyber-Physical Systems (CPS) integrated with Internet of Things (IoT) devices introduce
complex attack surfaces that traditional IDS cannot efficiently manage. Al-augmented IDS in IoT-
enabled manufacturing environments can process large volumes of sensor data and network activity
with minimal latency, detecting anomalies indicative of cyberattacks as they occur. This real-time
threat mitigation enables immediate response actions such as isolating compromised devices,
blocking malicious traffic, or alerting security teams, thereby reducing potential damage. The ability
to adapt dynamically to evolving attack techniques further strengthens resilience in these rapidly
changing industrial contexts.

7.3. Scalability and Adaptability to Future Manufacturing Networks
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Future manufacturing networks will continue to grow in scale and heterogeneity, incorporating
more JoT devices, edge computing nodes, and complex cyber-physical integrations. Al-driven
intrusion detection systems offer scalability through modular architectures, cloud-edge hybrid
deployments, and continuous learning capabilities. These features allow the system to maintain high
detection accuracy and low false positive rates even as network complexity increases. Adaptability is
further enhanced by machine learning models that update themselves with new data,
accommodating shifting operational patterns and emerging cyber threats. This ensures sustainable
protection as manufacturing moves toward greater digitalization and autonomy.

Conclusion and Future Enhancement

The study of Al-augmented intrusion detection systems for mitigating Advanced Persistent
Threats in cyber-physical manufacturing networks reveals substantial improvements in detecting
sophisticated and stealthy cyberattacks that traditional detection methods often miss. By leveraging
machine learning and deep learning techniques, the proposed system achieves higher accuracy,
precision, recall, and a notably lower false alarm rate, which are critical factors for maintaining
operational integrity and security in manufacturing environments. This adaptive approach not only
enhances detection performance but also provides real-time monitoring and responsive alerting
capabilities essential for timely threat mitigation in complex industrial ecosystems.

Looking forward, future enhancements should focus on improving the transparency and
interpretability of AI models to help security analysts understand and trust detection outcomes.
Further development is necessary to bolster the robustness of models against adversarial attacks that
aim to deceive the detection system. Optimization for deployment in resource-constrained edge
environments will also be crucial for scalability and efficiency. Continuous learning mechanisms
enabling the intrusion detection system to adapt autonomously to evolving threats and operational
changes will enhance long-term resilience. Additionally, integrating these Al detection systems with
digital twin frameworks could enable predictive security by simulating and comparing real-world
and virtual manufacturing operations. Lastly, fostering cross-industry collaboration through
information sharing and federated learning may amplify collective defence capabilities against
complex cyber threats.

In summary, Al-augmented intrusion detection systems mark a pivotal advancement for
cybersecurity in Industry 4.0 manufacturing networks, enabling smarter, more adaptive, and more
effective defence against advanced persistent threats. Continued research addressing current
limitations and extending Al capabilities will be key to securing the future of cyber-physical
manufacturing systems.
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