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Abstract: This paper presents a comprehensive review of the state-of-the-art methods for monitoring online condition in
micromachining, focusing on multi-component signal separation and the application of Deep Reinforcement Learning (DRL)
within the Industry 4.0 framework. Multi-component signal separation techniques such as Empirical Mode Decomposition (EMD)
and Variational Mode Decomposition (VMD) are explored for their effectiveness in isolating relevant signals from complex noise
environments. Additionally, the paper examines DRL architecture, including Deep Q-Networks (DQN), Proximal Policy
Optimization (PPO), and Advantage Actor-Critic (A3C), which enable adaptive learning and real-time decision-making.
Comparative analysis of these techniques reveals significant improvements in accuracy, real-time capability, and scalability,
highlighting their potential for intelligent defect detection and control. The review also identifies existing research gaps and
proposes future research directions to enhance the integration of these techniques into practical micromachining applications.
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Introduction

Micromachining has emerged as a critical enabler in modern manufacturing, facilitating the production of highly precise
and miniaturized components essential for various advanced industries, including aerospace, electronics, biomedical devices, and
automotive sectors. The increasing demand for compact and efficient products has driven the growth of micromachining
technologies, which offer unparalleled precision, flexibility, and material versatility compared to conventional manufacturing
methods. This heightened importance is largely attributed to the ability of micromachining to achieve sub-micron accuracy,
enabling the fabrication of complex geometries with exceptional surface finishes, which are indispensable in high-performance
applications.

However, despite its numerous advantages, micromachining presents significant challenges, particularly in defect detection and
control. Due to the micro-scale nature of the operations, even minute defects can compromise the structural integrity,
functionality, and reliability of the final products. Traditional quality control techniques, which are predominantly offline and
involve post-process inspections, are often inadequate for micromachining applications. These conventional methods not only
increase production costs due to scrapped parts and rework but also fail to detect defects in real-time, leading to delayed
corrective actions. Moreover, the high-speed dynamics and complex interactions between the tool and workpiece in
micromachining exacerbate the difficulty of monitoring and controlling defects, necessitating advanced monitoring systems with
high sensitivity and accuracy.
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The complexities of micromachining processes, including variations in cutting forces, vibrations, temperature
fluctuations, and tool wear, significantly influence product quality. These challenges are further compounded by the inherent
noise and interference present in the signals generated during machining, making accurate defect detection a daunting task.
Consequently, there is an increasing need for innovative and robust solutions capable of real-time monitoring, signal separation,
and adaptive control to ensure defect-free manufacturing. In recent years, the integration of intelligent algorithms, advanced
sensor technologies, and machine learning techniques has shown great promise in addressing these challenges. However, despite
significant progress, the field still faces gaps in effectively integrating these technologies into practical applications. Therefore, a
comprehensive literature survey is warranted to explore the latest advancements and identify potential avenues for future
research.

Objectives of the Literature Survey

Given the critical importance of micromachining in modern manufacturing and the challenges associated with defect
detection and control, this literature survey aims to provide a detailed and systematic review of the current state-of-the-art
techniques. The primary objective is to collate and analyze existing research focusing on three pivotal areas: online condition
monitoring, signal separation, and the application of deep reinforcement learning in micromachining.

Online condition monitoring is fundamental in ensuring product quality by enabling real-time defect detection and
corrective actions during the machining process. This approach eliminates the need for post-process inspections and significantly
reduces production costs by minimizing scrap and rework. Therefore, this review will explore the latest advancements in sensor
technologies, data acquisition methods, and real-time analytics that facilitate effective online condition monitoring.

Signal separation is another crucial aspect of defect detection in micromachining. The complex and dynamic nature of
the machining process generates a mixture of signals, including noise, vibrations, and tool-workpiece interactions. Effective
separation of meaningful signals from noise is essential for accurate detection and process control. This survey aims to examine
various signal processing techniques, including wavelet transforms, empirical mode decomposition, and adaptive filtering
methods, which are employed to enhance signal clarity and improve defect detection accuracy.

In addition to traditional signal processing methods, the rapid advancements in artificial intelligence and machine
learning have paved the way for more sophisticated defect detection and control strategies. Deep reinforcement learning has
gained considerable attention due to its capability to learn complex patterns and make adaptive decisions based on real-time
feedback. Unlike conventional machine learning models, deep reinforcement learning algorithms can continuously improve their
performance by interacting with the machining environment, making them highly suitable for dynamic and non-linear
micromachining processes. This literature survey will explore the application of deep reinforcement learning models, including
deep Q-networks, policy gradient methods, and actor-critic algorithms, in enhancing defect detection accuracy and control
strategies.

Furthermore, the integration of these advanced monitoring and learning techniques presents unique challenges, including data
handling complexities, model training requirements, and computational costs. Therefore, this survey also aims to identify the
current limitations and potential research gaps in implementing these techniques for practical industrial applications. By
providing a comprehensive review, this paper seeks to contribute to the field by offering valuable insights that can guide future
research and development efforts.

Industry 4.0 and Micromachining Defects

Industry 4.0, often termed the Fourth Industrial Revolution, represents a paradigm shift in manufacturing, characterized
by the integration of digital technologies, advanced automation, and data-driven decision-making processes. Central to this
transformation are smart manufacturing systems and the Internet of Things (loT), which collectively enhance production
efficiency, flexibility, and precision through real-time data collection and advanced analytics (Thrombolysis et al., 2018). In the
context of micromachining, where extreme precision and consistency are required, the application of Industry 4.0 technologies

SGS Engineering & Sciences, VOL. 1 NO .1 (2025): LGPR
https://spast.org/index.php/techrep/index



https://spast.org/index.php/techrep/index

has shown significant potential in overcoming traditional limitations related to accuracy, defect detection, and process
optimization.

Smart manufacturing systems leverage interconnected cyber-physical systems (CPS) to monitor and control micromachining
processes with high accuracy. These systems integrate advanced sensor networks that continuously collect data on critical
parameters such as cutting forces, vibrations, tool wear, and temperature variations (John et al., 2023). loT devices, embedded
within micromachining equipment, enable seamless communication between physical machinery and digital control systems,
facilitating real-time monitoring and adaptive process adjustments. This interconnectedness not only enhances precision but also
improves operational efficiency by predicting potential failures and scheduling maintenance proactively.

One of the most significant contributions of Industry 4.0 to micromachining is the implementation of digital twins virtual replicas
of physical machining systems. Digital twins leverage real-time data to simulate and predict machining outcomes, enabling
manufacturers to optimize cutting conditions, tool paths, and machining strategies before physical execution (Thramboulidis et
al., 2018). By minimizing trial-and-error approaches, digital twins enhance productivity while maintaining the required precision
in micromachining operations. Additionally, the integration of advanced data analytics and machine learning algorithms enables
intelligent decision-making, allowing for continuous improvement in process parameters and defect reduction.

Furthermore, the adoption of cyber-physical systems (CPS) within Industry 4.0 frameworks enhances process automation,
enabling autonomous operations with minimal human intervention. These systems use feedback loops for self-optimization,
ensuring consistent product quality and reducing material waste. In micromachining, this capability is crucial, as even minor
deviations in tool positioning or cutting speed can lead to significant defects, affecting the overall functionality of micro-
components.

Common Defects in Micromachining

Despite the advancements facilitated by Industry 4.0 technologies, micromachining remains susceptible to a range of defects due
to its inherently complex and dynamic nature. Understanding these defects, their causes, and their consequences is crucial for
implementing effective defect detection and control strategies.

Types of Defects

1. Tool Wear: Tool wear is a prevalent defect in micromachining, caused by the continuous friction and high temperatures
generated during cutting. Over time, the cutting tool loses its sharpness, leading to increased cutting forces, vibration,
and heat, which can further accelerate wear. Excessive tool wear not only reduces dimensional accuracy but also
degrades the surface finish of the machined component. Studies indicate that real-time monitoring of tool wear is
essential to maintain consistent product quality and reduce operational costs (Mohanraj et al., 2023).

2. Surface Roughness: Surface roughness refers to the irregularities on the machined surface that affect its smoothness
and functional properties. In micromachining, surface roughness is influenced by multiple factors, including tool
geometry, feed rate, cutting speed, and vibrations (chatter) during the cutting process. Poor surface finish can impair
the mechanical performance and aesthetic appeal of the component, leading to functional failures, especially in
precision industries like aerospace and medical devices.

3. Dimensional Inaccuracy: Dimensional inaccuracies occur when the machined component deviates from the specified
design tolerances. These inaccuracies can arise from thermal expansion, machine tool deflections, tool wear, and errors
in tool positioning. In micromachining, where accuracy is measured at the micron or even sub-micron level, maintaining
dimensional accuracy is critical. Even minor deviations can lead to assembly issues or compromise the functionality of
the final product.
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Causes and Consequences

The root causes of these defects are multifaceted and interrelated. For example, tool wear can lead to increased cutting forces
and vibrations, subsequently affecting surface roughness and dimensional accuracy (Mohanraj et al., 2023). Surface roughness
can also result from improper tool selection, suboptimal cutting parameters, or inadequate lubrication. Dimensional inaccuracies,
on the other hand, are often attributed to machine tool deflections, thermal effects, and improper calibration.

The consequences of these defects are significant, impacting both product quality and manufacturing costs. Poor surface finish
can reduce the component's fatigue life, while dimensional inaccuracies can lead to functional mismatches or assembly failures.
In precision industries, where high standards of accuracy and reliability are mandatory, these defects can result in product recalls,
customer dissatisfaction, and damage to brand reputation. Therefore, effective defect detection and control mechanisms are
imperative to ensure consistent product quality and operational efficiency.

Need for Online Condition Monitoring

Traditional defect detection methods in micromachining, such as offline inspections and post-process quality checks, are
inherently reactive. These techniques involve manual inspections or the use of coordinate measuring machines (CMMs) after the
machining process is completed. While these methods can identify defects, they are time-consuming and often result in delayed
corrective actions, leading to increased scrap rates and production inefficiencies (Mohanraj et al., 2023).

Online condition monitoring addresses these limitations by providing continuous, real-time assessment of machining conditions.
This approach involves the deployment of advanced sensors that monitor key parameters such as vibration, acoustic emissions,
cutting forces, and temperature. The data collected is analyzed using sophisticated algorithms to detect anomalies indicative of
defects. For instance, an unexpected increase in vibration levels can signal tool wear or impending tool breakage, prompting
immediate corrective actions to prevent defective parts from being produced.

Advantages of Real-Time Defect Detection and Control

1. Improved Product Quality: Real-time defect detection allows for immediate adjustments in machining parameters,
ensuring that defects are corrected before affecting a large batch of products (John et al., 2023).

2. Reduced Downtime: Predictive maintenance, enabled by online condition monitoring, allows manufacturers to
schedule maintenance proactively, minimizing unexpected machine stoppages and reducing downtime.

3. Cost Savings: Early detection and correction of defects significantly reduce scrap rates, rework, and material wastage,
leading to cost-effective manufacturing.

4. Enhanced Process Understanding: Continuous data collection and analysis provide deeper insights into the machining
process, enabling manufacturers to optimize cutting parameters, improve tool life, and enhance overall productivity.

Online condition monitoring, combined with advanced data analytics and machine learning algorithms, empowers
manufacturers to transition from reactive to proactive defect detection and control strategies. This transition not only enhances
the reliability and efficiency of micromachining processes but also aligns with the broader goals of Industry 4.0 by leveraging
data-driven decision-making for operational excellence

Online Condition Monitoring Techniques

Effective online condition monitoring is essential in micromachining to ensure precision, prevent defects, and maintain
optimal tool performance. This section delves into traditional monitoring approaches, advanced signal processing techniques,
the integration of deep learning models, and the emerging role of deep reinforcement learning in enhancing micromachining
processes.

Traditional Monitoring Approaches

SGS Engineering & Sciences, VOL. 1 NO .1 (2025): LGPR
https://spast.org/index.php/techrep/index



https://spast.org/index.php/techrep/index

Traditionally, micromachining processes have relied on several conventional monitoring techniques to assess tool and
workpiece conditions. These include vibration analysis, acoustic emission (AE), and force measurement.
Vibration Analysis

Vibration analysis is widely used in micromachining to detect oscillations in the machining process. It utilizes
accelerometers to measure vibration patterns, which can indicate tool wear, imbalance, or misalignment. Studies have shown
that variations in vibration patterns are strongly correlated with tool wear and surface roughness, achieving an accuracy of 80%
in detecting defects (Jemielniak & Arrazola, 2008). However, distinguishing between vibrations caused by tool wear and those
from other sources, such as machine structure or ambient noise, can be challenging, leading to potential misinterpretations. This
limitation necessitates advanced signal processing techniques for accurate diagnosis.

Acoustic Emission (AE)

Acoustic emission involves capturing high-frequency sound waves emitted during material deformation or crack
formation. AE sensors are sensitive to changes in the cutting process, making them useful for early defect detection. Research
indicates that AE signals can effectively detect tool wear and surface integrity in micro-milling, achieving an accuracy of 85%
(Jemielniak & Arrazola, 2008). Nonetheless, AE signals can be affected by ambient noise, necessitating sophisticated filtering
techniques to extract meaningful data. Additionally, the integration of AE with other monitoring techniques, such as vibration
analysis, enhances defect detection accuracy.

Force Measurement

Force measurement employs dynamometers to measure cutting forces in real-time. Fluctuations in cutting forces can
signify tool wear, changes in material properties, or process instabilities. According to Jemielniak and Arrazola (2008), real-time
force measurement provides direct insights into the cutting process, enabling accurate defect prediction with an accuracy of 88%.
However, the setup can be intrusive, potentially altering the system's dynamics. Despite these challenges, force measurement
remains an effective method for monitoring tool condition and predicting machining defects.

Advanced Signal Processing Techniques

To overcome the constraints of conventional methods, advanced signal processing techniques have been developed,
including multi-component analogous signal separation and feature extraction with noise reduction.
Multi-Component Analogous Signal Separation

This approach decomposes complex signals into constituent components, enabling the isolation of specific features
related to tool wear or surface defects. Techniques such as Empirical Mode Decomposition (EMD) and Wavelet Transforms are
commonly employed for this purpose. These methods enhance signal clarity and facilitate accurate defect detection by separating
meaningful signals from noise. Pratama et al. (2017) demonstrated that using EMD increased defect detection accuracy by 10%
compared to traditional signal processing methods.
Feature Extraction and Noise Reduction

Feature extraction identifies and extracts relevant features from raw data, such as amplitude, frequency, and phase,
reducing noise and enhancing signal clarity. Methods like Principal Component Analysis (PCA) and Independent Component
Analysis (ICA) aid in emphasizing significant patterns while suppressing irrelevant information. Recent studies demonstrate that
integrating PCA with wavelet transforms improves defect detection accuracy by 20% (Pratama et al., 2017). This approach not
only refines data quality but also focuses on critical signal components for accurate defect diagnosis.

Deep Learning for Condition Monitoring

The advent of deep learning has revolutionized condition monitoring in micromachining, offering superior accuracy and
adaptability compared to traditional machine learning models.
Convolutional Neural Networks (CNNs)

CNNs are adept at processing spatial data and have been applied to analyze images and spectrograms derived from
sensor data. For instance, force waveform shapes can be transformed into images, which CNNs then classify to detect tool wear
patterns. Studies reveal that CNNs outperform traditional machine learning models in classifying complex patterns with an
accuracy of 92% (Han et al., 2023). By automatically learning hierarchical feature representations, CNNs reduce the need for
manual feature engineering.

Recurrent Neural Networks (RNNs)
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RNNs, particularly Long Short-Term Memory (LSTM) networks, excel in handling temporal sequences. They are utilized
to model time-series data from sensors, capturing temporal dependencies and predicting future tool conditions based on
historical data. Han et al. (2023) demonstrate that LSTM networks achieve 95% accuracy in tool wear prediction, outperforming
traditional methods by 15%. This capability makes RNNs highly effective in modeling dynamic and non-linear micromachining
processes.

Role of Deep Reinforcement Learning (DRL)

Deep Reinforcement Learning (DRL) combines reinforcement learning principles with deep neural networks, enabling
systems to make sequential decisions and adapt to dynamic environments.
Adaptive Learning and Decision-Making in Real-Time

DRL algorithms can learn optimal control policies through interactions with the machining environment. By receiving
feedback in the form of rewards or penalties, these models adjust their actions to minimize defects and enhance process
efficiency. Studies indicate that DRL enhances defect control efficiency by 30% compared to rule-based systems (Dehaerne et al.,
2023). This adaptive learning capability makes DRL particularly suitable for dynamic micromachining environments.
Integration with Signal Processing for Intelligent Defect Control

When combined with advanced signal processing, DRL can interpret complex sensor data to make informed decisions.
For example, real-time analysis of acoustic emissions and vibrations allows the system to adjust machining parameters
proactively, mitigating potential defects before they manifest. Dehaerne et al. (2023) highlight that integrating DRL with wavelet
transforms improves defect detection accuracy by 25%.

Comparative Analysis and Efficiency

The following table compares the accuracy and efficiency improvement of various monitoring techniques based on real-
time data from cited studies:
Table 1: Comparative Analysis of Online Condition Monitoring Techniques in Micromachining

Technique Accuracy (%) | Efficiency Improvement (%) | Reference

Vibration Analysis 80 15 Jemielniak & Arrazola (2008)
Acoustic Emission (AE) 85 20 Jemielniak & Arrazola (2008)
Force Measurement 88 25 Jemielniak & Arrazola (2008)
Multi-Component Signal Separation | 90 30 Pratama et al. (2017)

CNNs 92 35 Han et al. (2023)

LSTM Networks 95 40 Han et al. (2023)

Deep Reinforcement Learning (DRL) | 98 50 Dehaerne et al. (2023)

Table 1 presents a comparative analysis of various online condition monitoring techniques used in micromachining. It highlights
their accuracy and efficiency improvement percentages based on real-time data from cited studies. The results indicate that
advanced deep learning models, particularly CNNs, LSTM networks, and DRL, significantly outperform traditional methods in
terms of accuracy and efficiency. This justifies the growing adoption of intelligent monitoring systems in modern micromachining
applications.

Table 2: Comparative Analysis of Signal Separation Techniques

Technique Accuracy Computational Reconstruction Mode Separation | Reference
(%) Time (s) Error Quality (%)
Empirical Mode | 85 2.5 0.1 85 Yi Zhang et al.
Decomposition (EMD) (2017)
Wavelet Transform (WT) 80 4.0 0.15 80 Praveena et al.
(2022)
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Variational Mode | 95 3.0
Decomposition (VMD)

0.08

95

Mir
(2021)

et al

Deep Reinforcement Learning in Defect Detection and Control

Deep Reinforcement Learning (DRL) has revolutionized detection and control by offering adaptive learning and
decision-making capabilities in complex industrial environments. Unlike traditional rule-based systems, DRL leverages neural

networks to learn optimal policies directly from raw sensor data, allowing intelligent agents to make real-time decisions to
optimize quality control, predictive maintenance, and anomaly detection. This section explores the foundational principles of

DRL, its applications in online condition monitoring, and the challenges associated with its implementation, supported by 20

recent research papers from reputable journals.

DRL Architectures

Several DRL architectures have been developed to address the challenges of complex decision-making in defect detection

and control. The most widely used architectures are:

e Deep Q-Network (DQN): Deep Q-Network (DQN) is a value-based method that combines Q-Learning with deep neural

networks to approximate the Q-value function. This architecture enables agents to select optimal actions based on
expected future rewards, making it particularly suitable for defect classification and anomaly detection tasks. DQN has
been widely used in defect detection due to its ability to handle high-dimensional state spaces efficiently (Serin et al.,
2020).

DQN stabilizes training using two key techniques:

o Experience Replay: Stores agent experiences and random samples them during training, breaking the
temporal correlation between experiences and improving data efficiency.

o Target Networks: Maintains a separate target network that updates more slowly than the main network,
reducing oscillations and ensuring stable learning.

DQN'’s success in detecting surface defects in manufacturing processes demonstrates its robustness and accuracy in
noisy environments. It has also been applied to anomaly detection in semiconductor manufacturing, where it achieved
high detection accuracy by learning from noisy sensor data (Chen et al., 2023).

Proximal Policy Optimization (PPO): Proximal Policy Optimization (PPO) is an actor-critic method that optimizes policies
by balancing exploration and exploitation. It achieves this by restricting policy updates to small steps, ensuring stability
and preventing large deviations that could degrade performance. PPO has demonstrated high stability and performance
in real-time monitoring and control applications, where rapid adaptation is crucial (Jaber & Sari, 2024).

PPO has been applied in semiconductor manufacturing to optimize process parameters, achieving a 12% reduction in
defect rates. Its ability to efficiently handle continuous action spaces makes it ideal for robotic defect inspection and
adaptive quality control (Mantach et al., 2022).

Advantage Actor-Critic (A3C): Advantage Actor-Critic (A3C) enhances exploration efficiency and reduces training time
by utilizing multiple agents learning in parallel. This asynchronous parallelism improves stability and convergence
speed, enabling adaptive control strategies in dynamic and stochastic defect patterns. A3C has been widely applied in
environments with continuous action spaces, such as robotic control for defect inspection and predictive maintenance
scheduling (Pricope, 2021).
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A3C's multi-agent learning approach also provides robustness to dynamic operational conditions and enhances the model's
generalization capabilities, making it effective in complex industrial settings where variability and uncertainty are prevalent. This

architecture has shown great potential in predictive maintenance scenarios, where multiple machines or components require

simultaneous monitoring and decision-making.

Challenges and Limitations

Despite the promising applications, several challenges persist:

e  Model Training Complexity and Real-Time Implementation: Training DRL models requires substantial computational

resources and time. Implementing these models in real-time monitoring systems necessitates efficient algorithms

capable of rapid decision-making.

e  Generalization and Transfer Learning Issues: DRL models trained on specific tasks may struggle to generalize across

different machining operations or adapt to new defect types, highlighting the need for robust transfer learning
techniques to enhance the versatility and applicability of DRL in varied industrial settings.

e  Scalability and Deployment: Although DRL models perform well in simulation environments, their scalability to large
industrial systems remains a challenge. Practical deployment requires addressing issues related to communication

latency, integration with existing industrial systems, and ensuring reliability under varying operational conditions.

Table 3: Performance Comparison of DRL Algorithms in Defect Detection and Control

Application Area Algorithm Used Accuracy Reduction in Downtime | Training Time
(%) (%) (Hours)
Cyber-Physical Systems | Deep Q-Network (DQN) 92 15 10
(CPS)
Predictive Maintenance Proximal Policy Optimization | 88 20 12
(PPO)
Additive Manufacturing Advantage Actor-Critic (A3C) 90 18 9
Steam Turbine Systems Deep Q-Learning with Update | 94 22 14
Policies

The comparative analysis reveals that while DQN is effective for high-dimensional anomaly detection, PPO is more
suitable for real-time adaptive control due to its stable learning process. Conversely, A3C is ideal for dynamic environments but
requires significant computational power, posing scalability challenges for large industrial systems (Serin et al., 2020).

Table 4: Comparative Analysis of DRL Methods in Defect Detection and Condition Monitoring

DRL Method Accuracy | Sensitivity | Real-Time Pros Cons Applications
(%) (%) Capability
Deep Q| 92 89 Moderate High  accuracy, | Struggles with | Surface defect
Network Robust to noisy | continuous  action | detection, Anomaly
(DQN) data spaces, High | detection in
computational cost semiconductors
Proximal Policy | 88 85 High Stable policy | Requires Real-time  process
Optimization updates, Efficient | hyperparameter optimization,
(PPO) in continuous | tuning Robotic defect
spaces inspection
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Advantage 90 87 Moderate Fast High computational | Robotic control,

Actor-Critic convergence, cost due to | Predictive
(A3C) Robust in | asynchronous maintenance
dynamic updates scheduling

environments

Identification of Research Gaps

Despite significant advancements in DRL-based defect detection and condition monitoring, several research gaps hinder
broader adoption and effectiveness. Current limitations include generalization and transfer learning challenges, as most DRL
models are trained on specific datasets, limiting their adaptability to different defect types and dynamic industrial environments.
Achieving real-time performance and scalability remains difficult due to the computational complexity of DRL algorithms and
communication latency in large industrial systems. Additionally, data scarcity and class imbalance reduce model accuracy, and
the black-box nature of DRL models limits interpretability, affecting trust and validation in industrial applications. To address
these challenges, future research should focus on developing generalizable models through robust transfer learning techniques
and creating lightweight DRL models optimized for edge devices to enhance real-time capability and scalability. Leveraging
generative adversarial networks (GANs) and synthetic data generation can mitigate data scarcity and imbalance issues.
Furthermore, developing explainable Al techniques is essential to enhance model interpretability, promoting transparency and
trust in decision-making processes, thereby advancing DRL's application in defect detection and condition monitoring.

Future Trends and Directions

The future of defect detection and condition monitoring is being shaped by emerging technologies and innovative
methodologies that enhance accuracy, real-time decision-making, and operational efficiency. Deep Reinforcement Learning (DRL)
is at the forefront of this transformation, supported by advances in Artificial Intelligence (Al), Industrial Internet of Things (lloT),
and Edge Computing. Al-driven predictive analytics enables systems to learn from complex data streams, identify patterns, and
detect anomalies with high accuracy and reliability, while continuously updating models to adapt to changing operating
conditions. The integration of Al with DRL enhances defect detection and supports adaptive learning, optimizing real-time
decision-making. IloT facilitates continuous data acquisition and communication among interconnected devices, enabling
proactive maintenance strategies through real-time insights into equipment health. This connectivity allows real-time anomaly
detection and adaptive control, enhancing scalability and interoperability across distributed systems in smart manufacturing
environments. Edge computing further transforms real-time decision-making by processing data closer to the source, reducing
latency, and enabling adaptive learning in dynamic and stochastic environments. The integration of DRL with smart manufacturing
systems supports intelligent automation, predictive maintenance, and adaptive quality control, though challenges related to
interoperability and scalability must be addressed. Standardized communication protocols, efficient resource management, and
lightweight DRL models optimized for edge devices are crucial for scaling DRL models in large industrial networks. Autonomous
defect control represents the next frontier, with DRL enabling self-healing systems that autonomously trigger corrective actions
and adaptive control systems that continuously update policies in response to changing conditions. These systems enhance
operational efficiency by minimizing human intervention and optimizing maintenance schedules. The convergence of these
technologies paves the way for intelligent and adaptive quality control in Industry 4.0, driving continuous improvement and
operational excellence.

Conclusion

Deep Reinforcement Learning (DRL) has significantly advanced online condition monitoring by enabling real-time defect
detection, adaptive learning, and intelligent decision-making. By integrating neural networks with reinforcement learning
principles, DRL models effectively learn from raw sensor data and optimize quality control, predictive maintenance, and anomaly
detection in complex industrial environments. Multi-component signal separation combined with DRL enhances accuracy and
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scalability, making it highly effective for dynamic and stochastic environments. Comparative analysis reveals that while Deep Q-
Networks (DQN) are robust for anomaly detection, Proximal Policy Optimization (PPO) excels in real-time adaptive control, and
Advantage Actor-Critic (A3C) is suitable for dynamic environments requiring fast convergence.

The integration of DRL with smart manufacturing systems facilitates predictive maintenance, reducing downtime and
enhancing productivity. Emerging technologies such as Artificial Intelligence (Al), Industrial Internet of Things (lloT), and Edge
Computing are pivotal for achieving autonomous defect control and intelligent automation in Industry 4.0. By enabling adaptive
learning, self-healing, and real-time decision-making, DRL models contribute to the development of intelligent and autonomous
manufacturing systems. The seamless integration of DRL with lloT and Edge Computing further enhances scalability,
interoperability, and real-time capability, paving the way for intelligent and adaptive quality control. Collaborative and
interdisciplinary research is crucial for addressing existing challenges and maximizing DRL's potential in defect detection and
condition monitoring. This includes developing generalizable models, enhancing real-time performance, and addressing data
scarcity and interpretability challenges. Additionally, standardized benchmarks and datasets are needed to facilitate fair
comparisons and accelerate advancements in DRL-based condition monitoring. To fully realize the potential of DRL in Industry
4.0, continued research and innovation are essential, focusing on integrating emerging technologies, developing lightweight
models, and achieving scalable and interoperable solutions for intelligent and autonomous defect control systems.
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