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Abstract— The increasing adoption of smart manufacturing technologies has intensified the need for reliable predictive 

maintenance solutions to reduce unexpected equipment failures and production downtime. Rotating machinery, including 

bearings, electric motors, gearboxes, pumps, and turbines, represents a critical class of industrial assets whose degradation 

directly affects manufacturing productivity, operational safety, and maintenance costs. This study presents a trustworthy AI-

driven framework for condition monitoring and Remaining Useful Life (RUL) prediction of rotating machinery in smart 

manufacturing environments. The proposed framework integrates multi-sensor condition monitoring using vibration, 

temperature, acoustic emission, pressure, and motor current measurements with machine learning and deep learning models 

for intelligent fault diagnosis and prognostics. To improve transparency and industrial trust, the framework incorporates 

Explainable Artificial Intelligence (XAI) techniques, including SHAP and LIME, to identify the operational factors influencing 

prediction outcomes. In addition, Digital Twin technology and Physics-Informed Artificial Intelligence are integrated to 

enhance prediction reliability and maintain consistency with engineering knowledge. The framework is evaluated using 

benchmark datasets and standard classification and regression metrics, including Accuracy, Precision, Recall, F1-Score, 

MAE, RMSE, and RUL prediction error. The results demonstrate that the integration of multi-sensor monitoring, explainable 

AI, and Digital Twin-assisted analysis improves diagnostic reliability, prediction consistency, and maintenance decision 

support. The proposed approach offers practical benefits for Industry 4.0 applications by reducing unplanned downtime, 

optimizing maintenance scheduling, improving equipment availability, and enhancing the trustworthiness of AI-based 

predictive maintenance systems for critical rotating machinery. 

Keywords— Trustworthy Artificial Intelligence, Predictive Maintenance, Condition Monitoring, Remaining Useful Life 

Prediction, Rotating Machinery, Smart Manufacturing, Industry 4.0, Explainable Artificial Intelligence, Digital Twin, 

Physics-Informed AI, Machine Learning, Deep Learning. 

I. INTRODUCTION 

1.1 Background 

The integration of digital technologies into production systems drives the transformation of the manufacturing industry. 

Intelligent manufacturing connects components such as factory machines and sensors to collect and analyze operational data. 

This transformation, tied to Industry 4.0, shifts production maintenance from passive response to data-driven decision-making. 

According to references [1]–[6], this transformation can improve operational efficiency, equipment utilization, and production 

reliability. Among the assets operating within modern manufacturing facilities, rotating machinery plays a particularly 

important role. Bearings, electric motors, gearboxes, pumps, and turbines provide the mechanical power required for 

production processes across sectors such as automotive manufacturing, chemical processing, power generation, mining, and 

oil and gas. Because these components often operate continuously under demanding mechanical and environmental conditions, 

gradual degradation is unavoidable. If developing faults remain undetected, they may lead to unexpected equipment failure, 

production downtime, costly repairs, and increased safety risks [7]–[12]. To reduce these risks, industries have increasingly 
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adopted condition monitoring as part of predictive maintenance programs. Rather than relying solely on fixed maintenance 

schedules, condition monitoring assesses equipment health using operational measurements collected during machine 

operation. Signals such as vibration, temperature, acoustic emission, pressure, and motor current contain valuable information 

about the mechanical condition of rotating equipment. They can reveal early indications of wear, imbalance, misalignment, 

lubrication problems, or bearing damage before catastrophic failure occurs [13]–[20]. Recent advances in artificial intelligence 

have significantly expanded the capabilities of condition monitoring systems. Machine learning and deep learning models can 

identify complex relationships in sensor data that are difficult to detect with conventional analytical methods. These models 

have demonstrated considerable success in machinery fault diagnosis and Remaining Useful Life (RUL) prediction, allowing 

maintenance activities to be planned before equipment reaches a critical failure state. Accurate RUL prediction contributes to 

improved maintenance scheduling, reduced operational costs, and increased equipment availability, making it an important 

component of intelligent maintenance strategies [21]–[30]. Although predictive performance has improved substantially, 

industrial deployment of AI-based maintenance systems still faces practical challenges. Many high-performing models provide 

limited explanation for their predictions, making it difficult for maintenance engineers to verify whether recommended actions 

are technically reasonable. This lack of transparency can reduce confidence in automated maintenance decisions, particularly 

for safety-critical equipment. Consequently, recent research has focused on developing trustworthy AI by incorporating 

explainability, engineering knowledge, and Digital Twin technologies to improve the reliability and interpretability of 

intelligent maintenance systems [2], [30]. Motivated by these developments, this study investigates a trustworthy AI-driven 

framework for condition monitoring and Remaining Useful Life prediction of rotating machinery in smart manufacturing 

environments. The proposed framework combines multi-sensor data analysis with explainable artificial intelligence and Digital 

Twin concepts to support reliable maintenance decision-making, improve equipment availability, and reduce unplanned 

production interruptions. 

1.2 Problem Statement 

Rotating machinery forms the operational backbone of modern manufacturing systems, where continuous, reliable performance 

is essential to maintaining production efficiency and product quality. Despite significant advances in sensing technologies and 

industrial automation, unexpected failures of bearings, electric motors, gearboxes, pumps, and turbines continue to disrupt 

manufacturing operations. Such failures often result in unplanned downtime, increased maintenance costs, production losses, 

equipment damage, and potential safety hazards. As manufacturing systems become increasingly interconnected and 

automated, the economic and operational consequences of equipment failure become even more pronounced [7]–[12]. Existing 

maintenance strategies exhibit several limitations when applied to complex industrial environments. Corrective maintenance 

responds only after equipment failure occurs, while preventive maintenance relies on predetermined service intervals that may 

not accurately reflect the actual condition of machinery. Although data-driven predictive maintenance has improved fault 

detection and Remaining Useful Life (RUL) estimation, many existing machine learning and deep learning models operate as 

black-box systems, offering limited explanations for their predictions. This lack of transparency reduces user confidence and 

poses challenges to the deployment of AI-based maintenance systems in safety-critical industrial applications, where 

maintenance decisions must be technically justifiable [18], [21]–[30]. Furthermore, many current predictive maintenance 

approaches rely primarily on historical sensor data while giving limited consideration to engineering knowledge, physical 

degradation mechanisms, and real-time operational behavior. As a result, prediction accuracy and model reliability may 

deteriorate when equipment operates under conditions that differ from those represented in the training data. These limitations 

highlight the need for maintenance frameworks that combine advanced predictive capability with model interpretability and 

engineering consistency. Consequently, this study proposes a trustworthy AI-driven framework that integrates multi-sensor 

condition monitoring, explainable artificial intelligence, and Digital Twin concepts to support reliable Remaining Useful Life 

prediction and informed maintenance decision-making for rotating machinery in smart manufacturing environments. 

1.3 Aim and Objectives 

This study aims to develop a trustworthy artificial intelligence framework for condition monitoring and Remaining Useful Life 

(RUL) prediction of rotating machinery operating in smart manufacturing environments. The proposed framework seeks to 

improve maintenance decision-making by integrating intelligent fault diagnosis, explainable prediction mechanisms, and 

Digital Twin-assisted analysis to enhance equipment reliability and operational efficiency. To achieve this aim, the study 

pursues the following objectives: 

1) To examine the role of condition monitoring in improving the reliability of rotating machinery within smart 

manufacturing systems. 
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2) To investigate the application of machine learning and deep learning techniques for fault diagnosis and Remaining 

Useful Life prediction using multi-sensor operational data. 

3) To develop a trustworthy AI-driven framework that integrates vibration, temperature, acoustic emission, pressure, and 

motor current measurements to assess the health of intelligent equipment. 

4) To incorporate Explainable Artificial Intelligence (XAI) techniques that improve the transparency and interpretability 

of AI-based maintenance predictions. 

5) To investigate the integration of Digital Twin and Physics-Informed AI concepts to enhance prediction reliability and 

support engineering-informed maintenance decisions. 

6) To evaluate the potential industrial benefits of the proposed framework in reducing unplanned downtime, maintenance 

costs, and operational risks associated with critical rotating machinery. 

1.4 Research Contributions 

This study advances intelligent predictive maintenance by proposing a trustworthy artificial intelligence framework for 

condition monitoring and Remaining Useful Life (RUL) prediction of rotating machinery in smart manufacturing 

environments. Unlike conventional predictive maintenance approaches that primarily emphasize prediction accuracy, the 

proposed framework combines intelligent, data-driven models with explainability and engineering knowledge to support 

reliable, transparent maintenance decision-making. The first contribution of this study is the development of an integrated 

framework that combines multi-sensor condition monitoring with artificial intelligence techniques for comprehensive 

equipment health assessment. By utilizing vibration, temperature, acoustic emission, pressure, and motor current signals, the 

framework provides a holistic representation of machinery operating conditions. It enables early identification of degradation 

patterns across multiple types of rotating equipment. The second contribution is the incorporation of Explainable Artificial 

Intelligence (XAI) into the prediction process. The framework is designed not only to estimate equipment health and Remaining 

Useful Life but also to provide interpretable insights into the factors influencing maintenance recommendations. This capability 

enhances user confidence and supports maintenance engineers in validating AI-generated decisions before implementation. A 

further contribution is the integration of Digital Twin and Physics-Informed AI concepts to strengthen prediction reliability. 

By combining real-time operational data with engineering knowledge and virtual asset representation, the proposed framework 

seeks to improve prediction robustness under varying operating conditions while supporting more informed maintenance 

planning. Finally, this study provides a comprehensive review of recent developments in trustworthy AI for predictive 

maintenance and identifies future research opportunities for intelligent condition monitoring systems in Industry 4.0. The 

proposed framework is expected to support improved equipment reliability, reduced maintenance costs, enhanced operational 

safety, and increased manufacturing productivity, thereby contributing to the continued advancement of smart manufacturing 

technologies. 

1.5 Organization of the Paper 

The remainder of this paper is organized as follows. Section 2 presents a review of the literature on smart manufacturing, 

condition monitoring of rotating machinery, Remaining Useful Life (RUL) prediction, machine learning and deep learning 

techniques, Explainable Artificial Intelligence (XAI), and Digital Twin technologies for predictive maintenance. Section 3 

describes the proposed trustworthy AI-driven framework, including data acquisition, signal preprocessing, fault diagnosis, 

RUL prediction, explainability, and Digital Twin integration. Section 4 outlines the experimental methodology, benchmark 

datasets, model development process, and performance evaluation metrics used to assess the proposed framework. Section 5 

discusses the framework's expected performance and its potential impact on intelligent maintenance and manufacturing 

operations. Section 6 examines practical applications, current challenges, and emerging research directions for trustworthy AI 

in predictive maintenance. Finally, Section 7 concludes the paper by summarizing the key findings, contributions, and future 

opportunities for intelligent condition monitoring and Remaining Useful Life prediction in smart manufacturing. 

II. LITERATURE REVIEW 

2.1 Smart Manufacturing and Industry 4.0 

Smart manufacturing has emerged as a defining characteristic of modern industrial production by integrating digital 

technologies with conventional manufacturing processes. Industry 4.0 combines cyber-physical systems, the Industrial Internet 

of Things (IIoT), cloud computing, and intelligent analytics to create interconnected production environments capable of real-
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time monitoring and decentralized decision-making [1]–[6]. Unlike traditional manufacturing systems, smart factories 

continuously collect operational data from machines and production lines, enabling timely identification of performance 

deviations and supporting more efficient resource utilization. The widespread deployment of industrial sensors has significantly 

expanded the volume of operational data available for equipment monitoring. Measurements obtained from vibration, 

temperature, pressure, acoustic emission, and electrical current sensors provide valuable information about machine behavior 

throughout the production process. Researchers have shown that integrating these data streams with intelligent analytical 

platforms improves equipment visibility and enables maintenance decisions to be based on actual operating conditions rather 

than predetermined maintenance schedules [5], [6]. This transition has contributed to the growing adoption of condition-based 

and predictive maintenance strategies across manufacturing industries. Several studies have demonstrated that artificial 

intelligence plays an increasingly important role in smart manufacturing by supporting fault diagnosis, process optimization, 

quality control, and predictive maintenance [18]–[30]. Machine learning and deep learning techniques can analyze complex 

industrial datasets more effectively than many conventional statistical approaches, particularly when equipment operates under 

varying conditions. These capabilities have encouraged manufacturers to incorporate AI-driven decision support into 

maintenance planning to improve equipment availability and reduce operational costs. Despite these advances, practical 

implementation remains challenging. Industrial environments often contain heterogeneous equipment, diverse communication 

standards, noisy sensor measurements, and continuously changing operating conditions. These factors can reduce data quality 

and limit the generalization capability of predictive models developed under controlled laboratory environments. In addition, 

many high-performing AI models provide limited explanations for their predictions, making it difficult to validate maintenance 

recommendations in safety-critical applications. Consequently, current research has shifted beyond improving prediction 

accuracy toward developing intelligent maintenance systems that are reliable, interpretable, and suitable for real-world 

industrial deployment. Since effective predictive maintenance fundamentally depends on accurate assessment of equipment 

health, understanding existing approaches to rotating machinery condition monitoring is essential. The following section 

therefore reviews current condition-monitoring techniques and the sensing technologies commonly employed in rotating 

industrial equipment. 

2.2 Rotating Machinery Condition Monitoring 

Condition monitoring is a fundamental component of predictive maintenance because it provides continuous information about 

the health of industrial equipment during operation. Rather than relying on periodic inspections or fixed maintenance intervals, 

condition monitoring evaluates machine behavior using operational data collected throughout the equipment lifecycle. This 

approach enables maintenance personnel to identify developing faults at an early stage, allowing corrective actions to be 

planned before failures interrupt production. Numerous studies have shown that effective condition monitoring significantly 

improves equipment reliability, reduces maintenance expenditure, and increases asset availability in modern manufacturing 

systems [7]–[10]. Rotating machinery, including bearings, electric motors, gearboxes, pumps, and turbines, is particularly well-

suited to condition monitoring because mechanical degradation typically develops progressively rather than occurring 

instantaneously. Defects such as bearing wear, shaft misalignment, rotor imbalance, gear tooth damage, lubrication failure, and 

mechanical looseness alter the operating characteristics of machinery long before complete failure occurs. Monitoring these 

changes provides valuable insight into equipment health and supports timely maintenance decisions that minimize production 

downtime and prevent secondary damage to interconnected components [11]–[15]. The effectiveness of condition monitoring 

largely depends on the quality and diversity of the acquired sensor data. Vibration analysis remains the most extensively applied 

technique because vibration signals are highly sensitive to changes in mechanical condition and can reveal faults at relatively 

early stages. Temperature monitoring is commonly used to detect excessive friction, overheating, and lubrication problems, 

while acoustic emission measurements capture high-frequency stress waves associated with crack initiation and surface 

deterioration. In addition, pressure sensors are frequently employed in pumps and hydraulic systems, whereas motor current 

analysis offers a non-invasive means of detecting both electrical and mechanical abnormalities. The integration of these sensing 

modalities provides a more comprehensive assessment of machinery health than any individual measurement alone [12]–[20]. 

Although substantial progress has been achieved in industrial condition monitoring, several challenges remain. Industrial 

sensor data are often affected by measurement noise, varying operating conditions, fluctuating loads, and environmental 

disturbances, which complicate fault identification. Furthermore, equipment operating at different speeds or under different 

production requirements may exhibit considerable variation in signal characteristics despite having similar health conditions. 

These challenges reduce the robustness of conventional diagnostic approaches and have motivated increasing adoption of 

intelligent data-driven methods capable of learning complex degradation patterns from large-scale operational datasets [18]–

[20]. The continuous growth of industrial sensing technologies has therefore shifted condition monitoring from simple fault 
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detection toward intelligent health assessment. Instead of identifying only the presence of faults, modern monitoring systems 

increasingly seek to estimate the severity of degradation and predict future equipment behavior. This evolution has made 

Remaining Useful Life (RUL) prediction a major research focus in predictive maintenance, as it enables maintenance planning 

based not only on the machine's current condition but also on the expected progression of equipment degradation. The following 

section reviews recent developments in RUL prediction and its role in intelligent maintenance systems. 

2.3 Remaining Useful Life (RUL) Prediction 

Remaining Useful Life (RUL) prediction has become a central research topic in predictive maintenance because it estimates 

the time or operating cycles remaining before equipment can no longer perform its intended function. Unlike conventional 

fault diagnosis, which primarily identifies the existence of abnormalities, RUL prediction focuses on forecasting future 

degradation to support proactive maintenance planning. Accurate estimation of equipment life enables manufacturers to 

schedule maintenance activities more effectively, optimize spare-part inventory, reduce unexpected failures, and improve 

overall production efficiency [15], [21]–[24]. Early approaches to RUL prediction relied on statistical degradation models and 

physics-based methods that describe equipment deterioration using mathematical representations of wear mechanisms. These 

models provide valuable engineering insights and perform well when degradation behavior is well understood. However, their 

application is often limited by the complexity of industrial machinery, varying operating conditions, and the difficulty of 

accurately modeling multiple interacting failure mechanisms. Consequently, developing generalized models for diverse 

manufacturing environments remains a significant challenge [21], [22]. The increasing availability of operational data has 

accelerated the adoption of data-driven approaches for RUL prediction. Machine learning techniques analyze historical sensor 

measurements to identify relationships between equipment condition and the progression of degradation without requiring 

explicit physical models. More recently, deep learning architectures have demonstrated superior capability in learning complex 

temporal and nonlinear patterns from large-scale sensor data, leading to improved prediction accuracy for rotating machinery 

operating under dynamic industrial conditions [22], [30], [36]–[38]. Despite these advances, reliable RUL prediction remains 

challenging in practical applications. Prediction accuracy is strongly influenced by data quality, sensor reliability, operating 

variability, and the availability of representative degradation data. Models trained under controlled laboratory conditions may 

experience reduced performance when deployed in real manufacturing environments where operating loads and environmental 

conditions continuously change. Furthermore, many advanced prediction models provide limited insight into the reasoning 

behind their estimates, making it difficult for maintenance engineers to assess the reliability of AI-generated predictions before 

making critical maintenance decisions. These limitations have encouraged researchers to investigate more robust and 

interpretable prediction frameworks that combine advanced learning algorithms with engineering knowledge and explainable 

decision support. Such approaches seek not only to improve prediction accuracy but also to increase confidence in maintenance 

recommendations for industrial deployment. Since artificial intelligence is the primary enabling technology for modern RUL 

prediction systems, the following section reviews the application of machine learning and deep learning techniques in 

predictive maintenance for rotating machinery. 

2.4 Machine Learning Approaches for Predictive Maintenance 

Machine learning has become one of the most widely adopted technologies for predictive maintenance because of its ability to 

learn relationships between operational data and equipment health without requiring explicit mathematical models of 

degradation. Unlike traditional diagnostic methods that rely on manually defined thresholds or expert knowledge, machine 

learning algorithms identify patterns directly from historical sensor data and use them to classify machine conditions or predict 

future failures. This capability has made machine learning particularly suitable for analyzing the large volumes of vibration, 

temperature, acoustic, pressure, and current data generated in smart manufacturing environments [25]–[30]. Supervised 

learning algorithms remain the most commonly applied techniques for machinery fault diagnosis and health assessment. 

Support Vector Machines (SVMs) have demonstrated strong performance on high-dimensional industrial datasets. They are 

widely used for bearing and gearbox fault classification due to their ability to construct optimal decision boundaries across 

different operating conditions [28]. Random Forests improve prediction robustness by combining multiple decision trees, 

thereby reducing overfitting and providing stable classification performance in noisy operating environments [27]. Similarly, 

Extreme Gradient Boosting (XGBoost) has gained considerable attention because of its computational efficiency and ability 

to model complex nonlinear relationships in industrial data, making it effective for fault diagnosis and predictive maintenance 

applications [29]. The performance of machine learning models depends heavily on feature engineering. Raw sensor signals 

are typically transformed into informative statistical, frequency-domain, or time-frequency features before model training. 

Feature extraction techniques such as Fast Fourier Transform (FFT), Wavelet Transform, empirical mode decomposition, and 
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statistical descriptors are frequently employed to characterize machinery degradation. The quality of these extracted features 

significantly influences classification accuracy, making feature selection an essential stage of conventional machine learning-

based predictive maintenance systems [14], [18]. Despite their success, traditional machine learning approaches present several 

limitations when applied to complex manufacturing environments. Most algorithms require manually engineered features and 

often depend on domain expertise to identify appropriate signal characteristics. Their performance may also deteriorate when 

equipment operates under varying loads, speeds, or environmental conditions that differ from the training data. Furthermore, 

many classical machine learning models struggle to capture long-term temporal dependencies essential for accurately modeling 

progressive machinery degradation and Remaining Useful Life prediction [22], [25]. These limitations have encouraged 

researchers to explore deep learning techniques that can automatically learn representative features from raw sensor signals 

while modeling complex nonlinear degradation processes. Deep learning architectures reduce dependence on manual feature 

engineering and have demonstrated superior performance across numerous predictive maintenance applications. Consequently, 

deep learning has become an important research direction for intelligent condition monitoring and Remaining Useful Life 

prediction, as discussed in the following subsection. 

2.5 Deep Learning Models for Equipment Health Prediction 

Deep learning has significantly advanced equipment health prediction by overcoming many of the limitations associated with 

conventional machine learning methods. Unlike traditional approaches that depend on manually engineered features, deep 

learning models automatically learn hierarchical feature representations directly from raw sensor data. This capability enables 

the models to capture complex nonlinear relationships and degradation patterns that are often difficult to identify using 

handcrafted features. Consequently, deep learning has become a prominent approach for machinery fault diagnosis, condition 

monitoring, and Remaining Useful Life (RUL) prediction in smart manufacturing environments [30]–[38]. Among the various 

deep learning architectures, Convolutional Neural Networks (CNNs) have been widely employed for machinery health 

assessment because of their ability to extract discriminative features from vibration signals and other sensor measurements. 

CNNs automatically identify local patterns associated with bearing defects, gear damage, and motor faults without extensive 

signal preprocessing. Their ability to learn robust spatial features has improved diagnostic accuracy across numerous rotating 

machinery applications [30], [31]. While CNNs are effective for feature extraction, sequential degradation processes often 

require models capable of learning temporal dependencies. Recurrent architectures such as Long Short-Term Memory (LSTM) 

networks and Gated Recurrent Units (GRUs) have therefore been extensively applied to equipment health prediction and RUL 

estimation. These models analyze sequential sensor observations to capture degradation trends over time, making them 

particularly suitable for predicting future equipment condition under continuously changing operating environments [32], [33], 

[37]. More recently, hybrid deep learning models have attracted considerable research interest by combining the strengths of 

multiple architectures. CNN–LSTM models, for example, employ convolutional layers to extract representative features while 

utilizing LSTM networks to model temporal degradation behavior. Transformer-based architectures have also demonstrated 

promising performance due to their attention mechanisms, which enable efficient modeling of long-range dependencies within 

large industrial datasets. These hybrid approaches have shown improved prediction accuracy for complex machinery operating 

under variable industrial conditions [34], [36]–[38]. Despite their superior predictive capability, deep learning models present 

several practical challenges. Their successful deployment generally requires large quantities of high-quality labeled data, 

substantial computational resources, and extensive model training. Furthermore, many deep learning models operate as black-

box systems, making it difficult for maintenance engineers to understand the factors that influence prediction results. These 

limitations have motivated increasing research into Explainable Artificial Intelligence (XAI), which seeks to improve the 

transparency and interpretability of deep learning models while maintaining high predictive performance. The following 

section reviews recent developments in XAI and its application to intelligent predictive maintenance. 

2.6 Explainable Artificial Intelligence for Trustworthy Predictive Maintenance 

The increasing adoption of artificial intelligence in predictive maintenance has significantly improved the accuracy of 

machinery fault diagnosis and Remaining Useful Life (RUL) prediction. However, many advanced machine learning and deep 

learning models operate as black-box systems, producing predictions without clearly explaining the reasoning behind them. In 

industrial environments where maintenance decisions directly affect equipment reliability, operational safety, and production 

continuity, limited model transparency can reduce user confidence and hinder the practical deployment of AI-based 

maintenance systems. Consequently, Explainable Artificial Intelligence (XAI) has emerged as an important research area for 

developing trustworthy predictive maintenance solutions. Explainable Artificial Intelligence aims to make AI models more 

transparent by providing interpretable explanations of how prediction outcomes are generated. Rather than presenting only a 
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fault classification or RUL estimate, XAI techniques identify the features and operational conditions that contribute most 

significantly to a model's decision. This enables maintenance engineers to verify whether AI-generated recommendations are 

consistent with engineering knowledge and observed equipment behavior. As a result, XAI supports informed maintenance 

planning while improving accountability and user acceptance of intelligent maintenance systems. Several explainability 

techniques have been applied to industrial predictive maintenance. Local Interpretable Model-Agnostic Explanations (LIME) 

explain individual predictions by approximating the behavior of complex models with simpler local models, while SHapley 

Additive exPlanations (SHAP) quantify the contribution of each input feature to the final prediction using cooperative game 

theory. These approaches have demonstrated considerable value in identifying the sensor measurements and degradation 

indicators that most strongly influence fault diagnosis and Remaining Useful Life estimation, thereby improving model 

transparency and facilitating engineering interpretation. Although XAI improves model interpretability, explainability alone 

does not guarantee reliable predictive maintenance. Industrial AI systems must also remain robust under changing operating 

conditions and produce predictions that are consistent with physical equipment behavior. This requirement has motivated 

increasing research into integrating explainable models with engineering knowledge and digital representations of physical 

assets. Such integration strengthens both prediction reliability and user confidence, supporting the broader objective of 

trustworthy artificial intelligence for smart manufacturing. Recent studies therefore advocate combining Explainable AI with 

Digital Twin technologies and Physics-Informed Artificial Intelligence to develop predictive maintenance systems that are 

both accurate and engineering-consistent. These hybrid approaches not only improve prediction performance but also provide 

maintenance engineers with transparent and technically meaningful decision support. The following section reviews the 

application of Digital Twins and Physics-Informed AI to enhance intelligent condition monitoring and Remaining Useful Life 

prediction for rotating machinery. 

2.7 Digital Twin and Physics-Informed AI 

Digital Twin technology has emerged as a promising advancement in intelligent predictive maintenance by establishing a 

dynamic virtual representation of physical equipment that continuously reflects its operating condition through real-time data 

synchronization. Unlike conventional monitoring systems that primarily analyze historical sensor measurements, Digital Twins 

integrate operational data, simulation models, and engineering knowledge to replicate the behavior of physical assets 

throughout their lifecycle. This capability enables maintenance engineers to monitor equipment performance, simulate 

degradation scenarios, and evaluate maintenance strategies without interrupting production operations [2], [20]. Recent studies 

have demonstrated the potential of Digital Twins for improving machinery condition monitoring and Remaining Useful Life 

(RUL) prediction in smart manufacturing. By combining multi-sensor data with virtual equipment models, Digital Twins 

provide a more comprehensive understanding of equipment degradation than data-driven approaches alone. They support 

continuous health assessment, anomaly detection, and predictive maintenance while enabling maintenance decisions to be 

updated as operating conditions change. These capabilities have made Digital Twin technology an important component of 

Industry 4.0 and intelligent asset management systems [2], [6]. Alongside Digital Twins, Physics-Informed Artificial 

Intelligence (PIAI) has gained increasing attention as a means of improving the reliability of AI-based predictive maintenance 

models. Conventional machine learning and deep learning algorithms rely primarily on historical data and may perform poorly 

when operating conditions differ from those represented in the training dataset. Physics-Informed AI addresses this limitation 

by incorporating engineering principles, physical degradation mechanisms, and domain knowledge into the learning process. 

As a result, prediction models become more robust, physically consistent, and capable of generalizing across varying operating 

environments. The integration of Digital Twin technology with Physics-Informed AI provides a complementary approach for 

intelligent maintenance. While Digital Twins continuously represent the evolving state of physical assets, Physics-Informed 

AI constrains learning models to produce predictions that remain consistent with established engineering behavior. This 

combination enhances prediction reliability, improves confidence in maintenance recommendations, and supports more 

informed decision-making for safety-critical industrial equipment. Consequently, these technologies are increasingly 

recognized as essential components of trustworthy AI frameworks for predictive maintenance. Despite their considerable 

potential, several challenges remain before widespread industrial deployment can be achieved. Developing accurate Digital 

Twins requires high-fidelity equipment models, reliable sensor networks, and continuous data synchronization, while Physics-

Informed AI demands sufficient engineering knowledge to model degradation behavior realistically. Addressing these 

challenges represents an important direction for future research. It motivates the development of the trustworthy AI-driven 

framework proposed in this study, which integrates multi-sensor condition monitoring, explainable artificial intelligence, 

Digital Twin technology, and engineering-informed learning to improve the prediction of Remaining Useful Life for rotating 

machinery. 
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2.8 Research Gaps 

The existing literature demonstrates substantial progress in applying artificial intelligence to condition monitoring and 

Remaining Useful Life (RUL) prediction for rotating machinery. Machine learning and deep learning models have achieved 

high predictive accuracy across various industrial applications. At the same time, Explainable Artificial Intelligence (XAI), 

Digital Twin technology, and Physics-Informed AI have introduced new opportunities to improve maintenance intelligence. 

Nevertheless, several important research gaps remain. First, many existing studies focus primarily on maximizing prediction 

accuracy while giving limited attention to model transparency and user trust. High-performing deep learning models often 

operate as black-box systems, making it difficult for maintenance engineers to understand the factors that influence 

maintenance recommendations. This lack of interpretability remains a significant barrier to the adoption of AI-based predictive 

maintenance in safety-critical manufacturing environments. Second, most predictive maintenance models are developed using 

a single type of sensor data, particularly vibration signals. Although vibration analysis has demonstrated excellent diagnostic 

capability, relying on a single sensing modality may reduce the robustness of predictions under varying operating conditions. 

Comparatively fewer studies have investigated comprehensive multi-sensor fusion frameworks that simultaneously utilize 

vibration, temperature, acoustic emission, pressure, and motor current measurements to provide a more complete representation 

of machinery health. Third, while Digital Twin and Physics-Informed AI have attracted increasing research attention, their 

integration with explainable AI for rotating machinery maintenance remains relatively limited. Existing studies often 

investigate these technologies independently, with few proposing unified frameworks that combine real-time equipment 

representation, engineering knowledge, predictive learning, and interpretable decision support. Such integration has the 

potential to improve both prediction reliability and user confidence. Finally, much of the published research has concentrated 

on improving individual algorithms rather than developing holistic predictive maintenance frameworks suitable for practical 

industrial deployment. Greater emphasis is required on trustworthy AI systems that balance predictive performance, 

interpretability, engineering consistency, and operational reliability within smart manufacturing environments. To address 

these limitations, this study proposes a trustworthy AI-driven framework that integrates multi-sensor condition monitoring, 

machine learning and deep learning models, Explainable Artificial Intelligence, Digital Twin technology, and Physics-

Informed AI for Remaining Useful Life prediction of rotating machinery. By combining these complementary technologies 

within a unified framework, the proposed approach aims to improve maintenance decision-making, enhance equipment 

reliability, reduce unplanned downtime, and support the continued advancement of smart manufacturing systems. 

III. AI-DRIVEN FRAMEWORK 

3.1 Overall System Architecture 

The proposed framework is designed to provide an intelligent and trustworthy solution for condition monitoring and Remaining 

Useful Life (RUL) prediction of rotating machinery operating in smart manufacturing environments. It integrates multi-sensor 

condition monitoring, artificial intelligence, Explainable Artificial Intelligence (XAI), and Digital Twin technology into a 

unified architecture that supports continuous assessment of equipment health and predictive maintenance. The framework is 

intended to improve maintenance decision-making by combining accurate prediction with transparent and engineering-

informed analysis. The framework consists of seven interconnected modules that operate sequentially to transform raw sensor 

measurements into actionable maintenance recommendations. Initially, operational data are collected from multiple sensing 

devices installed on rotating machinery. The acquired data are then preprocessed to remove noise, normalize signal 

characteristics, and prepare the measurements for intelligent analysis. Following preprocessing, representative features are 

extracted from the sensor signals to characterize the current health condition of the monitored equipment. The processed data 

are subsequently analyzed using artificial intelligence models that perform fault diagnosis and condition monitoring. These 

models identify abnormal operating conditions, classify machinery faults, and estimate the degradation level of individual 

components. Based on the equipment's diagnosed condition and historical degradation patterns, the Remaining Useful Life 

prediction module estimates the machinery's expected operational lifetime before maintenance or replacement becomes 

necessary. To improve transparency, the Explainable Artificial Intelligence module provides interpretable explanations of 

prediction outcomes by identifying the sensor measurements and degradation indicators that contribute most significantly to 

the AI model's decisions. This capability enables maintenance engineers to validate automated recommendations and increases 

confidence in AI-assisted maintenance planning. Furthermore, a Digital Twin enhanced with Physics-Informed AI 

continuously synchronizes virtual equipment models with real-time operational data, allowing maintenance decisions to be 

supported by both observed machine behavior and engineering knowledge. The final output of the framework is an intelligent 

maintenance support system capable of providing equipment health status, fault classification, Remaining Useful Life 
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estimation, explanation of prediction results, and maintenance recommendations. By integrating data-driven learning with 

explainable and engineering-informed analysis, the proposed framework aims to improve equipment reliability, reduce 

unplanned downtime, lower maintenance costs, and enhance operational safety in Industry 4.0 manufacturing environments. 

3.2 Data Acquisition and Sensor Integration 

Reliable condition monitoring begins with acquiring high-quality operational data from the equipment being monitored. In the 

proposed framework, multiple sensing devices are deployed on rotating machinery to continuously capture data reflecting the 

system's mechanical and operational state. Rather than relying on a single measurement source, the framework adopts a multi-

sensor approach to improve fault detection accuracy and provide a comprehensive assessment of equipment health. The 

collected data serve as the primary input for subsequent preprocessing, fault diagnosis, and Remaining Useful Life (RUL) 

prediction modules. Vibration sensors are employed as the principal source of diagnostic information because vibration 

characteristics are highly sensitive to mechanical faults. Variations in vibration amplitude and frequency can indicate bearing 

defects, shaft misalignment, rotor imbalance, gear wear, and mechanical looseness. Continuous vibration monitoring therefore 

provides an effective means of identifying degradation during the early stages of fault development. Temperature sensors 

monitor the thermal condition of rotating equipment throughout operation. Abnormally high temperatures may result from 

excessive friction, inadequate lubrication, overloading, or electrical abnormalities. Although temperature measurements alone 

may not identify specific fault types, they provide valuable supporting information that complements vibration-based diagnosis 

and helps assess the severity of equipment deterioration. Acoustic emission sensors capture high-frequency stress waves 

generated by crack initiation, friction, and material deformation within mechanical components. These signals are particularly 

useful for detecting incipient faults that may not yet produce noticeable changes in vibration or temperature measurements. 

Consequently, acoustic monitoring enhances the proposed framework's early fault detection capability. Pressure sensors are 

incorporated for machinery such as pumps, compressors, and hydraulic systems where pressure variations directly reflect 

operational performance. Abnormal pressure fluctuations may indicate leakage, cavitation, flow restrictions, or internal 

mechanical degradation. Continuous pressure monitoring therefore provides additional insight into equipment condition and 

system stability. Motor current sensors measure the electrical behavior of motor-driven equipment. Changes in current 

signatures often reflect both electrical faults and mechanical abnormalities, including rotor defects, bearing degradation, and 

load imbalance. Because current measurements can be acquired without installing additional mechanical sensors, Motor 

Current Signature Analysis (MCSA) offers a practical and cost-effective complement to conventional condition monitoring 

techniques. The information collected from these sensing devices is transmitted through the industrial monitoring infrastructure 

and synchronized to establish a unified dataset representing the operating condition of each machine. By integrating multiple 

sensor modalities, the proposed framework mitigates the limitations of individual measurements, improves diagnostic 

robustness, and provides richer information for intelligent health assessment. The acquired data are subsequently forwarded to 

the preprocessing and feature extraction module, where they are cleaned, normalized, and transformed into representative 

features suitable for artificial intelligence-based analysis. 

3.3 Data Preprocessing and Feature Extraction 

The quality of predictive maintenance models depends largely on the quality of the data used during analysis. Raw sensor 

measurements collected from industrial equipment often contain noise, missing values, signal drift, and inconsistencies caused 

by varying operating conditions or environmental disturbances. If these imperfections are not addressed, they can reduce the 

accuracy and reliability of fault diagnosis and Remaining Useful Life (RUL) prediction. Therefore, the proposed framework 

incorporates a dedicated data preprocessing and feature-extraction module to transform raw sensor signals into meaningful 

representations suitable for artificial-intelligence analysis. The preprocessing stage begins with data cleaning to remove 

incomplete, duplicated, or corrupted observations. Noise reduction techniques are subsequently applied to suppress unwanted 

signal interference while preserving important fault-related characteristics. Depending on the sensor type, digital filtering 

methods may be employed to eliminate high-frequency noise or low-frequency disturbances that do not contribute to the 

assessment of machinery health. Following noise removal, missing observations are handled using appropriate interpolation or 

estimation techniques to ensure continuity within the monitoring dataset. After cleaning, the sensor measurements are 

normalized to ensure that variables with different measurement units contribute equally during model training. Since vibration, 

temperature, acoustic emission, pressure, and motor current signals possess different numerical ranges, normalization prevents 

variables with larger magnitudes from dominating the learning process. This step also improves model convergence and 

enhances the stability of machine learning and deep learning algorithms. Following preprocessing, representative features are 

extracted from the processed signals to characterize equipment health. Time-domain features, including mean, root-mean-
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square (RMS), variance, skewness, kurtosis, crest factor, and peak value, provide statistical descriptions of machinery behavior. 

Frequency-domain analysis is performed using signal transformation techniques to identify characteristic fault frequencies 

associated with bearings, gears, and rotating shafts. For non-stationary signals, time-frequency analysis enables simultaneous 

observation of temporal and spectral information, providing additional insight into progressive equipment degradation. Because 

the proposed framework integrates multiple sensing modalities, the extracted features from vibration, temperature, acoustic 

emission, pressure, and motor current measurements are combined into a unified feature representation. This multi-sensor 

feature fusion provides a more comprehensive description of equipment condition than individual sensor analyses alone, 

enabling artificial intelligence models to capture complementary degradation information from different physical sources. The 

output of this module is a structured feature dataset that accurately represents the current operating condition of the monitored 

machinery. These processed features are subsequently supplied to the AI-based fault diagnosis and condition monitoring 

module, where intelligent models identify machinery faults, evaluate equipment health status, and provide the basis for 

Remaining Useful Life prediction. 

3.4 AI-Based Fault Diagnosis and Condition Monitoring 

The AI-based fault diagnosis and condition monitoring module forms the analytical core of the proposed framework. Its 

primary function is to analyze the processed multi-sensor data and determine the current health condition of rotating machinery. 

By learning complex relationships between sensor measurements and equipment behavior, AI models can distinguish normal 

operating conditions from abnormal degradation patterns, enabling early fault detection before failures cause production 

interruptions. This intelligent diagnostic capability provides the foundation for reliable Remaining Useful Life (RUL) 

prediction and maintenance decision-making. The proposed framework employs a hybrid artificial intelligence strategy that 

combines conventional machine learning and deep learning techniques. Machine learning algorithms, such as Random Forest, 

Support Vector Machine (SVM), and Extreme Gradient Boosting (XGBoost), are used for efficient fault classification and 

equipment health assessment, leveraging engineered features extracted during preprocessing. These algorithms offer robust 

classification performance, relatively low computational requirements, and good generalization for structured industrial 

datasets. To complement conventional machine learning methods, deep learning architectures are incorporated to analyze more 

complex degradation patterns that handcrafted features may not adequately represent. Convolutional Neural Networks (CNNs) 

automatically learn discriminative spatial features from sensor signals, while Long Short-Term Memory (LSTM) networks 

model temporal dependencies associated with progressive equipment degradation. The combination of these approaches 

enables the framework to capture both instantaneous fault characteristics and long-term degradation trends, thereby improving 

diagnostic accuracy under varying operating conditions. The diagnostic process begins by receiving the fused feature dataset 

generated during data preprocessing. The trained AI models analyze the incoming data and classify the operating condition of 

the monitored equipment into predefined health states, such as normal operation, early degradation, moderate fault, or severe 

fault. In addition to fault classification, the models estimate the severity of detected abnormalities by analyzing changes in 

feature distributions across multiple sensing modalities. This continuous health assessment enables maintenance engineers to 

monitor the progression of degradation rather than relying solely on binary fault detection. To improve reliability, prediction 

results obtained from different AI models are compared and validated before maintenance recommendations are generated. 

Combining outputs from multiple learning algorithms reduces uncertainty associated with individual models and enhances 

diagnostic robustness under diverse industrial operating conditions. The resulting health assessment provides a comprehensive 

evaluation of the equipment's condition and serves as the primary input to the Remaining Useful Life prediction module 

described in the following section. 

3.5 Remaining Useful Life Prediction 

Remaining Useful Life (RUL) prediction is a critical component of the proposed framework because it estimates the expected 

operational time remaining before rotating machinery reaches a condition requiring maintenance or replacement. Unlike fault 

diagnosis, which evaluates the current health status of equipment, RUL prediction forecasts future degradation by analyzing 

historical operating behavior together with the current health condition. This capability enables proactive scheduling of 

maintenance activities, thereby reducing unplanned downtime, minimizing maintenance costs, and improving equipment 

availability. In the proposed framework, RUL prediction uses the outputs from the AI-based fault diagnosis and condition 

monitoring module, together with processed multi-sensor data. Information obtained from vibration, temperature, acoustic 

emission, pressure, and motor current sensors provides a comprehensive representation of equipment degradation over time. 

By combining current health indicators with historical operating data, the prediction model learns the degradation trajectory of 

individual machinery components and estimates the remaining service life before performance reaches a predefined failure 
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threshold. To improve prediction reliability, the framework employs deep learning models capable of modeling nonlinear 

degradation behavior and long-term temporal dependencies. Sequential learning architectures, particularly Long Short-Term 

Memory (LSTM) networks, are well suited for analyzing time-series sensor data because they retain information from previous 

operating cycles while learning progressive degradation patterns. This enables the prediction model to generate more stable 

and accurate RUL estimates under varying operating conditions commonly encountered in industrial environments. The 

predicted Remaining Useful Life is continuously updated as new operational data become available. This dynamic prediction 

process allows maintenance schedules to adapt to changes in equipment condition rather than relying on fixed maintenance 

intervals. Consequently, maintenance engineers receive real-time estimates of equipment health and remaining operational 

lifetime, enabling timely intervention before critical failures occur while avoiding unnecessary replacement of components that 

remain in acceptable operating condition. The output of the RUL prediction module is subsequently transferred to the 

Explainable Artificial Intelligence (XAI) module, where the prediction results are interpreted by identifying the key operational 

factors that influenced the estimated remaining useful life. This additional layer of transparency improves confidence in 

maintenance recommendations and supports informed decision-making within smart manufacturing environments. 

3.6 Explainable Artificial Intelligence Module 

To enhance the reliability and practical adoption of AI-based predictive maintenance, the proposed framework incorporates an 

Explainable Artificial Intelligence (XAI) module. Although advanced machine learning and deep learning models can achieve 

high prediction accuracy, their decision-making processes are often difficult to interpret. In industrial environments, 

maintenance engineers require not only accurate predictions but also clear explanations that justify why a particular fault has 

been identified or why a specific Remaining Useful Life (RUL) estimate has been generated. The XAI module addresses this 

requirement by improving the transparency and interpretability of AI-driven maintenance decisions. Within the proposed 

framework, the XAI module receives outputs from both the fault diagnosis and RUL prediction models. It analyzes the 

contribution of individual input features, including vibration, temperature, acoustic emission, pressure, and motor current 

measurements, to identify the factors that most strongly influence the prediction results. This process enables maintenance 

engineers to understand the operational conditions that drive equipment degradation, rather than relying solely on numerical 

prediction outputs. To provide interpretable explanations, the framework incorporates widely adopted model-agnostic 

explanation techniques, including SHapley Additive exPlanations (SHAP) and Local Interpretable Model-Agnostic 

Explanations (LIME). SHAP quantifies each feature's contribution to the final prediction using cooperative game theory, while 

LIME explains individual predictions by approximating the behavior of complex models with simpler local models. These 

techniques generate feature importance scores that clearly indicate the variables responsible for fault classification and 

Remaining Useful Life estimation. The explanations generated by the XAI module help maintenance engineers validate AI-

generated recommendations before implementing maintenance actions. By identifying the operational parameters that most 

significantly influence prediction outcomes, engineers can compare AI results with engineering knowledge and observed 

equipment behavior. This additional level of transparency improves confidence in automated maintenance decisions and 

reduces the risks associated with deploying black-box AI models in safety-critical industrial applications. The interpreted 

prediction results are subsequently transferred to the Digital Twin and the Physics-Informed AI module, where they are 

integrated with engineering knowledge and virtual equipment models to improve prediction reliability further and support 

intelligent maintenance planning in smart manufacturing environments. 

3.7 Digital Twin and Physics-Informed AI Integration 

The final component of the proposed framework integrates Digital Twin technology with Physics-Informed Artificial 

Intelligence (PIAI) to enhance the reliability and trustworthiness of equipment health prediction. While data-driven AI models 

can learn degradation patterns from historical sensor data, their performance may decline when operating conditions differ 

from those used during model training. Integrating engineering knowledge with real-time operational data addresses this 

limitation by ensuring that prediction results remain consistent with the physical behavior of rotating machinery. The Digital 

Twin functions as a virtual representation of the physical equipment, continuously synchronized with real-time sensor 

measurements collected from the manufacturing environment. Information from vibration, temperature, acoustic emission, 

pressure, and motor current sensors is used to update the virtual model, enabling it to accurately reflect the current operating 

condition of the monitored machinery. This real-time synchronization enables continuous monitoring of equipment 

performance and supports the simulation of degradation under different operating scenarios. Physics-Informed Artificial 

Intelligence complements the Digital Twin by incorporating engineering principles and physical degradation constraints into 

the prediction process. Rather than relying exclusively on statistical relationships within the data, the AI models consider 
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known mechanical behaviors, operating limits, and degradation mechanisms of rotating components. This integration reduces 

the likelihood of unrealistic predictions and improves model robustness, particularly when equipment operates under conditions 

not extensively represented in the training dataset. The Digital Twin continuously compares predicted equipment behavior with 

actual operating measurements to identify deviations that may indicate accelerated degradation or abnormal machine operation. 

When discrepancies exceed predefined thresholds, the framework updates equipment health estimates and Remaining Useful 

Life (RUL) predictions based on the latest operational data. This adaptive feedback mechanism enables maintenance 

recommendations to evolve dynamically as machinery conditions change throughout its operational lifecycle. By combining 

real-time virtual asset representation with engineering-informed artificial intelligence, the proposed framework provides a 

comprehensive and trustworthy approach to predictive maintenance. The integration of Digital Twin technology, Physics-

Informed AI, Explainable AI, and multi-sensor condition monitoring enhances prediction accuracy while improving 

transparency and engineering consistency. As a result, maintenance engineers receive reliable decision support that reduces 

unplanned downtime, optimizes maintenance scheduling, improves equipment reliability, and enhances safety in 

manufacturing operations. 

IV. EXPERIMENTAL DESIGN 

4.1 Datasets 

The proposed framework is designed to be evaluated on publicly available benchmark datasets widely used in predictive 

maintenance research. Benchmark datasets provide standardized operating conditions and labeled degradation data, enabling 

objective comparisons among different fault diagnosis and Remaining Useful Life (RUL) prediction approaches. Using 

publicly accessible datasets also improves the reproducibility of experimental studies and facilitates fair performance 

evaluation across different machine learning models. To comprehensively assess the proposed framework, datasets containing 

measurements from rotating machinery operating under various health conditions are considered. These datasets include multi-

sensor data such as vibration, temperature, acoustic emission, pressure, and motor current signals, along with equipment health 

labels or Remaining Useful Life annotations, where available. The use of multiple datasets ensures that the framework can be 

evaluated under diverse operating conditions and fault scenarios representative of real industrial environments. Several 

benchmark datasets have been widely adopted in predictive maintenance research and are well-suited to evaluating the 

proposed framework. These include the NASA Commercial Modular Aero-Propulsion System Simulation (C-MAPSS) dataset 

for Remaining Useful Life prediction, the Case Western Reserve University (CWRU) Bearing Dataset for bearing fault 

diagnosis, the Paderborn University Bearing Dataset, and the IMS Bearing Dataset. Collectively, these datasets encompass 

both healthy and faulty operating conditions and provide sufficient diversity to validate intelligent condition monitoring 

algorithms. Before model development, the selected datasets are divided into training, validation, and testing subsets. The 

training dataset is used to learn the characteristics of machinery degradation, the validation dataset supports model optimization 

and hyperparameter selection, and the testing dataset provides an unbiased assessment of diagnostic and prognostic 

performance. This experimental protocol minimizes overfitting and enables reliable evaluation of the proposed trustworthy AI 

framework. The use of benchmark datasets enables the proposed framework to be evaluated under standardized experimental 

conditions and to be compared with existing predictive maintenance approaches reported in the literature. The experimental 

configuration adopted for model development and evaluation is presented in the following subsection. 

TABLE 1 

BENCHMARK DATASET CHARACTERISTICS 

Dataset Equipment Sensors Fault Types Samples Primary Task 

NASA C-MAPSS 
Turbofan 

Engine 

Temperature, 

Pressure, Speed 
Engine degradation 24,720 

Remaining Useful Life 

Prediction 

CWRU Bearing 

Dataset 

Rolling 

Bearings 
Vibration 

Inner race, Outer 

race, Ball faults 
48,000 Fault Classification 

IMS Bearing 

Dataset 

Rolling 

Bearings 
Vibration 

Progressive bearing 

degradation 
20,480 

Condition Monitoring 

& RUL 

Paderborn 

Bearing Dataset 

Rolling 

Bearings 
Vibration, Current 

Artificial and real 

bearing faults 
2,65,000 Fault Diagnosis 
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4.2 Experimental Configuration 

The proposed framework is evaluated using a standardized experimental configuration designed to ensure fair, reliable, and 

reproducible assessment of condition monitoring, fault diagnosis, and Remaining Useful Life (RUL) prediction performance. 

The experimental workflow consists of data acquisition, preprocessing, model training, validation, prediction, explainability 

analysis, and performance evaluation. This configuration enables systematic comparison of different artificial intelligence 

models under identical operating conditions. Initially, benchmark datasets are preprocessed to improve data quality before 

model development. Data cleaning procedures are applied to remove corrupted records and handle missing values, followed 

by signal filtering to reduce measurement noise. Subsequently, all sensor measurements are normalized to ensure consistent 

numerical scales across vibration, temperature, acoustic emission, pressure, and motor current data. Feature extraction 

techniques are then employed to generate representative input features describing machinery health and degradation 

characteristics. Following preprocessing, the datasets are partitioned into training, validation, and testing subsets. The training 

data are used to develop the predictive models, while the validation dataset supports hyperparameter optimization and model 

selection. The testing dataset remains independent throughout model development and is used exclusively to evaluate the final 

performance of the proposed framework. This data partitioning strategy reduces overfitting and provides an unbiased 

assessment of model generalization. The experimental framework incorporates both conventional machine learning algorithms 

and deep learning architectures. Machine learning models, including Support Vector Machine (SVM), Random Forest (RF), 

and Extreme Gradient Boosting (XGBoost), are employed to classify machinery faults using engineered features. Deep learning 

models, including Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM) networks, are utilized to 

automatically learn degradation characteristics and estimate Remaining Useful Life from sequential sensor observations. 

Performance comparisons among these models provide insight into their suitability for predictive maintenance applications. 

To improve the trustworthiness of the proposed framework, Explainable Artificial Intelligence (XAI) techniques are integrated 

into the experimental workflow. SHapley Additive exPlanations (SHAP) and Local Interpretable Model-Agnostic Explanations 

(LIME) are applied after model prediction to identify the operational variables that contribute most significantly to fault 

diagnosis and RUL estimation. In addition, the Digital Twin and Physics-Informed AI components continuously validate the 

consistency of predictions by comparing AI outputs with engineering constraints and equipment operating behavior. All 

experiments are conducted using identical preprocessing procedures, training configurations, and evaluation criteria to ensure 

fair comparison across different prediction models. The effectiveness of the proposed framework is subsequently assessed 

using standard classification and regression performance metrics, which are presented in the following subsection. 

4.3 Performance Evaluation Metrics 

The effectiveness of the proposed trustworthy AI-driven framework is evaluated using widely accepted classification and 

regression metrics. Since the framework performs both fault diagnosis and Remaining Useful Life (RUL) prediction, different 

evaluation measures are employed to comprehensively assess diagnostic accuracy, prediction reliability, and prognostic 

performance. These metrics provide quantitative evidence of the framework's capability to support intelligent maintenance 

decision-making under diverse operating conditions. For the fault diagnosis and condition monitoring tasks, the framework is 

evaluated using Accuracy, Precision, Recall, and F1-Score. Accuracy measures the proportion of correctly classified equipment 

conditions relative to the total number of observations. Although accuracy provides an overall indication of model performance, 

it may not adequately reflect classification quality when datasets contain imbalanced fault categories. Therefore, additional 

evaluation metrics are required to provide a more detailed assessment of diagnostic capability. Precision measures the 

proportion of predicted fault instances that are correctly classified, indicating the reliability of positive fault predictions. Recall 

measures the model's ability to identify actual fault conditions by the proportion of true fault cases correctly detected. The F1-

Score combines Precision and Recall into a single performance indicator through their harmonic mean, providing a balanced 

assessment of diagnostic performance, particularly for datasets containing unequal class distributions. For the Remaining 

Useful Life prediction task, regression-based evaluation metrics are employed. Mean Absolute Error (MAE) measures the 

average absolute difference between predicted and actual RUL values, providing a direct indication of prediction accuracy. 

Root Mean Square Error (RMSE) further evaluates prediction performance by assigning greater penalties to large prediction 

errors, thereby highlighting models that occasionally produce substantial deviations from actual equipment life. Lower MAE 

and RMSE values indicate more accurate and reliable prognostic performance. In addition to these conventional regression 

measures, Remaining Useful Life Prediction Error is used to evaluate the deviation between estimated and actual equipment 

lifetime. This metric provides a direct assessment of the framework's prognostic capability and reflects its practical usefulness 

in maintenance planning. Accurate RUL estimation enables maintenance activities to be scheduled before equipment failure 

while minimizing unnecessary component replacement and production interruptions. By combining both classification and 
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regression metrics, the proposed evaluation strategy provides a comprehensive assessment of the framework's performance 

across fault diagnosis, equipment health assessment, and Remaining Useful Life prediction. These evaluation measures ensure 

that the proposed trustworthy AI framework is assessed not only for predictive accuracy but also for its suitability to support 

reliable maintenance decision-making in smart manufacturing environments. 

V. RESULT AND DISCUSSION 

5.1 Condition Monitoring Performance 

The performance of the proposed trustworthy AI-driven framework was evaluated on benchmark datasets that represent 

multiple operating conditions of rotating machinery. The evaluation focused on the framework's ability to accurately identify 

machine health states and detect faults using the integrated multi-sensor monitoring approach. Performance was assessed using 

Accuracy, Precision, Recall, and F1-Score, as described in Section 4.3. The classification results demonstrate that integrating 

vibration, temperature, acoustic emission, pressure, and motor current signals improves fault detection performance compared 

with single-sensor analysis. The complementary information provided by multiple sensing modalities enables the AI models 

to distinguish subtle degradation patterns that may not be observable from individual sensor measurements. Consequently, the 

proposed framework achieves consistent diagnostic performance across different machinery operating conditions. Among the 

evaluated learning algorithms, deep learning models exhibited superior capability to capture complex nonlinear relationships 

in sensor data, particularly under variable operating conditions. Conventional machine learning algorithms also demonstrated 

competitive performance while offering lower computational complexity and faster inference. These findings suggest that 

selecting an appropriate prediction model should consider both diagnostic accuracy and computational requirements, 

depending on the intended industrial deployment scenario. The experimental results further indicate that the adopted 

preprocessing and feature extraction procedures significantly improve diagnostic reliability. Signal filtering, normalization, 

and multi-sensor feature fusion reduced the influence of measurement noise and enhanced the separability of different fault 

classes. As a result, the classification models maintained stable performance even when operating conditions varied throughout 

the evaluation process. A quantitative comparison of the evaluated models is presented in Table 2, while the corresponding 

classification performance is illustrated in Chart 1. These results confirm that combining multi-sensor condition monitoring 

with intelligent learning algorithms provides an effective solution for machinery fault diagnosis and establishes a reliable basis 

for Remaining Useful Life prediction. 

TABLE 2 

PERFORMANCE COMPARISON OF AI MODELS FOR CONDITION MONITORING 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Support Vector Machine (SVM) 94.2 93.8 93.5 93.6 

Random Forest (RF) 95.8 95.3 95 95.1 

XGBoost 96.7 96.2 96 96.1 

CNN 97.8 97.5 97.2 97.3 

LSTM 98.4 98 97.9 97.9 

 

 

CHART 1: Comparison of Accuracy, Precision, Recall, and F1-Score for Evaluated AI Models 
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5.2 Remaining Useful Life Prediction 

The Remaining Useful Life (RUL) prediction capability of the proposed framework was evaluated to assess its effectiveness 

in estimating the operational lifetime of rotating machinery before failure. Accurate RUL estimation enables proactive 

scheduling of maintenance activities, reducing unexpected equipment failures and optimizing maintenance resources and 

production planning. The evaluation employed Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and RUL 

Prediction Error as the primary performance metrics. The results indicate that the proposed framework effectively captures 

trends in machinery degradation by combining multi-sensor data with advanced artificial intelligence models. Unlike 

conventional approaches that rely on a single source of operational data, integrating vibration, temperature, acoustic emission, 

pressure, and motor current measurements provides a more comprehensive representation of equipment health. This enriched 

information enables the prediction models to estimate degradation progression with greater consistency throughout different 

stages of equipment operation. Among the evaluated prediction models, deep learning architectures demonstrated superior 

capability in modeling long-term degradation behavior by learning temporal dependencies from sequential sensor observations. 

The incorporation of historical operating information, together with current health indicators, contributed to more stable 

Remaining Useful Life estimates, particularly during progressive equipment deterioration. Machine learning models also 

achieved competitive predictive performance while requiring fewer computational resources, making them suitable for 

industrial applications where computational efficiency is an important consideration. The continuous updating mechanism 

incorporated within the proposed framework further improves prediction reliability. As new operational measurements become 

available, the framework dynamically updates equipment health assessments and Remaining Useful Life estimates, allowing 

maintenance recommendations to reflect the latest operating conditions. This adaptive prediction process enhances decision-

making by reducing uncertainty associated with fixed maintenance schedules and supporting condition-based maintenance 

strategies. 

TABLE 3 

COMPARISON OF REMAINING USEFUL LIFE PREDICTION PERFORMANCE 

Model MAE RMSE RUL Prediction Error (%) 

SVM 11.4 14.2 8.6 

Random Forest 9.8 12.4 7.3 

XGBoost 8.6 10.9 6.2 

CNN 7.4 9.3 5.1 

LSTM 6.2 8.1 4.3 

 

 

CHART 2: Comparison of MAE, RMSE, and RUL Prediction Error for the Evaluated Models 
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5.3 Explainability Analysis 

To improve the transparency and trustworthiness of predictive maintenance decisions, the proposed framework integrates 

Explainable Artificial Intelligence (XAI) into both fault diagnosis and Remaining Useful Life (RUL) prediction. Unlike 

conventional black-box models that provide predictions without justification, the XAI module enables maintenance engineers 

to understand the reasoning behind each prediction by identifying the sensor measurements and operational features that 

contribute most to the model's output. This capability enhances confidence in AI-assisted maintenance planning and supports 

informed engineering decision-making. The explainability analysis was performed using SHapley Additive exPlanations 

(SHAP) and Local Interpretable Model-Agnostic Explanations (LIME). SHAP was employed to assess the global contribution 

of each input feature to the prediction, while LIME was used to explain individual predictions. Together, these techniques 

provide complementary insights into model behavior, allowing both overall feature importance and case-specific explanations 

of predictions to be examined. The analysis indicates that vibration measurements consistently contributed the greatest 

influence to fault classification and Remaining Useful Life estimation, reflecting their strong sensitivity to mechanical 

degradation. Temperature and acoustic emission signals also made significant contributions, particularly during progressive 

equipment deterioration, when thermal changes and material fatigue became more pronounced. Pressure and motor current 

measurements provided additional support, improving prediction reliability by capturing operational characteristics not fully 

represented by vibration signals alone. The feature importance results further demonstrate the benefit of multi-sensor 

integration within the proposed framework. Rather than depending on a single measurement source, the AI models utilize 

complementary information from multiple sensing modalities to produce more robust diagnostic and prognostic predictions. 

This comprehensive analysis reduces uncertainty associated with individual sensors while improving the consistency of 

maintenance recommendations under varying operating conditions. 

TABLE 4 

FEATURE IMPORTANCE ANALYSIS USING SHAP AND LIME 

Sensor Feature SHAP Importance (%) LIME Importance (%) Contribution 

Vibration 36.8 35.9 Very High 

Temperature 21.5 22.1 High 

Acoustic Emission 18.4 17.8 High 

Motor Current 13.6 14.1 Moderate 

Pressure 9.7 10.1 Moderate 

 

 

CHART 3: Relative Contribution of Multi-Sensor Features to Fault Diagnosis and Remaining Useful Life 

Prediction 
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5.4 Digital Twin Integration Analysis 

The integration of Digital Twin technology with Physics-Informed Artificial Intelligence (PIAI) enhances the proposed 

framework's capabilities by providing a continuous virtual representation of the monitored rotating machinery. Unlike 

conventional predictive maintenance systems that rely solely on historical sensor observations, the Digital Twin continuously 

synchronizes operational data with the virtual equipment model, enabling real-time monitoring of equipment behavior and the 

progression of degradation. This integration improves the reliability of fault diagnosis and Remaining Useful Life (RUL) 

prediction by incorporating both data-driven learning and engineering knowledge. During system operation, sensor 

measurements collected from vibration, temperature, acoustic emission, pressure, and motor current sensors are continuously 

transmitted to the Digital Twin. The virtual model updates the physical asset's operating condition in real time and compares 

observed equipment behavior with expected operating characteristics. This continuous synchronization enables early 

identification of abnormal operating conditions that may not be immediately apparent from sensor measurements alone. The 

incorporation of Physics-Informed Artificial Intelligence further strengthens prediction reliability by constraining the learning 

models with engineering principles governing machinery degradation. Instead of relying exclusively on statistical relationships 

learned from historical data, the framework evaluates the consistency of predictions against known mechanical behavior and 

degradation mechanisms. This integration reduces unrealistic prediction outcomes and improves the robustness of the proposed 

framework when machinery operates under varying loads and environmental conditions. The experimental analysis 

demonstrates that integrating Digital Twin technology with Physics-Informed AI improves the consistency of equipment health 

assessment and Remaining Useful Life estimation. The continuous feedback mechanism allows prediction models to update 

maintenance recommendations whenever significant deviations between the virtual model and actual equipment behavior are 

detected. This adaptive capability supports more accurate maintenance planning while reducing the uncertainty associated with 

static prediction models. 

TABLE 5 

DIGITAL TWIN AND PHYSICS-INFORMED AI PERFORMANCE ANALYSIS 

Evaluation Criterion Without DT/PIAI With DT/PIAI 

Fault Detection Accuracy (%) 96.8 98.6 

RUL Prediction Accuracy (%) 93.5 96.9 

Prediction Consistency (%) 91.8 97.3 

Decision Reliability (%) 90.6 97.8 

Model Trustworthiness (%) 89.4 98.1 

 

 

CHART 4: Digital Twin Synchronization and Equipment Health Assessment 
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5.5 Industrial Implications 

The findings of this study demonstrate that integrating trustworthy artificial intelligence into predictive maintenance has 

significant implications for modern manufacturing industries. By combining multi-sensor condition monitoring, intelligent 

fault diagnosis, Remaining Useful Life prediction, Explainable Artificial Intelligence, and Digital Twin technology, the 

proposed framework provides a comprehensive decision-support system that improves equipment reliability and maintenance 

efficiency. From an operational perspective, the framework enables maintenance activities to be scheduled based on the actual 

health condition of machinery rather than on predetermined maintenance intervals. This condition-based approach minimizes 

unexpected equipment failures, reduces production interruptions, and increases equipment availability. Consequently, 

manufacturing organizations can improve production continuity while optimizing the utilization of maintenance personnel and 

spare parts. The integration of Explainable Artificial Intelligence further enhances industrial acceptance by providing 

transparent maintenance recommendations. Maintenance engineers can identify the operational variables responsible for 

prediction outcomes, allowing AI-generated decisions to be validated against engineering expertise before implementation. 

This transparency increases confidence in intelligent maintenance systems and supports their deployment within safety-critical 

manufacturing environments. Digital Twin integration provides additional industrial value by enabling continuous 

synchronization between physical equipment and virtual asset models. Real-time monitoring and adaptive prediction allow 

manufacturers to simulate equipment behavior, evaluate maintenance strategies, and identify potential failures before they 

affect production operations. The incorporation of Physics-Informed AI further improves prediction robustness by ensuring 

that model outputs remain consistent with established engineering principles. Overall, the proposed framework supports the 

objectives of Industry 4.0 by combining intelligent data analytics with trustworthy decision-making. Its adoption has the 

potential to reduce maintenance costs, improve equipment reliability, enhance workplace safety, and increase manufacturing 

productivity. These benefits position the framework as a practical solution for predictive maintenance of critical rotating 

machinery across diverse industrial sectors, including automotive manufacturing, energy production, oil and gas, chemical 

processing, and advanced manufacturing facilities. 

TABLE 6 

CROSS-DATASET PERFORMANCE EVALUATION 

Dataset Equipment Type Accuracy (%) F1-Score (%) MAE RMSE 

NASA C-MAPSS Turbofan Engine 98.3 98.1 5.9 7.7 

CWRU Bearing Dataset Rolling Bearings 99.1 98.9 4.8 6.5 

IMS Bearing Dataset Rolling Bearings 98.6 98.4 5.3 7 

Paderborn Bearing Dataset Rolling Bearings 98.9 98.7 5 6.8 

Average  98.7 98.5 5.3 7 

 

To further evaluate the robustness and generalization capability of the proposed framework, experiments were conducted using 

four widely recognized benchmark datasets representing different categories of rotating machinery operating under diverse 

fault conditions. The selected datasets include the NASA C-MAPSS turbofan engine dataset, the Case Western Reserve 

University (CWRU) Bearing Dataset, the IMS Bearing Dataset, and the Paderborn Bearing Dataset. Evaluating the framework 

across multiple datasets reduces the risk of dataset-specific bias and provides a more realistic assessment of its applicability to 

practical industrial environments. As summarized in Table 6, the proposed framework consistently achieved high predictive 

performance across all benchmark datasets, demonstrating stable classification accuracy, F1-score, and Remaining Useful Life 

prediction accuracy despite variations in equipment type, sensor characteristics, and fault severity. The consistently low MAE 

and RMSE values further indicate that the framework effectively captures degradation patterns while maintaining reliable 

prognostic performance. These results demonstrate that integrating multi-sensor condition monitoring with explainable 

artificial intelligence, Digital Twin technology, and Physics-Informed AI improves the model's ability to generalize across 

heterogeneous industrial scenarios, thereby supporting its deployment for predictive maintenance in smart manufacturing 

systems. 
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CHART 5: Cross-Dataset Performance Comparison of the Proposed Framework 

TABLE 7 

COMPARISON WITH EXISTING STATE-OF-THE-ART METHODS 

Method Year Accuracy (%) RUL Error (%) XAI Digital Twin 

CNN-Based Condition Monitoring [41] 2022 96.3 5.8 No No 

LSTM Prognostics Model [42] 2023 97.2 4.9 No No 

Hybrid CNN-LSTM Approach [43] 2024 98.1 4.4 Partial No 

Proposed Framework This Study 98.9 3.9 Yes Yes 

 

As shown in Table 7, the proposed framework achieves the highest overall accuracy and the lowest RUL prediction error while 

uniquely combining explainable artificial intelligence and Digital Twin integration, indicating its suitability for trustworthy 

predictive maintenance in smart manufacturing environments. 

VI. CHALLENGES AND FUTURE RESEARCH 

6.1 Current Challenges 

Although recent advances in artificial intelligence have significantly improved condition monitoring and Remaining Useful 

Life (RUL) prediction, several challenges continue to limit the large-scale deployment of intelligent predictive maintenance 

systems in industrial environments. These challenges involve data quality, model reliability, computational requirements, and 

system integration, all of which influence the practical effectiveness of AI-driven maintenance solutions. One major challenge 

is the availability of high-quality operational data. Industrial sensor measurements are frequently affected by noise, missing 

observations, sensor drift, communication failures, and varying operating conditions. These factors reduce data consistency 

and may negatively influence the accuracy and generalization capability of machine learning and deep learning models. 

Developing robust data preprocessing techniques capable of handling imperfect industrial datasets therefore remains an 

important research objective. Another challenge concerns the interpretability and trustworthiness of artificial intelligence 

models. Although deep learning algorithms have demonstrated excellent predictive performance, many operate as black-box 

systems whose internal decision-making processes remain difficult to interpret. In safety-critical manufacturing applications, 

maintenance engineers require transparent explanations before implementing maintenance actions. Improving model 

explainability without compromising prediction accuracy therefore remains an active area of research. Computational 

complexity also presents a practical limitation. Advanced deep learning models often require substantial computational 

resources, extended training times, and specialized hardware such as Graphics Processing Units (GPUs). These requirements 

may restrict deployment in resource-constrained industrial environments where real-time processing and low-latency decision-

making are essential. Consequently, developing computationally efficient AI models remains an important consideration for 
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practical industrial implementation. Furthermore, integrating Digital Twin technology with industrial production systems 

remains technically challenging. Accurate Digital Twin implementation requires reliable real-time data synchronization, high-

fidelity equipment models, and seamless communication between physical assets and virtual environments. Achieving these 

requirements across heterogeneous industrial platforms continues to present both technical and organizational challenges. 

6.2 Future Research Directions 

Future research should focus on developing more robust, adaptive, and trustworthy predictive maintenance systems that operate 

effectively across diverse industrial conditions. One promising direction involves integrating multimodal sensing technologies 

with advanced artificial intelligence models to improve diagnostic accuracy while maintaining computational efficiency. Future 

studies may also investigate adaptive learning algorithms that continuously update predictive models as new operational data 

become available. Another important research direction is the development of more interpretable artificial intelligence systems. 

Although Explainable Artificial Intelligence has improved model transparency, further research is needed to develop 

explanations that are both technically meaningful and easy for maintenance engineers to understand. Combining explainability 

with uncertainty estimation may further improve confidence in AI-assisted maintenance decisions. Physics-Informed Artificial 

Intelligence and Digital Twin technologies also present significant opportunities for future investigation. Integrating 

engineering knowledge directly into learning algorithms may improve the robustness of predictions under changing operating 

conditions while reducing reliance on large labeled datasets. Similarly, more sophisticated Digital Twin platforms capable of 

representing complete manufacturing systems could support real-time optimization of maintenance planning and production 

scheduling. Future studies should also investigate federated learning, edge artificial intelligence, and cloud-edge collaborative 

computing for predictive maintenance. These technologies offer opportunities to improve data privacy, reduce communication 

latency, and enable intelligent maintenance across geographically distributed manufacturing facilities. Their integration with 

trustworthy AI frameworks could further strengthen the reliability and scalability of predictive maintenance systems within 

Industry 4.0. Overall, continued advances in trustworthy artificial intelligence, explainable learning, Digital Twin technology, 

and engineering-informed predictive modeling are expected to accelerate the development of next-generation intelligent 

maintenance systems. These developments will contribute to more reliable manufacturing operations, improved equipment 

availability, reduced maintenance costs, and enhanced industrial productivity. 

VII. CONCLUSION 

This study proposes a trustworthy artificial intelligence framework for rotating machinery in intelligent manufacturing 

scenarios. The framework integrates six technologies, enables condition monitoring and remaining useful life prediction, and 

supports reliable, transparent predictive maintenance. By combining data-driven intelligence with engineering-informed 

analysis, the framework addresses the growing demand for maintenance systems that not only deliver high predictive 

performance but also provide interpretable, trustworthy decision support for industrial applications. The study demonstrated 

that integrating vibration, temperature, acoustic emission, pressure, and motor current measurements enables comprehensive 

assessment of equipment health and improves the detection of machinery degradation. The incorporation of machine learning 

and deep learning techniques enables accurate fault diagnosis and Remaining Useful Life estimation. At the same time, 

Explainable Artificial Intelligence enhances model transparency by identifying the operational factors that influence prediction 

outcomes. Furthermore, integrating Digital Twin technology with Physics-Informed AI enhances prediction reliability by 

combining real-time operational data, engineering knowledge, and virtual asset representations. The proposed framework 

offers several practical benefits for modern manufacturing industries. By enabling early fault detection and accurate Remaining 

Useful Life prediction, it supports condition-based maintenance strategies that reduce unplanned downtime, optimize 

maintenance scheduling, lower maintenance costs, and improve equipment availability. The addition of explainable and 

engineering-informed decision support further increases user confidence, making the framework more suitable for deployment 

in safety-critical industrial environments where maintenance decisions must be technically justified. Despite these 

contributions, several opportunities remain for future research. Further experimental validation using large-scale industrial 

datasets and real-world manufacturing environments will strengthen the practical applicability of the proposed framework. In 

addition, future studies may investigate federated learning, edge artificial intelligence, uncertainty-aware prediction models, 

and more advanced Digital Twin implementations to improve scalability, computational efficiency, and prediction robustness. 

Overall, this research advances trustworthy predictive maintenance by presenting a comprehensive framework that integrates 

intelligent analytics with transparent, engineering-consistent decision-making. The proposed approach supports the objectives 

of Industry 4.0 by improving equipment reliability, enhancing manufacturing productivity, reducing operational risks, and 

advancing intelligent maintenance systems for next-generation smart manufacturing. 
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