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Abstract- The integration of industrial artificial intelligence (AI), smart sensing, and the Internet of Things 

(IoT) has revolutionized data utilization in various sectors. Predictive maintenance (PDM) emerges as a pivotal 

strategy, leveraging data from diverse manufacturing and sensing sources to anticipate equipment failures. This 

paper presents a comprehensive overview of the application of machine learning (ML) techniques in PDM, 

categorizing advancements based on ML algorithms and data acquisition equipment. Through highlighting 

significant contributions and ongoing pilot projects, this review provides valuable insights for optimizing 

maintenance strategies and enhancing equipment performance and longevity.  
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1. INTRODUCTION 

Effective maintenance is vital for success in manufacturing settings. Neglected equipment can cause unexpected 

downtime and reduced productivity, resulting in operational delays, increased waste, and lower product quality, 

among other negative impacts on business performance.  

Various organizations adopt diverse maintenance strategies based on factors like maintenance objectives, 

equipment characteristics, operational processes, and work environment. These strategies typically fall into 

categories such as corrective maintenance (CM), preventive maintenance (PM), predictive maintenance (PDM), 

and proactive maintenance. PDM specifically targets timely maintenance decisions through real-time fault 

detection, component diagnosis, degradation monitoring, and failure prediction, thereby minimizing uncertainty 

in maintenance tasks. 

The advancement of IT infrastructure in the era of Industry 4.0 has facilitated the integration of smart sensing, 

Internet of Things (IoT), big data collection, and analytics tools, empowering companies to harness the full 

potential of their data. This data-driven approach enables informed decision-making through analysis of 

historical patterns and trends. However, managing complex equipment with vast data sets poses significant 

challenges for manual processing and analysis by humans. Human-dependent scenarios, where individuals 

monitor equipment and make manual decisions, suffer from drawbacks. The expertise level of specialists 

significantly influences performance, as less experienced professionals are prone to higher rates of false 

diagnostic decisions compared to their more experienced counterparts. Industries lacking well-trained and 

experienced specialists face exacerbated challenges in maintaining consistent diagnostic accuracy. Studies 

comparing diagnostic decisions among specialists highlight the variability in outcomes, underscoring the 

limitations of human-dependent processes in critical decision-making scenarios. 

 
Fig. 1.1 Machine Learning is a Subset of Artificial Intelligence 

Machine learning (ML) is a subset of artificial intelligence (AI) characterized by algorithms or programs 
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capable of independent learning with minimal human intervention. ML offers solutions to complex human 

challenges like image processing, big data analysis, robotics, and speech recognition. Its application in 

monitoring and analyzing equipment health enhances operational and maintenance efficiency, leading to 

improved equipment performance and reduced breakdown occurrences. For instance, Roosefert et al. 

demonstrated an 84% reduction in breakdown time and an 88% decrease in breakdown frequency using an ML-

based predictive maintenance (PDM) approach compared to traditional Industry 3.0 methods. This approach 

also enhances equipment availability, reliability, and reduces operational risks, thereby enhancing corporate 

competitiveness. 

Recent advancements in ML techniques have spurred numerous studies showcasing its potential. Akram et al. 

achieved 93.02% accuracy in fault detection of photovoltaic cell defects using convolutional neural networks 

(CNNs). Ren et al. employed region-based CNNs (R-CNN) for real-time object detection training, while Cha et 

al. applied R-CNN for detecting structural surface damages on bridges with a mean average precision (mAP) of 

87.8%. However, selecting the most suitable, simple, and effective ML algorithm for specific problems remains 

a challenge, often requiring extensive data acquisition on failure scenarios and system operating states for model 

training. 

2. THE PROGRESSION OF MAINTENANCE STRATEGIES   

The initial maintenance approach, known as corrective maintenance (CM) or "run to failure," is depicted in 

Figure 2. In CM, maintenance activities are reactive, triggered only after equipment breakdowns occur. This 

approach lacks scheduled routine maintenance, making it challenging to optimize equipment performance 

economically or in terms of reliability. Consequently, equipment availability and reliability may suffer. Despite 

its limitations, CM remains in use due to its low implementation costs, making it suitable for equipment with 

limited budgets for repair or replacement. Companies often employ CM for equipment that has minimal impact 

on overall production operations. 

 
Fig. 2.1 Evolution of maintenance approaches [3] 

The evolution of maintenance strategies progresses to preventive maintenance (PM). PM adopts a proactive, 

time-based approach where regular inspections and maintenance tasks are scheduled and executed before 

potential failures occur. The goal is to prevent system failures during operation, particularly those that could be 

costly or pose risks. 

Advancing further in maintenance strategy evolution is condition-based maintenance (CBM), along with its 

refined form known as predictive maintenance (PDM). PDM employs sophisticated analytics techniques to 

anticipate faults or failures in a degrading system. By continuously monitoring equipment operating conditions 

and performance metrics, PDM aims to detect early signs of wear or deterioration that could lead to component 

failure. Beyond basic condition monitoring, PDM's primary objective is to forecast the remaining useful life of 

machinery using historical data. This predictive aspect holds promise for significant maintenance optimization 

and cost reductions. 

4. LEVERAGING MACHINE LEARNING (ML) FOR PREDICTIVE 

MAINTENANCE (PDM) 

In the predictive maintenance (PDM) strategy, there's ongoing real-time monitoring and analysis of equipment 

health. Lei et al. [20] outline the machinery health diagnosis process into four key steps: data acquisition, 

constructing health indicators, segmenting health stages, and predicting remaining useful life. 

4.1 Data Acquisition 

Acquiring data is fundamental for subsequent processing and analysis, particularly in addressing predictive 
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maintenance (PDM) challenges. This process entails designing and configuring an appropriate system 

architecture to capture and store various sensor data from the equipment. A typical data acquisition system 

includes sensors, data transmission components, and storage devices. Depending on the equipment's nature, a 

combination of sensors such as accelerometers, acoustic emission sensors, infrared thermometers, and others 

may be employed to comprehensively reflect machinery degradation processes. 

4.2 Health Indicator Construction  

Following feature extraction, the subsequent phase involves establishing the health indicator (HI). This indicator 

serves as a real-time representation of machinery health, integrating various condition monitoring signals like 

vibration, current, and acoustic emissions. The construction of the health indicator is pivotal in the context of 

predictive maintenance (PDM), as it provides crucial insights into equipment health status. 

4.3 Health Stage Division  

The next phase involves categorizing machine operations into stages based on the determined health indicator 

(HI). However, this task can be challenging, especially when the machine operates with a consistent HI 

throughout its operation, lacking distinct stages. In such instances, the machines operational state changes 

uniformly at a steady pace [21]. Nevertheless, this step remains crucial in predictive maintenance (PDM) 

applications. For certain mechanical devices like journal bearings, the equipment's operational state can be 

divided into multiple stages. In the healthy stage, HI readings remain relatively constant, providing limited 

information about the device's failure trend. As a result, accurately forecasting the Remaining Useful Life 

(RUL) during this stage is neither essential nor precise.  

4.4 Remaining useful life Prediction 

Forecasting the Remaining Useful Life (RUL) of machinery stands as a pivotal challenge within the realm of 

predictive maintenance (PDM). RUL is defined as the duration remaining until the end of a machine's useful life 

[23]. The core objective of RUL prediction is to estimate the time remaining before the machinery becomes 

inoperable, leveraging condition monitoring data. This task serves as the final technical step and ultimate 

objective of machinery prognostics. Approaches to RUL prediction can be classified into physical model-based 

methods, statistical model-based techniques, and artificial intelligence (AI) approaches. 

4.5 Challenges for PDM using ML in Vietnam 

Essentially, every machine encompasses various failure modes, necessitating comprehensive laboratory testing 

to generate standardized datasets. Obtaining such data during routine operations proves challenging, often 

limited to specific failure modes. Additionally, aggregating data across similar machines is crucial but difficult 

due to the scarcity of machines in many organizations. Collaboration and data sharing among oil and gas 

companies, particularly in Vietnam, are essential to bolster the advancement and research of predictive 

maintenance (PDM) by facilitating access to vital machinery data. 

CONCLUSION 

Predictive maintenance (PDM) is gaining popularity across various industries due to its effectiveness in 

reducing unnecessary maintenance tasks and enhancing machinery reliability. With the rise of Industry 4.0, 

machine learning (ML) has become a key player in PDM, aiding in data processing, continuous equipment 

monitoring, and health analysis. This paper examines PDM practices and reviews the application of advanced 

AI techniques in this field, specifically focusing on the four main technical steps of machinery health 

prognostics: data acquisition, health indicator construction, health stage division, and remaining useful life 

prediction. 

At BIENDONG POC, there is a strategic initiative to implement PDM solutions using ML modeling to monitor, 

maintain, and track equipment reliability and performance within a plant environment. The ability to monitor 

equipment health and quickly identify potential failures supports informed decision-making and maintenance 

planning. This approach emphasizes continuous performance improvement and proactive management of 

equipment health, with a focus on identifying performance degradation as an early warning sign of potential 

issues. Therefore, staying updated with research developments and trends in PDM is crucial for evaluating the 

current state and guiding future research directions at BIENDONG POC.  
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