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Abstract: 

Artificial Intelligence (AI) has become an important technological approach for improving 

maintenance practices in modern industrial systems. Traditional corrective and preventive 

maintenance methods may result in unexpected equipment failures, unnecessary maintenance 

activities, production interruptions, and increased operational costs. Predictive maintenance 

provides an alternative by using equipment condition data to identify abnormal operating patterns 

and anticipate potential failures before they occur. This study examines the role of Artificial 

Intelligence in predictive maintenance in industrial systems, with particular emphasis on Machine 

Learning, Artificial Neural Networks, Deep Learning, Internet of Things (IoT), Edge Computing, 

and Digital Twin technologies. A systematic literature review and descriptive research design were 

adopted, relying primarily on secondary data obtained from relevant academic studies, scholarly 

publications, and books. The reviewed literature was selected using predefined search strategies 

and inclusion and exclusion criteria, followed by systematic data extraction and comparative 

analysis. Previous studies indicate that AI-based predictive maintenance can improve early fault 

detection, equipment reliability, maintenance planning, and operational efficiency, while 

contributing to reductions in unplanned downtime and maintenance-related costs. However, 

successful implementation remains affected by challenges including data quality, insufficient 

failure records, sensor reliability, changing operating conditions, model interpretability, 

cybersecurity, computational requirements, and the need for human oversight. The study concludes 

that Artificial Intelligence has significant potential to transform industrial maintenance from 

reactive and schedule-based practices toward more initiative-taking, condition-based, and data-

driven approaches. The findings also highlight the need for further research that integrates AI 

performance with practical maintenance outcomes and organizational implementation 

requirements. 

Keywords: Artificial Intelligence, Predictive Maintenance, Machine Learning, Industrial Systems, 

Deep Learning, Internet of Things, Equipment Failure Prediction. 
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1.1 Introduction: 

Artificial Intelligence (AI) has become a pivotal technology in the evolution of contemporary 

industrial frameworks. The growing utilization of sophisticated technology, automation, Internet 

of Things (IoT) devices, sensors, and data analytics has empowered industrial entities to gather 

and analyze substantial amounts of operational data from machinery and production apparatus. 

This advancement has generated fresh prospects for businesses to bolster equipment dependability, 

diminish operational expenses, and augment output efficacy. A significant application of AI in this 

scenario is predictive maintenance (Agoro, 2025). 

Predictive maintenance refers to a maintenance technique that analyzes equipment condition data 

to identify probable faults before they occur. In contrast to conventional corrective maintenance, 

which entails fixing equipment post-failure, or preventive maintenance, conducted based on set 

timelines, predictive maintenance seeks to assess the current state of equipment and forecast when 

maintenance might be necessary. Artificial intelligence and machine learning algorithms are 

capable of examining both historical and real-time data to detect trends and irregularities linked to 

equipment deterioration and malfunction (Selcuk, 2016). 

In industrial settings, unforeseen machinery malfunctions can lead to considerable monetary 

losses, disruptions in production, heightened maintenance costs, and safety hazards. Consequently, 

the capacity to forecast failures with precision might offer businesses a significant chance to 

implement remedial measures before to the emergence of critical issues. AI-driven predictive 

maintenance can assist maintenance teams by delivering advance alerts, prioritizing maintenance 

tasks, and enhancing decision-making related to equipment servicing and replacement (Haleem, 

2025). 

The utilization of AI in predictive maintenance has gained significant importance as industrial 

entities strive to enhance operational efficiency and sustain competitiveness. Machine-learning 

techniques can process complicated information that may be difficult to analyze using traditional 

approaches. By finding links between equipment conditions and historical failures, these strategies 

can contribute to more accurate predictions and better maintenance planning (Muhammed, 2024). 

This study therefore focuses on Artificial Intelligence for Predictive Maintenance in Industrial 

Systems, examining how AI technologies can contribute to predicting equipment failures, reducing 
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downtime, improving maintenance efficiency, and supporting the overall performance of industrial 

operations. 

 

1.2 Background: 

Industrial companies depend significantly on machinery, production equipment, and technological 

systems to ensure continuous output and meet operational objectives. The stability of these systems 

is consequently a key aspect in determining productivity and organizational effectiveness. 

Equipment failures, however, are unavoidable and may occur because of component deterioration, 

high workload, unsuitable operating conditions, inadequate maintenance, or other technical issues 

(Khurram، 2025). 

Traditionally, enterprises have depended on corrective and preventive maintenance practices. 

Corrective maintenance involves repairing or replacing equipment once a breakdown has occurred, 

while preventative maintenance involves conducting maintenance tasks at predefined intervals. 

Although these treatments can lessen certain dangers, they also have limitations. Corrective 

maintenance may lead to unexpected downtime and expensive repair costs, whereas preventative 

maintenance may result in unneeded maintenance actions when equipment is still performing 

properly (Salawu, 2023). 

Predictive maintenance provides an alternate method by focusing on the actual condition and 

behavior of equipment. The advent of digital technologies has made it feasible to collect 

information such as temperature, vibration, pressure, energy consumption, operating speed, and 

other equipment data. These data can be evaluated to detect anomalous behavior and uncover early 

symptoms of failure (Arowolo, 2025). 

Artificial Intelligence delivers extensive analytical capabilities for predictive maintenance. 

Machine-learning algorithms can learn from historical equipment data and discover patterns 

associated with normal and abnormal operating circumstances. Depending on the available data 

and industrial requirements, businesses may employ classification, regression, anomaly detection, 

time-series analysis, and other AI approaches to assess equipment health and failure risk (Scaife, 

2024). 
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The combination of AI with predictive maintenance can give numerous benefits. These include 

earlier discovery of equipment faults, reduction of unplanned downtime, enhanced maintenance 

scheduling, more efficient utilization of maintenance workers, and better management of spare 

parts. AI-based solutions may also support decision-makers by providing information about which 

equipment requires attention and when maintenance should be conducted (Patil, 2024). 

Despite these advantages, deploying AI-based predictive maintenance can include various hurdles. 

Organizations may confront issues relating to data quality, availability of previous failure records, 

integration with existing industrial systems, technical knowledge, implementation costs, 

cybersecurity, and employee acceptability. Consequently, knowing the role and usefulness of AI 

in predictive maintenance is vital for enterprises considering the adoption of these technologies 

(Zeb, 2025). 

 

1.3 Problem Statement: 

Industrial systems usually depend on complicated machinery and equipment whose unexpected 

breakdown can stop production operations and negatively damage organizational performance. 

Equipment malfunctions may result in unscheduled downtime, increased maintenance and 

replacement costs, production losses, delays, and significant safety issues. Traditional maintenance 

procedures may not always give adequate capabilities to recognize emerging equipment problems 

before they result in failure (Emroozi, 2025). 

Preventive maintenance, although effective for minimizing the probability of unexpected 

breakdowns, often relies on predetermined maintenance plans. As a result, maintenance may be 

conducted earlier than necessary, or equipment faults may arise between scheduled maintenance 

actions. Corrective maintenance, on the other hand, responds to faults after they have happened, 

potentially resulting in considerable operational disruption (Hamasha, 2023). 

The increased availability of industrial data presents an opportunity to address these restrictions 

with AI-based predictive maintenance. However, the efficacy of AI in predicting equipment 

failures depends on various aspects, including the quality and quantity of accessible data, the 

applicability of AI algorithms, system integration, and the ability of organizations to interpret and 

act upon AI-generated predictions (Lukito, 2025). 
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Therefore, the central problem addressed by this study is the need to understand how Artificial 

Intelligence can be effectively applied to predictive maintenance in industrial systems and how its 

application can contribute to reducing equipment failures and downtime while improving 

maintenance efficiency and operational performance (Dhyani, 2021). 

 

1.4 Research Objectives: 

General Objective 

The main objective of this study is to examine the role of Artificial Intelligence in improving 

predictive maintenance in industrial systems. 

Specific Objectives 

1- To examine the application of Artificial Intelligence technologies in predictive 

maintenance.  

2- To identify the major AI and machine-learning techniques used to predict industrial 

equipment failures.  

3- To evaluate the contribution of AI-based predictive maintenance to reducing unplanned 

equipment downtime.  

4- To examine the effect of AI-based predictive maintenance on maintenance efficiency.  

5- To assess the contribution of AI to reduce maintenance-related operational costs.  

6- To examine the role of AI-based predictive maintenance in improving equipment reliability 

and availability.  

7- To identify the major challenges associated with implementing AI-based predictive 

maintenance in industrial systems.  

8- To provide recommendations for improving the implementation and effectiveness of AI-

based predictive maintenance.  
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1.5 Research Scope: 

This study focuses on the application of Artificial Intelligence in predictive maintenance inside 

industrial systems. The study analyzes how AI and machine-learning technologies can be used to 

evaluate equipment-related data, identify aberrant operating patterns, predict probable equipment 

breakdowns, and enhance maintenance decision-making. 

The study analyzes the relationship between AI-based predictive maintenance and significant 

maintenance and operational outcomes, including equipment dependability, maintenance 

efficiency, unplanned downtime, operational expenses, and equipment availability. It also 

considers difficulties that may affect the effective adoption of AI-based predictive maintenance, 

such as data availability and quality, technological infrastructure, technical competence, system 

integration, and organizational readiness. 

The focus of the study is limited to the use of AI as a technological solution to predictive 

maintenance rather than encompassing all applications of Artificial Intelligence in industrial 

organizations. The study primarily considers industrial machinery and manufacturing equipment 

where operational data can be gathered and analyzed for maintenance purposes. 

The study also focuses on the potential and practical contribution of AI-based predictive 

maintenance to industrial operations. It is not intended to investigate every AI technology or every 

sort of industrial maintenance system. Instead, focus is placed on understanding how AI may 

support the transition from traditional maintenance procedures toward more data-driven and 

predictive maintenance practices. 

 

 

 

 

 

 

 



 10 

 

 

 

 

 

 

 

 

 

 

 

 

2. Chapter Two: Literature Review 

 

 

 

 

 

 

 

 

 

 

 



 11 

2.1 Introduction: 

The fast growth of Artificial Intelligence (AI), machine learning, industrial automation, and data 

analytics has revolutionized the way organizations manage equipment maintenance. Industrial 

systems increasingly create significant amounts of operational data through sensors, monitoring 

systems, and connected equipment. The availability of such data has created chances to move from 

traditional maintenance approaches toward predictive maintenance, where equipment conditions 

are continuously monitored to identify probable faults before they occur. 

Predictive maintenance has gained substantial attention from researchers because of its potential 

to reduce unplanned downtime, maintenance costs, and equipment failures while enhancing 

reliability and operating efficiency. AI plays a crucial part in this shift because machine-learning 

algorithms can find complex patterns within equipment data and utilize these patterns to evaluate 

equipment health and failure risk. 

Previous research has studied many AI techniques, including machine learning, deep learning, 

artificial neural networks, support vector machines, decision trees, random forests, and anomaly-

detection algorithms. Researchers have applied these strategies to numerous industrial contexts 

and equipment types, including manufacturing machines, rotating equipment, turbines, engines, 

and other important assets. The findings show that AI-based predictive maintenance can give more 

timely and accurate information for maintenance decision-making compared with conventional 

approaches. 

However, past studies range in their research objectives, datasets, industrial contexts, AI 

methodologies, performance measurements, and implementation approaches. Some research 

concentrate on improving forecast accuracy, whilst others explore the financial and operational 

benefits of predictive maintenance. In addition, several studies focus on technical algorithm 

performance without fully considering organizational and implementation-related problems. 

This chapter analyzes pertinent material about Artificial Intelligence and predictive maintenance 

in industrial systems. It discusses past studies, compares their techniques and conclusions, 

acknowledges shortcomings in existing research, and creates the research gap that the present 

study intends to remedy. 
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2.2 Previous studies: 

- Machine Learning for Predictive Maintenance 

The fast deployment of renewable energy technologies has resulted in an increased demand for 

effective maintenance procedures that can ensure safe, dependable, and sustainable functioning 

throughout the asset's lifespan. Solar photovoltaic systems, wind turbines, hydropower facilities, 

biomass plants, geothermal installations, battery energy storage systems, and hybrid renewable 

energy facilities all have complex mechanical, electrical, electronic, structural, and digital 

components that are subjected to changing environmental and operating conditions. Conventional 

corrective and periodic preventive maintenance procedures may be insufficient to detect emerging 

defects before they become dangerous breakdowns. Predictive maintenance provides an alternative 

by utilizing continuous or periodic condition data to assess equipment health, detect abnormalities, 

anticipate future failures, and select necessary maintenance actions. Recent breakthroughs in 

machine learning have increased the possibility for predictive maintenance by allowing computers 

to uncover complicated correlations between operational factors, ambient conditions, equipment 

state indicators, and historical failure patterns. This research study investigates the use of machine 

learning approaches for predictive maintenance in renewable energy systems, with a focus on 

enhancing safety. The research creates a conceptual framework for sensor-based condition 

monitoring, data collecting, preprocessing, feature engineering, machine learning, problem 

detection, remaining usable life prediction, risk assessment, maintenance decision-making, and 

safety management. The paper investigates supervised, unsupervised, semi-supervised, deep 

learning, ensemble learning, anomaly detection, and hybrid physics-informed approaches and their 

applications in wind turbines, solar photovoltaic installations, hydropower systems, biomass 

facilities, geothermal plants, and battery energy storage systems. It also examines the relationship 

between predictive maintenance and safety, focusing on the prevention of catastrophic equipment 

failures, the reduction of hazardous inspection activities, the early detection of electrical and 

mechanical faults, improved maintenance scheduling, and improved emergency preparedness. 

Significant issues include insufficient failure data, class imbalance, sensor malfunctions, changing 

operational circumstances, model interpretability, cybersecurity, computing needs, data quality, 

and the repercussions of wrong predictions. According to the research, machine learning should 

not be viewed as a replacement for engineering judgment or established safety processes, but rather 

as an intelligent decision-support tool incorporated within a larger risk-management framework. 

Future breakthroughs in digital twins, edge computing, explainable AI, multimodal sensing, 

federated learning, autonomous inspection, and physics-informed machine learning are projected 

to improve predictive maintenance capabilities. The research suggests that well-designed machine-

learning-based predictive maintenance systems can improve the safety of renewable energy 

installations by changing maintenance from a reactive activity to an initiative-taking, condition-

aware, risk-based operation. High-quality data, reliable sensing, validated algorithms, human 

oversight, cybersecurity, explicit safety limits, and an organizational commitment to incorporating 
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predictive intelligence into maintenance and operational decision-making are all required for 

successful deployment (Paul, 2026). 

Belt-pulley systems, which are commonly used in industrial power transmission applications, rely 

on predictive maintenance to ensure reliability and operational effectiveness. This study presents 

a machine-learning-based method for defect diagnosis and classification using vibration, slip ratio, 

and belt-tension measurements from a controlled experimental setting. A thorough dataset was 

created by combining four distinct working conditions: normal, misalignment, belt slip, and 

insufficient tension. The dataset included six hundred samples: normal (188), misalignment (153), 

belt slip (150), and insufficient tension (109). The model's performance was evaluated using 

Receiver Operating Characteristic (ROC) curves, confusion matrices, and conventional metrics. 

To ensure high-fidelity ground truth, each condition was labeled with empirically derived 

threshold-based rules. Three classification models were developed and evaluated using a single 

pipeline that includes feature extraction, supervised learning, and multi-metric performance 

evaluation: Logistic Regression (LR), Support Vector Machine (SVM), and Random Forest (RF). 

Quantitative research shows that the Random Forest classifier performed best, with 99.5% 

accuracy, 99.0% precision, 99.5% recall, and an Area Under the Curve (AUC) of 1.00, showing 

near-perfect fault state separation. In comparison, LR and SVM achieved reasonable accuracies of 

78.5% and 74.0%, respectively, but had inferior discriminative capacity, as seen by their ROC 

curves. Furthermore, confusion matrix analysis shows that ensemble learning reduces 

misclassification among closely related defects and resolves nonlinear decision boundaries. By 

attaining strong fault detection and high classification accuracy, the proposed framework enables 

early identification of deterioration patterns that are difficult to detect using traditional monitoring 

approaches. Overall, the findings show that machine learning has the potential for widespread 

deployment in industrial predictive maintenance settings and is applicable to real-time health 

monitoring of belt-pulley systems. The findings support the use of machine learning for scalable 

industrial predictive maintenance and real-time health monitoring of belt-pulley systems 

(Sivathanu, 2026). 

In industrial settings, unanticipated equipment failures can result in increased downtime, high 

maintenance costs, and decreased production. Traditional maintenance solutions, such as reactive 

and preventive maintenance, are frequently ineffective because they either respond after failure or 

rely on predetermined timetables that ignore the real condition of the equipment. To address these 

restrictions, predictive maintenance has developed as a viable solution that allows for early issue 

diagnosis using real-time data analysis. This study describes a machine learning-based predictive 

maintenance system intended for industrial applications. The suggested system uses sensors to 

continually monitor crucial factors including temperature, vibration, and current. Machine learning 

algorithms are used to evaluate and analyze the acquired data, identifying trends and detecting 

abnormalities that suggest future equipment problems. The algorithm is trained on past data to 

increase forecast accuracy and dependability. The findings show that the suggested system can 

accurately identify failures ahead of time, avoiding unnecessary downtime and improving 



 14 

maintenance plans. Additionally, this method improves operating efficiency and increases the 

longevity of industrial machines. This research demonstrates how machine learning approaches 

may convert standard maintenance processes into intelligent and data-driven solutions (Shahakar, 

2026). 

Predictive maintenance (PdM) has developed as an important method for controlling IoT devices. 

Predictive maintenance decreases downtime, improves operational efficiency, and saves money by 

predicting faults and allowing for prompt fixes. With the development of IoT, the volume of data 

created by interconnected devices has increased, creating both an opportunity and a difficulty for 

sustaining these systems. Machine learning (ML) approaches, such as supervised learning, 

unsupervised learning, and reinforcement learning, have shown great promise in using data from 

IoT devices to anticipate errors before they happen. This study investigates several machine 

learning techniques for predictive maintenance in IoT devices, such as data pretreatment, feature 

extraction, and model training. We compare the accuracy, precision, and computing efficiency of 

several machine learning techniques, including decision trees, random forests, support vector 

machines (SVM), and deep learning models. The experimental findings demonstrate each 

approach's strengths and limits. Furthermore, we explain how to integrate these models into the 

IoT ecosystem to better maintenance procedures. The study finishes with recommendations on 

how machine learning might be improved to give more solid solutions for predictive maintenance 

in IoT devices (Rahman, 2025). 

 

- Artificial Neural Networks and Deep Learning 

This book begins with fundamental principles in descriptive statistics and probability theory, 

providing a solid foundation for understanding data and probability distributions. As the reader 

proceeds, they are exposed to matrix calculus and gradient optimization, which are essential for 

training and fine-tuning neural networks. The book goes into multilayer feed-forward neural 

networks, including its design, training methods, and backpropagation algorithm. Key issues in 

neural network optimization, such as activation function saturation, disappearing and expanding 

gradients, and weight initialization, are comprehensively addressed. The paper discusses 

alternative learning rate schedules and adaptive algorithms, as well as ways for optimizing the 

training process. To improve model performance and prevent overfitting, techniques for 

generalization and hyperparameter adjustment are described, such as Bayesian optimization and 

Gaussian processes. Advanced activation functions are thoroughly investigated, with categories 

including sigmoid-based, ReLU-based, ELU-based, miscellaneous, non-standard, and 

combination kinds. Each activation function is investigated for its features and applications, 

providing readers with a thorough grasp of their influence on neural network activity. The last 

chapter covers complex-valued neural networks, which include complex numbers, functions, and 

visualizations, as well as complex calculus and backpropagation techniques. This book provides 

readers with the information and abilities required to construct and optimize sophisticated neural 
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network models, therefore contributing to ongoing advances in artificial intelligence (Hammad, 

2024). 

Artificial intelligence (AI) encompasses subjects such as machine learning (ML), artificial neural 

networks (ANNs), and deep learning (DL), all of which have grown in prominence in recent years. 

Machine learning (ML) is the use of algorithms to automate decision-making processes by training 

models on data rather than manually programming them. ANNs, which are part of machine 

learning, strive to imitate the structure and function of the human brain. In contrast, deep learning 

employs numerous layers of linked neurons. This facilitates the processing and analysis of huge, 

complicated datasets. In medicine, these strategies are being used to speed up and enhance the 

efficiency of illness detection and treatment. Each of the AI approaches discussed in the study is 

accompanied by an example of a potential medical application. Given the rapid advancement of 

technology, the use of AI in medicine produces promising benefits in terms of patient care. It is 

very vital to monitor this issue and perform more research in order to fully explore the potential of 

ML, ANNs, and DL and bring new applications into clinical usage in the future (Kufel, 2023). 

In this age of the fourth industrial revolution 4.0, the digital world is awash with data, including 

the internet of things, mobile, cybersecurity, social media, predictions, health data, and so on. 

Machine learning and artificial intelligence (AI) knowledge is necessary to accurately assess data 

and construct associated smart and automated systems. These domains employ a wide range of 

machine learning techniques, including supervised, unsupervised, and reinforcement learning. The 

study's goal is to demonstrate the function of artificial neural networks and machine learning in 

exploiting spatial information. Machine learning and artificial intelligence are becoming 

increasingly significant in disaster risk reduction, ranging from hazard mapping and extreme 

occurrence forecasting to real-time event detection, situational awareness, and decision support. 

Weather forecasting, medical diagnosis, aerospace, facial recognition, stock market, social media, 

signature verification, forensics, robotics, electronics hardware, defense, and seismic data 

collection were among the applications used in the study to assess several ANN domains. Machine 

learning generates numerous prediction models for problems involving classification, regression, 

and clustering using known variables and locations from the training dataset, whereas spatial data 

based on tabular data generates various observations that are geographically related to one another 

for unknown factors and locations. According to the study, recurrent neural networks and 

convolutional neural networks outperform other methods in spatial information processing, 

healthcare, and weather forecasting by more than ninety (Goel, 2022). 

This article provides a survey of real-world neural network applications. It gives a taxonomy of 

artificial neural networks (ANNs) and informs the reader on current and emerging trends in ANN 

application research, as well as areas of interest for researchers. In addition, the paper discusses 

ANN application issues, contributions, performance comparisons, and approach critiques. The 

paper examines several applications of ANN approaches in a variety of fields, including 

computers, science, engineering, medical, the environment, agriculture, mining, technology, 

climate, business, arts, and nanotechnology, among others. The paper evaluates ANN 
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contributions, compares performance, and reviews techniques. The study discovered that neural-

network models, such as feedforward and feedback propagation artificial neural networks, 

outperform their counterparts when applied to human situations. As a result, we proposed 

feedforward and feedback propagation ANN models for research purposes based on data analysis 

criteria such as accuracy, processing speed, latency, fault tolerance, volume, scalability, 

convergence, and performance. Furthermore, by using a single approach, we propose that future 

research focus on merging ANN models into a network-wide application (Abiodun, 2018). 

 

- IoT and AI-Based Predictive Maintenance 

The growing global deployment of renewable energy infrastructure has increased the demand for 

dependable structural health monitoring systems capable of enabling predictive maintenance 

solutions. Wind turbines and hydropower dams face complicated environmental and operational 

loading conditions, which can result in gradual degradation, structural cracking, and surprise 

failures. Traditional monitoring techniques are still mostly reactive and fragmented, depending on 

periodic inspections and threshold-based warning systems that fail to detect growing structural 

deterioration. This paper presents an integrated AI-IoT-DT architecture to improve predictive 

maintenance capabilities for renewable energy structures. The framework incorporates 

convolutional neural networks for automated crack detection, time-series anomaly detection 

models for sensor data analysis, finite element-based digital twin simulations for predictive 

structural behavior modeling, and real-time IoT communication pipelines for continuous 

monitoring. A prototype application was created utilizing Python-based tools, which included 

MobileNetV2 transfer learning for picture classification, sliding-window preprocessing for 

sequential sensor data, and simplified finite element models of wind turbine towers and dam 

spillways. Results show that AI-based crack identification can beat standard manual inspection 

methods in terms of accuracy and scalability, whereas digital twin simulations give predictive 

insights into stress redistribution and displacement patterns. The proposed methodology advances 

predictive structural health monitoring in renewable energy systems by combining data-driven 

analytics with physics-based modeling. The findings emphasize the potential for greater asset 

dependability, lower maintenance costs, and increased safety through intelligent monitoring 

ecosystems (Sumanasekara, 2026). 

A vital machine failing during production is a major event. The line comes to a halt, timetables are 

disrupted, and the repair is now being completed under stress, with even less time to do it well. 

Supplies purchased ahead of time must now be finished on the same day. Labor that was scheduled 

for other projects is diverted. The total cost of a single breakdown is often many times what early 

diagnosis and appropriate maintenance would have cost. One issue is that many traditional systems 

are not clever enough at the hardware level to detect early warning indications of approaching 

failure. We find that the present solutions have three key drawbacks: a) They rely significantly on 

centralized servers for (sometimes real-time) inference, resulting in non-negligible latency; b) 
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They only weakly integrate digital twin models with real-time data streams; and c) They have 

limited flexibility to adapt to changing operational circumstances. To address these shortcomings, 

a layered predictive maintenance architecture was presented, which uses edge AI processing for 

Industrial IoT data collecting and Digital Twin modeling. In parallel, the system collects data from 

various sensors (vibration, temperature, acoustic, and current signals), processes it on the edge 

gateway, and feeds it to an ensemble of machine learning and deep learning models (Random 

Forest, SVM, LSTM, CNN-LSTM), as well as a reinforcement learning scheme. The Digital Twin 

interacts with the edge layer in real time through a continuous feedback loop, simulating 

deterioration patterns and dynamically tuning maintenance choices. The experiment using 

confusion matrix analysis and cross-validation revealed that the combined strategy obtains a 

detection accuracy of 97.43%. Furthermore, false negatives were reduced by approximately 

33.33% compared to single-sensor techniques, and overall downtime was reduced by 66.67% 

compared to standard threshold-based methods. One intriguing finding is that performing 

inference on the edge (even on a low-cost device like Raspberry Pi) may still achieve an important 

level of accuracy, with latency decreased to less than 13 ms (Patil M. , 2026). 

Traditional camera maintenance approaches rely on frequent manual inspections, which are time-

consuming, expensive, and intrinsically restricted because they only discover and solve problems 

after they arise. In large-scale industrial sites with hundreds of cameras, such systems typically 

result in human mistakes and response delays, reducing safety and productivity. To address these 

constraints, this study presents an automated and intelligent predictive maintenance system that 

integrates artificial intelligence (AI)-based video analysis technology with industrial Internet of 

Things (IIoT) technologies. The suggested system captures high-resolution video data in real time 

and goes through a number of steps, including picture preprocessing, feature extraction, anomaly 

detection, severity rating, and maintenance alert sending. Using CNN-based deep learning 

algorithms and OpenCV image processing techniques, the system can identify lens contamination, 

focus blur, and picture deterioration. When abnormalities are detected, they are promptly 

categorized, and real-time notifications are provided via a cloud-based notification system. 

Furthermore, maintenance history is automatically stored and evaluated in a database, allowing for 

the formulation of long-term asset management plans. Experimental results in real-world industrial 

situations show that the suggested system increases detection accuracy by 90-95% when compared 

to manual inspection techniques, decreases alarm reaction time to seconds, and saves maintenance 

time and costs by more than 70% and 40%, respectively. This study validates the practical 

effectiveness of automated and predictive maintenance in camera systems as a core technology for 

smart factory implementation, and it is expected to help develop more scalable maintenance 

frameworks by integrating multi-sensor data and making further advances in predictive algorithms. 

Index Terms: Predictive Maintenance, Industrial IoT (IIoT), Automated Camera, AI Image 

Analysis, Smart Factory (Jun, 2025). 

Predictive maintenance has evolved as a crucial tool for industrial and business organizations that 

want to decrease unexpected downtime, maximize asset performance, and increase operational 
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efficiency. Traditional SAP-based maintenance systems rely heavily on historical data and 

scheduled maintenance schedules, which limits their capacity to adapt to real-time equipment 

conditions. The combination of Internet of Things technology and artificial intelligence allows for 

a data-driven strategy that shifts maintenance operations from reactive to predictive. This article 

describes a unified AI and IoT architecture that is connected with SAP platforms to enable 

intelligent predictive maintenance operations. The suggested architecture uses IoT sensors and 

edge computing to collect real-time data, AI models to anticipate failures and detect anomalies, 

and SAP systems to orchestrate maintenance workflows and corporate operations. The article 

discusses key architectural components, data flows, and predictive maintenance routines, as well 

as security, governance, and compliance issues. The study also looks at performance evaluation 

measures, business implications, and implementation obstacles. Finally, upcoming developments 

like edge AI, digital twins, and autonomous maintenance systems are discussed, emphasizing their 

potential to improve SAP-based predictive maintenance solutions. The insights presented seek to 

assist businesses in developing scalable, secure, and intelligent maintenance architectures that are 

aligned with company goals (Nandesh, 2023). 

 

2.3 Comparative Analysis of Previous Studies: 

Previous research has shown that Artificial Intelligence (AI) and Machine Learning (ML) hold 

substantial promise for improving predictive maintenance in industrial systems. Despite 

differences in application domains and technology techniques, the majority of the research focus 

on detecting equipment irregularities and forecasting failures before they cause substantial 

operational interruptions. Paul (2026) investigated machine-learning techniques to predictive 

maintenance in renewable energy systems, emphasizing the significance of condition monitoring, 

anomaly detection, remaining usable life projection, and risk assessment. The study also identified 

obstacles such as inadequate failure data, sensor issues, data quality, cybersecurity, and model 

interpretability. 

Sivathanu (2026) investigated belt-pulley systems and compared Logistic Regression, Support 

Vector Machine, and Random Forest models for fault classification. The Random Forest model 

outperformed all others, achieving 99.5% accuracy and exhibiting ensemble learning's potential 

for reliable industrial defect identification. Similarly, Shahakar (2026) created a machine-learning 

predictive maintenance system based on temperature, vibration, and current data and discovered 

that artificial intelligence might help with premature failure detection, downtime reduction, and 

maintenance planning. Rahman (2025) investigated ML strategies for IoT devices and compared 

decision trees, Random Forest, SVM, and deep-learning models, emphasizing the necessity of 

choosing appropriate algorithms based on accuracy and computing needs. 

Other research focused on Artificial Neural Networks and Deep Learning. Hammad (2024), Goel 

(2022), and Abiodun (2018) proved the potential of neural-network techniques to analyze 

complicated information while also supporting prediction and classification tasks. However, these 
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studies are larger in scope, focusing mostly on neural networks' technical capabilities rather than 

their direct contribution to industrial maintenance performance. 

Recent research has progressively integrated AI, IoT, Edge Computing, and Digital Twins. 

Sumanasekara (2026) suggested an AI-IoT-Digital Twin system for predictive structural 

maintenance, whereas Patil (2026) coupled edge AI, Digital Twins, and several ML and deep-

learning models to achieve 97.43% detection accuracy and 66.67% downtime reduction. Jun 

(2025) demonstrated the use of CNN and IIoT technology for automated industrial camera 

maintenance, whilst Nandesh (2023) advocated combining AI and IoT-based predictive 

maintenance with SAP systems to link equipment monitoring to organizational maintenance 

procedures. 

Overall, the research examined show that AI-based predictive maintenance may increase failure 

detection, equipment dependability, maintenance planning, and operational efficiency. However, 

most research focuses on specific equipment, methods, or technical structures. There is less 

emphasis on investigating AI-based predictive maintenance from a comprehensive standpoint that 

takes downtime reduction, maintenance efficiency, operating costs, equipment dependability, and 

implementation issues into account. This gap is the foundation for the current research on Artificial 

Intelligence for Predictive Maintenance in Industrial Systems. 

 

2.4 Research Gap: 

Although past study has shown that Artificial Intelligence and Machine Learning have significant 

promise in predictive maintenance, there are still major research gaps. Existing research has 

primarily focused on specialized industrial applications, certain equipment types, or AI 

approaches. Sivathanu (2026) studied belt-pulley systems and achieved extremely high fault-

classification accuracy with Random Forest, whereas Shahakar (2026) looked at temperature, 

vibration, and current data to forecast industrial equipment failure. These studies give useful proof 

of AI efficacy, although they focus on specific equipment and operational situations. 

Another gap is the insufficient integration of technical performance with overall maintenance 

results. Several studies assess AI models based on their accuracy, precision, recall, or detection 

ability. These metrics are significant, but they do not completely convey how AI-based predictive 

maintenance improves maintenance efficiency, decreases operational downtime, lowers 

maintenance costs, and boosts equipment dependability. Patil (2026), for example, reported a 

97.43% detection accuracy and a 66.67% decrease in downtime, highlighting the need of linking 

AI performance to operational outcomes. However, this comprehensive evaluation is not 

consistently addressed in the examined literature. 

The literature also addresses issues such as data quality, insufficient failure records, sensor 

malfunction, changing operational circumstances, model interpretability, cybersecurity, and 

computing needs. Paul (2026) underlined that AI should be used as a decision-support tool rather 
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than replace engineering judgment and established safety protocols. These difficulties demonstrate 

that successful predictive maintenance is dependent not just on the choice of an accurate AI 

algorithm, but also on data quality, technology infrastructure, human skill, and organizational 

preparedness. 

Furthermore, recent research has investigated sophisticated combinations of AI, IoT, Edge 

Computing, and Digital Twins, although these techniques may necessitate extensive infrastructure 

and integration requirements. Sumanasekara (2026), Patil (2026), and Nandesh (2023) highlight 

the promise of integrated intelligent maintenance systems, however their research is limited to 

certain technical contexts and applications. 

As a result, the primary research gap identified by the current study is the need for a deeper and 

more comprehensive assessment of Artificial Intelligence for predictive maintenance in industrial 

systems, relating AI capabilities to practical maintenance outcomes. The current study bridges this 

gap by examining AI-based predictive maintenance in terms of equipment failure prediction, 

downtime reduction, maintenance efficiency, operating costs, equipment dependability, and 

implementation issues. This method offers a broader view on AI's practical contribution to current 

industrial maintenance. 

 

2.5 Chapter Summary: 

This chapter reviewed the literature related to Artificial Intelligence and predictive maintenance in 

industrial systems. The review demonstrated that AI has become an important technological 

approach for improving equipment monitoring, failure prediction, maintenance planning, and 

operational efficiency. 

Previous studies have examined various approaches, including machine-learning algorithms, 

artificial neural networks, deep learning, IoT-AI integration, and remaining useful life prediction. 

The literature indicates that these technologies can improve the ability of industrial organizations 

to identify equipment problems before failure occurs and can contribute to reducing unplanned 

downtime and improving maintenance efficiency. 

At the same time, the review identified several limitations in existing research. These include 

strong emphasis on technical model performance, dependence on high-quality data, difficulties in 

generalizing results across industrial environments, and insufficient integration of technological, 

operational, and organizational perspectives. 

The identified research gap provides the foundation for the present study. By examining AI-based 

predictive maintenance in relation to equipment reliability, downtime, maintenance efficiency, 

operational costs, and implementation challenges, the study aims to provide a broader 

understanding of how Artificial Intelligence can support more effective maintenance practices in 

industrial systems. 
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3.1 Introduction: 

This chapter describes the research methods used in the study of Artificial Intelligence for 

Predictive Maintenance in Industrial Systems. The methodology offers a structured framework for 

analyzing existing research and comprehending how Artificial Intelligence (AI), Machine 

Learning (ML), Artificial Neural Networks (ANNs), Deep Learning (DL), Internet of Things 

(IoT), Edge Computing, and Digital Twin technologies are being used in predictive maintenance. 

The methodological approach is significant because it guarantees that the literature studied in the 

study is carefully chosen and assessed in line with the research objectives. 

The study is mostly based on secondary data gathered from previously published research papers, 

academic literature, books, and related scholarly sources. The evaluated literature includes a wide 

range of industrial applications, including industrial machinery, belt-pulley systems, renewable-

energy systems, IoT devices, industrial cameras, and maintenance platforms. The examined papers 

look at topics such equipment condition monitoring, fault detection, failure prediction, remaining 

usable life estimation, maintenance scheduling, downtime reduction, equipment dependability, and 

operational efficiency. 

A systematic strategy is used to discover relevant papers based on predetermined search phrases 

related to AI and predictive maintenance. The selected papers are reviewed using specified 

inclusion and exclusion criteria to guarantee their relevance to the study issue. The selected papers 

provide data on the study focus, AI techniques employed, application environment, methodology, 

significant findings, performance measurements, and limitations. 

The chapter goes on to detail the research design, data sources, search strategy, study selection 

procedure, and methodologies for data extraction and analysis. It also specifies the study's desired 

objectives and includes a Gantt chart describing the primary research tasks and their intended 

sequence. Overall, the technique aims to offer a systematic foundation for interpreting existing 

literature and identifying critical research needs in the use of AI in predictive maintenance. 

 

3.2 Design of Research: 

The current study uses a systematic literature review and a descriptive research approach to 

investigate the use of Artificial Intelligence (AI) in predictive maintenance of industrial systems. 

This approach is ideal since the study's goal is to carefully review current research, identify 

significant AI technologies utilized in predictive maintenance, compare findings from prior 

studies, and identify gaps that require additional exploration. 

The research relies heavily on secondary data gleaned from previously published academic papers, 

scholarly publications, books, and other relevant scientific sources. The studied literature discusses 

many applications of AI and Machine Learning (ML), such as equipment failure prediction, defect 

detection, condition monitoring, maintenance planning, and equipment dependability. The studies 
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also look into Artificial Neural Networks, Deep Learning, the Internet of Things (IoT), Edge 

Computing, and Digital Twins. 

The systematic literature review has numerous stages. First, relevant papers are discovered using 

specified keywords such as Artificial Intelligence, Machine Learning, Predictive Maintenance, 

Industrial Systems, Equipment Failure, Internet of Things, and Deep Learning. Second, selected 

studies are vetted using predetermined inclusion and exclusion criteria. Third, significant 

information is retrieved from the chosen studies, such as the study topic, methodology, AI 

approaches, application area, main discoveries, performance metrics, and constraints. 

The acquired data is subsequently analyzed using descriptive and comparative technique. The 

descriptive analysis highlights the primary characteristics and conclusions of the chosen research, 

whereas the comparative analysis reveals similarities and differences across AI techniques and 

their implementations in predictive maintenance. AI has been shown to contribute significantly to 

failure prediction, downtime reduction, maintenance efficiency, equipment dependability, and 

operational performance. 

This study approach thus offers a formal foundation for analyzing existing knowledge and 

identifying research gaps in the successful application of Artificial Intelligence for predictive 

maintenance in industrial systems. 

 

3.3 Data Sources: 

The study is mostly based on secondary data sources acquired from current academic and scholarly 

publications on Artificial Intelligence and Predictive Maintenance in Industrial Systems. The use 

of secondary data is acceptable for this research since the primary goal is to evaluate, compare, 

and synthesize findings from prior studies rather than collecting primary data directly from 

industrial companies. 

The data sources include peer-reviewed research articles, academic papers, books, and important 

scholarly publications on Artificial Intelligence, Machine Learning, Artificial Neural Networks, 

Deep Learning, Internet of Things (IoT), Edge Computing, Digital Twins, and Predictive 

Maintenance. Studies that investigate the application of these technologies for equipment 

condition monitoring, fault detection, failure prediction, maintenance planning, and performance 

enhancement receive special attention. 

The selected literature spans a variety of application contexts, including industrial equipment, belt-

pulley systems, renewable-energy systems, IoT devices, industrial cameras, and integrated 

industrial maintenance platforms. For example, the evaluated research looked at machine-learning 

models for fault categorization, sensor-based equipment monitoring, AI-IoT-Digital Twin 

architectures, and edge-based predictive maintenance systems. 
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Data from chosen studies are retrieved based on common criteria such as author and publication 

year, study emphasis, application area, AI technology utilized, data characteristics, research 

methodology, significant results, performance metrics, advantages, and limits. These retrieved data 

provide the basis for the study's descriptive and comparative analyzes. 

The study also considers the constraints identified in the current literature, such as data quality, 

insufficient failure records, sensor malfunction, changing operating circumstances, model 

interpretability, cybersecurity, and computing needs. These considerations are critical for 

understanding the practical difficulties connected with applying AI-based predictive maintenance 

in industrial settings. 

 

3.4 Search Strategy: 

A systematic search technique was used to discover relevant academic publications on Artificial 

Intelligence for Predictive Maintenance in Industrial Systems. The search focused on research that 

investigated the use of Artificial Intelligence (AI), Machine Learning (ML), Artificial Neural 

Networks (ANNs), Deep Learning (DL), Internet of Things (IoT), Edge Computing, and Digital 

Twin technologies in predictive maintenance. 

The search was conducted using combinations of relevant keywords and phrases, such as 

"Artificial Intelligence," "Machine Learning," "Predictive Maintenance," "Industrial Systems," 

"Equipment Failure Prediction," "Fault Detection," "AI-Based Predictive Maintenance," "IoT 

Predictive Maintenance," "Deep Learning," "Artificial Neural Networks," and "Digital Twin." 

Various combinations of these phrases were used to maximize the chance of finding studies that 

addressed both the technological and practical components of predictive maintenance. 

The search focused on research that investigated equipment condition monitoring, early defect 

detection, failure prediction, remaining usable life estimation, maintenance scheduling, equipment 

dependability, downtime reduction, and operational efficiency. Studies discussing implementation 

challenges, such as data quality, insufficient failure data, sensor reliability, changing operating 

conditions, model interpretability, cybersecurity, and computational requirements, received special 

attention because they were repeatedly identified in the reviewed literature. 

After finding potentially relevant papers, the titles and available descriptions were examined to 

assess their relevance to the study goals. papers directly relevant to AI-based predictive 

maintenance were chosen for further investigation, whilst papers with no meaningful connection 

to the research issue were discarded. The final selection was divided into three broad themes: 

machine learning for predictive maintenance, artificial neural networks, and deep learning, and 

IoT and AI-based predictive maintenance. This organized search technique ensured that the 

literature review included various AI approaches and industrial applications, while also providing 

a uniform foundation for comparing prior studies and finding research gaps. 
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3.5 Inclusion and Exclusion Criteria: 

To guarantee that the literature evaluated in this study is pertinent to the research aims, precise 

inclusion and exclusion criteria were created prior to the study selection procedure. These criteria 

were applied to the existing literature on Artificial Intelligence for Predictive Maintenance in 

Industrial Systems. The criteria were based on the importance of the study issue, the employment 

of AI technologies, the research setting, and the availability of sufficient material for analysis. 

Inclusion Criteria 

The review includes studies that satisfied the following conditions: 

- The study focused on artificial intelligence, machine learning, artificial neural networks, 

and deep learning. 

- The research focused on predictive maintenance, equipment failure prediction, fault 

detection, condition monitoring, and maintenance optimization. 

- The research focused on industrial systems, industrial equipment, IoT-based systems, 

renewable-energy equipment, and other pertinent technological systems. 

- The study looked at how AI technology may increase equipment dependability, 

maintenance efficiency, failure detection, and operational performance. 

- The study offered adequate information about its approach, AI techniques, application area, 

conclusions, and performance outcomes. 

- Studies on technologies like IoT, Edge Computing, and Digital Twins were considered if 

they were related to AI-based predictive maintenance. 

- Studies addressing problems such as data quality, sensor reliability, model interpretability, 

cybersecurity, and computing needs were included since they are important for AI 

deployment in predictive maintenance. 

Exclusion criteria 

Studies were eliminated if they fulfilled any of the following conditions: 

- The study had no significant relevance to artificial intelligence or predictive maintenance. 

- The research focuses on AI applications unrelated to industrial maintenance or equipment 

management. 

- The study does not give enough information regarding its research methodology, 

applicability, or results. 

- Duplicate studies or sources that included significantly repetitious material were removed. 

- We rejected studies that relied solely on general theoretical AI principles with little 

relevance to equipment monitoring, failure prediction, or maintenance. 

- Studies in which the technology method could not meaningfully contribute to the goals of 

the current study were omitted. 
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These criteria helped to maintain consistency throughout the literature selection process, ensuring 

that the final body of material strongly supported the study's goal of investigating the function of 

artificial intelligence in predictive maintenance inside industrial systems. 

 

3.6 Study Selection Process: 

The study selection procedure was conducted methodically to guarantee that the material included 

in the research was related to Artificial Intelligence for Predictive Maintenance in Industrial 

Systems. The method was divided into many steps, starting with the identification of potentially 

relevant research and finishing with the selection of papers appropriate for further study. 

First, relevant literature was found using predetermined search terms such as Artificial 

Intelligence, Machine Learning, Predictive Maintenance, Industrial Systems, Equipment Failure 

Prediction, Fault Detection, Deep Learning, Artificial Neural Networks, Internet of Things, and 

Digital Twins. The initial search yielded papers on various applications of AI-based predictive 

maintenance, such as industrial equipment, belt-pulley systems, renewable-energy systems, 

Internet of Things devices, and other technical systems. 

Second, the selected studies were vetted according to their titles and study topics. Studies that 

specifically targeted AI technology and predictive maintenance were chosen for future 

investigation. Studies unrelated to industrial maintenance, equipment failure prediction, or the use 

of AI were excluded. 

Third, potentially relevant studies were evaluated using the inclusion and exclusion criteria 

outlined in Section 3.5. Particular emphasis was placed on whether each study offered adequate 

information about its AI technology, application area, methodology, conclusions, and limitations. 

Finally, the selected research were divided into three primary theme groups: Machine Learning for 

Predictive Maintenance, Artificial Neural Networks and Deep Learning, and IoT and AI-Based 

Predictive Maintenance. The selected literature was then utilized for data extraction, descriptive 

analysis, comparative analysis, and identifying research gaps. 

The selection method guaranteed that the final literature base represented various AI techniques 

and industrial applications while being clearly aligned with the current study's aims. It also allowed 

the researcher to discover common results and obstacles, namely those related to data quality, 

sensor dependability, changing operating circumstances, model interpretability, cybersecurity, and 

computing needs. 
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3.7 Data Extraction and Analysis: 

Data extraction and analysis were carried out in a systematic manner to organize and analyze the 

material gathered from the selected research on Artificial Intelligence for Predictive Maintenance 

in Industrial Systems. Following the research selection procedure, pertinent material was retrieved 

from each selected source using common categories. These categories included the author and 

publication year, study emphasis, application area, AI or Machine Learning approach employed, 

data type or monitoring parameters, research methodology, significant results, performance 

measurements, benefits, and stated limits. 

The gathered material was grouped around the primary topics discovered in the literature. The first 

focus was Machine Learning for Predictive Maintenance, which featured research on techniques 

such as Logistic Regression, Support Vector Machine, Random Forest, supervised learning, 

anomaly detection, and other machine-learning approaches. The second focus was Artificial 

Neural Networks and Deep Learning, which included research on ANN, CNN, RNN, LSTM, and 

other neural network approaches. The third focus was IoT and AI-Based Predictive Maintenance, 

which comprised research that combined AI with sensors, Industrial IoT, Edge Computing, and 

Digital Twin technologies. 

The retrieved data were examined using descriptive and comparative methods. Descriptive 

analysis was performed to summarize the key characteristics, methodologies, and conclusions of 

the chosen investigations. Comparative analysis was then utilized to discover similarities and 

differences across the research in terms of technology, applications, performance, and results. 

Particular emphasis was placed on reported metrics such as prediction accuracy, precision, recall, 

problem detection capabilities, downtime reduction, maintenance efficiency, equipment 

dependability, and cost savings. For example, the evaluated research found that certain AI models 

had good predictive accuracy, while others showed gains in downtime and maintenance efficiency. 

Finally, the analysis considered the limitations and implementation challenges identified in the 

literature, such as data quality issues, insufficient failure data, sensor malfunction, changing 

operating conditions, model interpretability, cybersecurity, computational requirements, and 

incorrect predictions. These data were utilized to identify frequent trends, assess the practical value 

of AI-based predictive maintenance, and pinpoint the research need addressed by the current work. 

 

3.8 Expected Outcomes: 

The study is expected to provide a comprehensive understanding of the role of Artificial 

Intelligence (AI) in predictive maintenance within industrial systems. Based on the reviewed 

literature, the study is expected to demonstrate that AI and Machine Learning can support the early 

detection of equipment faults and predict potential failures before they lead to serious operational 
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disruptions. Previous studies have reported improvements in fault detection, prediction accuracy, 

maintenance planning, and equipment monitoring through the use of AI-based approaches. 

The study is also expected to identify the major AI technologies used in predictive maintenance, 

including Machine Learning, Artificial Neural Networks, Deep Learning, IoT-based systems, Edge 

Computing, and Digital Twins. In addition, it is expected to identify their potential contribution to 

reducing unplanned downtime, maintenance costs, and equipment failures, while improving 

equipment reliability, availability, and maintenance efficiency. 

Another expected outcome is the identification of the major challenges associated with 

implementing AI-based predictive maintenance. These may include insufficient historical failure 

data, poor data quality, sensor failures, changing operating conditions, model interpretability, 

cybersecurity, computational requirements, and the need for human oversight. 

 

3.9 Gantt Chart: 

 

Research Activity 
Month 

1 

Month 

2 

Month 

3 

Month 

4 

Month 

5 

Month 

6 

Research topic selection ✓      

Literature search ✓ ✓     

Literature review  ✓ ✓    

Research methodology  ✓ ✓    

Study selection   ✓    

Data extraction and 

analysis 
  ✓ ✓   

Comparative analysis    ✓   

Identification of research 

gap 
   ✓   

Writing research chapters    ✓ ✓  

Review and revision     ✓ ✓ 

Finalization and 

submission 
     ✓ 
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3.10 Chapter Summary: 

This chapter presents the methodology adopted to investigate Artificial Intelligence for Predictive 

Maintenance in Industrial Systems. The study follows a systematic literature review and 

descriptive research design based primarily on secondary academic sources. A structured search 

strategy was developed using keywords related to Artificial Intelligence, Machine Learning, 

predictive maintenance, industrial systems, Deep Learning, IoT, and Digital Twins. 

The chapter established clear inclusion and exclusion criteria to ensure that only relevant studies 

were considered. The selected studies were organized into major research themes, including 

Machine Learning for Predictive Maintenance, Artificial Neural Networks and Deep Learning, and 

IoT and AI-Based Predictive Maintenance. 

The data extraction and analysis process focused on identifying the research focus, AI 

technologies, application areas, methodologies, findings, performance measures, benefits, and 

limitations reported in previous studies. Descriptive and comparative analyses were used to 

identify common findings and differences across literature. The methodology also considered 

important implementation challenges such as data quality, sensor reliability, cybersecurity, model 

interpretability, and changing operating conditions.  

Overall, the methodology provides a structured foundation for examining the existing literature, 

identifying the research gap, and developing conclusions regarding the role of Artificial 

Intelligence in improving predictive maintenance and industrial operational performance. 
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