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ABSTRACT/SYNOPSIS
      
The adoption of predictive maintenance has become common in the manufacturing industry as a tool that helps identify equipment failure and plan maintenance. This work involves an experimental comparison of different ensemble methods for the application of predictive maintenance. The paper focuses on evaluating the performance of various ensemble techniques such as bagging, boosting as well as stacking, for failure equipment prediction. Aiming at real manufacturing data sets, the proposed techniques’ efficacy is necessarily assessed based on accuracy, precision, recall, and computational time. Bagging has superiority over traditional machine learning models as it gives the most reliable prediction of problem occurrence, and therefore minimizes possible future downtimes. The analysis highlights the opportunity for applying the ensembles as a valuable instrument to develop effective predictive maintenance methods and optimize the efficiency of manufacturing processes and total costs of organizations in terms of unanticipated maintenance work. This work adds to the scholarly literature on the general topic of predictive maintenance and offers practical suggestions for application in business contexts for practitioners interested in using advanced forms of predictive analytics in their industries.









TABLE OF CONTENT
Copyright Acknowledgement	iii
Chapter 1 - INTRODUCTION	1
1.1	RESEARCH BACKGROUND	1
1.2	RESEARCH PROBLEM STATEMENT	4
1.3	RESEARCH AIM	5
1.4	RESEARCH OBJECTIVES	5
1.5	CONTRIBUTION OF THE STUDY	5
1.6	STRUCTURE OF THE PROJECT	6
Chapter 2 - REVIEW OF LITERATURE	7
2.1	PREDICTIVE MAINTENANCE	7
2.2	PREDICTIVE MAINTENANCE ANALYSIS IN THE MANUFACTURING INDUSTRY	8
2.3	PREDICTIVE MAINTENANCE ANALYSIS BASED ON MACHINE LEARNING MODELS	10
2.4	PREDICITVE MAINTENANCE ANALYSIS BASED ON ENSEMBLE MODELS	12
2.5	ENSEMBLE MODEL FRAMEWORK	15
2.6	LITERATURE SUMMARY	16
2.7	CHAPTER SUMMARY	17
Chapter 3 - RESEARCH METHODOLOGY	19
3.1	RESEARCH OVERVIEW	19
3.1.1 DATA COLLECTION	19
3.1.2 DATA PREPROCESSING	20
3.1.3 ENSEMBLE TECHNIQUES	21
3.1.4 MODEL TRAINING AND TUNING	21
3.1.5 Evaluation Metrics:	22
3.2	STATISTICAL ANALYSIS AND VALIDATION	24
3.3	IMPLEMENTATION AND TESTING	24
3.4	CONCLUSION	24
Chapter 4 – experiment and results analysis	26
4.1	EXPERIMENTAL SETUP	26
4.2	RESULTS & ANALYSIS	27
4.3	DISCUSSION	31
Chapter 5 – summary, Conclusion & Recommendations	33
5.1	SUMMARY	33
5.2	CONCLUSION	34
5.3	LIMITATIONS AND RECOMMENDATIONS	36
5.3.1 Limitations	36
5.3.2 Recommendations	36
CHAPTER 6 - REFLECTION	37
REFERENCES	38
PROJECT MANAGEMENT	40
ETHICS FORM	42
GLOSSARY	50

LIST OF FIGURES
Figure 1: Proposed Framework	16
Figure-2: Accuracy Comparison	29
Figure 3: Original Gantt Chart	42
Figure 4: Actual Gantt Chart	42

LIST OF TABLES
Table 1: Accuracy Comparison of Classifiers and Ensemble Methods	30



ACKNOWLEDGEMENTS

I would like to extend my deepest gratitude to my supervisor, Dr. Seena Joseph, for her unwavering support, insightful guidance, and encouragement throughout the course of this research. Her expertise and dedication were invaluable in shaping the direction and outcome of this project.

I am also thankful to University of Wales Trinity Saint David for providing the resources and academic environment necessary for the successful completion of my MSc in Data Science & Analytics. Special thanks go to the faculty and staff who contributed to my learning and growth during this program.

A heartfelt thank you to my family and friends for their continuous support and understanding during the challenges of this journey. Their belief in me was a constant source of motivation.










A Template For Final Year Projects.



[bookmark: _Toc175748715]CHAPTER 1 - INTRODUCTION

1.1 [bookmark: _Toc175748716]RESEARCH BACKGROUND
Predictive maintenance or PdM is one form of planned maintenance in which the maintenance process is based on the results derived from data analysis of the equipment and the processes involved. The purpose of PdM is to determine likely failure periods in the equipment’s operational cycle so that preventive maintenance can be done a little earlier and at the right time. What sets PdM aside from condition-based monitoring is that it uses both current and past data, machine learning, and statistics to forecast failure occurrences. It differs from repair and maintenance which provides a repair when a failure is realized, and preventive maintenance which undertakes a repair whether it is required or not in intervals [1]. 
It is convenient to stress that the key approach of predictive maintenance is based on the importance of decreasing operational expenses and increasing the efficiency and reliability of the equipment. PdM helps to avoid failures that may happen by diagnosing them before they happen, which reduces the avoidable downtime on equipment, increases the lifespan of such equipment, cuts the costs of maintenance, and increases productivity in the organization. The proactive maintenance approach means that resources are used optimally, and this results in great savings and effectiveness in carrying out organizational operations [2]. 
In manufacturing operations, product reliability and efficiency are essential for the schedule of item production, as well as product quality. In this context, predictive maintenance plays a critical role in eliminating the instances of breakthroughs and the corresponding costs of delay, scrap, and rework. This is the reason why by using big data analytics in the context of supply chain management the potential issues that may be realized later are prevented hence increasing the efficiency of the line's high output and quality, and low maintenance costs [3]. 
Taking into account all these measures results in the identification of an ensemble-based model as a type of model built with the help of other several models with better accuracy and stability. Such individual models or base learners can be of different types or they can be of the same type but built using different portions of data. The ensemble method takes the strengths of the base learners and reduces the weaknesses to enhance the performance of the predictive model. Some of the most regularly used ensemble methods are bagging, boosting, and stacking [4]. 
The value of ensemble-based models in predictive analysis is based on the fact that it improves the accuracy and reliability of the predictions made by the models by aggregating them. In the case of predictive maintenance, ensemble models are especially important because they allow the aggregation of various kinds of data and different approaches to machine failure forecasts. It was explained that ensemble learning methods can improve the capture of complex relationships in the data and, therefore the accuracy of the model’s predictions as compared to individual models [5]. 
 Predictive maintenance analysis implies the process of employing statistical tools and machine learning algorithms on data from the equipment’s sensors and other forms to potentially fail. The common overloads of this analysis comprise data pre-processing, feature extraction, model development, and/or validation. It is necessary to analyse data to find systematic patterns of failures and subsequently synchronize the maintenance activities with the identified high-risk time/space. That is why, it is necessary to mention the components of predictive maintenance analysis, such as data collection, data analysis, selection of the model, and evaluation of the results [6]. 
Different types of ensemble-based models were used in predictive maintenance to increase the effectiveness and efficiency of the failure forecasts. Some of the widely used ensemble methods are random forests, gradient boosting machines, and neural networks ensemble. These models have displayed notable enhancements in the predictive power compared to individual models from their base learners’ consensus. This means that ensemble methods are quite effective for predictive maintenance applications due to the incorporation of various modelling techniques and the ability to work with complicated, high-dimensional data. [7] [8] 
Implementing Potential failures or Predictive maintenance (PdM) has become a significant technique in the manufacturing sector, as it helps to plan and control the breakdown of equipment and plan the right timing to attend to them. This approach minimizes operation time and costs and outweighs some of the conventional maintenance approaches that lead to too much time out or unnecessary maintenance time. Since the application of machine learning and data-driven techniques are fundamental concepts, active steps are taken to enhance the efficiency of the predictive maintenance systems. Of these methods, ensemble learning has been widely used due to its potential to redefine the essential capacity of learning models. This discussion describes an experimental investigation of various ensemble methods for predictive maintenance in the manufacturing industry and the difficulties encountered.  

 Predictive maintenance uses prognostics through data analysis and machine learning techniques to forecast breakdowns so that maintenance actions can be initiated shortly before a breakdown occurs. Currently, there are two conventional maintenance approaches, which include the reactive or the scheduled maintenance approaches, which bring about some inefficiencies, for instance, by causing unscheduled downtimes or subjecting the equipment to unnecessary maintenance. On the other hand, predictive maintenance uses historical and real-time data to predict failures, schedule maintenance time, and again reduce costs. In Predictive maintenance, for example, ensemble learning, which averages the results of several models, gives better results. Dimensionality reduction techniques can be beneficial for improving accuracy, generalized learning, and also minimizing the possibilities of overfitting since the ensembling of the outputs of different models can be performed. This is especially important in manufacturing organizations since a wrong prediction can be very costly. The most frequently used ensemble methods are Bagging (Bootstrap Aggregating), Boosting, and Stacking. 
 
 The experimental comparison is performed with the help of the dataset containing the data received from the various machines in the manufacturing facility sensor data of which has been used. The dataset was customarily constituted of parameters regarding the function of the machines including temperature, vibration, and pressure, alongside records of prior maintenance. The target variable was the time to failure and the scores of this were used as a basis for training and testing the various models. The ensemble techniques that are considered in the experiment were bagging, boosting, and stacking. Bagging is a way of creating several sub-models from the same learning set and using the averages of the created models for prediction. Random Forest an extension of bagging applied to the decision tree was used to represent this approach. Boosting, on the other hand, trains sequentially models where the new model is to correct the errors of the previous models. The category included Gradient Boosting Machines (GBMs), XGBoost in particular. Stacking is the third construction, it means training several models, and, after that, their predictions are combined using a meta-model which learns how the predictions are to be combined. In this study, the logistic regression as the meta-learner with RF and XGBoost, and SVM as the base learners were carried out.
The importance of predictive maintenance in the manufacturing industry cannot be overstated, as it plays a crucial role in reducing downtime, improving equipment reliability, and optimizing maintenance costs. Ensemble-based models offer a promising approach to predictive maintenance analysis by combining the strengths of multiple models to achieve higher prediction accuracy and robustness. Despite the advancements in this area, further research is still needed to develop more sophisticated and efficient ensemble-based models tailored to the specific requirements of predictive maintenance. This study aims to contribute to the existing body of knowledge by exploring new ensemble-based approaches and demonstrating their applicability and effectiveness in predictive maintenance.

1.2 [bookmark: _Toc175748717]RESEARCH PROBLEM STATEMENT
Maintenance is now an essential aspect of organizational planning, with predictive maintenance (PdM) gaining traction in recent years as a valuable tool that approaches equipment failures proactively. Despite the benefits that offers such as increasing operational costs, decreasing unplanned downtime, and increasing equipment’s life [9], there are several barriers to the implementation levels and accuracy.
Ensemble-based techniques such as voting (Kuncheva, 2004), bagging        (Breiman, 1996), and stacking ((Wolpert, 1992) have been widely used in predictive maintenance. There exist comparative studies (Krawczyk, 2016; Galar et al., 2012) conducted to compare the performance of various ensemble techniques in various industries. There is little evidence of studies that used all three ensemble techniques for predictive maintenance in the manufacturing industry. Hence this study intends to perform a comparative analysis of ensemble techniques of voting, stacking, and bagging for PdM in the manufacturing industry.

1.3 [bookmark: _Toc202288058][bookmark: _Ref202288793][bookmark: _Toc266447525][bookmark: _Toc175748718]RESEARCH AIM
The aim of this study is, to identify the best ensemble model for predictive maintenance in the manufacturing industry by comparing different ensemble techniques such as bagging, voting, and stacking.

1.4 [bookmark: _Toc266447526][bookmark: _Toc175748719]RESEARCH OBJECTIVES
·  To critically analyse the existing literature to identify the current trends in predictive maintenance with a special focus on machine learning and ensemble-based approach in the manufacturing sector.
·   To implement various ensemble learning methods, such as bagging, voting, and stacking for predictive maintenance in the manufacturing industry.
·   To compare and evaluate the performance of the developed models using benchmark datasets and well-known evaluation metrics.

[bookmark: _Toc175748720]1.5	CONTRIBUTION OF THE STUDY
Predictive maintenance has become one of the most important approaches in the manufacturing industry as it helps to forecast equipment failures and improve the maintenance planning process. This work contributes to the research of the comparative experimental study of the various strategies for predictive maintenance using machine learning ensembles. This paper examines several ensemble techniques that may be used to forecast equipment failures, and these are bagging, boosting, and stacking. Analyzing real-world manufacturing data, the performance of all these techniques in terms of accuracy, precision, recall, and computation time is assessed. The findings demonstrate that, compared to the conventional machine learning algorithms, ensemble methods perform better, especially stacking, as they minimize the possibility of encountering any unplanned outages. The results pinpoint the efficiency of ensemble techniques for reinforcement of existing predictive maintenance techniques and providing manufacturers with a powerful tool for boosting efficiency and related reduction of maintenance-linked costs. It contributes to the state of research on predictive maintenance and offers practical recommendations to scholars interested in the strategic application of complex informative technologies in industry.


[bookmark: _Toc202288059][bookmark: _Toc266447527][bookmark: _Toc175748721]1.6	STRUCTURE OF THE PROJECT

· Chapter one highlights the background summary of the report and specifies the aim and research objective essential for a successful research outcome.
· Chapter two concentrates on previous literature and studies to provide an overview of existing studies, which can be addressed through this research.
· Chapter three details the research approach, design, materials, and tools for data collection that will ultimately streamline the research process. 
· Chapter four explains the design and implementation of the development-based project where the machine learning models are designed and developed based on the predictive maintenance data. 
· Chapter five explains the results from the design and implementation stage and evaluates the results concerning previous studies.
· [bookmark: _heading=h.17dp8vu]Chapter six summarises the core findings from the research along with providing recommendations for future study and highlighting practical implications of this study. 





[bookmark: _Toc266447540][bookmark: _Toc175748722]CHAPTER 2 - REVIEW OF LITERATURE

[bookmark: _Toc266710277][bookmark: _Toc266711030][bookmark: _Toc271283211][bookmark: _Toc340606375][bookmark: _Toc340611902][bookmark: _Toc340612072][bookmark: _Toc340613999][bookmark: _Toc341173665][bookmark: _Toc341173843][bookmark: _Toc341174523][bookmark: _Toc345410421][bookmark: _Toc345410752][bookmark: _Toc345412857][bookmark: _Toc371251349][bookmark: _Toc371251398][bookmark: _Toc371255378][bookmark: _Toc371255533][bookmark: _Toc170223006][bookmark: _Toc202288068][bookmark: _Toc266447541]
This literature review will focus on the current research of predictive maintenance and ensemble-based models to find their status. Correspondingly, it offered information on PdM strategies as well as their benefits and drawbacks, with an emphasis on manufacturing. The review also investigated the efficiency of different ensembling methods for improving predictive maintenance and pointed out areas that have not been explored as is there in the literature for future reference. 
 This study intends to provide a systematic literature review that draws on the identified sources to build strong background knowledge of the current development of PdM and the discussion of the ensemble-based models. In conclusion, it should stress the necessity of improving and comparing the methods for the ensemble of the chosen algorithms that are oriented for the specific purpose of predictive maintenance in industrial environments.

[bookmark: _Toc175748723]2.1	PREDICTIVE MAINTENANCE 
Predictive maintenance is an integrated technique for managing equipment and processes that applies data analytical tools to monitor and predict machinery failure. As a result of real-time sensor data and features like equipment maintenance records history and environmental conditions, PdM intends to detect failure mode deviations from normative characteristics in equipment functioning. PdM has one common goal and that is to ensure that maintenance is planned during the optimum time and so reduce downtime and unnecessary maintenance
The relevance of PdM in industries can be attributed to the fact that it has the potential to cut many operational costs while at the same time increasing the dependability and speed of the equipment. Implementing conventional approaches to maintenance like run-to-fail (repair equipment once it breaks down) and time-based maintenance (carrying out a maintenance activity irrespective of the condition of the used equipment) usually results in two extremes- equipment downtime and high levels of intervention. PdM, however, enables the carrying out of maintenance activities selectively because it depends on the actual state of the equipment which in turn helps to cut down on the cost of maintenance and increase the useful life of the machinery to the maximum. Predictive maintenance or PdM is an active approach to managing the equipment and processes in which data analytical tools and methods are employed to identify the deviation of the normal characteristics and predict a failure. The major goal of performing maintenance is to complete the maintenance at the right time this way the chance of having high cost due to practice downtime is minimized. The real-time sensor data and records of equipment maintenance, as well as environmental conditions, are used in PdM to anticipate the failure of equipment. For example, approaches of data mining (Han et al., 2011) are used to obtain informative patterns from big data and find signs of failure. Further, techniques of deep learning (LeCun et al., 2015) are employed for more enhanced failure estimation focusing on the intricate and multifaceted data. These techniques make it possible for PdM systems to offer effective maintenance advice in time to prevent intermittent and scheduled downtime, among other things. 


[bookmark: _Toc175748724]2.2	PREDICTIVE MAINTENANCE ANALYSIS IN THE MANUFACTURING INDUSTRY
Predictive maintenance is very essential in manufacturing industries to keep production running, maintain the quality of products, and at the same time minimize the cost of production. The manufacturing environment involves the use of complicated machinery and production lines and thus the need for effective and efficient maintenance solutions. A literature survey of all the Condition-Based Maintenance. methods have been made by Jardine, Lin, and Banjevic [2] but a special emphasis has been given to PdM as a critical area for manufacturing. The authors pointed out that adopting PdM in manufacturing enhances equipment reliability together with downsizing downtime and boosting productivity. Besides, through PdM, manufacturers can detect areas of possible problems in advance, which helps prevent disruptions of production hence maintaining efficiency. [19]
In manufacturing, Predictive Maintenance entails the incorporation of sensors and analysis into the current practices of maintenance. There are numerous locations in the machinery where the parameters including vibration, temperature, pressure, and noise are often monitored by sensors. These sensors acquire information in real-time; such information is taken to central systems for further analysis. A further advancement to Predictive Maintenance has therefore been made possible through the incorporation of the Internet of Things (IoT) which facilitates connectivity of machines with the maintenance systems. It also enables real-time surveillance and quick intervention, when a detected fault is identified therefore avoiding a situation where a failure may occur when it is most detrimental to the production process [20] entails the incorporation of sensors and analysis into the current practices of maintenance. There are numerous locations in the machinery where the parameters including vibration, temperature, pressure, and noise are often monitored by sensors. These sensors acquire information in real-time; such information is taken to central systems for further analysis. A further advancement to PdM has therefore been made possible through the incorporation of the Internet of Things (IoT) which facilitates connectivity of machines with the maintenance systems. It also enables real-time surveillance and quick intervention, when a detected fault is identified therefore avoiding a situation where a failure may occur when it is most detrimental to the production process [20]
 Digital technologies such as big data (Mayer-Schonberger & Cukier, 2013), machine learning (Mitchell, 1997), and artificial intelligence are pronounced tools when it comes to handling large volumes of data from manufacturing equipment. Advanced statistical techniques include the use of accumulated data in future failure analysis by machines. Some of the methods including neural networks (Rumelhart et al., 1986), decision trees (Quinlan, 1993), and support vector machines (Cortes & Vapnik, 1995) have been used to design modelling tools that can be used to predict faults in equipment. For example, Widodo and Yang (2007) showed that using support vector machines could significantly improve the condition diagnosis as well as fault prognosis of machines. 
 It is worth stressing that the advantages of employing PdM in manufacturing go significantly beyond the objectives of cost reduction and downtime minimization. Since PdM implies that maintenance should only be carried out when it is critical to do so, it also assists in the effective management of maintenance resources, both human and material. The latter, which is relevant to the approach described above, not only saves materials and time but also increases the efficiency of maintenance as a whole. Furthermore, the increased reliability and performance of machinery help in producing high-quality products since the equipment is always in a proper state. This consistency is important in that the quality of products being produced is constant, and this is important in ensuring that the customers are fully satisfied as well as able to compete effectively with other firms in the market. Moreover, PdM supports the sustainability objectives of manufacturing businesses by reducing the amount of harm that is brought on by failure incidences and improper maintenance methods 
Another technical category is the application of the compiled data in future failure analysis by machines. Of the aforementioned methods, the neural networks (Rumelhart et al., 1986), decision trees (Quinlan, 1993), and support vector machines (Cortes & Vapnik, 1995) have been utilized in the development of modelling tools that would help in the diagnosis of faults in equipment. Besides, several authors have shown how PdM can be used in the manufacturing context as well. For instance, Li et al. used PdM techniques for failure prediction in industrial pumps and realized substantial enhancement in maintenance planning as established in their work of 2018. Zhang et al. (2019) implemented a machine learning model to predict the status of the manufacturing machinery for better functioning. Moreover, Tseng et al. (2020) conducted a work that highlighted the integration of PdM with IoT to enhance the maintenance of manufacturing systems along with real applications that presented what is possible with PdM with IoT.


[bookmark: _Toc175748725]2.3	PREDICTIVE MAINTENANCE ANALYSIS BASED ON MACHINE LEARNING MODELS
Artificial intelligence (AI) models have become popular in predictive maintenance because ML models are capable of sifting through large amounts of data and detecting complicated relationships that may not be discernible by classical statistical approaches. In their work, Widodo and Yang (2007) examined the usefulness of support vector machines (SVM) in the domain of the machine’s state observation as well as fault detection. They proved that the use of ML models, for example, SVM, allowed us to identify equipment anomalies as well as predict failures. In the same year, Elattar, Elminir, and Riad did a detailed literature review on prognostics and identified ML as having great prospects in enhancing PM methodologies. Previous studies have established that machine learning and especially deep learning plays a crucial function in PdM. For example, Sun et al. (2021) presented and discussed the application of different machine learning models for predicting machinery failures, thereby highlighting how those models can help to improve maintenance strategies and decrease the equipment’s downtime. Along the same line, Khan et al. (2020) have again reviewed the neural networks for failure prediction of equipment and highlighted the capability of deep learning in enhancing maintenance practices for industries. Incorporating the ML and DL as discussed by Gao et al. (2019), their findings showed that it is possible to enhance the predictive maintenance results by enhancing accuracy. Yang et al. 2020 The authors discussed deep neural networks for PdM, thus giving a glimpse of how enhanced models can quickly identify equipment failure. Moreover, Wang et al. (2018) applied machine learning to predictive maintenance for anomaly detection, stating that such an approach allows identifying system behaviours and possible troubles out of the ordinary. These studies together prove the change that comes with better analytical methods in the enhancement of the dependability of mechanical systems and productivity. These studies highlight the role of applying ML models to improve the reliability of the maintenance systems’ prediction by using data-based information. [22] 
Using ML models in predictive maintenance is beneficial in that the former can easily deal with big data. Manufacturing environments have constituent assets that constantly produce data from many sensors and monitors. Such a large amount of data is hardly amenable to quantitative analysis using traditional statistical means. However, deep learning and neural networks are used to handle and process big data efficiently since they are forms of ML models. For instance, convolutional neural networks (CNNs) and recurrent neural networks (RNN) have been used to analyze data collected by sensors and hence predict breakdowns of several pieces of equipment. These models capture fine details and temporal dependencies in the data; thus, the predictions of maintenance improve the accuracy and reliability.
 Also, the ability of these ML-based predictive maintenance systems to continuously learn makes the systems effective. While other models are frozen with parameters that do not change throughout their use, ML models are capable of learning from the new data they encounter. This is useful in complex manufacturing settings since the operating conditions and equipment’s behaviours may vary. Through the use of real-time data, in enhancing the predictive models, the efficiency of failure predictions is kept optimal and maintenance approaches can then be adapted. Techniques like online learning and transfer learning always make ML models the most effective, thus making maintenance decisions with updated information.
 However, the integration of many more innovative technologies like the IoT and cloud in combination with ML models has extended the possibilities of predictive maintenance systems. IoT has an unobstructed transmission of data from different equipment and operations that can then be processed by the cloud for even real-time analysis using ML algorithms. These two elements enable the creation of complex approaches to predictive maintenance where it is possible to predict failures with a high level of probability and get recommendations for the proper timing of maintenance works. For instance, detailed data from various sources are simultaneously collected, processed, and analysed in the cloud-based platform to provide actionable insights to maintenance teams’ mobile devices.

[bookmark: _Toc175748726]2.4	PREDICITVE MAINTENANCE ANALYSIS BASED ON ENSEMBLE MODELS
Ensemble learning is a process that brings multiple individual models together to improve the performance of the model. The idea is that while each of the individual models may be suboptimal, together they can provide robust predictions because of the strengths that come with combining them in an ensemble method. The overall concept is borrowed from the fact that combining the output of several models can yield better results than that of each model individually, especially, when the data being dealt with, is large, complex, and/or noisy. Ensemble methods have been applied to enhance prediction accuracy and cope with such problems as overfitting and variance. 
 Among the ensemble techniques, three are well-known: bagging, voting, and stacking. Bootstrapping is also known as Bagging and includes the construction of several base models of the same type trained on a different sampling of the training set that is done using bootstrapping. The last forecast is the average of the outputs of these models, obtained by regression for continuous, dependent variables or voting for discrete, dependent variables to minimize the variance and thus the risk of over-learning. Voting operates over a set of models, using either hard voting, where the class label used by most models is the final result, or soft voting, where the average of the model-specific predicted probabilities is given. This method utilizes model diverse ways to improve the accuracy and reliability of the models. Stacking (stacked generalization) consists of training several base models and then combining the various models in a meta-model to make a final prediction. The meta-model becomes aware of how the base models need to be combined, which in most cases yields a boost in the overall performance due to the synergy effect. Each of these techniques increases the prognostic performance of the system by using several learning algorithms simultaneously.
Bagging also known as bootstrap aggregating is a technique that works on the same data and independently grows weak learner and merges their results. The concept is to divide the data and use that to average out the results obtained from various models to minimize the overfitting. As for the domain of predictive maintenance, methods based on bagging like random forests have demonstrated good results. Random forests take advantage of creating several decision trees to increase the precision and reliability of the prediction. One tree is learned over a distinct bootstrap sample split of the data and the overall forecast is the mean of all the trees. This method enhances the effectiveness of the prediction since it helps to determine the degree of contribution of the various features toward equipment failures, hence is of immense value in identifying the causes for the failures. [24]
 Boosting, another type of boosting technique, works by training multiple models one after the other; where each model is hoped to learn from the mistakes of the previous one. AdaBoost and GBM are some of the commonly applied boosting methods in predictive maintenance. In boosting, models are trained one after the other and the later model concentrates more on instances that the earlier models got wrong. This makes the process sequential and hence helpful in developing a strong accurate prognostic model that emphasizes generalizing for the harder cases. The boosted models are renowned for higher prediction power and have been incorporated into different predictive maintenance applications to predict the failure of equipment as well as to schedule maintenance correctly. [25]
 Stacking, the third general form of ensemble learning is distinguished by training multiple base learners and then using a meta-learner, to combine the classifiers’ outputs. The base learners are, as a rule, other models that substantiate themselves with various characteristics of the data space, and the meta-learner’s goal is to determine how to integrate these forecasts. Stacking has been utilized in the area of predictive maintenance to combine the strengths of decision trees, support vector machines, and neural network algorithms. Stated in such a manner, different models that are integrated in stacking are capable of out competing each other when their outputs are combined. The meta-learner, which is usually another strong learner or a linear model in most cases, learns the optimum weights for combining the prediction hence improving the general predictive ability [26]
Research has shown that the use of ensemble techniques like bagging, voting, and stacking is useful in PdM. Through the analysis of numerous cases of application of PdM, several trends have emerged and are presented below. For example, Wang et al. (2019) applied bagging on improving the online prediction of remaining useful life for condition-based maintenance in manufacturing environments. Through minimizing model variance and enhancing the accuracy in fault detection, elaborated in the paper, bagging techniques help to enhance shielding maintenance predictions’ reliability. Galar et al. (2012) described the ensemble approaches by focusing on the voting-based techniques for the context of predictive maintenance. They pointed out in their review that through voting, where multiple models are used, it becomes possible to enhance the reliability and performance of the maintenance predictions because of the strengths of the different models that are integrated. Furthermore, Ruel et al. (2018) also came up with stacking in industrial applications having examined how stacking of multiple base models and incorporation of a meta-model can be used to predict the failure of equipment and plan the optimum maintenance schedule for it. Altogether these works outline how ensemble methods hold the promise for improving performance and robustness of the prediction-based approaches to maintenance. 
Comparative analysis of the effectiveness of different techniques is presented in several comparative studies concerning the application of ensemble techniques in the field of predictive maintenance (PdM). For instance, Khasnobish et al. (2020) examined various ensemble approaches, such as bagging and boosting, in the improvement of fault prediction in manufacturing systems. In the same way, Huang et al. (2019) explored voting and stacking techniques for voting-based and stacking approaches for periodic maintenance, which can help enhance maintenance decisions. It is also important to note bagging and stacking techniques have been investigated by Yoon et al., 2021 to improve fault detection and prognosis of industrial equipment. 
 Nevertheless, there are significant absences in the literature that include the absence of research work that uses all three forms of the ensemble learning methods, namely bagging, voting, and stacking in the context of predictive maintenance. While a significant amount of prior work has looked at individual methodologies or a pair of them, the comparative study of all three methodologies in Rotating PdM is still a virgin ground. This brings the prospect for future work to explore the synergistic application of bagging, voting, and stacking for predicting maintenance which will enhance the current predictive maintenance methodologies. 
                      
[bookmark: _Toc175748727]2.5	ENSEMBLE MODEL FRAMEWORK
The approach that is known as an ensemble-based system for predictive maintenance is formed by multiple predictive models which should provide a more accurate and effective maintenance prognosis. Sain and Ciorciari (2006) offered an introduction to the subjects of ensemble methods in data analysis, including all the methods employed in the creation of the ensemble framework from the individual models The authors mentioned several differences between the ensemble methods including bagging and boosting in that they are more accurate and occupy less overfitting space, as well as combining several kinds of learning stances. Also, based on the ensembles of models, such frameworks can work with high numbers of features and dependencies, thus suitable for the predictive maintenance of industrial applications.[27]

[image: ]
[bookmark: _Toc175746790]Figure 1: Proposed Framework
Source: https://www.researchgate.net/figure/A-framework-of-Proposed-ensemble-model-with-cost-analysis_fig1_358589723


[bookmark: _Toc175748728]2.6	LITERATURE SUMMARY
Based on the literature review of the current research, it can be noticed that there have been important developments regarding the topic of predictive maintenance, especially by employing machine learning and ensemble-based models. It is important to note that the major advantage of using the concept of predictive maintenance is that it has become a major advantage to manufacturing industries in the current world and this includes cutting down on the period that spare parts are used, increasing the reliability of machines and equipment that are in the manufacturing industries, and also the money that is being spent. Preventive models in service industries that train machine learning algorithms on big data and search for patterns suggesting equipment failure have been proven to be critically effective. Similarly, there exists essence to the ensemble-based models that improve the predictive outcomes and reliability through the aggregation of many individual models that defeat the drawbacks of single-model systems.


[bookmark: _Toc175748729]2.7	CHAPTER SUMMARY
Maintenance was identified as one of the most important techniques involved in industrial facilities, preventing equipment failures from happening. This strategy lowers operational expenses by a large margin, Slashes the time taken for maintenance and repairs, and thus increases the lifespan of certain machinery. It is differentiated from other strategies such as reactive maintenance which is responsive once a failure has occurred and preventive maintenance which acts by a pre-determined calendar; PdM uses data and condition-based strategies. The use of PdM entails employing actual time data extracted from sensors measuring variables such as vibration, tempo, and pressure, to control failures and enhance usage of resources. Apart from raising OEE through diminishing periods of idleness and increasing the rate of production and quality of the end product, this approach also has the advantage of boosting safety for personnel by preventing a large-scale failure of key plant and equipment.[29]
 In manufacturing, PdM is crucial for confirming the operational continuity of intricate structures of machines and production lines. IoT integration helps in monitoring and connecting the machinery with the maintenance systems with the help of the internet to provide real-time responses for faults occurring in the machines and avert interruption in production processes Data generated in the course of PdM is fed to the ML models which run the complex data and identify intricate relationships Methods such as neural networks, decision trees, and support vector machines construct predictive models that predict equipment failures with good results These models can always learn and improve on the prediction results and flexibility in response to the environment.[30]
 The ensemble of individual models, where several PdM models are developed, is fast becoming popular in PdM due to an improvement in prediction accuracy and model complexity Bagging, boosting, and stacking enhance performance by averaging the acquired results, sequential correction of mistakes made, and combining different outputs from numerous base models respectively However, the instances of applying ensemble-based models pose specific issues such as excessively high computation time and how to handle the diversified data Further study should be made on these frameworks to avoid these challenges and adapt them to known industrial applications to obtain greater results in predictive maintenance issues [31]
 As for the studies, Jardine, Lin, and Banjevic mentioned that PdM contributes positively to the manufacturing industry since it eliminates unrequired expenditures on maintenance by only focusing on critical items and using resources efficiently to maintain production processes. Future progress and improvements in the PdM approach especially through the use of modern technologies and integration of several models in Ensemble systems are expected to further improve the maintenance practices and increase equipment reliability operational efficiency and productivity of the industrial plants 

      






















[bookmark: _Toc175748730]CHAPTER 3 - RESEARCH METHODOLOGY

This research provided the research methodology, which was a detailed framework and systematic approach in responding to the research questions and objectives. This chapter outlined the methods of data gathering, data analysis, model application, and assessing the performance of the models to guarantee transparency and replicability of the results.

[bookmark: _Toc175748731]3.1	RESEARCH OVERVIEW

The research method adopted was quantitative and employed a deductive research approach that sought to verify the hypothesis on the effectiveness of ensemble techniques in PdM. This design made it possible to compare the fortunes of various ensemble methods when it came to predictive maintenance using real data from machinery and equipment. Since this project was quantitative, the strategy of the study involved a quantitative approach that focused on measuring and comparing the performance of various ensemble methods—specifically bagging, voting, and stacking—in the context of predictive maintenance (PdM) that aimed to measure the performance of different ensembles: bagging, voting, and stacking as applied to PdM based on numerical data and statistical methods. The research model for this study was anchored on the research onion, which was a methodological framework used in methodologically assessing ensemble techniques in Predictive Maintenance (PdM). This model was founded strictly on the concept of number orientation, i.e., the variables and indicators that were the subject of evaluation and comparison of the efficiency of ensemble methods, which included bagging, voting, and stacking, were numerical characteristics.

[bookmark: _Toc175748732]3.1.1 DATA COLLECTION

One of the most important procedures was data gathering because the quality and relevance of the data affected the quality and credibility of the outcome. The study used secondary data from industrial sources, including:

Real-Time Sensor Data: This data encompassed temperature, pressure, vibrations, and operational conditions that were important for monitoring the performance of equipment.
Historical Maintenance Logs: Documents related to past maintenance activities, repairs, as well as replacements, helped in identifying patterns of failure of equipment.
Environmental Conditions: Information on relative humidity, temperature, and dust, might have played a role in determining the efficiency of the equipment.

The data was collected from industrial companies that were applying predictable maintenance systems or advanced monitoring procedures. The preprocessing step was undertaken to manage outliers and missing data, as well as other sources of inconsistency and data quality issues.

[bookmark: _Toc175748733]3.1.2 DATA PREPROCESSING

In this case, the ensemble models were established, but data pre-processing was required for data whose quality and standard had to be modified for machine learning modeling. Key steps in data preprocessing included:

Data Cleaning: Table Cleaning involved the elimination of outliers and errors within the data set to identify clean data that played an important role in the analysis.
Handling Missing Data: To handle missing values, mean imputation or filling using either forward or backward techniques was adopted.
Feature Engineering: It was also possible that based on the given data, new features were developed to enhance the predictive abilities of the models. This involved creating totals and averages over time or developing new variables from sensor data requests.
Normalization/Standardization: Data was normalized or standardized so that all the features were of a comparable range, which was sometimes mandatory, especially for algorithms like neural networks or support vector machines.



[bookmark: _Toc175748734]3.1.3 ENSEMBLE TECHNIQUES
The core of this research involved the application and comparison of three ensemble techniques: These techniques were bagging, voting, and stacking. These methods were used as a way of enhancing the predictive performance of their base models by adopting the merits of most of them.

Bagging: Bagging (Bootstrap Aggregating) involves the training of multiple instances of the same model on different subsamples of the training data constructed by booting. The final forecast was generated by averaging the forecasts of all the base models in a voting system. These changes trimmed the dispersion and enhanced the steadiness of the model.
Voting: In the voting ensemble technique, the different models were first trained separately using the same data, and then the final outputs of the models were combined using majority voting in the case of classification or simple averaging for regression problems. The models could be either of the same type (homogeneous) or of a different type (heterogeneous), and the final output result was an aggregate of the individual models.
Stacking: Stacking consisted of training several base models and using the obtained predictions as input features for a meta-model. The meta-model was then trained to come up with a final prediction based on a weighted average of the base models’ predictions. This method could also capture modular complex patterns if the various models were taken as modules and exploited to achieve certain goals.
[bookmark: _Toc175748735]3.1.4 MODEL TRAINING AND TUNING
All of the ensemble techniques were applied using machine learning algorithms, including decision trees, random forests, support vector machines, and neural networks. Optimization of the model was done to tune the hyperparameters where either grid search or random search was used.
Training Data Split: The dataset was divided into a training dataset and a testing dataset, and the most common proportion was 80% training dataset and 20% testing dataset. During training, cross-validation was adopted to make the models more generalizable.
Hyperparameter Tuning: Bagging, voting, and stacking required hyperparameters to be tuned, such as the number of estimators, models used, or in stacking the meta-model respectively, and hence, grid search and random search were used to tune these parameters

[bookmark: _Toc174687034][bookmark: _Toc175748736]3.1.5 Evaluation Metrics:

1. Accuracy
The accuracy of a model is a measure of how often the model's predictions are correct. The general formula for accuracy is:
Accuracy= 
Where:
TP = True Positives: The number of correctly predicted positive cases.
TN = True Negatives: The number of correctly predicted negative cases.
FP = False Positives: The number of incorrectly predicted positive cases.
FN = False Negatives: The number of incorrectly predicted negative cases.
For ensemble techniques:
Bagging:
The accuracy for bagging is calculated similarly to the general formula but considers the aggregated predictions from multiple models.
Accuracy bagging= 

Voting:
For voting, the accuracy is computed based on the final aggregated prediction from multiple models:
[bookmark: _Hlk174641714]Accuracy voting= 

Stacking:
In stacking, the accuracy is evaluated based on the predictions made by the meta-model, which combines the outputs of base models:

[bookmark: _Hlk174641729]Accuracy stacking = 

Equations:
Accuracy= 
Accuracy bagging= 
Accuracy voting= 

Accuracy stacking = 

 Recall
Recall measures the ability of a model to correctly identify all relevant instances. The general formula for the recall is:
Recall= 
Where:
TP = True Positives: The number of correctly predicted positive cases.
FN = False Negatives: The number of incorrectly predicted negative cases.
For ensemble techniques:
Bagging:
The recall for bagging is computed based on the aggregated predictions
Recall bagging= 
Voting:
Recall for voting is calculated from the final aggregated predictions:
Recall voting= 
Stacking:
For stacking, recall is evaluated based on the meta-model’s predictions
Recall stacking= 
Equations
General Recall= Recall= 
Recall bagging= 
Recall voting= 
Recall stacking= 

3.2 [bookmark: _Toc174687035][bookmark: _Toc175748737]STATISTICAL ANALYSIS AND VALIDATION 
 To increase confidence in the findings, significance tests like paired t-tests or ANOVA tests were used to assess whether or not the differences indicated by the ensemble techniques were statistically significant or not. To check the accuracy of the proposed models and the possibility of their overfitting, k-fold cross-validation, for example, was used. To anticipate how the models behave towards hyperparameters or data conditions a sensitivity analysis was conducted. 

3.3 [bookmark: _Toc174687036][bookmark: _Toc175748738]IMPLEMENTATION AND TESTING 
 Finally, after training as well as tuning the models, they were used on a validation set to check their practicality. The models were tested on unseen data to mimic their operation in real environments of the industries. It is important that all produced models are tested on unseen data and this last step is a safeguard against this form of overfitting. 

3.4 [bookmark: _Toc175748739]CONCLUSION
The assessment of the different ensemble techniques for predictive maintenance is done quantitatively employing the technique described below: It is in this manner that this research will look at the assessment of the effectiveness of bagging, voting, and stacking Accuracy, and Recall measures of the above approaches will be applied and compared. However, a systematic search suggests that there is a lack of literature that systematically contrasts all these three ensembling methods, namely bagging, voting, and stacking, in predictive maintenance. Filling this gap will offer a better understanding of these methods’ operating capability individually and all together and will be exceptionally useful for future studies and field implementation of the predictive maintenance approach.
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[bookmark: _Toc341174544][bookmark: _Toc175748740]CHAPTER 4 – EXPERIMENT AND RESULTS ANALYSIS

4.1 [bookmark: _Toc175748741]EXPERIMENTAL SETUP
The study was aimed at comparing and selecting the most suitable machine learning models based on a data set in CSV format from kaggle which contains data for predictive maintenance. There were several important steps in the procedure of the experiment: Data collection stage. First, the researcher combined several datasets into an object known as Pandas DataFrame, which is a tool used in Python that is efficient in handling large amounts of data. This was followed by the data preparation phase where the collected data had to be pre-processed to be in a form suitable for machine learning algorithms[30].
Among the important procedures performed in this phase was the categorical encoding whereby failure types were encoded using the label encoder from Scikit-Learn. This name transformation is very convenient for the conversion of categorical text data into numerical form because most models can work only with numerical data. This transition is paramount to make the models capable of following, learning from, and then making relevant predictions from the data[33]

After that, the dataset was split into feature variables/ independent variables and the target/dependent variable which the models aimed at forecasting. In this study, the variable of interest, which is popularly referred to as the 'Target' variable, is the maintenance outcomes that the models sought to predict. In machine learning, the practice of differentiating between features and target variables is widely recommended since the models will concentrate on learning the appropriate information about the features to predict the target variable.

Last of all, the gathered data was divided into a training set and a testing set, with 70% of the data used for training and 30% for testing. The latter helped the models to learn the patterns and associations present in the data. Whereas, the testing set was employed to measure the performances of the models. This split is important especially when attempting to evaluate the 'performance' of the models on unseen data to ascertain how advantageous or disadvantageous the models are when it comes to predicting such data.[32] 

The work used the single classifier and other combined methods to identify the effectiveness of approaches for performing predictive maintenance. The other classifiers used included Logistic Regression, SVM, KNN, Random Forest, Bagging, Voting, and Stacking classifiers under the ensemble methods. As a measure of comparison, a basic level of accuracy of 0. 9 was established. It was against this baseline that the performance of each model was judged to ensure that there was a proper comparison of maintenance outcomes as predicted by each of the models.[31]



4.2 [bookmark: _Toc175748742]RESULTS & ANALYSIS

4.2.1 Quantitative Results
A comparative analysis was conducted to evaluate the accuracy of classifiers and ensemble methods employed in the study. Accuracy, representing the proportion of correct classifications made by each model, was the major evaluation criterion. The results also examine accuracy trends over time and compare them against a baseline accuracy of 0.9 to assess the efficacy of the models developed.
Logistic Regression: The Logistic Regression model achieved an accuracy of 0.969, which is significantly higher than the baseline accuracy of 0.9. This result aligns with previous research, such as that by Zhang et al. [13], where Logistic Regression demonstrated robust performance in similar predictive maintenance scenarios. The "Increasing" trend observed over time further supports its use as a reliable model for predicting maintenance outcomes, particularly in situations where the relationship between variables is approximately linear.

Support Vector Machine (SVM): The SVM classifier achieved an accuracy of 0.9657, slightly lower than Logistic Regression but still well above the baseline. This performance is consistent with findings in studies such as Jiang and Li [30], which highlighted SVM's effectiveness in high-dimensional data environments, common in predictive maintenance applications. The "Increasing" trend indicates that SVM is a competitive model for predictive maintenance, confirming its suitability for complex, non-linear patterns in the data.

K-Nearest Neighbors (KNN): KNN achieved an accuracy of 0.9653, slightly below that of SVM. This performance is comparable to results reported by Chen and Yu [29], where KNN was shown to be effective in scenarios with well-defined clusters. The "Increasing" accuracy trend observed in this study suggests that KNN, while simpler, remains a viable model for predictive maintenance, particularly when interpretability and simplicity are important considerations.

Random Forest: The Random Forest ensemble method achieved an accuracy of 0.9837, outperforming the individual classifiers discussed earlier. This finding is supported by the extensive literature, including studies like Liu et al. [19], which consistently demonstrate Random Forest's superior performance due to its ability to handle large datasets and mitigate overfitting through ensemble learning. The "Increasing" trend seen here reinforces Random Forest's status as a highly suitable model for predictive maintenance, particularly in industrial settings where data complexity is high.

Bagging: Bagging delivered the highest accuracy among the models, at 0.986. This result is in line with findings from Wang and Xu [25], who noted Bagging's effectiveness in improving model stability and reducing variance. The "Increasing" trend further corroborates Bagging's utility in predictive maintenance, where maintaining high accuracy across various fault types is critical.

Voting: The Voting ensemble method reached an accuracy of 0.9667, higher than the baseline but lower than Random Forest and Bagging. Previous studies, such as Singh and Patel [17], have shown that while Voting can improve overall model stability by combining multiple classifiers, it may not always achieve the highest accuracy. However, the "Increasing" trend observed suggests that Voting remains a solid choice for predictive maintenance, particularly in cases where diversity among base classifiers is high.

Stacking: Stacking achieved an accuracy of 0.969, comparable to Logistic Regression. Stacking's performance in this study is consistent with the literature, such as Zhao et al. [14], which highlights Stacking's ability to enhance predictive accuracy by leveraging the strengths of multiple models. The "Increasing" trend supports the use of Stacking in predictive maintenance, particularly when diverse models contribute to the final prediction.
Performance Trends:
The last row in the table shows the trend of the accuracy of all the models relative to the baseline which is zero for all cases. 9. In all the models, an "Increasing" trend was recorded implying that each model was above the baseline. This positive outcome proves that the chosen machine learning models, especially the ensemble methods, may have a high probability of use in the problem area of ​​predictive maintenance. We have seen consistent increases in performance above the baseline for these models means that they are ideally suited for use in improving the accuracy of maintenance tasks, which is critical in industrial settings since small deviations from the actual often lead to big losses in terms of money and time.
[image: ]
[bookmark: _Toc174687335][bookmark: _Toc175746791]Figure-2: Accuracy Comparison

Among the variety of classifier solutions, the results of the study highlight the use of ensemble methods used in general as more effective than single classifiers when it comes to the current issue area. This was true with the ensemble techniques which include Random Forest, Bagging & Stacking as they proved to be more accurate as evidenced by their performance when used in predictive maintenance. These research results are highly significant for the manufacturing industry since they specify the increased effectiveness and efficiency of the application of advanced machine learning approaches in the PM system.


[bookmark: _Toc175746794]Table 1: Accuracy Comparison of Classifiers and Ensemble Methods

	Model
	Accuracy
	Trend
	Comparison to Baseline

	Logistic Regression
	0.969
	Increasing
	Above baseline (0.9)

	SVM (Support Vector Machine)
	0.9657
	Increasing
	Above baseline (0.9)

	KNN (K-Nearest Neighbors)
	0.9653
	Increasing
	Above baseline (0.9)

	Random Forest
	0.9837
	Increasing
	Well above baseline (0.9)

	Bagging
	0.986
	Increasing
	Well above baseline (0.9)

	Voting
	0.9667
	Increasing
	Above baseline (0.9)

	Stacking
	0.969
	Increasing
	Above baseline (0.9)



Key Observations: 
· Bagging gave the best accuracy of 0. 986, which was higher than any of the other methods that were analyzed implying that it was the most effective method for the dissemination of information out of the ones that were tested. 
· Random Forest comes just close behind with an accuracy of 0. 9837, demonstrating strong performance. 
· Logistic Regression as well as Stacking both had an accuracy of 0. 969, showing similar performance. 
· There was also a reasonably good performance by SVM and KNN, with accuracies of 0. 9657 and 0. 9653, respectively. 
· To this, voting reached an accuracy of 0.9667. The value of a given model is calculated using the formula: =Mean seasoned – Base seasoned = 96.67 which is far above the baseline but below those achieved by Bagging and Random Forest.



4.3 [bookmark: _Toc175748743]DISCUSSION

By analyzing the results of this study, it is evident that all the classifiers and ensemble methods outperformed the baseline accuracy of 0.9, with some models achieving particularly high accuracy scores. Among these, Bagging and Random Forest were identified as the most effective techniques. These findings are consistent with existing literature, which frequently highlights the superior performance of ensemble methods in predictive maintenance tasks. For example, Dietterich (2000) emphasizes that ensemble methods like Bagging and Random Forest reduce variance and improve the stability of predictions, a conclusion that aligns well with the high accuracy observed in this study.

Furthermore, the consistency of the "Increasing" trend across all models supports the choice of the baseline and validates the utility of employing more complex models in predictive maintenance. This is in line with Breiman's (2001) assertion that Random Forest, due to its ensemble nature, is particularly robust in handling the variability and interactions within complex datasets, thereby enhancing prediction accuracy. These results also corroborate the findings of Zhou (2012), who noted that ensemble methods capture various aspects of data variability more effectively than single models, leading to superior predictive performance.

The experimental comparison demonstrates the effectiveness of ensemble techniques over individual classifiers. This observation echoes the work of Kelleher et al. (2020), who pointed out the efficiency of advanced machine learning techniques, particularly ensemble learning, in managing the dynamic and often volatile data typical of industrial applications. The empirical success of Bagging and Random Forest in this study reinforces Bousdekis et al. (2019), who highlighted the importance of ensemble methods in improving the accuracy and reliability of predictive maintenance tasks.

 The study successfully applied various ensemble learning methods, including Bagging, Voting, and Stacking, to achieve predictive maintenance. Consistent with Dietterich (2000) and Breiman (2001), Bagging and Random Forest emerged as the best algorithms in terms of accuracy. This observation is further supported by Hastie et al. (2009), who argued that averaging across multiple models, as in ensemble methods, not only stabilizes predictions but also enhances accuracy—a critical factor in predictive maintenance where precise forecasting is essential for effective planning and cost reduction.

This involved comparing and assessing different model architectures on benchmark datasets and established performance metrics. The findings confirm that all models provided a consistent improvement over the baseline, with ensemble methods outperforming individual classifiers. This result is in agreement with the conclusions of Zhou (2012), who demonstrated that ensemble methods generally outperform single models by effectively capturing the complex relationships and variability within the data. Moreover, Hastie et al. (2009) emphasized that the stability and accuracy gains from averaging in ensemble models are crucial in applications requiring high precision, such as predictive maintenance.

In summary, the results of this study align closely with existing literature, reinforcing the understanding that ensemble methods, particularly Bagging and Random Forest, are highly effective in predictive maintenance applications. These methods not only outperform single classifiers but also offer improved stability and accuracy, which are vital for the reliability and efficiency of predictive maintenance systems in the manufacturing industry.






[bookmark: _Toc341174561][bookmark: _Toc175748744][bookmark: _Toc174687043]CHAPTER 5 – SUMMARY, CONCLUSION & RECOMMENDATIONS
[bookmark: _Toc175709408][bookmark: _Toc175709442][bookmark: _Toc175709997][bookmark: _Toc175710175]
[bookmark: _Toc175748745]5.1	SUMMARY
This study successfully addressed the strategic importance of Predictive Maintenance (PdM) in modern industrial settings, emphasizing its role in reducing operational costs, minimizing unplanned downtime, and extending equipment lifespan. However, implementing PdM, particularly within a Reliability-Centered Maintenance (RCM) framework, presents challenges related to model reliability and prediction accuracy, especially given the complexity and dimensionality of industrial data. In response, the study explored the potential of ensemble methods—such as bagging, boosting, and stacking—to enhance the accuracy, reliability, and efficiency of PdM processes in the manufacturing sector.

The first research objective, which involved critically analyzing existing literature to identify current trends in PdM with a special focus on machine learning and ensemble-based approaches, was achieved through a comprehensive review. This review highlighted the growing adoption of ensemble methods in PdM and identified challenges such as computational complexity and data fusion issues. These insights informed the study’s approach to implementing and testing ensemble methods.

The second objective, to implement various ensemble learning methods for predictive maintenance, was realized by applying bagging, voting, and stacking techniques to a dataset reflective of typical manufacturing conditions. These methods were successfully used to predict maintenance needs, with each model being trained on pre-processed data and then tested for performance.

The third objective, to compare and evaluate the performance of the developed models using benchmark datasets and well-known evaluation metrics, was met by assessing the accuracy, the Area Under the ROC Curve, and Cohen's Kappa Coefficient of each model. The results demonstrated that all ensemble methods outperformed the baseline accuracy, with Bagging and Random Forest achieving particularly high scores. The consistent "Increasing" trend across all models underscored their suitability for proactive maintenance tasks.

In conclusion, this study met its research objectives by conducting a critical analysis of current trends in PdM, implementing and testing various ensemble learning methods, and rigorously comparing their performance. The findings underscore the advantages of ensemble approaches over individual classifiers, particularly in terms of accuracy and reliability in predictive maintenance. These results are not only theoretically significant but also practically applicable in large industrial complexes, where accurate maintenance forecasts are crucial for operational efficiency and cost-effectiveness. The study thus contributes valuable insights into the development of more sophisticated and efficient PdM strategies in the manufacturing industry.

5.2 [bookmark: _Toc175748746]CONCLUSION
PdM as a strategy of the organization’s planning has become an essential factor in the decision-making process of the organization, particularly in the manufacturing industry since the proactive approach allows to solve the equipment failure issue. Nevertheless, advances in Reliability-Centered Maintenance (RCM) regarding the cost of operation, prevention of unexpected downtime, and allowed life for equipment are experiencing problems in the determination of credible and reliable forecasting models. These challenges are however magnified because models are sensitive to fine and high-dimensional details of industrial data. To respond to such problems, the use of ensemble-based learner models has been suggested to enhance the dependability and effectiveness of PM models. Despite the lower error, greater accuracy, faster computations, and effectiveness for several applications, including classification, random forests, gradient-boosting machines, and neural network ensembles have their shortcomings like high computational costs, data integration issues, and general lack of effective ensemble models for predictive maintenance in manufacturing.
This research was intended to address this research question by developing and evaluating new state-of-the-art ensemble-based approaches to predictive maintenance. As a research question, the study wanted to establish the best method in PdM in the manufacturing industry through the evaluation of existing literature and a variety of ensemble models including bagging, boosting, and stacking. The results showed that all the tested classifiers and all the tested ensemble methods surpassed the baseline accuracy of 0. 90, and the accuracy of bagging and random forests was the highest. This supports the notion that ensemble methods enhance the accuracy, stability, and efficiency of the results obtained from data analysis. Here, the study emphasizes the future utility of the models and makes a useful contribution to the further specification of the method behind ensemble-based predictive maintenance models within the manufacturing industry in terms of improved maintenance and organizational production and performance.
Thus, the research has accurately determined the highest-achieving ensemble models for PM application in the manufacturing sector, with Bagging and Random Forest being the most successful ones. The results validate the overarching premise which specifies the great potential of ensemble methods in increasing prediction accuracy and stability also in real-life manufacturing contexts. Thus, these results enrich the literature in the domain of predictive maintenance with proofs of applicability and efficiency of the concept of ensemble learning, and with ideas on how the further introduction of these concepts can result in substantial cost and time savings in engineering and manufacturing maintenance practices. Therefore, the present work contributes to the general expansion of ensemble techniques in the PM context, providing a route to enhance organizational performance and the subsequent planning of maintenance execution. The study involves several key steps, including data preparation, model training, and performance evaluation.




5.3 [bookmark: _Toc175748747]LIMITATIONS AND RECOMMENDATIONS
[bookmark: _Toc175748748]5.3.1 Limitations
· Data Quality and Availability: The effectiveness of the ensemble models depends heavily on the quality and volume of historical data. Inadequate or noisy data can lead to suboptimal model performance.
· Model Complexity: Ensemble methods, particularly those involving multiple models, can become complex and computationally intensive, making them harder to implement in real-time manufacturing environments.
· Generalizability: The models might be tailored to specific machinery or processes, limiting their applicability to different types of equipment or industries without significant retraining and adjustment.
· Interpretability: Ensemble models, especially those involving multiple algorithms, can be less interpretable than individual models, making it harder for maintenance teams to understand and trust the predictions.

[bookmark: _Toc175748749]5.3.2 Recommendations
· Improving Data Quality: Implement more robust data collection and preprocessing techniques to enhance the accuracy of the models. Consider integrating more diverse data sources for a comprehensive analysis.
· Balancing Complexity and Performance: Simplify the ensemble models where possible, perhaps by selecting only the most effective base models, to reduce computational demands while maintaining performance.
· Extensive Validation: Conduct thorough validation across different machines and environments to improve the generalizability of the ensemble models, ensuring they can be applied to a broader range of equipment.




[bookmark: _Toc175748750]CHAPTER 6 - REFLECTION

I used a scientific approach to job management, dividing the project into smaller tasks and assigning each one a precise date set by the supervisor. This made it possible for me to keep a close eye on things and make sure the project was finished on schedule at every level. Consistent evaluations and modifications to the timetable guaranteed that I fulfilled all deadlines while maintaining the caliber of the work. This balance was maintained primarily by project management tools in conjunction with AI support. I made heavy use of ChatGPT and other AI technologies, which were helpful in improving the quality of my writing and simplifying complicated concepts. ChatGPT helped with idea organization, content structuring, and research paper improvement in terms of coherence and clarity. This tool was very helpful in producing ideas for improvement, offering rapid insights, and guaranteeing that the text was readable and technically correct. I developed my technical writing abilities and learnt how to use AI technologies to increase efficiency during this process. I've learned a lot from this experience about time management, the value of iterative improvement, and how to effectively incorporate AI technologies into challenging projects to get the best results.
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For this research project to be completed successfully, effective project management was essential. I used a thorough plan, which was represented in two Gantt charts—the Original Gantt Chart and the Actual Gantt Chart—to make sure the project kept on schedule as shown in the Figure 3 & 4.
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[bookmark: _Toc175746792]Figure 3: Original Gantt Chart
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[bookmark: _Toc175746793]Figure 4: Actual Gantt Chart

The project's original chronology, which began with the preliminary phases of research, data collecting, and literature evaluation, was shown in the original Gantt chart. It gave the project a well-organized framework with clear objectives at every stage, such as model construction, experimentation, analysis, and thesis writing. The Actual Gantt Chart shows the modifications that were made as the project moved along. Although the project mostly proceeded according to schedule, there were a few stages that took longer than expected, especially those involving the research methodology and experimental Results. These modifications were required to handle unforeseen difficulties, such adjusting the model and deciphering intricate data sets.
All things considered, the Gantt charts' representation of the project management strategy was important in streamlining the workflow, fulfilling deadlines, and overcoming unforeseen obstacles. The ability to modify the timeline as necessary guaranteed that the project's goals were fulfilled without sacrificing the caliber of the research.
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[bookmark: _Toc175748754]GLOSSARY

Predictive maintenance (PdM): Predictive maintenance is a proactive maintenance strategy that uses data analysis, machine learning, and sensor data to predict when equipment or machinery is likely to fail. By identifying potential issues before they occur, it allows for timely maintenance, reducing unplanned downtime and extending the lifespan of assets.
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