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ABSTRACT/SYNPOSIS

Predictive maintenance (PdM) is an important part of the industrial processes, providing cost savings through reduced downtime and increasing the dependability of equipment. Typical approaches to maintenance management include reactive maintenance, preventive maintenance, etc., which do not help in managing failures that occur without warning or are related to over or under utilization of resources. As a result of Industry 4.0 and the increased availability of big data from machines, predictive maintenance has become an exciting application of ML. However, each of the conventional ML models including the Random Forest (RF), Support Vector Machine (SVM), and Logistic Regression (LR) has specific drawbacks. Thus, this work has focused on the assessment of the performance of ensemble methods in enhancing the predictive maintenance of industrial machinery and equipment using bagging, voting, and stacking. Some well-known individual models such as KNN (K-Nearest Neighbours), LR, SVM, and RF are also used and compared with ensemble techniques to establish the best approach for predictive maintenance problems. The findings show that the Ensemble models, especially Stacking and Bagging, are more efficient with an accuracy of 99% and efficient than single models in class-wise performance. On the other hand, individual models like Random Forest also outperform with an accuracy of 99% while models such as LR, KNN and SVM show a slightly lower accuracy due to complex decision surfaces. The Voting Classifier is somewhat less efficient than Stacking and Bagging albeit with a decent accuracy of 97%. The findings confirm that the incorporation of ensemble learning approaches into the PdM frameworks can enhance decision-making. This is much useful to industries which are in the process of developing effective PdM models to enhance their organizational productivity by reducing on breakdowns on machines.
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[bookmark: _Toc187049849]1.1 RESEARCH BACKGROUND
Predictive maintenance (PdM) is a new preventive maintenance technique which incorporates techniques to maximise the manufacturing process while extending the equipment's life and guaranteeing sustainable use [1]. It is also a type of scheduled maintenance in which the outcomes of data analysis of the machinery and the procedures involved serve as the foundation for the maintenance procedure. To do preventative maintenance a bit early and at the appropriate time, PdM aims to identify probable failure points in the equipment's operating cycle [2].

Figure 1 states that, by identifying potential problems early on, PdM helps prevent failures, which lowers preventable equipment downtime, extends the equipment's lifespan, lowers maintenance costs, and boosts organizational productivity.
.
[image: A diagram of a performance indicator
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[bookmark: _Toc187051470]Figure 1: Potential failure diagram of inspection intervals and of predictive maintenance [3]
Pdm varies from preventative maintenance, which performs repairs whether they are necessary or not on a regular basis, and repair and maintenance, which provides a repair when a fault is discovered. [4]. This is accomplished by determining how long the failing components will still be functional and by offering remote, real-time equipment failure monitoring. The method employed in down to the origin to solve problems is known as proactive maintenance [5]. This type of maintenance which is very useful when combined with preventive maintenance is becoming more and more popular.

The conventional predictive maintenance approaches include Run-to-Failure (RTF), Condition-Based Maintenance (CBM), and Time-Based Maintenance (TBM) [6]. TBM is a form of equipment maintenance whereby the maintenance is done at certain time intervals without regards to the state of the equipment. This results in either excessive maintenance which is quite wasteful or inadequate maintenance which exposes the organization to risks of breakdowns [7]. CBM is a method of maintenance that carries out the maintenance at a predefined system state or limit. Even though CBM is less passive than TBM, it can be time-consuming and expensive, since it involves regular checking and interpretation of data. Moreover, it cannot give the right indication of failures sometimes particularly for complicated machines [8]. The Run-to-Failure (RTF) approach is a failure-based approach where equipment is used until it fails then repair or replacement is done. This method is very dangerous because it can cause a lot of downtime, contribute to loss in production time, and pose risks to the people working the machines [9]. New technologies like ML and big data analysis are being employed to improve predictive maintenance's consistency and dependability to get beyond these limitations.

The performance of PdM is encouraging when combined with an artificial intelligence (AI) ML algorithm. The efficiency of the ML method is considered in terms of its capability to process large data within a short time. ML enables machines to directly access a vast amount of example data. Agent-based systems also incorporate code into its core machine engine to identify patterns and trends, which in turn trigger alarms and stops based on tasks, products, and boundaries. It analyses the relationship between a given data record and its tagged output, like failures, and then builds a model to predict future results. This can recognise past events and forecast or prevent failures based on a breakdown of the underlying reasons [10]. An AI-based approach can significantly enhance failure prediction when compared to traditional condition monitoring or other maintenance techniques, including usage-based exchange. Some of the commonly used ML algorithms for predictive maintenance are LR, SVM, KNN, and RF. Such models can be learned from historical maintenance data that may comprise of equipment sensor data, operation conditions and the maintenance schedules [11]. Through this, these models can identify the patterns and interrelations between this data to foresee failures and schedule maintenance.

Ensemble learning is one of the most successful ML techniques, which combines several separate models to create a more effective and efficient predictive model [12]. Training many learners (base learners) and then integrating their results to get the final prediction is the fundamental concept behind ensemble learning. This way allows to eliminate the drawbacks of individual models, decrease variance and minimise bias [13]. When different models give the predictions, they usually have different kinds of errors. Thus, when these models are integrated the ensemble can minimize the different errors and offer more consistent and generic predictions. Among the most popular ensemble techniques are stacking, boosting, and bagging [14].

Bagging is a technique to construct multiple models based on bootstrapping of the training data and then making ensemble predictions to enhance the stability of the model and prevent overfitting. Several subsets of the original training data are produced at random using replacement in this method. Every subset is used to train a distinct model, usually using various data sets and the same learning process. The final phase, known as the ensemble step, combines the predictions of the various models to get the final prediction of the model. This can be done either by regression, where the mean of the forecasts is determined, or by classification, where the most popular prediction is selected [15]. Random Forest is the best-known example of the bagging technique which involves constructing several decision trees on different bootstrap samples and then aggregating the results [16]. This method improves forecast accuracy by assessing the contribution of various variables to equipment failures, thereby providing significant insights into the reasons of these failures.

Stacking (stacked generalization) is a form of ensemble learning in which the final prediction of the meta-learner is made based on the predictions of the base learners. The base learners often consist of alternative models that validate themselves through distinct attributes of the data space, whereas the meta-learner's objective is to ascertain the optimal method for integrating these predictions. To make the final prediction, a higher-level model (meta-learner) uses the basic models' initial predictions from the training data as input [17]. In predictive maintenance, stacking has been used to integrate the advantages of neural network techniques, decision trees, and support vector machines. Put this way, when the outputs of various models that are integrated into stacking are merged, they can outcompete one another. By learning the best weights to combine the predictions, the meta-learner—typically a linear model or similar powerful learner—improves overall predictive ability [18]. This method can capture the intricate relationships between multiple models and is usually more effective than basic ensemble techniques.

Voting is an ensemble method of decision making in which the base models are constructed, and the output is determined by most the base models’ predictions. Voting operates over a set of models in diverse ways to improve the accuracy and reliability of the models. It can utilize hard voting, soft voting, or weighted voting methods [12]. Hard voting is a technique by which the most frequent class is chosen from the predicted classes of the individual models. Whereas the Soft Voting strategy uses probability estimates from the given models and assigns the class label with the highest probability to the sample. Weighted voting is a technique that assigns certain weights to different models and provides these models with more weights in the event of their having higher precision. Each of these methods uses multiple learning algorithms at once to improve the system's prognostic performance [19].

It is impossible to overestimate the significance of predictive maintenance in the manufacturing sector since it is essential for lowering downtime, enhancing equipment dependability, and maximizing maintenance expenses. Traditional practices such as Time-Based Maintenance (TBM), Condition-Based Maintenance (CBM), and Run-to-Failure (RTF) are either non-proactive or very risky as opposed to PdM that applies machine learning to predict and forestall failure. Moreover, ensemble learning becomes a very effective method in this area, which constructs multiple individual models to generate more effective and precise predictive systems. Ensemble learning can be used to train a few base learners and combine their predictions through methods such as boosting, bagging and stacking to reduce the individual model errors, variance and to give more consistent results [20]. Thus, this research focuses on enhancing the effectiveness of the predictive maintenance models for industrial machines and equipment by utilising ML techniques. It will contrast the results of the ensemble learning models; Bagging, Voting, and Stacking with common classifiers such as LR, SVM, KNN and RF. These methods can analyse large volumes of data in a short time, recognize subtle patterns and send alerts on probable equipment failure thus allowing organizations to minimize on downtime, minimize on maintenance costs and increase overall productivity.

[bookmark: _Toc187049850]1.2 RESEARCH PROBLEM STATEMENT
Predictive maintenance (PdM), a useful technique that addresses equipment breakdowns proactively, has gained popularity recently, and maintenance is becoming a crucial component of organizational planning [21]. The traditional techniques of maintenance such as time-based or condition-based maintenance are unable to address the complexities of the modern industrial systems. These traditional approaches typically result in one of two scenarios; an overuse of maintenance resources, or a catastrophic failure that causes financial losses and downtime [22]. Ensemble learning techniques have successfully addressed these issues by utilising many ML models to create better and more dependable prediction models.

Ensemble-based techniques such as voting [23], bagging [24], and stacking [25] have been widely explored in different fields including manufacturing industries. However, a rigorous comparative study of these ensemble methods that is targeted for predictive maintenance in manufacturing organizations has not been well provided in the current literature [26] and [27]. Moreover, there is a significant gap exists regarding the understanding of how different ensemble techniques function in the context of predictive maintenance for a particular system [28], [29] and [30]. This work intends to address this research gap by implementing a thorough comparison of ensemble techniques (bagging, voting, and stacking) with individual ML models like LR, SVM, KNN, and RF, that may help manufacturers to identify the best ensemble learning strategies for predictive maintenance.

[bookmark: _Toc202288058][bookmark: _Ref202288793][bookmark: _Toc266447525][bookmark: _Toc187049851]1.3 RESEARCH AIM
This study compares various ensemble strategies, including bagging, voting, and stacking, to determine the optimal ensemble model for predictive maintenance in the industrial sector.

[bookmark: _Toc266447526][bookmark: _Toc187049852]1.4 RESEARCH OBJECTIVES
1. 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.
2.   To implement various ensemble learning methods, such as bagging, voting, and stacking for predictive maintenance in the manufacturing industry.
3.   To compare and evaluate the performance of the developed models using benchmark datasets and well-known evaluation metrics.

[bookmark: _Toc187018424][bookmark: _Toc187049853]1.5 CONTRIBUTION OF THE STUDY
This work enhances the knowledge of predictive maintenance by presenting an empirical study of the application of ensemble learning methods – bagging, voting, and stacking – to enhance the accuracy and trustworthiness of predictive maintenance models for industrial equipment. Through a comparative analysis with traditional ML models including LR, SVM, KNN and RF, the research work establishes the best techniques for applying ensemble methods in predictive maintenance challenges. Furthermore, the research focuses on the importance of hyperparameter tuning to improve the performance of the predictive maintenance models and provides real world recommendations on increasing the number correct predictions, reducing the number of false positives (FP) and false negatives (FN), and improving the F-measure of the model. This work not only offers a broad insight into the implementation of ensemble methods in predictive maintenance, but also offers a practical and valuable approach to industries for the minimization of downtime, increase in efficiency of resources and the assurance of reliability of machinery in data centric manufacturing systems.

[bookmark: _Toc202288059][bookmark: _Toc266447527][bookmark: _Toc187049854]1.6 STRUCTURE OF THE PROJECT
· [bookmark: _heading=h.17dp8vu]The report's background overview is highlighted in Chapter 1, which also outlines the purpose and research goal that are necessary for a good study outcome. 
· The second chapter focuses on earlier research and literature to give a summary of previous studies that this study can address. 
· To streamline the study process, Chapter 3 describes the research approach, design, materials, and data collection instruments.
· The concept and implementation of the development-based project, in which machine learning models are created using predictive maintenance data, are explained in Chapter 4. 
· The outcomes from the design and execution stage are explained in Chapter 5, which also assesses the findings in relation to earlier research.
· The main conclusions of the study are summed up in Chapter 6, which also offers suggestions for more research and highlights the study's practical consequences and reflections on the completed work.
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[bookmark: _Toc187018425][bookmark: _Toc187049855]CHAPTER 2 : REVIEW OF LITERATURE
[bookmark: _Toc187049856]To determine their current state, the literature study concentrates on ensemble-based models and predictive maintenance studies. In line with this, it provided details on PdM tactics, their advantages, and disadvantages, with a focus on manufacturing. The effectiveness of several ensemble approaches for enhancing predictive maintenance was also examined in the review, which also identified unexplored areas for further study. Lastly, it emphasizes how important it is to compare the ensemble approaches of the selected algorithms that are focused on the goal of predictive maintenance in industrial settings.
2.1 EVOLUTION OF MAINTENANCE STRATEGIES
Maintenance is an essential factor of the industrial sector because the costs associated with it can be a substantial part of an enterprise’s production costs. Good maintenance plans do not allow for sudden breakdowns, cut down costs, and even enhance the expected life of industrial equipment [31]. For these reasons, maintenance approaches have undergone changes due to the concern and efforts of researchers, engineers, technicians as well as experts.  

Initially in Figure 2, corrective maintenance (CM), often referred to as "run-to-failure," was employed, where part is replaced or repaired only when it fails, and the equipment can no longer function without it. Because of the high costs that are incurred in the event of unanticipated production halts, CM progressed to preventive measures. The first approach that appeared was the Preventive maintenance (PM) which consists in conducting regular checks by experts and the replacement of components before a catastrophic failure [32]. This replacement is made in equal-spaced periods of time or after some working cycles which are usually given by the equipment producer. This can cause an earlier or a later change of components. In the first case, the parts that are still in good condition and capable of performing a much greater number of working cycles are replaced, thereby raising the costs of maintenance; On the other hand, the second scenario may have severe consequences since a CM action has to be carried out [33]. 

The concept of the industry 4.0, and the development of the IoT made it possible to adopt the CBM (Condition-based maintenance) approach in maintenance. To conduct inspections, technicians and specialists used sensors and devices that could measure, track, and process information—such as acoustic signals, current, voltage, temperature, force, vibration, etc.—that are indicative of the physical condition of industrial equipment. Using this approach, it is possible to develop interventions that are based on sensors’ values and actions can be activated when a value is outside the set limits [34]. Advanced and more comprehensive strategies emerged from the CMB including the PdM, which combines the concepts of IoT and CPS with knowledge in data analysis, information technology, engineering, and automation to estimate the failure and then set the time for maintenance [35]. In contrast, PdM goes one step further because it relies on the predictions made to make relevant suggestions on how to address the failure mode and enhance the remaining useful life (RUL). For example, through the bearing temperature, PdM will predict when the equipment is likely to fail while prescriptive maintenance may recommend a speed reduction to increase its RUL [36].
 
[image: A diagram of a patient's condition
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[bookmark: _Toc187046037][bookmark: _Toc187051471]Figure 2:  Evolution of the maintenance strategies in the course of time [31]
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[bookmark: _Toc170223014][bookmark: _Toc187049857]2.2 PREDICTIVE MAINTENANCE 
Predictive maintenance is a comprehensive approach to process and equipment management that uses data analysis tools to track and anticipate machinery failure [37]. PdM aims to identify failure mode deviations from normative characteristics in equipment operation by utilizing real-time sensor data and features such as ambient variables and equipment maintenance records history. The potential to reduce several operating expenses while simultaneously enhancing the equipment's dependability and speed is what makes PdM relevant in various industries [38]. PdM, permits the selected execution of maintenance tasks since it is contingent upon the actual condition of the machinery, which helps to reduce maintenance costs and maximize the machinery's useful life.
 
Condition-Based Maintenance methods have been extensively analysed in Jardine, et al. [39], however, PdM has received particular attention as a crucial manufacturing area. PdM in manufacturing reduces downtime, increases productivity, and improves equipment reliability. Additionally, PdM enables producers to identify potential trouble spots ahead of time, preventing production interruptions and preserving efficiency. 

It is important to emphasize that the benefits of using PdM in manufacturing extend well beyond the goals of lowering costs and minimizing downtime. PdM also aids in the efficient management of maintenance resources, including both human and material, since it suggests that maintenance should only be performed when necessary. As a result, it improves maintenance efficiency while also saving money and time. Furthermore, because the machinery is always in good condition, its improved performance and dependability aid in the production of high-quality goods. This consistency is crucial because it guarantees that the quality of the products produced remains constant, which is necessary to guarantee that clients are completely satisfied and that the business can successfully compete with other firms in the market [40]. Furthermore, PdM helps industrial companies achieve their sustainability goals by minimizing the damage caused by failures and poor maintenance practices.

[bookmark: _Toc187049858]2.3 PREDICTIVE MAINTENANCE ANALYSIS BASED ON MACHINE LEARNING MODELS
Machine learning models have popular because they can sort through vast volumes of data and identify complex associations that traditional statistical methods might miss, models have gained popularity in predictive maintenance. Data from several sensors and monitors is continuously produced by the constituent assets of manufacturing settings. It is nearly impossible to do a quantitative examination of this volume of data using conventional statistical methods. Predictive maintenance benefits from the use of ML models since they can handle large amounts of data with ease. These models improve the accuracy and dependability of maintenance predictions by capturing minute details and temporal dependencies in the data [41]. These ML-based predictive maintenance solutions are also useful because of their capacity for ongoing learning. ML models could learn from the fresh data they come across, whereas other models have parameters that remain constant during their use. Because operating conditions and equipment behaviour might fluctuate in complicated manufacturing settings, this is helpful. The best ML models are always produced using methods like online learning and transfer learning, which allows maintenance choices to be made using the most recent data [42].

Butte, et al. [43] presented a ML based predictive maintenance approach. Four categories of ML models including generalized linear models, RF, GB and DL were presented. In this work, ML based PdM approach was also applied to the equipment data and the models resulting from the different methods were compared. It was suggested that a cross validation-based ensemble model approach PdM should be used. The observation made indicated that while choosing single best performing model may give better fit, but they are usually sensitive to any changes in the underlying production environment. This means that it gives a poor performance when it is used in practical applications for estimating the unobserved values.

Susilo, et al. [44] proposed the use of parameter evaluation technique for bearing fault diagnosis using multi-class SVM classification. The diagnosis of the bearing states has been classified using one-against-one method multi-class SVM in the diagnosis process. Three types of kernel functions were applied in the SVM classification including: linear, polynomial, Gaussian RBF. In this research, four ball bearing conditions have been detected; Inner and outer race faults, inner and outer race faults, and normal bearing. To anticipate the bearing conditions data, the classification performance of multiclass SVM with five selected features as the parameter demonstrates exceptional results for all types of kernel functions. Based on results, the accuracy of the SVM models using all the features and only five features are the same, 100%. However, the testing accuracy was dropped to when all features are used with linear (73%) and Gaussian RBF kernels (67%).

Çınar, et al. [45] proposed a ML architecture for Predictive Maintenance using Random Forests. By designing the data collecting and system analysis, applying the ML approach, and comparing it to the simulation tool, the suggested system was verified on an actual industry scenario. Data is sent to a Data Analysis Tool hosted on the Azure Cloud architecture after being collected from a variety of sensors, machine PLCs, and communication protocols. An initial analysis of the results indicates that the approach does a good job in identifying the different machine states with considerable precision. The proposed PdM methodology enables the integration of dynamical decision rules into the maintenance management which is done by using a RF Approach on Azure Machine Learning Studio. The initial results demonstrate that the technique performs correctly in predicting various machine states with an accuracy of 95% using the data set of 530731 data readings in 15 different machine features that were obtained in real time from the tested cutting machine.

Gohel, et al. [46] aimed at designing and implementing a ML algorithm for nuclear infrastructure maintenance. The prediction will be carried out using SVM and LR algorithms. These ML algorithms have been used to study and contrast the occurrence of the rare events that occur in the nuclear systems. For both these algorithms listed above, the authors conducted parameter optimization also. The features that have the most effect on the label is chosen for the application of the ML algorithms. Highest accuracy of 95% is obtained by the ML algorithms, SVM and LR. 
Khalil and Rostam [47] developed a semi-automated fault diagnosis system for rotating machinery utilizing historical vibration measurements for early fault detection eliminating an unplanned downtime. The process used Fast Fourier Transform (FFT) spectrums to extract energy features and label them based on machine conditions to train machine learning models. Datasets utilized from 2016 – 2023 with conditions normal, unbalanced rotor, bearing defect and combined faults. During data preprocessing, the data was labelled and resampled to tackle the class imbalances. Several ML algorithms such as SVM, ensemble methods, Bagging and AdaBoost, and Multi-Layer Perceptron (MLP) have been used. These evaluation metrics include accuracy, precision and F1 score, and results showed that, on ensemble models, accuracy of 93.1% was achieved. 

Farooq, et al. [48] stated to optimize predictive maintenance for ball bearing systems through ML methods to decrease downtime and increase industrial efficiency. Four ball bearing vibration signals were used to evaluate and compare different ML and DL models such as LR, SVM, RF, Extreme Gradient Boost (XGBoost) and Long Short-Term Memory (LSTM). Tasks consisted of performing data preprocessing and feature extraction, which was used to identify useful patterns from vibration signals critical for fault detection. Accuracy, precision, recall, F1 scores and computational requirements were the basis of evaluation. The result showed the best performance of XGBoost with accuracy of 96.61% and training time of 0.76s.

Elkateb, et al. [49] focused on solving the problem of unplanned outages in textile industry using a predictive maintenance system. Machine speeds and steps obtained from different knitting machines are included in the dataset, which were pre-processed to be used by our model. Furthermore, the Ada Boost ML algorithm was used to classify 6 types of machines stops with 92% accuracy on the test set. Grid search, cross validation, feature selection, and hyperparameter tuning were used to refine the model. It was demonstrated that the model could correctly categorise machine pauses and enable prompt maintenance to increase operational effectiveness. However, some stop categories faced fewer samples which resulted in lower precision and recall on some of these categories.
Gawde, et al. [50] focused on the development of an Explainable PdM strategy for the fault detection and diagnosis of faults in rotating machines using multi-sensor data fusion. Low-cost Fast Fourier Transform raw data from vibration, temperature and current sensors was utilized. Multi-fault classification study applied multi-class classification algorithms, such as Random Forest, and Local Interpretable Model-agnostic Explanations (LIME). The results exhibited very high accuracy of multi fault detection, on the fault detection algorithm achieving 100% of accuracy with better fault prediction performance by multi sensor fusion. It uncovered that faults are interdependent, and location of the sensor is crucial in industrial settings. 
[bookmark: _Toc187049859]2.4 PREDICTIVE MAINTENANCE ANALYSIS BASED ON ENSEMBLE MODELS
Ensemble learning is a process that combines several separate models to enhance the model's performance. The theory is that, even if each model might not be the best one on its own, when combined in an ensemble approach, they might produce predictions that are strong. The general idea is based on the observation that, particularly when dealing with vast, complicated, along with noisy data, aggregating the output of multiple models might produce better results than each model alone. Ensemble approaches have been used to improve prediction accuracy and address issues like volatility and overfitting [51].

Wang, et al. [52] suggested a new ensemble clustering-based fault diagnosis approach, ECFD, is proposed for fault diagnosis of rotating machinery. The features are extracted by different methods, while the traditional features are obtained in the time-domain, frequency-domain, and time-frequency domain while the deep representation features are obtained from the gated recurrent units-based autoencoders. Then, the adaptive group regularization approach is used to capture the heterogeneous and complementary relation in these features and to generate high quality feature subsets for the base learners of the ensemble clustering. Lastly, the clustering results of each base learner are aggregated by a simple weighted voting procedure. The efficiency of the proposed ECFD was assessed on the real-world bearing vibration signals dataset. The experimental studies reveal that the proposed ECFD can discover the heterogeneity and complementarity of the different types of features and benefits from the ensemble clustering, which is more effective than other conventional benchmark clustering approaches in the fault diagnosis without labels.

Beretta, et al. [53] suggested a new and effective approach to predictive maintenance utilizing Ensemble Learning and applying it to information from SCADA systems in wind turbine farms. This methodology allows reducing set-up times and has fewer strict conditions than the current predicting algorithms. The approach presented is an unsupervised one as it does not include the task of assigning labels to the work orders logs data. The ML algorithms employed are Gradient boosting and Isolation Forest. Results of these interpretable algorithms that are designed to identify certain patterns of main bearing failures are combined to generate a single health status index using Ensemble Learning techniques. The findings demonstrate that the outcomes are more interpretable than those of black box techniques, which try to tackle the issue with a single, intricate algorithm. A dataset spanning over two years of operations from two onshore wind farms, totalling 84 turbines, was used to test the suggested methodology. All four types of main bearing failures can be predicted at least one month before they are encountered in practice. The results demonstrated that combining multiple indicators into one improves performance, as evidenced by the figure below, which shows an average accuracy of 95.1%, precision of 24.5%, and F1 measure of 38.5%. Positive features that make this method an excellent option for any online monitoring system deployed on one or more wind farms are the intriguing results, the lack of labelled data, and the flexibility and scalability of the suggested solution.

Hung [54] suggested a new calculation technique for predictive maintenance analytics that combines adaptive learning and ensemble learning algorithms to improve the decision tree model. This paper applies manufacturing data analytics to two categories of machine data: blister packing machine data and semiconductor machine data. Predicting yield problems during a semiconductor manufacturing process is made possible by the former data. Data from blister packing machines is used to forecast the quality of product packaging. Using a new approach, the authors examined boosting decision trees and decision jungles. The bagging methodology of ensemble learning is the source of the decision jungle ensemble method. The ensemble learning technique called boosted based was used for the boosted decision tree module. As a result, the outcome of the suggested approach was contrasted with the outcomes of decision trees and boosted decision trees. When compared to the single learning technique in both situations, the results show that the ELA achieves above 95% accuracy in both the blister packing machine and semiconductor cases.

Hung [55] provided a complete workflow by using edge data that was sent to the cloud for data analysis, PdM deployment notifications, and data from computerised sewing machines at the production location. The ELA was applied in this work to extract features in the PdM of the textile production industry. The data collected from the e-Form and the desired quality of textile products—whether defective or non-defective—were used as inputs in this study. It assessed the novel method's prediction effectiveness in comparison to modules that were single- and ensemble-based and used the traditional decision tree algorithm, RF, decision jungle, and LightGBM. The study conducted in this work showed that the ELAs had moderate level of accuracy. Based on the outcome of data analytics it was found that the proposed approach to improving the ensemble learning algorithm has an accuracy and precision of more than 98% for identifying defective products. The evaluation of the dispatching approach also reveals that data can be successfully sent to the appropriate resource with an appropriate notification to users.

Akanni [56] says the usage of various ML techniques for the predictive maintenance. This work involves the evaluation of six different approaches of ML and the methods applied were logistic regression, Naïve Bayes classifier, KNN, Linear SVM, Bagging and Boosting methods of Ensemble learning. For each method, four different models were developed, models with all the features in the data, models with features selected from the information gain, RF and lasso regression. These methods were compared based on five key evaluation parameters which include Accuracy, Precision, Recall, F1 score and Area Under ROC curve. Comparisons of models within methods and between the methods were made. It is also clear that all the models are accurate, but the bagging method of ensemble learning had the best performance in terms of accuracy with 99.74% and the KNN model followed closely with 99.67%. With respect to the measures of precision and recall, the Linear SVM model achieved the best results with a precision of 91.30%, while the KNN model achieved a precision of 90.14%. The NB model was the best as it had the highest recall was highest with recall score of 90.10% followed by Bagging model with the recall score of 77.22%.  The results proved that the ensemble learning techniques have a higher value of evaluation metrics than other ML approaches.

Sharma and Sangal [57] developed and validated the effectiveness of new and enhanced fault prediction models using product and process metrics with ML classifiers and ensemble models. A comprehensive three phased approach was proposed by authors: (i) Metrics Selection (ii) Experimentation and Design of Base ML Classifiers and Ensembles (iii) Performance and Cost Analysis. 32 projects from the PROMISE, BUG, and JIRA data sets have been analysed. The study's findings show that developing advanced fault prediction models through ensemble methods yields better predictive capabilities and cost considerations, with an overall median F-score ranging from 76.50% to 87.34% and a ROC (AUC) of 77.09% to 84.05%.
[bookmark: _Toc187049860]2.5 ENSEMBLE MODEL FRAMEWORK
The ensemble-based system for Multiple predictive models are used to provide predictive maintenance, which should result in a more precise and useful maintenance prediction. To build an ensemble model, several models – different and typically less accurate (weak models) – are trained on the training data to identify patterns in the data by utilizing their specific algorithm. The results of the classification are then integrated through a combination or a voting technique to form the final prediction. This framework has number of advantages for ML methods such as scalability to other methods, enhancing the detection performance, and usability flexibility [58].
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[bookmark: _Toc187051472]Figure 3: General framework of ensemble learning [58]

[bookmark: _Toc187049861]2.6 LITERATURE SUMMARY
It is evident from the current study's literature evaluation that significant advancements have been made in the field of predictive maintenance, particularly using machine learning and ensemble-based models. It is crucial to remember that the main benefit of applying the concept of predictive maintenance is that it has proven to be beneficial to manufacturing industries in the modern world. This includes reducing the amount of time that spare parts are used, improving the dependability of the machinery and equipment used in these industries, and saving money. It has been demonstrated that preventive models in service industries that use big data to train machine learning algorithms and look for trends indicating equipment failure are quite successful. In a similar vein, ensemble-based models overcome the limitations of single-model systems by combining numerous unique models to enhance predicted results and reliability.

All things considered, it describes how ensemble approaches have the potential to enhance the robustness and performance of prediction-based maintenance techniques. The research that applies all three types of ensembles learning techniques—bagging, voting, and stacking—in the context of predictive maintenance, however, is noticeably lacking. Comparing all three approaches in PdM is still new, even if a large portion of previous research has examined individual approaches or a combination of them [57]. This raises the possibility of further research into the combined use of bagging, voting, and stacking to anticipate maintenance, which will improve the predictive maintenance techniques already in use. To increase the precision and dependability of predictive maintenance models for industrial machinery and equipment, this study intends to examine the efficacy of several ensemble strategies (bagging, voting, and stacking). This study aims to determine the best strategy for predictive maintenance applications by contrasting the effectiveness of these methods with that of individual ML models. This study will also investigate how hyperparameter adjustment affects these ensemble models' performance. 

[bookmark: _Toc187049862]2.7 CHAPTER SUMMARY
This chapter provides the background to maintenance strategies and the role of predictive maintenance in the manufacturing context. It also describes the usefulness of PdM in identifying the shortcomings of traditional corrective and preventive maintenance strategies to improve schedules and decrease costs. Using ML models for PdM is on the rise because it can analyse the Big Data collected from the sensors to find correlations that may not be seen otherwise. The chapter then looks at ensemble learning approaches where multiple individual models are used to make a single prediction. Bagging, voting, and stacking are all discussed with examples. It has been established that ensemble techniques are effective for PdM, and this chapter explores several works that have effectively implemented ensemble learning to PdM problems. Finally, the chapter stresses that while there are numerous studies that focus on individual ensemble method or a combination of two of them, there is no study that compares all three techniques, bagging, voting, and stacking for PdM. This is a research gap that could be used in future research to determine the advantages of using all the three combinations of ensemble methods for predictive maintenance.      





[bookmark: _Toc187018426][bookmark: _Toc187049863]
CHAPTER 3: RESEARCH METHODOLOGY
The research methodology, which is a thorough framework and methodical approach to answering the research objectives, is supplied by this study. This starts by choosing LR, SVM, KNN and RF as base models as they are quite diverse and applicable to classification. Bagging, voting and stacking methods are presented, to increase accuracy and reliability. The approach is designed with the purpose of systematic processing, implementation, and evaluation of the data with robust metrics.
[bookmark: _Toc187049864]3.1 RESEARCH DESIGN
The research model for this work is anchored on the research onion, which is a visual representation of the layers involved in a research project and walks through the framework of a research work in a sequential manner [59]. Figure 4 shows the research on ensemble techniques in predictive maintenance, the layers of the research onion can be adapted as follows: 

[bookmark: _Toc187051473]Figure 4: Research Design
· Philosophy: The research uses positivism approach because it uses quantitative data analysis and aims at testing hypotheses related to the performance of the various ensemble techniques in predictive maintenance tasks. Positivism focuses on empirical and measurable data, which is in line with the research’s quantitative focus [60].
· Approach: This research uses the deductive approach in order to test hypothesis regarding the effectiveness of ensembles (bagging, voting, stacking) versus individual machines learning algorithms. Since the approach begins with existing theories and, the comparison can be made using such parameters as accuracy, precision, recall, and F1-score, which is in line with the study objective of determining the most suitable ensemble strategy for predictive maintenance [61]. 
· Strategy: This study uses an experimental design since it involves applying and comparing several machine learning models and ensemble methods to a predictive maintenance dataset [62]. The evaluation measures which are used in the experiments include accuracy, precision, recall, and F1 score. 
· Choice: This research uses a quantitative research design that involves the use of numerical data and statistical analysis to assess the effectiveness of various predictive maintenance models [63]. This approach is ideal for this research since it makes it possible to compare various ML algorithms quantitatively based on performance indicators.
· Time Horizon: The research is cross-sectional in nature with respect to the time dimension since the research is based on data of a specific time frame. Such approach is relevant for the works aimed at model assessment and comparison within the specified time frame [64].
· Techniques and Procedures: The research uses data cleaning methods such as dealing with missing values, removing duplicates, and unnecessary attributes, as well as methods for implementing models. It includes grid search optimization for ensemble strategies and measures the performance of models by using accuracy, precision, recall, and F1 score. Operations like data cleaning are performed with the help of libraries like scikit-learn for Python. 
This structured approach makes it easy to follow the research methodology and to ensure that the methodology is sound and systematic, and that it corresponds to the goals of the research which is to assess and improve the ensemble learning approaches for predictive maintenance.


[bookmark: _Toc187049865]3.2 RESEARCH MODEL
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[bookmark: _Toc187051474]Figure 5: Research Model
[bookmark: _Toc187018427][bookmark: _Toc187049866]3.2.1 DATA COLLECTION 
The predictive maintenance dataset provided by Kaggle with features such as machine operating condition, sensor readings and failure labels is utilized in this research. 

[bookmark: _Toc187018428][bookmark: _Toc187049867]3.2.2 DATA PREPROCESSING 
The collected data set will be preprocessed by identifying and removing missing values and duplicate records. The categorical data in the predictive maintenance dataset called “Type” and “Failure Type” are encoded with labels to transform the text values into numerical values for the sake of applying machine learning algorithms.

[bookmark: _Toc187018429][bookmark: _Toc187049868]3.2.3 EXPLORATORY DATA ANALYSIS (EDA)
The visualization of the Predictive Maintenance dataset will be done using Matplotlib and Seaborn with the aim of exploring the distribution of the “Target” column and the relationship between numerical variables in the dataset. A count plot will be used to visualize the target variable while pair plots will be used to visualize the relationships between features and patterns including features such as torque and rotational speed having positive correlation.

[bookmark: _Toc187018430][bookmark: _Toc187049869]3.2.4 TRAIN-TEST SPLIT
The pre-processed dataset will be divided into test and train sets using 70:30 i.e., Training – 70% & Testing – 30%.

[bookmark: _Toc187018431][bookmark: _Toc187049870]3.2.5 IMPLEMENTATION, HYPERPARAMETER TUNING AND EVALUATION OF BASE MODEL
The base models used in this research are LR, SVM, KNN and RF.
[bookmark: _Toc187049871]3.2.5.1 LOGISTIC REGRESSION
LR is a method of binary classification (output takes one of two forms) where output is categorical (i.e. ‘black’ or ‘white’, ‘yes’ or ‘no’, ‘pass’ or ‘fail’). The probability of an event (equipment failure) occurs is modelled by applying the logistic function [65]. Due to its simplicity, it computes fast, therefore it can be used for initial analysis and baseline comparison. The reason for Logistic Regression to be included in this research is to act as baseline model that gives a clear picture of the data and makes it easy to compare these results with the more complicated algorithms and ensemble techniques. One of the advantages of its usage is that it can provide probabilistic predictions, making it important for the assessment of probability of the equipment failure in predictive maintenance [73]. 

The equation of LR is (assuming a binary classification problem), 
log(p / (1 - p)) = b0 + b1x1 + b2x2 + ... + bn*xn 
where:
· p: Probability of machine failure (between 0 and 1)
· b0: Intercept term (bias)
· b1, b2, ..., bn: Coefficients for each feature (x1, x2, ..., xn)
· x1, x2, ..., xn: Features of the machine (e.g., sensor readings, operating conditions, age)
To find the probability of failure:
p = 1 / (1 + exp(-(b0 + b1x1 + b2x2 + ... + bn*xn)))
This equation describes the dependency between the parameters of the machine and the possibility of the failure. The coefficients namely b0, b1, b2, … are learned by the logistic regression model during training phase [74].
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[bookmark: _Toc187051475]Figure 6: Logistic Regression [66]
[bookmark: _Toc187049872]3.2.5.2 SUPPORT VECTOR MACHINE (SVM)
SVMs are effective in the case of nonlinear relationships and high dimensional datasets, which often characterize predictive maintenance. It divides data points into distinct classes by finding the hyperplane that best separates them. With a suitable kernel selection, SVM can perform much better [67]. SVM is applied in this research to examine the robustness of differentiating machine states in the presence of noisy and complex data which qualifies it as a good model for ensemble learning. 

The equation for a linear SVM for binary classification is represented as,
f(x) = sign(w^T * x + b)   
where:
· f(x): The predicted class label (+1 or -1) for a given input feature vector 'x'.   
· w: The weight vector, representing the coefficients associated with each feature.   
· x: The input feature vector.   
· b: The bias term (intercept).   
· w^T * x: The dot product of the weight vector 'w' and the input vector 'x'.   
· sign(): A function that returns +1 if the argument is greater than or equal to 0, and -1 otherwise.
The above equation identifies the decision boundary which is a hyperplane in the feature space. Each hyperplane has two classes on each side of a hyperplane where all the data points on one side of it belong to one class and on the other side belong to the other class. The SVM algorithm focuses to finding the best hyperplane that can give the maximum distance between the two classes [75].
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[bookmark: _Toc187051476]Figure 7: SVM working principle [68]
[bookmark: _Toc187049873]3.2.5.3 K-NEAREST NEIGHBORS (KNN)
KNN is one of the instance-based learning algorithms which assigns class label to any example based on the class label of the majority of its KNN in the feature space [69]. The approach does not require a specific functional form for the data and is adaptive to different data distributions. KNN is very useful in predictive maintenance because for datasets where similar instances (e.g. similar machinery configuration) tend to have the same outcomes (e.g. frequent failures), it can identify patterns or clusters of similar instances within a dataset. As a non-parametric instance-based learner, KNN classifies instances based on their proximity in the feature space, brings a unique perspective. When the predictive maintenance tasks involve clustered or sparse data, it is very useful. The distance between the query point (the new data point to be classified) and all other points in the training dataset is calculated using,  
Euclidean distance: √(∑(x_i - y_i)^2)
Based on the estimated distances between the query point and every other data point in the training set, KNN initially determines the query point's k-nearest neighbours. The method then identifies the most common class label among these k nearest neighbours. The query point is then given this most common class label as its projected class [76].
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[bookmark: _Toc187046038][bookmark: _Toc187051477]Figure 8: KNN working principle [68]

[bookmark: _Toc187049874]3.2.5.4 RANDOM FOREST
RF is an ensemble learning which is essentially creating lots of decision trees (DT), and then combine the results of these DT to provide a good and reliable answer. It can deal with big data with high dimensional features and at the same time moderates overfitting [70]. The reason to include Random Forest is to benefit from its ensemble nature to build a benchmark against other ensemble methods like voting, stacking, and bagging for predictive maintenance tasks. Its mechanism of feature importance helps to recognize important variables that can affect equipment health in line with the objective of the research to make sure the reliability and precision of PdM. The mathematical equation for RF:
For a Random Forest with T trees, the final prediction ŷ is,
ŷ = 1/T * Σ(t=1 to T) ht(x)
Where:
· T is the number of trees in the forest
· ht(x) is the prediction of the t-th tree
· x is the input feature vector
· 1/T represents the averaging of predictions across all trees [77]
The combination of base models offers diversity with respect to algorithmic approach so that the strengths and weaknesses of the various approaches can be comprehensively compared. SVM and Logistic Regression give robust, theory backed classifiers whereas KNN and Random Forest are versatile and robust to different data structures and noise levels. This is critical for an effective ensemble framework as it allows utilizing complementary strengths across different models building blocks to a solid base for PdM in the manufacturing industry.
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[bookmark: _Toc187051478]Figure 9: Random Forest [68]

These base models - LR, SVM, KNN and RF will be trained by using training dataset. Each model will be hyper tuned using grid search cross validation to find the right hyper parameters. Then each base model will be evaluated on testing set in terms of accuracy, precision, recall and F1score.

[bookmark: _Toc187018432][bookmark: _Toc187049875]3.2.6 IMPLEMENTATION, HYPERPARAMETER TUNING AND EVALUATION OF ENSEMBLE TECHNIQUES
Following the implementation of individual models, ensemble methods (bagging, voting and stacking will be implemented to enhance predictive performance. 
[bookmark: _Toc187049876]3.2.6.1 BAGGING (BOOTSTRAP AGGREGATING)
Bagging (short for Bootstrap Aggregation) is an ensemble technique meant to reduce variance and make machine learning models more robust. It is the one that trains several models (like decision trees) on bootstrapped subsets of the training data, and then aggregating their predictions through majority voting for the case of classification tasks [15]. In predictive maintenance, bagging can improve the reliability of the predictions by making use of the strength of the multiple learners.
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[bookmark: _Toc187051479]Figure 10: Bagging 

[bookmark: _Toc187049877]3.2.6.2 VOTING
Voting is an ensemble method which creates a unified result from the predictions of different base learners to increase classification accuracy [71]. Voting provides this research with the strengths of individual models, e.g. SVM, LR and RF, and in a way these errors can be corrected by others. This approach is helpful for predictive maintenance, to strike a trade-off between precision and recall.
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[bookmark: _Toc187051480]Figure 11: Voting procedure 
[bookmark: _Toc187049878]3.2.6.3 STACKING
Stacking is a sophisticated ensemble technique which utilizes several base models to do predictions and combine them together by a meta model for the final prediction. It allows for numerous basis learners of various sorts and benefits from the synergy of those complementary strengths [72].  Stacking is highly flexible and powerful for predictive maintenance applications which require capture of diverse data patterns.
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[bookmark: _Toc187046039][bookmark: _Toc187051481]Figure 12: Stacking Technique
These ensemble models will be hyper tuned using grid search cross validation to find the right hyper parameters for each model. They will be evaluated on the test set using accuracy, precision, recall and F1score. 

[bookmark: _Toc187018433][bookmark: _Toc187049879]3.2.7 COMPARATIVE ANALYSIS
The results obtained by both the individual and ensemble models will be compared in terms of accuracy, precision, recall, and F1-score.

[bookmark: _Toc187018434][bookmark: _Toc187049880]3.2.8 APPROACH SELECTION
The approach with superior performance for predictive maintenance will be identified as the best approach by comparing ensemble techniques against individual models.


[bookmark: _Toc187049881]3.3 DATASET DESCRIPTION
The Machine Predictive Maintenance Classification dataset is an artificially generated dataset inspired by actual PdM problems. It consists of 10,000 data points which are characterized by 10 features: product details, air and process temperature, rotational speed, torque, and tool wear. The dataset also includes two target variables: a binary “Failure or Not” flag indicating overall machine failure, and a “Failure Type” variable identifying the type of failure. This dataset is helpful for developing and validating machine learning solutions for predictive maintenance applications, which aims at predicting when a failure may occur and at setting proper time for equipment maintenance [78]. 

[bookmark: _Toc187049882]3.3.1 VARIABLES
· UID: ID ranging from 1 to 10000. 
· productID: The first position can take one of the letters L, M or H to represent low (50% of all products), medium (30%) and high (20%) respectively for product quality and the second position is a variant specific serial number. 
· air temperature [K]: obtained in the random walk fashion which was then scaled to have the standard deviation of 2 K around 300 K.
· process temperature [K]: To the air temperature with a 10 K offset, a random walk procedure with a 1 K standard deviation was used. 
· rotational speed [rpm]: This signal is obtained by multiplying the reference signal with a 2860 W power and adding a normally distributed random variable.
· torque [Nm]: The torque values are locally distributed with an average value of 40 Nm and standard deviation of 10 Nm and the values cannot be negative. 
· tool wear [min]: The quality variants H/M/L increase tool wear of the used tool in the process by 5/3/2 minutes respectively. The label "machine failure" indicates whether any of the following failure modes apply to this specific data point.

· There are two Targets: 
· Target: Failure or Not
· Failure Type: Type of Failure
[bookmark: _Toc174687034][bookmark: _Toc187049883]3.4 EVALUATION METRICS
[bookmark: _Toc187018435][bookmark: _Toc187049884]3.4.1. ACCURACY
The frequency with which a model's predictions come true is a measure of its accuracy. The general accuracy equation 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.

[bookmark: _Toc187018436][bookmark: _Toc187049885]3.4.2 PRECISION
The accuracy with which a model can correctly identify only the pertinent events (true positives) among all the cases it anticipated to be positive is a measure of its precision.
Precision= 

[bookmark: _Toc187018437][bookmark: _Toc187049886]3.4.3 RECALL
A model's recall quantifies its capacity to accurately identify every pertinent incident. The recall's general equation is,
Recall= 

[bookmark: _Toc187018438][bookmark: _Toc187049887]3.4.4 F1-SCORE
F1-score is the harmonic mean of precision and recall. It offers a single point measure which captures both precision and recall in a unified manner. The F1-score of 1 means that precision and recall are 100% while the score of 0 mean that there are no true positive or all the positives are wrongly predicted.
F1-score = 2 * (Precision * Recall) / (Precision + Recall)

[bookmark: _Toc187018439][bookmark: _Toc187049888]3.5 MATERIALS
The model is implemented in Python, a language that has become popular in Data Science and Machine Learning. The main libraries are Scikit-learn that is an open-source library for data analysis and machine learning, Pandas that helps in data handling and data analysis, NumPy that is used for numerical computing, Matplotlib that is used for plotting distribution and relationship of data and Seaborn for creating statistical graphics and data visualizations. The Integrated Development Environment (IDE) for this work is Jupyter Notebook that is suitable for processing data and creating ML models due to the availability of a user-friendly interface. 
Regarding the hardware aspect, the implementation needs a multi-core processor of an Intel i5 to compute calculations.16 GB of RAM is used for comfortable working with big data and training models. The computer also requires a Solid-State Drive (SSD) of 512 GB storage for data storage and managing reading and writing. The operating system which is used in the proposed implementation is Windows 11 to ensure that the software and tools run optimally.

[bookmark: _Toc187018440][bookmark: _Toc187049889]3.6 CHAPTER SUMMARY
In this chapter, a complete framework to implement and evaluate predictive maintenance models is proposed through individual and ensemble techniques. The way of proceeding step by step guarantees transparency and replicability in data preprocessing, model development and performance evaluation. The metrics selected allow for a complete comparison of model efficiency in several cases. The selected dataset will be used as the focus of the next chapter, Experimentation, to operationalize these methods for practical application and to provide empirical analysis.

[bookmark: _Toc266710265][bookmark: _Toc266711018][bookmark: _Toc271283199][bookmark: _Toc340606384][bookmark: _Toc340611911][bookmark: _Toc340612081][bookmark: _Toc340614008][bookmark: _Toc341173674][bookmark: _Toc341173852][bookmark: _Toc341174532][bookmark: _Toc345410430][bookmark: _Toc345410761][bookmark: _Toc345412866][bookmark: _Toc371251358][bookmark: _Toc371251407][bookmark: _Toc371255387][bookmark: _Toc371255542][bookmark: _Toc170223015][bookmark: _Toc341174544][bookmark: _Toc170223029][bookmark: _Toc121041633][bookmark: _Toc202288167][bookmark: _Toc266447548]

[bookmark: _Toc187018441][bookmark: _Toc187049890]CHAPTER 4: DESIGN & IMPLEMENTATION
In this chapter, the research design and how it was put into effect is explained. It also includes the data collection from Kaggle, data cleaning and data exploration to understand the data and relationships between variables, handling of categorical data through label encoding, train/test split of the dataset, implementing of the individual algorithms (RF, LR, KNN, SVM) and the ensemble algorithms (Voting Classifier, Stacking Classifier, Bagging Classifier) with the optimization of the parameters using GridSearchCV and the assessment metrics used in analysis of the models.

[bookmark: _Toc187018442][bookmark: _Toc187049891]4.1 RESEARCH OVERVIEW
This research aimed to accomplish a comprehensive analysis of the effectiveness of ensemble techniques in predictive maintenance. It starts with collecting the Predictive Maintenance dataset from Kaggle (an Open repository) and preprocessing it to enhance the data quality. Next, individual ML models such as LR (Logistic Regression), SVM (Support Vector Machine), KNN (K-Nearest Neighbors), RF (Random Forest) will be implemented for predictive maintenance task. Thereafter, different ensemble methods including bagging, voting and stacking will be implemented and the hyperparameters of each will be tuned to enhance performance. The efficiency of the individual and ensemble models will be measured by metrics such as accuracy, precision, recall, and F1-score. Finally, the results of the two models (individual and ensemble models) will be contrasted to ascertain which is most suited for PdM implementation. 

[bookmark: _Toc187018443][bookmark: _Toc187049892]4.2 IMPLEMENTATION
This research focusses on acquiring data from Kaggle and preprocessing and visualising it to forecast the likelihood of a device failure in the manufacturing sector. Further, the implementation of traditional ML models such as RF, LR, KNN, SVM Classifiers and ensemble models such as bagging, voting and stacking classifiers have been detailed in this session.
[bookmark: _Toc187018444][bookmark: _Toc187049893]4.2.1 DATA COLLECTION
The dataset used in this work contains the data about different parameters of industrial equipment performance including temperature, rotational speed, torque and tool wear. Each data point corresponds to one operation of a machine, and the target variable shows whether a failure happened. Furthermore, the data set contains the information of Product ID, Product type, and Failure type. It has 10000 rows and 10 columns. Out of 10 columns, one column ‘Target’ is the output column, and it contains the value 0 and 1. The value ‘1’ indicates that the device is failure and value ‘0’ indicates that the device is non-failure. This data set is very useful to develop and test ML algorithms for predictive maintenance, to anticipate failure of the equipment and manage maintenance in order to reduce the downtime and enhance the overall dependability of the plant equipment.
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[bookmark: _Toc187046040][bookmark: _Toc187051482]Figure 13: Predictive maintenance dataset structure

[bookmark: _Toc187018445][bookmark: _Toc187049894]4.2.2 DATA PREPROCESSING
Initially, the dataset is preprocessed by finding the missing values in the dataset. The illustration of the output of finding the missing values is stated in figure 14.
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[bookmark: _Toc187051483]Figure 14: Identification of missing values
From the above, it is inferred that all the columns in the dataset do not contain any missing values in the dataset. Further, the dataset has been investigated for finding the duplicate rows in the dataset. 
Figure 15 illustrates the output of finding the duplicate.
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[bookmark: _Toc187051484]Figure 15: Identification of duplicates
From the above, it inferred that there are no duplicate rows in the dataset.








Further, the basic information of the dataset is in figure 16.
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[bookmark: _Toc187051485]Figure 16: Data types of attributes
It is clear from the above that there are three columns of object data type, four columns of integer data type, and four columns of floating data type.

[bookmark: _Toc187018446][bookmark: _Toc187049895]4.2.3 DATA VISUALIZATION
The Predictive Maintenance dataset has been visualized by using data packages such as Matplotlib and Seaborn. To examine the distribution of the values in the datasets "Target" column, the output column has been visualised using a count plot. The values in the 'Target' column are distributed in figure 17.
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[bookmark: _Toc187051486]Figure 17: Distribution of output class
It is evident that the value ‘0’ contains the maximum count of data and value ‘1’ contains minimum count of data. This implies that most of the data points are associated with the machines that have not failed (value 0) compared to the machines that have failed (value 1). Further the pairwise relationships between the numerical features of the dataset have been visualized using pair plot and visualization.
Figure 18 provides insight into how different numerical features correlate with each other and how they relate to the output column ‘Type’. Every subplot is a pair of features and demonstrates the distribution of features and their relationships and possibilities of clustered patterns. The distributions of the features such as rotational speed, torque and tool wear look reasonably Gaussian, the temperature features are slightly skewed. Some characteristics like rotational speed and torque indicate a positive relationship where torque is often high at high rotational speeds.
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[bookmark: _Toc187051487]Figure 18: Pair plot visualizations
[bookmark: _Toc187018447][bookmark: _Toc187049896]4.2.4 LABEL ENCODING
In the predictive maintenance dataset, the features, "Type" and "Failure Type" are categorical in nature. These columns must hold text values (for example, ‘L’, ‘M’, ‘H’ for product classification and failure type also has 2 classes like “No failure” and “failure”). Most of the ML algorithms are well suited to work with numerical information therefore label encoding is performed to transform these fields into numerical values.

[bookmark: _Toc187018448][bookmark: _Toc187049897]4.3 SPLITTING INTO TRAINING AND TESTING SETS
[bookmark: _Toc187018449]After all preprocessing, the data has been split for training and testing purposes. The dataset has been split into 70:30 i.e., Training – 70% & Testing – 30%, a simple and effective approach in machine learning is to divide the dataset into training and testing subsets. A 70:30 split helps in ensuring a majority of data is used for training and 30% testing on unseen data. This leads to a large training set so that it allows the model to learn some meaningful patterns and relationships in the data. Moreover, the testing set is also large enough that the model can be evaluated in terms of generalizability and the computation of reliable performance metrics, e.g. accuracy, precision, recall, confusion matrices, etc. Also, splitting in this way reduces the danger of undertraining or overfitting the model, and therefore poor performance on new data. If the dataset is smaller, a different split like 80:20 might be considered to maximize the training data. In this case, 30% of the data is enough to make the evaluation metrics robust and unbiased.

[bookmark: _Toc187018450][bookmark: _Toc187049898]4.4 IMPLEMENTATION OF BASE MODELS
[bookmark: _Toc187018451]After the data has been split, the data has been trained using various individual ML models such as RF, LR, KNN and SVM classifiers have been implemented & evaluated. 

[bookmark: _Toc187018452][bookmark: _Toc187049899]4.4.1 RANDOM FOREST
The implementation of RF model starts with setting up a parameter grid for hyper parameter tuning using parameters such as criterion, max_depth, max_features, and n_estimators. A systematic search of the parameter space is then performed using GridSearchCV and the best set of parameters is chosen based on 2-fold cross-validation. Next, an RF classifier is built with the best hyperparameters on the train data set. Finally, the trained model is then used to predict on the test set and the performance of the model can be measured by metrics such as accuracy, classification report and confusion matrix.

[bookmark: _Toc187018453][bookmark: _Toc187049900]4.4.2 LOGISTIC REGRESSION
The Implementation of LR model starts with the hyperparameter tuning using GridSearchCV. The options for the regularization penalty ('l2', 'l1', 'elasticnet', or None), regularization strength (C values of 0.01, 0.1, 1, 10, 100), and solvers ('liblinear', 'newton-cg', 'lbfgs', 'saga') are included in the parameter grid. The best combination of hyperparameters is recognized through 2-fold cross-validation (cv=2). Then, the model is trained on the training data, and the optimal parameters are displayed. Next, prediction is carried out on the test set, and the accuracy, a classification report, and a confusion matrix are computed to evaluate the performance of the model at predicting and on various classes.

[bookmark: _Toc187018454][bookmark: _Toc187049901]4.4.3 SUPPORT VECTOR MACHINE (SVM)
To develop a SVM classifier for failure prediction of machines, initially a GridSearchCV object is created to tune the hyperparameters of SVM model to find the best set of parameters values. These hyperparameters include cost parameter (C), kernel, degree of the polynomial kernel and class weights (class_weight). The GridSearchCV uses cross-validation (cv=2) to estimate the best set of hyperparameters which will minimize the risk of overfitting. Then the model is fine-tuned with the best hyper parameters and then applied on the training dataset. Once trained, the model is used for predicting test data. In addition, the model’s accuracy, classification report and confusion matrix are used to assess the model’s performance. 

[bookmark: _Toc187018455][bookmark: _Toc187049902]4.4.4 K-NEAREST NEIGHBORS (KNN) 
First, GridSearchCV specifies grid of hyperparameters to explore number of neighbors (n_neighbors), distance weighting scheme (weights), and neighbor search algorithm (algorithm). This returns the best hyperparameter combination via 2-fold cross-validation. From there, the KNN model is trained with the optimal hyperparameters. Following this, the trained model assigns labels to the test data and the performance of the model is evaluated with the help of accuracy, classification report and confusion matrix.

[bookmark: _Toc187018456][bookmark: _Toc187049903]4.5 IMPLEMENTATION OF ENSEMBLE MODELS
[bookmark: _Toc187018457][bookmark: _Toc187049904]4.5.1 VOTING CLASSIFIER
This Voting Classifier ensemble model for predictive maintenance combines four individual machine learning models: RF, SVM, LR and KNN. The voting strategy, either “hard” or “soft”, is selected by means of a grid search with cross-validation. The ensemble model is then trained on the training data set after the best voting mechanism has been identified. Ultimately, the acquired model is used to forecast the class labels of the fresh test data. The model's ability to detect machines that are likely to fail soon is measured using metrics including accuracy, precision, recall, and F1-score.

[bookmark: _Toc187018458][bookmark: _Toc187049905]4.5.2 STACKING CLASSIFIER
The Stacking Classifier for predictive maintenance task is implemented using RF and SVM as base models. It starts by setting certain hyperparameters for the RF and SVM models after which a Stacking Classifier is built to include these base models. The GridSearchCV is used to fit the parameters and in this case, it has tuned the 'stack_method' parameter as auto, predict_proba, decision_function, and predict to experiment with. Once the best hyperparameters are selected and the model is fitted to the training data, the model provides predictions of the test set.

[bookmark: _Toc187018459][bookmark: _Toc187049906]4.5.3 BAGGING CLASSIFIER
A Bagging Classifier is implemented with a DT as a base estimator, alongside an elaborate hyperparameter tuning procedure with the help of GridSearchCV. Following the creation of a Bagging Classifier using a DT Classifier, a comprehensive parameter grid that investigates numerous hyperparameters is defined: decision tree hyperparameters like min_samples_split, min_samples_leaf, and max_depth; Max_samples, which indicates the percentage of samples to be drawn in each estimator, max_features, which indicates the maximum number of features to be drawn in each tree, and n_estimators, which indicates the number of base estimators, are the bagging hyperparameters. Iterating through the above-specified parameter space with GridSearchCV and a cross-validation technique yields the best combination. An accuracy score, a confusion matrix, and a classification report that gives precision, recall, and F1-score for each class are used to evaluate the model's performance both quantitatively and qualitatively after the test set is predicted using the best parameters found during this exhaustive search.

Table 1 presents the selected parameters of each ML model. 
[bookmark: _Toc187020420][bookmark: _Toc187049534]Table 1: Parameters of models by GridSearchCV method
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[bookmark: _Toc187018460][bookmark: _Toc187049907]4.6 CHAPTER SUMMARY
This chapter presented the research design and its application in developing a predictive maintenance system using ML. This chapter included data collection, data cleaning, and data exploration, handling of categorical data, splitting data into training and testing, applying various ML models including RF, LR, KNN, SVM, ensemble models including Voting Classifier, Stacking Classifier, Bagging Classifier with hyperparameter tuning using GridSearchCV. The chapter also attempted at graphing the data to see how the variables are related. Last, the chapter described how individual and ensemble models are implemented in detail.



























[bookmark: _Toc170223036][bookmark: _Toc341174561][bookmark: _Toc187018461][bookmark: _Toc187049908]CHAPTER 5: RESULTS & DISCUSSIONS
In the previous chapter, the data was preprocessed, visualized and best fit parameters have been selected. From the selected parameters, the individual ML models such as RF, LR, KNN Classifier, SVM Classifier as well as the ensemble models such as Voting, Stacking and Bagging Classifiers are trained using the training data and the same has been tested using test data. The evaluated outcomes are discussed in detail.
 
[bookmark: _Toc187018462][bookmark: _Toc187049909]5.1 OVERALL COMPARISON OF INDIVIDUAL AND ENSEMBLE MODELS
[bookmark: _Toc187049535]Table 2: Overall performance comparison of individual and ensemble models
	
	Models
	Accuracy
	Precision
	Recall
	F1- score

	

Individual models
	RF
	0.99
	0.99
	0.99
	0.99

	
	Logistic Regression
	0.98
	0.97
	0.98
	0.97

	
	KNN
	0.97
	0.97
	0.97
	0.96

	
	SVM
	0.97
	0.97
	0.97
	0.97

	
Ensemble models
	Voting Classifier
	0.97
	0.97
	0.97
	0.97

	
	Stacking Classifier
	0.99
	0.99
	0.99
	0.99

	
	Bagging Classifier
	0.99
	0.99
	0.99
	0.99



Table 2 states that the RF gained the highest accuracy, precision, recall and F1-score of 0.99 among the individual models. This indicates its capability to deal with complicated relationships and does not over fit. Logistic Regression also provided good results with an accuracy of 0.98, precision of 0.97, recall of 0.98, and F1-score of 0.97, due to its capability when the features and the target variable are linearly correlated. The traditional models such as KNN and SVM could not be able to perform better as the model could be able to predict the majority classes well but failed to detect the minority class effectively. However, these models have achieved better accuracy, precision, recall and f1 score of 97% respectively. 

In the case of ensemble models, the Voting Classifier, which is an ensemble method that combines different models through a voting system, had an accuracy, precision, recall and F1-score of 0.97, proving that it is beneficial to combine different models. But it may lack some effectiveness when the base models have significant disagreements. The stacking classifier with accuracy, precision, recall and F1-score of 0.99 is the best of the ensemble models for predictive maintenance. In this case, the meta-model is capable of learning from the predictions of the base models and thus improves the results. The Bagging Classifier also performed equally well with accuracy, precision, recall and F1-score of 0.99, showed how combining multiple decision trees decreases variance and increases the model’s ability to generalize.


[bookmark: _Toc187051488]Figure 19: Results of individual ML models


[bookmark: _Toc187051489]Figure 20: Results of ensemble models
[bookmark: _Toc187018463]
[bookmark: _Toc187049910]5.2 COMPARISON OF CLASSIFICATION REPORT OF ALL MODELS
[bookmark: _Toc187049536]Table 3: Classification report of all models
	Random Forest ML
[image: A number of numbers on a white background
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	Logistic Regression ML
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	KNN Classifier
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	SVM Classifier
[image: A number of numbers on a white background
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	Voting Classifier
[image: A number of numbers on a white background
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	Stacking Classifier
[image: A screenshot of a graph
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	Bagging Classifier
[image: A screenshot of a graph
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Bagging Classifier, Stacking Classifier and Random Forest outperform the other classifiers based on evaluation metrics for both class 0 and 1. Logistic Regression, KNN, and SVM struggle with the minority class (Class 1), showing low recall and poor F1 scores for it. Voting Classifiers combine different models to improve accuracy, but they do not significantly outperform Random Forest in terms of balancing performance across classes.

[bookmark: _Toc187018464][bookmark: _Toc187049911]5.3 CONFUSION MATRIX OF ALL MODELS
Through the breakdown of predictions and the comparison of predicted and actual labels, this research offers a thorough understanding of a classifier's performance. Based on the above classification report, the confusion matrix has been evaluated and illustrated figure 21.

	Random Forest
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	Logistic Regression
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	KNN Classifier
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	SVM Classifier
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	Voting Classifier
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	Stacking Classifier
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	Bagging Classifier
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[bookmark: _Toc187051490]Figure 21: Confusion Matrix of all models

Hence, ensemble techniques, primarily Stacking and Bagging achieved better results than individual models, thus proving the significance of integrating several models for predictive maintenance in industrial machinery and equipment. 








[bookmark: _Toc187049537]Table 4: Critical Comparison of this research with existing literatures

	Model
	Accuracy
	Precision
	Recall
	F1-Score

	RF [55]
RF
	0.966
0.99
	0.977
0.99
	0.960
0.99
	0.966
0.99

	LR
	0.98
	0.97
	0.97
	0.98

	KNN
	0.97
	0.97
	0.96
	0.97

	SVM
	0.97
	0.97
	0.97
	0.97

	Bagging [56]
Bagging 
	0.9974
0.99
	0.8764
0.99
	0.7722
0.99
	0.8210
0.99

	Voting
	0.97
	0.97
	0.97
	0.97

	Stacking
	0.99
	0.99
	0.99
	0.99




Table 4 states that the research utilized several ensemble approaches on a Kaggle predictive maintenance dataset with high accuracy performance metrics. The Random Forest, Stacking Classifier, and Bagging Classifier ensemble methods used in this project produced outstanding performance in the metrics with accuracy, precision, recall, and F1-score of 0.99.

When compared with previous work, [56] used bagging on Scania Trucks APS failures dataset and obtained higher accuracy of 0.9974 but lower precision of 0.8764 and recall of 0.7722 and [55], implementing RF on textile manufacturing E-Form data, showed slightly lower but still impressive results as follows: accuracy: 0.966, precision: 0.977, recall: 0.960, and F1-score: 0.966.

The datasets used were from Kaggle, a predictive maintenance dataset, the E-Form data from computerized sewing machines by [55] and the APS failures data from Scania Trucks by [56]. The analysis of the results shows that ensemble methods are highly efficient in industrial maintenance applications. The performance metrics obtained in the present work are also in line with the observations made from the existing literature, substantiating the use of the ensemble methods for predictive maintenance in various manufacturing systems.

[bookmark: _Toc187018465][bookmark: _Toc187049912]5.4 CHAPTER SUMMARY
This chapter highlighted the results and discussions of the individual and ensemble models developed in this research. The experiment revealed that the ensemble models, particularly Stacking and Bagging, had higher accuracy, precision, recall and F1-score than the individual models which included RF, LR, KNN, and SVM. This chapter also explained the weakness when using single model and how an ensemble can overcome these weaknesses. Furthermore, related the findings of this research to the literature and established that ensemble methods are beneficial in PdM. In conclusion, this research shows that ensemble methods can actually enhance the accuracy and efficiency of PdM systems.




















[bookmark: _Toc341174562][bookmark: _Toc170223037][bookmark: _Toc187018466][bookmark: _Toc187049913]CHAPTER 6: CONCLUSION & RECOMMENDATIONS
[bookmark: _Toc187018467][bookmark: _Toc187049914]This chapter summarises the main conclusions of the study, offering suggestions for additional research, and emphasizing the useful applications. 
6.1 CONCLUSION
In the prediction of the probability of a device failure in the manufacturing industry, this research has focused on implementing individual ML models such as RF, LR, KNN Classifier, SVM Classifier and ensemble models such as Voting Classifier, Stacking Classifier and Bagging Classifier. These models are evaluated using evaluation metrics such as Accuracy, Precision, Recall and F1 score. 

To achieve the first objective of this research, this research reviewed the recent literature on predictive maintenance and discussed trends in ensemble methods as opposed to traditional and single methods. The results show that ensemble techniques, such as Stacking and Bagging which has an accuracy of 0.99 are much better compared to individual models such as LR with 0.98, KNN with 0.97 and SVM with 0.97. These ensemble methods helped in combining the best of all multiple models in terms of accuracy, precision, recall, and F1-score. Among individual models, RF is identified to be a robust individual model with an accuracy of 0.99 proving its capacity to model complex relationships and address overfitting.

To achieve the second and third objectives, the research used benchmark datasets and the comparison of ensemble methods of Bagging, Voting, and Stacking with individual ML models using the key evaluation metrics. The ML models, KNN and SVM provided satisfactory results, but they failed to solve complex decision boundaries, and the data inequality issues when it comes to handling multiple decision boundaries. Unfortunately, the Voting Classifier though very efficient is slightly less so as compared to Stacking and Bagging. Stacking can benefit from the base model’s predictions and thereby outperformed the other methods. Similarly, bagging that involves using many decision trees added to the overall accuracy and reduced the possibility of over-fitting. Thus, this work has shown that ensemble techniques are very useful in predictive maintenance. These techniques can be used to improve the performance of PdM systems by integrating the knowledge from multiple models, thus improving the accuracy, robustness, and reliability of the system and reducing downtime.

[bookmark: _Toc187018468][bookmark: _Toc187049915]6.2 LIMITATIONS AND FUTURE ENHANCEMENT
In this research, Feature selection and engineering might be improved by applying different automated methods such as Recursive Feature Elimination or by applying techniques based on domain knowledge in order to select features estimating higher performance of a model. Moreover, when using interaction terms as independent variables or polynomial of the independent variables, the current model constructs might not capture non-linearity that exists in the corresponding relationships.
In this research, Grid search method has been used for finding the best fit parameter of all ML model. Further research can be extended by analyzing more advanced methods such as Random Search, Bayesian Optimization or Genetic Algorithms which could further optimize hyperparameters.
In this research, the traditional individual ML models such as RF, LR, KNN, SVM models and ensemble models such as Voting Classifier, Stacking Classifier and Bagging classifier have been used. Further exploration can be made by exploring deep learning (DL) techniques such as Recurrent Neural Networks (RNNs) or Convolutional Neural Networks (CNNs) for sequential or structured data which could lead to improved results.

[bookmark: _Toc187049916]6.3 REFLECTION
In this research work on predicting the probability of a device failure in the manufacturing industry, this research has analyzed and obtained the data from Kaggle and further it has been preprocessed and visualized. Further the data has been trained and tested with the individual ML models such as RF, LR, KNN & SVM and ensemble models such as Voting, Stacking, and Bagging Classifiers.
Using Grid Search to fine-tune the hyperparameters led to better model results, highlighting the importance of this step in ML workflows. Base models like RF, SVM, KNN and LR performed well, but the ensemble models (Voting, Stacking, and Bagging) proved to enhance performance. 
To evaluate the model's capacity to identify the minority class, the evaluation method concentrated on criteria that go beyond accuracy, such as precision, recall, and F1 score. An improved understanding of the model's performance was made possible by the confusion matrix.
Additionally, I divided the project into smaller jobs and gave each one a certain date established by the supervisor, using a scientific approach to job management. This allowed me to closely monitor the situation and ensure that the job I completed was completed on time at every stage. Regular assessments and schedule adjustments ensured that I met all deadlines while preserving the quality of the work. Project management software combined with AI assistance is largely responsible for maintaining this equilibrium. During this process, I improved my programming and technical writing skills and learned how to employ AI technology to boost productivity. This experience has taught me a lot about software engineering, time management, the importance of iterative improvement, and how to successfully integrate AI technology into difficult projects to achieve the best outcomes.
I've learned a lot from this experience about time management, the value of iterative improvement, software programming and how to effectively incorporate AI technologies into challenging projects to get the best results.
[bookmark: _Toc187049917]6.4 CHAPTER SUMMARY
This chapter provided the final outlook of the research by detailing the conclusions. The findings show that ensemble methods (Stacking and Bagging) outperform single models Logistic Regression, KNN, and SVM) in predictive maintenance. The chapter also presents the weaknesses of the research, and the utilization of Grid Search for hyperparameter optimization, and the recommendations for future work, including the utilization of sampling procedures and improved optimization strategies. Also, provides a brief reflection on the learning experience gained throughout the project.
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Results of ML models
RF	Accuracy	Precision	Recall	F1-score	0.99	0.99	0.99	0.99	Logistic Regression	Accuracy	Precision	Recall	F1-score	0.98	0.97000000000000042	0.98	0.97000000000000042	KNN	Accuracy	Precision	Recall	F1-score	0.97000000000000042	0.97000000000000042	0.97000000000000042	0.96000000000000041	SVM	Accuracy	Precision	Recall	F1-score	0.97000000000000042	0.97000000000000042	0.97000000000000042	0.97000000000000042	



Results of ensemble models
Voting Classifier	Accuracy	Precision	Recall	F1-score	0.97000000000000042	0.97000000000000042	0.97000000000000042	0.97000000000000042	Stacking Classifier	Accuracy	Precision	Recall	F1-score	0.99	0.99	0.99	0.99	Bagging Classifier	Accuracy	Precision	Recall	F1-score	0.99	0.99	0.99	0.99	
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protected folder. The data will be stored until the completion of the project and then deleted. In
accordance with the DPA2018, participants will have the right to ask to see what data is held
relating to them, and this data will be deleted immediately if the participant requests this, in which
case the data will not be used in the project.

(this box should expand as you type)

20 | List all who will have access to the data generated by the research activity:
Normally the principal researcher, possibly also the supervisor and, if the project has an industrial
partner, a representative of that partner. Possibly also external examiner or second marker?
(this box should expand as you type)

21 | List who will have control of, and act as custodian(s) for, data generated by the research activity:
Usually the principal researcher.
(this box should expand as you type)

22 Give details of data storage arrangements, including security measures in place to protect the data,
where data will be stored, how long for, and in what form.
All data will be encrypted and kept in password protected cloud storage on the University Office 365
system which will not be shared. Any USB sticks used to store or transfer data will be password
protected, and will be reformatted at the end of the project in order to destroy the data. The data will
be stored until the completion of the project and then deleted.
(this box should expand as you type)
Confirm that you have read the UWTSD guidance on data management (see

22 https://www.uwtsd.ac.uk/library/research-data-management/) =

= Confirm that you are aware that you need to keep all data until after your

research has completed or the end of your funding =
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The information which | have provided is correct and complete to the best of my knowledge. | have
attempted to identify any risks and issues related to the research activity and acknowledge my
obligations and the rights of the participants.

In submitting this application | hereby confirm that | undertake to ensure that the above named
research activity will meet the University’s Research Ethics and Integrity Code of Practice which is
published on the website: https:/www.uwtsd.ac.uk/research/research-ethics/

Date: 2025/06/01
1 | Signature of applicant: Trushita Narapati

Director of Date: 2025/06/01
2 Studies/Supervisor: Dr. Seena Joseph

3 | Signature: Trushita Narapati

FOR INTERNAL USE ONLY:

Ethical approval given

Date:
1 | Signature of assessor:

2 | Name:

3 | Role:
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