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[bookmark: _Toc233287260]1. Abstract

This report evaluates the use of traditional machine learning techniques for predictive maintenance within a manufacturing environment where unexpected equipment failures can lead to production delays, increased maintenance costs and reduced operational efficiency. Rather than focusing only on prediction accuracy, the report considers the wider industrial challenges involved in selecting a machine learning model, including data quality, interpretability, computational requirements and practical implementation.
A critical review of recent literature was conducted to compare the strengths and limitations of Decision Trees, Support Vector Machines (SVM), Random Forest and XGBoost. The findings from this review were then used to develop a practical workflow covering data preparation, feature selection, model validation and performance evaluation for the manufacturing company.
The overall evidence indicates that Random Forest provides the most appropriate balance between predictive performance, robustness, interpretability and implementation cost. Although alternative approaches such as XGBoost may achieve higher accuracy in some situations, Random Forest offers a more practical solution for organisations operating with limited computational resources. The proposed workflow therefore provides a realistic framework for supporting earlier maintenance decisions, reducing unexpected downtime and improving operational reliability.

[bookmark: _Toc233287261]2. Introduction

Every minute that a production line stops unexpectedly costs money. Delayed orders, emergency repairs and unplanned downtime can quickly affect both productivity and customer satisfaction. This is one of the main reasons why manufacturers are investing in predictive maintenance rather than waiting for equipment to fail [1], [2].
As manufacturers collect increasing amounts of sensor data, there is a growing demand for machine learning solutions that are not only accurate, but also reliable, understandable and practical to implement in real industrial environments. In practice, the most accurate model is not always the best choice if it is difficult to interpret, expensive to maintain or requires computational resources beyond those available to the organisation [3], [4].
This report explores how traditional machine learning techniques can support predictive maintenance, reviews the strengths and limitations identified in recent studies, and proposes a workflow and model recommendation based on both published evidence and the practical constraints of a manufacturing environment.

[bookmark: _Toc233287262]3. Literature Review

[bookmark: _Toc233287263]3.1 Predictive Maintenance as a Machine Learning Problem

Predictive maintenance has become important because machine failure is not only a technical problem, but it is also a business problem. When equipment stops without warning, production is delayed, maintenance teams are placed under pressure, and the company may lose money through downtime, emergency repairs and missed delivery targets (see Figure 1). 
[image: ][bookmark: _Ref233281949]Figure 1. Evolution of maintenance strategies from corrective maintenance to AI-assisted predictive maintenance.


















Because of this, many manufacturing organisations are moving away from reactive maintenance and using sensor data to predict faults before they become serious [1]. Sensor readings such as temperature, vibration and pressure offer a strong foundation for applying traditional machine learning techniques, as patterns in these variables can reveal when equipment begins to drift away from normal operating behaviour [2].
The literature shows that predictive maintenance is not simply about choosing a powerful algorithm. A good model depends on the full workflow: data cleaning, feature selection, model training, validation and evaluation [4].

[bookmark: _Toc233287264]3.2 What Recent Studies Show About Predictive Maintenance Models

Recent studies show mixed results when comparing machine learning models for failure prediction (Table 1). This is useful because it prevents a weak conclusion, such as “one algorithm is always best”. 
Yang and Wang compared 12 models on two manufacturing datasets and found that Random Forest achieved the best overall performance, achieving 99.5% classification accuracy while maintaining a strong balance among precision, recall, F1-score, and ROC AUC [5]. 
Bezerra et al. also provide strong evidence for Random Forest. Their study examined the impact of feature selection on machine failure prediction and compared Random Forest, SVM and MLP. The best result came from combining PCA with Random Forest, achieving 0.98 accuracy, 0.97 precision and 0.98 recall [6]. This is important for two reasons. First, it supports Random Forest as a strong predictive model. Second, it shows that feature selection is not optional. The company should not feed all available sensor readings into the model without checking which features are useful. Better feature selection can reduce noise, improve performance and lower computational cost.
	STUDY
	ALGORITHMS
	MAIN FINDING

	Yang & Wang (2025)
	RF, DT, SVM, etc.
	RF best overall

	Bezerra et al. (2024)
	RF, SVM, MLP
	PCA + RF has the best accuracy

	Farooq et al. (2024)
	RF, XGBoost, SVM
	XGBoost slightly higher

	Ouadah et al. (2022)
	DT, RF, KNN
	RF most balanced


[bookmark: _Ref233282474]Table 1. Summary of recent studies comparing machine learning algorithms for predictive maintenance.
[bookmark: _Toc233287265]3.3 Critical Comparison of Traditional Machine Learning Models

Decision Trees are attractive because they are easy to explain. A maintenance engineer can usually follow the structure of the tree and understand why a machine was classified as healthy or faulty. However, a single tree can easily become too sensitive to the training data, especially when sensor readings contain noise or outliers. Ouadah et al. found that Decision Trees and Random Forests can perform similarly in predictive maintenance, but Random Forest is more suitable when robustness is needed, particularly with smaller datasets [7]. 
SVM is another strong traditional method. It can perform well when the data are clean, and the decision boundary between normal and faulty behaviour is clear. However, SVM can become harder to explain to non-specialists. It is also sensitive to scaling, parameter selection and dataset size [3], [6]
Random Forest offers a better middle ground. It is more robust than a single Decision Tree because it combines many trees and reduces the risk of overfitting. It is also easier to explain than many black-box models because it can provide feature importance, showing which sensor readings contributed most to the prediction [5], [6]. 
XGBoost is a serious competitor and should not be dismissed. Studies by Farooq et al. show that XGBoost can outperform Random Forest in some datasets [8]. However, this does not automatically make it the best choice. XGBoost usually needs more careful hyperparameter tuning and can be less straightforward for a non-specialist team to maintain. For a company with limited computational resources, a slightly simpler and more interpretable model may provide better real-world value than a more complex model with a small accuracy advantage (see Table 2).

	CRITERIA
	DT
	SVM
	RF
	XGBoost

	Accuracy
	Medium
	High
	High
	Very High

	Interpretability
	Very High
	Low
	High
	Medium

	Robustness
	Medium
	Medium
	High
	High

	Computational Cost
	Low
	Medium
	Medium
	High

	Suitability
	Medium
	Medium
	Very High
	High


[bookmark: _Ref233282702]Table 2. Comparison of traditional machine learning algorithms for predictive maintenance.
[bookmark: _Toc233287266]3.4 Data Quality, Feature Selection and Evaluation Metrics

The literature makes it clear that poor data can damage even a good algorithm. Sensor data may include missing values, incorrect readings, outliers and noise. Hermansa et al. showed that false alarms are a major issue in industrial predictive maintenance because excessive incorrect warnings can erode trust in the system [9]. This is important because a model should not only detect failures; it should also avoid overwhelming maintenance staff with unnecessary alerts (see Figure 2). For this reason, data cleaning should include missing value treatment, outlier checking and removal of unrealistic sensor readings before training.
[image: Simplified academic data pipeline][bookmark: _Ref233284594][bookmark: _Ref233284607]Figure 2. Data preparation pipeline for predictive maintenance.

















Feature selection is also essential. Industrial systems can collect many variables, but not all of them help predict failure. Some features may repeat the same information, while others may add noise. Bezerra et al. showed that using feature selection before classification improved results, with PCA and Random Forest producing the strongest performance [6]. 
Evaluation also needs careful thought. Accuracy alone is not enough because predictive maintenance datasets are often imbalanced. A model could achieve high accuracy by predicting normal operation most of the time while missing rare failure cases. For this reason, the model should be evaluated using precision, recall, F1-score and ROC AUC, not only accuracy [5], [10]. Recall is especially important because missing a real failure could lead to downtime or damage. Precision is also important because too many false alarms may waste maintenance resources. F1-score is useful because it balances both concerns.

[bookmark: _Toc233287267]3.5 Literature-Based Justification for Random Forest

Based on the reviewed literature, Random Forest emerges as the strongest recommendation for the scenario presented in this assessment. The recommendation is not based on the assumption that Random Forest is the best-performing model in every predictive maintenance application. Instead, it is based on its ability to strike a practical balance among predictive performance, robustness, interpretability, and computational efficiency [5], [6].
However, it is important to acknowledge that Random Forest is not always the highest-performing model reported in the literature. Studies made by Farooq et al. [8] and Yadav et al. [10] found that XGBoost achieved slightly higher predictive performance on certain predictive maintenance datasets. 
But, in practice, XGBoost often requires more extensive hyperparameter tuning, greater computational resources and a higher level of technical expertise to achieve optimal results.
Taking these factors into consideration, Random Forest remains the most suitable recommendation for this scenario. It offers a stronger overall balance between predictive performance, robustness, interpretability and implementation cost. For a manufacturing organisation seeking a reliable predictive maintenance solution under limited computational resources, this balance makes Random Forest the most appropriate choice.

[bookmark: _Toc233287268]4. Proposed Workflow Methodology

This section presents a proposed machine learning workflow designed for the manufacturing company (see Figure 3). The workflow aims to use sensor data collected from industrial equipment to identify potential failures before they occur and support more effective maintenance decisions. Rather than focusing solely on achieving the highest possible prediction accuracy, the proposed approach considers the practical needs of the organisation, including computational limitations, reliability, ease of implementation and long-term usability.
A key lesson identified throughout the literature review is that successful predictive maintenance depends on much more than selecting a machine learning algorithm. Data quality, feature selection, validation procedures and evaluation methods all contribute to the overall effectiveness of the final solution. Therefore, the proposed workflow follows a structured process that moves from raw sensor data to actionable maintenance recommendations.
[image: ][bookmark: _Ref233284035]Figure 3. Proposed predictive maintenance workflow for the recommended machine learning solution.













Figure 3 presents the overall workflow proposed in this report for implementing predictive maintenance. Each step is based on the recommendations identified in the literature review and is designed to provide a practical and reliable solution for the manufacturing company.
[bookmark: _Toc233287269]4.1 Data Collection and Sensor Data Sources

The first stage of the workflow involves collecting operational data from sensors installed on industrial equipment, where measurements such as temperature, vibration and pressure naturally form the basis for predictive maintenance [1], [2].
For example, increasing vibration levels may indicate component wear, imbalance or mechanical instability. Abnormal temperature readings may suggest overheating, lubrication problems or excessive friction. Similarly, unexpected pressure fluctuations may signal issues within hydraulic or pneumatic systems. When monitored over time, these measurements can provide valuable insight into the health of industrial equipment [1], [11].
However, collecting large amounts of sensor data does not automatically improve predictive performance. In many cases, industrial environments generate far more information than is required for decision-making. As a result, the quality and relevance of the data become more important than the quantity alone [2], [3]. The proposed workflow includes several stages designed to ensure that only meaningful and reliable information is used for model development.

[bookmark: _Toc233287270]4.2 Data Preparation and Cleaning

Before any machine learning model can be developed, the collected sensor data must be carefully prepared. This stage is often overlooked because it does not involve sophisticated algorithms. However, many researchers argue that data preparation has a greater impact on predictive performance than the choice of model itself [3], [4].
Missing values would first be identified and treated appropriately. Depending on the proportion of missing data, records may be removed or missing values may be replaced using suitable statistical techniques [12], [13]. 
Outlier detection would form another important part of the cleaning process. Extreme values do not always represent errors because some may correspond to genuine machine faults. Therefore, outliers should be investigated carefully before removal [1], [9].
Noise reduction techniques may also be applied where necessary to minimise the impact of inaccurate sensor readings [3], [11].

[bookmark: _Toc233287271]4.3 Feature Selection

Once the data has been cleaned, the next step is feature selection. Although modern industrial systems can generate large numbers of variables, not every variable contributes equally to machine failure prediction.
Using too many features may increase computational cost, introduce unnecessary complexity and reduce model performance. Some variables may contain redundant information, while others may have little relationship with equipment failures. Including these features can make it more difficult for the model to identify meaningful patterns [6], [12].
For this reason, the proposed workflow would include a feature selection stage before model training. Correlation analysis, feature importance measures or dimensionality reduction techniques such as Principal Component Analysis (PCA) could be used to identify the variables that contribute most strongly to failure prediction [5], [14].
By reducing the number of unnecessary inputs, the workflow can improve efficiency while also supporting the computational limitations described in the assessment scenario.

[bookmark: _Toc233287272]4.4 Data Splitting and Validation Strategy

After feature selection, the dataset would be divided into separate training and testing subsets. This step is essential because a machine learning model must be evaluated using data that were not seen during training.
A common approach is to use an 80:20 split, where approximately 80% of the data is allocated to model training, and the remaining 20% are reserved for testing. The training set is used to learn patterns within the sensor data, while the testing set provides an unbiased evaluation of model performance [12], [13].
A fixed random state would be applied during the splitting process. This ensures that the same records are assigned to the training and testing datasets each time the experiment is repeated. In practical terms, this improves reproducibility because future researchers or engineers can replicate the workflow and obtain consistent results [13].
To further improve reliability, k-fold cross-validation would also be incorporated into the workflow. Instead of evaluating the model using a single train-test split, cross-validation repeatedly divides the dataset into different training and validation subsets. The final performance is then calculated as an average across multiple iterations [12], [13].
This approach reduces the risk of obtaining misleading results caused by an unusually favourable or unfavourable dataset split and provides a more reliable estimate of real-world performance.


[bookmark: _Toc233287273]4.5 Random Forest Model Development

Based on the findings from the literature review, Random Forest is proposed as the primary machine learning model for this predictive maintenance system.
Random Forest is an ensemble learning technique that combines the predictions of multiple Decision Trees rather than relying on a single tree. Each tree learns slightly different patterns from the training data, and the final prediction is produced through a voting process across all trees. This reduces the likelihood of overfitting and generally produces more stable predictions [5], [7].
One of the main reasons for selecting Random Forest is its ability to balance predictive performance with practical implementation requirements. Several studies reviewed earlier reported excellent results for Random Forest when applied to machine failure prediction, particularly when dealing with noisy industrial datasets and imbalanced class distributions [5], [6], [7].
Another advantage is that Random Forest provides feature importance scores. These scores help identify which sensor variables contribute most strongly to failure prediction. This level of transparency can assist maintenance engineers in understanding the reasoning behind model outputs and increase trust in the system [4], [15].
While alternative approaches such as XGBoost may occasionally achieve slightly higher predictive accuracy, they often require more extensive hyperparameter tuning and greater computational resources [5]. Considering the resource limitations, Random Forest represents a more balanced and practical solution.

[bookmark: _Toc233287274]4.6 Model Evaluation

After training, the model would be evaluated using multiple performance metrics.
Accuracy would provide a general indication of overall prediction performance. However, relying solely on accuracy may be misleading because predictive maintenance datasets often contain significantly more normal operating examples than failure cases [5], [7].
For this reason, additional metrics would also be used.
Precision measures how many predicted failures were actually failures. High precision helps reduce false alarms and prevents unnecessary maintenance actions [9].
Recall measures how many real failures were successfully identified by the model. In predictive maintenance, recall is particularly important because failing to detect an actual fault could result in equipment damage or production downtime [7], [9].
The F1-score combines precision and recall into a single measure and provides a balanced assessment of predictive performance [12], [13].
Finally, ROC AUC would be used to evaluate the model’s ability to distinguish between healthy and faulty operating conditions across different classification thresholds [5], [13].
Using multiple evaluation metrics provides a more complete understanding of model behaviour and reduces the risk of making decisions based on a single performance measure [13], [15].

[bookmark: _Toc233287275]4.7 Proposed Workflow Summary

The proposed methodology follows a structured sequence of stages designed to maximise predictive performance while remaining practical for industrial deployment. 
The overall design reflects the findings identified throughout the literature review. Rather than pursuing the most complex machine learning solution available, the workflow prioritises reliability, interpretability and efficient resource usage [2], [4], [15]. This approach aligns closely with the needs of the company and provides a realistic foundation for implementing predictive maintenance within a manufacturing environment.

[bookmark: _Toc233287276]5. Discussion and Recommendation

[bookmark: _Toc233287277]5.1 Evaluation of Candidate Machine Learning Models

The literature review demonstrated that several machine learning algorithms can support predictive maintenance systems. Decision Trees, Support Vector Machines (SVM), Random Forest and XGBoost all showed the ability to identify potential equipment failures before they occur. However, the evidence also showed that selecting a model based solely on predictive accuracy would be an oversimplification of the problem.
A single Decision Tree offers a high level of transparency and is relatively easy to understand. Despite this advantage, several studies reported that individual trees can be sensitive to noisy data and may struggle to maintain stable performance when datasets become more complex [1]. 
Support Vector Machines (SVM) demonstrated strong classification performance in several studies and proved effective at separating healthy and faulty operating conditions [2]. The literature also highlighted limitations related to scalability, interpretability and model tuning. For organisations seeking a solution that can be easily understood and maintained by operational staff, these limitations reduce the overall suitability of SVM compared with alternative approaches.
XGBoost emerged as one of the strongest competitors to Random Forest. However, achieving these results often requires extensive hyperparameter optimisation and increased computational effort. Consequently, the strongest-performing model from a purely technical perspective may not always represent the most practical choice for a real-world manufacturing environment.
Random Forest consistently demonstrated strong results across the reviewed literature (see Table 3). Beyond predictive performance, it also showed advantages in robustness, resistance to overfitting, handling of imbalanced datasets and model interpretability [5][6]. 

	CRITERIA
	DECISION TREE
	SVM
	RANDOM FOREST
	XGBOOST

	Predictive Performance
	Moderate
	High
	High
	Very High

	Interpretability
	Very High
	Low
	High
	Medium

	Robustness
	Moderate
	Moderate
	High
	High

	Computational Requirements
	Low
	Medium
	Medium
	High

	Suitability for Company              Scenario
	Moderate
	Moderate
	Very High
	High


[bookmark: _Ref233284262]Table 3. Evaluation of Candidate Machine Learning Models

[bookmark: _Toc233287278]5.2 Recommended Model and Justification

Random Forest is recommended for this manufacturing company because it offers the best balance between accuracy and practicality. The studies reviewed in this report consistently showed that it performs well when predicting machine failures, even when industrial datasets contain noisy or imbalanced sensor data [5], [7]. This is particularly important because equipment failures are relatively rare, meaning the model must identify the few critical cases without generating large numbers of false alarms.
Another reason for choosing Random Forest is that its predictions are easier to explain than those produced by many other machine learning models. Maintenance engineers can see which sensor readings had the greatest influence on the final decision, making the results easier to understand and increasing confidence in the system [15].
XGBoost achieved slightly better results in some studies [8], [10] but those improvements were relatively small and usually required more tuning and greater computing power. For the company described in this assessment, those extra requirements are unlikely to provide enough additional value to justify the extra complexity. Random Forest offers a solution that is accurate, dependable and realistic to implement, which is why it is recommended for the proposed predictive maintenance workflow [5], [6], [15].

[bookmark: _Toc233287279]5.3 Potential Limitations and Future Considerations

Although Random Forest represents the most appropriate recommendation for the company, several limitations should be acknowledged.
The effectiveness of any predictive maintenance model depends heavily on the quality of the available data. Poor sensor calibration, missing values, inaccurate measurements or changing operating conditions may reduce predictive performance regardless of the selected algorithm [2], [3]. 
Another consideration is that machine learning performance can vary across industries and equipment types. The studies reviewed in this report were conducted using different datasets and operational environments. As a result, the performance achieved in one setting cannot be guaranteed in another. 
It is also important to recognise that machine learning technologies continue to evolve rapidly. New ensemble methods, explainable artificial intelligence techniques and advanced optimisation approaches may offer further improvements in predictive maintenance performance in the future [2], [15]. 
Overall, these limitations do not undermine the recommendation of Random Forest. Instead, they highlight the importance of viewing predictive maintenance as an ongoing process rather than a one-time implementation. Continuous monitoring, evaluation and refinement will be necessary to maximise the long-term value of the proposed system.



[bookmark: _Toc233287280]6. Conclusion

Predictive maintenance continues to play an important role in reducing unexpected equipment failures and supporting more reliable manufacturing operations. The literature reviewed in this report demonstrates that successful predictive maintenance depends not only on selecting an appropriate machine learning algorithm, but also on effective data preparation, feature selection and robust model evaluation. Based on the available evidence, Random Forest was identified as the most suitable solution because it provides a balanced combination of predictive performance, robustness, interpretability and practical implementation within the company's resource constraints. The proposed workflow offers a structured approach for transforming industrial sensor data into reliable maintenance decisions, providing a realistic foundation for improving operational efficiency and reducing unplanned downtime.
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