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[bookmark: OLE_LINK29][bookmark: _Toc233280847]Abstract
Selecting an appropriate machine learning algorithm for predictive maintenance remains a significant challenge for manufacturing organisations operating under limited computational resources. While complex artificial intelligence models often achieve high predictive performance, their computational requirements may limit practical deployment in many industrial environments. This report investigates whether traditional machine learning algorithms can provide an effective alternative for resource-constrained industrial environments. 
A critical review of recent predictive maintenance literature and three representative industrial studies was undertaken to evaluate traditional machine learning approaches from the perspectives of predictive performance, computational efficiency, interpretability and industrial applicability. The findings demonstrate that algorithm selection should be guided by operational requirements rather than predictive accuracy alone. Based on the evidence reviewed, a Decision Tree model is recommended as the most appropriate solution for the client because it provides a practical balance between prediction accuracy, computational cost and model transparency. Building upon these findings, the report proposes a predictive maintenance workflow that integrates data preparation, model development and performance evaluation into a structured framework suitable for real-world manufacturing applications. The proposed methodology also provides a scalable foundation for future integration of ensemble learning, Explainable Artificial Intelligence and Remaining Useful Life prediction.
[bookmark: OLE_LINK30][bookmark: _Toc233280848]Introduction

Selecting an appropriate machine learning algorithm is a key challenge when implementing predictive maintenance in modern manufacturing. Although industrial equipment continuously generates sensor data such as temperature, vibration and pressure, accurate prediction alone is not sufficient. Manufacturing companies also require models that operate efficiently with limited computational resources while remaining easy for maintenance engineers to understand and apply. Consequently, selecting an algorithm involves balancing predictive performance, computational efficiency and model interpretability [1], [3].
This consultancy report evaluates the application of traditional machine learning for predictive maintenance in a manufacturing environment operating under limited computational resources. A critical review of recent literature and industrial case studies is conducted to compare different machine learning approaches and assess their practical suitability. Based on the findings, the report proposes a predictive maintenance workflow and recommends an appropriate algorithm that balances prediction accuracy, computational efficiency and interpretability while meeting the operational requirements of the client.

[bookmark: OLE_LINK4][bookmark: _Toc233280849] Literature Review
[bookmark: OLE_LINK7][bookmark: _Toc233280850]Overview of Predictive Maintenance Approaches

Predictive maintenance (PdM) has become a key component of Industry 4.0, enabling organisations to use operational data to monitor equipment condition and predict failures before they occur [1]. As illustrated in Figure 1, predictive maintenance represents an evolution from reactive and preventive maintenance approaches, aiming to perform maintenance based on the actual condition of equipment rather than fixed schedules [2]. Preventive maintenance reduces this risk by performing maintenance at scheduled intervals; however, it may lead to unnecessary maintenance activities when equipment is still operating effectively. Predictive maintenance overcomes these limitations by using sensor data and machine learning techniques to identify potential failures before they occur,  allowing maintenance activities to be performed only when required, enabling more efficient and cost-effective maintenance decisions. By using real-time sensor data such as temperature, vibration, and pressure, PdM enables organisations to perform maintenance only when it is needed, reducing downtime, maintenance costs, and production disruptions [1].
                  [image: ]
[bookmark: _Toc233280229]Figure 1. Comparison of Reactive, Preventive and Predictive Maintenance Strategies (author's adaptation based on [1]).

[bookmark: OLE_LINK5]According to Çınar et al. [1], the increasing availability of industrial sensor data has accelerated the adoption of machine learning techniques in predictive maintenance systems. Data collected from sensors, including temperature, vibration, pressure and electrical measurements, can be analysed to identify patterns associated with equipment degradation and potential failures. Traditional machine learning algorithms such as Decision Trees, Random Forests, Support Vector Machines (SVM) and k-Nearest Neighbours (KNN) are commonly used because they provide reliable predictive performance while remaining relatively easy to implement and interpret [1], [2], [3]. These techniques enable organisations to identify early signs of equipment degradation and support proactive maintenance decision-making. Compared with deep learning approaches, traditional machine learning methods generally require less computational power, smaller datasets and shorter training times, making them particularly suitable for organisations operating under limited computational resources [1], [3]. Therefore, selecting an appropriate machine learning algorithm is essential to achieve a balance between prediction accuracy, model interpretability, and computational efficiency.
[bookmark: OLE_LINK10][bookmark: OLE_LINK15][bookmark: _Toc233280851]Analysis of Real Studies
The previous section established that traditional machine learning methods are suitable for predictive maintenance when organisations need accurate but computationally efficient models. This creates the need to examine empirical studies that compare algorithms not only by accuracy, but also by their suitability for real-time and resource-constrained industrial use.

[bookmark: OLE_LINK12][bookmark: _Toc233280852]Study 1: Comparison of machine learning methods in predictive maintenance of machines 
[bookmark: _Toc233280853]Michał Cioch , Monika Kulisz , Arkadiusz Gola

To examine how traditional ML models perform in practice[4] provides a useful comparative study because they evaluate both predictive performance and computational efficiency.

[bookmark: OLE_LINK14][bookmark: _Toc233280092][bookmark: _Toc233280491]Table 1.Summary of Cioch et al. [4] Predictive Maintenance Study
	Aspect
	Description

	Study Objective
	Compare traditional machine learning algorithms for predictive maintenance under limited computational resources

	Dataset
	100,000 machine records (90,000 training, 10,000 testing)

	Input Variables
	Temperature, Vibration, Machine Condition

	Algorithms Evaluated
	Decision Tree, Neural Network, SVM, KNN, Naïve Bayes, Logistic Regression

	Experimental Method
	5-fold cross-validation using the same dataset and evaluation framework for all models

	Evaluation Metrics
	Accuracy, F1-score, AUC, Confusion Matrix, Training Time, Prediction Speed, Model Size

	Best Performing Model
	Decision Tree

	Key Results
	Accuracy: 98.24%; F1-score: 98.24%; AUC: 0.9553

	Computational Performance
	Fastest training time, highest prediction speed, smallest model size (4.7 KB)

	Main Limitations
	Limited number of sensor variables; no specific industrial case study; no comparison with deep learning models

	Industrial Relevance
	Suitable for real-time predictive maintenance in resource-constrained manufacturing environments
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[bookmark: _Toc233280230]Figure 2.ROC curves for the machine learning models evaluated by Cioch et al. [4].
Figure 2 shows that most models achieved strong classification performance, with AUC values above 0.95. This means that Decision Tree, Neural Network, SVM, KNN, and Naïve Bayes were all able to distinguish effectively between machines requiring maintenance and machines operating normally. Logistic Regression achieved the lowest AUC value, suggesting a weaker ability to capture the relationship between sensor variables and maintenance needs.
[image: ]
[bookmark: _Toc233280231]Figure 3.Confusion matrices for the models evaluated by Cioch et al. [4].
Figure 3 provides a more practical view of model performance by showing the types of errors each algorithm makes. For predictive maintenance, False Negatives are particularly important because they represent real maintenance needs that the model fails to detect. The Decision Tree produced no false positives and only 176 false negatives, while Logistic Regression produced 676 false negatives. This indicates that the Decision Tree was more reliable for identifying maintenance needs while avoiding unnecessary maintenance alerts.
The study demonstrates that model selection should not be based solely on accuracy. Although Neural Networks achieved similar predictive performance, the Decision Tree required significantly fewer computational resources. This finding is particularly important for manufacturing companies operating with limited processing power or real-time constraints. Furthermore, the study highlights the importance of considering practical factors such as training time, prediction speed, and model size when selecting a predictive maintenance solution. However, using only three sensor variables may not fully capture the complexity of real industrial environments, where machinery is often monitored with a much larger set of operational parameters.

[bookmark: OLE_LINK9][bookmark: _Toc233280854]Study 2: An intelligent predictive maintenance system based on random forest for addressing industrial conveyor belt challenges
Wu et al. (2024)
To further explore the practical use of machine learning in predictive maintenance, [5] developed an intelligent maintenance system for industrial conveyor belts. Unlike Cioch et al. [4], who focused on comparing algorithms using a standard dataset, Wu et al. evaluated machine learning models in a real industrial environment, with the aim of improving fault detection and maintenance decision-making.

[bookmark: _Toc233280093][bookmark: _Toc233280492]Table 2.Summary of Wu et al. [5] Random Forest Predictive Maintenance Framework for Industrial Conveyor Belts
	[bookmark: OLE_LINK17]Aspect
	Description

	Study Objective
	Develop an intelligent predictive maintenance system for industrial conveyor belts using machine learning techniques to reduce unexpected failures and improve maintenance planning.

	Dataset
	Industrial conveyor belt operational and condition monitoring data collected from equipment sensors.

	Input Variables
	Equipment condition indicators, operational parameters, monitoring and fault-related sensor measurements.

	Algorithms Evaluated
	Random Forest, Decision Tree, Logistic Regression, Neural Network, Gradient Boosting.

	Experimental Method
	Comparative evaluation of multiple machine learning models using the same dataset and performance assessment framework.

	Evaluation Metrics
	Accuracy, Precision, Recall, F1-score and overall predictive performance.

	Best Performing Model
	Random Forest.Random Forest.

	Key Results
	Random Forest achieved the most reliable overall performance and demonstrated strong capability in identifying conveyor belt faults.

	Computational Performance
	Moderate computational requirements while maintaining high predictive performance and robustness.

	Main Limitations
	Focused on conveyor belt systems only; results may not be directly generalisable to all industrial equipment types.

	Industrial Relevance
	Demonstrates successful real-world implementation of predictive maintenance in an industrial environment using sensor-based monitoring.



Table 2 summarises the main characteristics and findings of the study. Similar to [4], multiple machine learning algorithms were evaluated using the same experimental framework. However, the dataset used by Wu et al. consisted of operational and condition-monitoring data collected from industrial conveyor belt systems, making the study more representative of real-world maintenance challenges.
The results showed that Random Forest achieved the best overall performance among the evaluated models, demonstrating strong capability in identifying equipment faults from complex sensor data.
Compared with Study 1, Study 2  [5] reached a different conclusion regarding the most suitable algorithm. While Cioch et al. [4] recommended Decision Tree due to its high accuracy and low computational cost, Wu et al. found that Random Forest delivered better predictive performance in a real industrial environment. This suggests that algorithm selection depends on the application context, with Decision Trees being more suitable for resource-constrained environments and Random Forest offering greater robustness for complex industrial data.
A limitation of the study is its focus on conveyor belt systems, which may limit the applicability of the findings to other industrial equipment. Nevertheless, the research demonstrates the practical effectiveness of Random Forest in real-world predictive maintenance applications.

[bookmark: _Toc233280855][bookmark: OLE_LINK18]Study 3: Explainable Predictive Maintenance of Rotating Machines Using Explainable AI (2024)
Fernando Velasco-Loera
[image: ]Fernando Velasco-Loera et al. (2024)
This study investigates the application of Explainable Artificial Intelligence (XAI) in predictive maintenance for industrial rotating machinery. While many predictive maintenance systems focus primarily on achieving high prediction accuracy, the authors argue that maintenance engineers also need to understand why a model predicts an upcoming failure. The research, therefore, combines machine learning techniques with explainability methods to improve both predictive performance and transparency in industrial decision-making.
[bookmark: _Toc233280094][bookmark: _Toc233280493]Table 3.Summary of Study 3: Explainable Predictive Maintenance of Rotating Machines Using Explainable AI (2024)
	Aspect
	Description

	Study Objective
	Develop an explainable predictive maintenance framework capable of detecting machine faults while providing understandable explanations for maintenance engineers.

	
	Dataset



	Sensor data collected from rotating industrial machinery, including condition monitoring measurements.

	Input Variables
	Vibration signals, temperature measurements, operational parameters and equipment condition indicators.

	Algorithms Evaluated
	Multiple machine learning models combined with Explainable AI techniques.

	Experimental Method
	Machine learning models were trained using sensor data and then analysed using explainability methods to identify the factors contributing to fault predictions.

	Evaluation Metrics
	Accuracy, predictive performance, interpretability and feature importance analysis.

	Primary Approach
	Explainable machine learning using XAI techniques (e.g., SHAP and LIME) applied to predictive maintenance models.

	Key Results
	The proposed approach successfully identified machine faults while highlighting the sensor variables that contributed most to each prediction.

	Computational Performance
	Moderate computational requirements suitable for industrial monitoring environments.

	Main Limitations
	Focused on rotating machinery and explainability; results may not directly transfer to other industrial systems.

	Industrial Relevance
	Demonstrates how explainable predictive maintenance can increase trust and support maintenance decision-making in real industrial environments.



Study 3 provides a different perspective from the previous two studies by focusing on model interpretability rather than only predictive accuracy. While Study 1 concluded that Decision Tree was the most suitable algorithm because of its high accuracy, compact model size and extremely low computational requirements, Study 3 argues that prediction performance alone may not be sufficient in industrial environments. Maintenance engineers often require explanations that justify maintenance decisions before taking corrective action.
Similarly, Study 2 identified Random Forest as the most reliable model due to its strong fault detection capability and robust predictive performance. Study 3 does not challenge the effectiveness of Random Forest but extends the discussion by highlighting the importance of understanding how predictions are generated. This is particularly relevant in safety-critical industrial environments where maintenance decisions may have significant operational and financial consequences.
Compared with Study 1, the findings suggest that Decision Trees offer a natural advantage in terms of explainability because their decision-making process can be visualised and interpreted directly. Compared with Study 2, the research supports the continued use of Random Forest while emphasising the need for additional explainability techniques to make ensemble models more transparent.
Overall, Study 3 contributes an important complementary perspective to predictive maintenance research. Rather than focusing solely on accuracy or computational efficiency, it demonstrates that trust, transparency and interpretability are becoming increasingly important factors when selecting machine learning solutions for industrial maintenance applications.

[bookmark: _Toc233280856]Comparative Analysis of the Three Studies
The three studies show that the most suitable machine learning algorithm for predictive maintenance depends on the industrial context and available resources. Study 1 identified Decision Tree as an effective solution for resource-constrained environments due to its high accuracy, fast prediction speed and low computational cost. Study 2 demonstrated that Random Forest achieved better performance when analysing more complex industrial sensor data, making it a robust option for real-world applications. Study 3 introduced a different perspective by highlighting the importance of model interpretability. The findings suggest that maintenance engineers benefit not only from accurate predictions but also from understanding the factors influencing those predictions.
Overall, the studies indicate that algorithm selection should balance predictive performance, computational efficiency and interpretability. Decision Trees offer simplicity and efficiency, Random Forest provides greater robustness, while explainable machine learning approaches improve transparency and support maintenance decision-making.

[bookmark: _Toc233280857]Implications for Industrial Applications

The reviewed studies suggest that no single algorithm is universally superior for all predictive maintenance applications. Although Random Forest demonstrated the strongest performance in a real industrial environment, its higher computational requirements may not be suitable for all organisations. In contrast, Decision Tree achieved comparable predictive performance while requiring significantly fewer computational resources, making it attractive for companies operating under hardware or budget constraints.
For the manufacturing company considered in this report, where limited computational resources are an important requirement, the findings of Study 1 [4] are particularly relevant. The study showed that a Decision Tree can provide high predictive accuracy while maintaining fast prediction speed and a very small model size. However, the results of Study 2 [5] also indicate that more complex models, such as Random Forest, may offer additional robustness when larger and more diverse sensor datasets become available.
Therefore, a Decision Tree model appears to provide the most appropriate balance between predictive performance, interpretability and computational efficiency for the client's current requirements. As the predictive maintenance system matures and more operational data becomes available, more advanced approaches such as Random Forest or explainable ensemble models could be considered. These findings are consistent with recent surveys that recommend selecting machine learning algorithms according to data characteristics, computational resources and industrial requirements [2], [3].

[bookmark: _Toc233280858]Comparative Analysis of Research Methodologies
Although the three studies investigate predictive maintenance using traditional machine learning, they adopt different research methodologies to address different industrial challenges. Figures 4 and 5 summarise the key methodological differences and explain why each research approach was selected.
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[bookmark: _Toc233280232]Figure 4. Comparison of the research methodologies adopted in the three predictive maintenance studies (author's synthesis based on [4], [5] and [6]).
Figure 4 compares the main characteristics of the three studies, including their research objectives, datasets, algorithms, evaluation methods and preferred solutions. Study 1 employs a comparative experimental methodology to identify the most computationally efficient algorithm under identical evaluation conditions. Study 2 focuses on implementing a predictive maintenance system in a real industrial environment, while Study 3 extends the analysis by incorporating explainable artificial intelligence techniques to enhance the transparency of maintenance predictions.
[image: ]
[bookmark: _Toc233280233]Figure 5. Methodological approaches and research objectives of the three predictive maintenance studies (author's synthesis based on [4], [5] and [6]).
Figure 5 illustrates the methodological workflow adopted in each study. Although all three studies use sensor data and machine learning models, they differ in their primary objectives. Study 1 aims to compare algorithms fairly using the same dataset and evaluation metrics. Study 2 validates machine learning performance in an operational manufacturing environment, providing stronger industrial evidence. Study 3 emphasises model interpretability, enabling maintenance engineers to understand the reasons behind failure predictions rather than relying solely on prediction accuracy.
Overall, the comparison demonstrates that predictive maintenance should not focus exclusively on selecting the most accurate algorithm. Instead, an effective industrial solution should balance predictive performance, computational efficiency, practical applicability and model interpretability. These findings provide the foundation for the proposed workflow and algorithm recommendation presented in the next section.
[bookmark: _Toc233280859]Proposed workflow methodology

Based on the literature review and comparative analysis, this section proposes a predictive maintenance workflow tailored to the client's requirements. The proposed workflow follows the general stages of predictive maintenance systems described in recent review studies, including data collection, data preparation, model development, evaluation and maintenance decision-making [7]. It integrates the key findings of the reviewed studies into a practical framework while addressing the company's limited computational resources. Figure 6 presents the proposed workflow, which aims to achieve an effective balance between prediction accuracy, model interpretability and computational efficiency.
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[bookmark: _Toc233280234]Figure 6.Proposed predictive maintenance workflow for the manufacturing company (author's design).
Figure 6 presents the proposed predictive maintenance workflow for the manufacturing company. The workflow follows the general stages of predictive maintenance systems described in recent review studies, including data collection, data preparation, model development, evaluation and maintenance decision-making [7]. It also integrates the key findings of the reviewed studies [4]-[6] into a practical framework tailored to the client's operational requirements. By using a Decision Tree model, the workflow provides clear decision rules that allow maintenance engineers to understand why a potential equipment failure has been predicted. This supports faster and more confident maintenance decisions without requiring additional explainability techniques.

[bookmark: _Toc233280860]Data Preparation

Before developing the predictive maintenance model, the collected sensor data must be prepared to ensure reliable predictions. The manufacturing company collects measurements from temperature, vibration, and pressure sensors, which provide information about the operating condition of the equipment. During data preparation, missing values, duplicate records, and noisy sensor readings should be identified and removed to improve data quality. If the sensor measurements have different scales, the data should be normalised to ensure consistent model training. Finally, the prepared dataset is divided into training and testing sets before being used to develop the Decision Tree model [2], [4].

[bookmark: _Toc233280861]Recommended Algorithm

Based on the literature review and comparative analysis, a Decision Tree is recommended as the most appropriate algorithm for the manufacturing company. This recommendation is supported by the findings presented in the reviewed studies [4]-[6].Although Random Forest demonstrated greater robustness in more complex industrial environments, the reviewed studies showed that Decision Trees provide an excellent balance between predictive performance, computational efficiency and interpretability. The algorithm achieves high prediction accuracy while requiring minimal computational resources, making it suitable for organisations operating with limited hardware capacity. In addition, the tree structure allows maintenance engineers to understand the decision rules behind each prediction, increasing confidence in the model and supporting faster maintenance decisions. For these reasons, the Decision Tree is considered the most appropriate solution for the client's current operational requirements. Presented in Figure 7.
                                           [image: ]
[bookmark: _Toc233280235]Figure 7.Selection of the Recommended Predictive Maintenance Algorithm (author's synthesis).
[bookmark: OLE_LINK21][bookmark: OLE_LINK26][bookmark: _Toc233280862]Model Evaluation
The proposed Decision Tree model should be evaluated using a combination of performance metrics to ensure accurate and reliable failure prediction. As shown in Table 4.
[bookmark: _Toc233280095][bookmark: _Toc233280494]Table 4.Recommended Evaluation Metrics
	Metric
	Purpose

	Accuracy
	Overall prediction performance

	Precision
	Reduce unnecessary maintenance

	Recall
	Detect actual failures

	F1-score
		



	Balance Precision and Recall




	ROC-AUC
	Classification capability

	Confusion Matrix
	Analyse prediction errors

	Prediction Speed
	Real-time suitability



The selected metrics are widely recommended for assessing predictive maintenance models and provide a comprehensive evaluation of predictive performance, reliability and practical applicability in industrial environments [2], [3], [8]. Accuracy provides an overall measure of prediction performance, while Precision and Recall evaluate the model's ability to identify equipment failures and minimise unnecessary maintenance actions. The F1-score balances Precision and Recall, making it particularly useful when both missed failures and false alarms are important. In addition, ROC-AUC and the Confusion Matrix provide further insight into the model's classification capability and prediction errors. Prediction speed should also be considered to ensure that the model is suitable for real-time industrial applications.
Among these metrics, Recall is considered particularly important because failing to detect a real equipment fault (False Negative) may lead to unexpected downtime and increased maintenance costs.
[bookmark: OLE_LINK22][bookmark: _Toc233280863]Justification of the Recommendation
The proposed methodology is designed to meet the client's current operational needs while allowing future system development. Rather than selecting the most complex machine learning model, the recommendation focuses on delivering a practical solution that can be implemented using the company's existing sensor infrastructure and available computational resources. This approach provides a reliable foundation for predictive maintenance while allowing more advanced models, such as Random Forest, to be considered as the volume and complexity of operational data increase.
[bookmark: OLE_LINK27]Future System Development
As the company collects additional sensor measurements, larger volumes of historical failure data and gains access to greater computational resources, the predictive maintenance system can be further enhanced. More advanced ensemble models, such as Random Forest, and Explainable AI techniques may be integrated to improve predictive robustness and model transparency [5], [6]. Recent review studies also highlight the growing importance of scalable predictive maintenance systems and Remaining Useful Life (RUL) prediction as industrial datasets become larger and more complex, enabling more accurate maintenance planning and decision-making [8], [9].
[bookmark: _Toc233280864]Conclusion
For the manufacturing company considered in this report, implementing a predictive maintenance system does not require the most complex machine learning solution. The evidence reviewed suggests that a practical, interpretable and computationally efficient model can provide reliable failure prediction while remaining suitable for the company's existing hardware and operational requirements.
The proposed Decision Tree workflow offers a realistic starting point for introducing predictive maintenance with minimal computational cost and straightforward implementation. At the same time, the proposed methodology provides a flexible foundation that can be expanded as the organisation's data capabilities mature. Future developments may include additional sensor measurements, Remaining Useful Life prediction and more advanced explainable machine learning techniques to further improve maintenance planning and operational efficiency [8]-[10].
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