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[bookmark: _Toc233282928]Abstract 
Predictive Maintenance (PdM) plays a key role in Industry, enabling a shift from reactive to proactive maintenance strategies. This report examines traditional machine learning techniques for predicting equipment failures in resource-constrained environments and proposes a structured workflow that includes data preprocessing, model selection, training, hyperparameter optimisation, and multi-metric evaluation.
A comparative analysis of algorithms, Random Forest, XGBoost, Support Vector Machines (SVM), k-Nearest Neighbours (KNN), and Logistic Regression, reveals that ensemble learning approaches, especially Random Forest, excel in predictive accuracy, robustness, and interpretability. 
The study concludes that traditional machine learning offers an efficient solution for predictive maintenance, supporting real-time decision-making, reducing downtime, and enhancing asset reliability in industrial settings with limited computational resources.

1. [bookmark: _Toc233282929]Introduction 
In the modern manufacturing industry, traditional reactive maintenance strategies that address equipment failures only after they occur result in unpredictable downtime, costly production disruptions, and significant safety risks [1]. To remain competitive, companies are increasingly shifting towards predictive maintenance (PdM) frameworks that anticipate failures before they happen.
This consultancy report addresses the specific operational challenges of a manufacturing company seeking to implement PdM. While the facility continuously collects sensor readings such as temperature, vibration, and pressure, it operates under limited computational resources. Consequently, highly complex methods such as neural networks and deep learning are unfeasible due to their intensive hardware requirements and lack of interpretability.
The objective of this report is to design and evaluate a resource-efficient predictive maintenance framework based exclusively on traditional machine learning techniques. To achieve this, the report will first review current literature to establish the academic consensus on PdM algorithms. Subsequently, it will detail a comprehensive workflow methodology, encompassing data preprocessing, feature engineering, and a comparative benchmarking strategy, to evaluate models using industry-appropriate metrics. Finally, the report will conclude with a justified recommendation of the optimal algorithm that balances predictive accuracy, interpretability, and computational cost for the constrained manufacturing environment.

[bookmark: _Toc233282930]2. Literature Review 
Recent literature highlights a significant transition from reactive maintenance to data-driven Predictive Maintenance (PdM) in industrial environments. By leveraging machine learning to analyse sensor data, such as vibration and temperature, PdM systems can accurately anticipate equipment failures[2]. Predictive maintenance reduces costs by 25–35%, eliminates 70–75% of breakdowns, reduces downtime by 35–45%, and significantly boosts production capacity [3].
[bookmark: _Toc233282931]2.1 Limitations of Baseline Classifiers
Early approaches to PdM frequently relied on highly interpretable models such as Logistic Regression and Decision Trees (Figures 1, 2). However, studies show that these baseline models struggle with the complexities of industrial sensor data. Logistic Regression has a linear structure, which limits its ability to capture non-linear relationships in mechanical degradation [4], [5]. 
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While Decision Trees offer improved interpretability through rule-based logic, research shows they are highly sensitive to noise and prone to overfitting in environments with high data variability, limiting their standalone reliability[6].
[bookmark: _Toc233282932]2.2 Computational Trade-offs in Distance-Based Methods
To address the limitations of linear models, researchers have explored distance-based and kernel methods, such as k-Nearest Neighbours (KNN) and Support Vector Machines (SVM)  (Figures 3, 4) [7]. While KNN has shown high accuracy in specific motor-fault detection tasks [7]. Inference is computationally intensive, requiring distance calculations against all training samples. Similarly, SVMs can construct optimal nonlinear decision boundaries but require extensive kernel tuning and are sensitive to imbalanced datasets [8].
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Consequently, literature suggests these methods are often computationally impractical for real-time industrial systems operating under strict hardware constraints. These constraints reduce their scalability and practicality in real-world manufacturing environments.
[bookmark: _Toc233282933]2.3 The Superiority of Ensemble Learning
Although deep learning architectures achieve high accuracy in time-series anomaly detection, their massive computational requirements and 'black box' lack of interpretability restrict their deployment in resource-constrained environments [9]. Consequently, ensemble learning methods have emerged as the preferred academic solution. Studies consistently demonstrate that ensemble algorithms resolve the high variance of individual decision trees while maintaining interpretability. For example, research indicates that Random Forest (RF) (Figure 5) achieves high performance scores (up to 0.982) in assembly-line datasets, outperforming both baseline models and complex neural networks [10]. By utilising bagging techniques, RF provides robustness against noise and overfitting, making it a highly reliable solution for complex sensor data [11].  
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Alongside Random Forest, the literature frequently highlights Gradient Boosting methods, particularly XGBoost (Figure 6), as powerful ensemble methods for predictive maintenance. Researchers note that XGBoost offers exceptional predictive performance and a strong ability to model complex relationships within time-series data [12]. However, studies also highlight significant practical trade-offs. XGBoost is known to be highly sensitive to the noise commonly found in industrial sensor data [13].
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 Furthermore, it requires extensive hyperparameter tuning, which increases implementation complexity and computational demand. Empirical comparisons in manufacturing contexts illustrate this dynamic; for instance, while XGBoost achieved an impressive performance score of 0.979 on assembly-line datasets, it was slightly surpassed by Random Forest (0.982), which provided greater stability against noise without requiring the same level of resource-intensive tuning [7], [11].
[bookmark: _Toc233282934]3. Workflow Methodology 
Implementing a data-driven Predictive Maintenance (PdM) system involves transforming high-dimensional sensor data into actionable insights through a structured workflow [7]. This end-to-end machine learning pipeline prioritises model interpretability and accuracy, making it suitable for organisations with limited resources. The process includes data acquisition, preprocessing, feature engineering, model comparison, and evaluation [11].

[bookmark: _Toc233282935]3.1 Data Acquisition and Integration
The proposed predictive maintenance framework (illustrated in Figure 7) is specifically designed to process high-dimensional industrial sensor data within strict hardware constraints. The foundation of this pipeline involves the continuous acquisition of real-time temperature, vibration, and pressure readings, integrated with historical fault logs to provide the necessary 'ground truth' labels required for supervised machine learning [14].
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[bookmark: _Toc233282936]3.2 Data Preprocessing and Cleaning
Data preparation is essential for predictive maintenance in machine learning, as the quality of input data affects model accuracy[4]. Data cleaning involves removing duplicate records, especially from high-frequency IIoT sensors that generate multiple entries with the same timestamps[15]. Given the noisy nature of industrial sensor streams and the limited computing resources of the client, preprocessing techniques require strict optimisation for efficiency. To handle missing values, median imputation is recommended over computationally intensive alternatives such as k-Nearest Neighbours (KNN) imputation [16].  Unlike KNN, which requires computing large-scale distances across the entire dataset, median imputation incurs minimal processing overhead and memory usage, ensuring the pipeline remains lightweight for potential edge deployment and supports real-time decision-making on standard hardware without the need for expensive upgrades[17].
Data Normalisation and scaling ensure a rigorous and equitable benchmarking process during model selection. Feature scaling is recommended for the diverse sensor readings (e.g., RPM versus Temperature in Kelvin). While the ultimately recommended Random Forest algorithm is inherently scale-invariant, the distance-based classifiers evaluated in the study, specifically Support Vector Machines (SVM) and k-Nearest Neighbours (KNN), are highly sensitive to feature magnitudes. Therefore, Z-score standardisation was implemented to normalise the dataset, preventing variables with naturally larger numerical ranges from disproportionately dominating distance calculations. Crucially, this transformation was executed using mathematically simple, lightweight operations, ensuring the preprocessing pipeline strictly adhered to the client's limited computational resources [18], [19].
Severe class imbalance is another fundamental challenge in industrial datasets, as catastrophic equipment failures occur much less frequently than during standard operations [20]. If trained on raw data, classifiers become strongly biased towards the “healthy” majority class, leading to missed failure predictions. To address this, the Synthetic Minority Oversampling Technique (SMOTE) is recommended for application exclusively to the training data. SMOTE synthesises new instances of the rare failure class, providing the algorithm with sufficient minority samples to learn complex failure boundaries [21]. While generating synthetic data marginally increases the computational overhead during the training phase, this was deemed a strictly necessary operational cost; failing to adequately detect minority failure events would result in severe, unpredictable mechanical downtime that far outweighs the minor increase in initial processing time.
[bookmark: _Toc233282937]3.3 Feature Engineering and Dimensionality Reduction
Feature engineering is crucial in machine learning because it transforms raw data into meaningful variables to improve predictive capabilities. Its main goal is to reduce dimensionality while preserving relevant information, which is important for companies with limited computational resources, as high-dimensional data can complicate models, slow down training, and lead to overfitting [4], [11].
Temporal Transformations are recommended when Mechanical degradation is gradual, as instantaneous sensor readings are insufficient for capturing wear trends. To address this, temporal features, such as rolling averages, moving standard deviations, and time-lagged variables, were engineered over fixed windows[12]. This enables lightweight models like Random Forest to capture time-series patterns without the computational cost of recurrent neural networks (e.g., LSTMs), supporting deployment on limited hardware. Additionally, feature selection techniques improve model efficiency: Recursive Feature Elimination (RFE) removes less relevant features, while Enhanced Minimum Redundancy Maximum Relevance (E-MRMR) selects features that maximise relevance and minimise redundancy [13]. Together, these approaches produce a compact, predictive, and resource-efficient feature set.
Dimensionality reduction methods, such as Principal Component Analysis (PCA), convert high-dimensional datasets into lower-dimensional forms by capturing maximum variance [5]. However, PCA's abstract components may lack interpretability, which is crucial in industrial settings. Instead, domain-driven feature selection is recommended for use to retain explicit physical indicators, such as temperature gradients and vibration amplitude, ensuring maintenance engineers can accurately trace the model's predictions back to specific machinery faults [11]. 
These engineered features improve the model's capacity to capture non-linear relationships in industrial systems.
[bookmark: _Toc233282938]3.4 Model Selection Strategy 
A structured, professional benchmarking approach was adopted to identify the most suitable predictive maintenance model within the company’s operational constraints. The methodology was designed to ensure that the final model delivers strong predictive performance while remaining computationally efficient and interpretable for engineering teams.
At the core of the approach was the recognition that model selection must align with the company’s technical environment. Given the limitations of operating on industry-standard hardware, such as Node-RED systems, computational efficiency was treated as a primary decision criterion [14]. Models that require high processing power, such as those relying on GPU acceleration or complex distance-based computations at inference time, were deprioritised. Instead, preference was given to algorithms that are lightweight, fast to train, and capable of real-time or near-real-time deployment without introducing latency. This ensured that the final solution would be practical and scalable within the company’s existing infrastructure [22].
Alongside efficiency, predictive performance and robustness were rigorously evaluated. The dataset used in predictive maintenance typically exhibits significant class imbalance, with failure events rare but critical to detect. Therefore, model evaluation focused on metrics such as Recall and F1-score rather than overall accuracy, which can be misleading in imbalanced scenarios[23]. Particular emphasis was placed on the model’s ability to correctly identify failure cases (high Recall), as missing a potential fault could lead to costly downtime [24]. Additionally, robustness to noisy sensor readings, including temperature, vibration, and pressure, was considered essential to ensure stable performance under real-world operating conditions[25]. Equally important was the requirement for interpretability. The selected model needed to provide clear, actionable insights to maintenance engineers rather than functioning as a “black box.” This requirement reflects the practical reality of industrial environments, where decisions must be trusted and validated by domain experts [26]. As such, models capable of delivering transparent reasoning, through feature importance rankings or easily interpretable decision rules, were strongly favoured. This allows engineers to understand which sensor anomalies are contributing to predicted failures, facilitating both trust in the system and more effective maintenance planning [24]. In compliance with the client’s constraints, the benchmarking process was strictly limited to traditional machine learning techniques. Algorithms such as Logistic Regression, Support Vector Machines, K-Nearest Neighbours, Random Forest, and Gradient Boosting (e.g., XGBoost) were evaluated. Each model was assessed across the defined criteria, highlighting trade-offs between simplicity, interpretability, and predictive power. For example, while Logistic Regression offers high interpretability and efficiency, it may lack the capacity to capture complex nonlinear relationships [27]. On the other hand, ensemble methods like Random Forests and XGBoost can model complex patterns and achieve strong performance while still offering interpretable feature importance measures and manageable computational requirements[10].
Through this comparative and constraint-driven evaluation, the methodology ensured that the final model selection was not solely driven by accuracy, but by a balanced consideration of operational feasibility, reliability, and usability. This holistic approach ultimately supports the deployment of a predictive maintenance solution that is both technically sound and practically valuable within the company’s industrial context.
[bookmark: _Toc233282939]3.5 Model Training and Validation Strategy
The model training and validation phase uses historical sensor data to learn patterns of equipment degradation and predict potential future failures accurately[11].
Data splitting allocates 80% of the data to training, maximising exposure to rare failure events and allowing the model to better learn critical degradation patterns in imbalanced data sets. The remaining 20% ​​provides a reliable evaluation on unseen data, providing a statistically robust measure of generalisation using key metrics such as Recall, Precision, and F1 score for real-world performance [20].
In industrial environments, equipment failures are rare yet critically important events, creating a pronounced class imbalance that challenges conventional modelling approaches. Standard cross-validation techniques often fail to capture these infrequent occurrences, leading to models that disproportionately favour normal operating conditions. To address this limitation, a 10-fold stratified cross-validation approach is proposed. This method ensures that rare failure events are correctly represented in both the training and validation sets. By doing so, the model will be prevented from becoming biased towards the more common healthy state during training  [28].
To further improve the model’s performance, it is recommended to tune the hyperparameters while carefully considering computational constraints. Instead of using the exhaustive Grid Search, it is recommended to select Random Search for its efficiency in identifying near-optimal parameter combinations in a reduced search space. As a result, key parameters are tuned, including limiting the number of tree estimators to 100 and controlling the maximum tree depth [10]. This approach significantly reduces training time without sacrificing prediction accuracy [30].

[bookmark: _Toc233282940]3.6 Evaluation Metrics
Model evaluation is the final phase of the machine learning pipeline, assessing the predictive performance and reliability of a trained model. In industrial contexts, particularly for predictive maintenance, a multi-metric framework should be used to consider both technical accuracy and business impact [25].
Due to the severe class imbalance typical of industrial datasets, where healthy operational states vastly outnumber rare failure events, traditional accuracy is an inadequate and misleading performance measure. Instead, the model's predictive capability is evaluated using Precision and Recall. In a predictive maintenance context, Recall is strictly prioritised, as undetected equipment failures (false negatives) result in severe operational disruptions and costly downtime[12]. Conversely, Precision must be maintained to ensure maintenance teams are not overwhelmed by false alarms, which unnecessarily expend limited resources.
To achieve a reliable balance between these competing operational priorities, the F1-score is utilised as the primary evaluation metric, providing a robust performance indicator for imbalanced classification tasks[10]. Furthermore, the Receiver Operating Characteristic Area Under the Curve (ROC-AUC) is used to ensure the model maintains strong discriminatory power across different classification thresholds [31].  To visually interpret these error distributions and their subsequent business impacts, a confusion matrix is implemented (as illustrated conceptually in Figure 8).
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Beyond statistical metrics, the evaluation framework explicitly incorporates operational performance factors to satisfy the client's hardware constraints. Inference latency should be strictly evaluated to confirm that the model can process real-time sensor streams without exceeding the computational capacity of standard industrial hardware [32].  Additionally, predictive lead time should be measured to ensure the system provides maintenance engineers with sufficient advance warning to execute proactive interventions before catastrophic failure occurs.
[bookmark: _Toc233282941]3.7 Deployment Considerations
To ensure operational feasibility within limited computing resources, the implementation involves the use of lightweight architectures to minimise infrastructure costs. The MQTT protocol is recommended for data transmission due to its low bandwidth and low capacity on standard industrial hardware [4], [6]. Furthermore, running the trained Random Forest model via Node-RED provides a resource-efficient platform that runs seamlessly on standard industrial devices, eliminating the need for expensive server upgrades or high CPU utilisation [14]. Processing at the edge of the network further reduces latency and ensures rapid response to equipment failures [6]. Finally, the framework integrates with CMMS to automate work orders and establish a continuous feedback loop for model retraining [12].
[bookmark: _Toc233282942]4.  Discussion and Recommendation 
The findings of this study demonstrate that the Random Forest (RF) algorithm is highly suitable for predictive maintenance in industrial environments [7], [4]. Its effectiveness extends beyond predictive accuracy to include robustness, interpretability, and computational efficiency [14]. These qualities make RF particularly appropriate for manufacturing systems operating under resource constraints, where reliable and scalable solutions are essential [33].
A key strength of Random Forest lies in its ability to generalise well to unseen data [8]. As an ensemble method, it combines multiple decision trees trained on different subsets of data, reducing variance and minimising overfitting [4]. This enables the model to capture complex, nonlinear relationships inherent in industrial processes. Equipment failure is rarely caused by a single factor; rather, it emerges from interactions between variables such as temperature, vibration, and pressure. Random Forest effectively models these interdependencies, resulting in accurate and reliable predictions[11].
RF also demonstrates strong robustness when handling real-world industrial data, which is often noisy, inconsistent, and affected by environmental variations [10]. While individual decision trees are sensitive to noise, RF mitigates this by aggregating models via bootstrap aggregation (bagging), in which models are trained on random subsets of the data. This reduces the influence of outliers and improves prediction stability [5]. Such robustness is critical in predictive maintenance, where unreliable outputs can lead to unnecessary maintenance or unexpected system failures [14].
Another key challenge in industrial applications is class imbalance, as failure events are significantly rarer than normal operation. Random Forest addresses this effectively when combined with techniques such as class weighting or SMOTE, which improve the detection of rare failure cases without compromising overall model performance[5]. Interpretability further enhances the practicality of RF in industrial settings. Unlike deep learning models, which often lack transparency, Random Forest provides feature importance metrics that identify the variables most responsible for predictions [4]. This allows engineers to link predicted failures to specific physical conditions, supporting root-cause analysis and informed maintenance decision-making [10].
From a computational perspective, Random Forests (RF) are ideal for resource-constrained environments. They can be trained efficiently on standard hardware, support parallel processing, and provide fast inference by aggregated predictions from pre-trained trees, which is crucial for real-time monitoring in industrial operations [7], [14]. However, using many pre-trained trees can require significant memory during inference. To prevent memory exhaustion, it is recommended to apply strict structural constraints during hyperparameter tuning, such as limiting the number of tree estimators to 100 and setting the maximum tree depth to 3 [3]. This optimisation keeps the algorithm lightweight, enabling smooth execution on edge computing platforms such as Node-RED for real-time, low-latency fault detection without costly server updates [14].
Overall, Random Forest provides a balanced and practical solution for predictive maintenance, combining accuracy, stability, interpretability, and efficiency[10]. Its transparency allows engineers to trace predictions back to specific anomalies, such as abnormal temperature or vibration patterns. As a result, the model not only predicts potential failures but also provides actionable insights, enabling targeted, cost-effective maintenance strategies.

[bookmark: _Toc233282943]5. Conclusion 
This report demonstrates the effectiveness of traditional machine learning techniques for predictive maintenance within modern manufacturing environments, particularly where computational resources are limited. By applying a structured workflow, organisations can utilise efficient algorithms, such as Random Forests, to achieve accurate and reliable failure predictions without the complexity of deep learning models.
The findings emphasise the importance of adopting a data-driven Maintenance 4.0 approach to enable a transition from reactive to proactive maintenance strategies. Random Forest emerged as the most suitable algorithm, delivering high accuracy (up to 99.5%) while effectively handling noisy and imbalanced sensor data [10]. Its robustness and ability to model complex relationships among variables, such as temperature, pressure, and vibration, ensure dependable performance in real-world conditions.
The integration of real-time IIoT sensor data, combined with optimised preprocessing techniques such as median imputation and targeted hyperparameter tuning, significantly enhances operational efficiency. This enables continuous monitoring and early fault detection without requiring costly infrastructure upgrades. As a result, the proposed framework is expected to reduce unplanned downtime by approximately 35–45% and lower maintenance costs by up to 35%, improving both productivity and sustainability [19].
Importantly, the interpretability of Random Forest through feature importance measures allows engineers to validate predictions and make informed, data-driven decisions. This strengthens trust in the system and supports its practical implementation.
Overall, the proposed framework offers a scalable, cost-effective solution that enhances asset reliability, supports digital transformation, and establishes data-driven maintenance as a key driver of competitiveness in modern manufacturing.
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