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[bookmark: _Toc233185399]Abstract
Predictive maintenance is very important in the industrial sectors because it makes it possible for early detection of equipment failures using machine learning. Systems that are used in the sector usually generate large volumes of sensor data related to temperature, vibration or pressure. A challenge however occurs in manufacturing environments in balancing prediction accuracy with limited computational resources. Thus there is need for interpretable and efficient traditional machine learning models. 
Approach that was adopted in this paper was first conducting an extensive literature review of traditional machine learning methods that can be integrated with industrial systems to assist with predictive maintenance. A methodology was then proposed for a machine learning workflow including data preprocessing, feature engineering, model training and evaluation. Evaluation of the prosed models was done on multiple evaluation metrics including precision and recall. Findings from the evaluation highlighted that ensemble methods have superior predictive performance compared to simpler methods. Random Forest is recommended as the optimal balance between performance and efficiency.
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[bookmark: _Toc233185400]1. Introduction
[bookmark: _Toc233185401]1.1 Background and Industrial Context
Predictive maintenance or PdM is a proactive maintenance strategy that makes use of historical and real-time equipment data to predict failures before they occur and therefore help in reducing unexpected downtime and maintenance costs [1]. Equipment failure in the manufacturing industry is likely to result in production delays, reduced productivity, increased repair expenses and potential safety risks. Methods that have been used traditionally for reactive maintenance in most cases lead to unnecessary interruptions and inefficient resource usage. Manufacturing systems that are used in the modern era generate large volumes of industrial sensor data for monitoring machine health and operating conditions [2]. Some of the key sensor measurements include temperature, pressure and vibration. In some cases manufacturing environments operate under limited computational resources and therefore predictive models that minimise processing power and memory consumption as well as deployment cost are required.
[bookmark: _Toc233185402]1.2 Problem Statement
Organisations in the manufacturing sector need to have reliable methods for effectively predicting equipment failures in order to minimise downtime and reduce maintenance costs which is very essential for maintaining continuous production operations. Accurately predicting failures is however challenging because industrial machinery generates large volumes of sensor data with varying patterns and operational conditions. Most of the manufacturing environments also operate with limited computational resources and this restricts the use of highly complex models. Therefore there is a need for interpretable and computationally efficient traditional machine learning models that are capable of delivering accurate predictions while remaining practical for industrial deployment.
[bookmark: _Toc233185403]1.3 Aim and Objectives
[bookmark: _Toc233185404]Aim
Main aim for the report presented in this paper is to perform a critical evaluation of traditional machine learning techniques and recommend an effective predictive maintenance approach which is well-suited for forecasting equipment failure in manufacturing environments that operate under limited computational resources.

[bookmark: _Toc233185405]Objectives
1. To review existing literature and industrial applications of traditional machine learning methods that are used in predictive maintenance.
2. To compare suitable machine learning algorithms based on prediction performance and interpretability and also computational efficiency.
3. To develop an efficient predictive maintenance workflow that includes critical steps of data preparation, model training and evaluation stages.
4. To recommend appropriate model evaluation metrics for assessing reliability and practical deployment suitability.

[bookmark: _Toc233185406]2. Literature Review
[bookmark: _Toc233185407]2.1 Predictive Maintenance and Equipment Failure Prediction
PdM approach is data driven and is mainly reliant on historical and real-time operational data to make predictions on potential equipment failures before breakdowns occur. It's different from reactive mainainance and preventive maintenance in that it enables interventions based on certain set conditions [3].  Primary objective of predictive maintenance is to reduce unplanned downtime and lower maintenance costs which leads to improved asset utilisation and extension of equipment lifespan through early fault detection and timely maintenance actions. Prediction of equipment failure is made by analysing patterms from machine operating data and from this signs of degradation are identified and the likelihood of future malfunction is estimated [4]. Process of making the estimation is supported by machine learning through the learning of relationships between sensor inputs and failure events. Summary of the prediction process using machine learning is represented in figure 1.
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[bookmark: _Toc233202140]Figure 1: General predictive maintenance workflow showing sensor data acquisition, data processing, machine learning analysis, failure prediction and maintenance decision-making
Source: Gahane et al., 2025 [5]
There is now a wide adoption of predictive maintenance across different industries. For instance in the manufacturing industry it is used for monitoring production equipment and reducing downtime [6]. In the automative industry it is to predict wearing of different components and also estimating of maintenance schedules. And in the energy and utilities industry it is used to monitor components like turbines and pipelines. 


[bookmark: _Toc233185408]2.2 Traditional Machine Learning Approaches
[bookmark: _Toc233185409]2.2.1 Decision Trees
Decision Trees operate on the working principle of a tree-based hierarchical model which uses recursive binary splits. Splits that are made are usually based on impurities of features such as Gini index and entropy [7]. In predictive maintenance decision trees are used for classifying faults by the use of sensor thresholds including temperature and vibration [8].  Faults are then identified by the application of the already preset rules if the specified thresholds are deemed not to have been met. Main advantage of decision trees is that they are highly interpretable because they are based on visualizable rules. They also require minimal preprocessing and are capable of handling nonlinear relationships effectively. However they are limited in that they are prone to overfitting and are very sensitive to small data changes.
Evaluation of decision tree models across different studies has shown that they mostly achieve moderate accuracy results in predictive maintenance. Their interpretability is very high and this makes them suitable for application across different industries because results they produce can be easily interpreted. Figure 2 shows the process undertaken to predict equipment failure when using the decision tree method.
[image: Failure tree structure to machines. ]
[bookmark: _Toc233202141]Figure 2: Decision Tree structure for equipment failure classification
Source: Vilarinho et al., 2017 [9]


[bookmark: _Toc233185410]2.2.2 Random Forest
Random forest model is simply a combination of multiple decision tree whereby the final prediction is usually determined by majority voting [10]. The model has been widely used in industrial anomaly detection and it is able to achieve high accurate results where less noisy sensor datasets are used. In comparison to single decision trees, random forest significantly  reduces overfitting. Missing data and feature importance ranking is also effectively handled by the model. However it is less interpretable than decision trees and has higher computational cost. Structure of the model is represented in figure 3.
[image: Random Forest Algorithm: Dataset is split into subsamples, and each tree-like structure gives its own prediction. Finally, a majority voting is conducted to arrive at the final prediction.]
[bookmark: _Toc233202142]Figure 3: Random Forest ensemble structure (multiple trees voting system)
Source: Padovese, Bruno and Padovese, 2019 [11].
[bookmark: _Toc233185411]2.2.3 Support Vector Machine (SVM)
Operation of the SVM model is by finding the optimal hyperplane that separates classes. It is able to maximise margin between failure and non-failure states [12]. For non-linear separation it uses the kernel trick. In predictive maintenance the model is particularly effective for binary failure classification and works very well with high-dimensional sensor data. For small and medium datasets it is capable of achieving very strong performance.  However its performance in large datasets is computationally expensive [12]. Tuning the kernel parameters of the models is also difficult and it has been determined to have low interpretability. Hyperplane separation for the model is demonstrated by figure 4.
[image: Left: The boundary hyperplane and margin a SVM finds between two categories of data (in this case + and -). The support vectors are shown in green. Right: An entanglement witness hyperplane separating the target entangled state, denoted by the light blue X, and the separable states, denoted by the red region. The noise tolerance, depicted by the arrow, of the entanglement witness can be adjusted by adjusting the bias term.]
[bookmark: _Toc233202143]Figure 4: SVM hyperplane separation with margin boundaries
Source: Rosebush et al., 2023 [13].
[bookmark: _Toc233185412]2.2.4 Logistic Regression
Logistic regression model is based on the working principle of linear probabilistic classifier using sigmoid function [14]. Output produced by the model is the probability of equipment failure. In predictive performance the models us mainly used as a baseline model for binary failure prediction and is quite useful for early-stage diagnostics systems. From different research conducted the model has been determined to produce highly interpretable coefficients and has fast training and inference time. Its limitation has been shown by the poor performance on complex sensor interactions.
[bookmark: _Toc233185413]2.2.5 k-Nearest Neighbour
K-NN operates on instance-based learning principle using distance metrics e.g., Euclidean distance [15]. Classification by the model is usually based on majority class of nearest neighbours. In predictive maintenance the model is able to identify equipment failure patterns by using similarlity based detection. Mainly it is useful when applied for small-scale anomaly detection tasks. Among its major advantages is the fact that it is very simple and intuitive and requires no training phase. During prediction it is however computationally expensive and it is very sensitive to irrelevant features and scaling.



[bookmark: _Toc233185414]2.2.6 Gradient Boosting / XGBoost
Working of XGBoost model is based on sequential ensemble learning while correcting previous errors that are identified [16]. It is able to build additional decision trees that are normally optimised using gradient descent. When used on industrial datasets the model has been determined to demonstrate high performance for equipment failure prediction. High adoption of the models across different industries has been majorly influenced by its high predictive accuracy. Additionally it has built-in feature importance ranking which plays a key role of determining which factors mainly contribute to the equipment failure. The model however comes with the risk of overfitting if it is not tuned properly and has higher computational cost compared to basic models.

[bookmark: _Toc233185415]2.3 Comparison of Existing Studies
[bookmark: _Toc233185472]Table 1: Comparison of Existing Studies
	Model / Study Focus
	Datasets Used
	Feature Engineering Approaches
	Performance Metrics Used
	Computational Trade-offs

	Decision Trees [7][8][9]
	Industrial sensor datasets (temperature, vibration, RTUs, case study manufacturing systems)
	Manual threshold-based feature selection; rule-based discretisation of sensor signals
	Accuracy, precision, recall, F1-score
	Low computational cost; fast training and inference but prone to overfitting on noisy industrial data

	Random Forest [10][11]
	Multi-sensor industrial datasets and classification benchmarks 
	Feature importance ranking; implicit feature selection through bagging
	Accuracy, ROC-AUC, confusion matrix
	Moderate-to-high computation due to multiple trees; highly parallelisable and robust to noise

	SVM [12][13]
	Medium-scale high-dimensional datasets 
	Feature scaling, kernel transformation
	Accuracy, precision, recall
	High training complexity for large datasets; memory-intensive but effective in high-dimensional spaces

	Logistic Regression [14]
	Binary classification datasets 
	Minimal preprocessing; linear feature weighting
	Accuracy, log-loss, confusion matrix
	Very low computational cost; unsuitable for complex nonlinear patterns

	k-NN [15]
	Small-scale experimental datasets and anomaly detection datasets
	Requires normalisation; distance-based feature scaling critical
	Accuracy, F1-score
	No training cost but very high inference cost; inefficient for large datasets

	XGBoost [16]
	Industrial predictive maintenance datasets with residual life prediction data
	Advanced feature engineering with gradient-based feature selection
	Accuracy, RMSE, AUC
	High computational cost; risk of overfitting but highly accurate and scalable



 


[bookmark: _Toc233185416]3. Proposed Workflow Methodology
[bookmark: _Toc233185417]3.1 Proposed Machine Learning Pipeline
[image: ]
[bookmark: _Toc233202144]Figure 5: Proposed machine learning workflow for predictive maintenance and equipment failure prediction.


As shown in Figure 5, the proposed methodology will begin with data collection whereby historical and real-time sensor readings will be gathered from industrial equipment. Data that will be collected should contain both normal and failure conditions. Pre-processing of the data will then be done to remove duplicate records and handle missing values. Any inconsistencies will be corrected at this stage and noise in sensor measurements removed. During feature engineering stage the most relevant sensor variables will be selected and derived features like moving averages and trends will be generated. Comparison will then be made for different traditional machine learning algorithms including Decision Trees, Random Forest, SVM, Logistic Regression and k-NN. Selection of the best model will be based on accuracy and interpretability and also computational efficiency. Selected models will then be trained using historical labelled data and model parameters will be optimised so that their predictive performance is improved. Cross-validation techniques will be applied to assess model robustness and reduce the risk of overfitting. Developed models will then be evaluated across different metrics with consideration made on  computational cost and inference time. Model that will be deemed to offer the best balance between prediction performance and resource requirements will be selected and recommended for deployment.  
[bookmark: _Toc233185418]3.2 Data Collection and Feature Selection
Historical and real-time data will be collected from sensors that are installed on manufacturing equipment. Data collected from these sensors are typically time-series in nature and continuously generated during machine operation. Sensor data that will be collected is likely contain noise and missing values and even outliers and hence appropriate preprocessing will be necessary. Data collected should include both normal operating conditions and recorded failure events in order to support supervised learning. Some of the relevant features that will be the most important from the collected data will be selected for model training:
· Temperature - will help in identifying overheating and abnormal thermal behaviour.
· Vibration - will facilitate detection of mechanical wear and imbalance or component degradation.
· Pressure – important for pin pointing blockages or operational instability.
· Operating hours - Equipment usage and wear accumulation may be determined by the hours they have been operating.
· Machine status indicators - Contextual information for failure prediction can be provided by the machine status indicators.
[bookmark: _Toc233185419]3.3 Data Preparation
Before the actual modeling of the machine learning modes the dataset has to be prepared well  if accurate results are to be obtained. Initially data cleaning will be done whereby duplicate records will be removed and inconsistencies in sensor measurements corrected. Any missing values in the dataset also have to be correctly handled at this stage by replacing them using techniques such as mean or median. Scaling of numerical features to a common range will be very important to improving model performance especially for distance-based models such as k-NN and margin-based models such as SVM. Once the data has been prepared correctly it will then be divided into training and testing subsets in a 80:20 ratio. Training set will be used for model development and the testing set for unbiased performance evaluation.
[bookmark: _Toc233185420]3.4 Model Selection Strategy
In predictive maintenance interpretability is an important requirement because maintenance engineers should be able to understand the factors that contribute to equipment failure predictions [17]. Decision Trees and Logistic Regression models provide outputs that are highly interpretable through decision rules and feature coefficients and this makes them suitable for explaining maintenance decisions. Interpretability for the random forest is moderate and is offered through feature importance rankings but individual predictions are more difficult to explain here. 
Selecting of the machine learning models will also be highly influenced by speed because manufacturing environments often require timely predictions to support proactive maintenance actions. Logistic Regression and Decision Trees have been determined to provide fast training and inference times and therefore they are capable of enabling rapid deployment and real-time decision-making. Random forest model’s prediction speed is acceptable generally and the model is able to achieve higher predictive accuracy than simpler models. 
[image: ]
[bookmark: _Toc233202145]Figure 6: Model Selection Criteria for Predictive Maintenance

[bookmark: _Toc233185421]3.5 Training and Hyperparameter Optimisation
After selecting the preferred models they have to be trained using historical equipment monitoring data. Objective of training the algorithms is to enable the model to learn relationships between sensor measurements and equipment failure events and at the same time minimise prediction errors. Cross-validation should also be applied during the training process so that model reliability and generalisation is improved [18]. An approach that can be undertaken here is k-fold cross-validation where the dataset can be divided into multiple subsets to allow the model to be trained and validated on different portions of the data. Risk of overfitting will be reduced in this way and a more robust estimate of model performance will be provided. 
Predictive accuracy can further be improved by using grid search for hyperparameter optimisation. Using grid search there is a systematic evaluation of different combinations of model parameters. Parameter combination that produces the best validation performance is then selected for the final model. With this process there is an optimal balance between prediction accuracy and model complexity. Training and Hyperparameter Optimisation can be done as shown in figure 6.
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[bookmark: _Toc233202146]Figure 7: Cross-Validation and Grid Search Hyperparameter Optimisation Process



[bookmark: _Toc233185422]3.6 Model Evaluation Metrics
Accuracy is one of the most important metrics that can be used for evaluating the developed models as it is able to measure the proportion of correctly classified instances out of total predictions. Basically it provides a general performance indicator but can be misleading in imbalanced datasets. Precision is used for measuring the proportion of correctly predicted failures out of all predicted failures and this is important in predictive maintenance to reduce false alarms and unnecessary maintenance actions [19]. Proportion of actual failures that are correctly identified by the model will be measured using recall and this is very critical in industrial settings for minimising missed failures that may lead to costly downtime. 
Confusion matrix will be used for presenting True Positives, True Negatives, False Positives, and False Negatives in a tabular format and this will help with the evaluation of classification errors and model performance.  Ability of the developed models to distinguish between failure and non-failure classes across thresholds will be determined by ROC–AUC. Models that have higher AUC will be said to have better separability and robustness. 


[bookmark: _Toc233185423]4. Discussion and Recommendation
[bookmark: _Toc233185424]4.1 Comparative Analysis of Candidate Models
Candidate models for the manufacturing company are compared based on different evaluation metrics and their suitability for deployment in resource-constrained industrial environments. Evaluating of all the suggested models showed that there are trade-offs between model complexity and operational practicality in predictive maintenance systems (Table 2).
[bookmark: _Toc233185473]Table 2: Comparative Analysis of Candidate Models
	Algorithm
	Accuracy
	Interpretability
	Training Cost
	Deployment Suitability

	Decision Trees
	Moderate
	Very High
	Low
	High (simple industrial deployment)

	Random Forest
	High
	Medium
	Moderate
	High (robust and scalable)

	SVM
	High
	Low
	High
	Moderate (resource-dependent)

	Logistic Regression
	Moderate–Low
	Very High
	Very Low
	High (baseline/edge systems)

	k-NN
	Moderate
	Medium
	Low training, High inference
	Low–Moderate (poor scalability)

	XGBoost
	Very High
	Medium–Low
	High
	Moderate (performance-focused systems)



[bookmark: _Toc233185425]4.2 Recommended Algorithm
Algorithm which was recommended for the manufacturing company is Random Forest because it is able to provide a consistently high accuracy across industrial predictive maintenance datasets [10]. Nonlinear relationships which exist between sensor variables will be effectively handled by the algorithm. Random Forest model is also effective in reducing overfitting since it performs ensemble averaging of multiple decision trees which makes the algorithm to perform robustly on noisy and incomplete sensor data. 
Random Forest model is more computationally efficient than gradient boosting methods like  XGBoost. Training of the model can be parallelised to improve scalability in practical environments and it is able to offer a strong balance between performance and computational demand [10]. Implementation process of the model is also simple because it simply relies on standard machine learning libraries. In industrial settings the model works well without extensive parameter tuning and it is well-suitable for integration into real-time monitoring systems for equipment failure prediction.
[bookmark: _Toc233185426]4.3 Recommended Industrial Workflow
Recommendation is made for the predictive maintenance system adopted by the manufacturing company to be integrated with existing industrial sensor networks so that there will be continuous acquisition of data. For this to be possible a centralised data pipeline is required to support ingestion and secure storage of sensor streams. Random Forest model should be deployed as an edge or on-premise inference service to suit limited computational resources. Review of feature selection has to be done from time to time to maintain relevance when operational conditions change. 
Continuous monitoring during the operation of the systems will help in detecting model drift and its performance degradation over time. There can be periodic retraining of the model using newly collected sensor and failure data. Important metrics such as recall and false negative rate should be prioritised for missed failures to be reduced. Furthermore maintenance engineer feedback should be incorporated into the system to validate alerts and improve decision quality. Operational workflow of the predictive maintenance system is presented in figure 8 with a highlight on continuous monitoring and decision feedback. Model retraining is also captured to ensure that there is long-term reliability.
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[bookmark: _Toc233202147]Figure 8:Industrial Deployment and Feedback Loop for Predictive Maintenance System



[bookmark: _Toc233185427]5. Conclusion
Application of traditional machine learning techniques for predictive maintenance in manufacturing environments operating under limited computational resources were examined in detail in this report. Literature review that was done pointed out that ensemble-based methods generally achieve higher predictive performance compared to simpler models. Workflow methodology that was proposed for the manufacturing company demonstrated how sensor data from industrial equipment can be processed, engineered and used to train and evaluate predictive models using appropriate performance metrics.
Random Forest algorithm was the recommended algorithm for integration into the system used by the company mainly because of its strong balance between accuracy and robustness to noisy sensor data and also the fact that it has moderate computational requirements. Ability of the algorithm to provide feature importance also enhances interpretability for industrial stakeholders. Workflow approach that was proposed in the report will help in reducing downtime and improving maintenance scheduling in manufacturing contexts.  However there are potential improvements in the future such as integrating real-time streaming analytics and  integration with edge computing systems which can further enhance scalability and responsiveness in industrial environments.
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