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[bookmark: _Toc241342988]Introduction
Unplanned equipment failures are one of the largest issues industrial operations face especially for critical industrial applications such as oil refineries where equipment failures carry significant economic and safety consequences. Maintenance strategies are therefore not just an expense but a risk management tool directly impacting operational efficiency, safety and product quality. 
This report reviews the evolution of maintenance strategies towards predictive maintenance (PdM), which is becoming commonplace in industry and evaluates the growing role of artificial intelligence (AI) in automating fault diagnosis from condition monitoring, questioning whether it has an established place within safety-critical industries. This is supported by a case study based on a simulated crude oil pump drivetrain, comparing the performance and suitability for industrial applications of a machine learning classifier model and an AI neural network to identify gear tooth damage, shaft wear and sensor drift.
The objectives of this report are to: critically review the evolution of maintenance strategy and its impact on operational efficiency, safety and product quality; evaluate condition monitoring and fault diagnosis techniques against AI models identifying their respective strengths and limitations; use simulations to compare machine learning classifiers against neural networks to assess the suitability of each approach for deployment in an oil refinery and recommend which approach is most suitable within safety critical industries. 
   

[bookmark: _Toc241342989]Maintenance Strategies in Industrial Operations
There are three main types of maintenance strategies deployed in industry reactive, preventive and predictive.
Reactive maintenance commonly referred to as run to failure, repairs equipment after failure has occurred. Whilst this reduces unnecessary maintenance and labour, it exposes the operation to unplanned downtime reducing efficiency, creating safety risks. Reactive repairs also tend to have greater repair times and costs compared to scheduled repairs with secondary damage likely to be caused to other components or operations where according to a study performed by Thomas and Weiss (2021) manufacturers who relied less on reactive maintenance spent on average 51.8% on additional maintenance costs and 52.7% less unplanned downtime.
Preventive maintenance addresses the shortcomings of reactive maintenance by servicing equipment at fixed time or usage based intervals, regardless of the actual condition. This reduces the frequency of catastrophic failure improving safety and lowering the cost of repairing equipment that has failed. However, preventive maintenance creates inefficiencies with components being frequently serviced or replaced whilst within their useful life, alongside maintenance workloads being generalised rather than targeted at specific components that might be degrading. Additionally, preventative maintenance can introduce its own risk, since the unnecessary servicing or replacement of healthy equipment can itself cause new failure modes, phenomenon known as infant mortality. This is supported by Rausand (1998) stating, it is easy to believe that the more an item is routinely maintained, the more reliable it will be. However, often the opposite is the case due to maintenance-induced failures. 
Predictive maintenance instead uses condition monitoring data to infer equipment health and schedule maintenance once early signs of degradation are detected, with sufficient time to plan and  perform the repair minimising the impact on production. Furthermore, Ran et al. (2019) state that condition monitoring and other technologies have enhanced the potential to detect, isolate and identify the precursor and incipient faults of equipment and components to predict the progression of faults and develop maintenance schedules to combat the fault.
Each of these strategies has direct implications for operational efficiency, safety and product quality. Reactive maintenance trades a lower upfront maintenance cost and resources for greater exposure to unplanned downtime, equipment damage and elevated safety risks, since failures are allowed to occur prior to any corrective action, with gradual degradation often going unnoticed until product quality significantly drops. Preventive maintenance removes much of the uncertainty around failure timing improving the safety of operations and reducing unplanned equipment failures, which can produce more consistent product quality. However, preventive maintenance does so at the cost of operational efficiency with healthy components serviced or replaced regularly. Predictive maintenance aims to directly resolve this trade-off, with maintenance performed once early signs of degradation are detected, ensuring safe operation without the associated inefficiencies of preventive where equipment is prematurely unavailable and allowing for action to be taken before product quality degrades to the point it no longer achieves specification.


[bookmark: _Toc241342990]Condition Monitoring and Fault Diagnosis
Condition monitoring and fault diagnosis support predictive maintenance by providing the data analysis required to detect degradation, determine the primary cause and estimate the time until intervention becomes necessary. The techniques used for condition monitoring and fault diagnosis have evolved with advances in technology but can be broadly divided into conventional (threshold-based) and contemporary (data-driven) approaches where each provides a different balance between reliability, scalability and diagnostic depth.
Conventional techniques rely on periodic data collection compared against fixed reference points. Vibration analysis is a commonly deployed method in industry, used to interpret vibration signatures for common faults such as imbalance or bearing wear with several varying techniques to measure the vibration and acoustic responses to identify faults (Tandon and Choudhury, 1999). Vibration analysis is usually paired with threshold alarms, where a measured parameter is flagged once it exceeds a predetermined limit in addition to signal processing methods such as Fast Fourier Transform (FFT) which converts a vibration signal from the time domain into the frequency domain so that a fault can be matched to a known characteristic frequency (Jones, 2004). These methods are well established, can be easily interpreted and are low cost due to requiring little digital infrastructure. However, their reliance on fixed thresholds means they poorly adapt to equipment operating under variable conditions and are often tuned to a limited number of known faults.
Contrastingly, contemporary approaches address these limitations using continuous sensor monitoring with machine and deep learning models such as artificial neural networks (ANN), support vector machines (SVM) and convolutional neural networks (CNN) that learn fault signatures from data rather than relying on manually set thresholds removing the delay in detecting faults through routine inspection. However, these approaches have their own limitations. Models often require large volumes of categorised failure data with performance varying on how the model is trained with the quality of data having a profound impact on model accuracy where machine learning algorithms cannot perform well without good data or at least handling dirty data during training (Whang and Lee (2020). Additionally deep learning models are criticised for their black-box nature, raising concerns about the accuracy of the model due to their lack of interpretability to understand the model’s decisions (Lee et al., 2025), especially in safety critical applications such as an oil refinery. Moreover, the implementation of contemporary approaches demands considerably greater investment than conventional methods which can constrain capital-intensive industries in their introduction of contemporary methods.
This suggests that the development of contemporary techniques is one to complement conventional rather than to replace. With many industrial operations continuing to utilise threshold-based alarms for their simplistic inspection method and low cost, while introducing machine learning diagnostics on top to improve diagnostic depth. This is demonstrated at facilities such as Petronas Gas Berhad’s gas processing plant, where OEM set threshold limits remain the baseline monitoring approach, but overlook gradual degradation due to the static limits, driving the introduction of machine learning diagnostics to accompany the current threshold system (Yusoff et al., 2019). By layering the two approaches operations can retain a low cost and easy to verify process to detect known faults, whilst enhancing diagnostic coverage to identify complex or unseen faults that conventional methods would otherwise miss.  



[bookmark: _Toc241342991]Case Study Model
The case study conducted used a physics-based Simulink model of the P-2201A drivetrain, comprising an induction motor, two-speed gearbox and output shaft to generate a labelled dataset which is used to compare a feature based SVM and neural network, to assess which classifier model is better suited to industrial applications such as oil refineries. Synthetic data is used in place of plant records for this case study with the oil refinery operating with only one pump which utilises the P-2201A drivetrain and has experienced only one catastrophic failure, which produced no usable early sign of failure data as condition monitoring was installed after the failure occurred, meaning a classifier cannot be trained to detect failures based exclusively on historical data.
The dataset was generated running 208 simulations of the drivetrain, with the severity of the three failure modes of interest gear tooth damage, output shaft wear and vibration sensor drift varying between simulations. This included zero and single fault simulations alongside combined fault conditions. The first 10 seconds of vibration and tachometer readings were ignored, as this period would represent when the motor would accelerate from standstill and the gearbox engaging, where any vibration observed would be representing the transient start up dynamic rather than the fault present. The remaining steady state signal was processed using time-synchronous averaging (TSA), a technique that extracts periodic waveforms from a vibration signal by averaging over successive shaft rotations to isolate vibration components synchronised with the shaft’s rotation from general process noise (Zhang and Isom, 2011).
Following dataset generation, 18 features were extracted from each simulation’s processed signal covering a variety of statistical characteristics (e.g. RMS, kurtosis), nonlinear characteristics (e.g. Lyapunov exponent) and spectral characteristics of the TSA signal (e.g. Peak frequency). Each run was labelled according to the fault parameter values used to generate it, applying severity thresholds to determine whether tooth damage, shaft wear or sensor drift was significant enough to be categorised as faulty. This produced three individual fault labels in addition to a combined eight class fault code, allowing each simulation to be identified not only by which fault, if any is present but also combinations of faults. This resulted in a 208-by-22 feature table, forming the basis for both the feature based SVM and neural network classifier compared later in this report.



[bookmark: _Toc241342992]Comparative Analysis
Using the feature table data and simulations generated, two classification approaches were compared for the detection of the three fault types being a feature based SVM trained on the 18 condition indicator features and a neural network trained on the FFT derived vibration spectrum of each simulation. This comparison examines the role of manual feature engineering in fault classification, contrasting the SVM’s dependence on statistical, nonlinear and spectral features against the neural network, which instead learns to classify faults from the spectral data without pre calculated features.
For both approaches, a 15% test set was withheld during the training of models, which is standard practice in machine learning as it ensures a model’s reported accuracy reflects genuine model performance on new or unseen data rather than a result that has been implicitly shaped by the same data used to train it (Hastie, Tibshirani and Friedman, 2009).
For the SVM, a minimum redundancy maximum relevance (MRMR) algorithm was applied to the feature data to identify the most important features for each fault type (see Appendix A). Using the training data, a range of classifier learners were trained and compared using MATLAB’s Classification Learner app, with 5-fold cross-validation applied to prevent overfitting on the relatively small dataset. The best performing models for each fault, selected by their cross-validation accuracy, were then evaluated against the held-out test data to obtain an unbiased measure of the model’s accuracy, where the simplest model would be selected if multiple models achieved comparable accuracy to further reduce overfitting.
For the neural network, the raw vibration signal from each simulation was converted into a frequency spectrum via FFT. This spectrum representation was used instead of the time-domain signal because each simulation starts at a random shaft angle, changing where in time a faults pattern appears. However, the frequency spectrum avoids this problem since the fault produces a consistent pattern regardless of its starting position. Each input was normalised using z-score standardisation, calculated exclusively from the training data to prevent information of the validation or test data influencing the models training and ensuring no individual input dominated training due to its scale. Three separate neural networks, each with a single hidden layer, were trained with class weighting to account for an imbalance between healthy and faulty simulations. Additionally, each network’s hidden layer size and regularisation strength (Lambda) were manually adjusted during training to improve model performance with performance considered improved when comparison between training and validation accuracy were increasing and similar to confirm the model was learning genuine patterns rather than memorising training data results. Model performance was then evaluated against the held-out test data with 5-fold cross-validation additionally performed across all simulations to provide a more robust accuracy estimate of the model given the limited size of the dataset.
The results of these two approaches are summarised in Table 1 below, with the corresponding confusion matrices for each fault provided in Appendix B showing the distribution of correct and incorrect classification from the perceived best-performing SVM models and neural network.


	Fault Type
	SVM Model Type
	SVM Training Accuracy (%)
	SVM Testing Accuracy (%)
	Neural Network Training Accuracy (%)
	Neural Network Testing Accuracy (%)
	Neural Network Cross Validation Accuracy (%)

	Sensor Drift
	Coarse Tree
	100
	100
	91.10
	96.80
	93.30

	Shaft Wear
	Medium Tree
	96.05
	100
	74.70
	71.00
	98.10

	Gear Tooth
	Coarse Tree
	100
	100
	100
	100
	100
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[bookmark: _Toc241342993]Discussion 
Reviewing the results for each fault type, both models achieved broadly similar results and near-perfect accuracy for sensor drift and gear tooth faults. However, this performance noticeably dropped for shaft wear, with the neural network in particular struggling to accurately identify if the fault was present with a training accuracy of 71% considerably lower than the other two faults. This significant drop in performance could be attributed to some of the limitations previously identified in this report with machine learning models reliant on large volumes of representative training data, a constraint potentially amplified by the limited size of the dataset. Moreover, the SVM model showed a drop-off in performance for identifying shaft wear despite the drop off not being as significant suggesting a feature based approach might be more robust to a limited dataset than one learning directly from spectral data.
This is reinforced by the feature importance analysis in Appendix A. Unlike sensor drift and gear tooth faults, where the MRMR algorithm was able to identify features with high importance scores for determining a fault’s presence, no feature was found to strongly predict shaft wear, with scores considerably lower than what was observed for sensor drift and gear tooth faults. Furthermore, this suggests shaft wear does not produce a dominant signature to indicate failure, but rather a subtler change distributed amongst multiple weaker indicators. Matching the underlying physics of a drivetrain, with gear tooth damage producing a sharp, once per revolution disturbance and sensor drift introducing a fixed offset, both providing a distinct a learnable pattern, whereas shaft wear is modelled as a gradual change in shaft damping that is harder to distinguish from normal variation. 
Because shaft wear lacks a dominant condition-indicating feature, both model’s errors for detecting the fault are of particular interest (see Appendix B.7-12). On the training data, this difficulty is visible in both models with the SVM misclassifying 20.9% of simulations and the neural network 25.3%, confirming shaft wear is a harder fault to identify for both approaches.
However, the models do not reflect this when classifying the test dataset, where the SVM correctly classified all the test simulations, with no missed faults and false alarms. The neural network by contrast, misclassified 29% of the test simulation, missing 4 genuine faults and raising 5 false alarms, a considerably higher error rate than its 5-fold cross-validation accuracy of 98.1% suggested. This gap between the neural networks cross validated and testing performance indicates the detection on this fault is inconsistent and the model’s true performance is closer to the lower test based value.
Both models present a risk in industry with both misclassifying faults, with a missed fault carrying far greater consequences than a false alarm. A false alarm would result in an unnecessary inspection and would briefly reduce operational efficiency with equipment becoming unavailable, whereas a missed shaft wear fault would progress undetected towards unplanned equipment failure, risking greater downtime than the false alarm inspection and normal repair lead time. Additionally, safety concerns from an eventual loss of containment and reduced product quality with the pump operating in an increasingly degraded state until failure or eventual detection. This risk is amplified for the neural network model due to its black-box nature, offering no indication behind why a fault was missed, unlike the SVM where a misclassification can be traced to the importance values the model places on each feature. 



[bookmark: _Toc241342994]Conclusions and Recommendations
This report has demonstrated that predictive maintenance, supported by condition monitoring, offers clear advantages over reactive and preventive maintenance strategies for availability, safety and quality, provided the fault classification approach is reliable and can be trusted when deployed. 
Following the case study performed, results suggest a feature based SVM is the more appropriate approach for identifying faults with a P-2201A pump. Both models performed comparably for sensor drift and gear tooth faults, but the neural network was outperformed when it came to shaft wear, the hardest fault to identify, with a disparity between its testing accuracy and 5-fold cross-validation accuracy indicating the neural network could be inconsistent during real world applications. 
Furthermore, the SVM’s reliance on interpretable features allows users to trace back to a specific cause why misclassification occurred an advantage held over the neural network’s black-box behaviour especially in a safety critical setting where trust in instrumentation and AI is already a concern, aligning with wider literature identifying data scarcity and limited interpretability as key barriers to the deployment of deep learning based condition monitoring within industry (Whang and Lee, 2020; Lee et al., 2025).
However, this conclusion has limitations as the case study utilised simulated data rather than plant-derived data and its relatively small dataset likely contributed to the neural networks inconsistent performance. A larger dataset may have reduced the gap between the accuracy of the two approaches, potentially changing the recommendation from deploying a feature based SVM to neural network approach or for industries to adopt a combination of both techniques. 
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