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[bookmark: _Toc241215476]Introduction 
Maintenance decisions have a direct influence on the reliability and performance of industrial equipment. In process industries the consequences of an unexpected equipment failure can extend beyond the cost of repairing the failed component, potentially resulting in production losses, secondary equipment damage and increased safety risk. Reactive and time based preventive maintenance strategies attempt to manage these risks in different ways, but neither necessarily reflects the actual condition of the equipment at the point when a maintenance decision is made. Predictive maintenance (PdM) aims to address the limitations by using condition monitoring information to identify deterioration before it develops into functional failure (Adaramola et al., 2024). 
Increasing use of machine learning and artificial intelligence has created new opportunities to automate the interpretation of condition monitoring data. However, achieving high classification accuracy alone does not necessarily demonstrate that a model is suitable for industrial deployment. False alarms, missed faults, model interpretability and the reliability of training data can all influence whether a predictive system improves maintenance decision making (Sharma, Mittal and Soni, 2022). 
This report investigates these issues through a case study of crude charge pump P – 2201A and its associated drivetrain. A physics-based MATLAB/Simulink model is used to generate synthetic vibration data representing healthy operation and three degradation mechanisms, gear tooth damage, output shaft wear and vibration sensor drift. The use of synthetic data addresses the limited availability of labelled historical failure data, while also raising questions about how well performance achieved in simulation would transfer to real operating conditions. Rather than considering classification accuracy in isolation, the results are evaluated in terms of their implications for false alarms, missed faults, equipment availability, safety and product quality. This provides the basis for determining which approach offers the most appropriate balance of classification performance and practical deploy ability for the refinery scenario.  



[bookmark: _Toc241215477]Maintenance Strategies in Industrial Operations
Maintenance strategy determines not only when equipment is repaired or serviced, but also how an organisation manages the costs and operational risks associated with equipment degradation. Maintenance can broadly be approached through reactive, preventive or predictive strategies. Although predictive maintenance is increasingly associated with modern industrial applications, this does not mean that it is automatically appropriate for all equipment. The consequences of failure, monitoring capability and cost of intervention should all influence the selected maintenance approach (Ighravwe, 2022). 
Reactive maintenance involves allowing an asset to operate until functional failure occurs, after which repair or replacement is undertaken. Its main advantage is that the usable life of a component is not sacrificed through premature replacement, while little investment in routine condition monitoring may be required. For non critical, inexpensive or easily replaceable equipment, this can make run to failure a rational engineering decision rather than simply poor maintenance practice. However, its suitability decreases significantly as asset criticality increases. An unexpected failure of equipment within a continuous industrial process may interrupt production, require emergency maintenance and potentially cause secondary damage to connected equipment. The true cost of reactive maintenance can therefore be substantially greater than the cost of replacing the failed component itself (Benhanifia et al., 2025). 
Preventive maintenance aims to reduce the likelihood of unexpected equipment failure by carrying out servicing, inspection or component replacement at predetermined time or usage intervals. Compared with a reactive approach, this allows maintenance activities to be planned more effectively and can reduce the risk of disruptive breakdowns identify scheduled maintenance as an important step away from run-to-failure strategies, particularly where equipment reliability is critical (Molęda et al., 2023). However, the approach also has limitations because maintenance intervals do not always reflect the true condition of an asset. Components may therefore be replaced while they still have useful service life remaining, increasing maintenance costs and resource use, while failures may still occur between scheduled intervals. This highlights a key weakness of preventive maintenance it reduces uncertainty through planned intervention, but does not remove it, because degradation is influenced by operating conditions, loading and equipment history rather than time alone (Yang et al., 2022).
Predictive maintenance takes a different approach by attempting to base maintenance decisions on evidence of the asset’s actual condition. Measurements such as vibration, temperature, pressure lubricant condition or electrical characteristics can be monitored for changes associated with developing degradation. Maintenance can then potentially be planned during the period between detectable deterioration and functional failure. This creates an important distinction from preventive maintenance. Intervention is driven by evidence of changing condition rather than solely by elapsed operating time. However , this transfers some of the uncertainty surrounding equipment failure into the monitoring and diagnostic system itself (Scaife, 2023). A maintenance decision is only as reliable as the measurements and interpretation on which it is based. Sensor degradation, inappropriate alarm thresholds and incorrect fault classification could therefore produce either a false alarm, leading to unnecessary intervention, or a missed detection, allowing a genuine  fault to continue developing. Predictive maintenance should consequently not be viewed simply as a replacement for preventive or reactive maintenance, but as an additional maintenance strategy whose value depends on the characteristics and criticality of the asset being monitored (Achouch et al., 2022). 




[bookmark: _Toc241215478]Condition Monitoring and Fault Diagnosis 
Condition monitoring is used to assess whether equipment is operating as expected or whether there are signs that a fault may be developing. Instead of waiting for equipment to fail, changes in its behaviour can be monitored and used to support maintenance decisions. For rotating machinery, vibration monitoring is particularly useful because faults within components such as bearings, shafts and gears can alter the vibration response of the system before functional failure occurs. However, collecting condition data alone does not identify a fault, its usefulness depends on how accurately the signal can be interpreted and linked to equipment condition (Nithin et al., 2021). 
Traditional fault diagnosis has often relied on experienced engineers analysing vibration signals and considering factors such as operating conditions, machine history and frequency content. This can provide useful insight into unusual or complex faults, but it depends heavily on specialist knowledge and can become time consuming when large numbers of assets require monitoring. Threshold and alarm-based systems provide a simpler automated approach by comparing measured values against predetermined limits. These systems are relatively easy to apply and understand, but fixed thresholds may not always account for normal changes in operating conditions. A limit set too low may generate unnecessary false alarms, while one set too high may allow an early stage fault to go undetected. Signal processing techniques can provide more detailed analysis by extracting useful characteristics from measured signals. Time domain values such as RMS, peak amplitude and kurtosis can be used to identify changes in vibration behaviour, while frequency domain analysis can highlight components linked to shaft speed, gear meshing or other repeating events. These features can then be used as inputs to statistical or machine learning models. However, the effectiveness of this approach depends partly on selecting features that are genuinely representative of the fault being investigated (Badihi et al., 2022). 
Artificial intelligence and machine learning methods can automate more of the diagnostic process by learning patterns associated with healthy and faulty operation. Conventional machine learning models can classify faults using selected features, while neural networks can identify more complex patterns from larger or less processed datasets. This can improve the speed and consistency of analysis, but performance still depends heavily on the quality and representativeness of the training data. More complex models can also be harder to interpret and may become less reliable if operating conditions differ from those used during development (Surucu, Gadsden and Yawney, 2023). 
Conventional and AI-based fault diagnosis should therefore not be seen simply as old and new methods. Traditional approaches can offer greater transparency, while data driven techniques provide more automation and may be better suited to complex datasets. The most suitable approach depends on the equipment being monitored, the quality of the available data and the consequences of an incorrect diagnosis.




[bookmark: _Toc241215479]Case Study Model
The case study uses a MATLAB/Simulink model of the drivetrain for crude charge Pump P-2201A. The system consists of an induction motor, Two speed gearbox and pump, with vibration and shaft speed measurements used to represent equipment condition. Three degradation mechanisms are included within the simulation: sensor drift, shaft wear and gear tooth damage. Synthetic data is used because there is insufficient historical failure data available to train the fault classification models using plant data alone. A total of 208 simulation runs are used, with each run containing vibration data and its corresponding fault condition. Before analysis, the first 10 seconds of the vibration signal are removed to exclude the start up period and focus on steady operation. The simulation parameters are then used to assign labels identifying whether sensor drift, shaft wear or tooth damage is present. 
Two different approaches are used to classify the faults. For the conventional machine learning model, features are extracted from the vibration signal, including RMS, variance, peak amplitude, kurtosis, crest factor and several frequency based measures. These features are then used as input to the SVM classifier. The neural network approach instead uses the vibration spectrum directly. Each signal is resampled to 1024 points, converted into the frequency domain using an FFT and reduced to a one sided spectrum before normalisation. The neural network data is then divided into training, validation and test sets using a 70/15/15 split, with normalisation based on the training data. Separate binary networks are used to classify sensor drift, shaft wear and tooth damage. This provides a direct comparison between a feature-based method and a raw-spectrum neural network approach. 



[bookmark: _Toc241215480]Comparative Analysis
The feature based support vector machine (SVM) and raw spectrum neural network were compared using the three simulated fault conditions: sensor drift, shaft wear and gear tooth damage. The SVM was developed in MATLAB classification learner using the 18 extracted vibration features, while separate neural networks were developed for each fault, with layer size, activation function and regularisation adjusted to investigate their effect on classification performance. Full neural network tuning results are provided in Appendix tables 2 -4.
SVM performance is reported using Classification learner validation accuracy, while the neural networks are assessed using a held out test set and five fold cross validation. The results shown in table 1 therefore indicate relative performance, although the evaluation methods are not completely identical. 
[bookmark: _Toc241223395]Table 1 - Comparison of SVM and neural network classification performance
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As shown in figures 1- 3, the linear SVM produced noticeably different performance between the three faults. Sensor drift achieved 88.9% validation accuracy with 23 of the 208 cases incorrectly classified. Shaft wear was the hardest fault to classify using SVM, achieving only 63.0% with 47 false positives and 30 false negatives. In comparison, tooth fault classification achieved 97.1% validation accuracy, with only six cases incorrectly classified. 
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[bookmark: _Toc241215485]Figure 1 - Sensor drift classification learner SVM confusion matrices
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[bookmark: _Toc241215486]Figure 2 - Shaft wear classification learner SVM confusion matrices
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[bookmark: _Toc241215487]Figure 3 - Tooth fault classification learner SVM confusion matrices




The neural network approach generally produced higher held out test accuracy for all three faults. Sensor drift achieved 96.8% accuracy on the held out test set, with 26 true positives, four true negatives and only one missed fault. Shaft wear showed the greatest improvement compared with the SVM. After tuning the network parameters, test accuracy increased from 64.5% to 93.5% with only one false positive and one false negative. Gear tooth damage achieved 100% accuracy on the held out test set. These results as shown in figures 4 – 6. 
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[bookmark: _Toc241215488]Figure 4 - Sensor drift Neural network confusion matrices
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[bookmark: _Toc241215489]Figure 5- Shaft wear neural network confusion matrices
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[bookmark: _Toc241215490]Figure 6 - Tooth fault neural network confusion matrices


Five fold cross validation was also used to examine whether the neural network performance remained consistent when different portions of the dataset were used for training and evaluation. Sensor drift achieved 95.2% while shaft wear achieved 100%. However the tooth fault network fell to 81.7%. Although this initially appeared to remain a reasonably high result, examination of the confusion matrix showed that the classifier predicted every observation as containing a tooth fault. This resulted in 170 true positives but also 38 false positives and no true negatives. The figures 7 -9 therefore demonstrates how accuracy alone can give a misleading indication of classifier performance when the classes are unevenly distributed. 
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[bookmark: _Toc241215491]Figure 7 - Sensor drift five fold cv confusion matrix
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[bookmark: _Toc241215492]Figure 8 - Shaft wear five fold cv confusion matrix
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[bookmark: _Toc241215493]Figure 9 - Tooth fault five fold cv confusion matrix


It was noted that the tooth fault labels used opposite true/false conventions between the two datasets. The confusion matrices were therefore interpreted based on fault present and fault absent to allow a consistent comparison. This does not affect the calculated accuracy. 
Overall the results show that the relative performance of the two approaches depends strongly on the fault being detected. The raw spectrum neural network showed a particularly large performance advantage for shaft wear, whereas the SVM performed strongly for tooth damage. The variation between validation accuracy, held out test accuracy, cross validation and confusion matrix behaviour also shows why model suitability cannot be determined from a single accuracy value alone. 


[bookmark: _Toc241215481]Discussion 
Shaft wear was the hardest fault to classify using the feature based approach, with the Linear SVM achieving 63.0% validation accuracy compared with 93.5% test accuracy for the neural network. One possible explanation is the way the vibration data were represented. The SVM relied on 18 predefined features, whereas the neural network used the vibration spectrum directly. Ayankoso et al. (2024) similarly distinguish between machine learning methods based on extracted features and deep learning approaches that can learn from less processed vibration data. This suggests that some information useful for identifying shaft wear may not have been sufficiently represented by the selected features. However, this cannot be confirmed from accuracy alone, and the sensitivity of the neural network to changes in its configuration means its final performance should not be assumed to be completely robust.
Despite its weaker shaft wear result, the feature based SVM offers an advantage in transparency. Its inputs include identifiable vibration measures such as RMS, kurtosis, crest factor and frequency based features, making it easier to investigate what information is contributing to a classification than with the raw spectrum neural network. This may be valuable in a safety critical application where engineers need to understand and validate the basis of a fault indication before acting on it. Arez, Navas and Gaspar (2026) similarly identify interpretability as an important consideration when applying AI within predictive maintenance.
Sensor drift was identified more consistently, with the SVM achieving 88.9% validation accuracy and the neural network 96.8% on the held out test set. During neural network preparation, the DC component of the spectrum was retained, meaning changes associated with signal offset remained available to the classifier. This is particularly relevant because sensor drift affects the reliability of the monitoring system itself rather than only representing a mechanical fault. Belgacem and Chihi (2025) identify drift and bias as sensor faults capable of reducing data integrity and system reliability. Detecting sensor drift is therefore important before vibration measurements are relied upon for maintenance decisions.
Gear tooth damage produced the strongest initial classification results, with 97.1% validation accuracy for the SVM and 100% test accuracy for the neural network. This is consistent with Goswami and Rai (2025), who demonstrated that broken gear teeth can be classified effectively from vibration data and reported stronger results from a CNN than feature based SVM models. However, the five fold cross validation result gave a different picture. Accuracy fell to 81.7%, with all 208 observations classified as containing a tooth fault. This produced 170 true positives and 38 false positives, but no true negatives. Ren et al. (2023) show that imbalanced fault diagnosis datasets can allow the majority class to dominate classification. The 81.7% result should therefore not be treated as evidence of strong performance, as it was largely achieved by repeatedly predicting the majority class.
This also shows why individual classification errors matter alongside overall accuracy. Although the tooth fault cross validation produced no false negatives, this was only because every case was treated as faulty and would therefore be unsuitable as a practical maintenance strategy. Lee, Hung and Le (2022) argue that false negative rate should be considered alongside accuracy when evaluating fault diagnosis systems. However, reducing missed faults at the expense of excessive false positives creates a different problem, as unnecessary fault indications can lead to additional inspection, maintenance and disruption. Seo and Yun (2024) also found that frequent false alarms can reduce operator confidence in condition monitoring systems. For P 2201A, an effective model would therefore need to balance the risk of missing a developing fault against the cost of unnecessary intervention.
The consequences of these errors are particularly important in the refinery context. A missed shaft or gear fault could allow degradation to progress towards unplanned pump failure, reducing plant availability and leaving less time to obtain replacement components. Severe mechanical failure could also increase safety risk if connected equipment or containment were affected. Conversely, repeated false alarms could lead to unnecessary inspection or shutdown, increasing maintenance costs and disrupt process operation. The classifier should therefore support maintenance planning rather than act as a standalone shutdown decision.
A further limitation is that all data were generated through simulation. Although this allowed faults to be controlled and labelled accurately, real operating conditions are more variable. Seo and Yun (2024) note that models developed using controlled fault data may not transfer directly to industrial equipment, while Arez, Navas and Gaspar (2026) highlight the limited real world validation of many AI based predictive maintenance studies. The results should therefore be treated as evidence of potential rather than proof of performance on P 2201A.
Overall, the neural network showed stronger classification performance for sensor drift and shaft wear, while the SVM offered greater transparency. The tooth fault cross validation also demonstrates that high accuracy alone does not guarantee a useful maintenance model. Practical deployment should therefore consider interpretability, false alarms, missed faults, sensor reliability and performance under real operating conditions rather than selecting a model on headline accuracy alone.


[bookmark: _Toc241215482]Conclusion and Recommendations
This study compared a feature based Linear SVM with a raw spectrum neural network for detecting sensor drift, shaft wear and gear tooth damage on P 2201A. The neural network showed stronger overall classification performance, particularly for shaft wear, while both approaches performed well for tooth damage. However, the tooth fault cross validation result showed that high accuracy alone does not guarantee a useful maintenance model. The 81.7% accuracy was achieved by predicting every case as faulty, highlighting the importance of considering class imbalance, false alarms and missed faults alongside overall accuracy. The SVM also offers greater transparency, which may be useful where fault predictions need to be understood and checked before maintenance decisions are made. For the refinery scenario, the neural network shows the most potential but should not be used as a standalone decision tool without further validation using real operating data and a better balanced dataset. A practical approach would combine neural network fault detection with feature based analysis and engineering review. This would provide the benefits of improved fault detection while reducing the risk of unnecessary maintenance, missed faults and poor decisions based on unreliable predictions.
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