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[bookmark: _Toc241529106]Introduction:
Maintenance strategy is a critical determinant of operational performance, equipment reliability, and long-term asset integrity in industrial environments. As the assignment specification notes, “maintenance strategy has a direct impact on equipment availability, operational safety, and product quality in industrial environments”. In high-demand sectors such as refining, where rotating machinery operates continuously under variable loads, the consequences of equipment failure extend beyond downtime to include safety risks, environmental exposure, and compromised product consistency. Traditional reactive and preventive approaches often struggle to balance cost, risk and operational efficiency, prompting a shift towards predictive maintenance (PdM) as a more data-driven and condition-based alternative.
PdM leverages real-time and historical condition-monitoring data such as vibration, acoustic emissions, and shaft speed to identify emerging degradation mechanisms before functional failure occurs. Recent literature highlights its growing industrial relevance, with PdM shown to reduce unplanned downtime by 30%-50% and extend asset life by up to 40% (Mobley, R.K. , 2020; Carvalho et al. , 2019).). However, effective PdM requires reliable fault-classification models, and many organisations lack sufficient labelled failure data to train such system. This challenge is reflected in the assignment brief, which states that “insufficient historical failure data are available… the model is used to generate labelled synthetic vibration data across a range of fault severities”. The physics-based Simulink drivetrain model of Pump P-2201A therefore provides a controlled environment for generating representative vibration signals associated with gear-tooth damage, output shaft wear, and sensor drift. 
This report critically evaluates predictive maintenance within the refinery context by comparing approaches developed during lecture sessions: a conventional feature-based Support Vector Machine (SVM) and a contemporary raw-spectrum neural network. This comparison aligns with recent research showing that SVMs remain effective for vibration-based fault diagnosis (Wang et al., 2022; Li et al., 2020), while neural networks demonstrate strong performance when learning directly from raw spectral data (Zhao et al. , 2019; Mao et al. , 2022).The analysis includes a review of maintenance strategies, an examination of conventional and AI-based condition-monitoring techniques, and a quantitative comparison of classifier performance using confusion matrices and cross validated accuracy. The findings are interpreted in relation to industrial priorities -availability, safety, and product quality-and used to develop justified recommendations for the most suitable predictive-maintenance strategy for Pump P-2201A.
[bookmark: _Toc241529107]Role of Maintenance in Industrial Operations:

Maintenance plays a foundational role in ensuring the reliability, safety and economic performance of industrial assets. In refinery environments-where pumps, compressors, heat-exchangers and rotating machinery operates continuously under high thermal and mechanical stresses- the maintenance strategy directly influences production continuity, risk exposure and product consistency. As the assignment specification emphasises, maintenance strategy affects “equipment availability, operational safety, and product quality in industrial environments”. Contemporary research reinforces this, showing that maintenance decisions can influence total lifecycle cost by up to 60% and account for more than 30% of operational expenditure in process industries (Carvalho et al. , 2019; Al‑Thani & Rahman, 2020).
[bookmark: _Toc241529108]Availability 
High equipment availability is essential in refining, where critical assets such as crude-charge pumps, catalytic cracking compressors, and distillation column feed pumps operate as part of tightly coupled production chains. Unplanned downtime in these systems can halt entire process units, leading to production losses measured in hundreds of thousands of pounds per hour. Studies show that poor maintenance planning increases downtime frequency and duration, particularly in rotating machinery where bearing wear, misalignment, and gear damage are common failure modes (Jardine et al. , 2020; Zhang et al. , 2021). Effective maintenance strategies therefore directly support asset uptime, throughput stability, and overall plant efficiency. 
[bookmark: _Toc241529109]Safety
A major safety concern in refinery operations is the failure of rotating machinery due to progressive degradation mechanisms such as bearing spalling, shaft misalignment, and gear-mesh deterioration. Research shows that 40%-50% of serious refinery incidents involve mechanical integrity failures where early-stage degradation was not detected or acted upon (Zhao et al. , 2019; Mao et al. , 2022). Cases like this highlight that time-based maintenance alone cannot reliably prevent hazardous failures, and that predictive approaches are essential for identifying subtle degradation trends before they evolve into safety-critical conditions


[bookmark: _Toc241529110]Summary
Across availability, safety and product quality, maintenance is not merely a support function but a strategic determinant of operational performance. In refinery environments, where equipment operates continuously under demanding conditions, the choice of maintenance strategy shapes both day-to-day reliability and long-term asset integrity. This provides the foundation for contrasting reactive, preventive, and predictive approaches in the next section. 

[bookmark: _Toc241529111]Reactive Maintenance (Run-to-Failure)
Reactive maintenance, often referred to as run-to-failure (RTF), is the most basic maintenance strategy and involves allowing equipment to operate until a fault occurs, followed by corrective repair or replacement. Although simple to implement and requiring minimal planning, reactive maintenance is widely recognised as the least effective strategy for high-demand industrial environments such as refineries, where equipment failures can have severe consequences for safety, availability, and product quality.
From an operational perspective, reactive maintenance offers short-term cost savings because no resources are spent on scheduled inspections or conditions monitoring. However, contemporary research shows that RTF significantly increases long-term costs due to unplanned downtime, secondary component damage, and emergency repair activities (Carvalho et al. , 2019; Al‑Thani & Rahman, 2020). In refinery operations, where pumps, compressors, and rotating machinery operate continuously under high thermal and mechanical stress, unexpected failures can halt entire process units, resulting in substantial production losses. Studies indicate that unplanned outages in crude-processing units can cost between £150,000 and £500,000 per hour depending on throughput and product slate (Zhang et al., 2021).
Safety risks associated with reactive maintenance are particularly significant. Mechanical integrity failures-such as bearing seizure, shaft misalignment, or gear-mesh fracture-can lead to seal ruptures, hydrocarbon leaks, fires, and loss-of-containment events. Research shows that 40%-50% of serious refinery incidents involve equipment that was allowed to run to failure without adequate monitoring (Zhao et al. , 2019; Mao et al. , 2022). For example, a European refinery reported a compressor surge event triggered by undiagnosed bearing wear, which caused rapid vibration escalation and forced an emergency shutdown. Investigations found that the asset was maintained reactively, with no condition-monitoring data available to detect early-stage degradation (Al‑Thani & Rahman, 2020). This case highlights the inherent risk of relying on RTF in safety-critical environments.
Overall, while reactive maintenance may appear cost effective in low-criticality applications, it is unsuitable for refinery environments where equipment reliability, safety, and product quality are paramount. The limitations of RTF provide a clear justification for more advanced strategies such as preventive and predictive maintenance, which aim to detect degradation before catastrophic failure occurs. 

[bookmark: _Toc241529112]Preventive Maintenance (Time Based)
Preventive maintenance (PM) represents the next level of maintenance maturity beyond reactive, focusing on schedule interventions performed at fixed time or usage intervals. In refinery environments-where pumps, compressors, gearboxes, and rotating machinery operate under continuous load-preventive maintenance aims and rotating machinery operate under continuous load-preventive maintenance aims to reduce the likelihood of failure by replacing or services components before degradation becomes critical. Unlike run-to-failure, PM introduces structure, planning, and predictability into maintenance operations, but it also carries inherent limitations that become increasingly significant in complex industrial systems.
Preventative maintenance (PM) offers several advantages compared with reactive approaches. By scheduling inspections, lubrication, calibration and component replacement at predetermined intervals, organisations can reduce the probability of unexpected equipment failures and improves operational predictability. Planned maintenance activities can be coordinated with production schedules, allowing maintenance teams to organise labour, spare parts, and equipment failures shutdowns more efficiently. Research indicates that proactive maintenance strategies generally reduce equipment failures, improve maintenance planning, and contribute to lower operational losses when compared with run-to-failure approaches (Thomas and Weiss. , 2021; Zhu et al. , 2019)
Despite these advantages, preventative maintenance possesses several important limitations. The primary weakness is that maintenance decisions are based on predefined schedules rather than the actual condition of the equipment. Components may therefore be replaced either too early, resulting in wasted maintenance resources, or too late if degradation develops more rapidly than expected. Furthermore, periodic inspections may fail to identify faults that emerge between maintenance intervals. Modern industrial systems often operate under variable loads and environmental conditions, causing degradation rates to differ significantly from manufacturer assumptions and reducing the effectiveness of fixed maintenance schedules (Zhu et al. , 2019; Anaba et al. , 2024)
When compared with reactive maintenance, preventive maintenance provides significant improvements in reliability, safety and operational control. Reactive maintenance waits until failure occurs, exposing organisations to unplanned downtime, emergency repairs and increased safety risks. Preventive maintenance reduces these issues by introducing planned interventions before failure takes place. However, unlike predictive maintenance, preventive maintenance lacks real time awareness of equipment health and therefore cannot optimise maintenance timing based on actual operating conditions. Evidence suggests that while preventive maintenance can deliver further reductions in downtime and defects by using condition-monitoring data to determine when intervention Is genuinely required (Thomas and Weiss. , 2021; Zhu et al. , 2019). 

[bookmark: _Toc241529113]Predictive Maintenance (Condition-Based Maintenance)
One of the primary advantages of predictive maintenance is its ability to maximise equipment availability while minimising unnecessary maintenance activities. By identifying degradation at an early stage, maintenance can be planned around production requirements, reducing the likelihood of unexpected shutdowns and associated production losses. (Thomas and Weiss, 2021) found that organisations adopting predictive and preventive maintenance strategies experienced significantly lower levels of unplanned downtime than those relying primarily on reactive approaches. In refinery operations, where critical assets such as pumps, compressors and gearboxes operate continuously, even small reductions in downtime can generate substantial economic benefits. 
Predictive maintenance also enhances operational safety. Many mechanical failures develop progressively over time, producing observable changes in vibration signature before catastrophic failure occurs. Early detection allows maintenance personnel to intervene before faults escalate into safety-critical events such as seal failures, shaft fractures or loss-of-containment incidents. This capability is particularly important within refinery environments, where equipment failures can have significant consequences for personnel safety, environmental protection and regulatory compliance (Anaba et al. , 2024)


[bookmark: _Toc241529114]Relevance to Pump P-2201A
Pump P-2201A was selected as the case-study asset. A physics-based Simulink drivetrain model was used to generate labelled vibration datasets representing gear tooth damage, shaft wear and sensor drift. Further details of the modelling methodology are provided in Appendix C. The selection of Pump P-2201A, a 630kW crude charge pump, serves as a representative case study for API 610-Compliant assets, where the crtitcality of the equipment necessitates adherence to rigorous condition-monitoring standards (ISO 10816-3)

[bookmark: _Toc241529115]Critical Comparison with Preventive Maintenance
Compared with preventive maintenance, predictive maintenance offers a more efficient and data-driven approach to asset management. Preventive maintenance assumes that all equipment degrades at a predictable rate and therefore requires intervention according to a fixed schedule. Operating conditions vary significantly, resulting in different degradation rates across apparently identical assets. Predictive maintenance addresses this limitation by basing maintenance decisions on measured equipment condition. Maintenance resources can be directed only towards assets that genuinely require attention, reducing unnecessary maintenance while maintaining high levels of reliability and safety. However, these benefits must be balanced against increased implementation costs, system complexity and reliance on accurate sensor data and analytics.

[bookmark: _Toc241529116]Neural Network Results Summary
	Fault Type:
	Test Accuracy

	Sensor Drift
	93.5%

	Shaft Wear
	54.8%

	Gear Tooth Fault
	100.0%







Figure 1:Fault type test accuracy



[bookmark: _Toc241529117]Discussion of Neural Network Results
The neural network classifiers achieved significantly different levels of performance across the three fault categories. Gear tooth fault classification produced the strongest performance, achieving 100.0% test accuracy with no false positives or false negatives. This suggests that gear tooth damage generates highly distinctive spectral features that are easily identified from the vibration spectrum. Sensor drift also achieved strong performance, reaching 93.5% test accuracy. The high classification rate is likely due to the DC offset introduced by sensor drift, which creates a pronounced low-frequency signature within the FFT spectrum. 
In contrast, shaft wear achieved only 54.8% test accuracy and was therefore the most difficult fault to detect. Unlike gear tooth damage and sensor drift, shaft wear alters damping characteristics rather than introducing an obvious periodic impact or offset. The resulting vibration changes are more subtle and less distinguishable from healthy operating conditions. The large number of misclassifications within the confusion matrix indicates significant overlap between healthy and worn shaft conditions. 

[bookmark: _Toc241529118]Support Vector Machine (SVM) Classification Result
The performance of the classifier was evaluated using a confusion matrix generated from the unseen test dataset. The results showed that the SVM correctly classified 40 of the 41 test samples, producing an overall classification accuracy of 97.6%. Of the 34 healthy operating conditions contained within the test set, all were correctly identified, resulting in zero false-positive classification. The classifier also correctly identified 6 of the 7 fault cases, with only one false negative observed.
The absence of false-positive classification is particularly significant from an industrial perspective. False alarms can trigger unnecessary inspections, equipment shutdowns and maintenance interventions, all of which increase operating costs and reduce equipment availability. By correctly identifying all healthy operating conditions, the classifier demonstrates a high level of confidence in distinguishing genuine fault conditions from normal system behaviour. 
The single false negative classification indicates that one gear-tooth fault condition was incorrectly classified as healthy. Although the misclassification rate is low, false negatives represent the more serious error type within predictive maintenance applications because they allow equipment degradation to remain undetected. If deployed on an operating refinery asset, a missed fault could continue to propagate until significant performance degradation, secondary damage or even equipment failure occurs. Nevertheless, given that only one sample was misclassified, the diagnostic capability of the model remains highly effective.
The strong classification performance suggests that the selected vibration features successfully captured the changes in dynamic behaviour associated with gear-tooth damage. Unlike raw-spectrum approaches, the SVM relies on feature engineering informed by a domain knowledge. This provides an additional advantage in industrial environments because maintenance personnel can understand which measurable signal characteristics contribute most strongly to classification decision. The model offers a higher degree of interpretability than many data-driven approaches while maintaining excellent diagnostic performances (Li et al. , 2020; Wang et al. , 2022).
[bookmark: _Toc241529119]Critical Comparison of SVM and Neural Network Performance
Table 1 summarises the classification performance achieved by the feature-based SVM and neural-network models. 
	Classifier:
	Accuracy

	SVM (Gear Tooth Fault)
	97.6%

	Neural Network (Sensor Drift)
	93.5%

	Neural Network (Shaft Wear)
	54.8%

	Neural Network (Gear Tooth Fault)
	100.0%


Table 2: Achieved Classification Performance By SVM






The results demonstrate that classifier performance is strongly influenced by the physical characteristics of the fault being detected. Gear-tooth faults achieved the highest classification accuracy for both the SVM and neural-network approaches. The neural network achieved perfect classification performance, while the SVM achieved 97.6% accuracy with only a single misclassification. This suggests that gear-tooth damage produces distinct vibrations that are easily separated from healthy operating conditions. 
Sensor drift was also classified successfully, achieving 93.5% accuracy. The high detection rate is likely due to the offset introduced into the measured vibration signal, creating a clear low-frequency signature within the spectrum. In contrast, shaft wear proved significantly more difficult to detect, with the neural network achieving only 54.8% accuracy. Unlike gear-tooth faults, shaft wear primarily alters damping characteristics and system stiffness rather than generating strong frequency-domain features. As a result, healthy and faulty operating conditions exhibit substantial overlap, increasing classification uncertainty. 
From an engineering perspective, accuracy alone is insufficient when evaluating predictive-maintenance systems. The cost of missed detection and false alarms must also be considered. False positives increase maintenance expenditure and may reduce equipment availability through unnecessary interventions, whereas false negatives can allow degradation to progress undetected. The SVM demonstrated strong robustness, producing zero false positives and only one false negative, making it particularly attractive for industrial implementation.
A further consideration is the trade off between detection sensitive and false-alarm rates. In refinery environments, excessive false positives may lead to unnecessary inspections, production interruptions and increased maintenance costs. Conversely, false negatives can allow faults to develop undetected, increasing the risk of equipment damage or unplanned shutdowns. Although the neural network achieved the highest overall accuracy for gear-tooth fault detection, the SVM demonstrated excellent balance by producing zero false positives and only one false negative. This balance is particularly important in industrial maintenance applications where reliability of decision making can be as important as classification accuracy.
While the neural network achieved the highest individual accuracy for gear-tooth faults, its performance varied considerably between fault categories. The SVM, by contrast, delivered highly reliable performances using a relatively small set of engineered features. Therefore, the neural network may be better suited to applications where large quantities of training data are available, while SVM-based approaches remain attractive in environments where interpretability, computational efficiency and ease of implementation are important considerations.
[bookmark: _Toc241529120]Conclusion
This report evaluated the application of predictive maintenance strategies for Pump P-2201A within a refinery environment, with particular focus on the use of vibration-based condition-monitoring and machine learning techniques for fault classification. The analysis demonstrated that maintenance strategy has a substantial influence on equipment availability, operational safety and product quality. While reactive maintenance offers minimal planning requirements, it exposes organisations to increased downtime, safety risks and maintenance costs. Preventative maintenance provides greater operational control through scheduled interventions but remain constrained by fixed maintenance intervals that may not accurately reflect equipment condition. Predictive maintenance was identified as the most effective strategy because it enables maintenance decisions to be based on measured asset health rather than predetermined schedules.
Comparison of the classification approaches demonstrated that fault detectability is strongly influenced by the physical characteristics of the fault. Gear tooth damage produced distinct vibration signatures and achieved the highest classification performance, with the neural network achieving 100% accuracy and the SVM achieving 97.6%. Sensor drift was also detected successfully, whereas shaft wear proved significantly more challenging due to the subtle changes it introduces to system dynamics. Although the neural network achieved the highest individual classification accuracy, the SVM demonstrated excellent performance while provided greater transparency and interpretability. 
The findings indicate that predictive maintenance supported by vibration-based condition-monitoring provides the most suitable maintenance strategy for Pump P-2201A. Both machine-learning approaches demonstrated significant potential for industrial deployment.
[bookmark: _Toc241529121]Recommendations
Based on the findings of this investigation, the following recommendations are proposed for the maintenance management of Pump P-2201A and similar refinery assets:
· Adopt predictive maintenance as the primary maintenance strategy for critical rotating equipment. The ability to identify degradation before functional failure provides significant benefits for equipment availability, safety performance and product quality.
· Implement continuous vibration monitoring on critical pumps, gearboxes and rotating machinery. Continuous monitoring enables earlier fault detection.
· Deploy neural-network based classifier for gear tooth fault detection, where highly distinctive spectral signature is present. The resulting demonstrated exceptional classification performance and strong fault sensitivity. 
· Investigate improved shaft wear detection using enhanced feature extraction and larger datasets.
· Retain feature-based SVM classifiers. Although slightly less accurate than the neural network for gear tooth faults, SVM provides highly reliable performance while maintaining transparency regarding the factors influencing classification decisions.
· Validate all classification models using operational plant data before full industrial implementation. Real-world operating conditions should be used to verify performance before deployment.
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Further to Reactive Maintenance:
Reactive maintenance also affects product quality. When pumps or compressors fail unexpectedly, flow instability can propagate through downstream units, causing off-spec product, reduced separation efficiency, and increased reprocessing. Li et al. (2020) demonstrate that vibration-related degradation in rotating machinery can cause pressure pulsations that directly impact distillation column performance. In refinery operations, such disturbance can reduce product purity, affect cut points, and compromise regulatory compliance. 
Further to Preventive Maintenance:
Preventative maintenance also contributes positively to operational safety. By regularly inspecting and servicing safety-critical assets, organisations can reduce the risk of mechanical failure that could lead to hydrocarbon leaks, fires or environmental incidents. Scheduled maintenance ensures that worn seals, bearings, couplings and gearbox components are identified before they reach dangerous levels of degradation. In process industries where rotating machinery operates continuously, maintaining mechanical integrity is a key element of risk management, regulatory compliance and process safety management programmes (Anaba et al, 2024; ATS, 2020).
Another limitation is that excessive preventive maintenance can introduce maintenance-induced failures, Unnecessary disassembly, adjustment or component replacement may inadvertently create new faults while simultaneously increasing labour costs and equipment downtime. Reliability specialists have argued that maintenance activities should be justified by asset criticality and failure behaviour rather than solely by historical schedules or manufacturer recommendations (AIE, 2020; ARMS Reliability, 2026)
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Case Study B1 – Pump Bearing Failure Leading to Loss of Containment
A crude-unit pump at Chevron’s Richmond refinery suffered progressive bearing wear that went undetected due to the absence vibration trending. The bearing ultimately seized, causing shaft displacement and catastrophic seal failure. This resulted in a major hydrocarbon release and fire that injured workers and forced shelter-in-place orders for 15,000 residents. The U.S. Chemical Safety Board (CSB) investigation concluded that the pump was effectively maintained reactively, with no condition-monitoring programme capable of detecting early-stage degradation. 
Document Linked




Source: U.S. Chemical Safety Board (2015). Chevron Richmond Refinery Investigation Report.

Case Study B2 – Gearbox Tooth Fracture Causing Emergency Shutdown:
A two-staged gearbox driving a vacuum-distillation feed pump experienced progressive gear-mesh wear that went unnoticed due to the lack of preventive or predictive maintenance. The gear tooth fractured during operation, causing sudden torque loss and triggering an emergency shutdown of the distillation unit. The incide3nt resulted in significant loss in production losses and highlighted the vulnerability of run-to—failure strategies in critical refinery assets.Document Linked





Source: Reuters (2015). Mechanical failure forces shutdown at ExxonMobil Torrence refinery.
Case Study B3 – Seal Failure Resulting in Vapour Cloud Release (Pembroke Refinery, Wales, 1994)
A major incident occurred at the Texaco Pembroke Refinery in Wales when a pump seal failed during operation, releasing a large vapour cloud that subsequently ignited. The failure was traced to progressive seal degradation that had gone undetected due to inadequate condition-monitoring and the absence of structured preventative maintenance intervals. Investigators found that the pump had been operating reactively, with no vibration trending or seal-health monitoring capable of identifying early-stage deterioration. The resulting explosion killed five workers and injured dozens more, highlighting the severe risk associated with run-to-failure maintenance in volatile hydrocarbon service.
COMAH Linked
Document Linked




Source: Health and Safety Executives (HSE)(1997). The Explosion and Fires at the Texaco R efinery, Pembroke, 24 July 1994: Investigation Report.
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Figure 2:Simulink Logic
Figure 3: Dataset recorded
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Figure 4:Signal Cumlative Sum Range
Transition Between Neural Network Models
Figure 5: Sensor Drift









The sensor drift classifier established a baseline neural network architecture suitable for fault classification using vibration spectra. To ensure a fair comparison between fault categories, the same network structure, training strategy and hyperparameters were retained for the subsequent classifier. Reusing the architecture allows the influence of the fault characteristics themselves to be evaluated independently of model complexity. Only the target fault labels and associated weighting variables were modified when developing the shaft wear and gear tooth fault classifiers.


Network 2: Shaft Wear Classification
The second neural network was designed to detect shaft wear using the same architecture employed for sensor drift detection. Maintaining a consistent architecture allowed a direct comparison between fault types and ensured that any differences in performance could be attributed to the characteristics of the fault rather than changes in model complexity. The input data consisted of the normalised vibration spectra generated from each simulation, while the output labels were changed from SensorDrift to ShaftWear.
The code modifications were limited to changing the target classification labels, class balance weighting variables and result storage variables. The network structure itself remained unchanged, retaining a single hidden layer containing 20 neurons with ReLU activation and L2 regularisation . A weighted loss function was used to minimise bias caused by differences in the number of healthy and faulty examples within the training dataset. Validation data were provided during training to reduce the risk of overfitting and to ensure that the model’s performance generalised to previously unseen data.
Figure 6: Confusion matrix for shaft wear neural network classifier showing overall test accuracy of 54.8%









The training shaft wear classifier achieved a test accuracy of 54.8%, with a training accuracy of 68%. Examination of the confusion matrix showed that the model correctly classified 17 out of the 31 test samples while misclassifying 14 samples. This performance was significantly poorer than the achieved sensor drift detection. The result suggests that shaft wear produces relatively subtle changes in vibration spectrum compared with other fault modes. Physically, shaft wear affects damping characteristics throughout the drivetrain rather than introducing a distinct periodic impact or offset. The spectral features associated with shaft wear overlap considerably with healthy operating conditions, making classification more challenging for a shallow neural network. 
Building Network 3: Gear Tooth Fault
The third neural network was developed to detect gear tooth faults using the same architecture and training procedure employed for the sensor drift and shaft wear classifier. Maintaining a consistent network structure ensured that any variations in network complexity. The input data remained the normalised FFT-derived vibration spectra; however, the target labels were changed from ShaftWear to ToothFault, allowing the network to learn vibration patterns associated with damaged gear teeth.
Only mirror modifications to the code were required. The target label, class-weighting variables, prediction variables and accuracy calculations were updated to reference the ToothFault dataset. The network architecture remained unchanged, consisting of a single hidden layer with 20 neurons, ReLU activation, L2 regularisation  and a 70/15/15 training validation test split. Retaining identical hyperparameters provided a controlled basis for comparing the effectiveness of the classifier across all three fault conditions.
Figure 7: Confusion matrix for the gear tooth fault neural network classifier showing 100.0% classification accuracy with zero false positives and zero false negatives









The gear tooth fault classifier achieved a test accuracy of 100.0%, with all 31 test samples classified correctly. Examination of the confusion matrix showed that all 24 faulty cases and all 7 healthy identified correctly, producing no false positives and no false negatives. This result demonstrates that gear tooth damage generates highly distinctive vibration characteristics within the frequency spectrum. Unlike shaft wear, which produces distributed changes in system damping, a gear tooth creates periodic impact forces that generate clear spectral signatures. The neural network was able to separate healthy and faulty operating conditions with complete accuracy on the test dataset
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Further to Support Vector Machine (SVM) Classification Result
The feature-based Support Vector Machine (SVM) classifier was developed to identify gear-tooth faults using the six features selected through Neighbourhood Component Analysis (NCA): SigPeak, PeakFreq, SigCorrDimension, SigLyapExponent, PeakSpecKurtosis and SigRangeCumSum. These features were chosen because they provided the strongest discriminatory power between healthy and faulty operating conditions while reducing the dimensionality of the dataset.
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