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[bookmark: _Toc241519509]Introduction
Maintenance strategy is an important part of industrial operations because it can directly affect equipment availability, safety, production output and product quality. Predictive maintenance aims to improve maintenance decisions by using condition-monitoring data to identify faults before they develop into failures. This report looks at applying predictive maintenance to a simulated crude charge pump drivetrain within a refinery, under three fault conditions: gear tooth damage, output shaft wear and vibration sensor drift. A feature based machine-learning method using support vector machines (SVM) is compared with a neural network approach. The main aim is to assess how well each method can identify the three failure modes and how suitable they may be for predictive-maintenance use. Performance is compared using classification accuracy and confusion matrices, before considering fault detection, false alarms, availability, safety and quality. 
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Industrial maintenance is generally approached through reactive, preventive or predictive strategies. Reactive maintenance allows equipment to run until failure, reducing routine maintenance but increasing the risk of unplanned downtime and higher long term costs (Gholipour, 2025).
Preventive maintenance reduces this risk by carrying out work at planned intervals based on time, operating hours or manufacturer guidance. Although this can improve reliability, components may be serviced or replaced while still in acceptable condition, meaning the maintenance interval may not reflect the actual equipment condition (Zhao, Gao and Tang, 2022).
Predictive maintenance instead uses condition-monitoring data to identify developing faults and plan work when deterioration is detected. This can align maintenance more closely with equipment condition, although it depends on suitable monitoring and fault-diagnosis methods (Zhao, Gao and Tang, 2022).
[bookmark: _Toc241519512]Impact on Availability, Safety and Quality
Maintenance strategy can directly affect availability, safety and product quality. Reactive failures can cause unexpected downtime, while preventive maintenance reduces this risk at the cost of planned intervention. Predictive maintenance can support availability by identifying deterioration early and allowing work to be scheduled around operational needs.
Orrù et al. (2020) applied SVM and neural network methods to centrifugal-pump data in the oil and gas industry to support fault prediction and maintenance decisions. This shows how condition monitoring can identify deterioration before failure. Earlier detection can also reduce the risk of operating degraded equipment and help maintain stable process conditions, while missed faults or excessive false alarms may lead to safety concerns or unnecessary maintenance.
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Conventional condition monitoring uses measured equipment behaviour to identify deterioration before failure. Manual vibration analysis is widely used on rotating machinery because experienced engineers can relate vibration changes to known mechanical faults. It is physically interpretable but can be labour intensive and dependent on specialist knowledge.
Threshold and alarm-based monitoring compares measured values against predefined limits. This is simple and transparent, but poorly chosen thresholds can either miss genuine deterioration or create unnecessary alarms (Jablonski and Mendrok, 2025).
Statistical and signal-processing methods extract useful condition indicators from time- and frequency-domain vibration data. These methods are effective when fault signatures are well understood, but performance can reduce with noise, changing operating conditions or overlapping fault characteristics (Zhou et al., 2022).
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Machine-learning methods automate fault classification by learning relationships between condition indicators and known fault states. Support vector machines (SVMs) are widely applied to rotating-machinery fault diagnosis, although performance depends strongly on the quality of the selected features and model setup (Daş, Daş and Birant, 2023). 
Neural networks can reduce the need for manual feature engineering by learning more complex patterns directly from measured data (Tama et al., 2023). This can help where fault behaviour is nonlinear, but these models generally require representative training data and careful validation, while limited or imbalanced datasets and changing operating conditions can reduce performance on unseen data (Zhu et al., 2023).
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Table 1 - Comparison of conventional and contemporary fault diagnosis approaches
Table 1 shows that conventional methods generally provide greater interpretability, while contemporary methods offer more flexibility for complex faults but depend more heavily on data quality and validation. The most suitable approach therefore depends on the application and the consequences of incorrect classification.
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Figure 1 shows the Pump P-2201A drivetrain arrangement on which the simulation is based, consisting of an induction motor, two-speed gearbox, output shaft and centrifugal pump. In the real system, tacho sensors monitor the drive and output shafts, while an accelerometer is mounted on the gearbox casing. These locations relate to the three simulated fault conditions: gear tooth damage within the gearbox, output shaft wear and vibration sensor drift.
Synthetic vibration and tacho signals are then generated through repeated ensemble simulations to mimic realistic condition-monitoring data across different fault conditions and severities. The first 10 seconds of each run are removed to exclude start-up transient behaviour before the data are prepared for analysis. Relevant condition indicators are extracted for the SVM, while each dataset is labelled according to the simulated fault state. This provides a controlled and repeatable dataset for comparing the feature-based SVM and neural network approaches. Example vibration, tacho and processed signal outputs are provided in Section 9.1.5.
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Figure 1 - Pump P-2201A transmission system model
Source: ACMA6001 Control Technology Assignment Brief (2026)
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The SVM approach begins by extracting 18 statistical, nonlinear and spectral condition indicators from each simulation. Neighbourhood component analysis (NCA) ranks these features for each fault, with only the highest-ranked features selected as inputs to the final SVM classifiers (MathWorks, 2026a). Supporting MATLAB code for feature extraction and selection is provided in Sections 9.1.1 and 9.1.2.
The NCA weighting showed that different features contributed to fault/non-fault classification to different degrees. Cumulative-sum range and peak spectral kurtosis provided the strongest contribution for sensor drift, while Lyapunov exponent, peak frequency and peak spectral kurtosis were the most influential features for shaft-wear classification. For visual comparison, the weights were normalised relative to the highest weight for each fault. The resulting feature-weighting plot is provided in Section 9.1.3, while the selected features are summarised in Table 2.
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Table 2 - Selected features used for SVM fault classification
*Six features were used because classification using only the three highest-ranked indicators produced poor performance.
Feature distributions were also reviewed using grouped histograms. Figure 2 shows clear separation for sensor drift using cumulative-sum range, with values above approximately 0.5 mainly associated with a sensor drift fault condition. This suggests that cumulative-sum range is a useful indicator of likely sensor drift. In contrast, the Lyapunov exponent for shaft wear shows considerable overlap between faulty and healthy conditions, confirming that additional features are needed. Separate SVM classifiers were then assessed using five-fold cross validation and confusion matrices, with MATLAB’s fitcsvm function used for binary classification (MathWorks, 2026b). Supporting SVM classification code is provided in Section 9.1.4.
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Figure 2 - Comparison of feature distributions for sensor drift and shaft wear classification
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The neural network approach uses three separate shallow networks to identify sensor drift, shaft wear and gear tooth faults. Each simulation’s raw vibration signal is converted into a frequency spectrum and fed directly into the networks, removing the need for the engineered features used by the SVM. The data-preparation process is summarised in Figure 3, with supporting MATLAB code provided in Section 9.2. 
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Figure 3 - Vibration data preparation and processing workflow for neural network
As shown in Figure 3, the first 10 seconds of the raw vibration signals are removed to exclude the start-up transient before the remaining data are resampled to a consistent length. A Fast Fourier Transform (FFT) converts the time-domain vibration signal into the frequency domain, allowing its frequency components to be analysed (MathWorks, 2026c). For real-valued signals the spectrum is mirrored, so only the first half is retained before a logarithmic transformation is applied, with the supporting MATLAB code provided in Section 9.2.1. The resulting spectra are divided into 70% training, 15% validation and 15% test data. Normalisation is calculated from the training data only and then applied to all three datasets, preventing information from the validation or test data influencing preprocessing (Section 9.2.2).
Separate binary networks are then trained for each fault using a baseline configuration of 20 hidden neurons, ReLU activation and a Lambda value of 1×10⁻³ (MathWorks, 2026d), with the training and testing code provided in Section 9.2.3. As the held-out test set contains only 31 of the 208 runs, five-fold cross validation is also used to give a more representative estimate of performance across the full dataset, with supporting code provided in Section 9.2.4. 
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The initial five-fold cross validation results for the feature-based SVM and unoptimised raw-spectrum neural network are summarised in Table 3. The neural network parameters had not yet been optimised at this stage, allowing an initial comparison between the two approaches. Both achieved high accuracy for sensor drift and tooth fault, while the largest difference was seen for shaft wear, where the neural network achieved 100% compared with 61.1% for the SVM. This is consistent with the feature overlap identified in Section 5.1, which showed weaker separation between healthy and faulty shaft-wear conditions.
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Table 3 - SVM and neural network classification accuracy
The five-fold cross validation results are further illustrated by the confusion matrices in Figures 4–6. For each failure mode, the SVM and neural network matrices are presented alongside each other to show the distribution of correct and incorrect classifications across the 208 simulation runs. In each matrix, true/true and false/false represent correctly classified fault and healthy conditions, while the off-diagonal cells represent false-positive and false-negative classifications.
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Figure 4 - Sensor Drift Confusion Matrices: SVM and Neural Network
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Figure 5 -Shaft Wear Confusion Matrices: SVM and Neural Network
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Figure 6 -Tooth Fault Confusion Matrices: SVM and Neural Network
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Following the baseline comparison, the sensitivity of the neural network classifiers to changes in network configuration was investigated using the initial 70/15/15 data split. Layer size, activation function and Lambda parameters were varied independently while the remaining training parameters were held constant. Table 4 compares the baseline and selected optimised configurations and their associated training and test accuracies. Tooth fault required no further optimisation, having achieved 100% training and test accuracy with the baseline configuration.

The complete parameter investigation, including all tested layer sizes, activation functions and Lambda values, is provided in Section 9.3. [image: ]
Table 4 - Baseline and optimised neural network configurations and accuracy
The effect of optimisation on classification performance is illustrated in Figures 7 and 8. Sensor drift test accuracy increased from 90.3% to 96.8% after reducing the hidden layer from 20 to 10 neurons, while shaft wear showed a substantially larger improvement from 51.6% to 96.8% after increasing the layer size to 30 neurons and changing the activation function from ReLU to tanh.
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Figure 7 - Sensor Drift Confusion Matrices: Baseline and Optimised Neural Network.
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Figure 8 - Shaft Wear Confusion Matrices: Baseline and Optimised Neural Network
 Following optimisation, the selected neural network configurations were reassessed using five-fold cross validation across all 208 simulation runs, shown in Figure 9 (MathWorks, 2026e). 
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Figure 9 - Five-Fold cross validation confusion matrices: Sensor Drift, Shaft Wear and Tooth Fault
Sensor drift achieved 90.4% cross validation accuracy, while shaft wear and tooth fault both achieved 100%. The tuned sensor drift configuration achieved 90.4% five-fold cross validation accuracy, compared with 96.8% on the single test split. The higher single-split result is likely influenced by the smaller test sample, where individual classifications have a greater effect on overall accuracy. Five-fold cross validation therefore provides a more representative measure of performance across the dataset.
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Shaft wear presented the greatest overall classification challenge, particularly for the feature-based SVM and during neural-network tuning. The feature analysis in Figure 2 showed considerable overlap between healthy and shaft wear conditions for the Lyapunov exponent, indicating weaker separation within the condition indicators. This was reflected in the SVM results in Table 3, where shaft wear achieved 61.1% five-fold cross validation accuracy, compared with 94.2% for sensor drift and 95.2% for tooth fault.
The neural network investigation also demonstrated substantially greater sensitivity for shaft wear. As shown in Table 5, its test accuracy varied from 42.5% to 96.8% across the configurations investigated, a range of 54.3 percentage points. Sensor drift varied by only 9.7 percentage points, while tooth fault achieved 100% with the baseline configuration and required no further optimisation. Although shaft wear subsequently achieved 100% five-fold cross validation accuracy, the variation across the investigation indicates that its classification was particularly dependent on input parameters and evaluation procedure.
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Table 5 - Variation in neural network test accuracy
The baseline shaft-wear network also showed a noticeable gap between training accuracy (61.6%) and test accuracy (51.6%). A large difference between training and unseen test performance can indicate overfitting, where a model learns the training data too closely and does not generalise as well to new data (Ying, 2019). This result therefore provided a reason to investigate the network configuration further.
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Overall classification accuracy does not distinguish between missed faults and false alarms. The five-fold cross validation confusion matrices were therefore reviewed to identify false-positive and false-negative classifications, as summarised in Table 6.
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Table 6 - False-positive and false-negative classifications
The SVM produced the greatest number of errors for shaft wear, with 46 false positives and 35 false negatives, while the neural network produced no false classifications for shaft wear or tooth fault under five-fold cross validation. False negatives represent genuine faults that remain undetected and could allow equipment degradation to continue, whereas false positives may result in unnecessary inspection or maintenance. A suitable predictive-maintenance system must therefore balance fault-detection capability against the operational impact of false alarms rather than relying on overall classification accuracy alone.
[bookmark: _Toc241519527]Refinery Deployment Considerations
Within the refinery scenario, reliable diagnosis of the crude charge pump drivetrain could support planned maintenance before faults lead to unexpected process interruption. Earlier warning could also allow spare parts and maintenance resources to be arranged before failure, reducing the risk of extended downtime. Classification performance must therefore be considered alongside availability, safety and product quality, while false positives may lead to unnecessary inspection or component replacement.
False negatives are particularly important because an undetected mechanical fault could continue to deteriorate in service, increasing the risk of equipment damage or loss of containment. Repeated sensor-drift alarms could also reduce operator trust in instrumentation. Performance should therefore be judged on the consequences of missed faults as well as overall accuracy, while stable pump operation and consistent automated monitoring could support repeatable condition assessment and more consistent process quality. Further validation would still be required before deployment. The models were developed using simulated rather than measured vibration data, and differences between single-split and cross validation results show sensitivity to the evaluation method. Testing on real refinery equipment under varying operating conditions would therefore be needed to confirm that the results can be reproduced in practice.
[bookmark: _Toc241519528]Conclusions and Recommendations
This investigation showed that predictive fault classification could support maintenance decision-making within the refinery drivetrain scenario. The literature reviewed in Sections 2 and 3 suggests that predictive maintenance can support earlier intervention and improve availability by using equipment condition rather than relying only on reactive or fixed preventive maintenance.
Overall, the raw-spectrum neural network gave the strongest classification performance. Five-fold cross validation achieved 91.3% accuracy for sensor drift and 100% for shaft wear and tooth fault, compared with SVM results of 94.2%, 61.1% and 95.2%, respectively. Neural Network optimisation also increased held-out test accuracy to 96.8% for both sensor drift and shaft wear. Based on these results, the neural network approach is recommended for further development within the refinery scenario, although the SVM may benefit from improved feature selection.
The results should still be treated with caution. The models were developed using simulated rather than measured plant data, and differences between held-out and cross validation results show some sensitivity to the evaluation method. Further work should therefore test both approaches using real vibration data, larger datasets and a wider range of operating conditions. False alarms and missed detections should also be assessed before industrial deployment because of their effect on availability, safety and quality.
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idxResponse = strcmp(featureData.Properties.VariableNanes, 'SensorDrift’);
idxLastFeature = find(idxResponse)-1; % Index of last feature to use as a potential predictor
FeatureAnalysis = fscnca(featureData(:,1: idxLastFeature}, featureData. SensorDrift);
FeatureAnalysis. Featurelieights

idxSelectedFeature = featureAnalysis.Featureleights > 0.1;

ClassifySD = [featureData(:,idxSelectedFeature), featureData(:,idxResponse)]





image27.png
idxResponse = strcmp(featureData.Properties.VariableNanes, ‘Shaftlicar');
FeatureAnalysis = fscnca(featureData(:,1:idxLastFeature}, featureData. Shaftiiear);
FeatureAnalysis. Featurelieights

idxSelectedFeature = featureAnalysis. Featureiieights > 0.
classifysu = [featureData(

idxSelectedFeature), featureData(:,idxResponse)]
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idxResponse = strcmp(featureData.Properties.Variablelianes, ‘ToothFault');
featureanalysis = fscnca(featureDataf:,1:idxLastFeature}, featureData. ToothFault);
[~ idxSelectedreature] = sort(featureAnalysis. Featurelieights);

ClassifyTF = [featureData(:,idxSelectedreature(end-5iend)), featureData(:, idResponse)]
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rng('default’) X For reproducibility
cvp = cvpartition(size(classifyTF,1), 'KFold',5); ¥ Randomly partition the data for training and validation
ClassifierT = fiteswn(...
ClassifyTF(cvp. training(1),1:end-1), ...
ClassifyTF(cvp. training(1),end), ...
“KernelFunction", ‘polynonial’, -
“Polynonialorder”,2, ...
“Kernelscale’, ‘auto’, ...
“BoxConstraint’,1, ...
“Standardize’, true,
‘Classhiames, [false; true]);





image31.png
Use the classifier on the test validation data to evaluate performance
actualValue = classifyTF{cvp.test(1),end};
predictedvalue = predict(classifierTF, classifyTF(cvp.test(1),1iend-1));

Check performance by computing and plotting the confusion matrix
confdata = confusionmat(actualValue, predictedvalue);
h = heatmap(confdata, ...
*Yiabel', 'Actual gear tooth fault’, ...
*Yoisplaylabels', {'False’, 'True'}, ...
*Xiabel', 'Predicted gear tooth fault’, ...
*Xpisplaylabels', {'False’, 'True'}, ...
*Colorbarvisible', "off');
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samplesPerRun = 1024; % time samples taken from each signal
spectrunBins = samplesPerRun / 2; % spectrum points kept (one-sided)
numberOfRuns = height(raubata); % should be 208

Spectrumliatrix = zeros(numberOfRuns, spectrumBins); % one row per run

for runNumber = 1:numberOfRuns
% Get this run’s vibration signal (a timetable: Time + Data columns)
vibrationSignal = rawData.Vibration{runliumber};

% (a) discard the 10-second start-up transient
vibrationsignal = vibrationsignal(vibrationSignal.Time

seconds(10), 1);

% (b) resample onto an evenly spaced time grid
timeInSeconds = seconds(vibrationSignal.Time);
evenTimeGrid = linspace(timeInseconds(1), timeInSeconds(end), samplesPerRun);
resampledSignal = interpl(timeInSeconds, vibrationSignal.Data,

evenTimeGrid, 'linear');

% (c) frequency spectrum via the FFT (magnitude only)
% Note: we deliberately KEEP the very first spectrum value (the "DC" or zero-frequency component)
spectrun = abs(fft(resampledsignal)) / samplesPerun;

% (d) keep the first half, (e) log-compress, store as one row
Spectrumliatrix(runtiumber, :) = logle(spectrum(1:spectrumbins) + eps);
end

% The fault labels for each run (columns of true/false values)
sensorDriftlabels = rawbata.SensorDrift; ¥ true = sensor is drifting

shaftiiearlabels = rawbata.Shaftiear; % true = shaft is worn
toothFaultlabels = rawbata.ToothFault; ¥ true = gear tooth damaged
faultCodeLabels = rawDsta.FaultCode; % combined -7 code
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rng(@) % fix the random number seed so everyone gets the same split

% First split: keep 70% for training, put 3% aside (validagtion & test)

firstsplit = cpartition(categorical(faultCodelabels), 'Holdout', 0.3, Stratify’,false);
trainingRous = find(training(firstsplit));
heldoutRous = Find(test(firstsplit));

% Second split: divide the held-out 30% equally into validation and test

secondsplit vpartition(categorical (faultCodeLabels(heldoutRous)), ‘Holdout', ©.50,Stratify’,false);
validationRous = heldOutRows( training(secondsplit));
testRous, heldoutRows(test(secondsplit));

fprintf(*Data split: %d training, % validation, %d test runs\n’,
numel (trainingRowus), numel(validationRows), numel(testRows));
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trainingtlean = mean(spectrumatrix(trainingRows,:), 1);
trainingStd - std(spectrumiatrix(trainingRous, <), 0, 1)i|
trainingStd(trainingstd — 6) - 1; % avoid dividing by zero

normalisedSpectra = (spectrumMatrix - trainingMean) ./ trainingstd;
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driftTraininglabels = sensorDriftLabels(trainingRous);

driftieights = zeros(size(driftTrainingLabels));
driftueights(driftTraininglabels) = 0.5 / sun(driftTraininglabels);
drifthieights(~driftTraininglabels) = 0.5 / sum(~driftTraininglabels);

% faulty runs
% healthy runs
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rng(8)
sensorDriftNet = fitcnet(
normalisedSpectra(trainingRous

), driftTraininglabels, ...

“eights”, driftieights, ...
R »,

‘Activations’, ‘relu’,

Lanbda’, 1e3,

“Standardize’, false, ... % ue already normalised in Step 3

‘ValidationData', {normalisedspectra(validationRows, :), sensorDriftlabels(validationRous)}, ...
“Validationpatience’, 10,

‘Iterationlimit’, 2000,

[False; true]);

% Predict on the unseen test rows and report accuracy
driftpredictions = predict(sensorDrifthet, normalisedSpectra(testRous,:));

driftTestaccuracy = mean(driftPredictions == sensorDriftLabels(testRous));
driftTrainAccuracy = mean(predict(sensorDriftiiet, normalisedSpectra(trainingRous, :))

riftTraininglabels);

fprintf(‘sensorDrift test accuracy: ¥5.1f%%  (training: ¥5.1f%)\n’, ...
100%driftTestAccuracy, 100%driftTrainAccuracy);

Figure("Name®, 'Per-fault confusion matrices (raw spectra)’)
confusionchart(sensorDriftLabels(testRous), driftPredictions, .
‘Title', 'Sensor drift’)
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rngle)
ShaftTraininglabels = shaftliearLabels(trainingRous);

Shaftiieights = zeros(size(ShaftTrainingLabels));
Shaftueights(shaftTraininglabels) = 0.5 / sun(ShaftTraininglabels); % faulty runs
Shaftueights (~ShaftTraininglabels) = 0.5 / sun(~ShaftTraininglabels); % heslthy runs

Shaftiieariet = fitcnet( ...
normalisedSpectra(trainingRous, :), ShaftTraininglabels, ...

“Weights®, Shaftieights, ...
*Layersizes’, 20,

*Activations’, trelu’, ...

*Lambda’, 13, .

*Standardize’, false, % we already normalised in Step 3

‘Validstionbata',  {normalisedSpectra(validationRows,:), shaftiearlabels(validationRous)}, ...
*ValidationPatience’, 10,

‘Iterstionlimit', 2000, .

*Classhames’ , [false; true]);

% Predict on the unseen test rows and report accuracy

Shaftpredictions = predict(Shaftiiearliet, normalisedSpectra(testRous,:));
ShaftTestaccuracy = mean(ShaftPredictions == shaftliearLabels(testRous));
ShaftTrainAccuracy = mean(predict(Shaftilearliet, normalisedSpectra(trainingRous, | ShaftTraininglabels);

fprintf(*shaftiear test accuracy: ¥5.1f%%  (training: ¥5.1F8)\n’, ...
100°ShaftTestAccuracy, 109%ShaftTrainccuracy);

Figure(*Name', 'Per-fault confusion matrices (raw spectra)’)
confusionchart(shaftiiearLabels (testRous), ShaftPredictions, ...
‘Title', 'Shaft Wear')
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rng(@)
GearToothTraininglabels = toothFaultLabels(trainingRous);

GearToothlieights = zeros(size(GearToothTraininglabels));
GearToothlieights (GearToothTrainingLabels) = 6.5 / sum(GearToothTraininglabels); ¥ faulty runs
GearToothieights (~GearToothTrainingLabels) = 6.5 / sum(~GearToothTraininglabels); ¥ healthy runs

GearToothiiet = fitcnet( .
normalisedSpectra(trainingRous

, GearToothTraininglabels, ...

“eights®, GearToothieights, ...
“Layersizes’, 2,

“Activations’, ‘relu’,

“Lambda’, 1e-3,

“Standardize’, false, % we already normalised in Step 3

‘Validationbata’,  {normalisedsSpectra(validationRous,:), toothFaultlabels(validationRous)}, ...
“ValidationPatience’, 10, ...

‘Tterstionlimit', 2000,

*Classhanes', [false; truel);

% Predict on the unseen test rows and report accuracy
GearToothFaultPredictions = predict(GearToothliet, normalisedSpectra(testRous,:));

mean(GearToothFaultPredictions == toothFaultLabels(testRous));
mean(predict (GearToothliet, normalisedSpectra(trainingRous, :))

GearToothTestAccuracy.
GearToothTrainAccuracy

GearToothTrainingLabels);

fprintf(‘GearTooth test accuracy: ¥5.1f%%  (training: ¥5.178)\n’, ...
100°GearToothTestAccuracy, 109*GearToothTrainAccuracy);

Figure(*Name ', 'Per-fault confusion matrices (raw spectra)’)
confusionchart(toothFaultLabels (testRous), GearToothFaultPredictions, ...
"Title', ‘Gear Tooth Fault')
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% --- Sensor drift -
rng(e) % same fold assignment for every fault, for a fair comparison
driftCrossvaliiodel = Fitcnet(spectrumatrix, sensorDriftlabels, .
‘Layersizes’, 20, 'Lambda’, le-1, 'Standardize’, true, 'KFold', 5);
driftCrossvalPredictions = kfoldPredict(driftCrossValiiodel);
driftCrossValAccuracy = mean(driftCrossValPredictions == sensorDriftlabels);
fprintf(*sensorbrift 5-fold CV accuracy: %5.1f¥\n’, 100*driftCrossValaccuracy);

% - Shaft wear -
rg(@)
shattCrossvsliiodel = fitcnet(spectrumistrix, shaftieariabels, ...
“Layersizes’, 20, 'Lambda’, le-1, ‘Standardize’, true, 'KFold', 5);
shaftCrossvleredictions - kfoldpredict(shaftCrossvaliodel);
ShaftCrossvslaccuracy = mesn(shsftCrossValPredictions — shafticsrLabels);
Fprintf(’shaftiear | 5-fold CV sccurscy: %5.17%\n’, 100°shaftCrossVslaccuracy);

% - Gear tooth fault -
rg(@)
toothCrossValiidel - Fitcnet(spectrumiatrix, toothraultiabels, ...

“Layersizes’, 20, 'Lambda’, le-1, ‘Standardize’, true, 'KFold, 5);
toothCrossvalpredictions  kfoldpredict (toothCrossvaliodel);
oothCrossValaccuracy = mean(toothCrossValpredictions — foothaultLabels);
fprintf(‘ToothFault  5-fold CV accuracy: %5.17%%\n’, 108*toothCrossvalaccuracy);
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