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[bookmark: _Toc239777643]1/1 Introduction: 250 words 223 done 
Maintenance strategy when used correctly can have a direct impact on many parts of industry, these include operational safety, product quality and machine availability. Conventional methods such as preventative and reactive maintenance have been used but preventative methods can be used to detect a fault before it happens giving time planned maintenance to reduce downtime when busy. 
The purpose of this report is to Critically review maintenance within industrial operations comparing reactive, preventative and predictive maintenance strategies. This report will also review conventional techniques for condition monitoring and fault diagnosis such as statistical techniques using AI and conventional techniques such as vibrational analysis. 
A case study was created developing models for fault prediction. One of which is a neural network fault prediction method and the other is a PDM fault detection method.  Both methods were then used to create a comparison for fault accuracy detection. A confusion matrix is created to show accuracy of models. 
Within this report, the results collected will be compared for the best method of training but also to see which fault is hardest to detect and why and evaluate any findings found using statistical analysis and suggest methods for implementation for industrial deployment.
The report is concluded with recommendations for the best approach for use within the refinery with results to support the argument.   
[bookmark: _Toc239777644]4/4 Maintenance Strategies in Industrial Operations: 400 words done 

[bookmark: _Toc239777645]1/1 Reactive Maintenance 96 words done
According to (IBM), Reactive maintenance also known as corrective maintenance, is where maintenance is conducted only after the tool or machine has broken down. This is done when the cost of repair is lower than the cost of continuously maintaining the machine. An Example of this would be a pump. It would only be repaired when it is unable to function properly. Advantages according to (Goncalves) are simplicity and less planning required but can create longer term costs in repairs and safety concerns depending on the levels of failure of the part or system. 

[bookmark: _Toc239777646]1/1 Preventative Maintenance 90 words done
According to (SAP) preventative maintenance is used to reduce the risk of downtime by using inspections and services to reduce downtime and keep processes running smoothly.  There are a few different versions such as time, usage and condition based depending on what is required for the given machine or tool. An example of this would be servicing a machine after a given timeframe to ensure it is working properly and efficiency. According to (IBM, “Preventive Maintenance”) advantages include reduced downtime, improved reliability, safety and lower ongoing maintenance costs. 
 
[bookmark: _Toc239777647]1/1 Predictive Maintenance (PDM) 84 words done
According to (Graney), Predictive maintenance is using software that tracks part wear to predict exactly when downtime for servicing is required. This reduces time and extends the lift of usable parts. This requires training and prior information to train the system to make accurate predictions.  Advantages and disadvantages according to (IBM et al.) are reduced unplanned downtime, lower maintenance costs, improved safety and machine reliability. Disadvantages are skilled personnel required and very high investment in sensors and technology to implement.



 
[bookmark: _Toc239777648]1/1 Maintenance Comparison 101 words done. 
Table 1 - Maintenance type attributes table
[image: ]
Maintenance types should be used depending on how critical the process is and funds available for investment. Reactive maintenance is useful for non-critical machines e.g. emptying a tank when full.  Preventative maintenance uses schedules to improve reliability and reduce failure, an example of this is an annual service. Predictive maintenance is best used allowing for sensors to detect wear and faults providing the highest level of safety and lowest maintenance costs but requires the highest initial investment. Preventative maintenance is the best balance between reliability and cost according to (IBM, “Preventive Maintenance”)
[bookmark: _Toc239777649]2/2 Condition Monitoring and Fault Diagnosis: 400 words
[bookmark: _Toc239777650]Conventional Techniques 1 /1 200 words done 195
Conventional techniques are monitoring methods that are used in industry due to their reliability and low implementation costs.  
According to (Romanssini et al.) manual vibrational analysis is an effective tool used to identify different faults such as, misalignment, part wear and imbalance in rotating machinery. It collects detailed information but requires trained operators to use the data to determine maintenance requirements. 
According to (Jumpcloud ), Threshold alarms measure abnormalities by comparing values to set limits. Sensors are used to monitor parts when they operate out of set limits. An example of this is speed monitoring on a rotating system. 
Signal processing and statistical methods such as Fast Fourier Transform (FFT)and wavelet analysis according to (Ietezaz Ul Hassan et al.) are used to find abnormal behaviour in equipment using data collected from sensors. An example is if increased vibration is detected, this could show signs of wear on equipment. 
Advantages: 
· Low start-up cost.
· Tested fault detection methods. 
· Easily to interpret following training. 
(Kok et al.) 

Disadvantages 

· Requires training to interpret 
· Limited early detection.
· Possibility of false alarms.
· Noise sensitivity 
· (Aleksandra Grzesiek et al.)

[bookmark: _Toc239777651]Contemporary Approaches 1/1 200 words 183 words requires source
Contemporary approaches include using artificial intelligence or machine learning to use large amounts of data collected and be trained to support maintenance by predicting a fault before it occurs. Different learning models can learn characteristics of faults allowing for better predicting rates and help with fault diagnosing in complex industrial environments. Large amounts of data are required allow AI models to train with to correctly predict rates of failure accurately.  These can be used to detect issues like real time fault detection, the ability to schedule maintenance when is best prior to breakdown and predict the lifecycle of the machine allowing for better planning in downtime for replacement or repairs. A high investment of sensors and equipment is required to retrieve data to train models. 

Advantages
· Higher accuracy of fault detection
· Attached sensors allow for continuous real-time monitoring 
· Reduced overall downtime and better planning on required maintenance.


Disadvantages 
· High initial startup cost of sensors. 
· High dependence on high-quality data for fault prediction. 
· Models created can lack explainability for the results created for fault prediction. 
(Ietezaz Ul Hassan et al., “Review of Data Processing Methods Used in Predictive Maintenance for Next Generation Heavy Machinery”)

[bookmark: _Toc239777652]1/1 Case Study Model: 450 words 519 done

The case study model for Aberdaron Point Refinery is made up of two parts,  the predicative maintenance model and the neural network fault prediction as follows;
· Tooth fault gain, a damaged gear tooth products a torque disturbance which is detected. 0 = a healthy gear the further negative the result becomes, the more severe the tooth damage. 
· Shaft wear, lubricant oxidation and oil seepages causes shaft wear. This is measured by looking at the effective damping of the shaft. 0 = a healthy shaft whereas 1 = altered damping within shaft. 
· Vibration drift (Sdrift), Machine heat cycling and vibration causes a DC offset within the output of the sensor which can mask other faults.  Sdrift = 0 – 0.01 is a heathy sensor with tolerance for no fault.  Anything higher than this is considered Sdrift

Synthetic data  Is used due to the refinery not having large amounts of failure data due to very few recorded failures. Monitoring was installed after a large fault so there is not enough labelled data to train a classifier. The physics-based model within Simulink to generate both healthy and unhealthy results by doing the following; 
· Define arrays of fault- parameter values 
· Build Simulink array and run to simulate scenarios
· Extract results, discards starting data, attach fault labels 
· Extract condition-indicator features. 
Three shallow neural networks were created, one for each fault type. Each fault is represented with either yes or no using the Rawdata file. The shallow networks works using one hidden layer of 20 neurons. With different parts being changes such as regularization strength and rescaling.




Turning raw data into a fixed-length spectrum is essential for the following reasons;
· Requires same amount of inputs. 
· Resample signal into common grid.
· Take FFT to obtain frequency spectrum. 
· Remove last half due to signal duplication
· Take log10 for compression. 
Spectrum is used instead of time signal due to signal not starting on the same place each time. 
Data splitting (70% training, 15% validation, 15% test)
· Training used to train the networks.
· Validation used to determine when to stop.
· Test data used once at the end. (due to not training with results making it unreliable due to knowing answers)
(Soner Yıldırım)

All inputs are normalised to mean = 0 and standard deviation = 1 so all results are classified the same despite different number sizes. These are used for training rows only, if complete dataset is used, test information could leak into training results causing training rates to be higher than normal. 
An ensemble simulation is used to run all networks are run using Fast Fourier Transform (FFT) and stochastic field modelling to speed up modelling processes.   (Mandel et al.PMC2964148)
 Transient removal is used to remove spikes causing energy spreads that can create distortion and wideband noise. 
Feature extraction is used to turn raw data into smaller sets of structural data making it easier for data to be understood (IBM, “Feature Extraction”)
Fault labelling is used to label anomalies or faults that have been found. This is essential to understand the information found by the model ad what it means.  (Velasco-Gallego and Cubo-Mateo)
[bookmark: _Toc239777653]0.25/1 Comparative Analysis: 450 words
Both machine learning and neural network approaches work in two different ways. 
machine Learning vs Neural Network Approaches. Discuss the feature-based SVM vs raw-spectrum neural networks: methodology (splits, normalisation, cross-validation) and results (confusion matrices & accuracy figures).
Machine learning vs Nural network approaches.

Future based svm vs raw-spectrum neural networks 
Methodology (Splits, normalisation, cross validation and results 
Confusion matrix and accuracy figures. 
Improvements made to neural network to increase accuracy. 
[bookmark: _Toc239777654]0.25/1 Discussion: 650 words
Interpretation of the comparison in light of chapters 2–3 above: describe hardest fault and why, detection vs false-alarm trade-off, and deployment suitability with regards to availability, safety, and quality.
Analyse results between them. 
Hardest fault to find for pdm and why
Hardest fault to find for neural network why 
Detection vs false alarm for both. 
Deployment suitability with regards to availability, safety and quality 

[bookmark: _Toc239777655]0/1 Conclusions and Recommendations: 300 words 
 justified recommendation for deployment, supported by both the quantitative results and the literature; limitations and possible further work.
Recommend which one is best for what fault, what they could be used for and how they could be implemented, maybe if they are easy to implement. 





Tally for completion 
13 total 
8.5/ 13 =65% done 

Not counting references 

8.5/11=77%


[bookmark: _Toc239777656]0.5/1 References: 
Harvard convention (excluded from the word count).
[bookmark: _Toc239777657]0.5 /1 Appendices (optional, excluded from word count):
 additional figures or information not essential to the argument 
[bookmark: _Toc239777658]Neural network fault prediction 

[bookmark: _Toc239777659]Sensor drift
[bookmark: _Toc239777660]Layer size 
Layer size 20
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Layer size 10 
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Layer size 30 
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[bookmark: _Toc239777661]Lambda
Lambda = 1e-3 layer size 20
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Lambda = 1e-2 layer size 20
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Lambda = 1e-4 layer size 20
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Lambda = 1e-1 layer size 20
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[bookmark: _Toc239777662]Validation Patience 
Validation Patience = 10 
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Validation Patience = 5 
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Validation Patience = 15 
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[bookmark: _Toc239777663]Iteration limit 
Iteration limit = 2000
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Iteration limit = 3000
[image: ]
Iteration limit = 1000 
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[bookmark: _Toc239777664]Activations
 Relu 
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Tanh 
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[bookmark: _Toc239777665]Optimised 
Layer size = 10, Lambda =1e -3, Validation patience =10 ,Iteration limit =1000, Activations =relu 
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[bookmark: _Toc239777666]Shaft wear 
[bookmark: _Toc239777667]Layer Size 
Layer size = 20 
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Layer size = 10
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Layer size = 30 
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[bookmark: _Toc239777668]Lambda 
Lambda = 1e-3
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Lambda = 1e-2 
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Lambda = 1e-4
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[bookmark: _Toc239777669]Validation Patience 
Validation patience = 10 
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Validation patience = 20
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Validation patience = 30
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[bookmark: _Toc239777670]Iteration limit
Iteration limit = 2000 
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Iteration limit = 3000 
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Iteration limit = 1000
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Relu 
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Tanh 
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[bookmark: _Toc239777673]Gear tooth fault 
[bookmark: _Toc239777674]Layer size 
Layer size = 20 
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Layer size = 10 
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Layer size = 30 
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[bookmark: _Toc239777675]Lambda
Lambda = 1e -3 
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Lambda = 1e -2 
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Lambda = 1e-4
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[bookmark: _Toc239777676]Validation Patience
Validation patience = 10 
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Validation patience = 20
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Validation patience =  5
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Iteration limit = 2000 
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Iteration limit = 3000 
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Iteration limit = 1000
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[bookmark: _Toc239777680]PDM (predictive maintenance) assignment fault prediction
[bookmark: _Toc239777681]Sensor Drift 
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Ruildina Natwark 2- Shaft Waar v
< >
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] % adjust these to see what changes
58 rg(e)
59 sensorDriftNet = fitcnet(
60 normalisedspectra(trainingRows,:), driftTraininglabels,
61 “Meights®, driftieights,
62 “Layersizes’, 2, ...
63 *Activations®, ‘relu’, ...
64 “Lambda’, 1e-3,
65 *Standardize®, false, ... % we already normalised in Step
66 ‘Validationbata',  {normalisedspectra(validationRows,:), sensorD
67 *ValidationPatience’, 15, ...
68 ‘Iterationlimit’, 2068,
69 *ClassNames”, [false; true]);
70
71 % Predict on the unseen test rows and report accuracy
72 driftPredictions = predict(sensorDriftNet, normalisedspectra(testRous
73
74 driftTestAccuracy = mean(driftPredictions == sensorDriftLabels(testRow
75 driftTrainAccuracy = mean(predict(sensorriftNet,normalisedspectra(trai
76
7 Fprintf(‘SensorDrift test accuracy: ¥5.1F%%  (training: %5.1f%%)\n’,
78 100*driftTestAccuracy, 106*driftTrainAccuracy);
79
80 Figure(*Name',"Per-fault confusion matrices (raw spectra)’)
81 confusionchart(sensorDriftiabels(testRous), driftPredictions, ...
82 ‘Title', ‘Sensor drift')
Ruildina Natwark 2- Shaft Waar
4 CE—

SensorDrift test accuracy: 90.3%
Sensor drift

True Class

Predicted Class

(training:




image13.png
rediction_Student mbx

% adjust these to see what changes

rng(e)

sensorDrifthet = fitcnet( ...
normalisedSpectra(trainingRous, :), driftTraininglabels,
“Weights', driftueights, ...
*Layersizes’, 2, .

*Activations’, “relu’,

*Lambda®, le-3, ...

*Standardize’, false, ... % we already normalised in Step
‘Validationbata',  {normalisedspectra(validationRows,:), sensorD
*ValidationPatience’, 10, ...

*IterationLimit’, 2000, ...|

*ClassNames”, [false; true]);

% Predict on the unseen test rows and report accuracy
driftPredictions = predict(sensorDriftNet, normalisedspectra(testRous

driftTestAccuracy
driftTrainAccuracy

mean(driftPredictions == sensorDriftLabels(testRow
mean(predict(sensorDriftNet,normalisedspectra(trai

Fprintf(‘SensorDrift test accuracy: ¥5.1F%%  (training: %5.1f%%)\n’,
100*driftTestAccuracy, 106*driftTrainAccuracy);

Figure(*Name',"Per-fault confusion matrices (raw spectra)’)
confusionchart(sensorDriftlabels(testRous), driftPredictions,
‘Title', ‘Sensor drift')

Sensordrift test accuracy: 99.3% (training: 94.5%)
Sensor drift
™
g
[}
2
2
e
false true
Predicted Class




image14.png
_NﬂjrallblmkﬁlllPrmmSlmlnn‘x +

MATLAB Drive/Neural_Network_Faull_Prediction_Student mix

— @ % adjust these to see what changes. -
58 | rng(e)
59 | sensorDriftNet = fitcnet( ...
60 normalisedspectra(trainingRows, :), driftTraininglabels, ...
61 “Meights®, driftueights, ...
62 ‘Layersizes’, 20,
63 *Activations’, ‘relu’, ...
64 *Lambda®, le-3, ...
65 *Standardize’, false, % we already normalised in Step
66 ‘Validationbata’,  {normalisedspectra(validationRows,:), sensorD
67 *ValidationPatience’, 16, SensorDrift test accuracy: 90.3% (training: 94.5%)
68 ‘Iterationlimit’,  3pee, ... 3
69 *ClassNames®, [false; truel); Sensor drift
70
7 % Predict on the unseen test rows and report accuracy
72 driftpredictions = predict(sensorDriftNet, normalisedSpectra(testRous.
7
74 driftTestAccuracy = mean(driftPredictions == sensorDriftlabels(testRow | @
75 driftTrainAccuracy = mean(predict(sensorDriftNet,normalisedSpectra(trai S
76 °
77 Fprintf('SensorDrift test accuracy: ¥5.1f%% (training: %5.1f%%)\n’, 2
78 100*driftTestaccuracy, 108*driftTrainAccuracy);
79
s0 Figure(*Name’,"Per—fault confusion matrices (raw spectra)’)
81 | confusionchart(sensorDriftLabels(testRows), driftPredictions, ...
82 ‘Title', 'Sensor drift')
Predicted Class
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— 0 % adjust these to see what changes. -
58 rng(8)
59 sensorDriftiet = Fitcnet( .
60 normalisedspectra(trainingRows, :), driftTraininglabels, ...
61 “Meights®, driftueights, ...
62 ‘Layersizes’, T e
63 *Activations’, ‘relu’, ...
64 “Lambda’, 1e3,
65 “standardize’, false, ... % we already normalised in STeP | sencorbrift test accuracy: 90.3% (training: 94.5%)
66 ‘Validationbata’,  {normalisedspectra(validationRows,:), sensorD 3
67 “ValidationPatience’, 10, ... SenacK it
68 ‘Iterationlimit’, 1068,
69 *Classhames®, [false; true]);
i ' false
7 % Predict on the unseen test rows and report accuracy
72 driftpredictions = predict(sensorDriftNet, normalisedSpectra(testRous | @
73 S
74 driftTestAccuracy = mean(driftPredictions == sensorDriftiabels(testRow | &
75 driftTrainAccuracy - mean(predict(sensorDriftNet,normalisedSpectra(trai 2
76
7 #printf(‘SensorDrift test accuracy: ¥5.1f%%  (training: %5.1£%X)\n’,
78 100*driftTestaccuracy, 108*driftTrainAccuracy);
79
s0 Figure(*Name’,"Per—fault confusion matrices (raw spectra)’)
81 confusionchart(sensorDriftLabels(testRous), driftPredictions, ... P
82 ‘Title', ‘Sensor drift')
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-
57 % adjust these to see what changes
58 rg(e)
59 sensorDriftNet = fitcnet( .
60 normalisedspectra(trainingRows,:), driftTraininglabels, ...
61 “Meights®, driftueights, ...
62 “Layersizes’, 20,
63 *Activations®, ‘relu’, ...
64 “Lambda’, 1e-3, .
65 *Standardize®, false, ... % we already normalised in Step
66 ‘Validationbata',  {normalisedspectra(validationRows,:), sensorD
67 *ValidationPatience’, 10, ...
68 ‘IterationLimit’,  2pee, .
69 *ClassNames”, [false; true]);
70
71 % Predict on the unseen test rows and report accuracy
72 driftPredictions = predict(sensorDriftNet, normalisedspectra(testRous
73
74 driftTestAccuracy = mean(driftPredictions == sensorDriftLabels(testRow
75 driftTrainAccuracy = mean(predict(sensorriftNet,normalisedspectra(trai
76
Fprintf(‘SensorDrift test accuracy: ¥5.1F%%  (training: %5.1f%%)\n’,
100*driftTestAccuracy, 106*driftTrainAccuracy);
79
80 Figure(*Name',"Per-fault confusion matrices (raw spectra)’)
81 confusionchart(sensorDriftiabels(testRous), driftPredictions, ...
82 ‘Title', ‘Sensor drift')

Sensordrift test accuracy: 90.3%
Sensor drift
™
g
[}
2
2
e
false
Predicted Class

(training:

94.5%)
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57
58
59
60
61
62
63
64
65
66
67
68
69
70
7
72
73
74
75
76
77
78
79
s0
81
82

% adjust these to see what changes
| rng(e)
sensorDriftet = fitcnet(
normalisedSpectra(trainingRows,:), driftTraininglabels,
“Weights’, driftWeights, ...
“Layersizes’,
“Activations®, .
“Lambda®, 1e-3, .
*Standardize’, false, ... % we already normalised in Step
*ValidationData®, {normalisedSpectra(validationRows, :), sensorD
"validationPatience’, 10, ...
“IterationLimit’, 2000, ...
*ClassNames’, [false; true]);

% Predict on the unseen test rows and report accuracy
driftPredictions = predict(sensorDriftNet, normalisedspectra(testRous

driftTestAccuracy = mean(driftPredictions == sensorDriftLabels(testRow
driftTrainAccuracy = mean(predict(sensorriftNet,normalisedspectra(trai

Fprintf(‘SensorDrift test accuracy: ¥5.1F%%  (training: %5.1f%%)\n’,
100*driftTestAccuracy, 106*driftTrainAccuracy);

Figure(*Name',"Per-fault confusion matrices (raw spectra)’)
| confusionchart(sensorDriftiabels(testRous), driftPredictions, ...
‘Title', ‘Sensor drift')

SensorDrift test accuracy: 93.5% (training: 93.8%)

True Class

Sensor drift

Predicted Class
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% adjust these to see what changes

rng(e)

sensorDriftNet = fitcnet( ...
normalisedspectra(trainingRows, :

, driftTraininglabels,

“Meights®, driftueights,
“Layersizes’, Ty o
*Activations’, ‘relu’,
“Lambda’, le-3,
*Standardize’, false, ... % we already normalised in Step
“Validationbata’,  {normalisedSpectra(validationRows,:), Sensord | oo it accuracy: 96.6% (training: 52.5%)
*ValidationPatience’, 10, ... 3
‘Tterationlimit’, 1006, ... i Li
*Classhames®, [false; true]); '
% Predict on the unseen test rows and report accuracy = a
driftPredictions - predict(sensorDriftNet, normalisedSpectra(testRous. false.
2
driftTestAccuracy - mean(driftPredictions -- sensorbriftLabels(testRow | &
driftTrainAccuracy = mean(predict(sensorDriftiet, nornalisedspectra(trai | g
2
E
fprintf( SensorDrift test accuracy: %5.1F%%  (training: ¥5.1f)\n’,
100*driftTestAccuracy, 10@*driftTrainAccuracy); true 1
Figure(’Name',"Per—fault confusion matrices (raw spectra)’)
confusionchart(sensorDriftLabels(testRous), driftPredictions, ... P, .
‘Title', 'S drift e
itle’, 'Sensor drift’) T
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e | -
g Network 2: Shaft Wear
Using the code above as a guide, develop a neural network model to predict shaft SEETET S omTeRE SHE (s GHEY
wear faut conditions

Shaft wear

83 %% Enter Your Code Here %%
84 rng(e)

85 driftTraininglabels - shaftilearLabels(trainingRous);

o false
87 shaftileights — zeros(size(driftTraininglabels)); 2

88 Shaftileights(driftTraininglabels) - .5 / sun(driftTraininglabels); s

89 Shaftileights (~driftTraininglabels) - 0.5 / sun(~driftTraininglabels); H

% % adjust these to see what changes 2

o1 shaftDrifthet - Fitcnet(

2 normalisedSpectra(trainingRous, :), driftTraininglabels, ... e
93 “Weights", shaftieights, ... '

91 “Layersizes’, 20,

95 “Activations’, “relu’, ...

9% “Lambda’, 13, .

o7 *Standardize’, false, % we already Prediced Class
o8 ‘ValidationData’,  {normalisedSpectra(validationRous,:), shaftie

%9 “ValidationPatience’, 10,

100 ‘Tterationlimit', 2000, .

101 “Classhanes®, [false; true]);

102

103 % Predict on the unseen test rows and report accuracy

108 shaftPredictions - predict(shaftDriftNet, normalisedSpectra(testRous,

105 v

106 |« cHOm— >

A
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[ a
Building Network 2: Shaft Wear
Using the code above as a guide, develop a neural network model to predict shaft
wear fault conditions

83 X Enter Your Code Here %%

= ng(0) SensorDrift test accuracy: 51.6% (training: 74.7%)

85 driftTraininglabels = shaftuearLabels(trainingRous);

8 Shaft wear

87 shaftueights = zeros(size(driftTraininglabels));

88 shaftieights(driftTraininglabels) = @.5 / sum(driftTraininglabels);

89 shaftieights(~driftTraininglabels) = 0.5 / sum(~driftTrainingLabels);

£ % adjust these to see what changes faise

o1 shaftDrifthet = Fitcnet( - 2

22 normalisedspectra(trainingRows, :), driftTraininglabels, 8

93 “Weights®, shaftileights, ' o

94 | “Layersizes', 1p, ... S

% | *Activations’, “relu’, =

96 | “Lambda’, le-3, ... true

97 | “Standardize’, false, ... % we already normalised in Step

o8 | ‘Validationbata’,  {normalisedspectra(validationRows,:), shafthe

99 | *Validationpatience’, 16, ...

100 | “IterationLimit’, 2000, ...

101 | *Classhames®, [false; true]); Predicted Class

102 |

103 | % Predict on the unseen test rows and report accuracy

104 | shaftpredictions = predict(shaftDriftNet, normalisedspectra(testRous,

105 v

16 |« — >
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e | -
B g Network 2: Shaft Wear
Using the code above as a guide, develop a neural network model to predict shaft
‘wear fault conditions
83 %% Enter Your Code Here %%
24 rng(8)
85 driftTraininglabels - shaftWearLabels(trainingRows);
36
87 shaftileights = zeros(size(driftTrainingLabels)); SensorDrift test accuracy: 71.0% (training: 76.7%)
28 shaftueights(driftTraininglabels) = 8.5 / sum(driftTraininglabels);
29 shaftueights(~driftTraininglabels) = 8.5 / sum(~driftTraininglabels);
% % adjust these to see what changes sl
o1 shaftDriftNet - fitcnet( ...
92 normalisedSpectra(trainingRows, :), driftTraininglabels, ...
93 “Weights’, shaftueights, ... ' o
73 “Layersizes®, 30,
95 “Activations’, “relu’, ... 8
% *Lambda’, 1e-3, . o
97 *Standardize’, false, % we already =
98 “ValidationData’, {normalisedspectra(validationRows,:), shafthe &
99 “ValidationPatience’, 16, true
100 "IterationLimit®, 2000, .
101 “ClassNames®, [false; true]);
102
103 % Predict on the unseen test rows and report accuracy false =
104 shaftPredictions = predict(shaftDriftNet, normalisedSpectra(testRous, Predicted Class
105 v
106 | « CHE— »
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° shaftDriftNet = Fitcnet(

a
92 normalisedspectra(trainingRows, :), driftTraininglabels, ...

o3 “Meights®, shaftiieights, ...

04 ‘Layersizes’, E

95 *Activations’, ‘relu’, ...

9% “Lambda®, 1e-3) .

o7 *Standardize’, false, % we already normalised in Step

o8 ‘Validationbata’,  {normalisedspectra(validationRows,:), shafthe

9% *ValidationPatience’, 10,

) e e - SensorDrift test accuracy: 71.0%
101 *Classhames®, [false; true]); Shaft wear
102

103 % Predict on the unseen test rows and report accuracy

104 shaftpredictions = predict(shaftDriftNet, normalisedspectra(testRous,

105 false

166 shaftTestAccuracy = mean(shaftPredictions == shaftwearLabels(testRous) | ¢

107 shaftTrainAccuracy = nean(pr'edi(t(shaﬂ:l)r-iFtllet,mr'nalisedspectra(train' g

108

100 Fprintf('SensorDrift test accuracy: ¥5.1f%% (training: %5.1f%%)\n’, =

110 100*shaftTestAccuracy, 180*shaftTrainAccuracy); =

111 true

112 Figure(*Name’,"Per—fault confusion matrices (raw spectra)’)

13 confusionchart(shaftilearLabels(testRows), shaftPredictions, ...

114 ‘Title', 'Shaft wear’)

115 false true
116 Predicted Class
17
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shaftDrifthet = Fitcnet( ...
normalisedspectra(trainingRows,:), driftTraininglabels, ...

“Weights®, shaftueights, ...
“Layersizes’, 30,

*Activations®, “relu’, ...

*Lambda’, le-2, ...

*Standardize®, false, % we already normalised in Step

‘Validationbata',  {normalisedspectra(validationRows,:), shaftue
*ValidationPatience’, 10, ...

‘Iterationlimit’, 2660, ...

*ClassNames” , [false; true]);

% Predict on the unseen test rows and report accuracy
shaftpredictions = predict(shaftDriftNet, normalisedSpectra(testRows,

shaftTestAccuracy
shaftTrainAccuracy

mean(shaftPredictions == shaftwearLabels(testRous)
mean(predict(shaftbriftNet,normalisedspectra(train

Fprintf(‘SensorDrift test accuracy: ¥5.1F%% (training: %5.1f%%)\n’,
100*shaftTestAccuracy, 106*shaftTrainAccuracy);

Figure(*Name',"Per-fault confusion matrices (raw spectra)’)
confusionchart(shaftWearLabels(testRows), shaftPredictions, ...
‘Title', 'Shaft wear’)

SensorDrift test accuracy: 51.6%

True Class

false

Shaft wear

Predicted Class

(training:

true
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| e shaftDriftiet = Fitcnet( o
92 normalisedspectra(trainingRows, :), driftTraininglabels, ...
o3 “Meights®, shaftiieights, ...
04 ‘Layersizes’, EL
95 *Activations’, “relu’, ...
9% *Lambda’, 1e-a, ...
o7 *Standardize’, false, ... % we already
98 | *Validationdata',  {normalisedspectra(validationRows
e | T s 55, = SensorDrift test accuracy: 58.1% (training: 66.4%)
100 | “IterationLimit’, 2000, ... Shaft wear
101 | “ClassNames’, [false; truel);
102 |
103 | % Predict on the unseen test rows and report accuracy
104 | shaftPredictions = predict(shaftDriftNet, normalisedspectra(testRous, false
105 | ﬁ
106 | shaftTestAccuracy = mean(shaftPredictions shaftWearLabels(testRows) ©
107 | shaftTrainAccuracy = mean(predict(shaftDriftNet,normalisedSpectra(train o
we | | ' s
109 fprintf(‘SensorDrift test accuracy: %5.1f%%  (training: %5.1f%%)\n’, =
110 100*shaftTestAccuracy, 108*shaftTrainAccuracy); true
111
112 Figure(*Name',"Per-fault confusion matrices (raw spectra)’)
113 confusionchart(shaftilearLabels(testRows), shaftPredictions, ...
114 ‘Title', 'Shaft wear’) false true
115 Predicted Class
116

117
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shaftDriftNet = Fitcnet(

normalisedspectra(trainingRows,:), driftTraininglabels, ...

“Weights®,
“Layersizes’,

shaftueights, ...
30, .

*Activations®, “relu’,

*Lambda’, 1e-2) ...

*Standardize®, false, ... % we already normalised in Step
‘Validationbata',  {normalisedspectra(validationRows,:), shaftue
*ValidationPatience’, 10, ...

‘Iterationlimit’, 2660, ...

*ClassNames” , [false; true]);

% Predict on the unseen test rows and report accuracy
shaftpredictions = predict(shaftDriftNet, normalisedSpectra(testRows,

shaftTestAccuracy
shaftTrainAccuracy

mean(shaftPredictions == shaftwearLabels(testRous)
mean(predict(shaftbriftNet,normalisedspectra(train

Fprintf(‘SensorDrift test accuracy: ¥5.1F%% (training: %5.1f%%)\n’,
100*shaftTestAccuracy, 106*shaftTrainAccuracy);

Figure(*Name',"Per-fault confusion matrices (raw spectra)’)
confusionchart(shaftWearLabels(testRows), shaftPredictions, ...
‘Title', 'Shaft wear’)

SensorDrift test accuracy:

True Class

s1.6%
Shaft wear

Predicted Class
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shaftDrifthet = Fitcnet( ...
normalisedspectra(trainingRows,:), driftTraininglabels, ...
“Weights®, shaftueights, ...
“Layersizes’, EL
*Activations®, “relu’, .
*Lambda’, 1e-2,
*Standardize®, false, ... % we already in Step
‘Validationbata',  {normalisedspectra(validationRows,:), shaftue
*ValidationPatience’, 20, ...
‘Iterationlimit’, 2060,

*ClassNames” , [false; true]);

% Predict on the unseen test rows and report accuracy

shaftpredictions = predict(shaftDriftNet, normalisedSpectra(testRows,
shaftTestAccuracy = mean(shaftPredictions == shaftwearLabels(testRous)
shaftTrainAccuracy = mean(predict(shaftDriftNet,normalisedspectra(train

Fprintf('SensorDrift test accuracy: ¥5.1F%% (trainin
100*shaftTestAccuracy, 106*shaftTrainAccuracy);

%5.16%K)\n",

Figure(*Name',"Per-fault confusion matrices (raw spectra)’)
confusionchart(shaftWearLabels(testRows), shaftPredictions, ...
‘Title', 'Shaft wear’)

SensorDrift test accuracy: 61.3%

Shaft wear

(training: 71.9%)

True Class

' true.

false
Predicted Class

true
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| /MATLAB Drive/Neural Network_Faull_Preciction._Student mix

S Y shaftDriftiet = Fitcnet( o
92 normalisedspectra(trainingRows, :), driftTraininglabels, ...
o3 “Meights®, shaftiieights, ...
04 | ‘Layersizes’, 30, .
95 | *Activations’, ‘relu’,
96 | “Lambda’, 1e-2, ...
97 | *Standardize’, false, . n
98 | ‘Validationbata',  {normalisedspectra(validationRows, SensorDrift test accuracy: 61.3% (training: 71.9%)
99 | ‘ValidationPatience’, 3p, . Shaft wear
100 | “IterationLimit’, 2000, ...
101 | “ClassNames’, [false; truel);
102 |
103 | % Predict on the unseen test rows and report accuracy false
104 | shaftPredictions = predict(shaftDriftNet, normalisedspectra(testRous,
105 | 8
106 | shaftTestAccuracy = mean(shaftPredictions shaftWearLabels(testRows) o
107 | shaftTrainAccuracy = mean(predict(shaftDriftNet,normalisedSpectra(train 3
s | | ' 2
100 | fprintf( sensorbrift test accuracy: %5.1F%% (training: ¥5.1fE)\n’, e
110 | 18@*shaftTestAccuracy, 100*shaftTrainAccuracy);
m |
112 | figure(’Name','Per-fault confusion matrices (raw spectra)')
113 confusionchart(shaftilearLabels(testRows), shaftPredictions, ... false true
114 ‘Title', 'Shaft wear’) Predicted Class
115
116
17
v
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shaftDrifthet = Fitcnet( .
normalisedspectra(trainingRows,:), driftTraininglabels,

“Weights®, shaftueights, ...
“Layersizes’, EL

*Activations®, “relu’, ...

*Lambda’, le-2, ...

*Standardize®, false, ... % we already normalised in Step
‘Validationbata',  {normalisedspectra(validationRows,
*ValidationPatience’, 10, ...

‘Iterationlimit’,  26pe, ...

*ClassNames” , [false; true]);

% Predict on the unseen test rows and report accuracy
shaftpredictions = predict(shaftDriftNet, normalisedSpectra(testRows,

shaftTestAccuracy = mean(shaftPredictions == shaftwearLabels(testRous)
shaftTrainAccuracy = mean(predict(shaftDriftNet,normalisedspectra(train

Fprintf(‘SensorDrift test accuracy: ¥5.1F%% (training: %5.1f%%)\n’,
100*shaftTestAccuracy, 106*shaftTrainAccuracy);

Figure(*Name',"Per-fault confusion matrices (raw spectra)’)
confusionchart(shaftiearLabels(testRows), shaftPredictions,
‘Title', 'Shaft wear’)

SensorDrift test accuracy: 51.6% (training: 70.5%)
Shaft wear

True Class

Predicted Class
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shaftDriftiet = Fitcnet(

normalisedspectra(trainingRows,:), driftTraininglabels, ...
“Weights®, shaftueights, ...
“Layersizes’, 30, .
*Activations®, “relu’, ...
*Lambda’, le-2, ...
*Standardize®, false, ... % we already normalised in Step
‘Validationbata',  {normalisedspectra(validationRows,:), shaftue
*ValidationPatience’, 10, ...
‘Iterationlimit’, 3660, ...

*ClassNames” , [false; true]);

% Predict on the unseen test rows and report accuracy

shaftpredictions = predict(shaftDriftNet, normalisedSpectra(testRows,
shaftTestAccuracy = mean(shaftPredictions == shaftwearLabels(testRous)
shaftTrainAccuracy = mean(predict(shaftDriftNet,normalisedspectra(train

Fprintf(‘SensorDrift test accuracy: ¥5.1F%% (training: %5.1f%%)\n’,
100*shaftTestAccuracy, 106*shaftTrainAccuracy);

Figure(*Name',"Per-fault confusion matrices (raw spectra)’)
confusionchart(shaftWearLabels(testRows), shaftPredictions, ...
‘Title', 'Shaft wear’)

SensorDrift test accuracy: 51.6%

Shaft wear

(training: 70.5%)

True Class

Predicted Class
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° shaftDrifthet = Fitcnet( o

92 normalisedspectra(trainingRows, :), driftTraininglabels, ...

o3 “Meights®, shaftiieights, ...

04 | ‘Layersizes’, L, ===

95 | *Activations’, ‘relu’, ...

96 | “Lambda’, 1e-2, ...

97 | “Standardize’, false, ... % we already in Step

o8 | ‘Validationbata’,  {normalisedspectra(validationRows,:), shafthe

99 | ‘ValidationPatience’, 18, .

100 | “IterationLimit’, 1000, ...

101 | “ClassNames”, [false; true]); SensorDrift test accuracy: 51.6% (training: 70.5%)

162 | Shaft wear

103 | % Predict on the unseen test rows and report accuracy

104 | shaftPredictions = predict(shaftDriftNet, normalisedspectra(testRous,

105 |

106 | shaftTestAccuracy = mean(shaftPredictions == shaftWearLabels(testRows) false

107 | shaftTrainAccuracy = mean(predict(shaftDrifthet,normalisedSpectra(traing| o

o | )2

100 | fprintf( sensorbrift test accuracy: %5.1F%% (training: ¥5.1fE)\n’, o

110 | 160*shaftTestAccuracy, 108*shaftTrainAccuracy); 3

m | =

112 | figure(’Name','Per-fault confusion matrices (raw spectra)') true

113 confusionchart(shaftilearLabels(testRows), shaftPredictions, ...

114 ‘Title', 'Shaft wear’)

115

116

17 Predicted Class
-
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92 normalisedspectra(trainingRows, :), driftTraininglabels,

o3 “Meights®, shaftiieights, ...

94 | “Layersizes’, EL

95 | *Activations’, ‘relu’,

96 | “Lambda’, 1e-2, ...

97 | “Standardize’, false, ... % we already

98 | ‘Validationbata',  {normalisedspectra(valida

99 | “ValidationPatience’, 18, ...

100 | “IterationLimit’, 2000, ...

101 | “ClassNames’, [false; truel);

102 |

103 | % Predict on the unseen test rows and report accuracy

104 | shaftPredictions = predict(shaftDriftNet, normalisedspectra(testRous,
105 |

106 | shaftTestAccuracy = mean(shaftPredictions shaftWearLabels(testRows)
107 | shaftTrainaccuracy = mean(predict(shaftDriftNet,normalisedspectra(train
108 |

100 | fprintf( sensorbrift test accuracy: %5.1F%% (training: ¥5.1fE)\n’,
110 | 18@*shaftTestAccuracy, 100*shaftTrainAccuracy);

m |

112 | figure(’Name','Per-fault confusion matrices (raw spectra)')

113 confusionchart(shaftiiearLabels(testRows), shaftPredictions,

114 ‘Title', 'Shaft wear’)

115

116

17

SensorDrift test accuracy: 51.6% (training: 70.5%)
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' true.
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shaftDrifthet = Fitcnet( .
normalisedspectra(trainingRows,:), driftTraininglabels,

“Meights®, shaftiieights, ...
‘Layersizes’, 30, ...

*Activations’, “tanh’, .

“Lambda’,| 1e-2,

*Standardize’, false, ... % we already d
‘Validationbata',  {normalisedspectra(validationRows,:), shaftue
*ValidationPatience’, 10, ...

‘Iterationlimit’, 2060,

*ClassNames” , [false; true]);

% Predict on the unseen test rows and report accuracy
shaftpredictions = predict(shaftDriftNet, normalisedSpectra(testRows,

shaftTestAccuracy = mean(shaftPredictions == shaftwearLabels(testRous)
shaftTrainAccuracy = mean(predict(shaftDriftNet,normalisedspectra(train

Fprintf(‘SensorDrift test accuracy: ¥5.1F%% (training: %5.1f%%)\n’,
100*shaftTestAccuracy, 106*shaftTrainAccuracy);

Figure(*Name',"Per-fault confusion matrices (raw spectra)’)
confusionchart(shaftiearLabels(testRows), shaftPredictions,
‘Title', 'Shaft wear’)

SensorDrift test accuracy: 45.2%
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| @ | | shaFtoriftnet - fitcnet( ... o
52 normalisedSpectra(trainingRous, :), driftTraininglabels, ...
o3 “Weights', shaftieights, ...
% ‘Layersizes’, 30,
o5 *Activations’, “tanh’, ...
% *Lambda’, 1e-3, .
o7 *Standardize’, false, % we already normalised in Step
o8 “Velidationdata',  {normalisedSpectra(validationRous,:), shafthle | L e se
% *ValidationPatience’, 20,
100 ‘Iterationlimit’, 2000, .
101 *ClassNames', [false; truel);
102
103 % Predict on the unseen test rows and report accuracy
104 shaftPredictions = predict(shaftDriftNet, normalisedSpectra(testRous,
105
166 shaftTestAccuracy = mean(shaftPredictions - shaftWearLabels(testRous)
107 shaftTrainAccuracy = mean(predict(shaftDriftNet,normalisedSpectra(train g @
108 ' &
100 fprintf(*SensorDrift test accuracy: %5.1F%% (training: %5.1F%%)\n’, °
110 160*shaftTestAccuracy, 108*shaftTrainAccuracy); 2
111
12 figure(*Name®, *Per—fault confusion matrices (raw spectra)’)
13 confusionchart(shaftiearLabels(testRows), shaftPredictions, ...
114 ‘Title', 'Shaft wear’)
115
116
b Predicted Class
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120 toothFaultLabels = toothFaultLabels(trainingRows);
121
122 ToothFault = zeros(size(toothFaultLabels));
123 ToothFault(toothFaultLabels) = 0.5 / sum(toothFaultlabels); % faulty | (oo (oo o i oo amy
124 ToothFault(~toothFaultLabels) = 8.5 / sum(~toothFaultlabels); % health
125 % adjust these to see what changes
126 shaftDrifthet = Fitcnet(
127 normalisedspectra(trainingRows,:), toothFaultlabels, ...
128 “Meights®, ToothFault, ...
120 “Layersizes’, 20, ...
130 *Activations’, ‘relu’, ... false
131 “Lambda’, e-3, ...
132 *Standardize’, false, . % we already normalised in Step 8
133 ‘ValidationData’,  {normalisedspectra(validationRows,:), shafthe | G
134 *ValidationPatience’, 16, . 2
135 ‘Iterationlimit’, 2660, ... S
136 *Classhames’, [false; truel); -
137
138 % Predict on the unseen test rows and report accuracy '
139 shaftpredictions = predict(shaftDriftNet, normalisedSpectra(testRows,
140
e shaftTestAccuracy = mean(shaftPredictions == shaftwearLabels(testRous) Predicted Class

142 shaftTrainAccuracy = mean(predict(shaftDriftNet,normalisedspectra(train

143

144 fprintf(SensorDrift test accuracy: %5.1f%%  (training: %5.1f%%)\n’,

145 100*shaftTestAccuracy, 106*shaftTrainAccuracy);

146

147 figure("Name’,"Per-fault confusion matrices (raw spectra)’) v
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® | | rge)
120 toothFaultlabels - toothFaultlLabels(trainingRows);
121
122 ToothFault = zeros(size(toothFaultLabels));
123 ToothFault(toothFaultlabels) = 0.5 / sum(toothFaultlabels);
124 ToothFault(~toothFaultLabels) = 0.5 / sum(~toothFaultlabels);
125 % adjust these to see what changes
126 shaftDriftiet = Fitcnet( ...
127 normalisedspectra(trainingRows,:), toothFaultlabels, ...
128 “Weights®, ToothFault, ...
129 “Layersizes, 10,
130 *Activations®, ‘relu’, ...
131 “Lambda’, 1e-3, .
132 *Standardize®, false, % we already normalised in Step
133 ‘Validationbata',  {normalisedspectra(validationRows,:), shaftue
134 *ValidationPatience’, 10, ...
135 ‘IterationLimit’, 2660, .
136 *Classhames”, [false; true]);
137
138 % Predict on the unseen test rows and report accuracy
139 shaftpredictions = predict(shaftDriftNet, normalisedSpectra(testRows,
140
141 shaftTestAccuracy = mean(shaftPredictions = shaftearLabels(testRous)
142 shaftTrainAccuracy = mean(predict(shaftDriftNet,normalisedspectra(train
143
144 fprintf(SensorDrift test accuracy: %5.1f%%  (training: %5.1f%%)\n’,
145 100*shaftTestAccuracy, 106*shaftTrainAccuracy);
146
147 figure("Name’,"Per-fault confusion matrices (raw spectra)’)
¢ G —

SensorDrift test accuracy: 58.1%
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118 %% Enter Your Code Here data in lines 29-31 %%
119 rng(e)
120 toothFaultLabels - toothFaultLabels(trainingRows);
on SensorDrift test accuracy: 64.5% (training: 74.7%)
122 ToothFault = zeros(size(toothFaultLabels)); Gear tooth fault
123 ToothFault(toothFaultlabels) = @.5 / sum(toothFaultlabels); % faulty
124 ToothFault(~toothFaultLabels) = @.5 / sum(~toothFaultLabels); % health
125 % adjust these to see what changes
126 shaftDriftNet = fitcnet( false
127 normalisedSpectra(trainingRows,:), toothFaultLabels, ... g
128 “Weights’, ToothFault, ... ©
129 “Layersizes®, 30, ... <
130 "Activations”, ‘relu’, - 2
131 “Lambda’, e-3, ... v
132 *Standardize’, false, ... % we already normalised in Step true
FEE} “ValidationData’, {normalisedspectra(validationRows,:), shafthe
134 "ValidationPatience’, 10, .
FEL "IterationLimit®, 2000, ...
136 “ClassNames®, [false; true]); false true
137 Predicled Class
138 % Predict on the unseen test rows and report accuracy
139 shaftPredictions - predict(shaftDriftNet, normalisedSpectra(testRows,
140
141 shaftTestAccuracy - mean(shaftPredictions —- shaftWearLabels(testRous)
142 chafrTrainacruracy = mean(nredict(chaftni Frlat normalicadSnactraltrain

4 C— »





image37.png
_NejrallblmkﬁlllPrmmSlmlnnx +

TMATLAB Drive/Neural_Nefwork_Faull_Prediction_Student mix

— 1 e | a
Building Network 3: Gear Tooth Fault
118 %% Enter Your Code Here data in lines 29-31 %%
119 rng(e)
120 toothFaultLabels - toothFaultLabels(trainingRows);
121 SensorDrift test accuracy: 67.7% (training: 90.4%)
122 ToothFault = zeros(size(toothFaultLabels)); Gear tooth fault
123 ToothFault(toothFaultlabels) = @.5 / sum(toothFaultlabels); % faulty
124 ToothFault(~toothFaultLabels) = @.5 / sum(~toothFaultLabels); % health
125 % adjust these to see what changes
126 shaftDriftNet = fitcnet( - false
127 normalisedSpectra(trainingRows,:), toothFaultLabels, ... »
128 “Weights’, ToothFault, . s
129 “Layersizes®, 20, o
130 *Activations®, ‘relu’, ... S
131 *Lambda’, le-3, . "
132 *Standardize’, false, % we already normalised in Step troe
FEE} “ValidationData" {normalisedspectra(validationRows,:), shafthe
134 “ValidationPatience’, 16,
FEL "IterationLimit 2000, .
136 “ClassNames®, [false; true]);
137 Predicted Class
138 % Predict on the unseen test rows and report accuracy
139 shaftPredictions = predict(shaftDriftNet, normalisedSpectra(testRows,
140
141 shaftTestAccuracy = mean(shaftPredictions == shaftWearlabels(testRous)
142 chaftTrainarcurary = moan(nredict(chaftnrifriat normalisedSnactraltrain
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18 %% Enter Your Code Here data in lines 20-31 X%
119 rng(e)
120 toothFaultlabels - toothFaultLabels(trainingRous);
121
122 ToothFault - zeros(size(toothFaultLabels)); . .
123 ToothFault(toothFaultlabels) - .5 / sum(toothFaultlabels); % faulty SEEooxE eIyl Gy (ol €0
124 ToothFault(~toothFaultLabels) = @.5 / sum(~toothFaultlabels); % health Gear tooth fault
125 % adjust these to see what changes

126 shaftDriftiet = Fitcnet(
127 normalisedspectra(trainingRows,:), toothFaultlabels, ...
128 “Weights®, ToothFault, ...

129 “Layersizes, 20, .
130 *Activations®, “relu’,
131 “Lambda’, 1e-2, ...

132 *Standardize®, false, ... % we already norma
133 ‘Validationbata',  {normalisedspectra(valida
134 *ValidationPatience’, 10, ... true
135 ‘Iterationlimit’, 2660, ...

136 *Classhames”, [false; true]);
137
138 % Predict on the unseen test rows and report accuracy

139 shaftpredictions = predict(shaftDriftNet, normalisedSpectra(testRows,
140

121 shaftTestAccuracy
142 chaftTrainAecimary

false

True Class

Predicted Class

mean(shaftPredictions -~ shaftWearLabels(testRous)
meanfnredict{ chaftnriftNet narmalicodSnactraltrain
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118 %% Enter Your Code Here data in lines 29-31 %%
119 rng(e)
120 toothFaultLabels - toothFaultLabels(trainingRows);
121 SensorDrift test accuracy: 67.7% (training: 90.4%)
122 ToothFault = zeros(size(toothFaultLabels)); Gear tooth fault
123 ToothFault(toothFaultlabels) = @.5 / sum(toothFaultlabels); % faulty
124 ToothFault(~toothFaultLabels) = @.5 / sum(~toothFaultLabels); % health
125 % adjust these to see what changes
126 shaftDriftNet = fitcnet( ... false.
127 normalisedSpectra(trainingRows,:), toothFaultLabels, ... A
128 “Weights®, ToothFault, ... s
129 “Layersizes®, 20, ... [+
130 *Activations®, “relu’, ... S
131 “Lambda’, 1le-a, =
132 *Standardize’, false, ... % we already normalised in Step e
FEE} “ValidationData’, {normalisedspectra(validationRows,:), shafthe
134 “ValidationPatience’, 10, ...
FEL "IterationLimit®, 2000,
136 “"ClassNames’, [false; true]); false true
137 Predicted Class
138 % Predict on the unseen test rows and report accuracy
139 shaftPredictions - predict(shaftDriftNet, normalisedSpectra(testRows,
140
141 shaftTestAccuracy = mean(shaftPredictions == shaftWearlabels(testRous)
142 chafrTrainacruracy = mean(nredict(chaftni Frlat normalicadSnactraltrain
>
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118 %% Enter Your Code Here data in lines 20-31 %%
119 rng(e)

120 toothFaultlabels = toothFaultLabels(trainingRous); ST G R 05 (oS T
121

122 ToothFault = zeros(size(toothFaultLabels)); Gear tooth fault
123 ToothFault(toothFaultlabels) = ©.5 / sum(toothFaultlabels); % faulty

124 ToothFault(~toothFaultLabels) = @.5 / sum(~toothFaultlabels); % health

125 % adjust these to see what changes .

126 shaftDriftlet - fitcnet(

127 normalisedSpectra(trainingRows,:), toothFaultLabels, ... 2

128 “Weights®, ToothFault, ... S

120 ‘Layersizes’, 2, . °

130 *Activations’, “relu’, 2

131 *Lambda’, 1e2, ..

132 *Standardize’, false, . % we already normalised in Step e

133 ‘ValidationData’,  {normalisedSpectra(validationRows,:), shaftiie

134 “ValidationPatience’, 10, .

135 ‘Iterationlimit’, 2000, ...

136 *ClassNames®, [false; truel); &= o =
137

138 % Predict on the unseen test rows and report accuracy

139 shaftPredictions = predict(shaftDriftNet, normalisedSpectra(testRous,

140

141 shaftTestaccuracy = mean(shaftpredictions — shaftuieartabels(testRous) _

142 chaftTrainarcurary = moan(nrarict(<haftini£rNat normalisedSnactraltrai
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18 2 Enter Your Code Here data in lines 29-31 %%
119 rng(e)
120 toothFaultLabels = toothFaultLabels(trainingRows);
121
122 ToothFault = zeros(size(toothFaultLabels));
123 ToothFault(toothFaultLabels) = 8.5 / sum(toothFaultlabels); % faulty
124 ToothFault(~toothFaultLabels) = 0.5 / sum(~toothFaultlabels); % health | cencororift test accuracy: 67.7% (training: 90.4%)
125 % adjust these to see what changes
126 shaftDriftNet = Fitcnet( ... Gear tooth fault
127 normalisedspectra(trainingRows, ), toothFaultlabels, ...
128 “Meights®, ToothFault, ...
120 “Layersizes’, 20, ... =
130 *Activations’, ‘relu’, .
131 “Lambda’, le-2, 2
132 *Standardize’, false, ... % we already normalised in Step S
133 ‘Validationbata’,  {normalisedspectra(validationRows,:), shaftiel o
132 *ValidationPatience’, 2B, -.. 2
135 *IterationLimit® 2606,
136 *ClassNames®, [false; truel); e
137
138 % Predict on the unseen test rows and report accuracy
139 shaftpredictions = predict(shaftDriftNet, normalisedspectra(testRous, = =
a0 Predicted Class
141 shaftTestAccuracy - mean(shaftPredictions -~ shaftiearLabels(testRous)
142 chafrTrainacruracy = mean(nredict(chaftni Frlat normalicadSnactraltrain
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118 %% Enter Your Code Here data in lines 29-31 %% SensorDrift test accuracy: 67.7% (training: 90.4%)
e rng(8) Gear tooth fault
120 toothFaultLabels - toothFaultLabels(trainingRows);
121
122 ToothFault = zeros(size(toothFaultLabels));
123 ToothFault(toothFaultlabels) = 8.5 / sum(toothFaultlLabels % faulty false.
124 ToothFault(~toothFaultLabels) = @.5 / sum(~toothFaultLabels); % health »
125 % adjust these to see what changes o
126 shaftDriftNet = fitcnet( o
127 normalisedSpectra(trainingRows,:), toothFaultLabels, ... 3
128 “Weights®, ToothFault, ... [
129 “LayerSizes®, 20, &
130 "Activations”, ‘relu’, ...
131 “Lambda’, le-2, .
132 *Standardize’, false, ... % we already normalised in Step
FEE} “ValidationData {normalisedspectra(validationRows,:), shafthe
134 *ValidationPatience’, 5|, . Predicted Class
FEL "IterationLimit®, 2000, ...
136 “ClassNames®, [false; true]);
137
138 % Predict on the unseen test rows and report accuracy
139 shaftPredictions = predict(shaftDriftNet, normalisedSpectra(testRows,
140
141 shaftTestAccuracy = mean(shaftPredictions == shaftWearlabels(testRous)
142 s e e e Qs e
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118 %% Enter Your Code Here data in lines 29-31 %% SensorDrift test accuracy: 67.7% (training: 90.4%)
1o rne(e) Gear tooth fauit

120 toothFaultlabels - toothFaultlLabels(trainingRows);
121

122 ToothFault = zeros(size(toothFaultLabels));

123 ToothFault(toothFaultlabels) = 0.5 / sum(toothFaultlabels); % faulty false

124 ToothFault(~toothFaultLabels) = 8.5 / sum(~toothFaultlabels); % health |

125 % adjust these to see what changes H

126 shaftDriftiet = Fitcnet( ... [}

127 normalisedspectra(trainingRows,:), toothFaultlabels, ... 3

128 “Weights®, ToothFault, ... =

129 “Layersizes, 2, ... true

130 *Activations®, “relu’, .

131 “Lambda’, 1e-2,

132 *Standardize®, false, ... % we already normalised in Step

133 ‘Validationbata',  {normalisedspectra(validationRows,:), shaftue false true
134 *ValidationPatience’, 10, ... Predicted Class
135 ‘Iterationlimit’, 2060,

136 *Classhames”, [false; true]);

137

138 % Predict on the unseen test rows and report accuracy

139 shaftpredictions = predict(shaftDriftNet, normalisedSpectra(testRows,

140

141 shaftTestAccuracy - mean(shaftPredictions —- shaftWearLabels(testRous)

142 chaftTrainAccimacy = moan(nredict(chafHNniftNat normalicadSnactraltrain





image44.png
_NejrallblmkﬁlllPrmmSlmlnnx +

TMATLAB Drive/Neural_Nefwork_Faull_Prediction_Student mix

e | a
Building Network 3: Gear Tooth Fault

18 2 Enter Your Code Here data in lines 29-31 %%
119 rng(e)
120 toothFaultLabels - toothFaultLabels(trainingRows); SensorDrift test accuracy: 67.7% (training: 90.4%)
121 Gear tooth fault
122 ToothFault = zeros(size(toothFaultLabels));
123 ToothFault(toothFaultLabels) = 8.5 / sum(toothFaultlabels); % faulty
124 ToothFault(~toothFaultLabels) = 8.5 / sum(~toothFaultlabels); % health
125 % adjust these to see what changes false
126 shaftDrifthet = Fitcnet( ... g
127 normalisedSpectra(trainingRows, :), toothFaultlabels, . k]
128 “Weights®, ToothFault, ... o
120 “Layersizes’, 20, ... l
130 *Activations’, ‘relu’, ... =
131 “Lambda’, 1e-2, true
132 *Standardize’, false, ... % we already normalised in Step
133 ‘ValidationData’,  {normalisedspectra(validationRows,:), shafthe
134 *ValidationPatience’, 10, ...
135 ‘Iterationlimit’, 3060,
136 “ClassNames”, [false; truel); Predicted Class
137
138 % Predict on the unseen test rows and report accuracy
139 shaftpredictions = predict(shaftDriftNet, normalisedspectra(testRous,
140
141 shaftTestAccuracy - mean(shaftPredictions -~ shaftiearLabels(testRous)
142 chafrTrainacruracy = mean(nredict(chaftni Frlat normalicadSnactraltrain
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118 %% Enter Your Code Here data in lines 29-31 %%
119 rng(e)
120 toothFaultLabels - toothFaultLabels(trainingRows);
121 SensorDrift test accuracy: 67.7% (training: 90.4%)
122 ToothFault = zeros(size(toothFaultLabels)); Gear tooth fault
123 ToothFault(toothFaultlabels) = @.5 / sum(toothFaultlabels); % faulty
124 ToothFault(~toothFaultLabels) = @.5 / sum(~toothFaultLabels); % health
125 % adjust these to see what changes
126 shaftDriftNet = fitcnet( . false

127 normalisedspectra(trainingRows,:), toothFaultlabels,
128 “Weights®, ToothFault, ...

129 “Layersizes, 2, ...
130 *Activations®, “relu’,
131 “Lambda’, le-2,
132 *Standardize®, false, ... % we already normalised in Step true
nRows, 1), shaftie

True Class

133 ‘Validationbata',  {normalisedspectra(valida
134 *ValidationPatience’, 10, ...

135 ‘Iterationlimit’, 1068,
136 *Classhames”, [false; true]);
137 Predicted Class
138 % Predict on the unseen test rows and report accuracy

139 shaftpredictions = predict(shaftDriftNet, normalisedSpectra(testRows,
140
141 shaftTestAccuracy - mean(shaftPredictions —- shaftWearLabels(testRous)
142 chaftTrainAccimacy = moan(nredict(chafHNniftNat normalicadSnactraltrain
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18 2 Enter Your Code Here data in lines 29-31 %%
119 rng(e)
120 toothFaultLabels = toothFaultLabels(trainingRows);
121
o ToothFault - zeros(size(toothFaultlabels)); SensorDrift test accuracy: 67.7% (training: 90.4%)
123 ToothFault(toothFaultLabels) = 8.5 / sum(toothFaultlabels); % faulty
124 ToothFault(~toothFaultLabels) = 8.5 / sum(~toothFaultlabels); % health Gear tooth fault
125 % adjust these to see what changes
126 shaftDrifthet = Fitcnet( ...
127 normalisedspectra(trainingRows, ), toothFaultlabels, ...
128 “Weights®, ToothFault, ... false
120 “Layersizes’, 20, ...| g
130 *Activations’, ‘relu’, ... k.
131 “Lambda’, 1e-2, . g
132 *Standardize’, false, % we already normalised in Step 2
133 ‘ValidationData’,  {normalisedspectra(validationRows,:), shafthe
134 *ValidationPatience’, 10, ... e
135 ‘Iterationlimit’, 2000, .
136 *Classhames’, [false; true]);
137
138 % Predict on the unseen test rows and report accuracy
130 shaftpredictions = predict(shaftDriftNet, normalisedSpectra(testRows, Predicied Class
140
141 shaftTestAccuracy - mean(shaftPredictions -~ shaftiearLabels(testRous)
142 <hafrTrainace e an(neads C+{ <haftni Nt normalicadSnactraltrain
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118 %% Enter Your Code Here data in lines 20-31 %%

119 rng(e)

120 toothFaultlabels = toothFaultLabels(trainingRous);

121

122 ToothFault = zeros(size(toothFaultLabels));

123 ToothFault(toothFaultlabels) = ©.5 / sum(toothFaultlabels); % faulty

124 ToothFault(~toothFaultLabels) = 0.5 / sum(~toothFaultlabels); % health | semsordrift test accuracy: 64.5% (training: 75.3%)
125 % adjust these to see what changes

126 shaftDriftiet = Fitcnet( Gear tooth fault
127 normalisedSpectra(trainingRows, :), toothFaultLabels, ...

128 “Weights', ToothFault, ...

120 ‘Layersizes’, 20, ... .

130 “Activations’, “tanh’, ...

131 “Lambda’, 102, L. 2

132 Standardize’, false, ... % we already normalised in Step S

133 ‘ValidationData’,  {normalisedSpectra(validationRows,:), shaftiel o

134 “ValidationPatience’, 10, . 2

135 ‘Tterationlimit’, 2008, ...

136 *ClassNames®, [false; truel); R

137

138 % Predict on the unseen test rows and report accuracy

139 shaftPredictions = predict(shaftDriftNet, normalisedSpectra(testRous, = =
e Predicted Class
141 shaftTestaccuracy = mean(shaftpredictions — shaftuieartabels(testRous) _

142 chaftTrainarcurary = moan(nrarict(<haftini£rNat normalisedSnactraltrai
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