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Monitor Processes Improve Quality Schedule

* Improve asset availability * Diagnose defects on Maintenance
« Monitor energy use production line « Predict faults in equipment
« Manage inventory » Optimize yield « Decrease downtime

Why do companies care about anomaly detection " MathWorks:
for industrial processes and machinery?
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Industrial Cooling Fan Anomaly Detection Algorithm Development for Deployment to a Microservice Docker Image

Detection of anomalies from sensor measurements is an important part of an equipment condition monitoring process for preventing catastrophic failure. This example shows the first part of a two-part end-te-end workflow for
creating a predictive maintenance application from the development of a machine learning algorithm that can ultimately be deployed as a trained machine learning model in a Docker® microservice.

The example uses a Simulink® model to synthetically create measurement data for both normal and anomalous conditions. A support vector machine (SVM) model is trained for detecting anomalies in load, fan mechani
sumption of an industrial cooling fan. The model detects a load anomaly when the system is working on overloaded conditions, that is, when the system work demand exceeds designed limits. A fan anomaly is det
fault occurs within the mechanical subsystem of the motor or the fan. Finally, a power supply anomaly can be detected by a drop in the voltage.

The companion example, Deploy | Cooling Fan Anomaly Detection Algorith (MATLAB Compiler SDK), shows the actual deployment of the model in a Docker environment.

Data Generation

In this example, a thermistor-controlled fan model defined using Simscape™ Electrical™ blocks, generates the measurements. This Simulink model includes thermal, mechanical and electrical components of a fan. You can learn more about this model in Therrr ontrolled Fan
(Simscape Electrical).

addpath(’ a_Gener /", 'Data_Generato i ionli B Get~
mdl CoolingFanWithFault
open_system(mdl)
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Thermistor-Controlled Fan
1. Plot temperature and other conditions in system (see code)

2. Explore simulation resulls using sscexplore
3. Learmn more about this example
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Industrial Fan Shipping Demo: Digital Twin 0‘ MathWorks
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« Simulink/Simscape model simulates fan with electrical,
thermal, and mechanical components

 Anomalies injected: Load, Fan Mechanics, Power Supply

« Data collected from voltage, power, and temperature
sensors

Industrial Fan Shipping Demo: Digital Twin 0‘ MathWorks
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FILE APPS
<K [—3 ﬁ@ (3 » C: » Users » rmuemmle > OneDrive - MathWorks » Documents » MATLAB » Examples » R2025a » predmaint » CoolingFanAnomalyDetectionExample >

CoolingFanAnomalyDetectionExample.mix x

> \Users\rmuemmie\OneDrive - MathWorks\Documents\MATLAB\Examples\R2025a\predmaint\CoolingFanAnomalyDetectionExample\CoalingFanAnomalyDetectionExample mix

Industrial Cooling Fan Anomaly Detection Algorithm Development for Deployment to a Microservice
Docker Image

Detection of anomalies from sensor measurements is an important part of an equipment condition monitoring process for pgeventing catastrophic failure. This example shows
the first part of a two-part end-to-end workflow for creating a predictive maintenance application from the development of a “chine learning algorithm that can ultimately be
deployed as a trained machine learning model in a Docker® microservice.

The example uses a Simulink® model to synthetically create measurement data for both normal and anomalous conditions. A support vector machine (SVM) model is trained
for detecting anomalies in load, fan mechanics, and power consumption of an industrial cooling fan. The model detects a load anomaly when the system is working on
overloaded conditions, that is, when the system work demand exceeds designed limits. A fan anomaly is detected when a fault occurs within the mechanical subsystem of the
motor or the fan. Finally, a power supply anomaly can be detected by a drop in the voltage.

The companion example, Docker Deployment Example, shows the actual deployment of the model in a Docker environment.

Data Generation

In this example, a thermistor-controlled fan model defined using Simscape™ Electrical™ blocks, generates the measurements. This Simulink model includes thermal,
mechanical and electrical components of a fan. You can learn more about this model in Thermistor-Controlled Fan Model.

addpath( 'Data_Generator/', 'Data_Generator/VaryingConvectionLib/');
mdl = "CoolingFanWithFaults";
open_system(mdl)

- (*-) ] - Editor: 100% UTF-8 LF Script Ln 43 Col 1

Data Generation and Preprocessing o‘ MathWorks
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FILE APPS
<‘,3 rﬁ ﬁ% 3 » C: » Users » rmuemmle > OneDrive - MathWorks » Documents » MATLAB » Examples » R2025a » predmaint » CoolingFanAnomalyDetectionExample »

Coolin: omalyDetectionExample.mlix X

le\OneDrive - MathWaorks\D: ne! ATLAB'\Example yredmaint\CoolingFan, alyDetectionExample\CoolingFanAnomalyDete: xample mix

Anomaly Signal_tsmodel/Coefl Signal_tsmodel/Coef2 Signal_tsmodel/Coef3 Signal_tsmodel/AIC Signal_tsmodel/Freql Signal_tsmodel/Mean Signal_

9.16609 -0.11822 -12.79 0.0025644 0.026824
false -1. 0.83297 -9.47675 -20.106 ©.031022 0.14107
true -1. 0.03862 -0.00024365 - 0.0015275 ©8.010568
false -1.392 0.77075 -0.36842 - 6 0.028122 0.127
true 3 0.033209 0.0083011 . 0.0012723 0.0090939
false . 9.91192 -0.53337 . 0.03001 0.14099
false . 3 0.88587 5 . ©.033932 ©.12105
false +3969 0.82543 .460 9.87 0.037174 0.14529

Once the feature tables, which contain the features and the labels, have been computed for each anomaly type, train an SVM model with a gaussian kernel. Further, as seen
in summary of one of the feature tables, the features have different ranges. To prevent the SVM model from being biased towards features with larger values, set the
Standardize parameter to true. Save the three models to the anomalyDetectionModelSVM.mat file for use in a later section.

.ml = fitcsvm(featureTableTrainl, 'Anomaly’', 'Standardize’,true, 'KernelFunction','gaussian');

.m2 = fitcsvm(featureTableTrain2, 'Anomaly', ‘'Standardize’,true, 'KernelFunction','gaussian');

.m3 = fitcsvm(featureTableTrain3, 'Anomaly', 'Standardize’,true, 'KernelFunction','gaussian');
% Save model for reuse later

save anomalyDetectionModelSVM m

Model Testing and Validation

To test the model accuracy, use the data in the testEnsemble. Read the signal and anomaly data in testEnsemble, and from that data, create a data ensemble using the

Editor: 100% UTF-8 LF Script

Fea’Fure Extraction using Diagnostic Feature " MathWOI’kS®
Designer App
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FILE APPS
& ﬁ ﬁ@ (3 » C: » Users » rmuemmle > OneDrive - MathWorks » Documents » MATLAB » Examples » R2025a » predmaint » CoolingFanAnomalyDetectionExample »

CoolingFanAnomalyDetectionExample.ml

muemmie\O /e - MathV C 1 TLAB'\Examples 2 redmaint\CoolingFanAnomalyDetec ample\CoalingFanAnomaly xample mix

Anomaly Signal_tsmodel/Coefl Signal_tsmodel/Coef2 Signal_tsmodel/Coef3 Signal_tsmodel/AIC Signal_tsmodel/Freql Signal_tsmodel/Mean signal_

9.16609 -0.11822 -12. 0.0025644 0.026824
false -1. 0.83297 -0.47675 -20. ©.031022 0.14107
true -1. 0.03862 -0.00024365 -13. 0.0015275 ©8.0e1e568
false . 9.77075 -0.36842 9 0.028122 0.127
true .0 0.033209 0.0083011 . 0.0012723 0.0090939
false . 0.91192 -0.53337 9.85 0.03001

false . 0.88587 -0,49755 @ 9.13105
false . 0.82543 -0.4607 0.03 0.14529

Once the feature tables, which contain the features and the labels, have been computed for each anomaly type, train an SVM model with a gaussian kernel. Further, as seen

in summary of one of the feature tables, the features have different ranges. To prevent the SVM model from being biased towards features with larger values, set the
Standardize parameter to true. Save the three models to the anomalyDetectionModelSVM.mat file for use in a later section.

m.ml = fitcsvm(featureTableTrainl, 'Anomaly', 'Standardize’,true, 'KernelFunction','gaussian');
m.m2 = fitcsvm(featureTableTrain2, 'Anomaly', ‘Standardize’,true, 'KernelFunction’,'gaussian');

m.m3 = fitcsvm(featureTableTrain3, 'Anomaly', 'Standardize’,true, 'KernelFunction','gaussian');

% Save model for reuse later
save anomalyDetectionModelSVM m

Model Testing and Validation

To test the model accuracy, use the data in the testEnsemble. Read the signal and anomaly data in testEnsemble, and from that data, create a data ensemble using the

Editor: 100% UTF-8 LF Script

Model Testing and Fault Classification o‘ MathWorks
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® |Paffeaturebxtraction_codegen_24b b [ Feature Extraction
function y = fcn(Signall,Signal2,Signal3)
persistent BufferData;
if isempty(BufferData)
BufferData = zeros(®@,nargin);
end
BufferData = [BufferData;[Signall,Signal2,Signal3]];
y = zeros(1,18); Z
BufferSize = 20@9; EDTOR PUBLISH
BufferOverlap = @; &= H O compare = | gjﬁ - 'En [E] section Break. P &
if size(BufferData,l) == BufferSize New Opn Stve (Gpint »  GoTo —Fnd ™ Refactor 2l BE B gy, B RunandAdvance
StartTime = ©; A : Ef“fftm“ - ‘m e | E?R‘,’:'_fl"d -
SamplingRate = 1; || Segnosickemures mesmingm [ N )
EndTime = (SamplingRate*BufferSize+StartTime-Samplir 223 w = filter(a,1,y);
Signall = BufferData(:,1); b

: 225 % Estimate model residuals.
Signal2 = BufferData(:,2); e e - Filter(a,1,x);
S|gna|2 ‘ Signal3 = BufferData(:,3); 227 _ o .
InputData = timetable(seconds(startTime:SamplingRateﬁj; :F:;E‘W:"Enfrl'zl”d”“l feature values.
fcn tbl = [diagnosticFeatures_streaming|InputData); 230 AIC = log(Ep) + 2%p/N;
y = table2array(tbl); 231 Mean = mean(e, ‘omitnan’);
if size(BufferData,2)>1 j: RMS = rms(e, 'omitnan®);

BufferData(1: (BufferSize-BufferOverlap),:) = [1; 234 | % Concatenate signal features.
235 | featureValues = [Freql,AIC,Mean,RHS];

[

WSO B Ww R

Run  Step Stop

else
. ) 236
Signal3 BufferData(1: (BufferSize-Bufferoverlap)) = [1; 237 | % Package computed features into a table
and 238 featureMames = {'Freql’,'AIC', 'Mean', 'RMS'};
239 Signal_tsmodel_2 = array2table(featureValues, 'VariableNames',featureNames);

end o
end 241 % Append computed features to featureTable

newFeatureNames = cell(1, numel(featurelames));
F t E t t -] for ct = 1:numel(featureNames)

eature Xiraction newFeatureNames{ct} = ['Signal_tsmodel 2/' featureNames{ct}];

end
Signal_tsmodel_2 = renamevars(Signal_tsmodel 2, featureNames, newFeaturelames);
featureTable = [featureTable, Signal_tsmodel _2];

Zoom: 15% UTF-8 LF diagnasticFeatures_streaming

Feature Extraction / Fault Classification o‘ MathWorks
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Deep Learning for Signals in MATLAB
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Getting Started

Prepare for training with introductory tutorials

Over 30 hours of free, online training across many topics

Courses

Bridge the skills gap

Over 70 courses across 9 Focus Areas, addressing
Fundamental, Intermediate and Advanced Training needs

Training SeI‘ViceS POI'th"O Custom Curricula

Tailored content

We can accommodate tight schedules by combining course
content and tailoring content to address unique training needs

Format

Accommodate learning styles

8 of the courses are online (self-paced) and all are available
as ILT (virtual and in-person, in public and private settings)

Packaging
Flexible options for whatever works best for you

All courses are individually priced. Self-paced courses are
available as a 12-month subscription.
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MATLAB and Simulink Consulting Services

Achieve Results Faster

Work with MathWorks to speed up your MATLAB and
Simulink Projects

Advisory Process Custom Strategic
Services Assessments Projects Partnership

s @ S

Transparent Approach Customized Engagements Return on Investment

For more information see our Proven-Solutions website.
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