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Agenda

Generate power converter aging data using Simscape
Build Al models interactively for predictive maintenance
Leverage domain expertise to enhance accuracy of predictive models

Deploy predictive algorithm on hardware or cloud
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Types of Maintenance

- Reactive — Do maintenance once there’s a speclina
problem 4\
— Problem: unexpected failures can be expensive and /S

potentially dangerous — T
A
. Scheduled — Do maintenance at a regular rate ~ eih - T
— Problem: unnecessary maintenance can be wasteful; 5 il usabl
may not eliminate all failures .

= Predictive — Forecast when problems will arise Machine |——wu

R S Opti ti [
— Problem: difficult to make accurate forecasts for nod “--}& do maintenance
% Predicted failure

complex equipment

.

Time




Many industries are applying predictive maintenance
with MATLAB & Simulink today

e A .
Industrial Equipment

Atlas Copco

Food & Bevera

Renewable Energy

OiI Gas |

Baker Hughes

Electric Utilities

IMCORP

Manufacturing

Aerospace

All Nippon Airways
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https://www.mathworks.com/videos/minimizing-cost-of-ownership-with-simulation-and-digital-twins-1562180559389.html
https://www.mathworks.com/company/user_stories/coca-cola-develops-virtual-pressure-sensor-with-machine-learning-to-improve-beverage-dispenser-diagnostics.html
https://www.mathworks.com/company/user_stories/baker-hughes-develops-predictive-maintenance-software-for-gas-and-oil-extraction-equipment-using-data-analytics-and-machine-learning.html
https://www.mathworks.com/company/user_stories/mondi-implements-statistics-based-health-monitoring-and-predictive-maintenance-for-manufacturing-processes-with-machine-learning.html
https://www.mathworks.com/company/user_stories/korea-institute-of-energy-research-develops-ai-based-predictive-maintenance-models-for-offshore-wind-power.html
https://www.mathworks.com/company/newsletters/articles/using-deep-learning-for-predictive-maintenance-of-underground-power-cable-systems.html
https://www.mathworks.com/company/user_stories/krones-develops-package-handling-robot-digital-twin.html
https://www.mathworks.com/company/user_stories/all-nippon-airways-uses-matlab-to-predict-aircraft-component-failures.html

4\ MathWorks

What does a predictive maintenance algorithm do?

( Is my machine A
operating Anomaly Detection | need help.
M@JQ 4%}%” normally?
V \3 J
( Why is my h
M )& machine behaving Fagl.t Detecttllon _One of my cylinders
V‘”LM“ \ abnormally? [PIEG s |cs)) is blocked.
How much longer Rerr!aining_ Use.ful | will shut down your
can | operate my Life Estimation . .
machine? (Prognostics) | line in 15 hours.
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Power Converters — An Enabling Technology for More
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Why Power Converters Fail?

— Semiconductor Devices

— Electrolytic Capacitors

— Electrical Contacts

— Inductors

— Resistors

— Others

Data Ref: A Method Based on NGO-HKELM for the Autonomous Diagnosis of Semiconductor Power Switch Open-
Circuit Faults in Three-Phase Grid-Connected Photovoltaic Inverters
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Confidence bound | |

= = = Actual RUL

Remaining Useful Life Estimation of a DC-Link

Capacitor in a Power Converter
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https://in.mathworks.com/help/predmaint/ug/rul-estimation-of-dc-link-capacitor-in-power-converter.html
https://in.mathworks.com/help/predmaint/ug/rul-estimation-of-dc-link-capacitor-in-power-converter.html
https://in.mathworks.com/help/predmaint/ug/rul-estimation-of-dc-link-capacitor-in-power-converter.html
https://in.mathworks.com/help/predmaint/ug/rul-estimation-of-dc-link-capacitor-in-power-converter.html
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Failure Precursors of IGBTs

When IGBT ages, following parameter changes:

d,
Gate "_@2
S, « Threshold Voltage

Source  Transconductance

* Ve On/ On-state Resistance
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Failure Precursors of IGBTs

« Aging signs can be reflected in output voltage

- s | la—p and current waveforms
— b
l;? b lb—p « These signs may get diluted due to:
A~ oJ N
| ¢ v’ Measurement noise
=" v" Influence of other passive components (such
Input Output

Q as harmonic filter)
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Model Faults in Power Converters and Generate

Synthetic Data

—

Electrical
§°¢ §7°¢ §? §¢
L Simscape J

« Simscape is a physical modeling tool
« Enables modeling and Simulation of
Electronic, mechatronic, and

electrical power systems

AY
/1

l;'} b i
od o=
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Vabc_inv
s Vabe (pu)
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DEMO (Synthetic Data Generation)
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Model Faults in Power Converters and Generate

Synthetic Data
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Simulated ageing of power converters
to generate synthetic data
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~ 5% change = ‘Healthy’

~ 6 - 11% change =

~ 12 - 18% change = ‘Moderate’

~ more than 18% change = ‘Extreme’

Test_data_Healthy_file 2

Test_data_Healthy_file 3

Test_data_Healthy_file 4

Test_data_Healthy_file 5

Test_data_Healthy_file 6

Test_data_Healthy_file 7

Test_data_Healthy_file 8

Test data Healthy file 9

Test data fault in phaseAH Sign of Aging Extreme file 11
Test data fault in phaseAH Sign of Aging Extreme file 5
Test data fault in phaseAH Sign of Aging Mild file 1

Test data fault in phaseAH Sign of Aging Mild file 7

Test data fault in phaseAH Sign of Aging Moderate file 3
Test data fault in phaseAH Sign of Aging Moderate file 9
Test data fault in phaseAL Sign of Aging Extreme file 12
Test data fault in phaseAL Sign of Aging Extreme file 6
Test data fault in phaseAL Sign of Aging Mild file 2

Test data_fault in phaseAL Sign of Aging Mild file 8
Test_data_fault in phaseAL_Sign of_ Aging Moderate file_10
Test_data_fault in phaseAL_Sign of_ Aging Moderate file_4
Test_data_fault in phaseBH_Sign of_ Aging_Extreme file 11
Test_data_fault in phaseBH_Sign of_ Aging_ Extreme file_5
Test_data_fault in phaseBH_Sign of_ Aging Mild file 1
Test_data_fault in phaseBH_Sign of_ Aging Mild file 7
Test_data_fault in phaseBH_Sign of_ Aging_Moderate file_3
Test_data_fault in phaseBH_Sign_ of_Aging Moderate file_9
Test data fault in phaseBL Sign of Aging Extreme file 12
Test data fault in phaseBL Sign of Aging Extreme file 6
Test data fault in phaseBL Sign of Aging Mild file 2

Test data fault in phaseBL Sign of Aging Mild file 8

Test data fault in phaseBL Sign of Aging Moderate file 10
Test data fault in phaseBL Sign of Aging Moderate file 4
Test data fault in phaseCH Sign of Aging Extreme file 11

@\ MathWorks
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Predictive Maintenance Algorithm Development Workflow

( Acquire Data \

-

\,

Generated
Data

~\

-

Sensor Data

g

Preprocess
Data

I

Feature

/Develup Detectionor Prediction Mndel\

Identify
Condition |:> Train Model |:> :Jtipluy t& -
Indicators ntegrate

Al / Machine
Engineering CET]]e]
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Data Preparation

Signal Trace
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| omwess| e eism| eossn| 40w eisem| 556 16(90000x T ti... |90000x7 ti.. |90000x1 ti.. (90000x T ti.. |90000x7 ti.. |90000x7 ti.. Tmild A H AH C\Users\s...
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Feature extraction

[H 48x12 table = Slgnal StatIStICS

1 2 3 4 5 6 7 8

Va Vb Ve la Ib Ic ageingDetected ageingSeverity —_— Mean

11/90000x7 ti... |90000xT ti.. 90000x7 ti.. 90000x1 ti.. | 90000xT ti.. 90000x7 ti.. 0 healthy
12/90000x7 ti... |90000xT ti.. 90000x7 ti.. 90000x1 ti.. | 90000xT ti.. 90000x7 ti.. 0 healthy H H H
13900007 ti... |90000xT ti.. 90000x7 ti.. 90000x1 ti.. | 90000xT ti.. 90000x7 ti.. 1 extreme Slgnal to nOISe ratlo
14/90000x7 ti... |90000xT ti.. 90000x7 ti.. 90000x1 ti.. | 90000xT ti.. 90000x7 ti.. 1 extreme
15/90000x7 ti... |90000xT ti.. 90000x7 ti.. 90000x1 ti.. | 90000xT ti.. 90000x7 ti.. 1 mild - Pea k freq Uen Cy . .
16/90000x7 ti... |90000xT ti.. 90000x7 ti.. 90000x1 ti.. | 90000xT ti.. 90000x7 ti.. 1 mild C d t I d t /
17900007 ti... |90000xT ti.. 90000x7 ti.. 90000x1 ti.. | 90000xT ti.. 90000x7 ti.. 1 moderate O n I I O n n I Ca O rS

18/90000x7 ti... |90000xT ti.. 90000x7 ti... 90000x 1 ti.. | 90000xT ti.. 90000x7 IL.. 1 moderate N o .
— Health Indicators/

- Data fusion and Features
transformation

— Principal component
analysis

— Regression
— Normalization

19
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Building an Al Model

MACHINE LEARNING
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3. 12 T ooy 960% ©| 45 . O
— i E i S -
- B ® 0 penacy s67% L - =
~ FulSignal 3 Last change: Coarse Tree. i features 4 . Gamect
e T o m v e v e . % ooone
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~ FeatueTable! 2 g Lastchange: Quadralic Discriminani 44 features g
2 oy H
: 2 % e ncowcy 5% | 3
~ s " 202 B Loo chanpe Linear SV e | 8
CrestFactor “
n125 2252 2254 225 2258 o 4 05 0 05 1 15 2 25 3 17 s Acowsay. §7.3%
ImpulseFactor Last change: Quadratic SVM 44 foatures
Kutoss | Vibration tsa sigsats RMS Vibration_tsa_sigstats/Skewness Vibration_tsa_sigstats/Std
CLASSIFICATION REGRESSION CLUSTERING - et 2
5 209 <
Ll 3 3 Model 1.5 Trained
~buss 20 1
\_ \_ GamvedFom Tachoaa VoD | § e Resus B .
“Time (seconds) o o Acouracy SB7% features.
— bE— O T ® T m Y @ 0 Prediction speed ~5800 obslsec 45 5 55 6 65 7 75 8
IS s IS s ot () Tnasine 032228 sec - i
. . . [Hstor] [Paramet= & Data set: fishertable  Obsenvations: 150  Size: 25kB  Predictors: 4 Respanse: Spedes  Response Classes: 3 Validation: 5-fold Cross Validation
Naive Bayes Linear Regression K-Means, K-Medoids
S \ \

Nearest Neighbor e Fuzzy C-Means app to extract, visualize, and try different classifiers and find

rank features from data for the best fit for data sets.
machine diagnostics

Discriminant . . .
. Gaussian Process Hierarchical
Analysis

A A A
N 4

Support Vector

. Gavussian Mixture
Machines

Decision Trees Hidden Markov Model
p. v -

- e e % Diagnostic Feature Designer Classification Learner app to

-,
y

Ensemble Methods

-~
.

Neural Networks
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Building an Al-based ageing classification algorithm

2

Power Electronics Engineer Data Scientist

Signal Features -> Machine Learning
Accuracy: 90%+ [

4\ MathWorks
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Sequence Component Analysis of 3-phase Signal

Vzero 1 1
Vpositive = 1 a
Vnegative 1 a?

Where,a =1 2 120°

1
a? X
a

100

50

-50

-100

-1

100

50

-50

-100

Original Signal 00 Positive Sequence 5 Negative Sequence
50
0 0
-50
-100 -5
00 0 100 -100 0 100 -5 0 5
Original Waveform
T T
0 0.005 0.01 0.015 0.02 0.025 0.03 0.035
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Leveraging domain expertise to handle noise

2

Power Electronics Engineer Data Scientist
Domain expertise Signal Features -> Machine Learning
Sequence component analysis Accuracy: 90%+
Accuracy: 80%+ [ With noise: 65% X

4\ MathWorks
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Leveraging domain expertise to build a better Al algorithm!

2

Power Electronics Engineer Data Scientist

Domain expertise + Machine Learning
Sequence component analysis + Signal statistics
Accuracy: 90%+ [

4\ MathWorks
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Deploy your predictive maintenance algorithms

4@\ MathWorks

\ 4
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Key Takeaways

— Vabe (pu)
' G a A a \" i »*‘7’&3
soovoct () E : . 2 L ’f‘:f“ | D:T’%)
- .. =l
Generate power converter ageing data using Simscape e

Build Al models interactively for predictive

maintenance

Leverage domain expertise to enhance accuracy of

predictive models

@\ MathWorks

Deploy predictive algorithm on hardware or cloud
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A library of reference examples helps you get started quickly

= Templates for predictive
maintenance algorithms

= Topics cover
— Data acquisition and management
— Data preprocessing
— Feature engineering
— Machine learning model training
— Deployment

« Reuse as starting points for
your own applications

Multi-Class Fault Detection
Using Simulated Data

Use a Simulink model to generate
faulty and healthy data, and use the
data to develop a multi-class
classifier to detect different

e

Analyze and Select Features
for Pump Diagnostics

Use the Diagnostic Feature Designer
app to analyze and select features to
diagnose faults in a triplex
reciprocating pump

Anomaly Detection in
Industrial Machinery Using
Three-Axis Vibration Data

Detect anomalies in industrial-
machine vibration data using
machine learning and deep leaming.

Chemical Process Fault
Detection Using Deep
Learning

Use simulation data to train a neural
network than can detect faults ina
chemical process.

AEL T T 10

Broken Rotor Fault Detection
in AC Induction Motors
Using Vibration and...

Use the Diagnostic Feature Designer
app to detect broken rotor faults in
AC induction motors using vibration
and electrical signals.

[T el Sarwe e

Rolling Element Bearing
Fault Diagnosis Using Deep
Learning

Perform fault diagnosis of a rolling
element bearing using a deep
learning approach.

sehsed wh
dearee gep

4\ MathWorks

dathse i

:, == shdiegring 3eal
: el i

sucl 2 me

Fault Diagnosis of
Centrifugal Pumps Using
Steady State Experiments

Use a model-based approach for
detection and diagnosis of different
types of faults in a pumping system

Battery Second-life
Application State of Health
(SoH) Estimation of Li-ion...

Estimate battery state of health
(SoH) for second-life application
using measurements from first life
and terminal voltage during second

www.mathworks.com/help/predmaint/examples

28
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Training Course: Predictive Maintenance with MATLAB

Topics included in this 2-day course: { %
= Importing and organizing data A 2 3

0 0.5 1 -0.5 1] 0.5
Silhouette Value Silhouette Value

3
! 3
@ 2 9]
w3 w 4
= =]
o
4 5

-0.5 0 0.5 1 -0.5 0 0.5
Silhouette Value Silhouette Value

Model 1.1 (Fine
000
001 1
010 1
@ 011 2 1
o
&)
@
S
= 100

= Creating custom visualizations

Clusti

= Fault Detection/Classification

= Preprocessing to improve data quality, and
extract time and frequency domain features

= Estimating Remaining Useful Life (RUL)

= Interactive workflows with apps
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See detailed course outline
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https://www.mathworks.com/training-schedule/predictive-maintenance-with-matlab

Achieve Results Faster with MathWorks Predictive Maintenance Experts

Our experts can help your team with the entire predictive maintenance workflow:
Data Preprocessing, Exploratory Analysis, Predictive Modeling, and Operational Deployment

dﬂ QO 'z

Transparent Customized Return on
Approach Engagements Investment
You will have full access to all We’'ll work with you on a Reduce development time and
our work throughout your project. customized project plan cost, learn faster, and improve
Your self-sufficiency is our goal. aligned to your business goals. quality and collaboration.

www.mathworks.com/solutions/predictive-maintenance 30
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