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Why perform predictive maintenance?

- Example: faulty braking system leads to

windmill disaster \( /

— https://youtu.be/-YJuFvitM0s?t=39s

= Your equipment can cost millions of
dollars

= Failures can be dangerous

« Maintenance also very expensive and
dangerous


https://youtu.be/-YJuFvjtM0s?t=39s
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Types of Maintenance

= Reactive — Do maintenance once there’s a problem
— Example: replace car battery when it has a problem
— Problem: unexpected failures can be expensive and potentially dangerous

= Preventive — Do maintenance at a regular rate
— Example: change car’s oil every 5,000 miles
— Problem: unnecessary maintenance can be wasteful, may not eliminate all failures

= Predictive — Forecast when problems will arise

— Example: certain GM car models forecast problems with the battery, fuel pump, and
starter motor

— Problem: difficult to make accurate forecasts for complex equipment



What Does Success Look Like?
Safran Engine Health Monitoring Solution

= Monitor Systems
— Detect failure indicators
— Predict time to maintenance
— Identify components

= Improve Aircraft Availability
— On time departures and arrivals
— Plan and optimize maintenance
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Engine systems monitored

Performance Senersl
Hvdrauli - Modular analysis »Ano.maly deft(?cuon .
ydraulic system - Thermodynamic cycle monitoring - Fusion/Decision making
- Debris - Fleet cartography

- Smart filter
- Consumption

Control system

- Sensors Monitoring

- Actuators Monitoring

- Assisted troubleshooting
- Failure wamings

— Reduce engine out-of-service time

Fuel system ; .
- Smart filter )
- Fuel pump 3
Mechanical health
- Imbalance analysis
= i - Vibrations HF
Ignition capability  Elaating svints
- Start up monitoring
- Sparking plug monitoring
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=  Reduce Maintenance Costs
— Troubleshooting assistance

o Desktop
— Limit secondary damage

* Ad-hoc data analysis

Compiled Enterprise

Shared Integration

» Suite of MATLAB Analytics = Real-time analytics

» Analytics to predict failure = Shared with other teams + Integrated with

*  Proof of readiness maintenance and service
systems

2015

MATLAB ; .
UIRTUAL CONFERENCE a http://www.mathworks.com/company/events/conferences/matlab-virtual-conference/



http://www.mathworks.com/company/events/conferences/matlab-virtual-conference/
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Predictive Maintenance of Turbofan Engine

Sensor data from 100 engines of the same model -¢
Predict and fix failures before they arise i

— Import and analyze historical sensor data

— Train model to predict when failures will occur
— Deploy model to run on live sensor data

— Predict failures in real time Fa"ﬁ Comiustae: N Il

e > S
r r R

Data provided by NASA PCoE

http://ti.arc.nasa.gov/tech/dash/pcoe/prognostic-data-repository/ LPC  HPC



http://ti.arc.nasa.gov/tech/dash/pcoe/prognostic-data-repository/
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Modeling Approaches

First Principles Modeling Data-Driven Modeling

—

Simulink Simscape . Simulink System Statistics and
Design Optimization Identification Machine

Toolbox Learning Toolbox

Tools for Modeling Dynamic Systems
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Challenges

1. Data — Do you have enough/correct data?

A failure might be a rare occurrence — how do you develop an algorithm if
you don’t know what a failure looks like

2. How do you find the best possible algorithm?

3. How do you deploy your algorithm into production?



Overview — Machine Learning

Type of Learning

Supervised
Learning

Machine
Learning

Develop predictive
model based on both
input and output data

Unsupervised
Learning

Group and interpret
data based only
on input data

&\ MathWorks
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Using Unsupervised Machine Learning to Detect Deterioration
of an Engine
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= fullDataset.mat
| knnclassifier.mat
| pairscatter.m
| parsePVPairs.m
* phmMonitor.m
“) runmodel.m
) runmodelUnSup.m
| runPhmMonitor.m
“ scatplot.m
SimulatePM.asv
* SimulatePM.m
) suptitle.m
testRUL_X.mat
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2 train FDOO1 Unit ...
trainedmodel.mat
= trainedSVM.mat
UnsupervisedWe...
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double
double
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char
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double
table
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>

SelectedvariableNames' ,variableNames, 'Readsize’','file');

= dataAll = readall(ds):;

CaseStudy\ Webmnar UrsupervisedWekinar m

UrzupervisedWebinarm
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moothDataAll = filterData(b,a,datanll, 125);

or ii = 1:9
subplot(3,3,11)

plot(smoothDatanall.Time,smoothDataAll{: , 5+ii},
title (smoothDataall.Properties.VariableNames{5+ii})

xlabel ('Time')
x1lim([0,125])
nd
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Generating Datasets for Model Training Through Simulation

= If you don’t have real data available, consider generating data through
simulation

= Model your system in Simulink, introduce errors (e.g. clogged hydraulics
line), log the output of the simulation

- Use the generated dataset to develop a model to predict e.g. remining
useful lifetime

10
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Generating Datasets for Model Training Through Simulation
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Predictive Maintenance of Turbofan Engine

2 4

= Performing scheduled maintenance
= Fallures still occurring (maybe by design)

= Search records for when failures occurred and -
gather data preceding the failure events \

= Can we predict how long until failures will
occur?

Sensor data from 100 engines of the same model
Scenario 2: Have failure data i

Combustor NI

Nozzle

Data provided by NASA PCoE

http://ti.arc.nasa.gov/tech/dash/pcoe/prognostic-data-repository/ LPC  HPC

4\ MathWorks
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http://ti.arc.nasa.gov/tech/dash/pcoe/prognostic-data-repository/

Historical

Live

How Data was Recorded
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Overview — Machine Learning

Type of Learning Categories of Algorithms

Regression
Supervised
Learning
Classification
. Develop predictive
MaChl.ne model based on both
Learning

input and output data

Unsupervised
Learning

Group and interpret
data based only
on input data

14



Challenges

1.

2.

3.

Data — Do you have enough/correct data?

A failure might be a rare occurrence — how do you develop an algorithm if
you don’t know what a failure looks like

How do you find the best possible algorithm?
There are dozens of modeling techniques

How do you deploy your algorithm into production?

v

4\ MathWorks
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ldentifying the Best Classifier Using Classification Learner App
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Data 26.9.2016 14:17 o 63 t4 Visualize all sensor data in categories
estimatelitn, MPS: 2422017 26:19 &4 figure('units',6 'normalized','outerposition',[0 0 1 1])
PredictiveMainte... 26.9.2016 14:23 3
classificationData...26.2.2016 9:43 971 KB S,
*) ClassificationScri... 26.2.2016 9:43 9 KB 66— Lifor ii = 1:9
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= cordTrans.mat 18.4.2017 15:45 3KB 68 — scatter (h(ii) ,fullDataset.Time,fullDataset(:,2+ii} , [1,fullDataset.TTF, 'filled'):
) createThresholds.m26.2.2016 9:43 1KB &9 — title(h(ii) ,fullDataset.Properties.VariableNames(2+ii))
] estimateRUL.m 24.2.2017 21:22 1KB 70 - xlabel (h(ii) , 'Time')
& estimateRUL_MPS...24.2.201720:18  5KB 71— set(h(ii), 'CLim’', [1 length(catThreshold)+1])
g " fdispConfusion.m 26.2.2016 9:43 2KB 72 — end
" »‘ fheatmap.m 26.2.2016 9:43 28 KB e
| filterData.m 26.2.2016 9:43 1KB 22
) fPreprocess.m 26.2.2016 9:43 2KB 74 Rapid preparation for Machine Learning by leveraging App generated codes
I fullDataset mat 26.2.2016 9:43 978 KB 75 Rapidly iterate through different models within App, e.g. k-nearest
knnclassifier.mat  24.2.2017 18:45 1.37MB 76 neighbor, bagged decision tree, etc, and choose the best model
) pairscatter.m 26.2.2016 9:43 3K8 77 dataset
) parsePVPairs.m 26.2.2016 9:43 3KB o 18
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i catThres... [50125200] 1x3 24 double 2 nearest neighbor outperforms other models based on
= fullDatas... r. 20231x17 2615137 table -
I« h 139 Axes 1x9 0 matlab... e i
| 9 x1 8 double o J% >>
I ordered... i cell 1x4 490 cell
p=sensorD.. 20°30x15:1. 20231x15 2290977 table

script
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Challenges

1.

Data — Do you have enough/correct data?

A failure might be a rare occurrence — how do you develop an algorithm if
you don’t know what a failure looks like

How do you find the best possible algorithm?
There are dozens of modeling techniques

How do you deploy your algorithm into production?

Manually translating MATLAB into other languages can be error prone, and
building a production-quality back-end from scratch is expensive

v
v

&\ MathWorks
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Integrate Analytics with Your Enterprise Systems
MATLAB Compiler and MATLAB Coder

r MATLAB .
- .
|

T |

I for k=1:max
x = fft(dat
v = 20*logl

mE

MATLAB Coder < ~ MATLAB MATLAB
i Compiler Compiler SDK

GG GOGE
A

L

— @ .C,.Cpp

7N
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Building a MATLAB-based service

Equipment

\

- )

Dashboards

ﬁ Databases MATLAB
\ % Analytics
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Algorithm
development
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Demo: Predictive Maintenance Analytics in the Cloud

Device
simulation
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Cloud
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Performing RUL Classification in the Cloud
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Marme Dage Modified ire etimsteRlIL.m SimulsteP M.m e
Data 26.9.2016 14:17 2 1 function BEULestimation = estimateRUL(datain)

estimateRUL_ MPS 24.2.2017 20:19
PredictiveMainte.. 26.9.2016 14:23

classificationData... 26.2.2016 5:43 971 KB

| ClassificationScri.. 26.2.2016 %43 9 KB

*| Classification'Web...18.4.2017 16:33 THKB

T eardTrans.mat 18.4.2017 15:45 3KB

%] createThresholds.m26.2.2016 %:43 1KB

] estimateRULm 24.2.2017 21:22 1KB

o estimateRUL MPS...24.2.2017 20:18 S5KB

| fdi:.PC:lnfuliun_m 26.2.2076 9:43 2 KB

“ fheatmap.m 26.2.2016 %43 2B KB

& filterData.m 26.2.2016 %43 1KB

5 fPreprocess.m 26.2.2016 9:43 2 KB

1 fullDataset mat 26.2.2016 %43 STE KB

= knnclassifier.mat  24.2.2017 18:45 1,37 MB

"] pairscatter.m 26.2.2016 %43 3KB
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SimulstePh.m (Script])
| Mame Value Size Bytes Class
;0- ans Ix]1 Pog 11 & paralle...
= catThres... [50 125 200] 1x3 24 double
|1 data 1xl struct 1x1 1138 struct

datain TCLPCOut.. 1x389 T78 char

stclass 1x1 cell ix1 124 cell
i fullDatas... 1 20231x17 2615137 table
Ix9 Awes 1x8 0 matlab...
200 1x1 8 double

| 9 11 & double
= numFra.. 200 1x1 & double
|= options Ll webopt. 1x1 255 webop...
'L ordered... Txd cell x4 490 cell
= response  Ix] ixl 860 struct
= sensorD... 20231x15 2290977 table
1 tralned... 1x1 2619935 struct
L Ktest 2023x14 230728 table
e Yiest 2023x1 2515 catego..

L]

#function ClassificationFKNN

3

4 - datain = jsondecode (datain) !

5

& - modal = lead|{'knnclassifier.mat') ;

7

8 — numdata = structZtable (datain) ;

9
L6 RULestimation = model.FNNClassifierSc.predict (numdata) ;
11
12 RULestimation = jsonencode (RULestimation) ;
Comnmand Y rdove
Ji >>
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Key Takeaways

Frequent maintenance and unexpected
failures are a large cost in many industries

MATLAB enables engineers and data
scientists to quickly create, test and implement
predictive maintenance programs

Predictive maintenance
— Saves money for equipment operators
— Increases reliability and safety of equipment

— Creates opportunities for new services that
equipment manufacturers can provide

True class
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Green = Normal, Orange = Warning, Red = Alarm

Second Principal Component
]

First Principal Component

Confusion Matrix for K-Nearest Neighbor (K=5) with CostMatrix

urgent 0.0% 0.0% 0.2% ] I 90.0%
80.0%
170.0%
short | 18.4% 71.3% 9.3% 0.9% | s0.0%
1 50.0%
medium | 2.5% 11.0% 3.2% | 40-0%
130.0%
{20.0%
long 0.5% 16.9% 26.2% 56.3% 1 {10.0%
' L 0.0%
o\of’a{\\ ‘\5(\06 @E}\\é\ \0(9

Predicted class 22
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Predictive Maintenance with MATLAB

Stop by at the "Data Analytics™ -demo station to learn more

Full webinar at; http://se.mathworks.com/videos/predictive-maintenance-
with-matlab-a-prognostics-case-study-118661.html

23
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