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Why perform predictive maintenance?

A Example: faulty braking system leads to
windmill disaster
I https://youtu.be/-Y JuFvitM0s?t=39s

A Wind turbines cost millions of dollars

A Fallures can be dangerous

A Maintenance also very expensive and
dangerous



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

Types of Maintenance

A ReactiveT Do mai ntenance once thereds a pr
I Example: replace car battery when it has a problem
I Problem: unexpected failures can be expensive and potentially dangerous

A Scheduled i Do maintenance at a regular rate
I Example: change caro6s oil every 5,000 mil e:
I Problem: unnecessary maintenance can be wasteful, may not eliminate all failures

A Predictive i Forecast when problems will arise

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

I Problem: difficult to make accurate forecasts for complex equipment



Benefits of Predictive Maintenance

|l ncrease nup t I

Minimize maintenance costs

Optimize supply chain

Reliability

Cost of Ownership

Reputation




Aircraft Maintenance

Global Picture

DEVELOPING TRENDS AND TECHNOLOGIES
This section prov IN MAINTENANCE

sections b}" PTESE . Ajrcraft health monitoring systems and big data:
fleet count and th  e-aircraftare constantly monitoring and transmitting

for 2014. The ind faults and wa.rr‘l.ings for a more dynamic planning and
AIHEI*NEEIIIWT?¢¥ pmfit of $'|9_9 bil check scheduling

A" Exc'“f,iﬁﬁ In 201 4, the worl (e.g.Google Glass) and real-time video transmission for
fleet manufacture front-line support, e-logbooks for paperless operations,

= New technologies: mobile devices, wearables

These innovations are estimated to decrease MRO
spending by 15 to 20% but first, the market needs to
innovate with a clear vision and strategy.

- drones and/or sensors for remote inspections
billion on MRO, re

* Predictive maintenance is estimated to increase
aircraft availability by up to 35%

= Composite repair capabilities

» Additive manufacturing (3-D printing) is continuously
growing, reducing lead times, increasing part availa-
bility, optimizing parts and saving weight.

Report Link

It is critical to identify opportunities and isolate the most
promising ones, then develop an innovation process to
transform these opportunities into pilot projects and
market roll-outs.



https://www.iata.org/whatwedo/workgroups/Documents/MCTF/AMC-Exec-Comment-FY14.pdf

Wh aLr bae ’ Engine systems monitored
oY:\ig:ls Introduction to SAMANTA

Performance
H[)y:r_au"c system e :m::;::xsi::scycle monitoring
- UebDris \ %
> What is SAMANTA ? i Nl
A Mon = SAMANTA (Snecma Algorithm Maturation ANd - ) '

. environment for Design, Development and Mz
I items

Conclusion

i = Why develop this platform ?

General

- Anomaly detection

- Fusion/Decision making
- Fleet cartography

— Control system

’ - Sensors Monitoring

34 - Actuators Monitoring

- Assisted troubleshooting
- Failure wamings

knowledge in mathematics or computer science were designed since then /7
i - Tofacilitate exchanges between algorithm desi = Today about 15 engine monitoring algorithms have been developed, tested ¢
A Imp common and consistent operations and matured through this platform and modules ——
s . "
i * To capitalize on algorl_thms _ « The next step for Snecma is to compile these algorithms to be able to export  naiyes
= To create a complete interface between algoritl them and use them in an operational environment thanks to the MPS IF
T documents ois
- Thirty people are now using this platform in several companies of
. P )
! ; WhyT‘c‘)v:]tl::ct’II?:n:igs:ily create a platform giving tt the SAFRAN Group
. ) : : . & SAFRAN
) through written code or through connecting blo Snecma, Turbomeca, Safran Engineering Services, Sagem,... o
A Red *| Among all regular users of the platform, only 1/3 have a computer science
background
I 10 / SNECMA / SAMANTA / MATLAB Virtual Conference 2015

Thiz document and the information therein are the properly of Sneems, They must not be copied or communicated to 2 third party without the prior written

I Limit secondary damage
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MATLAB Thiz document and the information therein are the properly of Sneama, They muat nof be copied or communizaled o a third party without the prior written authorization of Snecma. Snecma

UIRTUAL CONFERENCE http://www.mathworks.com/company/events/conterences/matlab-virtual-conterence/ 7~~~
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http://www.mathworks.com/company/events/conferences/matlab-virtual-conference/
https://www.mathworks.com/company/events/conferences/matlab-virtual-conference/2015/proceedings/presentation-of-a-platform-for-the-development-of-aircraft-engine-monitoring-algorithms.pdf

Predictive Maintenance of Turbofan Engine

2 4

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

I Import and analyze historical sensor data

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

i Predict failures in real time o Comiustae: N Il

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/

Predictive Maintenance of Turbofan Engine

Sensor data from 100 engines of the same model -!q

Scenario 1. No data from failures i

A Performing scheduled maintenance -—
/

A No failures have occurred

A Maintenance crews tell us most engines could ‘ i
Fan Combustor N1  LPT

run for longer \

A Can we be smarter about how to schedule
maintenance without knowing what failure
looks like?

£
r ¥ . —— = I

Nozzle

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/

Machine Learning
Characteristics and Examples

A Characteristics
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A Examples
I Pattern recognition (speech, images)
I Financial algorithms (credit scoring, algo trading)

I Energy forecasting (load, price)
I Biology (tumor detection, drug discovery)

I Engineering (fleet analytics, predictive maintenance)

10



Overview I Machine Learning

Type of Learning

Supervised
Learning

Machine
Learning

Developpredictive
modelbased on both
input and outputdata

Unsupervised
Learning

Groupandinterpret
data based only
on input data

11



Principal Components Analysis T what is it doing?

Variable 2

Variable 1

PC 1 Variable 3 Score on PC 2

Variable 2 ~——Residual

PC 2 Score on PC 1

Variable 1
PC 1

12



Maintenance

Example Unsupervised Implementation

Initial Use/ _ _
Prior Maintenance 125 Flights 135 Flights 150 Flights
Enginel |
Engine2 I
Engine3 |

Round 1

I
Enginel |
Engine2 |
Engine3

Round 2

Enginel
Engine2
Engine3 |

I

Round 3
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