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B Agenda

1. Maintenance Services
2. Sensitive Health Indicators
3. Remaining Useful Lifetime

4. Global State Characteristics
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B Maintenance Service

Schedule Technician

Spare Parts Logistics

Repair cost

Process mining (RC)

Prevention cost

- Known Pattern (FI)
Fault Detection
Incident log book

Condition Monitorin

Failure rate

Deterioration

Multi causal ‘
fa| I u re rocess Early l'ailures: Intrinsic failures
P Pierre Tchakoua, 1
3 Energies 2014, 7, 2595-2630 Operating life
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B Level of Data-Driven Support

o Io Do >

Detection
Diagnosis
Prognosis

Mitigation

Functional
consideration

A 4

Data Acquisition

eSystem level priorities.
eFeasibility and limitations.

eEnvironment and usage conditions.

eEconomic justifications.

Y

Data Feature
Extraction

Y

eExcitation (scripts, accelerated
condition).

eSensing.

eData transmission.

eData storage.

Y

Health
Estimation

e Absolute (Statistics)

- Mean.

- Standard deviation.
eRelative

- Error function.

- Difference in features.

eData cleaning.
eData normalization.
eNoise reduction.

v

Diagnostics

A 4

eBaseline creation.
sReal time health estimation.

eSensitivity.

esDimensionality.

eComputational
requirements

v

Prognostics

Y

Y

e Anomaly detection.
eFault isolation.

ePast experience.
eMultivariate analysis.

eFault prediction.

eRemaining useful life estimation.
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eParameters
contribution

eFeature trending.
ePrognostics measure




B Prognostics

Aggregated threshold => Alert [¢—

Process input
Machine » Dashbord - Prognostic RUL ¢
Sensor Value (actual)
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B Data-Driven Approach

K-Means Results

Compression of original Sensor SpacekE relevant
: Information into 2D or 3D Eigenvector Space

Active Phase Separation, potentialOutliers
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B Individual KPI for each Sensor
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Vibration
BearingTempM1
LoadActual
Power
FanPower
Speed
BearingTempC
BearingTempM2
OilTemp
LoadNominal
OilPressurel
Current
FanSpeed
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® upper ® Temperature @ lower
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B Linear Model Equation:y =m; x, + b
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Intercept 0]] Bearing Power Bearing Vibration Estimate
Pressure Templ Temp2
Coefficient 67.48 -20.30 0.1848 -0.0646 0.1597 2.01 59.88
Std. Error 0.04 0.02 0.0005 0.0002 0.0004 0.011 0.14
TypicalValue 1.0 80.0 215.0 55.0 1.5
Contribution 67.5 -20.3 14.8 -13.9 8.8 3.0
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B Regularisation - Lasso Regression

Virtual Sensors

Calibration

Fully automatic in-database Learning

Least Absolute Shrinkage and Selection Operator

Multicollinearity 7 Inflation of regression coefficients
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B Remaining Useful Lifetime - Decision Tree

RevoTreeView

@ TemperatureDev< 1.8
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B Lead Time Interval - Decision Tree

RevoTreeView

RUL PDF

Just-In-Time-Point (t;rrp)
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ShaneButler 2012 Thesis, Ireland Maynooth
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B Evolving Probability Distribution

RUL PDEF Density

I Predicted RUL PDF @ 5 days | . ‘

'| EEEEEEE Predicted RUL PDF @ 15 days| [ S - |

B Predicted RUL PDF @ 20 days| | : ‘
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B Learned Recursively by Kalman or Particle Filter

End of life pdf

A Probability of failure (%
SyStem IdentlflC&thn Failure threshold v

-
E State SpaceModels ~ lsamy IZ

Hidden statesto %

separate pure signal “i

from fault contribution s

(additive / multiplicative) &

Guided by typical progress

shape of individual

» Time (t)

fault types faow o

Decision point
(@)
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B Load Dependency - Fault Growth Curves

Expected Stress Levels Cases:

Worst Median Baseline Best

Derek Edwards 2010 Annual Conference of the Prognostics and Health Management Society Irwa dis



