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Reliability in Theory
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Reliability (ISO/IEC 2382-14):
ability of an item (system) to
perform a required function,

under stated conditions,
for a stated period of time.
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Reliability In Practice

Design for Reliability

Reliability (ISO/IEC 2382-14):
ability of an item (system) to
perform a required function,

under stated conditions,

11

for a stated period of time. Maintenance
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Reliability In Practice
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Reliability (ISO/IEC 2382-14):
ability of an item (system) to
perform a required function,

under stated conditions,
for a stated period of time.
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Feeding KID for Reliability-Centered Decision Making

| B
A
1 — Maintenance:
When?
C
- What?
v

Input Knowledge, Information
and Data (KID)

Inspection
report
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Reliability-Centered Decision Making for Maintenance

Tomorrow, |
need to lubricate
component B

v

Detection

Input Knowledge, Information KID Elaborator
and Data (KID)

Diagnostics

Prognostics
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Reliability-Centered Decision Making for Maintenance
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Reliability Quantification:
Prognostics

The Challenge




Reliability Quantification: Prognostics > The Challenge
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Reliability Quantification: Prognostics - The Challenge

KID Validation
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B Failure
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Reliability Quantification: Prognostics = The Challenge
KID Validation
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Reliability Quantification: Prognostics - The Challenge
Accuracy

Input Knowledge,
Information and Data (KID)

Artificial
Intelligence

Prognostics

Classifier
(kNN, SVM, NN, ...)

A

® C,=«Normal»

Empirical /
® C, = «Anomaly of

Type 1»

® C,= «Anomaly of
Type 2»

TRAINING
A )
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X

Real data «xy,x,,...x,, class»

___________
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Reliability Quantification: Prognostics - The Challenge
Accuracy

Input Knowledge,
Information and Data (KID)

Artificial
Intelligence

Prognostics
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Reliability Quantification: Prognostics - The Challenge
Accuracy
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Reliability Quantification: Prognostics - The Challenge
Accuracy

® C,= «Normal»

Empirical /
® C, = «Anomaly of

CIaSSifier Type 1»
(kNN, SVM, NN,...)
® C,= «Anomaly of
Type 2»
TR_AINING
o Wi,  "gal. Generative
Natural Language R o P oy se WEfam = Adversarial
Processing e %.- B Networks (GAN)
Maintenance 2 | *1

records
Real data «xq,x,,...X,, class»

Labels are retrieved
Balanced classes

-

Input Knowledge,
Information and Data (KID)

D \“0'/ / . Diagnostics
Artificial y

Intelligence

___________

POLITECNICO MILANO 1863



Reliability Quantification: Prognostics - The Challenge
Accuracy
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Reliability Quantification: Prognostics - The Challenge
Accuracy
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Reliability Quantification: Prognostics - The Challenge

Confidence

It is going to fail
in: 57 hours, 25 minutes,
18 seconds

Prognostic
Model

Input Knowledge,
Information and Data (KID)
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Reliability Quantification: Prognostics - The Challenge

Confidence

Sources of uncertainty:
1) noise on the measurements
. _ . 2) stochasticity of the degradation process
Prognostic ) . 3) unknown future operating conditions
Model : ; 4) Modeling error, i.e. inaccuracy of the
prognostic model used to perform the prediction

Input Knowledge,
Information and Data (KID)

KID Elaborator
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Intelligence
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Reliability Quantification: Prognostics - The Challenge

Confidence

It will fail in the interval
(55, 60) hours with
probability 90%,

Mean Variance Estimator
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Monte Carlo Dropout
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Reliability Quantification: Prognostics - The Challenge

Confidence

It will fail in the interval
(55, 60) hours with
probability 90%,

Mean Variance Estimator
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Reliability Quantification: Prognostics - The Challenge
Consistency with Domain Knowledge

reflects
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Reliability Quantification: Prognostics - The Challenge
Consistency with Domain Knowledge

Physics-Informed Neural
Network

Input Knowledge,
Information and Data (KID)
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Predictive Reliability Quantification: Prognostics -> The Challenge

Explainability

Al-based PHM Model
‘ healthy
\ damaged

Black box!
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Reliability Quantification: Prognostics = The Challenge

Explainability

Al-based PHM Model

eXplainable Artificial Intelligence (XAl) methods:
+ LIME
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« GradCAM
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Conclusion: the Grand Challenge

Input Knowledge,
Information and Data (KID)
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Conclusion: the ESREL Answer to the Grand Challenge

Special Session 8E: Physics-Informed Special Session 10E: Explainable

Special Session 5N: Natural language Session 15A: Data-Driven Machine Learning for RAMS Artificial Intelligence (XAl) for
processing for RAMS applications Uncertainty Quantification and Organized by I. Ahmed, P. Baraldi Reliability, Availability,

: : : _ ’ Maintainability and Safety
Organized by P. Baraldi, J. Bias Macedo, Surrogate Models and E. Zio (RAMS) Applications
M. J. das Chagas Moura, D. Valcamonico Number of =5 -
and E. Zio HTmber o7 papers Number of papers = 5 Organized by P. Baraldi, J.
Number of papers = 8

Figueroa, E. Zio
Number of papers = 5

Input Knowledge,
Information and Data (KID)

=L }
Al'tlfICIal.

Intelligence

KID Elaborator e outcomes of the Al model?
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Post-prognosis decision making, RUL control and prescriptive
maintenance

Christophe Bérenguer
christophe dot berenguer at grenoble-inp dot fr

GIPSA-lab, Univ. Grenoble Alpes - Grenoble INP & CNRS, France

mg U CA 4 GRENOBLE
< - P
Université A I N
@ gipsa-lab Grenoble Alpes UGA

ESREL 2025 - Expert Panel - Reliability analysis in the future: challenges and directions
for the research

June 18th, 2025



RUL Control problem:

Dmax

Degradation

to

Remaining Useful Life (RUL)

Future

/ RUL\
~“distribution™._

observations

t Time

1. Remaining Useful Life, RUL(t), is a random variable that expresses
the time remaining before system degradation reaches a maximum level Dy,y.

2. Assigning a given desired RUL profile requires controlling the degradation

process.

AINPQ@
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Using Prognosis Information for Decision-Making

What do we use the prognosis information for ?
= Post-prognosis decision making

» Classical use : predictive maintenance decision-making
» More comprehensive use : prescriptive maintenance, i.e. managing the
degradation and controlling the RUL (Feedback from system-individual
remaining useful life information on the system operation)
> At the item level :

» Derating the system

» Modifying its operation and control rule

» Jointly scheduling revenue missions and maintenance actions to manage the
deterioration and lifetime

> At the fleet level :

» Sharing the load among the fleet items
» Taking advantage of degrees of freedom offered by the flot heterogeneity

Post-prognosis decision-making : key enabler for prescriptive maintenance in
the Pronostics and Health Management framework
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RUL controller proposition

Degradation
>,
=
!

Time

Main focus = Degradation rate

degradation

rate D Degradation RUL
—>
process outcomes
=
HIE N[
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RUL controller proposition

To design an outer-loop control to adapt w
and control the degradation rate assuming

D = f(w)

4

/

/
manipulat/:le
variablg’ w Inner-loop
— =77 " >
i control

Degradation

Time

Main focus = Degradation rate

degradation
rate D

desired

Degradation
process

RUL

outcomes

@

a/7



RUL controller proposition

To design an outer-loop control to adapt w
and control the degradation rate assuming

D = f(w)

Degradation
>,
=
!

Time

Main focus = Degradation rate

A
/
manipulat/:le
variablg’ w Inner-loop degradation
1 te D Degradation RUL
! control rate g
: I process outcomes
desired ‘
end-of-life | RUL |
”””” € = = = = - — - — -
i Controller
Lo o o---

How to design this RUL controller properly? LBIP@
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Simulation Results : Application to a Wind-Turbine
End-of-life vs. Generated Energy
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Post-prognosis Load Allocation

Post-prognosis decision-making strategy for a multi-stack fuel cell system

450 N\ Daisy chain
Fuel 400 Averageloaa
consumption R
Ly
L .
2 Post-decisions: .
Multiobjective i
optimization | Optimal power
M00) density loads
Ln
Conditional
failure probability Lifetime (h)

Jian Zuo's PhD Thesis
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Post-prognosis Scheduling of Revenue Missions and Maintenance

Post-prognosis scheduling of revenue missions and maintenance actions on a

fleet of assets

Missions to

Fleet

Maintenance costs difference between fleet and 1VS1 methods

P o014
Objective
Define an schedule IT i missions and Global o012
for the fleet Schedule for the fleet

Number of blocks composing Il
mm C(M) s.t Vk € [1; Np]l, Py (k) < Ppqy  Probabiity to have one faiure in block k

Maximum failure probability

Schedule IT o
o .
My, Mol[My, L] malMs ] M, [PM] M,
n
Tt My, Mg][M3, .. [...] | My | M, [PM] My | e

Elodie Robert’s PhD Thesis

0
1200

200

-1000
Difference between fleet maintenance costs and 1VS1 maintenance costs

00 600 400 -200

@ gipsalat

7/7



	Reliability Analysis Now and Then
	Lysbildenummer 2
	Reliability in Theory
	Reliability In Practice
	Reliability In Practice
	 Feeding KID for Reliability-Centered Decision Making
	Reliability-Centered Decision Making for Maintenance 
	Reliability-Centered Decision Making for Maintenance 
	Reliability Quantification: �Prognostics
	Reliability Quantification: Prognostics  The Challenge
	Reliability Quantification: Prognostics  The Challenge�KID Validation
	Reliability Quantification: Prognostics  The Challenge�KID Validation
	Reliability Quantification: Prognostics  The Challenge�Accuracy
	Reliability Quantification: Prognostics  The Challenge�Accuracy
	Reliability Quantification: Prognostics  The Challenge�Accuracy
	Reliability Quantification: Prognostics  The Challenge�Accuracy
	Reliability Quantification: Prognostics  The Challenge�Accuracy
	Reliability Quantification: Prognostics  The Challenge�Accuracy
	Reliability Quantification: Prognostics  The Challenge�Confidence
	Reliability Quantification: Prognostics  The Challenge �Confidence
	Reliability Quantification: Prognostics  The Challenge �Confidence
	Reliability Quantification: Prognostics  The Challenge �Confidence
	Reliability Quantification: Prognostics  The Challenge �Consistency with Domain Knowledge
	Reliability Quantification: Prognostics  The Challenge �Consistency with Domain Knowledge
	Predictive Reliability Quantification: Prognostics  The Challenge Explainability
	Reliability Quantification: Prognostics  The Challenge �Explainability
	Conclusion: the Grand Challenge
	Conclusion: the ESREL Answer to the Grand Challenge
	12 - Plenary - Fink pdf.pdf
	Section par défaut
	Slide 1: Reliability Analysis in the Future: Challenges and Directions for Research
	Slide 2
	Slide 3
	Slide 4
	Slide 5: Fault detection / diagnostics / prognostics
	Slide 6
	Slide 7
	Slide 8
	Slide 9: Five levels of PHM
	Slide 10
	Slide 11
	Slide 12: Different types of bias
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23





