OCTOBER 2020

Conference Proceedings
Report

October 02, 2020

1:00 (PM) --- 3:15 (PM) EST

IE ~ SERZ

v " AC |SEi \
ERSEC‘hd J

-J

Organizers
Katrina Groth, Mohammad Pourgol-Mohammad, Mohammad Modarres

UMD Center for Risk and Reliability
ASME Safety Engineering and Reliability/Risk Division

ISl F
lj’ " CENTER FOR

3" RISK AND RELIABILITY

SETTING THE STANDARD




1. Table of Contents

2. SUMMARY ..ottt ettt ettt ettt ettt b e st et b e st e st e b et e st b e st e Rt b en b e Rt b en b e st be b e st b et ent b et e st ebebeneenenbeneens 1
3. AGENDA ...ttt n ettt a et b e Rttt b en et ben s st b e st st ben s et e benten e b en b st s enteneebensenes 2
4.  WORKSHOP WELCOME, INTRODUCTION, AND OBJECTIVES: KATRINA GROTH, UMD CENTER
FOR RISK AND RELIABILITY ...cttteiiitiieietirteieitetete sttt ettt ettt et b et beseseebeseneesenteneesenseneesenseneene 3
N N € 21 2] (01 PSSR 7
5. OPENING SPEECH, RICHARD LAUDENAT, ASME PRESIDENT 2019-2020........c.ccccceeveirreiererreeererrennnes 9
6. THE PRA PERSPECTIVE, CURTIS SMITH, INL.......ccccistiiitiieiiitiieietiieeeteieee et et seess s s s esessessesessesees 12
7.  THE PHM PERSPECTIVE, ENRIQUE LOPEZ DROGUETT, UNIVERSITY OF CHILE ............ccccecvvenennen. 18
8.  BREAKOUT GROUP OUTPUTS ......cooiitirieietesieiete sttt sttt sttt st tesae st ese st st esesseneesassensesesseneesassensesensensens 36
9.  REGISTERED PARTICIPANTS......cotteiitiietieteietesteieeeetete e stesesestestesessesesessessesessessesessesesessessesessassessssensesens 38

10.  ZOOM CHAT LOG (ONLY INCLUDES CHAT SENT TO EVERYONE) .....cccccceviiiiiiiiiniiiniciiicecee 39



2. Summary

The core of U.S. economy, security and quality of life depends on complex engineering
systems that range from power plants, energy systems, and pipelines to aircraft, defense, and
transportation systems. These complex engineering systems consistent of interconnected and
diverse hardware, software, and human elements in dynamic conditions, physical processes, and
environments.

Probabilistic risk assessment (PRA or QRA), and Prognostics and Health Management (PHM)
both play a key role in ensuring safety, security, and reliability of these systems. However,
Moradi & Groth 2020' found only a handful of articles at the intersection of PRA and PHM for
complex systems. Over the past decades, significant advances in sensing and computing have led
to an explosion of new data and PHM algorithms designed to monitor component reliability
However, the methods and tools applicable at a component level are unsuitable for modeling
complex engineering systems, which typically fall into the domain of PRA data and models.

This event is the first in a two-part series. Initially the workshop was planned as a fully in-person
workshop to be held in April, 2020, but as with many events in 2020, it was postponed due to the
travel restrictions resulting from COVID-19 pandemic. The organizers recognized that the online
format isn't amenable to the deep discussions which were intended to be at the heart of the in-
person workshop, but we decided to try an experiment: to see if we could make a “pre-
workshop” as interactive possible in an era of webinar fatigue. Thus the workshop was
reimagined as an online, interactive pre-workshop in 2020, to be followed with the in person,
discussion-heavy workshop to be held when we are able to travel again in 2021.

We held the 2.25 hour event included introduction & workshop objectives from the organizers,
opening remarks from Richard Laudenat, the immediate past president of ASME, and then two
20 minute talks designed to give enough of an introduction to PRA and PHM to allow the
audience from both background to have meaningful discussions during the breakouts. We then
broke into 5 breakout groups to address the pre-workshop question "What is the relationship
between PRA & PHM? How can they synergize?” and ended with then report-outs from the
breakout groups.

The pre-workshop attracted 38 registered participants and a lot of exciting discussion. While I
still believe the online format still isn’t ideal for building community or tackling complex issues,
this was the most engaging format I’ve seen in any web-based meeting during the pandemic-
induced shift to virtual meetings. Many participants commented that they wish the pre-workshop
had been longer — which I consider to be high praise in the year that saw the invention of the
term “Zoom fatigue.” I thank all of our speakers and participants for playing a key role in
creating the level of engagement and discussion that was exceptional and unique in a year of
many firsts.

See you for the full workshop in person in 2021,

Katrina Groth, Ph.D.

Assistant Professor, Mechanical Engineering Department Associate Director for Research and Outreach,
Center for Risk and Reliability

University of Maryland

' R. Moradi, K. M. Groth, Modernizing risk assessment: A systematic integration of PRA and PHM techniques,
Reliability Engineering and System Safety. 204 (2020). https://doi.org/10.1016/j.ress.2020.107194.



3. Agenda

1:00-1:10 Welcome, introduction & objectives

Katrina Groth, UMD
1:10-1:20 Opening speech

Richard Laudenat, 2019-2020 ASME President
1:20-1:45 The PRA Perspective

Curtis Smith, Idaho National Laboratory
1:45-2:10 The PHM Perspective

Enrique Lopez-Droguett, University of Chile
2:10-2:25 Questions for speakers & general discussion
2:25-2:30 Breakout assignments & question prompt:

"What is the relationship between PRA & PHM? How can they synergize?"
2:30-2:50 Breakout groups (Groups of ~4, randomly assigned)

2:50-3:15 Report out & next steps



4. Workshop Welcome, Introduction, and Objectives: Katrina Groth,
UMD Center for Risk and Reliability

ASME-SERAD and UMD-CRR
Interactive seminar & pre-workshop on
the intersection of PRA and PHM

Katrina M. Groth, Mohammad Pourgol-Mohammad, Mohammad Modarres
University of Maryland, Center for Risk and Reliability
ASME, Safety Engineering and Risk Analysis Division

Zoom Meeting ID 988 6805 2385. Password: PACES
Link to Download Materials: https:/umd.box.com/v/PreWorkshop2020
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Motivation
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= The core of U.S. economy, security and quality of life depends on complex
engineering systems (CES) that range from power plants, energy systems,
and pipelines to aircraft, defense, and transportation.

= Probabilistic risk assessment (QRA or PRA), and Prognostics and Health
Management (PHM) both play a key role in ensuring safety, security, and
reliability of CESes.

= Moradi & Groth (2020) found only a handful of articles at the
intersection of PRA and PHM for complex systems.
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R. Moradi, K M. Groth, Modernizing risk assessment: A systematic integration of PRA and PHM techniques,

-
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SCHOOL OF ENGINEERING Reliability Engineering and System Safety. 204 (2020). https://doi org/10. 1016/ ress 2020.107194.

Challenges & opportunities motive deeper 745
thinking for CES risk, reliability ool

Complexity: Systems involve many dynamic, interconnected, and adaptive
components (Human + machine + environment + physical phenomena +
software / algorithms /Al elements...)

Evolving hazards / threats: disasters, climate change, environmental hazards,
aging systems, aging workforce, security threats & vulnerability

Data: We have more data, in more formats, at more scales, than ever before
Computing: advances in computer science, machine learning, big data, data
science/analytics

Uncertainty: “Prediction is hard, especially about the future”

Decision scale / context: Informed by models, engineering expertise,
preferences, resources, and data, (Not “just” data)
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PRA, PHM, and complex engineering 735

systems are widely researched, but silo-ed a8

Key elements in both fields are being researched extensively, but
separately:

* Algorithms

= Data analysis methods

= New hazards, causal factor models

= Decision-support tools

There is a strong need for, and considerably less work on:

= A unifying conceptual & mathematical framework for connecting
PHM data, algorithms, to PRA models and decisions in the context of
complex engineering systems

wn
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Objective & Research Question
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* Bring together a community of participants to explore the
intersection between PRA & PHM

= Today: Initial concepts, conversations, and cross-disciplinary
community building

= To set the stage for 2.5 in-person workshop (TBD in 2021):
= Elements of PRA and PHM
= Their interconnection
= Defining applications & value proposition
* To advance research toward a framework for connecting PHM
data, algorithms, fo risk (PRA) models and decisions in the
context of complex engineering systems

@ A James CLark 6
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A simplified comparison of PRA & 5%
PHM e ook

PRA /QRA PHM

(Probabilistic risk assessment) (Prognostics and health management)

Uses  Systems engineering and reliability Computer science methods: Online
engineering methods monitoring (sensor) data, data
preprocessing, and feature extraction
To Identify system failure scenarios, Perform health state assessment, fault
estimate the probability of events, and  diagnostics and prognostics, and Remaining
define consequences. Useful Life (RUL) prediction
Pros  Well-established in lugh-consequence Enables online data processing & decision

industries — blends data, models, and support
expert knowledge & connects with
decision makers

Cons Mainly done offline and in the updated ~ Applies to components & simple systems
amnually (or less) only; sigmficant scalability challenges.

A James CLARK 7
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Key aspects of PRA & PHM Fan R
(Moradi & Groth 2020) ol
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What would it look like if we put these together?
Could we enhance system safety, reliability?

S A James CLARK R. Moradi, K. M. Groth, Modemizing risk assessment: A systematic integration of PRA and PHM techniques,
@ b i Reliability Engineering and System Safety. 204 (2020). htps2/doi.org/10.1016/.ress.2020.107194. 8
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3.1 Speakers

Richard T. Laudenat, P.E.

Richard T. Laudenat, P.E.. served as the 138th president
of The American Society of Mechanical Engineers (ASME)
for the 2019-2020 term. Mr. Laudenat has been an active
member in ASME since 1991. Laudenat, an ASME Fellow,
has spent his career in the field of energy generation.

Among his leadership positions at ASME, Laudenat served
as a member of the Board of Govemors; vice chair of the
Sector Management Committee; senior vice president,
Knowledge and Commmumities; and chair of the Council on
Engineering Finance Committee. In 2010, he was named a
recipient of the ASME Dedicated Service Award.

Prior to his work at ASME. he served as plant manager at
GDF Suez (now ENGIE), a leading global energy operator,
where he was responsible for the operation of 30 electric
generators at 10 plants throughout Connecticut. Laudenat
received both his master’'s degree in mechanical
engineering and his MBA in management from the
Hartford Graduate Center.
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Curtis Smith, Ph.D.
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Dr. Curtis Smith is the Director of the Idaho National
Laboratory’s Nuclear Safety & Regulatory Research
Division. He is the Risk Informed Systems Analysis
Pathway lead under the DOE Light Water Reactor
Sustainability Program and served as the project manager
for the NRC's SAPHIRE risk analysis software. His most
recent appointment is the lead for the Risk Integration and
Uncertainty Working Group of the NASA Interagency
Nuclear Safety Review Panel for the Mars 2020 mission.

Dr. Smith has been in the risk and reliability assessment
field for more than 30 years. He has worked at INL as a
risk analysis specialist for a diverse set of organizations
including the DOE. the NRC, NASA, the International
Atomic Energy Agency. and the Federal Aviation
Administration. Dr. Smith has published over 260 papers.
books, and reports on risk and reliability theory and
applications. He holds a Ph.D. in nuclear engineering
from Massachusetts Institute of Technology.
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Enrique Lopez Droguett, Ph.D.

Dr. Enrique Lopez Droguett is an Associate
Professor in the Mechanical Engineering
Department at the University of Chile, Adjunct
Associate Professor at the University of Maryland,
USA, and Associate Editor for the Journal of Risk
and Reliability.

Dr. Lépez Droguett conducts research on
computational methods for risk and reliability, and
prognostics and system health management based
on deep learning for big machinery data, and
predictive maintenance optimization. He has led
many major studies on these topics in the oil and
gas sector, defense, mining and energy distribution
networks. Dr. Lopez Droguett has over 250 papers
in archival journals and proceedings of conferences
and 2 books in various areas of reliability and
maintenance.
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5. Opening Speech, Richard Laudenat, ASME President 2019-2020

Greetings to all of you. Thank you for joining in today.

For any of you who may not know me, my name is Richard Laudenat. It was my good fortune to
serve as ASME’s 138th President last year, during the Society’s 2019-2020 term. My
professional experience is mostly in the nuclear power industry, both in design and operations; I
also did a tour of duty in the merchant energy business.

In my nuclear career, I watched probabilistic risk assessment grow from a mere concept to the a
widely-implemented safety management tools we’ve come to know

In my merchant energy career, I had the opportunity to work with state-of-the-art remote
monitoring and diagnostic tools on one of our most advanced gas turbines. Those leading-edge
diagnostics saved our company literally millions of dollars in what would have been forced
outage costs ... by detecting incipient engine issues before they happened and allowing for
scheduled preventive maintenance to avert problems before they ever arose.

I’d like to offer my thanks to ASME’s Safety Engineering and Risk Assessment Division and the
University of Maryland’s Center for Risk and Reliability for organizing today’s seminar, and for
their kind invitation to offer a few opening comments as an introduction to the day ... [ am
humbled. It’s an honor to be among you today. Just a cursory review of today’s attendee list
shows what an excellent gathering they have put together, with distinguished representatives
from the worlds of academia, several national laboratories, and industry as well.

I am confident that this gathering will contribute meaningfully to the conversation around
complex system safety and how today’s simulation techniques will allow us a holistic view of
the entire sociotechnical system.

You may be aware that ASME considers the entire topic of “digital transformation” to be one of
its highest priorities. Digital transformation necessarily takes on different forms and applications
in each individual technology discipline we engineers work with. But taken as a whole, it truly
represents a revolution It calls on us to seek out fundamentally new ways to think about and
work with technologies we’ve been using and depending on and improving otherwise for many
years.

ASME’s Industrial Advisory Board (our “IAB”) is an eclectic group of industry executives who
come together to offer expertise and perspective to ASME’s leadership on emerging trends in
today’s cutting-edge technology applications ... whether in super-computing, medical device
development, big data applications for the Oil & Gas industry, advanced renewable power
systems, or any other of a wide range of cutting-edge technologies.

The topic of digital transformation is so vital to the future of engineering that the IAB is devoting
a series of meetings just to this single topic, and to formulating recommendations regarding
which technology areas call most urgently for ASME’s focused attention. Today’s workshop will
provide a similarly important forum for discussion, from the perspective of probabilistic risk
assessment as well as of prognostics and of health monitoring ... vital considerations for the
design and operation of any complex sociotechnical system.



I should also mention that ASME is also in the midst of organizing an event in November to
foster discussion of how best to leverage Digital Twin Technology for industrial applications.
As you know, computing technology and process simulation tools have now advanced to the
point where it is possible to create a “digital twin” of almost any industrial or engineered
process. Such “digital twin” modeling requires a fundamental understatement of the operations
of the “real” system -- while maintaining requisite fidelity to that system.

But it is now entirely possible to perform complex perturbations to a digital twin model which
can precisely and reliably predict the response of the real system without impact to that system...
whether it be a manufacturing process, an aircraft, a power system grid or some other highly
complex machine. As pointed out by Ananthan Chandrakasan, Dean of the School of
Engineering at MIT in his advance praise of Tom Siebel’s Digital Transformation ... “Today we
live in the confluence of four technologies: cloud computing, big data, the internet of things and
artificial intelligence.”

This confluence means that we are faced today both with daunting risks and unprecedented
opportunities. How will we as engineers best approach them? I hope you’ll agree with me that
these challenges provide a fine basis for today’s discussions.

As we work from the abstract to a more concrete set of values as part of this conversation, it
bears repeating that both ASME and the National Society of Professional Engineers state in their
Code of Ethics:

o ... “Engineers shall hold paramount the safety, health and welfare of the public in the
performance of their professional duties.”

Today we face complex system interaction failures that challenge us to those very roots. Each
involved sociotechnical system contains hardware, software, individual human beings, complex
organizations, and environmental systems. Each element of those systems is hurt when any one
of them fails.

Let’s consider just three such unforgettable system failures as a way to start this conversation:

o In 1986 the Space Shuttle Challenger exploded shortly after liftoff, killing everyone
onboard and arguably setting back the U.S. Space Program for a generation;

o In the spring of 2010, a massive oil spill at the Deepwater Horizon drilling platform in
the Gulf of Mexico stretched on for 91 days.

o Wildlife, ecosystems, and countless livelihoods were devastated and needed many years
even to begin to recover.

o More recently, the Boeing 737MAX remains grounded after two fatal crashes took the
lives of 349 human beings. Beyond the immediate tragedy, the jet’s grounding has also
contributed significantly to a worldwide transportation crisis, which has hurt the global
economy and many millions around the world.

Similar high impact low probability events like these will continue ... it’s inevitable in our high

technology society. What’s essential is that we approach complex system safety in a holistic
manner. Catastrophes like these, which take a toll both in terms of lives lost as well as in social,

10



economic and environmental costs, should remind us of both the power and importance of these
systems to our way of life, as well their potential for failure if challenged beyond design basis or
when the design basis is not correct.

Fundamentally, how do we address the challenges with high impact low probability events
within conventional prioritization and ROI methodologies ... particularly if the cost is high. A
key facet could be introducing system resiliency and sustainability into digital systems and into
decisions the digital twins can actively support. It’s precisely because of the tremendous success
and vigor of most of our complex systems that we tend to take their reliability for granted. But
we obviously cannot.

Lessons learned from such events have rightly changed how we look at risk, how we design for

the future, how we adapt current production and processes, and, fundamentally, how we educate
engineering students and practicing engineers to look deeply at the true, highly complex picture

of real-world engineering challenges.

Complex systems often have so many interdependent parts that the potential for mishap can be
nearly impossible to anticipate fully. Small failures cascade into nonlinear responses.
Technological progress never stops moving forward at ever- increasing rates of speed; complex
systems become increasingly complex; and -- we operate in a competitive marketplace.

So how shall we be guided as engineers? How will we best bring social and environmental
considerations into the design and operation of such tremendously complex systems? Can we, at
this moment in planetary history, responsibly design any product or system without factoring in
sustainability? How should we best envision and prepare for the public health implications of our
work? And most of all, how will we finally and fully establish that commercial pressures cannot
be allowed to shape decision-making when it comes to public safety?

I hope you’ll agree that our principles can provide a foundation upon which all of us, as
engineers, can practice this profession in a way we can be proud of: proud of ourselves, of one
another, and of a profession rightly dedicated to making the world a better place and to

improving human welfare.

So with those few thoughts in mind, I hope you will accept my best wishes for an exciting and
rewarding virtual conference. I look forward to the day when we can meet face to face again.

Thank you.

Richard T. Laudenat, P.E.
Immediate Past President, ASME
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6. The PRA Perspective, Curtis Smith, INL

. wcrRa
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October 2, 2020

| Design
1E0s | Objective

EVENT SEQUENCE MEAH FRECUENCY
(PER PLANT VEAR)
£

Curtis Smith

_ 1 Director, Nuclear Safety and
B T T T T T : Regulatory Research Division

MEAN TOTAL EFFECTIVE me swwuzm (REM)
AT EXCLUSION AREA BOUNDARY

o EPAPAG
1608 Dose Limit

C}N_L ldaho National Laboratory

Nuclear Safety and Regulatory Research Division

\EHL\) INL = Nuclear Safety and Regulatory Research DIVISIOI’I

deho Nuhunu| Luborc fory

«INL, over 4500 staff

- 890 square miles (2305 km?)
=579 buildings

+ 52 total reactors

«3 operating reactors

- 2 spent fuel pools

. Nuclear Safety and Regulatory Research Division

* Goal is to ensure the nation’s safe, competitive, and sustainable
of engineered systems by applying our capabilities to impactful
issues in risk, reliability, and operational performance

* Four Departments, 76 staff

- Regulatory Research = licensing and technical analysis

- Probabilistic Methods and Tools = probabilistic risk assessment
- Human Factors and Reliability 2 human performance

- Instrumentation & Controls/Data Sciences = prognostics & diagnostic

IDAHO NATICNAL LARORATORY
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Risk-informed Timeline in Nuclear

Davis-Besse RPV (2002)

SL-1 (1961) TMI(1989) Chernobyl
(1986)

Fukushima (2011)

— Today
AEC

SAPHIIiE

1960 1970 NRC 1980
>

2000 2020 2030
WASH-740 LWASH-MOOJ Safety Goals PRA Use RG 1.174 RG 1.174 | RG 1.174
update Bl 1 Policy 10 CFR Policy Rev. 2 Rev. 3
N Part 50 Statement s
{ : | & ROP 8
1 . o 10
% Positive el Individual Plant RG 1.174 SECY-19-0117
o i || Examinations (IPEs) . T ragianll
3 1 Rev. 0 o
5 Maintenance Rule
E 10 CFR 50.65 SOARCA NUREG/
H Study KM-0010
L NUREG-1150
2 Negative

IDAHO NATIONAL LABORATORY

Bl Prognostics and Health Management (PHM)

» “Early warning” system through continuous monitoring of key health signals
+ Used for aircraft safety and in construction (e.g. bridge monitoring)
* In nuclear, PHM principles are used (may be called something else...)

* PHM in nuclear has the potential for

= NPP life extension
Between shutdowns the Locations with degradations are continuously
monitored with the use of PHM methods

+ Supplements passive safety with active safety “early warning*
New reactors rely on passive safety, PHM has supplementary safety and
economic benefits

4 IDAHO NATIONAL LABORATORY
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Bl @INL: Risk-Informed Plant System Health

+ Continuous integration of: * Provide real time risk information

- Plant health data (e.g., failure data, o Safety: CDF, LERF
maintenance report) - Economic: Loss of M\We

- System, structure, and component economic ., Regulatory: Significance Determination Process (SDP),
data _ Mitigating System Performance Index (MSPI)
* Maintenance cost * Update plant operations
* Replacement cost . - Preventive maintenance schedule
« Consequence of SSC failure )

o Surveillance frequency

o Replacement date

‘1"" e = Procurement scheduling
] |
P L Plant risk and
sl Data analysis safety
= assessments

Decision
Equipment Equipment Predictive support
reliability and  performance and _— Plant performance
maintenance  monitoring diagnostic Reliability and economic
data data data assessment assessments

IDAHO NATIONAL LABORATORY z

@INL: Integration of Prognostics & Probabilistic
Safety Assessment (PSA) for inine Risk Monitoring

Agng Degradation
INL has developed a novel online risk model ey ‘
with both aging and degradation of plant é'”"w 3 Degrnded
assets into traditional PSA
0’y 0 0 30 a0 50 0 [ 150
«  Machine learning to identify change R Sl —— ety onset o deracaton a9y prognoss ot

from healthy to degraded state Combined Aging and Degradation

. . Healthy: A | s
«  Auto-regression moving average model . [T TR T 5 / _

validated to predict motor performance  f————— """

[

. 50 100 150 o
*  Prognosis was used to update ! o e " e
recastof falar .

R e wIT N e e
ave

Impact of component aging and
degradation on plant. isk enabling risk-
informed condition-based decision
making

motor failure rate. I e ——
*  Integrated the risk models into PSA z / ,:‘IQW

framework to obtain probabilities - =

Forecast of probability of failure for
degraded component

6 IDAHO NATIONAL LABORATORY
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B Computational Risk Assessment (CRA)

Bl CRA driving factors

Computational Risk Assessment is a focus of current
research and development

- An extension of PRA

CRA is a combination of

- Probabilistic (i.e., dynamic) scenario creation where scenarios Integratmg the worlds of

unfold and are not defined a priori physics and probability
- Mechanistic analysis representing physics of the unfoldin -
scenarios ysisrep gphy g leads us to predictions
CRA relies on the availability of computational tools based upon an approach
- Processors (hardware) called “computational risk

- Methods (software)

CRA is not simply solving traditional PRA models faster or
with higher precision

assessment”

- Itis a different way of thinking about the safety problem

IDAHO NATIONAL LABORATORY

« Computers are improving

« Software is improving
— And much of it is free

« Analysis characteristics including

Mechanistic
(physics issues)

15



- Digital Twins are an Abstractfid\r\l of Reality

Risk-Informed
Decisions

Design, operation, safety, reliability,
economics, and regulatory questions that
are answered via the digital twin model.

Models for physical phenomena.
Models for probabilistic outcomes.
Models for reactor operation.

Models for reactor physical properties.
Etc.

Modeling

The actual reactor including how,
when, and where it operates.

Reality

n
Y
5

9 IDAHO NATIONAL LABORATORY

Summary

* PRA has arich history
- Still used in many applications
- Being extended for new
applications
* We are moving toward
integrating PHM and PRA
- Digital Twin concept for facility

life extension, safety, and AN :
economic v R United States
- Computational risk assessment
is a key component of this
concept

" Essentialll%fxtending the

0k

idea of PRA into a new way
to perform PRA
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Curtis.Smith@inl.gov

Thank you!

IDAHO NATIONAL LABORATORY
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7. The PHM Perspective, Enrique Lopez Droguett, University of Chile

THE PHM PERSPECTIVE

Enrique Lopez Droguett

UNIVERSIDAD DE CHILE

AREVIEW ON PROGNOSTICSAND HEALTH MANAGEMENT

AL CIENCIAS FISICAY
a Y MATEMATICA!
Univessinan e Ce
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FAULTPROGRESSION: DIAGNOSIS AND PROGNOSIS

Prognostics Diagnostics
Incipient Fault Component Failure  Catastrophic Failure
State Awareness Detection
Properworking
condition Understand fault dynamics
Predict remaining useful life Assess effect onrest
of equipment/system
Sensor and detection Develop physics of Need models to
models for monitoring failure and statistical determine
incipient faults based remaining failure effects on
useful life prediction components Mt
models R s
‘!_\ e

PROGNOSTICS AND HEALTHMANAGEMENT (PHM)

. PHM Utl||Z€S Sensor technology and . . Section 1: Data acquisition
data analytics to detect the E"‘;
degradation, diagnose faults,

predict the remaining useful Section 2: I consiruction
lifetime (RUL)and proactively N -
manage failures s iy,

1

Lei, Y, Li,N., Guo,L..Li,N., Yan,T..& Lin, J.(2018). Machinery health prognostics: Asystematic review from data - “1 |, |prespecified F R
acquisition to RUL prediction. Mechanical Systemsand Signal Processing, 104, 799-834. 8 L. '\| FACULTAD DI
LS| CIENCIAS FISICA!
Q Tl A
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PHM - STEPS

* PHM provides early detection and isolation of the incipient faults:
« Ability to monitor and predict the progression offaults

» Predictions and assessments are used to make or trigger autonomous
maintenance schedule and asset health management

Data 3 . ; Health
2 Diagnosti Prognosti
acquisition sgrostie syrgsiies management
Collect condition What is the fault What is the Optimal
monitoring data & and how severe remaining useful management on
extract features is it? life? maintenance and e
logistics T
' MATEMATICA:
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PUBLICATIONS

* PHM frameworks:
« Physics based models

« Data-driven approaches
» Hybrid approaches

SVM/RVM
(23)

https//doiorg/10.1016f ymssp 2017.11.016

DEEPLEARNING BASEDPHM
in collabotation with Sergio Cofré
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MASSIVE AND MULTIDIMENSIONAL DATA- BIG MACHINERY
DATA ENABLERS

Big
Machinery
Data

A1 CIENCIAS FISICA!
B Y MATEMATICA!
Univessinan e Ce

DEEPLEARNING-WHY?

Why deep learning

)]
Q
c
]
E
o
e
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o

Amount of data
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DEEPLEARNING BASED PHM

L

Pre-processing

* DLhas no explicit information onthe
system under study:

» Models are bound to the quality ofthe
available data

« Interpreting its results can be challenging

o

2 Dam Acquisition

o

Component
1  Sub-system
System

Q&

* DL models are more flexible than ML

et Doy models:
7 T Neural Network 5 mm;:r;urr )
« Allows us to compact steps on a PHM
framework

: * DL has caught the most research
attention in the last few years

[From DCI 1010187 measurement 2020.107929 @

B, - o8
=.‘\| CIENCIAS FISICA!

a Y MATEMATICA!
UnIVERsIneD br CoiL

PUBLICATIONS: DEEPLEARNINGIN PHM

The density of various deep learning architecturesin
PHM from 2013 until September2019:

Breakdown of the papers in the year of publication:
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WHEN PHM MEETS PRA

in collaboration with Taotao Zhou

.‘1:,-

LIMITATIONS OF CURRENT PRA

B AL CIENCIAS FISICA!
B Y MATEMATICA!

* PRAIs static due to the nature of event tree/fault tree

* Built from generic operationalexperience and hence
not specific to componentcondition

» Suffer from the parametric assumption characterized
by some static parameters

* Depend on statistic analysis given limited number of
failure observations

* Treat failures fully random withno degradation
effects (assumption of constant failurerate)

Sample PRA

https/Amww nrc gov/about-nrefrequlatory/isk-
informed/pra htm 2k
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PHM BENEFITSTOPRA

* Complement the data scarcity by exploiting sensor monitoring data

* More realistic risk insights and alleviate the conservatism

* Enhance confidence and increase persuasiveness

* Enable diagnostic and prognostic capability in support of decision-making

* Allows for on-line risk monitoring and decision making

o
B\ CIENCIAS FISICA!
¥ MATEMATICA!

INTEGRATION OF PHM WITH PRA: BRIEFREVIEW

* Industrial community
« Pacific Northwest National Laboratory (PNNL):

o Proposed enhanced risk monitor (ERM) framework that incorporates time-
dependent failure probabilities from PHM systems to dynamically update the risk
metric

» Oak Ridge National Laboratory (ORNL):

o Adopted the ERMframework that provides the diagnostic and prognostic
information through the decision-making support

+ |daho National Laboratory (INL):

o Developed a dynamic PRAthat integrates plant component health using an
exponential degradation model based on vibration monitoring data

Ramuhalli, Pradeep, Evelyn H.Hirt, Arun Veeramany, Christopher A Bonebrake, Wiliam J. ans, Garill A Coles, Jamie B. Coble et al. Prototypic Enhanced RiskMaonitor Framework and Evaluation-

Advanced Reador Technology Milestone: M3AT-15PN2301054. No. PNNL-24712. Pacfic M orthwest National Lab.(PNMNL), Richland, VWA (United States), 2015.

Muhlheim, Michael David, RandyBelles, and Richard S Denning Integrated Risk-Informed Decision-Making for an ALMRPRISM No. ORNL/SR-2016/211. OakRidge National Laboratory (ORNL), Oak

Ridge, TH (United States), 2016.

Yadav, V., Agarwal, V., Gribok, A V. & Smith, C.L Modelling Component Failure Rates Utilizing Sensor-Based Degradation Data, Proceedings of Probabilistic Safety Assessment & Management

conference (PSAM-14) 16-21 September 2018, Los Angeles, CA.

Vaibhav Yadav, Vivek Agarwal, Andrei V. Gribok and CurtisLSmith “Dynamic PFRAwith component aging and degradation modeled utilizing plant risk monitoring data ” Proceedings of the 2017

International Topical Meeting on Probabilistic Safety Assessment and Analysis (PSA2017), Pittsburgh, Pennsylvania, September, 2017. c
Cl.

A CIEN
B Y MAT
Unaive

25



INTEGRATION OF PHM WITH PRA: BRIEFREVIEW

» Academic community
» Review articles on the role of PHM in support of PRA:

o Varde and Pecht (2012) reviewed the state-of-art technologies in PHM and
discussed the concept of an integrated risk-based approach to improve safety
and operational performance. No case study or numerical example

o Paltrinieri, Comfort and Reniers (2019) discussed the application of machine
learning to learn relevant data for risk assessment. Presented a toy example of
wellhead damage using deep neural network

o Moradi and Groth (2020) discussed the general steps respectively in PRAand
PHM and reviewed the literature on the integration of PRAand PHM. No case
study or numerical example was presented

Varde, PV and Michael G Pecht "Role of prognostics in support of integrated risk-based engineering in nuclear power plant safety " International Journal of Prognostics and Health Management
Vaolume 3 (color) (2012):59. .

Paltrinieri, M., Corfort, L, & Reniers, G.(2019). Learning about risk: Machine learning forrisk assessment. Safety science, 118,475-486. =
Moradi, R, & Groth, K. M. {2020). Modemizing risk assessment Asystematic integration of FRAand PHMtechniques. Reliability Engineering & System Safety, 107194

INTEGRATION OF PHM WITH PRA: BRIEF REVIEW

» Academic community

» Methodological development with focus on active components:

o Zhou, Droguett and Modarres (2020) developed atime-dependent OCFmodel by
integrating degradation states of components inferred from multi-sensor data
and demonstrated using a real experimental studies of three centrifugal pumps

o Ruiz-Tagle, Moradi, Groth and Droguett (2020) proposed a method that
integrates logic-based and deep learning models dealing with streaming data and
demonstrated using a real-world mining rock crusher system

RuizTagle, Andres & Moradi, Ramin & Groth, Katrina & Droguett, Enrque. Towards aFramework for RiskMonitoring of ComplexEngineering Systems with Online Operation Data-ADeep Learning
Based Solution, Proceedings of the 30th European Safetyand Reliability Conference and the 15th Probabilistic Safety Assessment and Management Conference, Venice, Italy, 1-6 November 2020.

T.Zhou, E Droguett, M. Modarres, ACommaon Cause Failure Model for Components Under Age-Related Degradation, Reliability Engineering and System Safety J_vol. 195 (2020), H

httpsdoi.org/10.1016/1ress.2019.106699. R rac TAD B
B S| CIENCIAS FISICAY
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SOME RESEARCHGAPS

» All focus on hardware failures
* No sufficient discussions on prognostic perspective

* Sporadic ad hoc approaches exist in integrating componenthealth
condition, but no systematic methodology has beenestablished

* No real case study exists

* Leverage on multi-sensor data

* Scalability: Big Machinery Data Paradigm
» Autonomous risk-based decision making

PROPOSAL: GENERAL FRAMEWORK

Event Tree

L= | [ |

,,,, —

BExpected Distribution of
ja Health States

* Integration of Bayesian Deep Leaming PHMto
PRAregarding varnoustasks:

« BEvent characterization

» Causality reasoning

. Decision_rnaking Support Bxpcted RUL Distribution

* Integrate health condition ofcomponents: vy
» Multi-sensor monitoring data
« Expert opinion
« Categorical data (e.g., equipment status)

« Inspection data
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BAYESIAN DEEPLEARNING FOR RUL PROGNOSTICSUNDER
UNCERTAINTY

1 Run ta Fallure
traning data.

[Raw Traihing Data H

Prepracessed date:
- Clening Data
= Normalization,

- Window rolling.

2. Test Dala
evaluation

2. Bapesian

Meural Nebwork

for mgrassian
hocdsl

Posierior
esproxmation

Varaliong
Inference

Hayesian Cplirszalicn{ELBO):
FI(D.8) = K Ligtwlé]lp(i)) — Ellog(p{ D]w)]]

J Caceres, E Lopez Droguett, T.Zhou. Bayesian Recurrent Neural Networks for Remaining Useful Life Prognostics under Uncertainty.

Structural Control & Health M onitoring, underreview.

BAYESIAN DEEPLEARNING FORRUL PROGNOSTICSUNDER
UNCERTAINTY

.
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UnIVERSIDAD DE CHIL

Bayes GRU - FOD0L
RMSE RUL prediction: 12.96

Bayes kNN - FDUDZ
RMSE RUL peediction; 1644

(a) GRU inFDOOL.

Bayes ANet - FODS
RMSE RUL prediction: 12.43

(b) Bayesian VRNN in FD0O02.

Bayes RN - FDODA
RMSE UL peediction: 20.00

(c) Bayesian JANET in FDO0O3.

(d) Bayesian VRNN in FD004.

Comparison between the real RULand RULpredictions from Bayesian RNNsfor CIMAPSS

e

Y MATEMATICA!
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PHYSICSINFORMED DEEPLEARNING FORRUL OF PASSVEOR
ACTIVE COMPONENTS

* Integrate the healthcondition eventmree
of passive or active e | | | |

components by fusing multi- — -
Fault Tree ?

sensor monitoring data and
physics-based information

PHYSICSINFORMED DEEP LEARNING FORRUL OF PASSVEOR
ACTIVE COMPONENTS

+ Consider an unknown function ugand itsderivatives

» PDEcan be written as:
w= gzw,ur,... ) > u- guieu, ... )=0

« The unknown function wand theright-hand side can be given asNN:
f= u- Ngu,... = 9

* Cost function:

N
1

M
1
Cost= 1) =902 +3; .1

i=1 7
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PHYSICSINFORMED DEEPLEARNING FORRUL OF PASSVEOR
ACTIVE COMPONENTS

* Uncovering the underlying physics of degradingsystem behavior:

i RUL N

Outputs

e .
X NN L, RULNN | — Dynamics d(RUL)
NN dt

| oc I
Inputs l ﬁ PDE Penalization
dx ‘d(RUL) d(RUL)

-N=0

dt dx dt

Denvatives

S.Cofré, E Lopez Droguett, M. Modarres. Uncovering the Underlying Physics of Degrading System Behavior through a Deep Neural Network Framework: The Case of RULPrognosis.
ASME Conference, 2020.

Skt

k\l CIENCIAS FISICAY
a ¥ MATEMATICA!
UNIVERSIBAD DF CRIL

PHYSICSINFORMED DEEPLEARNING FORRUL OF PASSVEOR
ACTIVE COMPONENTS
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GEOMETRIC DEEPLEARNING FORCOMMON CAUSE
DEPENDENCIES

* Graph Neural Network to
address common cause
dependencies among
components

Event Tree

Fault Tree

+ System Level and Systems of R =
Systems PHM e

S=AB+Chp

<> Recurrent Unit
I FF Neural Network

Graph Neural Network

=t

Multi-Sensor Monitaring

GEOMETRIC DEEP LEARNING FORCOMMON CAUSE
DEPENDENCIES

* Graph: o

T02
@ﬂ Prol
‘*iij_"" ------- Pro2
SO
T02 @
cot T3
/" 1 “\‘\‘

cn Pso02
Pso1 4
2

Adjacency matrix (4} Feature matrix (X):

01 0 1 1 Sug  Swy O 0 0 0o 0
1 01 00 0 S SaHs, 0 0 0 0
A= |01 000 Xi= 0 0 Seg O 0 Sy O
10 0 0 1 0 0 0 Sus S 0 0
10010 0 0 0 0 0 0 Su,

A. Ruiz-Tagle, E. Lopez Droguett. System-Level Prognostics and Health Management: AGraph Convolutional Network Based Framework. Journal of Riskand Reliability, 2020.
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GEOMETRIC DEEPLEARNING FORCOMMON CAUSE
DEPENDENCIES
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GEOMETRIC DEEPLEARNING FORCOMMON CAUSE
DEPENDENCIES
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(node 0)
Condensate
0.46 0.70
Tank +0.06 +0.06
(node 1)
11T 011
MO14 pump 0.02 0.55 1.00
1 1 1 0 0 (node 2} 0.03 +0.16 £0.00
01 100
Generator 0.45 0.22 0.06 0.59
10011 (n:mde}] +0.05 +0.05 +0.09 +0.04
10011
MO15 pump 0.45 0.22 0.06 0.59 0.59
(node 4) +0.05 +0.05 +0.09 +0.04 +0.04

Reboiler  Condensate MOld pump  Generator  MOLS pump
(node 0) Tank (mode 2) (node 3} (node 4)
(node 1)

Computed IM compared with the original !

CIENCIAS FISICA!
s Y MATEMATICA!

32



TOWARDS ADIGITAL TWIN FORRISKINFORMED DECISION MAKING

Optimal Policy for Supervisory Control: Actions
for maintaining plant whithin operating ranges

Probabilistic Model Deterministc Model
[« T 71 A=
) -~ 5 i Actions
= 2,2':; Reinforcement Leaming Physical
. Based Autonomaus Sensor Complex
[ n Rewards Decision-Making M onitoring System
at !
" m

PHMVIModel

Digital Twin

REINFORCEMENT LEARNING AUTONOMOUS DECISION-MAKING

LNG storage

Gas and Oil Well —

Waste water pipeline P2 g
oil li
E o \
% Distribution

N\ Compression plpe“ne
N station —
CO; H:S HO, Ck ’ ‘ (
Gas Well Production | = Transmission)|
pipeline _ . pipeline | ~—
Oil separator  Gas dehyd Gas company Residence
Soil Commercial
o Natural Gas complexes
ipeline @ M Water Q Corrosion related maintenance
— accounts for 80% of annual corrosion-
1 related cost: 7 billion US Dollar
Internal Corrosion (CO,/H,S Corrosion)
C Correa, E Lopez Droguett, J.I. Cardemil Operation Scheduling in a Solar Thermal System A Reinforcement Leaming-Based Framework. Applied Energy, 2020. e
Z.Mahmoodzadeh, K Wu, E Lopez Droguett, A. Mosleh. Condition-Based Maintenance with Reinforcement Leaming for Dry GasPipeline Subject to Internal Comrosion, Sensors, un ew.
Gihed
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REINFORCEMENT LEARNING AUTONOMOUS DECISION-MAKING

Environmental Pipe model
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* Autonomous decision maker with smart condition-based maintenance
scheduler via Reinforcement Leaming P
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Thank You

Enrique Lopez Droguett
elopezdroguett@ing.uchile.cl

UNIVERSIDAD DE CHILE
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8. Breakout group outputs

What is the relationship between PRA & PHM? How can they synergize?

- Breakout group 1 (Curtis Smith, Pradeep Ramuhalli, Ramin Moradi, Richard Laudenat)

@)
o

Need for commercial engineering tools to have attributes of PRA & PHM
Need to resolve/connect across the two different levels of abstraction between
PHM & PRA

Passive vs. active component level

Chance to do dependency analysis and to bring in model-based engineering;
engineering insights vs. “PRA insights” (temperature margins instead of failure
probabilities)

- Breakout group 2 (Askin Guler Yigitoglu, Camila Correa Jullian, Fernando Ferrante,
Mihai Diaconeasa, Roger Boyer)

o

@)
@)
@)

(@)

PRA Failure logic and PHM logic
Assessment of how system performs
Combine data acquisition with failure history
Scale: PRA tends to be higher level than PHM

= PRA models to level of data (surrogate/generic

= PHM utilizes real time (plant specific) data based on the sensors
Safety (PRA) versus performance (PHM)
PRA is top down approach, PHM based on available sensor data to assess the
system health
PRA is constant failure rate, while PHM needs to account for degraded states
PRA tools are more mature? Vs PHM tools are customized to the
design/system/plant being assessed, both are modeled for their specific
application
PHM helps with early detection (precursor)

- Breakout group 3 (Austin Lewis, Enrique Lopez Droguett, Michael Azarian, Sergio
Cofre, Yuanchang Chen)

(@)

Challenges

= Difficulty in obtaining training data & the need for failure data to apply
PHM, deep learning techniques; adequacy of physical models

= PRA assumptions of constant failure rate; vs. PHM modeling of more
realistic failure/degradation behavior

= Interactions between degrading components; and the influence on the
overall system; complexity of component degradation at different rates

= Scalability to very complex systems;

= Lack of a common language between PHM and PRA creates barriers to
working together & bridging the divide
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Breakout group 4 (Daniel Nunez, Linyu Lin, Masoud Pourali, Mohammad Pourgol-
Mohammad, Stephen Thomas)

O

Experiences with tools for PRA and PHM from different industrial/application
perspectives

Commercial PHM tool availability

Difficulty adding sensoring/monitoring large scale complex systems & existing
plants

Meaning of RUL & need for tools in a healthcare context; autonomous vehicle
contexts

Newness & novelty create accessibility challenges; need for more education &
introductory materials

Breakout group 5 (Vivek Agarwal, Andres Ruiz-Tagle Palazuelos, Jose Celeya,
Mohammad Modarres, Bob Youngblood)

O

(Need for) Interpretability as we try to integrate both — necessary in higher
consequence industries, may be less necessary in lower consequence applications.
Higher interpretability for physics based models and for PRA models vs. the
(lower interpretability of) data driven techniques.

Need to integrate physical models and PRA models is a key aspect of achieving
this integration & has explanatory value

Need to define the level of interpretability required viz-a-viz context of the end
user
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10. Zoom Chat log (Only includes chat sent to everyone)

From Jamie Coble (she/her/hers) to Everyone: 01:23 PM

I’m sorry that [ have to miss much of this workshop. This is a topic I am very interested in from
both the PHM and PRA sides, and I’m always interested in conversation to explore
opportunities! I welcome anyone’s thoughts or discussion.

From Vivek Agarwal to Everyone: 02:19 PM

How would incorporate uncertainty analysis across hardware, software, analytics and decision-
making?

As data grows deep learning tends to perform better, correct. But do we really need large volume
of data to develop digital twin

Big Data versus heterogeneous limited data

From Bob Youngblood to Everyone: 02:20 PM

Thanks for the truly interesting talks. Of course the present emphasis is on understanding what’s
going on with degradation. But given the emphasis on understanding the delta between nominal
expectation and observation, two closely related applications suggest themselves. One is
detecting anomalies (like precursors, but not necessarily near misses), and another is detecting
cyber intrusion. Both of these are instances of your model of the world being somehow
incomplete. The technologies Enrique mentioned might help address these...

From Vivek Agarwal to Everyone: 02:23 PM
Curtis: Are current PRA tools capable of integrating all the advancements in PHM to enable
online risk monitoring? If not, what needs to be done?

From Daniel Nuiiez to Everyone: 02:25 PM

Question for Dr. Lopez Droguett: if you have a complex system monitoring multiple sensors and
failures (system stops). If that system is failing due to component quality changes driven by cost
reduction (example: cheap sensors, PCB's with solder quality issues), do you think that can be a
case of quality of data that can confuse a deep learning approach to monitor and learn system
degradation? Is there an assumption of well design systems with high quality components so that
we are only looking for wear out failures?

From Abhinav Saxena to Everyone: 02:29 PM

Comment: One challenge that i see in relying on data-driven approaches is that data collection
from legacy systems (which most of these are) were designed with human-n-the-loop decision
making, where a SME fills in the contextual gaps. Use of ML/DL methods fall short of filling
such gaps resulting in large number of false alerts, etc. being able to take advantage of new are
Al methods may require re-design of data collection. hence i see confluence of data-based and
physics-based models is the only realistic path in the near future.

From Jose Celaya to Everyone: 02:51 PM
Thanks a lot for the team...

From Askin Guler Yigitoglu to Everyone: 02:55 PM

I would like add, beside PHM provides failure data input to the PRA, it can be also used to
inform success criteria we used in fault trees to understand if degradation affect the performance
of trains/redundancy.
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From Curtis Smith to Everyone: 03:06 PM

@vivek question: Current PRA tools sort of are ready for PHM info. A middle calculation layer
is created that manages the interface between sensor data and then prediction of failure that goes
into the PRA model. This can be done and automated, but [ am not aware of anyone who has
automated this.

From Mihai Diaconeasa to Everyone: 03:08 PM
I agree, Curtis. An interface should be able to handle the transfer of information, but perhaps the
exchange of information should go both ways.

From Curtis Smith to Everyone: 03:12 PM
@vivek "Big Data" : seems like we need a future workshop on "Is 'Reliability' Needed in a
World of AI/ML?"

From Jose Celaya to Everyone: 03:16 PM
(@ramin, it depends of what part of PHM problem you want to solve using deep learning as a
building block... For anomaly detection, perhaps more sensor and more data can help.

From Jose Celaya to Everyone: 03:16 PM
But if you are after something as hard as RUL estimation, just having more sensors, does not
enable a deep learning based solution.

From Sergio Manuel Ignacio Cofre to Everyone: 03:22 PM
Thank you Jose, that was a great insight

From Daniel Nugiez to Everyone: 03:23 PM

Thank you José. That totally relates to what I'm seeing in complex healthcare imaging systems.
The need to focus in one specific problem
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