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AI DEFINITION

Artificial intelligence (Al) is the ability of a computer or computer-controlled
system to perform tasks commonly associated with intelligent beings.

o



INDUSTRIAL Al

Industrial Al Is the application of technologles
to address industrial pain-points for customer

value creation, productivity improvement, ] e i

and insight discovery



Equipment in industry needs Al since
becomes data driven

Increasing availability of sensors
Cheaper storage and compute

. et .

Increased adoption of machine learning
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Data driven methods are
well known for long

Deep Learning Neural Network
Generate models from |

data and knowledge |
(model train) r ':'ff:;-: e | R Y

&4 ... and use them to §
make decisions on
real time data

(model predict)



Scale up and populate..
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The Achilles heel
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Why scaling is difficult?
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CLOUD

Data Centers

Thousands

FOG

Nodes

Millions

EDGE

Devices

- B =

Billions




Conceptual view of Al
platform




cloud computing: (Worldwide)

Edge computing is on the rise Iin
many industries

‘edge computing’

10
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edge computing: (Worldwide)

‘cloud computing’
50

: Gartner forecasts that 75% of
2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 201 enterprise-generated data will be

created and processed at the edge
by 2022




Multiple layer Edge computing
architecture
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Edge agents versus cloud centralized

Sends data or meta data to cloud

(e S,

Stores data locally Runs or trains ML models on the edge




Traditional way, we transfer everything
to cloud




The cloud provides the services one by




With Multi agent for large fleet

-d




Organization

—

irl:-nr-:El_rl'
cOrmmanication

Al workflow @edge

Parallel data

Off-line

On-line
Update model

Sensor data — — Results

Serial data



Human confused? Let us machine talk




Social agents: The middleware

SOCiaI ‘, ‘ rork Platfarme e e 3:1 Human |nput
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The analytics
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Analytics and expectations also

What's the beat action?
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Types of data
analytics

Descriptive
Analytics

Group historical

data according to
their similarity

Reports
Mapping




Descriptive analytics
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The challenge in Descriptive analytics




Types of data
analytics

Diagnostic
Analytics
Descriptive

Analytics .
v Determine cause

of successes and

Group historical failures
data according to
their similarity

Statistical analysis

Queries
Reports Data Mining
Mapping
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The challenge in Diagnostics analytics

Faults and
Failure

modes in
FMECA




“B I aCK swa“ Event: An event or occurrence that deviates beyond

what is normally expected of a situation and that would be extremely difficult to predict.”




Black Swan Losses

e Loss Distribution

— Tail events are rare —
very little data

T e— | ( Ly
— Typically strong model © - _ 4
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Types of data

analytics

To Educate and Inform

A

Descriptive
Analytics

Group historical

data according to
their similarity

Reports
Mapping

Diagnostic
Analytics

Determine cause
of successes and
failures

Statistical analysis
Queries
Data Mining

Predictive
Analytics

Learning from the
past to find out
trends, standards,
correlations.
Anticipate the
future.

Machine learning,
Simulation,
Forecasts




Predictive analytics:RUL
prediction

Feature of itemn
crosses boundary in
time t+dt

45}

Failure(Size: 0.021)

Cresv

Feature of itemn
crosses boundary in
\ lime t

RUL considering two
features




Prognostic Horizon
How Far Do You Want to See
Into the Future?

Choose One

= Detect Train Just Sredictive

Before it Hits You, o%

or Predictive

Obstruction
= Detect Train Far (L N>

Enough in Advance
to Take The “Right”
Evasive Action




f Dorian Gray
‘predictive analytics




Huge gap between data science
and O&M

“I need strong,
transparent insights to
improve my daily
decisions.”

“I need to deploy models
into live business
environments.”



Data driven or model based?

Data-Based or Physics-Based
Models? — That is the question!




Types of data

analytics

To Educate and Inform

AL

Descriptive
Analytics

Group historical

data according to
their similarity

Reports
Mapping

Diagnostic
Analytics

Determine cause
of successes and
failures

Statistical analysis
Queries
Data Mining

Predictive
Analytics

Learning from the
past to find out
trends, standards,
correlations.
Anticipate the
future.

Machine learning,
Simulation,
Forecasts

To optimize
A

-

Prescriptive
Analytics /
Decision Support

Provide better
options based on

forecasts. Show
implications of
each option.

Optimization,
Decision models,
Planning

N




Prescriptive analytics:RUL prediction
and simulation of scenarios

Maintenainers demand: Operational recommendations with RUL estimations
characterised via deterioration process, probability model, possible tasks
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Can you predict and track the
cause of chaos?




Text, images, speech & videos

Consumer
* 350M photos/day « 3.5B Google searches/day | :
* 4.5B likes/day « 304 M active Amazon users nternet:
Discrete,
Feed Back Type High Events
» Search relevance « Product reviews
« Likes + Tagging
» Clicks * Rating

Sensor time series, text & images

+ 173000+ monitored assets « 3 Trips/year for GT Industrial

» 250M/samples/day- CCGT plant « 29 Events/1M flights for a/c :
e Internet:

1 Inspection/Year Continug
Feed Back Type Low Evds

» Inspection results « Domain knowledge
» Failure events « Feedback loop slow

L SoEING

Industrial Data & Feedback Loop are Different o TECHNOLOGT




The method, let us twin reality

Engineering models that continuously increase insights into each asset to deliver
specific business outcomes

€) Per asset model € Continuouslytuned Q€ Scalable § @& Adaptable

/L\\*\

Inspection Work Work Service Design Impact New Service
Optimization Planning Optimization Optimization Creation
Optimizing
Workscoping Optimize Shop . Design for Controls
- > Shop & Region : =
ln;;e:he;tlgn Rt s Maintenance it Service N (.)p.eruﬁt:‘ns
- timiza (N+1)
Avoidance Workforce / Outage Mgmt & Per Asset Fleet Design for P
Inventory Reduction Mgmt Performance Business

Planning Optimization (N+2)




The twin as
a service
provider




Digital Twin: A virtual instance of a
customer’s smart connected physical
product

Market Enterprise

Customer A

Product Lifecycle State

Customer B

Product Model & Location by Customer

Physical Product Models Digital Twin Insights Beneficiaries



Digital Twin Solution Architecture

o~
o

~

SMART CONNECTED PRODUCT

Computing Platform,
Sensors, Connectivity

Connected services,

data and capabilities

Joinable with
other devices

Customer unique

Fleet aware

Cloud
connected

Engineering, simulation &
visualization platform

Cognitive services &
business intelligence

Enterprise intelligence &
system integration

Tailored services

Real-time

,(“)_

Cloud
connected

-~
I

DIGITAL TWIN SERVICES

Design and innovation
insights, actions

Integrated customer
support and field service

Manufacturing, supply

chain and quality
performance

Digital thread



Digital twin

* The digital twin refers to a digital replica of
physical assets, processes and systems that
can be used in real-time for control and
decision purposes

— Computerized mathematical model (what we
have done over years)

— Real-time, thanks to loT

* In contrast to a physical asset, the digital
twin can immediately perform forecasting




Stochastic digital twin

* A stochasticdigital twin is a computerized model of the
stochastic behavior of a system where
— the model is updated in real-time

* based on sensor information and other information
e accessed via the internet and the use of cloud computing resources

 What-if inquiries result in pdf’s rather than sincleialiac




Real-time model

* Areal-time model is a model where it is possible to obtain
values of system performance and system states in real-time

* With real-time we mean that data referring to a systemis




Real-time model vs stochasgc

.
.
.
.

The digital twin is a virtual
image of an asset, maintained
throughout the lifecycle and
easily accessible at any time.

COLLABORATION

Enable early insight into risk and perfor-
mance issues, as well as collaboration
with customers and other stakeholders.

Software to support the asset lifecycle

Reduce major cost incurred
by repeatedly searching
EMERGENCY
for, verifying or repro- o otaen =P O C —p orerations —p SAEIE  —P PLANNINGE —P txvu“

& DESIGN TION INTEGRITY ENSION

ducing RESPONSE



Trending Parameter (a)

Front exhaust manitold
temp o @

Diagnostics

Failure Threshold ’

I_"S.s.f-."ty' Margin 7

Extrapolated Trend (based on a /
fault propagation model) 1“""‘“9'

Prognostics
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Analytics

On board Wireless System
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Twin based purely on OT
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A fusion process which requires
taxonomies and ontologies



Taxonomies and ontologies

Main shaft

1

Gearbox

Generator

Initial ————————— | Wind turbine
indenture level
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™
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EquipmentComponent

happened At
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isPartOf

Part

subClassOf

theSameLevelOf

/{ CompensatoryMeasure

compensationFor

FailureMode

toDetect

subClassDEuthSUf

FailureEffect FailureCause

2 /\ subClassOf
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LocalEffect

NextHigherLevel Ellect

EndEffect

Rule-1

DetectionMethod

/{ PartLevelFailureCause ‘
subClassOf

subClassOf

\( SubassemblyLevelFailureCause
subClassOf

SystemLevelFailureCause

FailureMode(?x) » hasHappened(?x, true) A Device(?y) *
happenedAt(?x, ?y) A FailureMode(?z) A theEndFffectls(?z,

?x) A FailureMode(?a)  theHighEffectls

(?z,

?a)?theDirectFailureCausels(?x, ?a) A hasHappened(?a, true)



TRANSFORMATIVE MAINTENANCE SOLUTIONS
Integration & Application of Technologies

DISRUPTIVE
TECHNOLOGIES
Transformatlve Technologies
(predictive and prescriptive
technologies)
—
Optimizing Technologies
(predictive technologies)
—J
Supportive Technologies
(prescriptive technologies)

-

IT
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eMaintenance
_ Cloud Server

On board Wireless System ) )
Y Machine Maintenance

Analytics

Truck scheduling
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Database

Collected
Source
Data

Importation

é?

IT

Sensor
Value

Indicator

Single Metadata
Relational Enhanced
Database Database

Digital twin 2.0

Analysis )

Sensor
Value
Indicator
Fault
Action Y,

Results
and Case
Studies



What is context awareness?

( N
t ‘ : .g .
\ e,
%

—“An application’s ability to adapt to
changing circumstances and respond
according to the context of use”

—Issues in context awareness system
implementing
e How is context represented?

e How frequently does context information have
to be consulted?

e What are the minimal services an environment
needs to provide to make context awareness
feasible?




Context-aware Maintenance
Decision Support Solution

= Digital twin 2.X__

=




What can | see in my data?

Now casting F)o re;]castll?f
3) What will happen in
1) What has happened the future

2) Whatis happening 4y \when will it happen

Health index Remaining useful life Maintenance,
calculation prediction when heeded
eaEeaEe [=0F oo
55/ e sa' = .
SEIaBIa a8
NN NN NN \




Domain knowledge and Al, both
needed




Predicting the future.....




Or predicting the past.....




Domain knowledge and physics sometimes
is not in the data

1 Future unknown

t _ ' damage states
Known history & ! Yovins

current damage :

decisions.”

lllllllllllll

damage state

- —— =0

*
Known input —— ~ Damage level (n)

X
H+H

n+l



And the Uncertainty in RUL minimized
with physics, maximized with data

_, Failure | ; : | Background |
- I Testing data :
3 Threshold | | 8 : :health Irnnwledge.
= LW - L T LY SRmE=
Y e | ‘
4 o | Sensor Signal Ny £
c K i 5
E E ] .'II.'.:".:::K E-
A = A Prediction v
r il g :E
ey C Reliability :
[
T :
|

T Tima n thghtedaum |—h-1 Freﬁc[ed Hl.ll |
Current Time Designed life




Data driven or model based?

Data-Based or Physics-Based
Models? — That is the question!




Hybrid models

m Combine knowledge about the physical process and information from
sensor readings to enhance prognostics capabilities.

® Integration of measured data and physics can lead to a reduction of
uncertainty (e.g. adjust predictions from model using observed data).

m Integration can be implemented at different levels of the PHM process:
- Online model parameters updating.
- Model predictions correction based on observed data.
- Measure current damage level and propagate. .

- Build empirical degradation models from data.




Digital twin 3.0

DISRUPTIVE
TECHNOLOGIES ‘

Transformative Technologies
(predictive and prescriptive
technologies)

Optimizing Technologies
(predictive technologies)

—-"‘f

Supportive Technologies
(prescriptive technologies)




The process of twin 3.0 building

The asset (machine, F!MEC‘Z ::jint.'wingd E %
equipment, electronics, monitored fallure modes %ﬁ@rﬁ‘lﬁ%ﬁ
and parts taxonamy SO S Oe®

system, structure, etc.

Defining taxonomy of
parts within the asset

Articulation of Failure
Physics




Can you predict and track the root
cause of chaos?




Black Swan Losses

e Loss Distribution

— Tail events are rare —
very little data

T e— | ( Ly
— Typically strong model © - _ 4
assumptions e i

— e ——p
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All the knowledge together

Probability-based Knowledge
Historical data dimension




Digital Twin 4.0 v el

black swan

Incorporation of black
swan to existing
Populate knowledge
knowledge

Identification

Black swan turn Knowledge
white capture Knowledge
acquisition

Update
knowledge

Modificati.o n of Learning through
Swa n perception Reconsider black and retrospectability

formulate strategy to

confront




Evolution of the Process

Knowledge
Capture

Design & Validation of
products

Digital twin

Technological Advance

Integration of Product
Design and O&M

80s 90s 2000 2016.....
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Asset Life Cycle RETIRE

PHM



PLM and digital twins

< Product Lifecycle Processes
Design @y Build m@—) Operate —) Maintain

-

Oo&M
Processes

Digital Wind Solutions

AN

Create Plan Simulate & Validate Execute
Processes Processes Processes Processes
I Validate I

Engineering Design As - Built Records




The DT 4.0 concep

t
—

= Physics Hybrid models
of failure
e

Surprises Awareness



Types of data

analytics

To Educate and Inform

N

Descriptive
Analytics

Group historical

data according to
their similarity

Reports
Mapping

Diagnostic
Analytics

Determine cause
of successes and
failures

Statistical analysis

Queries
Data Mining

Predictive
Analytics

Learning from the
past to find out

trends, standards,

correlations.
Anticipate the
future.

Machine learning,
Simulation,
Forecasts

To optimize

Prescriptive
Analytics /
Decision Support

Provide better
options based on

forecasts. Show
implications of
each option.

Optimization,
Decision models,
Planning

~

To decide
AL

Cognitive
Analytics /
Intelligent
Autonomous
Actions

Al systems that
learns from
actions, finding
correlations, and

learn from
outcomes.
Autonomous
operations.

Artificial
Intelligence

Reduced human
intervention

~

Take direct action




Building an Intelligent Enterprise with
Artificial Intelligence-(Al)

Prescriptive Analytics
Simulation Driven Analysis, Human
Decision Making Machine Learning,
Deep Learning, Neural Networks

Cognitive Analytics
Self- Learning & Intelligent Enterprise
Artificial Intelligence, Cognitive Computing

Advanced Analytics

Predictive Analytics
Y Foresight
— Regression, Statistics

Descriptive Analytics

Operational
Analytics



Simulation of maintenance policies
and different RUL calculation

&

Resources
Maintenace =~ "/ 'SCENARIO ,'ﬁe{.
policy 1 y . ﬁ N =
Capacity or
RUL other KPIs
i for MP1
Main';enace I Falocated. A ) %
policy 2 % A
Capacity or
other KPIs
forMPZ
Maintenace —7_
. [ /
policy 3 -
CapaC|ty or
other KPIs
for MP3
&
/ N
Maintenace = — @ A
: A Capacity or
policy n D other KPIs
RUL for MPN




How many scenarios N

Prescriptive
Aralytics [ .
What will . S
happen? ot - . 1
o ‘

Predictive LAY
x Q “ — 3
a l C S o ? 0‘06\9 = = l.\.-\ 7 / % Y

~an Fhi

Prescriptive Analytics delivers largest value

How can we
» make it happen?

th(
happened?

Descriptive
Analytics

N
No® | 99
\0\0‘«\6 we

Value

Difficulty
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Maturlty in the classmal approach

(o]

* i)

Business

i ] h Prescription
Value reality domain &AutnEnm

\ observation expertise

data Prediction [ optimjization ]

agagregation :
standard \ / Aerstand ;
system nderstanding data- E!rwen :
connectivity predmtmn
9 - Observation
:“nﬁ'? g machlne
e _ learning

Y

Digitalization

| Descriptive Analytics | Complexity
| Predictive Analytics J




In dark factory and unmanned assets
maintenace crew out of the loop

Context is dynamic W0 P 7T TS0 T 0305 | 4 DZOTOZOE 03 | T0T03 1 0

— _ = PR — -
Prescriptions cannot be - '- ' e ]1l lJ
taken manually o r ii Ni
Humans cannot keep up > ™ &
with data complexity ' l

Industrial Al must take over
with cognition
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Terror management

¥l Ly o} Ly , W,
. ' 3 e F
- » - . L4

4
# — Core premise: basic existential
E  dilemma
e Desire for life
 Awareness that death is inevitable



Cognitive assets will self preserve

Asset Management Maturity

Cognitive

Condition based

M ; Predictive

-F@ CENIED #

—
Usage based

Calendar based

>
DuUsiness impact
Maintenance is an expense Maintenance is an investment
o O “ |
s | ‘ | “n° |
e * Ever increasing range of sensors o1 0 * Agility and Mobility i;:}’ * From dala lo actionable intelligence
* Volume, velocity, variely . * Highly Connected Systems * From reaclive to proactive

Instrumented  * Evenl driven information Interconnected * Cross Collaboration Intelligent * Whole lifecycle system optimization



Predictive

e Predict asset health/failures

* Multivariate—leverages advanced
algorithm

» Systemicview ofasset
Preventive

¢ Schedule based

* Provided by
OEM/Past
experience

Cognitive

* Ability tounderstand all
kindsofdataandtoturnit
into actionable insight

Condition Based
(CBM/RCM)

£
4 9 * Monitor equipment

parameterand asses asset

/ ' ///A health
o, i e StaticTolerances
//’ Reactive * Univariate

/ * Machine fails, then fix



Cognitive Maintenanceisa | ( Sensor ata

* Machines
Event Data * Processes

further upgrade on predictive (e (G

maintenance, as it enables ustads e o N
all kinds of d=&3 Bosy T (SR
° : | ¥ N I I3 2 ' : srvices

- |
anc ntormed insight
and superior recommendation on next

Cognitive Insights

b eSt a Cti O n o e Failure probability

* Expected Time to failure
* Expected componentto fail
* Nextbestaction



Infuse with
Advance to cognitive
Visualize analytics &
digitization « Refine models with
the patterns g_ cognitive machine
Gather the data ey - Gali inslghts from ihie learning
S —— » Visualize your data in
- Instrument your meaningful dashboards d?;g'i Sr:): Cl:;:: nT : : : ;’; S » Use other coghnitive
equipment/assets P functions to improve
to collect data - Start to see patterns - Ehveatating Blisiness engagement
» Gather preexisting data » Build with Bluemix RIOCESSER

Prereq off-load Value Vision
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ecndie) concluding remarks

* M2M is not possible due to lack of standards

 Multiagent and federated learning are good starting point
for the facebook of the machines

 Machines may not talk but DTs can

 In unmanned and unattended assets social network can
provide added value services and reduce need for humans
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