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Industry 4.0, the concept

The basic principle of Industry 4.0 is that
interconnected machines and systems will form
an intelligent self-controlled network spanning
the entire value chain.

\\

In the ideal factory, machines autonomously
react to unexpected changes in_production,
predict failures and tri

DrOCEeSSeS.

AUTOMATION vs AUTONOMY
AUTOMATION AUTONOMY

v/ Process performed Osytem p rft{r?n—slt sks
g . s
without human assistance under in

7~V Pre-defined rules, v/ Self-adaptive,

fixed sequences /7 self-learning |

> o - { N >

v/ Limited flexibility, Context—aware///,: :
7 \ ¢

v/ No understanding of context Can make deciéions |

v/ "Do what | v / "Do what is n,eed]ed
programmed you to do” #7/ to achieve the goal”
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Industrial Al: From Data to Smart Decisions

Deep Learning Neural Network
. @ o
Train Al models
using historical asset
data and domain
knowledge

(Offline learning
with labeled data)

Deploy models
for real-time asset
monitoring and
decision-making
(Online inference in
production environments)

Train | Layer Hidden Layer

Industrial Al leverages data to smart decisions

HOW MACHINES LEARN

Text, images, Consumer Industrial
speech & videos Internet Internet

G ﬁ <e>| Sensor Continuous

=== lnE series @ Low Events
350m 4.5b 34+ text & images

search image Vvillios
day day peryear Feedback type Feedback type
Feedback type  Inspection results e Inspection results

- Likes » Alarms/—ure logs* » Alarms —ure logs®
- Clicks » Downtime hours e Downtime hours

Industrial Data & Feedback Loop are Different
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MACHINE LEARNING PIPELINES

- Consumer Internet Use Cases
Google

Customer Sentiment Analysis
Segmentation
Ads Targeting Search Engine
facebook
Industrial Internet Use Cases

carywmng  Ajaiics ased

m Work Planning Performance Optimization

Industrial Machine Learning Pipeline is Different

LULE.
UNIVERSITY.
of TECHNOLOGY

INDUSTRY 4.0 DATA IS MOSTLY
MACHINE GENERATED DATA

Volume - Velocity Variety Variability

S - —~amy w
Machine-generated data is one of Ny GPS

the fastest growing, most complex RFID
- Hy pervisor
and most valuable segments of big data
Web Servers
Email, Messaging
Clickstreams, Mobile
Telephony, IVR, Databa3]~s

o

Sensors, Telematics, Storage
Servers, Security Devices, Desktops
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DARK FACTORY

- Dark Factory (Lights out
manufacturing)

- Characterised by Q
- High level of autonomy | /é
- Digitalisation HIREZ P \
- Al . ULECLELEN | & A2 /
e L 3 i

- Robotics

- Low liveware
intervention

INDUSTRY 5.0

HUMAN-CENTRIC,
SUSTAINABLE AND RESILIENT




Performance

@

IR4.0 to IR 5.0

ustainable
. \, Y

IR4.0to IR 5.0

Reactive

Preventive

Human-Centric

Prescriptive
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Human-machine Relationship

Human-centric
manufacturing

1980s- Mass Customization

Plesible manufacturing
system | 1980s

Personlization

Industry 5.0

1973 - Mass Production |
Genetal-purpose
machine tools

W Coevolution )

_ Compassion ) m}

Industry 4.0) //
Collaboration

Volume /ProbucT variety
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2010s - Mass Personalization
Smart manufacturing system/
Self-organizing manufacturing

network

1850s - Craft Production
General-purpose machine

tools

1850s - Craft Production
tProduct variefuitry stem

Industry 1.0
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ML IN A METAPHOR

Seeds = Algorithms
= Data
Gardener = You

ji/\”ji;é{\ NTS = Trained
models

(

S|

=

M i W >
R / v




AUTOMATION

Types of Analytics

* Now casting

1 What happened
in the past PRESCRIPTIVE

ANALYTICS
2 Why something

DESCRIPTIVE
ANALYTICS

happened

» Forecasting | PROGNOSTICS

3 What will happen ANERVEIES
in the future

4 What needs to be
done next

DIAGNOSTIC
ANALYTICS

18/06/2025
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Analytics and expectations
also change

Cognitive Analytics
Cause something to happen. Q{) Automated

Prescriptive Analytics
What should we do?

Predictive Analytics
What could happen?

Diagnostic Analytics
Why did it happen?

NOILVLNIWONY IV T_*

Descriptive Analytics
What happened?

Types of data
analytics

Descriptive
Analytics

Group historical
data according to
their similarity

Reports
Mapping




1. PURELY

) REACTIVE:
S * hen e DESCRI P |VE
? which does not I

.\ \ makeastock

W= ANALYTICS
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DATA WITHOUT CONTEXT = FRAGILITY IN INDUSTRIAL Al

Why incomplete sensor data leads to blind spots and failures

SENSORS Al MODEL

DATA

'OLLECTED } Al MODEL

A

All is well...

JATA COLLECTED APARENT CONFIDENCE

Al FAILS

UNEXPECTED FAILURE




TYPES OF Al

The emergence of artificial superintilligence will change humanity, but it's not happening
Here are the types of Al leading up that new reality.
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Reactive Al } {Limitedmemory} {Theoryofmind] [ Self-aware

* Good for simple

classification and
portern recognitioln
tasks

Great for scenarios
where all
parameters known;

Incapable of dealing
with scenarios
including imperfect
information or
understanding
o—
OoO—0O O
O O O

Can handle complex
classification tasks
Able to use historical
data to make predic-
tions
Capable of complex
tasks such as self-dr-
iving cars, but still
vulnerable to eutllers
or adversarial
This is the current
state of Al, and some
say we have hit a wall
"

—

=

e Able to understand

human motives aning

Can deliver personal
experience to every-
based on their moti-
ves and needs

Able to learn with
fewer examples incu
it understands what
shows motive and
intent

* Human-level
intelligence that
can surpass our
intelligence, too

Types of data analytics

/ N 7 N

Diagnostic
Analytics

Descriptive
Analytics

Determine cause
of successes and
failures

e Group historical
data according
to their similarity

Statistical analysis
Queries
Data Mining

e Reports
Mapping




1. PURELY
REACTIVE:

This one is a
most basic

the one
which does

& not make a
L stock of

D memories.

Fallure Zone

Normal

TYPES OF Al

Diagnostic analytics
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The emergence of artificial superintilligence will change humanity, but it's not happening
Here are the types of Al leading up that new reality.

Reactive Al ] [LimitedmemoryJ [ Theoryofmind] [ Self-aware

Good for simple
classification and
portern recognitioln
tasks

Great for scenarios
where all
parameters known;

Incapable of dealing
with scenarios
including imperfect
information or
understanding

Can handle complex
classification tasks
Able to use historical
data to make predic-
tions

Capable of complex
tasks such as self-dr-
iving cars, but still
vulnerable to eutllers
or adversarial

This is the current
state of Al, and some
say we have hit a wall

—"

=

e Able to understand

human motives aning
Can deliver personal
experience to every-
based on their moti-
ves and needs

Able to learn with
fewer examples incu
it understands what
shows motive and
intent

¢ Human-level
intelligence that
can surpass our
intelligence, too




The challenge in Diagnostics analytics

All Faults and
Failure Diagnosable Predictable fault
modes in failure to failure modes
FMECA modes

Faults,
Failure
modes

Black Swan Losses

e Loss Distribution
 Tail events are rare — very
little data

* Typically strong model
assumptions

18/06/2025




TYPES OF DATA ANALYTICS

To Educate and Inform

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 item n
crosses boundary in
time t-dt

Falure 5ize: 0:021)

Feature of item n
crosses boundary
intime t

RUL considering two
features
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The swan

What can | see in my data?

Now casting Forecasting

1) What has happened 3) What will happen
2) What is happening in the future
4) When will it happen

P
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TYPES OF Al

The emergence of artificial superintilligence will change humanity, but it's not happening
Here are the types of Al leading up that new reality.
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Reactive Al ] {Limitedmemory} [Theoryofmind] [ Self-aware

» Good for simple °
classification and

portern recognitioln

tasks

Great for scenarios

where all

parameters known;

Incapable of dealing
with scenarios
including imperfect
information or
understanding
o—
OoO—0O O
O O O

Can handle complex
classification tasks
Able to use historical
data to make predic-
tions

Capable of complex
tasks such as self-dr-
iving cars, but still
vulnerable to eutllers
or adversarial

This is the current
state of Al, and some
say we have hit a wall

"
=

¢ Able to understand
human motives aning
Can deliver personal
experience to every-
based on their moti-
ves and needs
Able to learn with
fewer examples incu
it understands what
shows motive and

* Human-level
intelligence that
can surpass our
intelligence, too

intent

TYPES OF DATA ANALYTICS

To Educate and Inform

DESCRIPTIVE
ANALYTICS

Group historical

data according

Ib their similarity
Reports

Mapping

DIAGNOSTIC
ANALYTICS

Determine cause
of successes
and failures

Statisticalanalysis
Queries

Data Mining

PREDICTIVE
ANALYTICS

Learning from
the past to find
our trends,
standards,
totielations,
Anticipcte the
future

Machine learning,
Simulation,
Forecasts

PRESCRIPTIVE
ANALYTICS /
DECISION SUPPORT

Provide better
options based
on forecasts,
Show implications
of each option.

Optimization
Decision models
Planning
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RUL ESTIMATION

EEXEERD

@)
\ ) RUL LOSS
» PERFORMANCE  pegradation starts RATE

EXPECTED
PERFORMANCE

ACCEPTABLE
LiMIT

PRESCRIPTIVE ANALYTICS: RUL PREDICTION
AND SIMULATION OF SCENARIOS

Maintainers demand: Operational recommendations with RUL estimations
characterized via deterioration process, probability model, possible tasks

A
task C
break down

' task B

derenoration

task A

no
maintenance

el mpow | /upjpgolld
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Prescriptive challenge:
-Jlhe digital butterfly effect

e o g

Is my ML model enough?

Little world Big world
your model + data = entire reality

Model says
something

Event 1
SMALL WORLD

Event 2
SMALL WORLD




TYPES OF Al

The emergence of artificial superintilligence will change humanity, but it's not happening
Here are the types of Al leading up that new reality.
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Reactive Al } {Limitedmemory} {Theoryofmind] [ Self-aware

¢ Good for simple
classification and
portern recognitioln
tasks
Great for scenarios
where all
parameters known;

Incapable of dealing
with scenarios
including imperfect
information or
understanding
o—O
OoO—0O O
O O O

e Can handle complex
classification tasks
Able to use historical
data to make predic-
tions
Capable of complex
tasks such as self-dr-
iving cars, but still
vulnerable to eutllers
or adversarial
This is the current
state of Al, and some
say we have hit a wall

"
=

e Able to understand

human motives aning

Can deliver personal
experience to every-
based on their moti-
ves and needs

Able to learn with
fewer examples incu
it understands what
shows motive and
intent

b

* Human-level
intelligence that
can surpass our
intelligence, too

Oo? o
e

CLASSICAL ML VS DEEP LEARNING

‘ORMANCE

MACHINE
LEARNING
(CLASSICAL)

DEEP
LEARNING

AMOUNT OF DATA
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Maturity in the classical approach

standard domain
observation experfise

Prescription
& Autonom
data
aggregation

data-driven
prediction

machine
learning

l

i
Descriptive Analytics J
\|‘ A

Predictive Analytics |

!

Al: DIGITAL GOVERNANCE

—— eGovernance ——

AUTOPRESERVATION
IS THE NEXT FRONTIER

1 A robot may not injure a
human being or, throughcion,
being to come to harm.

2 A robot must obey the orders
given it by human beings
except where such orders

would conflict with First Law.

A robot must protect its own
existence as long as such
protection does not conflict
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COGNITIVE ASSETS WILL SELF PRESERVE

ASSET MANAGEMENT MATURITY

— -

Calendar °
based T
Usage p 4 c@ Coaniti
oo gnitive

based ﬁ ‘ﬁ'
Predictive

Q ; o Condition based
Usage based

Calendar based

JONVWHOS¥Id

Asset value &
Business Impact

P>

Maintenance is an expense Maintenance is investment

N 7

= Ever increasing range of sensors >I< = Agility and Mobility -( ')- From data to actionable
* Volume velocity, variety = Highly Connected Systems = intelligence Fropz .

INSTRUMENTED + Event driven Information INTERCONNECTED - Cross Collaboration INTELLIGENT Whole lifecycle sya optinization

ﬁ: ~ Ever Increastnrg bility = Agility and Mobility o .r. From tata
] * Highly Connected Systems * Highty Connected Systems to actionable intolelligence

INSTRUMENTTED INTERCONNECTED = Cross Collaboration INTELLIGENT whole iifecycle system optim

TERROR MANAGEMENT
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TERROR
MANAGEMEN

THE CORE EXISTENTIAL DILEM

Core premise:

- Desire for life

- Awareness of the
inevitability of deg

Uniqueness of humankind

Distinctive human behavioral traits:

+ Subtle expression of emotions

- Intelligence; abstract thinking,
categorizing, & reasoning

e Symbolic & creative language

- Self-awareness & death-awareness
- Tool-making & technology

- Science, literature & art

- Ethics & religion
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Types of Al

Reactive Limited
Al Memory aware

Does not use Utilizes data Exhibits
past experience from the past consciousness

What is cognitive maintenance ?

e Understand complex
patterns from asset data

e Generate accurate predictions

e Adapt maintenance activities
dynamically
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BUILDING RESILIENT INDUSTRIAL Al:
WHY DOMAIN KNOWLEDGE MATTERS

DATA ALONE PINNS

. DOMAIN

} KNOWLEDGE
0

10

o .

BLACK HYBRID Al EEEEEE

SURVIVE & ADAPT
TO DISRUPTIONS

FRAGILE RESILIENT FLEXIBLE

RESPONSE

Al systems should help
empower society, combining
the best of technology

with the best of humanity’
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Minority Report: Why Human
Wisdom Still Matters

Te———

MINORITY
REPORT




damage state

18/06/2025

Or predicting the past....

DATA ALONE ISN'T ENOUGH

I need to deplay
diliast for toal
Eiscirvecvion

Known history
& current
damage states

Enter Hybrid
Al and PINNs.
where data
meets physics

Theed strone
insangetion tobire
to mproue any

Damage state Xg

Xn+2

Xn+4

decitions

Damage level (m)

The data scientist
needs more then
past observations

The maintenance
engineer demands
trustworthy,

transparent insights

Enter Hybrid Al

and PINNs; where
data meets physics
to bridge the unknown.

-Without physics, we guess.
With physics, we project.”
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“ -
In summary, are you sure you wantfto reduce risk?

4

Incoming Black Swan

Labor Availiability

Geopolitical Weather Events

") =4
— -
>Q Design Maturity Material Avalliality

-

===

Global Hyperinflation

Global Hyperinflation

55

3lack Swan Event:
~ Anevent or occurrence that deviates beyond what is

:’-f_"g[@irj*”"all_ expected of a situation and that would be
extremely difficult to predict.

T ——

56

28
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THREATS

Known
unknowns

Known

Unknown,
unknowns

unknowns,
black swans

THE PARADOX OF INCREASING RISK

- Technological progress has led to

increasing efficiency. THE BLACK
- In maintenance SWAN

o . may So-called ‘b[ack swan’
increase the severity of large ones. events are highly

unlikely to happen
but would have se-
vere consequences
if they did.

NORMAL

Frequelcy/Fiequerrcy

COMPONENT HEALTH INDEX

FAL  REPAIR

Severity /impact

DOWNTIME
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Some swans are more
than others

Unknown ok Unknown
unknowns . knowns

Unknown Known
knowns knowns

Some swans are more
N harmful than others

A failure is just
a tip of iceberg!

Failures

Hidden threats
Failures
Degradation:

wear, corrosion,
dust, vibration, noise, etc.

60

30
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BLACK SWAN LOSSES

Loss Distribution

e Rare tail events

e Strong model
assumptions

PROGNOSIS BASED ON ENSEMBLE PROGNOSTICS
DEGRADATION SIGNAL

. PHM PHM PHM
Prediction algorithm algorithm algorithm

performance l
\ [ — I—» Weighted sum 4—|

Predicted @
erformance [ <
P o .. “wo

HEALTP PrOgonss

Future

Observed ted
Past Current To PREDICTED RUL
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SHALL WE BE ABLE TO DETECT
THE SWAN SONG OF ORUR
ASSETS?

BEYOND THE DILEMMA: NOT MODEL-
BASED OR DATA-DRIVEN — BUT BOTH

Fusing the laws of physics with the power of
machine learning

o plE-MCE
" (HYBRID Al |
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The process of Hybrid Al building

Why incomplete sensor data leads to blind spots and failures

The asset Defining Articulation
taxonomy of Failure
of parts Physics

PHYSICAL LAWS AS ADDITIONAL INVARIANCE

- There are many more invariances other than translational invariance:
- Physics-based laws of nature: Conservation of mass, momentum, energy

HOW CAN THESE INVARIANCES HELP?

Three scenarios of

Physics-Informed Learning

. Machines
Lots of Physics ) :
Some Physics Big Data

(EEE T e =

This is the common S |
view of how PHYSICS PHYSICS ‘
Physics can help !
But even in the Big Data ’ J
regime incorporating L ‘

Physics can be helpful Small Data Some Data Big Data
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PHYSICAL LAWS AS ADDITIONAL INVARIANCE

There are many more invariances other than translational invariance:
— Physics-based invariances can scale data more seamlessly
HOW CAN THESE INVARIANCES HELP

LESS DATA MORE DATA

PHYSICAL INVARIANCES CAN Physical invariances can help
improve generalization or make the model easier to
regularize training train with less parameters

THE MAIN QUESTION IS HOW CAN WE INCORPORATE THESE
INVARIANCES INTO LEARNING?

Cognitive maintenance

Predictive

Model

Preventive 7

Coghnitive
* Schedule based
» Provided by

OEM/Past Cognitive

experience
= Ability to understand
all kinds of data and to

Contiton-Based turn it into actionale insigt
. . (CBM/RCM)
Machine fails.

then fix + Monitor equipment
paramoter and asset asset
when failure imminent

Reactive




Cognitive Maintenance is a further upgrade on predictive

maintenance, as it enables us to ingest all kinds of data

+ Structured

+ Unstructured |
(audio/video/natural T N

language)

m\

—
Q== |
Proceses / -
Audio/Video
Event Data

\ Breakdowns ‘
\_ Qualityissues

‘ Maintenance |
Data |
Motor Service  /
Data £
Operating—

to gain
informed insight
and superior
recommendation
on next best
action

ENABLING TECHNOLOGIES WITH
ROBOTS AS FOCAL POINT

=ilE

Big Data

Augment-ed
Reality

Additive
Manufacturing

Autonomous
Robots

e .
B2 ;

@0®

Simulation
Industry
4.0

Internet
of Things

Integration

Industry
4.0

18/06/2025
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COLLABORATION AND
CO-HABITATION ISSUES

¢ Robots bumping into humans

« Robots (such as drones) falling and
the danger this poses to
the workforce on the

* Overlooking robots falling onto
humans or other robots below

» Electrocution caused by

robot malfunction Z/~

&) 5%

O \_¢”

N

ROBOCOP VS ED- 209

Human-in-the-loop Autonomous Systems




///,

-

&
Mainter ance
& program
Application

v jj Environment
RAMS,
LCC &

! Risk analysis

-~ 4

Safety,
Environment,
Sustainabilitiy,
ROI

Safety, Environment, Sustainability, ROI

When?
Prognosis When? ) Controlling
Condition 4

Mo N\ i a
onitoring @Y?\f Predicting
Déscribin
WHAT? e
B Describing
~ System state &ler
Sua fehavior

Safety, Environment, Susttainability, ROI

Research

Integrated
Maintenance
Solutions

Cost Effective
Product
Development
& Life Cycle
Management

Research

Integrated |
Maintenance |

Solutions

Effective
Asset &
Production
Management
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1Al

—d B i —~
NTAlNAan
[1lallladl

Design for maintenance and
maintainability

Maintainability is the measure of the ability of an item to be
retained in or specified condition when maintenance
is performed by personnel.

@) | il

18/06/2025
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1-Augmented maintenane crew

39
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2-Droids to perform as humans

Machines designed to be
maintained by robots




INDUSTRIAL Al AND
GENERATIVE DESIGN

NN B ~ A7 N, \ %
v < 4 ‘/':,’:7 < :f v \: “}’f
7 | G Lk A '-J: A\ 4
/f : <
(i Y
& ‘ /
; \ B
2\ b - y \ N\ /
¢ /&/ R ) !
A
N

STAR WARS: WHY THE REPUBLIC USED
" CLONES INSTEAD OF DROIDS

18/06/2025
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Battle droids generally feature Dumb battledroids are
limited cognitive systems ineffective in military actions.
and programming, restricting . Easily drawn into traps, easily
“Wthem to being most effective _ fooled, and nobody has any
when m.dmgct combBat moral qualms about using
b, \\} LY 4 \ %\ any and all weapons to / f/ d
- : slaughter droids

w e Smart battledroids have an
. OF unfortunate tendency to
murder their creator in-
the beta-testing phase, then |
try to take over the galaxy ”

and destroy all non-droid life

STAR WARS: WHY THE REPUBLIC USED
CLONES INSTEAD OF DROIDS

CONTEXT

AWARENESS
Context

.
PRESERVATION/> QF

5 Actionable
erformance | seLF AWARENESS insights

Hea&ﬁiiiii:izz:
8




CONCLUDING REMARKS

v Hyperautomation — enabler of the
future Cyber Plant

v From automation to autonomy
self-learning, self-adaptive systems

v Cognitive Maintenance — key to
plant resilience

v Al + Robots + Humans — collaborative
ecosystem

v Towards self-preserving and self-evolving plants
v The path: IR 4.0 — IR 5.0 — Distributed Intelligence

diego.galar@ltu.se
dgalar@sisteplant.com
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