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Common Data Repository....

.... Is about establishing a harmonized data architecture starting at
local sites to global,
on prem to cloud,

production and enterprise data,
to provide centrally data to internal and external customers and enable new ways of working with data.

I Applications Reporting Customer Data Sharing

LOCAL
GLOBAL

Data Mart Cross Functional

Data Warehouse

Data Transformation

Cloud Storage

Local Applications f

Local Data Processing Data Transfer

Logging & Monitoring
Data life cycle mgmt.
Data Governance
Data Lineage
Data Quality

Local Storage (Object Store replacing K-Drive)

Common Data Repository

Data Integration

Data
Providers




Common Data Repository....

.... Is about establishing a harmonized data architecture starting at

local sites to global,
on prem to cloud,

production and enterprise data,
to provide centrally data to internal and external customers and enable new ways of working with data.

Targets (Internal/External)

Cloud CDR

Facility Process/Equipment

Logistic Metrology & Test

Local CDR
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Sources (MES, SAP, Testing, Equipment)



CDR — Team organization — setup with agile SAFe concept

= Will follow e-2-e responsibility design guideline
= Data domains bound together by joint user story decisions and common target architecture
= Technical service will enable standards across domains and procurement of architectural components

Target systems or target use cases

Central services (middle-ware team) will

Metrology and Test Process/Equipment Facility

Logistics

Infrastructure services, NIFI, local CDR, cloud instances
Source systems, facility, equipment etc.
Disclaimer
There may be use cases or areas, where the model is

difficult to apply.
Those will ask for managerial creativity and we decide

jointly on the spot...

provide baseload services and ensure
standards are being availabe adn used
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Azure Digital Twins

Definitions

A Digital Twin is a digital representation of an intended or actual real-world physical product, system, process or person that serves as
the digital counterpart of it for practical purposes, such as simulation, integration, testing, monitoring, maintenance...

Digital Object Digital Object Showcase Digital Object

manual automatic

automatic
Digital Model Physical Object Digital Shadow Physical Object Digital Twin Physical Object
= Digital version of a physical object — Digital representation of a physical object — Automatic data flows between physical and digital object
= oo s e b PSS ot o ton s g | = A shrgoade b octns 0. cha
= E.g., CAD model of a building — E.g., data logs from a real production process = E.g., Tesla collects data from their cars in digital twins

and pushes updates back to the car

r

/ / —

Digital Thread (Chain)

= “...is a communication framework that connects traditionally siloed elements in manufacturing processes and provices an integrated view of an asset throughout the

manufacturing lifecycle” (2)
(1) Derived from: Fuller, Aidan & Fan, Zhong & Day, Charles. (2020). Digital Twin: Enabling Technologies, Challenges and Open am OSRAM

7 Research, DOI 10.1109/ACCESS.2020.2998358, IEEE Access, pictures taken from plm.automation.siemens.com
(2) Diann Daniel in https://www.techtarget.com/searcherp/definition/digital-thread)



Azure Digital Twins
Digital Twin Modelling

Model Information

xt™: ™dtmi:dtdl:context;2",
": ™dtmi:amsosram:it:ot:05BaseModel;1",
"Interface",

": "0SBaseModel”,
": "Abstract base model for all 05 models"™,

"Property”,

a”,
ot

a": "string”,

ption": "Objects in the information model which reguire unigque identifications™

"name™

"Property"”,
ype",
" Object Type™,

on™: "Object Type",

": "string",

"Emterprisze”,
": "Enterprise”,

*: "emterprise”

Digital Twin models are described using the JSON-LD-
based “Digital Twins Definition Language” (DTDL,
open source on GitHub)

Models are like classes in object-oriented programming
languages

Models describe twins in terms of telemetry,
properties, commands, relationships and
components

Models define semantic relationships to connect twins
into a twin graph

Inheritance can be used to “specialize” twin models
from “parent” models

A set of models that comprehensively describe a given
domain, like manufacturing, building structures, 10T
systems and more, is an ontology. Open-source DTDL
ontologies that has been built on widely accepted
industry standards (e.g., Open Digital Twins - Asset
Administration Shell) can be adopted/extended.



https://github.com/JMayrbaeurl/opendigitaltwins-aas-azureservices
https://github.com/JMayrbaeurl/opendigitaltwins-aas-azureservices

Azure Digital Twin

Architecture of Showcase “EPI Reactors”
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Azure Machine Learning
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<

Azure Synapse

Key Vault

Active Directory

Azure Digital Twin Reference Architecture

Integrated business systems:

STIBO Step MDM:
Equipment data for twin
modelling (properties and
relations)

InGalP R2R Anlagenmonitor:
R2R process states (Icinga
dashboard,owned by IT OT
PDE) Downtimes

Ops Sustainability Program:
Energy and media
consumption data (data
extraction sample from
WInCC/FM)

OSRAM



Azure Digital Twins

Digital Twin Modelling
Tool: Azure Digital Twins Explorer (Preview)

10

Microsoft's Azure Digital Twins Explorer (cloud service,
in preview) provides a GUI for creating digital twin models,
offering a rich set of features for describing their contents,
including properties, components, inheritance, and more.

The tool lets users also view digital twin models and
instances, as well as their relationships (twin graph).

https://explorer.digitaltwins.azure.net/



https://explorer.digitaltwins.azure.net/

Azure Digital Twins

Demo Screenshot “Azure Digital Twins Explorer”

-i Azure Digital Twins Explorer Preview adt-spi-sample-instance @ [ © Franz Peintinger &,

= QUERY EXPLORER

I & ‘ Saved Queries V| ‘ SELECT * FROM digitaltwins Overlay results D

@ TWINS MODELS TWIN GRAPH MODEL GRAPH

=l §dtlid

0OSBaseModel

dtmi:amsosram:it:ot:05Bas...

OSEntity
MPOT
dtmi:amsosram:it:ot:0SEnt.. .

2MPO0S B&603C002...

OSEquipment

RBGRO838 RBGRDATE RBGRO483

dtmi:amsosram:it:ot:05Eq.. RBGRO840 REGROB41  REGRD484

OSEquipment_C...

dtmi:amsosram:it:ot:05Eq..

RBG,R5073. RBG-R6248 REG-YLEXD PRG.RE\"‘dd RBG-RG245 RBG-R45964
OSEquipment_E...

dtmi:amsosram:it:ot:05Eq..

OSEquipment R... *** 021 u\gs

dtmi:amsosram:it:ot:0SEq..

OSProductType._...

dtmi:amsosram:it:ot:05Pro..




Azure Digital Twins

Showcase Simulations
Tool: Azure Digital Twins 3D Scenes Studio (Preview)

Azure Digital Twins 3D Scenes Studio is an immersive
3D environment, where users can consume and
investigate operational data from their Azure Digital Twins
solutions with visual/spatial context.

o Distribution Center

The tool is in public preview and is based on an open source
React Component Library intended for creating internet of things
(IoT) web experiences.

12



https://github.com/microsoft/iot-cardboard-js

Azure Digital Twins

Demo Screenshot “Azure Digital Twins 3D Scenes Studio”

& Azure Digital Twins Preview 32 ? © Franz Peintinger £,

(Y > EPIReactors (Shopfloor 32b_10G) v/ & € InGalP R2R Anlagenmonito...

"= Elements

Type to filter elements or alerts ‘

® Rror: 0K

@ RFID Reader ok
@ State: PR
2MPO15

B> R2R: Critical
@ RFID Reader ok
@ State: PR
2MPO17

® ror:OK

@ RFID Reader ok
@ State: PR
2MPO18

® ror: Ok

@ RFID Reader ok

13



Azure Digital Twins

Demo Screenshot “Azure Digital Twins 3D Scenes Studio”

14

@ Azure Digital Twins Preview

i

S

7

EPI Reactors (Shopfloor 32b_10G) v

"= Elements

Type to filter elements or alerts

2MP012

. PCW Return Temperature (GP) high
¥ State: PR

2MPO13

@ H2 (GP) Consumption in Down State

@ state:sD

2MPO19

® H2 (GP) Consumption too high

\/ State: PR

2MP009

£ ? ©

&) € Energy/Media Consumption

2MPO19

State All properties

Media Info

Franz Peintinger 8,

Build

@ 112 (GP) Consumption too high

H2 (GP, m*/h) Exhaust Air (m’...

View

OSRAM



Azure Digital Twins

Demo Screenshot “Digital Twins Report”
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$dtld

2MPO0S
2MP010
2MPO11
2MP012
2MP013
2MPO14
2MP015
2MPO16
2MPO1T
2MP018
2MP0O1S
2MP021
2MP022

- EPIl Reactors by R2R State

RZR State
@ CRITICAL

@ 0K
® UNKNOWN

rrState r2rStatelnfo

N OO oo &N R EDSDOD

OK since 03:07

OK since 03:07

OK since 03:07
Unknown

Unknown

OK since 06:48
CRITICAL since 03:07
Unknown

OK since 07:20

OK since 03:07

OK since 03:53

OK since 03:07
CRITICAL since 05:10

EPI Reactors by TR25 State

dtld tr255tate  tr255tatelnfo

2MP0O0S PR Productive
2MP0O10 PR Productive
2ZMPO11 PR Productive
2MP012 PR Productive
2MP0D13 PR Productive
2MP014 PR Productive
2ZMP0D15 PR Productive
2MP016 PR Productive
2ZMPO17 PR Productive
2MP018 PR Productive
2ZMP019 PR Productive
2MP021 PR Productive
2MP022 PR Productive

TR25 State
®PR

EPI Reactors by RFID Reader State

Bdild

2MPO0S
2MP0O10
2MPO11
2MP0O12
2MPO13
2MPO14
2MPO15
2MPO16
2MPO1T
2MPO18
2MPO1S
2MP021
2MP022

1—

RFID Reader State
@ 0K

7 W®NA.
@DOWN

rfidReaderState  ffidReaderStatelnfo

MN.A
N.A.
N.A
N.A
N.A
OK
OK
DOWN
OK
0K
OK
OK
OK

No reader assigned.
Mo reader assigned.
MNo reader assigned.
No reader assigned.
MNo reader assigned.
Mo problems.

No problems.

No ping!

No problems.

Mo problems.

Mo problems.

No problems.

Mo problems.

amit OSRAM



Azure Digital Twins

Showcase Simulations
Tool: Twins Editor

(W Twins Editor (vD.8)

Twins Instance:

Reload Twin Data |

ce.apiweu.digitaltwins.azure.neifid

Twins Model:

Idtmi:amsosram:it:ot:OSEquipment_EPIReactor;1 j

Simulate: |R2R State to Critical

Simulation Script: IAnother SCENario

j Run |
j Run |

Sdtld Batch Lot Recipe Product Type Owner TR25 State TR25 State Info R2R Process Stat=
w 2MPO09_00105 | R20331RT |EPI_REZEPT | B&603C00200 PROD PR Productive 0
I 2MPO10 | 2MPO10_00026 | R20531XL |EPI_REZEPT | BEGOSEOD200 PROD PR Productive 0

2MPO11 | 2MPO11_00153_1 |R203322F |EPI_REZEPT | BEG03CO0200 PROD PR Productive 0

2MPD12 | 2MPD12_00109 | R2033253 |EPI_REZEPT |B&603C00200 PROD PR Productive 4

2MPO13 |2MPO13_00111  |R203326C |EPI_REZEPT | BE&G03CO0200 PROD PR Productive 4

2MPO14 | 2MPO14_00030 |R2033293 |EPI_REZEPT|B&603C00200 PROD PR Productive 0

2MPO16 | 2MPOD16_00153_5 | R20332FM | EPI_REZEPT | BEG03CO0200 PROD PR Productive 4

2MPO17 | 2MPO17_00156 | R203323M | EPI_REZEPT | B&G03C00200 PROD PR Productive 2

2MP018 | 2MP018_00103_2 | R20331E1 |EPI_REZEPT | BE603CO0200 PROD PR Productive 0 |

2MPO19 | 2MPO19_00168  |R2033242 |EPI_REZEPT | BEG03CO0200 PROD PR Productive 0

2MPO21 | 2MPO21_00041 | R2033134 |EPI_REZEPT |B&603C00200 PROD PR Productive 0

i

Load completed.

16

The Twins Editor is a self-developed tool that allows you
to change twin property values and perform certain
scenarios within the simulation environment.

Uses Azure CLI (PowerShell) with extensions for ADT.

amit OSRAM



Azure Digital Twins

Potential Use Cases

There are quite a few building blocks there today — most of them are Digital Models or Shadows which can contribute to a
Digital Thread, only a few have initial Digital Twin characteristics...

MES systems / Equipment Integratlon Planning and Scheduling systems

* ProTOS
* Critical Manufacturing

@ o

—r—
gt e, R

« Gefasoft BT ===
- Promis = =
- FactoryLook - - = EE
bl
(fligioottlnl,

Master Data / systems Energy Management Systems
* Stibo/STEP oo * Global Project active to evaluate Global Energy
* SAP o Management platform
« CAD (Layouts) * Systems existing ______

. * KMI Tool -

£ = " WINCC/ACRON |

. « Schneider s
- [ .

17

Other Production systems
* YMS
* FDC
* R2R
* SPACE

* TADOS H ”xmnm|;|mm|lhmm||u|r W t

* MTS

Modelling / Simulation systems
* anySIM
+ SHK/SemiSoft

* BIM systems
planned for
TOPAZ | KamBa

* FabSim
* FabLIVE (CM)




Azure Digital Twins

Potential Use Cases

* Production Line Monitoring

* Supply Chain Monitoring

* Monitoring Shipping between Front-End/Back-End
 End2End Views

An application example of a digital twin solution in semiconductor production:

The American semiconductor manufacturer Globalfoundries (GF) is already successfully using predictive
maintenance with the help of digital twins. It recently began using intelligent sensor technology to monitor its
ultrapure water valves at its Dresden site. The valves are critical to production and were previously monitored
analogously by employees at great expense. Globalfoundries is now recording audio data on the valves in order to
create a data model using machine learning methods. In combination with continuously recorded sensor data, this
enables an assessment of the current status and a forecast of the expected changes to the valves.

18
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ABILITY TO EXECUTE

Azure Digital Twins

Global Industrial IoT Platforms

@ Microsoft

® Software AG
Amazon Web Services  PTC
@

EnvisionDigital | Siemens @ gy Hitachi
@ ruE@

ROOTCLOUD o
Litrus ! ARG

Braincube

Exosite
Eisotech 9 .Llnf;.'Twm

XCMEG HANYIN @

COMPLETENESS OF VISION

19

As of September 2022

© Gartner, Inc
Gartner

According to Gartner study: (studies always have to be taken with care and you should make your own opinion)

Strengths

Microsoft has a large partner ecosystem, and end-user organizations will have several integrators and
technology partners to choose from for most industries and regions.

Microsoft demonstrates deep knowledge and support for complex security profiles along with supporting
software (Azure Defender, Azure Sphere and Azure RTOS).

Microsoft demonstrates expertise in adjacent supporting capabilities, including database management, data
integration, advanced analytics, visualization, enterprise app integration, security, and support for citizen
developers.

Cautions

The breadth and complexity of the product portfolio can cause confusion for customers, as well as delivery
partners, and delay project completion and increase project cost.

The complex pricing structure and contract negotiations require enterprises to assess project business
objectives and clarify how the lloT platform aligns to them.

Inconsistency of customer experience across regions, industries and technology partners will require
enterprises to set clear project objectives and measurable outcomes.




Sensing is life amii OSRAM



=
O

t

ian Optimiza

Bayes

baum

un
17/06/2024 | SURE 5.0 webinar

Israel, Daniel Gr

inia

Lav

1



40+ 15.000+ 110+

AUT/I&M/Consumer Major R&D Patents granted Years design +
revenue split FY 2023 locations and applied for manufacturing

AUT — Automotive, I1&M — Industrial & Medical

OSRAM



Our core portfolio addresses secular megatrends

Automotive Industrial Medical Consumer

Digitalization

£
[

Projected lighting Fr L
Smart surfaces Industf@l autemation - s

Advanced displays Robotics Medical imaging

Smart Living (IoT) B Dynamic forwhrd & signal HomeyAtitomation/

lighting Building Automation o AR/VR glasses sensing &
* In-cabin sensing Outdoor lighting visualization
» ADAS/AD (LIDAR) Industrial lighting * Personal & home care

Camera enhancement
Spectral & light sensing

| ——
h" i

Vital signs monitoring

Energy efficiency ‘ T e
& sustainability ' Horticulture

LY
.1 _».
« Ambient lighting LED + laser projection

UV-C* disinfection UV-C* disinfection UV-C* disinfection

Enhanced display management

3 amit OSRAM



Why do we need Design of Experiments?

- Reduce number of measurements to gain efficiency

Find best
X1*, x2*, x3*
to reach
target(s)

Inputs:
Input x1
Input x2
Input x3

Process
(Development,
Production, ...)

oM

VY

_v
— X

A Ik
x| —v
—_— Vv
— X

—_— X

Outputs: “ < /”
Output yl

Output y2 Target:
Target y1*
Target y2*

Qﬂeasurements are expensive and time consumiry




Design of Experiments vs Bayesian Optimization

( Classical Design of Experiment (DoE):

2 :

—v ' {1 ' Z

- m | :

— X ' .
Process Test Plan Measure Model Optimize

Validate

-

Bayesian Optimization:

Process J [ Test Plan J l

Optimize
- Next run

AN

J

ames

. OSRAM



Bayesian Optimization

Fitting Gaussian Processes

f(x) u(x) + o(x) Runi: f(x;)
S 4 =
y \/./

T=ul) - a(x)

X

* Unknown function where we want to find the maximum
* We know the function only at a few points
* Fitting a Gaussian process gives a point-wise estimation u(x) of the unknown function

» Gaussian process also gives a value for the uncertainty of our function fit u(x) + a(x)



Bayesian Optimization

How to choose the next point?

* Use an acquisition function to
calculate the next point, e. g.

expected improvement EI(x)

* Find x* = argmax EI(x) = next

point to evaluate

A 4

* Hyperparameter ¢§:

$1
$2

exploration vs exploitation

Expected
Improvement




Bayesian Optimization

Sequential design strategy for global optimization of expensive-to-evaluate black-box functions

Start with small initial test

BED 0o No s w N

plan (space

Run

p_atom

filling)

z_height
89

3R IT3sg

perform
measure-
ment(s)

calculate next
point

u(x) +a(x)

() - o(x)
X
Fit Gaussian Process to measured data

X

Calculate and maximize expected improvement to obtain next point

Expected
Improvement




Use case: Light Conversion for LEDs

Why do we need conversion?

o

(- Blue LED plus phosphor conversion: Create cold white light, warm
white light or any other color up to infrared

= LED market: ~75% of all LEDs are based on light conversion (*)

= Human perception: 97% of the luminous flux of these LEDs
is derived from phosphors or conversion elements

» Strategic relevance: Conversion significantly impacts LED color,
guality of light, cost, efficiency, and stability )

400 nm 500 nm 600 Nnm 700 nm \

. Light conversion is essential and specifically optimized for each application




Use case: Conversion for LEDs using spray coating
Applying Bayesian Optimization to Reduce Color Spread during Spray Coating

Spray-coating is used to deposit phosphor layer on blue LED chips.
Problem: it can lead to unfavorable color distributions and consequently
yield loss.

D)

\\\X\\\\\\\\\ - . Optimization of spraying parameters is necessary

Inputs: 4 — 6 process parameters

Target: Minimize color spread Color spread before optimization Color spread after optimization
Indicator for color spread: Standard deviation
along first principal component - Minimize . ..

- A .« faet .
Verify that brightness does not deteriorate g . ..3 :..' ¢ . :..J.‘?.’s-:" .
Sometimes also constraints on other targets such e, Tt
as processing speed, overall layer weight, ... .

11 amit OSRAM



GP models and results

Applying Bayesian Optimization to Reduce Color Spread during Spray Coating

Predicted color spread

Predicted brightmess

12

0.004 0.004 0.004 0.004
0.003 0.003 0.003 0.003
—— Tt k- ;
0.002 H 0.002 1 0.002 0.002 H
0.001 0.001 0.001 0.001
Qersmssnnmsnnsnnnennsnnnnssnnesnnnbonnnns 0e-- 0-- Q-
Target Target: : Target Target;
4] 0.5 1 o] 0.5 1 L1} 0.5 1 1] 0.5 1
Input 1 Input 2 Input 3 Input 4
380 380 380 380
P
370 + 370 370 370
2860 380 380 380 380
350 w
w378 378 378 : 378
340 £ :
o - )
5 ; oo o ol
S I H
230 S s : 375\/ 376 : 376
2 5
=) :
320 h=] f
L o374 374 374 i 374
0.2 o |
372 372 372 5 372
0.2 04 0.6 0 0.5 1 0 0.5 1 0 0.5 1
Input 1 Input 2 Input 3 Input 4

ahievements: \

* Optimum after 14 runs (12 initial runs + 2
optimization runs) vs 21 runs with classic
DoE
- saved several working days +
material

* 47% reduction of color spread

» 46% reduction in spraying duration

* no significant impact on brightness

Outlook:

« Bayesian Experimental Design
successfully introduced for all spray-
coating process parameter optimizations

» Depending on material, very different

\behavior of the models /




When to apply Bayesian Optimization — and when not?

Conclusion

( Use Bayesian Experimental Design if
« #input parameters = 4

* Process behavior unknown or complex ( o)
Process TestPlan

« Domain boundaries unknown
« Sequential measurements with short feedback loops

Optimize
= Next run

\(

Bayesian Experimental Design less suitable if

 Simultaneous DOE measurements
* Very long feedback loops

Process Test Plan

Measure

Alternative to full Bayesian Experimental Design:

Use medium sized initial test plan

<Sq o
Fit Gaussian processes & calculate optimum { aa H
Process Test Plan

 Perform validation run

Measure

GP Model

13
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Digital Twin and Al: the new frontiers for the
manufacturing industry

Artificial Intelligence: In 7 steps to Al 17.06.2024 | Alexander Kreppein, M.5c.
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Basics of Al and ML



What words/ideas come

to mind when you think
of these topics? Do you know the difference

between Artificial Intelligence
(Al) and Machine Learning
(ML)?

What is Al?

What is ML?

Source: Pexels by Florian Weihmann


https://www.gabo.de/kuenstliche-intelligenz-vs-machine-learning-definition-und-abgrenzung/

Differentiation Al, Machine Learning and Deep Learning

Machine
Learning

Deep
Learning

A technique that allows machines to mimic
human behavior

Machine Learning

Subfield of Al technology in which statistical
methods are used to enable machines to
improve themselves through experience

Deep Learning

Subset of ML that enables the computation of
multilayer neural networks.

4
© Fraunhofer IPT/WZL of RWTH Aachen University
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Traditional algorithms

An algorithm is a set of (deterministic)
Instructions that receive an input and produce
an oufput

Input — i — Qutput

Algorithm

yes

output A

\

~ Fraunhofer

IPT

Wz

[ |



Machine learning algorithms

Many machine learning algorithms are instructions
for building mathematical models on data

ML algorithm

Mathematical
model

v

® Data ——Model

\

~ Fraunhofer W/Z
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Introduction to Al and ML - Summary

Machine learning involves processes
that are in part similar to those of the
human brain.

Evaluation

-Q

|
011010101 OO e
[ gy —

New data Output

The goal of machine learning is to derive
actions based on the output.

Evaluation

-Q

N\, ! 7
011010101 - =
v B — o &
New data Output  Autonomous
actions

\
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Introduction to Al and ML - Summary

101101101 ML algorithms generate

models from input data

Evaluation

The performance of a model is

\ determined by its output on
new, unseen data
Artificial intelligence
applications build on models
to perform autonomous
actions in an environment

011010101 o NP

101101101 » aa — /@\ _

New data Output Auto?_omous
actions

Machine learning can serve as the foundation for an Al system. It can also be used to gain data insights.

\

~ Fraunhofer W/Z
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In 7 steps to Al



In 7 steps to Al | Overview

7 Fraunhofer Module 1 Module 3
Use-Case Data Pre-processing
Identification / Data Quality

Module 5 Module 7
Modelling Certification

7 Module®

Modules presenting principles and
procedures for use of Al in

production and manufacturing.

Module 1: Use case identification

Req‘u\remen‘ts rggardlng data sets and N N

business objectives ©) (@), 1
Module 2: Knowledge management

Procedures for machine learning

Module 3: Data preprocessing

Techniques and their pros and cons

Module 4: Algorithm-landscape

Available Algorithms clustered for use

cases and learning tasks

Module 5: Modelling
Overview on principles, tuning techniques

and tools MOdUIe 2 MOdUIe 4 MOdUIe 6

Module 6: Evaluation and
implementation Performance measures KnOW|edge A|gor|thm_ Evaluation and

and implementation roadmap

Module 7: Certification Management Landscape Implementation

State of the art for certifying ML-models

— RWTH//CHEN
10 ~ Fraunhofer [V 7 AL, | W
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In 7 steps to Al | Use-Case Identification =1

~ Strategic ‘ High ° Low
Relevance Profitability Profitability

_—_—_>

A

o

«(‘” Select suitable Al use-cases!

i iv.
1 —PPC
2 — PdM
3 — Robotics
4 — Product Design
5 — Product Quality

_—_—_—_"

v

\

~ Fraunhofer W/Z LR
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In 7 steps to Al | Kowledge Management

\ /<
)
O Gather knowledge to conduct
(-»\ @®. Qualification / Al projects!
- -

f_r/_(;‘

£ o

S
——

—

\

12 ~ Fraunhofer W/Z
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In 7 steps to Al | Data Preprocessing

Garbage In, Garbage Out
T ) A
n *]lAnalysis

Data

‘ </’ ’ Get your data ready!
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In 7 steps to Al | Algortihm landscape

Input Data
Characteristics

ML-

Algorithm

, Selection
Domain- Requirements
specific for ML-

Knowledge Algorithm

Module 4

O Select the right algorithms/
modelling approaches!
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In 7 steps to Al | Modelling =1

aiing

(0 b

Parameter Adjustment Evaluation
‘ <x” Train the model!

Training

ML-Model Output

\
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In 7 steps to Al | Evaluation and Implementation

w w w g w hAg w

Model Building Performance
Assessment
a Productionize
Model :
Monitoring & C' Evaluate and integrate the

model!
Deployment

Observability

RWTHAACHEN
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In 7 steps to Al | Certification

%)
%]
g @ Certify the model!

\
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Where to learn more?



In 7 steps to Al | Free course on ParcOOroo

SCAN ME

Link: https://www.parcooroo.com/tg42aud?2

ParcOOroo

Visit the seminar

“Al-enabled sustainability for
industrial value chains”

on ParcOOroo!
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Contact

Alexander Kreppein, M. Sc.

Research Fellow
Production Quality Department

Email: alexander.kreppein@ipt.fraunhofer.de
Tel.: +49 241 8904-289
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Evestel — Who We Are?

A group of professionals with 20 vyears of
-~ experience in IT services and solutions.

S-becialized in solutions for improving security and
- efficiency through Computer Vision technologies.

Our -ébjective is to Ensure the Leadership of our
.- clients through the incorporation of the most
... advanced technological solutions.




Evestel — Sectors of Activity e T T

->Mobility

- = Retail

> Ports




Mobility Use Case
EmotAl

Road Safety and Efficiency for Fleets

N
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Mobility — EmotAl — What is EmotAl?

Emot-Al is a solution to measure and enhance the contrlbutlon of
professional drivers to the safety of fleets. -

\'JHow does it work?

- - - By analyzing external and internal factors affecting driving and
- ... assisting the driver in correcting unsafe behaviors while driving.

-"r'_‘.'j.f_'-f".-Th\\e\_-goal is to reduce risks and accidents on the road

|
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Mobility — EmotAl — The Costs of Acudents

The most important cost of any accident is human lives. However |t |snt the onIy |
one to consider; other factors include: - S

Insurance Company
and image and
claims reputation
- - Labor and Fleet
o legal / Repalrg and
downtime

ey \ What are the costs

of an accident? ~
Cvestel



OBD Connected |
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(h) Help (@) Quit = = (p) Ploy/Rpuse  (s) Step

(w) Action Filter [all
(c) Detector Filter  [all]

(e) Overlay

(z) Metadata Actions [PiV] : seatbelt
(f) Face Pose

(r) Blured Faces

(I) Londmarks

(t) ROI [Impact Detections]

(m) Summary

MJPEG File Summary:

Total Time (sec): 9.957

Total Frames: 300

Processed Frames for Action Detection: 39
Totol Detected Events: 35

Event Counts: {'seatbelt': 33, ‘phoning': 2}
Confidence Threshold Object Array: [0.02]
Confidence Threshold Events Array: [0.6]
NMS Threshold Array: [0.4]

(h) Help (@) Quit - - (p) Play/Pause
(w) Action Filter [all
(¢) Detector Filter  [all

(e) Overlay

(z) Metadata Actions

(f) Face Pose

(r) Blured Faces

(1) Londmarks

(t) ROI [Impact Detections]

(m) Summary
MJPEG File Summary: +

Total Time (sec): 13.819

Total Frames: 345

Processed Frames for Action Detection: 42
Total Detected Events: 32

Event Counts: {'smoking': 23, '‘phoning': 4, 'eatin
Confidence Threshold Object Array: [0.02]
Confidence Threshold Events Array: [0.6]

NMS Threshold Array: [0.4]

(h) Help (q) Quit E = (p) Play/Pause
(w) Action Filter
(¢) Detector Filter

(e) Overlay

(z) Metadata Actions [PiV] : seatbelt
() Face Pose

(r) Blured Fefpes

(1) Londmarks

(t) ROI [Impact Detections]

(m) Summary

MJPEG File Summary:

Total Time (sec): 9.958

Total Frames: 300

Processed Frames for Action Detection: 56
Totaol Detected Events: 21

Event Counts: {'smoking': 10, 'seatbelt': 11}
Confidence Threshold Object Array: [0.02]
Confidence Threshold Events Array: [0.6]
NMS Threshold Array: [0.4]

(h) Help (@) Quit =
(w) Action Filter [drinking]
(¢) Detector Filter  [all]

(e) Overloy

(z) Metadata Actions

(f) Face Pose

(r) Blured Faces

(1) Londmorks

(t) ROI [Impact Detections]

(m) Summary

MJPEG File Summary:

Total Time (sec): 60.956

Total Fromes: 1736

Processed Frames for Action Detection: 202

Total Detected Events: 162

Event Counts: {'seatbelt': 117, 'phoning': 9, 'smoking': 24, 'eating': 3, 'drinking'
Confidence Threshold Object Array: [0.02]

Confidence Threshold Events Array: [0.6]

NMS Threshold Array: [0.4]

g
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Mobility - EmotAl — Cloud Dashboards

= Safety History EmotAl — Cloud APP
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~ Retail Use Case ‘
~ SVA-AI e

MULTI-CAMERA VISUAL TRACKING

N
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Retail — SVA — MULTI-CAMERA
VISUAL TRACKING

= People Tracking and Identification in
multi-camera environment in shopping
centers.

.. .. = Tracking videos across multiple cameras.

... = Compatible with the majority of existing
... video surveillance systems.
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Retail — SVA — VIDEO Example
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Retail — SVA — VIDEO Example R f'-'."-"-'.';'-i"-'.."_-'f:"-.".‘"-'5“5;‘_33"‘."7-3172
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Retail — SVA — Benefits

=> Tracking videos creation reducing the manual workload of securlty
employers, allowing for a tenfold increase in daily interventions W|th the
same personnel. |

~=> SVA-Al improves operational efficiency by avoiding data network saturatibf_\' > =

. during the download of videos from multiple centers.

- e Identification of suspects generating solid evidences without the need for
. manual intervention, high-resolution cameras or cameras with integrated Al.



Ports Use Case
Risk-Al

Al RISKS FOR CRANE OPERATORS IN
MARITIME PORTS e

|
Svestel



- safety risks and decreased comfort:

Ports - RiskAl — Solution

. Identifying phases of crane operator operations with

: ‘Reducing accident risks
'-.'-.'-_7_‘_'R'educing personnel injuries

_'-I:\/I_in\imizing equipment damage costs




Evestel — Video Examples
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Ports Use Case
Ferro-Al

INCIDENT DETECTION IN RAIL TRAFFIC IN
MARITIME PORTS

|
Svestel



Evestel — Solution

Detection of vehlcles on crossroad Ianes
" adjacent to the traln S -

Detection of safety distance b'e_t'v_\)e_e'n'-_ L
Port Police vehicle and train - :

Detection of vehicles in a Iane parallel
to the train track o

N
Cvestel
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: 55.73% 81 m

RIGHT

| ==== === ===

ck: 84.63% 23 m
fruck: 84.68% 39 m
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EVESTEL IBERIA S.L.
CALLE AREA PORTUARIA BOUZAS SN
36208 VIGO - PONTEVEDRA

hello@evestel.com




Mobility - EmotAl —

Benefits

01. SAFETY

Trust in the driving of your drivers by
improving their safety and that of your vehicle
fleet, as well as the image, prestige, and
~ reputation of your organization.

" 02. SUSTAINABILITY

*Drive-in a more efficient and safe manner by

- reducing fuel consumption, emissions, and
- carbon footprint.

03. PROFITABILITY .

Achieve maximum reduction in road accidents, . -

work absences, repair costs, and-insurance .
premiums. Additionally, prolong the Ilfespan of -

your vehicle fleet.

04. DRIVER WELL-BEING

Prioritize the well-being and retain the talent of - -
your professional drivers by achieving lower - =
turnover rates. If they are well, your ~
organization will be too (and therefore, your =~

clients and suppliers). EmotAl is not about
control, but trust and security for all.

L Benefits for you, but above all, for your

drivers!
\ \
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