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NTRODUCTION

Name: Arend Luten

<]

Age: 42 years

Home: Area of Zwolle - NL

Education

©

Bachelor Software Engineering Zwolle - 2006

Vocational education Electrical Engineering - 2002

PHILIP MORRIS
INTERNATIONAL

Work Experience:

©

Tembo Kampen NL 2007 - now
« Al lab Perron038 2023 - now
* R&D Innovation lab Perron038 2019 - now
« Lead Developer HMI* 2008 - now e ' % e Iy A
« Software Developer OEE** 2007 -2010 ' :

[T

Hobbies:
PERRON [N AL |
Baﬂ Keyboard player, Beekeeper, Running,
- 3D printing

*Human Machine Interface **Qverall Equipment Effectivenesss
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e Introduction Tembo & Perron038
« How can we make a machine smarter?

« Case study: Genesis
A.l. Driven quality check

« Case study: Salome
A.l. Driven Process optimalization

Conclusion




About our name

Te m bO m ea n S e I ep h a nt It refers to De Olifant, our founding company —

an authentic cigar factory located in Kampen,
the Netherlands.




Our transformation

Since 1912 1960

Q (Q;
< G

A4

Rebuilding
machinery

Manual production

Hendrikus van der Sluis

S il

High-end
manufacturing

Technology
differentiation

* Cross-over innovation

* Product and machine development
* Market expansion

» Sustainable alternatives
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Tembo markets and solutions @ €§:

G IO ba I Se rv i CeS Innovation Digitalisation
technology hubs

@W@, 'u@-/‘

Packed drinks Detergents Next generation

Changing legislation Changing consumer Sustainable choices
needs




Tembo at a glance

.. » 1.200

employees

100 Nations

) 100
18

since 1912

ork with Companies
Joy and Located in 10 countries @ zstu?bodo.'"
Pride Worldwide Ai 290 mil€

LCreating the next. Together. AT Tembo



Innovation Eco-system

C I Ose This means we can access cutting-edge

. knowledge across a wide range of different HH[]”
COI Ia bo ratl O n technologies, which is a big advantage to 8
help our customers and partners respond

immediately to changes in their market.

We collaborate with universities, RTOs, and innovation networks:

(]
1Al & o oy
UNIVERSITE DU hog-e B0 . % FraunhOfer & E‘;gﬁiaorfr:pply g‘lEVNE.PgAON
LUXEMBOURG Windesheim —

UNIVERSITY
OF TWENTE.

N

\




AWL. 7C Tembo U CorsnicH

IMS MechDes’ TRICAS

IMS echDes WY M GROLP
44 batenburg | beenen D hollander techniek
ZUDBERG | | wssit | | woo ;

e technologie Windesheim zeh®

Wimm. | | § Rabobank | | FEWEL ZWINC.
BITY cibap ArtEZ

BEVELOPER-S NEXXT University




FACIORY




bOAL

Making new technology
accessible

 Test before invest

e |ncidental use

METHOD

Gaining new knowledge and
developments (events, academy)
Prototyping

Joint project

Self-development or research

PERRON



Co-developed by

@

hollander
techniek

AWL.

1 Tembo

1 Tembo

hogeschool d

Windesheim




HOW CAN WE MARE & MACKINE SMARTERZ

T

¥
-
-

HITAWIESY dVD WOLLO0D * T0d

.
w.--
!
- -

ISIS3ANID

13NIGYD TO¥LNOD - L0d




Understand technology innovation via TOE-framework
What can A.l. do in the industry?

Process to integrate A.l. in a machine

How can data & A.l. be adapted to a machine

RRON
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Data driven & A.l. applications needs to be
adapted in multiple domains.

PERRON
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External Task Environment

industry Characteristics and
Mar_kg_t Structure

Tecﬁnﬁlogfﬁl._{pﬂor_t Infrastructure

GovernmentRegulation

Tet:himelnglmi
Innovation Decision
Making

Organization

Formal and Informal Linking
Structures

Communication Processes
Size

Slack

Technology
Availability

Characteristics




Machine Learning is a branch of A.l. and can help us with:
. Predictive maintenance
Quality control
Robotics & Automation (adapting to environment)

Process optimization

1

2

3

4

5. Supply chain optimization
6. Energy management

7. Safety monitoring

8. Data analytics and visualization

9. Human machine interaction with Natural Language Processing
1

0. Training and Simulation

RRON
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WHAT CAN MACKINE LEARNING
DO IN THE INDUSTRY

. . What is Machine Learning?
From technology point of view

“Arthur Samuel, a pioneer in the field of artificial intelligence

/ _ \ and computer gaming, coined the term “Machine Learning”.
Data Science He defined machine learning as — a “Field of study that gives
f \ computers the capability to learn without being explicitly
Artificial Intelligence programmed”. In a very layman’s manner, Machine

Learning(ML) can be explained as automating and
_ , improving the learning process of computers based on
{ Machine Learning }

their experiences without being actually programmed i.e.
without any human assistance.”

\_ /
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Machine Learning Pipeline in Production

Data Integration Data Preparation Modeling Deployment
. Algorithm Selection Deployment Design
IT-System Analysis
Data Preprocessing “‘ i H
- ! v
v H 2 Productionizing &
- yperparameter Tuning :
Establishment of - g _ L Testing
Data Modt.eis, Slfhema, T ‘I, T ,l'
Relationship
,‘ Training Monitoring
Realizationiof Feature Engineering 1 ? l
Data Integration Diagnosis Retraining
L 3 4 i H
IT/OT-Security
: i v v
Use Case . T
. Data & Process Understanding Certification
Selection
. ation
a“\-l—a

Ge

S -‘“ O‘g
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See anomaly in data => Production stability

Predict maintenance => achieve higher uptime,
less costs maintenance

Quality control => Higher quality, less ome’
. ust
rejects/waste sice n\\\l:\“e
. N
Lower cost per unit wk“"‘&tgzbuém S
Gel W



Level5 Transformational
Level4 Systemic Al is part of business DNA
Al is pervasively used for

Gartner Al Maturity Model some business models

Level3 Operational o/o Mature

Al in production Emerging DS and Ops capability

o Aspirational
/

Experimented and applied Al

Level2 Active // Approaching )
Al experimentation o Hopeful on Al and its promise

Microsoft Al Maturity Model
Level1 Awareness Foundational

Early Al interest Questioning what Al is
and how to apply it




PRODUCE SMIARTER

Phase 5:
Expert
eFull Automation
Phase 4: eReal-time Continuous
R— Advanced Improvement
N K/— «ML Deployment in eAdaptive Quality Standards
Phase 3: Automation
Intermediate eMulti sensor analysis
Model tuning eAl-Driven Process Adjustment
Phase 2: «Simulation testing eReal-time Predictions
Development eAutomated Quality Checks
eBasic ML models (e.g. eInitial maintenance
Phase 1: classification) scheduling
Initiation eCorrelation

eCondition monitoring
eDashboard analysis

eBusiness case

*Process mapping to sensors
eInfrastructure data collection
¢(Fault) Data collection
eManual analysis

PERRON
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Process and Industry Characteristics
High data and information confidentiality
Conservative industry with highest demands on reliability
Increasing need for efficiency improvement and cost reduction
Lack of IT and data science expertise
Need for context-aware provision of comprehensible information
Evolving process dynamics due to e.g., wear and tear
Highly individualised and specialised real-world processes

Data Characteristics ML-Model Characteristics

Data tends to be highly imbalanced Non-deterministic behavior lacking functional provability

High complexity and low signal-to-noise-ratio Intransparent model functionality

Inhomogeneous multi-variate and multi-modal data sources Lack of robustness and safety
Poor data quality due to challenges in data integration and Vulnerable against erroneous or manipulated data
management Susceptible to data drifts (dynamically changing data)

High measuring and labeling efforts for defining target Poor generalizability across processes and tasks

e High development, implementation and maintenance costs




Al DRIVEN QUALITY CHECR

CASE STUDY
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CASE STUDY: AL DRIVEN QUALITY CHECK

Genesis assemblies a LED-pod as test product to gather data for ML.

Top cap

Bottom cap

1 2 3 4 5

Main body




bENESIS — PRODUCT TRANSPORT VIR PUCKS

These pucks will wear out

E @ f'f:r’,'._‘-
gl Y
: Il




bENESIS — DATA COLLECTION VIR SENSORS

Quality data

REAL TIME
Store Data Modelling data Machine Learning
Controller

Genesis machine Performance

generating data data

Process data




beNESIS — QUALITY DATA

P04
- Housi P0|2 rt BoHcfr?fCa Top Cap P05
Control ousing Inserter p Prisitndt o Bt kR
Cabinet Assembler

O Location of vision sensor



CASE STUDY: AL DRIVEN QUALITY CHECK

Damaged LED housing ( Crashed cap )
» End of line quality cost due to -

> wasting good parts due to damaged

assembly with a bad part \LED housing M

* Possible crash while assembly
- stops the machine i.e. OEE
loss + can cause damage to
machine

 |f goes undetected through
production, then we get
dissatisfied customers

Bad parts

PERRON
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CRISP-DITY (CROSS INDUSTRY STANDARD PROCESS FOR DATA MINING)




BUSINESS UNDERSTANDING ( IMPACT )

END OF LINE QUALITY COSTS

Without Al model

damaged housing /1000 pieces

pieces

Production speed

pieces
/min

total parts in one shift

pieces

end of line rejects in one shift due to
damage housing

pieces

cost of throwing away one good top and
bottom cap

End of line quality cost/shift

End of line quality cost per year (24/7
production)

MACHINE AVAILABILITY (OEE)

Without Al model

damaged housing /1000 pieces

5

pieces

probability of crash

1 crash/30
damaged LEDS

total possible crashes in one shift

8

crashes

Time to return/crash (removing
broken parts and restarting)

2

mins

Machine unavailability due to
crashes

16

mins

production loss due to machine
unavailability

1600

pieces/shi
ft

production loss in a year/machine

1728000

pieces

After implementing 95% accurate Al Model detecting and

rejecting damaged LEDs

After implementing 95% accurate Al
rejecting damaged LEDs

Model detecting and

Rejects/shift (95% reduction)

pieces

possible crashes in a shift

0.4

crashes

End of line quality cost/shift

End of line quality cost per year (24/7
production)

production loss due to machine
unavailability/shift

80

pieces

production loss in a year/machine

86400

pieces

Yearly saving/machine

Yearly production gain/machine

1641600

pieces




DATA UNDERSTANDING C FERSIBILITY )

DEFECTS: Cracks, Scratches, Wear, Edge chip offs

Features are Prominent which means

* Modeling efforts will be low

* Data Labelling efforts will be low

e Data volume requirement will be low

* Vision sensor already present checking the
presence of part i.e. data is available

* Alinference engine and beckhoff edge computer is
already available

e Estimated efforts for model development~5PD

* Estimated efforts for deployment ~5PD

* Total cost of implementation = 10x1200 = 12000€




IMPACT US FEASIBILITY | unbciatasdins RO nceratoneing

Impact/Feasibility Matrix

Do Fhis Firstt
Eligh EROTiLy




DATA PREPARATION

Data
Preparation

Data Volume
250 good
80 bad

_ b

] ) | o

| & _ : A
.

Cropped images

Modeling

Un-supervised
Learning-
Clustering

Cluster of
good and bad

\\Jo)

Modify pre-processing

Manually label data

Increase data volume

I

Supervised
learning using
labelled data

No

Accuracy
95%?
Yes
Deployment

438




DATA MODELING

UNSUPERVISED LEARNING - LEARNING (lterative)
CLUSTERING Binary SUPERVISEDclass data “Good” & “Bad”
* Models: AgglomerativeClustering, —

Kmeans, GaussianMixture Training + Accuracy Yes

. ) Evaluation >95%7?

* OpenCV pre-processing: Cropping

parameters, Edge detection, Model Parameters, More data, ..

4

contrast enhancement
* PCA used for dimensionality
reduction
* Filtering techniques tried Use existing models
RESULT: None of the methods yielded

.
Transfer Training + Accuracy Yes
clusters of good and bad products learning Evaluation >95%?
S

REASON: Data volume was low - - e e e e — - —

especially the bad product data <Dep|oymeD<_ ﬁﬂriﬂ']

Accuracy
>95%7?

\
CNN Training +
Model Evaluation

— —
-




MODEL EURLUATION

True: Bad, Pred: Bad True: Bad, Pred: Bad

Accuracy

= 98.4%, 80% training, 20% validation

True: Bad, Pred: Bad True: Bad, Pred: Bad

True: Bad, Pred: Bad True: Good, Pred: Good True: Good, Pred: Good

PSRy ——

True: Good, Pred: Good True: Good, Pred: Good True: Good, Pred: Good

True: Bad, Pred: Bad

True: Good, Pred: Good

True: Good, Pred: Good

— 4 Chip-offs not identified as bad. ™
Reason: Data contained only 3 ¢
images of chip-offs

» T

True: Bad, Pred: Bad True: Bad, Pred: Bad True: Bad, Pred: Bad True: Bad, Pred: Bad

True: Good, Pred: Good - True: Good, Pred: Good

True: Good, Pred: Good True: Good, Pred: Good True: Good, Pred




DEPLOYMENT

Beckhoff/TwinCAT

é ) 4 .
Integrate with
Convert TF3810 g Deploy

to .ONNX dependi
0 supported Beckhoff controller (depen h'”g.
[Use model? (TWinCAT C++ OR upon method in
| Bydnemy ) L Python/ADS OR Simulink) )~ \_Previousstep)

l

Deploy ONNX
file. Works Test the model

directly in
TwinCAT runtime

\ N

Optimize (inference
time /thread
priorities/ cycle
time)




e b1
=7 sle e i
fe | |
1

RRON

038




PRODUCT

Concept 4A [1] White [2] Blue [3] Red Validation

48.82 x 39.65 mm
14.79 ml / 12.86 ml

+2 mm inner seal

Powder Liquid Liquid
Depth 13.25 mm 11 mm 7.25 mm v
Headspace 1mm 1.5mm 1.5mm v
Cavity Volume 7.61ml 6.28 ml 0.9ml v
Fill Volume 6.93 ml 5.28 ml 0.65 ml v PERRON
Stretch 2.5 2.28 2.28 v Baﬂ
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Production flow |
[P [l "Il [I*] ] [l _ "7l e L T EE
4 €13 T 1E ciéd 3 THHE i
r 3 r y id 4 s id s id 14 dd Y3 FY 3 r
e | |

EEEEEEEEEEE

- Drum exists of 200+ beams
- One beam has 36 cavities
- Theoretical output is 2000 p/m

PERRON

038



UISION CHECR [N PROCESS

LONGITUDINAL

AND AUTO SPICER crRosscuTinG IS Sans  maivene  sosme - awwe  CELooswe NERF CHECK AND AUTO SPUCER
' ' . "'_ ; : _ : Thermoforming inspection using thermal cameras (thermal process)
T3 e Vacuum loss (e.g., due to wrinkles in the foil)
- s e Heating roll not (homogeneously) at temperature
= L L . Surr® * Inferior foil or defective spots in foil
T = =TT — T == * Holes in foil / inclusions in foil
¥l [l . . . »f¢ * Incorrect environmental factors (temperature / humidity)
. 8 ffs I ! - 5 1l | q . Etc.
EE 613 113 2 q
& FY 3 Y &
D l J
OUTFEED BELT DRUM

o A T —— W W W we—

PERRON




UISION CHECK IN PROCESS

LONGITUDINAL
UNWINDER CUTTING WETTING POWDER POWDER  LIQUID DOSING GEL DOSING FORMING UNWINDER
AND AUTO SPLICER CROSS-CUTTING SEALING CLEANING AND DOSING CLEANING NFNF CHECK AND AUTO SPLICER

i i I I I I

Liquid / gel dosing and seal contamination

o} Bprrerrrra |

Stringing of liquid / gel

.-:D..H S el L lﬂ,.-ﬂ. * Unfilled compartments
o] " 1 =1 1 T TS T * Color deviations
T l: : : L N | * Liquid / gel droplets outside the filling area
FY r 3 F Y Y xd da 2 = .

| | Overflow / underflow of liquid / gel
Position measurement of the drum
Etc.

OUTFEED BELT DRUM



UISION CHECK IN PROCESS

UNWINDER LONGITUDINAL

L i N2 R B Powder dosing and seal contamination
— } — « Overfill / underfill using 2.5D laser measurement
al H 5 1o e = i « Powder contamination on the seal area
i e — _ e T * Position measurement of the drum
= " ; ) 1 ; : * Etc.
b = = Y & da HINTE— =
@ L l

Editflow

Data save

Scene switch

Switch layout

TDM Editor

Scene Control Maf
a0 Tool

System Settings

Scene maintenan|

£ 5o,

334 Display result camera 3

Pouch s PouCTEmRm—

P ouCTrEm—

Logging settings

PoUChE:

336 Display result camera 4

Poud!

e e s i i A

PERRON



DRTA ACQUISHTION
DATA FLOW

| P 20 s % | =8 =

* &0 &

- e 5 bt s L [T Iy

. .
A e ACA130 | “ . Ha ®a 2 c @
ggregation via e e
B Tap 15 Loss 1237 £ >
it = =TT
encoder position e o —

and data register

¢ [om o D10 1o

0 E!E

le

PERRON



Monitor

Resl-Time

Workspaces

DATA INTERPRETATION

HEAT MA

Picasso_RejectReason_Trend_100_Day ‘ Data updated 2/28/25

Pages €

Produced
Produced (simplified)
I Drum
Gel (R)
Gel (M)
Powder
Qutfeed
Week Aggregate Reject ...

Week Aggregate Reject ...

[ Eile ~ — Export ~ IﬂSham‘@Subscribe|

 REJECT DRUM - POWERBI

Q. Search

Beam Row Reject count
- -

173 173-8 256

26 026-C 232

152 152-8 186

54 054-B 173

472 042-C 172

fﬂé;F_ 149
53 bds-a oz

'.'ﬁCopiIoteD\'IZlV‘O ﬁﬁ

H «
| Quality Trend | Drum
il
m
aK > ~ [ 000-015 a
2K Incorrect Dot Shape 4432
: ~ [ 015-030
DotejrGe Do 2
I Swoosh 1 Major Swoosh pe Deviation 776 ~ [ 030-045
b . M BT Defect ~ [ 045- 080
Forming 345 Swoosh 2 Major Gel Droplpts Defect 658 ~ [ 060-075
Dot Critical Gel Droplets Dfect 462
r o y v [0 075-090
- Swoosh 2 Critical Gel Droplpts Defect 443
- 0K . || Swoosh 1 Major Overflow Mefect 284 [ 0o0-105
Sealing 33 B y 2 3 4 5 6 7 8 9 10 1112 Total 8919 ~ [ 105-120
Beam

200

o tllatuhithaao III|||Iul]hli!:]ﬂlinlnllillli il

100

ittt llmtunhill

l sl il

150

132 132-C a2
136 136-C 67
132 132-8 64
50 050-C 61
166 166-A 52
43 043-A 50
208 208-8 42
150 159-8 4
171 171-C 4
33 033-C 36
167 167-8 4
137 137-A EE]
3 3-8 32
12 012-¢ 3
50 050-8 31

Total 8,919

-

Lane 021-B 021-C 022-A 022-B 022-C 023-A 023-B 023-C 024-A 024-B 024-C 025-A 025-B 025-C 026-A 026-B ¥ZG—C 027-A 027-B 027-C 028-A 028-B 028-(

Reject Origin

All Nt
Shift Date

27-2-2025 ~
Shift Name

12

1

10

!

3 =
T

6 2

5 2
4

3 2

1

1 1
1

1

2

2

1
1
1

P = o

3
1 2
3 2 1
1 i
1
4 3 3
1
4

q
q

U

1

R i

20
i_ I =
3 1
4 2
1
1 2
2 5
1 1
1 1
2 1
2 4



RESEARCH UISION SENSOR WITH A.L. - CRUITY ERRORS ARE DETERMINED AS FALSE GEL DEFECTS BY CLASSIC VISION

Example pictures of damaged cavities

Damaged cavities will lead to false rejects — Can we early detect these problems?



RESEARCH VISION SENSOR WITH A.l. - RECOGNIZE DROPLETS

Example pictures of droplets

Droplets will lead to seal issues



fA.I. FUNCTIONALITY INTEGRATED IN UISION SENSOR

Keep an eye out to your suppliers and their tools to integrate A.l. in your solution

Simplify Inspection Flow

Camera Image Input

Edge Position

Position Compensation

Al Fine Matching

Al Fine Matching realizes simple inspection programs by integrating the procedures.

PERRON

Or model can be trained via OPENVINO @38
Source:



DATA INTERPRETATION

HEAT MAP REJECT DRUM - POWERSI

Picasso_RejectReason Trend 100 _Day | Data updated 2/28/25 ~ Q. Search

) Pages « | [@ File ~ > Export v |& Share [@ Subscribe | o Copilot @ 0~ O~ | ¢ o
Home
- €
@  Produced Salome | Quality Trend | Drum )
Creats =
Produced (simplified) =
i) Row Reject count Gel 2,525,604 Row Character Larie Ricttouint Beam Groups.... 8
. IDmm % 1 had ~ [] 000-015
: 7 007-B a5 Powder 597.828 i 1,788
[ 7 T — y v [ o15-030
Gel (R) 23 023-C 25 | O 5 i Seal Check Missing Reject Counter 696
Oretake 61 061-C 25 ST ———— S Too Much Deviation In Seal Area Defect 223 v [ 030-045
Gel (M i L T i
B <l (M) 100 100-C 25 Forming DAS62 Total 2,707 ~ [ 045 - 060
b Powder 111 o = ! i ~ [ oe0 - 075
122 122-€ 25
'Q 6 006-C 24 Unknown 5.874 . v [ o75-0%0
: Cutfeed _ = B = W90 - 3
Marics 39 039-B 24 Sealing 2,707 A B 0 g Iy ey gy | 1 090-105
Week Aggregate Reject .. 61 061-A 24 Vision 576: =} 12 34 3 67 8 9 101 v [ 105-120
Monitar 62 062-B 24 \f
Week Aggregate Reject ... 94 094-A 24 Beam 2 B= B -
o 94 0%4-C 24
L 95 095-B 24 i
96 096-A 24
Real Time 98 098-C 24
120 120-A 24
e 120 120-C 24
Workloads
24' A A [ 11 11l Il L1 f) e olNHEAH 0. L)
= . - s A0 n ol B. B 8 . [ N | (1] o GlSe. Rlele.B.5.8 [] |
2 s 1-c 2 | o MMM U0 00 . L1 AU .. | HINE A0 NURARAT D DML, BN b ML o) o RMENEY oD ..
Vorispaces 190 190-A 24 50 100 150 200
162 162-B 15 Ly
w 194 194-8 15
My lana NAN2_A NNA_R NNA_7T NDE_A NN _R NNGE_ ¢~ NNE_A NNA_R NNE_C ON7_A NN7_R NN7_¢C NNR_A MA_C NM1_R MI_A MI2_R MI2_¢ N12_R N14_A NMA_C NIS_R n-m,r.




DETERMINE OPTIMAL SETTINGS == DETERMINE IMPACT

Time related

Unwinding Sealing Cross Cutting

Vacuum

Foil Transport

\

Unwinding Forming PVOH Forming Foil Pulling Servo’s Forming roll

v

=

Minimum
rejects

Production Environment



BRAINS PROJECT WORK IN PROGRESS

“Tembo’s use case richt zich op de uitdaging van variérende afdichtingssterkte die leidt
tot lekkende pods, waardoor het systeem moet worden stilgelegd en gereinigd. Hun
benadering richt zich op twee hoofddoelen: het optimaliseren van parametercontrole
om lekken te minimaliseren door het bepalen en meten van beinvloedende parameters,
en het verkleinen van de machinevoetafdruk door het optimaliseren van relevante
ontwerpvariabelen en procesparameters.”

BRAINS wordt mede mogelijk gemaakt door een hijdrage van het European Fund for Regional Development of the European Union met steun

van Universiteit Twente

OOSt PERRON

Meddgefinancierd door Programma Oost-Nederland 2021-2027
de Europese Unie Europees Fonds voor Regionale Ontwikkeling 83 B
-



RANDOM FIELD

With the Random Field model, we try to find the optlmal settings to find the optimal
process parameters for a successful seal.

* Choose sensors on demonstrator
* Acquire data

* Change parameters

* Find relations between parameters

* Train model

More information




OR VISIT OUR “HENNISEVENT — TOEPASSING UAN A UOOR KWALITEITSCONTROLE 0N 21 MARCH 2625 (1)

« AWL - Visual Weld quality inspection (2)

« Zuidberg — Quality inspection assembly process

« Windesheim — Sensor Fusion welding process (in combination with AWL)
« VMI - Anomaly inspection rubber (3)

« VMI - Regression rubber assembly LA

DRTUM EN TIJD
21 maart om 10:00-17:00

LOCATIE
Perron038
Hanzelaan 95B

Zwolle, 8017 JE Nederland

(1)Source:

(2)Source: @38

(3)Source:



» Using Data to Drive Process Improvements:
 Quality Inspection
* Process Optimization
* Predictive Maintenance
« Data Analytics and Visualization

» Achieving Impact on *OEE with ML and Al Optimization:
» Enhance Product Quality
- Stabilize Production Processes
* Minimize Downtime
» Perform Root Cause Analysis

ARON *OEE = Overall Equipment Effectiveness

038




WHAT YOU NEED FOR Al - TRREAWAY

If you want to automate a process, or answer a complex question using a
machine (and this can be any form of Al but also does not need to be), you
need to

1. Design the format or shape of an algorithm that is capable of translating
that input into a good output

2. Find the parameters inside that algorithm that will correctly fit the
algorithm onto your problem.




MACRINES THAT MARES USE OF A1 ... TRREAWAY

» Achieve a higher production stability — They see anomalies an can act on it
» Predict maintenance - achieve higher uptime, less costs maintenance

» Quality control - Higher quality, less rejects/waste

.o o«...CAIRUN DAY AND NIGHT




[HANK YOU
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SJOERD REIJSER

Managing Director
Perron038

PERRONG38 — MARR DE TOEROMST I sjoerd keijser@perron038.n

FLORIAN UANDEPOEL
[EMBO — CREATING THE NEXT TOGETHER AL R&D Engineer

Tembo
florian.vandepoel@tembo.eu

AREND LUTEN

R&D Engineer, Software Engineer

Tembo

PERRON AR Y e
338 >~ @ arendluten@tembo.eu







