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Digital Manufacturing

What is a Smart Factory and why is it the future?

" Future state of a fully connected
factory, which leads the interaction of
man - machine in the focus. The smart
factory generates, receives and
processes data to realize the production

of all kinds of goods in a data-driven

way.

== | u

Source: Osterrieder, Budde & Friedli (2019): The Smart Factory as a key
construct of Industry 4.0: A systematic literature review

permitted with written permission of the authors.
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Digital Manufacturing

Smart Factory @ OST - floorball production

This presentation is teaching material for OST-students.
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Digital Manufacturing

Injection moulding in times of digitalisation

. Everyone 1S ta|king about + Additional data from the machine
A i i +  Combining machine data with data
dlgltallzatlon, the smart facjtory and from IT Entreprise solutions (orders)
Industry 4.0, and these topics are
also becoming increasingly relevant
for injection moulding.

IT Entreprise Solutions focus on

* |n order to implement Industry 4.0 in molementation of IT ‘
SEPRST - - — i d & data fl
injection moulding companies, data e renr niegrated process & data flow
) nireprise - Key Information / data for a company
must be collected and analysed in (CAD, PLM, ERP, MES)
order to make predictions.

« However, the data-driven
monitoring, optimization or operation
of an injection moulding production Lean Processes first
Is still often a dream today.

Stable & robust processes are the base
Reduction of Waste

Lean Principle focus on the important
digital needs

This presentation is teaching material for OST-students.
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Digital Manufacturing

Learning from data

The main goal of the smart factory is to optimize [ oschine Stabus Te Shicaahl  Soll /it

production by learning from data. | Griffschalen orange 1543 Stk
® ® ® (ehause griin 342 Stk -VE

® Rusten o —

e =
v

Diise orange 1050 Stk pmm

"What you can't measure, you can't control"

Peter Drucker, American economist

|:> Only if the exact actual condition of the
machines and peripheral equipment is known
work on optimizing the processes can be
done.

Source: LEAN Production

This presentation is teaching material for OST-students.
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Digital Manufacturing

Challenges in implementing Industry 4.0

There are two main challenges in implementing Industry 4.0 today.

* lack of awareness in practice, both for possible applications and for the necessity of a
implementation. We are talking about the actual target orientation or also use case definition for the smart
factory. This concretization must be oriented to the following questions:

- How can | increase my value creation by using data?
- How can | use my data? What is the goal?
- What data do | need to implement a specific use case?

 learning from data requires a complete data base. Some questions arise here as well:
- Which signals do | need? Which signals are available at all?
What quality of data do | need? Is the data available in this required quality?
How do | get the data out of my machine?
How do | synchronize data from different machines and devices?

This presentation is teaching material for OST-students.
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Digital Manufacturing

Learning objectives of this lecture

The students can...

... apply the concept for learning from data in the
smart factory

... Identify difficulties in its implementation

) o ) ) This presentation is teaching material for OST-students.
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Digital Manufacturing

Injection Moulding in a Smart Factory

1. Implementation of machine learning in the factory

2. Use Cases for injection moulding

Exercise;

« Experience the floorball manufacturing cell

This presentation is teaching material for OST-students.
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Digital Manufacturing

Additional reading

Plastics Industry 4.0

Christian Hopmann
Mauritius Schmitz

Potentials and Applications in Plastics Technology

Plastics Christian Hopmann, Mauritius Schmitz
Industry 4.0

Potentials and Applications
in Plastics Technology

Print ISBN: 978-1-56990-796-2
elSBN: 978-1-56990-797-9

https://www.hanser-elibrary.com/doi/10.3139/9781569907979.fm

HANSER

This presentation is teaching material for OST-students.
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Digital Manufacturing

Additional reading

Data Science — was ist das eigentlich?!

Algorithmen des maschinellen Lernens verstandlich erklar

Data Sdence _ Annalyn Ng, Kenneth Soo
wasist das A
eigentlich ?!

Print ISBN: 978-3-662-56775-3
elSBN: 978-3-662-56776-0

Algorithmen
des maschinellen

Lemens verstandlich https://link.springer.com/book/10.1007/978-3-662-56776-0

erklart

@ Springer

permitted with written permission of the authors.
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https://link.springer.com/book/10.1007/978-3-662-56776-0

Implementation of machine learning in the factory

permitted with written permission of the authors.
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Smart Factory @ OST

Model for the implementation of machine learning in the factory

Investigations showed that a step-
by-step approach to implement
Industry 4.0 in plastics processing is

target-oriented.

DiMa - Injection Moulding in a Smart Factory

Collect existing data

Goal Machine Learning

Define

use case

Identify and define

Clean up data
use case

Build and train the
model|

Capture new data Modell validation

Relate data to the

use case Optimize the model

Building Model

L

[ ]

)

ICT Factory

— 4 Implement

Define target vision
of ICT landscape

Select pilot
machine/ line

Define operational
new process for
data driven factory

Define machine
conncetions

Define data storage
strategy (cloud,
database)

Set up Communi-
cation in the factory

Data strategy
(security, partner,
back up)

Step wise rollout
(in the plant, global)

Running Model

5 October 2021

This presentation is teaching material for OST-students.
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Smart Factory @ OST

Manufacturing cell floorball

ANALYSIS AND OPTIMIZATION

¥ og e

artificial intelligence

database

visualization
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Sensors
(mould / hot runner)

machine parameters

temperature control units
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conveyor

welding
parameters

serial number

laser marking

PRODUCTION
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ASSEMBLY STORAGE
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weight control  optical measurement

This presentation is teaching material for OST-students.
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permitted with written permission of the authors.
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Implementation of machine learning in the factory: use case Goal

Define

use case

From Smart Factory use case patterns to specific use-cases

Identify and define
use case
1. Cards with generic 2. Apply/adapt the use 3. & 4. Classification in 5. Creation of a 6. Implementation of a
smart factory use cases cases in your specific Potential/Complexity roadmap specific project Collect existing data
serve as a foundation context Chart & Prioritization (Multi project planning)
ﬁ Capture new data
H | oo st oot - Relate data to the
: #  Predictive Maintenance use case

e “

This presentation is teaching material for OST-students.
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Implementation of machine learning in the factory: use case

Classification of digitalization use cases
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Autonomous job scheduling (order)

Autonomous process
optimization

Autonomous capacity control

IAutonomous regulating
manufacturing
Jassembly

1
utonomous regulating
material flow

testing rules

lAutonomous optimizing|

Autonomous
Maintenance

Demand prediction

Scheduling decision
support

Process Performance Prediction

Fault prediction

Iﬁred\ctlve maintenance

Optimal process parameter identification

Digital workpiece
identification

Scheduling Assistance| Warehousing & Digitally guided Faul diagnostics Failure diagnostics
assessment Intralogistics operations
Digital twin
Deployment/Shift Fault detection (Remote) condition
Planning (Quality Control) monitoring

Process Stage

DiMa - Injection Moulding in a Smart Factory

Static/real-time information visualization (Dashboards, Cockpits,...)

Support

uonezienui Jo ealbeq

Goal

I Unused potential I

This presentation is teaching material for OST-students.

Data Capturing Data Transmission Data Storage
Supply Chain
Demand Production  Management & Process Quality
Management Scheduling Sourcing Optimization ~ Process Control  \anagement Maintenance
Planning & Optimization Execution
5 October 2021

Publication or forwarding (PDF, Video, ...), even in part, is only
permitted with written permission of the authors.
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Implementation of machine learning in the factory: use case Goal

Define

use case

Which data do | need? - Injection moulding process database

LEGENDE

Fertigungsmittel

Prioritdt
beteiligte Ressourcen @ Muss
Prozessschritt mit Parametern

technologischer Soll
Teilschritt der Prozess- Informationsobjekt
kette sonstige Eigenschaften Wunsch

VDI-
PROZESS-
MODELL

SPRITZGUSS

Input-/Outputobjekt
Materialobjekte mit
Zustandsbeschreibung

" Verfeinerung
i detaillierte Darstellung
eines Teilmodells

VERFEINERUNG SPRITZGUSS

Plastifizieren

DiMa - Injection Moulding in a Smart Factory

5 October 2021

This presentation is teaching material for OST-students.
Publication or forwarding (PDF, Video, ...), even in part, is only
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. In Maschine in Einspritzeinheit ¢ Formteil
. Einspritz- Einspritz- Lo
Trichter 1spri Formwerkzeug 1sprit SchlieBeinheit
einheit einheit
PARAMETER PARAMETER Schnecke Zylinder PARAMETER HeiBkanal Temp.-Gerat PARAMETER PARAMETER
Mat.-Tempearatur 0‘ Anpresskraft @ Position Q Temperatur Temperatur Q Temperaturen o Temperatur '@ MWachdruck m Schliefkraft
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Batch D staudruck I . @ Zonentemp. Temp. Scthmelze - " - geschwindigheit -
Leistungsaufnahme Heizun pro Regelzone velumanstram @ Kernzugposition
Filllstand Granulat Einspritzzeit B & Versatziberwachung Nadelbewe : @ Restmassepolster O —
Einschaltdauer adelbewegung Druck (Varlauf/ swarferkratt
@ Einspritzge Diise : Durchbiegung Pasition und o @ Kihlzeit
schwindigkeit P ) Heizung o Geschwindigkeit Rilcklauf) @ Auswerferposition
_ Emperatur Verschlel@ ) Lelstungs @ Auswerfervor/zurick Source: VDI-
m' Einspritzdruck | © Cruchmesser Mt - - Elnspritzdruck Il friah R
HoAiEgerunEen auinenme @ Ablagekraft insert Statusreport — Industrie
Reduktionsfaktor Stellgrad H
Spritzdruck Regelung 4.0in

SpritzgieBunternehmen
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Implementation of machine learning in the factory: develop a model

Build and train your model

artificial intelligence

# oS o &

database visualization

ANALYSIS AND OPTIMIZATION
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laser marking weight control  optical measurement

PRODUCTION

STORAGE

Machine Learning

Clean up data

Build and train the
model

Modell validation

Optimize the model

Use case:
Autonomous process
optimization

This presentation is teaching material for OST-students

5 October 2021 Publication or forwarding (PDF, Video, ..
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Implementation of machine learning in the factory: develop a model

Data preparation

« Advantage:

- data can be reduced by %f DATA
feature building

- easier for implementation o\
und better understandable I %W.
LEARE&_T_NG %
- Disadvantage e 3 (‘Eﬁ
- possibly loss of information I

- additional data handling

oUTCOME Uz

Possible methods for

feature engineering:

« Statistical feature
building (local and
global features)

« KPI based on expert
knowledge

DiMa - Injection Moulding in a Smart Factory

|
I
|
|
|

\ AN DATA

=

= o\ GRIO, P
CRAFTED o\ & 70 &

FEATURES W’:
A 4
| LEARNING ®

| MACHINE
OLTCOME
4z
THE PARADIGM SHIFT

!
|
I
l
I
I

Source: Deep Learning with Py-Torch

Machine Learning

2 53

« Advantage:

features do not have to be
found by the user, but are
learned implicitly by the
network.

Correlations that can only
be represented by
complicated features can
also be taken into account
quite simply.

- Disadvantage

depending upon enormous
memory and computation
effort which is needed

debugging of a non-
functioning model is also
very difficult.

This presentation is teaching material for OST-students.
5 October 2021 Publication or forwarding (PDF, Video, ...), even in part, is only O S T

permitted with written permission of the authors.
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Implementation of machine learning in the factory: develop a model

Feature building: Statistical Features

« Global features (applied to the whole time signal)

« Global maximum

Global minimum

Mean
- RMS
- Variance

Crest factor

s;..(0) = max (sj (o, kT))
sj . (0) = min (sj (o, kT))

Simean(©) = = 2023 (57(0,kT) )

Sims(©) = [2ERZ(5(0,KT)2)

Sj,qr(0) = Var (sj (o, kT))

Sjm gy (0)
Sjvar(o) = ].max
Slrms(o)

» Local features (applied on on limited time intervals, e.g. injection phase)
Same calculations methods as for global features

DiMa - Injection Moulding in a Smart Factory

5 October 2021

This presentation is teaching material for OST-students.
Publication or forwarding (PDF, Video, ...), even in part, is only
permitted with written permission of the authors.
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Implementation of machine learning in the factory: develop a model Machine Learning

Feature building: KPIl based on expert knowledge [ ]

« Another approach is to work directly with process

parameters (e.g. injection work, flow coefficient, integral WID,

i ety O FlieBzahl
changeover pressure, etc.). ¥

i

Einspritzdruck
Y

« These parameters are based on expert knowledge from %
the plastics industry and can often be calculated and recorded
directly by the machines. These process parameters can also
be calculated from the curve data described above, if they can g
be recorded. J Einspritzarbeit
3 i
w
5 s,
Einspritzweg

Source: Handbuch Spritzgiessen

This presentation is teaching material for OST-students.
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Implementation of machine learning in the factory: develop a model

Feature building: KPIl based on expert knowledge

Beschreibung

Fliesszahl

Einspritzarbeit

Nachdruckarbeit

Maximaler Einspritzdruck
Umschaltdruck

Umschaltpunkt

Massepolster

Massedruck beim Nachdruck
Einspritzzeit

Dosierzeit

Zykluszeit

Drehzahl

Drehmoment

Staudruck

Maximaler Werkzeuginnendruck
Werkzeuginnendruckintegral
Einschaltdauer jeder Zylinderheizung
Temperatur jeder Zylinderheizung
Einschaltdauer Heisskanal
Temperatur Werkzeugheizung
Temperatur Temperiergerate
Durchfluss Temperiergerate
Maxmimale Werkzeugtemperatur
Werkzeugtemperatur Einspritzphase
Umgebungstemperatur

Luftfeuchtigkeit Umgebung

Einheit

[bar*s]
I

[
[bar]
[bar]
[mm]
[mm]
[bar]
[s]

[s]

[s]
[1/min]
[Nm]
[bar]
[bar]

[%]
[°C]
[%]
[°C]
[°Cl
[I/min]
[°Cl
[°C]
[°Cl
[%]

DiMa - Injection Moulding in a Smart Factory

Berechnung
Integral Massedruck Uber Einspritzzeit

Integral Massedruck Uber Einspritzweg

Integral Massedruck Gber Nachdrucksweg

Max Einspritzdruck wahrend Einspritzphase

Druck bei Ende Einspritzen

Schneckenposition bei Ende Einspritzen
Schneckenposition bei Ende Nachdruck

Mittelwert Massedruck wahrend Nachdruckphase

Sumvalid Trigger Einspritzen

Sumvalid Trigger Plastifizieren

Mittelwert Drehzahl beim Plastifizieren

Mittelwert Drehmoment beim Plastifizieren
Mittelwert Massedruck beim Plastifizieren

Maximaler Werkzeuginnendruck

Integral Werkzeuginnendruck

Mittelwert Ansteuerung Zylinderheizung

Mittelwert Zylindertemperatur

Mittelwert Ansteuerung Werkzeugheizung

Mittelwert Temperatur Werkzeugheizung

Mittelwert Temperatur Temperiergerate
Mittelwert Durchluss Temperiergerate
Maximum der Werkzeugtemp

Werkzeugtemp zum Start der Einspritzphase

Anzahl Werte pro Zyklus

1

N = S R S

1

Entspricht Anzahl Kavitaten

Entspricht Anzahl Kavitaten

5

N o o O

2

Entspricht Anzahl Kavitaten

Entspricht Anzahl Kavitaten

5 October 2021
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This presentation is teaching material for OST-students.
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permitted with written permission of the authors.
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Implementation of machine learning in the factory: develop a model Machine Learning

What data quality do | actually need? [ }

« High-frequency signals vs. slow signals
- Injection pressure [bar]
- Nozzle temperature [°C]

" Inj1PrsAct (har
— InjTHtgTmpt 1Act ()

220.09

a00
1

700
1
22007

1
220.058

500

feluli]
1
220.03

220.01

0 100
1 |

| — N

10:32:16.0 10:32:18.0 10:32:20.0 10:32:22.0 10:32:24.0 10:32:26.0 10:32:28.0 10:32:30.0 10:32:32.0 10:32:34.0 10:32:36.0 10:32:38.0

- If, for example, the injection pressure can only be recorded at low frequency, valuable information is lost
(e.g. maximum)

This presentation is teaching material for OST-students.
22 | DiMa - Injection Moulding in a Smart Factory 5 October 2021 Publication or forwarding (PDF, Video, ...), even in part, is only OST
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Implementation of machine learning in the factory: develop a model Machine Learning

Build and train your model

Supervised Learning

02 0%

% | 00
® o)
o ®

Supervised Learning
Algorithms

« A model is prepared through a training process in
which it is required to make predictions and is
corrected when those predictions are wrong.

« The training process continues until the model
achieves a desired level of accuracy on the
training data.

23 DiMa - Injection Moulding in a Smart Factory

2 53

Unsupervised Learning

0% 0%
‘o 0’0
o o

Unsupervised Learning
Algorithms

« A model is prepared by deducing structures
present in the input data. This may be to extract
general rules.

* It may be through a mathematical process to
systematically reduce redundancy, or it may be
to organize data by similarity.

Source: https://machinelearningmastery.com/a-tour-of-machine-learning-algorithms/

This presentation is teaching material for OST-students.
5 October 2021 Publication or forwarding (PDF, Video, ...), even in part, is only O S T

permitted with written permission of the authors.



Implementation of machine learning in the factory: develop a model Machine Learning

Build and train your model [ ]
Linear Regression K-Nearest Neighbors

a) suboptimal 8

|

Vorhersagefehler

b) optimal /

 finds the "best fit trend line" that touches as many * classifies data points based on the values of
data points as possible, or at least comes as close neighboring data points.
to them as possible.

Vorhersagefehler

« kis the number of data points considered,
« Works best when there is little correlation between reasonable values for this parameter are obtained
predictors and no outliers by cross-validation

Source: Data Science — Was ist das eigentlich?

This presentation is teaching material for OST-students.
24 | DiMa - Injection Moulding in a Smart Factory 5 October 2021 Publication or forwarding (PDF, Video, ...), even in part, is only OST
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Implementation of machine learning in the factory: develop a model

Build and train your model

Neuronal networks

T

Input Data Encoded Data Reconstructed Data

» the weights in the encoder and decoder are

adjusted so that there is as little error as possible

between input and output.

« work best when large data sets and powerful
computers are available

25 | DiMa - Injection Moulding in a Smart Factory

Machine Learning

2 53

Support Vector Machine

- classifies data points into two groups by drawing a
boundary line midway between the boundary
points, here called support vectors.

« SVM is insensitive to outliers, since it uses a
buffer zone

Source: Data Science — Was ist das eigentlich?

This presentation is teaching material for OST-students.
Publication or forwarding (PDF, Video, ...), even in part, is only O S T
permitted with written permission of the authors.
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Implementation of machine learning in the factory: develop a model

Build and train your model

Decision Tree

O of 2t § )
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A\
“ jallr—'lnein
L AR
« makes predictions based on a sequence of binary
guestions.

 In this way, the data are gradually divided until
they break down into a number of sufficiently
homogeneous groups.

26 DiMa - Injection Moulding in a Smart Factory

Machine Learning

2 53

Random Forest i
Class 2
{ Class 1
Qt

( ) ( ) () ) ( ) ( o I (//-&-‘:\\}\
@ cos1 @
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* has usually better prediction accuracy than
individual decision trees.

Random Forests

Single Decision Tree

- Used where they are easy to implement -
especially where predictive accuracy is more
important than interpretation of results.

Source: Data Science — Was ist das eigentlich?

This presentation is teaching material for OST-students.

Publication or forwarding (PDF, Video, ...), even in part, is only O S T
permitted with written permission of the authors.
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Implementation of machine learning in the factory: develop a model

Model validation

Machine Learning

« Building a different model with linear and polynomial regression for different materials and quality features

 Validation of the model with a test set and evaluation metrics (not used for the training of the model)

« Very good prediction for the quality features and weight just with a few important features found by feature
selection

Model predictions

Linear Model - Gewicht - Istwerte DoE - Training

9.30

9.00

8.95 1

R? on training set: 0.98 L
MAE on training set: 0.0089 J ~
"4
1
s
i}
e,
rd
s
td
r
’/
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o
-9
Y
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rd
4
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.J'
e
s
S
’

I
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8.90

8.90 8.9

T T T T T
9.00 9.05 9.10 915 9.20
Observations

(a) Training

DiMa - Injection Moulding in a Smart Factory

T
9.25 9.30

Model predictions

Linear Model - Gewicht - Istwerte DoE - Test

9.30

9.25 4

9.20 1

o

-

v
1

9.10 1

9.05 A

R? on testing set: 0.98 ’
MAE on testing set: 0.0074 ( P

9.00

T T T T T
9.00 9.05 9.10 9.15 9.20 9.25 9.30

Observations

(b) Testing

5 October 2021

Model predictions

This presentation is teaching material for OST-students.
Publication or forwarding (PDF, Video, ...), even in part, is only
permitted with written permission of the authors.
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Implementation of machine learning in the factory: IT structure

Define your IT structure

Define target vision
of ICT landscape
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Define machine

<:I I:> @ conncetions
Q Define data storage
o -

artifidial intelligence database visualization strategy (cloud,

~ s - database)
‘—E" c .u.: E‘E Data strategy
5 = £ | 0SsT S E ASSEMBLY STORAGE (security, partner,
= ] n 2 E T a back up)
2 = 5 o 2 FLOORBALL =a
; TI:-; ’ lf:’ % o [ '@ A (
e HE & 6 Dc a 8 Va @
£ 4 B Use case:
= :‘ e welding check setial number Autonomous process
' / optimization
2 o
3 \\ i3
= T 000
(=B | (=) a 3 (XCOXC)
) O

injection moulding

£ B S >
cC— = o) LA

conveyor laser marking weight control  optical measurement

| |

PRODUCTION STORAGE

This presentation is teaching material for OST-students.
28 | DiMa - Injection Moulding in a Smart Factory 5 October 2021 Publication or forwarding (PDF, Video, ...), even in part, is only O S T

? part measures

10

permitted with written permission of the authors.



Implementation of machine learning in the factory: IT structure IcT

Cloud & platform solution and specific DB solution [ ]

Different data export / connectivity options as well as different data storage solutions will be demonstrated:

Variant 1 (Cloud- & platform solution) Variant 2 (specific local database solution)
- Siemens Mindsphere - Solution from the company iba
AT IR ERL )
_fr;:igi_;;f. MindSphere *:::":i%l, 5% + ") ) i
Y. . i o f L], e A
- All process data as "raw data" in the cloud - All process data as "raw data" and calculated process
. Visualisation of process parameters parameters in a database

- Visualisation of process parameters with ibaDaVIS

This presentation is teaching material for OST-students.
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Implementation of machine learning in the factory: IT structure IcT

Challenges in setting up the data acquisition [ ]

A number of challenges has to be overcome in order to set up this type of data acquisition for machine
learning:

« Often device-specific solutions had to be implemented so that the data could be exported and recorded
in the desired quality.

« Another difficulty is the synchronization of data from different machines and devices (e.g. injection
molding machine, temperature control units, ambient conditions).

« The allocation of data from different pre or post-processes is also an issue.

- data acquisition differs between continuous processes, e.g. material drying, in which continuous time series are
recorded, and discontinuous processes such as injection

- data from pre-process steps must be able to be clearly assigned to the later data of the part.

This presentation is teaching material for OST-students.
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Implementation of machine learning in the factory: IT structure IcT

3 Define IT
structure

Data storage / upload

In the Smart Factory @ OST different devices are used for data acquisition, storage and upload:

Siemens IPC Raspberry Pi

7

Data recording no yes yes
Data upload yes, manual programming yes, through ibaPDA yes, manual programming
timestamp from machine from DAQ-C for all devices from Raspberry Pi

This presentation is teaching material for OST-students.
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Implementation of machine learning in the factory: IT structure IcT

How do | get the data out of my machine? [ ]

For the cyclic export of process parameters, the Euromap 63 and Euromap 77 (OPC-UA) interfaces play an
important role:

« Euromap 77 (OPC UA)

- simple standardised data exchange, but the sampling frequency is limited to approx. 2 Hz (depending on the
subscription the machine or device allows)

- currently only available on very new machines
- developed for the cyclic export of process parameters

 Euromap 63
- less standardised and the sampling frequency is also limited (maximum is approx. 1 Hz)
- widely used on newer machines
also developed for the cyclic export of process parameters

cUROM P

European Plastics and Rubber Machinery

This presentation is teaching material for OST-students.
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Implementation of machine learning in the factory: implement

Implementation: manufacturing cell

¥ og e

ANALYSIS AND OPTIMIZAT

artificial intelligence database

ION

Q';%

.

visualization

n
1
I

=
@
E
T
|
T
=
e
g

©

DiMa -

sensors

(mould / hot runner)
machine parameters

temperature control units

)

FIFIL_ =

0sT
FLOORBALL

e
@
E
=
c
=
s
I~
@
0

injection moulding

>

G ] o

10

o)

conveyor

Injection Moulding in a Smart Factory

laser marking

PRODUCTION

welding
parameters

welding

ASSEMBLY

@ @ E>"<3 @ @oy<3

checkserial number

part weight

? part measures

STORAGE

>

weight control  optical measurement

5 October 2021

STORAGE

This presentation is teaching material for OST-students.
Publication or forwarding (PDF, Video, ...), even in part, is only
permitted with written permission of the authors.

Faciory

4 Implement

Select pilot
machine/ line

Define operational
new process for
data driven factory

Set up Communi-
cation in the factory

Step wise rollout
(in the plant, global)

OST



34

Implementation of machine learning in the factory: implement

Battenfeld Smart Power 60/210

Data from the injection moulding machine

* Euromap 63 (via Raspberry Pi)
Curve signals with 0.5 Hz sampling frequency rather cyclical values
Process parameters and setting parameters

« Sensor signals from the machine control cabinet
Curve signals with max. 1kHz sampling frequency (via /0O module)

Data from the tool

» Cauvity pressure sensors 1 channel
Curve signals with max. 1kHz sampling frequency (via control cabinet and 1/0O module)

Peripheral and environmental data

« Temperature control units Wittmann Tempro Plus D (via RS232 & NPort)
Curve signals with 1Hz sampling frequency

* HB-Vario 5 unit (via OPC UA)
Curve signals with 1Hz sampling frequency

* Ambient temperature and humidity (via /0O module)
Curve signals with max. 1kHz sampling frequency (via I1/0O module)

Trial data

* Input via touch screen (via TCP/IP)

DiMa - Injection Moulding in a Smart Factory

Faciory

4 Implement

RaspberryPi Touch (trial data)

cUROM P TCP/IP

|

>
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ng/
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Al =8> il
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iba I/0O-System
Raumkombifiihler

%im
»

Wittmann Tempro Plus D

y.
?3
§
. k9 HB-Vario-5
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Implementation of machine learning in the factory: implement

Input for manual / trial data

To ensure that the recorded data can also be assigned to the corresponding trials, information on the trials is
required in addition to the process data. For this purpose, each machine was equipped with a touch display
with which the test data can be recorded but also the process data can be visualised.

Versuchsdaten Setup Zykluszahl Umgebung Peripherie (Temperiergerate)

O osT O OsT
Projektnummer Material e Umgebungstemperatur Vorlauf AS Rucklauf AS T
770-1100-02 PP MD231U Zykluszahl 90
Projektbezeichnung Werkzeug .
Entformungskrifte Entformungskraft D18 ZYKLENZAHUZURUCKSERZEN 25.40 80.00 78.86
wrle U roreanatmons © © © wk
Versuchsbezeichnung
Testversuch
Maschinenbediener o Luftfeuchtigkeit Vorlauf DS Rucklauf DS p— g
o m D = m| D
Smart Factory @ Techpark
Smart chpark 19'3 80'02 79_40 oo by 4.0
% ‘C “©
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Implementation of machine learning in the factory: rollout

Networkplan

Machine hall injection moulding

Ul-14.14

3x free

Arburg 570H 2000-800

iba DAQ-C

RaspberryPi Touch

|—|I|”

]

-

vl
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U1-14.15

2x free

Fanuc Roboshot a s-150ia

Single Smart Line

Single Smart Line

RaspberryPi Touch

—ll|

RaspberryPi Touch

1x free

Switch Fertigungszelle

SmartPower 60/210

Raspberry Pi Battenfeld

HB-Vario-5

HB-Vario-5

Uu1l-14.1

—1l|
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KraussMaffei PX120-380
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RaspberryPi Touch
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Gerét flir Daten-

aufzeichnung / -upload
(Datenbank / Mindsphere)

Ethernet
OST-Netzwerk

Ul1-14.2

@%’l Siemens IPC KM

Weitere Geréte:
(Anschluss an freie Netzwerkdosen)

i/lé Kistler Como Neo

l Smart Factory NB
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Faciory

Implementation of machine learning in the factory: rollout

. : . eewnehmen ookt gl 4 implement
Data flow injection moulding v v

m .;%:.‘ KraussMaffei PX120-380 o
RJd '

DataXplorer

copy

/ Siemens IPC KM
& 2 -

DatCoordinator

)

raw data KM

Q)

alll

copy

raw data Engel

/%/ Siemens IPC Engel

raw data Arburg / Fanuc / Battenfeld {D

KPI Arburg / Fanuc / Battenfeld / KM

iba DAQ-C fd? DZC%\ @,@
= & 2, KRk c

Gl

ibaPDA DatCoordinator
ibaAnalyzer raw data Arburg / Fanuc / Battenfeld / KM Microsoft* - ‘
SQL Server

; Smart Factory NB . X
w Raspberry Pi Battenfeld ‘/jg Kistler Como Neo
5
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Implementation of machine learning in the factory: rollout Factory

4 Implement

Dashboard injection moulding machines

Maschinenubersicht SG

Tome Fiter
Y 05.01.2021 15:30.09 - 05.01.2021 16:28:09
Maschinenstatus . Maschinenstatus . Maschinenstatus
@ Oruckverhiltnisse Prozessphase Einspritzen @2 @ Kennzahlen Prozessphase Einspritzen “
KP_Batterdeis . & - L fole « Mucords 114 ...
162z 1918
157
Start letzter Zyklus Start letzter Zykius Start letzter Zyklus iy datuding
vor 00:15 min vor mehrals 1 h vor mehrals 1h
03
N
aktuelle Datenerfassung aktuelle Datenerfassung aktuelle Datenerfassung . . i
o a o o 09 ) 09
Battenfeld 074 _2020-12- Arburg_0-1_2020-12- Fanuc_0-1_2020-12- —
07_11.13.40.dat 07_08.13.04.dat 07_08.13.04.dat SR Rt e e R R
* max_Einspritzdruck + Umschahtdruck @ Fliesszahl
8] Prozessdaten und Prozesszeiten
KL Batendeld - Bocerds lrstod s 100 00 116
atuem Projekibese Versuchstezeichnung Materiy
ose1 201 15330 0259 7702003 Unitocheytall Test Ostfarpen Usshockeytall PE-HD / PE-LD fschmarzl
1537.08 om Unihockeybatl Test Ostlarben Unihockeytall PE-HD / PE-LD Ischwarzl
153133 2s Uninackeybatl Test Ostfarben PE-HD / PE-LD lschwarz]
IBADAVIS ™ IBADAVIS 153630 0269 Unihschaybal! Test Osttarben Unfockeyball PE-HD / PE-LD ischmara)
153514 0265 Uniackeybail Test Osttarten Unihackeytall PE-MD / PE-LD lschwarz]
1537:28 022 Test Ostfarben Unhockeyball PE-HD / PE-LD lsen 21
153151 0254 770 2013 Unihacheybatl Test Osttarben Unhockeyball PE-HD / PE-LD lsctwars
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Implementation of machine learning in the factory: rollout

4 Implement

Notifications for shop floor

« Highly automated , increasingly connected
production environments and constantly growing
amounts of «industrial data »

Temperotur susserhald des Normbereichs Temperaturuberwachung
ausserhalb des

« Several applications with complex information
dashboards and for concrete maintenance tasks
available, but ...

« How can manufacturing workers at the shop floor
be informed about the current production status
and potential interventions?

INSTANDHALTUNG
BENACHRICHTIGT \

[PRISM Preventive Intervention in Smart Manufacturing]

permitted with written permission of the authors.
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Implementation of machine learning in the factory: check and adjust

Validate your model

This presentation is teaching material for OST-students.
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Smart Factory @ OST

Model for the implementation of machine learning in the factory

[

Machine Learning

Define

use case

|dentify and define

use case

Collect existing data

Capture new data

Clean up data

Build and train the
model

Modell validation

Relate data to the

use case

Optimize the model

Building Model

DiMa - Injection Moulding in a Smart Factory

.

)
)

ICT

Factory

— 4 Implement

Define target vision
of ICT landscape

Define machine
conncetions

Select pilot
machine/ line

Define operational
new process for
data driven factory

Define data storage

strategy (cloud,
database)

Set up Communi-
cation in the factory

Data strategy

(security, partner,
back up)

'y

Step wise rollout
(in the plant, global)

Running Model
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Smart Factory @ OST

Smart Factory components and roadmap

« Due to the existing knowledge in the field of plastic production technologies and robotics, these areas also
serve as central elements of the smart factory.

« The networking and the development of data export for the machines of the IWK served as the initiation for
the development of the smart factory, which is now to be continuously and diversely expanded.

2019 2020

Plastic processing machines

DiMa - Injection Moulding in a Smart Factory

2021 2022 2023

Production and assembly cells
(Rapperswil / Buchs)

Robots >

Additive Manufacturing (metal / plastic)

CNC machines (metal workcenters)

permitted with written permission of the authors.
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Smart Factory @ OST

Implementation partner: competencies united

INSTITUT FUR WERKSTOFFTECHNIK

IWk UND KUNSTSTOFFVERARBEITUNG

* Plastics processing
« Data acquisition and processing

m I PEK INSTITUT FUR PRODUKTDESIGN,
ENTWICKLUNG UND KONSTRUKTION

* Industry 4.0
I \ Institut fir Technologiemanagement
v?

IPM Institut fur Informations- und
Prozessmanagement

- SAP

- @
IMP Institut fur Mikrotechnik und YA Universitit St.Gallen

Photonik * Production strategy

* Mechatronic systems ¢ Business models

\

.
- INSTITUTE FOR I Lj - INSTITUTE FOR LAB AUTOMATION
I NETWORKED SOLUTIONS AND MECHATRONICS
« Network and cloud infrastructure * Robotics
« Security « Automation solutions

) o o This presentation is teaching material for OST-students.
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Further Use Cases for injection moulding

This presentation is teaching material for OST-students.
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Smart Factory @ OST

Use cases for injection moulding @ OST

Use case 1. anomaly detection
« Use of internal machine data for anomaly detection and logging events at occurrence

* Proposal of an appropriate countermeasure

Use case 2: quality data prediction

« Use of internal machine and tool data (cavity pressure) to predict quality of injection moulded parts

Use case 3: preventive and predictive maintenance

« Use of internal machine data for the evaluation of the condition of key components of an injection
moulding machine (e.g. non return valve)

« Determination of the time for a replacement

) This presentation is teaching material for OST-students.
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Smart Factory @ OST

Anomaly detection: trial design

* 4 test series, part: ice scraper, material: PP
- Trial series 1 (72 parts) - reference trial series = ice scrapers lie within the tolerances
- Trial series 2 (56 parts) - calcified cooling channels - temperature of the mould temperature medium increased
- Trial series 3 (57 parts) - batch fluctuation - cylinder temperature increased
- Trial series 4 (52 parts) - wrong material > 10% foreign material added

 Database

« Process curves recorded with
the DataXplorer

weight 1 AARAAAAN

width

- Additionaly the corresponding
quality data were measured
(shown in picture on the right)

‘HA lip distance j length
i ) i

This presentation is teaching material for OST-students.
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Smart Factory @ OST

Anomaly detection: classification of trial series

« Can ML be used to anticipate process anomalies based on internal measurement signals?

5.9 , , il e . .
O V1
58 [ O V2 il
O V3
S Brr V4 -
o)
8 -
g 56 OO?%OQ’,O O |
= oJe) o)
% 55 o @g o -
o
o | @O i
§ 54 o
[&]
D
53 ]
52 I ]
51 1 l 1 l 1
2.565 2.57 2.575 2.58 2.585 2.59 2.595 2.6

injection pressure crest factor

trial series V1-V4 can be completely classified with just two important features (a linear discriminant
analysis (LDA) was used for the actual classification of the trial series)

. L . . This presentation is teaching material for OST-students.
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Smart Factory @ OST

Anomaly detection: application in practice

 When the anomaly score increases, a
recommendation for action is suggested
to the operator (Fig. 5, bottom right),
which can be used to correct the
process again.

DiMa - Injection Moulding in a Smart Factory

Description Main Tab Raw Data Tab Countermeasure Tab

Anomaly score from Algorithm LOF: The following button starts and stops the training. Training should
3 be started when the process works smoothly and stopped when the
tool should be used to dected anomlies and to predict

& | countermeasures.
5
Training dataset size
4
o
8 3 1] 50 00 150 200
@ 1
2
1 I I I The following text input can be used to log some annotations
(comments) regarding the current cycle. For example: ‘wrong
countermeasure prediction, example_up would have been better'
0 | | |
Comment input (press <ENTER> to save)
200 300 400 500 600 700
Cycle Number
Features with most significant deviation at step 705 Countermeasure suggestions at step [704]
_ _ Tmpmrlepg_SOIl_up
AmbientTmp no_action
AmbientMoist InjProfil11_soll_down
WidMfi2 I HIdPrsProfil12_soll_up
-20 -10 0 10 20 0 0.2 0.4 0.6 0.8 1

Normalized feature value (deviation from mean)
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Smart Factory @ OST

Quality data prediction: results

« Test sets (random data from the trial series that were not used for the development of the models) were

used to test the models by predicting the quality data of the already moulded parts.

test set - weight test set - length test set - width

test set - lip distance

Very good prediction of quality data of NEW components, based only on internal machine data

150.5 76.75 23F
measured measured - measured
o] dicted O dicted D7 A3 @] i
predicte 156.4 OO } predicte | | predicted | .| ) |
g
D 1503} S 7665 3 22|
o 2 ©
2
150.2 [ 76.6 3 215
o= OX measured
O predicted
: : : : 150.1 - - * * 76.55 ; * * ; 2.1 : : ; *
0 10 20 30 40 50 0 10 20 30 40 50 0 10 20 30 40 50 0 10 20 30 40 50
trials trials trials trials
] weight length width | lip distance
STD-Error o 0.009 g 0.017 mm 0.014 mm 0.032 mm
o
CV = ; 0.03 % 0.02 % 0.02 % 1.38 %

. L . . This presentation is teaching material for OST-students.
49 | DiMa - Injection Moulding in a Smart Factory 5 October 2021 Publication or forwarding (PDF, Video, ...), even in part, is only OST

permitted with written permission of the authors.



Smart Factory @ OST

Predictive maintenance: defect non-return valve

Operating principle non-return valve: prevents the melt from flowing back over the screw bars

:> Otherwise no reproducible production is possible; undefined dwell time of the material in the cylinder
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Smart Factory @ OST

Predictive maintenance: trial design

« A well-known anomaly in the injection moulding process is the wear of non-return valve
To simulate this anomaly the ring of a non-return valve was artificially damaged, means notches with different depths

were milled

» 5 test series, part: ice scraper, material: ASA

Trial series 1 — intact non-return valve

Trial series 2 — damaged non-returned valve, notch depth 0,20 mm
Trial series 3 — damaged non-returned valve, notch depth 0,33 mm
Trial series 4 — damaged non-returned valve, notch depth 0,67 mm
Trial series 5 — damaged non-returned valve, notch depth 1,00 mm

 Database

51 DiMa - Injection Moulding in a Smart Factory

Process curves recorded with the DataXplorer

5 October 2021

non-return valve with
machined notches
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Smart Factory @ OST

Predictive maintenance: classification of trial series

« With damaged non-return valves the screw covers significantly longer distances during holding pressure
phase, scattering increases with higher wear - already known in industry

screw position (in ccm) as a function of time Classification of various damages in a non return valve with PCA (first 2 PCs)
T T T ¥ T T

110 j . o
intact ’
100 I(;]:??f & O intact
0.67 o 033
90 1.00 | 02r O 067 |1
0.20 1.00
80 - 1 Y O 020
S 0.1
70 ] i
2
£ 60l . =
g z 0
50 |- ] O
©
-0.1
40 - ] &
0 7 1st PC score seems to be a good indicator for the
20 - injection plasticizing e i depth of the notch
holding pressure gooling ejection Rew 1 | |
10 & | 1 | 1 | | | | - -0.3 : :
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 -0.4 0.3 0.2 -0.1 0 0.1 0.2 0.3
time Samples 1st PC (PVE:42.15%)

The wear of the non-return valve can be clearly detected with the component scores of a PCA -
probably the damage can even be reliably estimated
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Smart Factory @ OST

Predictive maintenance: use of an auto encoder

« Can ML detect these anomalies even before the machine operator and determine the time for a

replacement?

- Results of additional trials with an unhardened non-return valve and high reinforced PPA material:

Auto encoder (neural network Reconstruction error
with different levels) calculation with RMS

features recalculated features

Yes, anomaly can be detected right from the start

53 DiMa - Injection Moulding in a Smart Factory 5 October 2021

Reconstruction error in function of
cycle number
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Smart Factory @ OST

Predictive maintenance: use of an auto encoder

« Can ML detect these anomalies even before the machine operator and determine the time for a
replacement?

- Results of additional trials with an unhardened non-return valve and high reinforced PPA material:

Identification of anomalies Reconstruction error in function of
cycle number

195

191

reconstruction error

85

=
=
e

Reconstruction Error (MSE)

number of cycles

1. minimal screw position = melt cushion
2. variance screw position

002 4

T T T T T T T
1] 1000 2000 3000 4000 5000 BO00
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Reason for anomaly can also be identified by comparing and ranking the reconstruction error of the
used features
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