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Introduction
Motivation

Machine learning and data mining as key enablers

* Accelerate development of novel materials, processes and techniques
» High-throughput identification of dependencies along the process-structure-property performance chain

» Description, prediction and prescription of essential features

Data Analytics
Data Collection Data Mining Data Compression

Process . Macroscale Multiscale _ Pattern
Microstructure . . . Stochastics o
Parameters Simulation Analysis Recognition
Properties Performance Microscale Performance Principle Comp. Uncertainty
P Simulation Prediction Analysis Quantification

Generation of new knowledge / discovery of hidden relationships

Source: Smith, J., Xiong, W., Yan, W., Lin, S., Cheng, P., Kafka, O. L., et al. (2016). Linking process, structure, property, and LEUPHANA he”'i:“éb‘ﬁ
performance for metal-based additive manufacturing: computational approaches with experimental support. Comput. Mech. 57, 583— UNIVERSITAT LUNEBURG
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- Via data-driven solution of nonlinear PDEs: they are fulfilled at sample points
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Introduction
Motivation — Physics and Data Science

> Process parameters > (Micro-)structure > Mechanical properties> Performance >

Physics Data science
Experiments Data analysis
Analytical modeling Feature engineering
Numerical modeling Machine learning
¢ —e | Pro‘s: > | | | Pro‘s:
5 - - Model Explanation Accuracy
' Extrapolation Generality
| Validated |dentify relationships
| |
Con's: Con's:

Amount of data
Physically inconsistent

s Contain simplifications
Need calibration

Or . . . pn
0 02 04 06 High computing cost Explanation difficult
@ lll -Zenti
6 Chinesta, F; Cueto, E.; Abisset-Chavanne, E.; Duval, J.L.; Khaldi, F.E.B. Virtual, Digital and Hybrid Twins: A New Paradigm in Data- '—E}gafﬂﬂﬁaﬂﬁ hereon

Based Engineering and Engineered Data. Arch. Comput. Methods Eng. 2018, 27, 105-134.



Introduction
Motivation — Physics and Data Science

> Process parameters > (Micro-)structure > Mechanical properties> Performance >

Physics Data science
Experiments Physics-based Data analysis
Analytical modeling machine learning Feature engineering

Numerical modeling Machine learning

\ 4

Use physics and data to
» Enhance prediction performance & generality
* Increase data efficiency
* Reduce experimental & computational efforts

* Increase physical consistency
R
LEUPHANA heéreon



Introduction
Hybrid modeling

Combine physics with data

Low-fidelity model
* Physics-based
 Prediction errors

B
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Introduction
Hybrid modeling

Combine physics with data

Low-fidelity model Discrepancy model

* Physics-based
* Prediction errors

Data-driven

Correction of prediction errors
Discrepancy is less complex than
complete problem

Fewer samples required than to map
complete problem

=
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Introduction
Hybrid modeling

Combine physics with data

Low-fidelity model
* Physics-based
 Prediction errors

High-fidelity hybrid model
* Physics-based

» Data-driven

» Low prediction errors

» Good generalization

=

Discrepancy model
Data-driven
Correction of prediction errors
Discrepancy is less complex than
complete problem
Fewer samples required than to map
complete problem

B
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Introduction
Hybrid modeling / Hybrid twin

11

A fundamental equation that governs a hybrid twin describes
the change rate of the system’s state at time ¢ via

X(t; ) = AX, t; 0) + B(X,t) + C(t) + R(t)

with different contributions from

Reality

Physics-based model “The Art of Modelling”
+

The part of the reality that the model ignores “The Ignorance”

4
—Real
- - Model
3 -z Gap
2 L
1 L
R

Chinesta, F; Material forming digital twins: the alliance between physics-based and data-driven models. ESAFORM plenary lecture 2022.

UUUUUUUUUUUUUUUUUUU

eeeeeeeeeeeeeee



Introduction
Hybrid modeling

We focus on two components of a hybrid twin:
- Physics-based model A(X; u)
- Data-driven discrepancy model B(X)

with X as the system’s inputs and as u as the physical model parameters

Where a system’s state Y can be described either via
addition
Y(X;p) = AX; p) + B(X)
or multiplication
Y(X;p) = AX; p) - B(X)
of those two components.

B
LEUPHANA héreon
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Case studies

Overview
Case study 1 Case study 2
Ultimate tensile strength Prediction of residual
prediction for joints made stresses induced by
by Friction Riveting Laser Shock Peening

water layer

plasma
specimen

13

Case study 3
Prediction of layer
geometry deposited via
Friction Surfacing

Case study 4
Prediction of slab
spread forming via
Hot Rolling

B

UUUUUUUUUUUUUUUUUUU

eeeeeeeeeeeeeee



Case studies
Overview

Case study 1
Ultimate tensile strength
prediction for joints made

by Friction Riveting

14
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Case study 1: Introduction
Friction Riveting — a solid state joining process

Process steps and characteristics: Advantages:
- Metallic rivet rotates under axial force - Processing below metal melting temperature
- Frictional heat between rivet and polymeric plate - No pores or hot cracking
- Polymer processed above glass transition/melting temperature - Bonding via mechanical anchoring and adhesion
- Mechanical anchoring via plastized and deformed rivet tip - No need for pre-treatment or post-processing
2 y T 9 T
metallic
| rivet
positioning rivet rotation plastic mechanical
of joining softens deformation anchoring and
partners polymer of rivet consolidation
friction phase forging phase
Source: Pina Cipriano G, Blaga LA, F Dos Santos J, Vilaga P, Amancio-FilhoST. 1 EFLIPHANA CONN o fomn zentrum
° Fundamentals of Force-Controlled Friction Riveting: Part I-Joint Formation and Llu-:nyERg:i!-Lloﬁ?B!EeA @ hereon

Heat Development. Materials, 11(11), 2018.



Case study 1: Methodology
Property prediction via physics-based features

> Process parameters > > Mechanical property >

 Rotation speed Ultimate tensile force(N)

f

Friction force
Friction time
Forging force
Forging time

T-pull teswt setup

Rivet: AA2024-T351
Plate: Polyetherimide (PEI)

Image: Cipriano et al. (2018)

B
16 Publication: Bock, F.; Blaga, L.; Klusemann, B. Mechanical Performance Prediction for Friction Riveting Joints of DissimilarLE[ymgaﬂu'ﬁmEGA hereon
Materials via Machine Learning, Procedia Manufacturing 2020, 47, 615-622.



Case study 1: Methodology
Property prediction via physics-based features

> Process parameters > > Mechanical property >

 Rotation speed Ultimate tensile force(N)

f

Friction force

* Friction time
* Forging force
* Forging time w
T-pull test setup
_ _ Rivet: AA2024-T351
—| Data: experimental & analytical Plate: Polyetherimide (PEI)
Central Composite DOE 9 Replicates mage: Clpriano etal- (2018)
- 5 varying parameters - Constant parameters
- 5 increments « UTF =5041 N — 9304 N
- 36 samples * Oexp = 1373N___— "
. _ significan
- Linear prediction model: catter
R? = 77.9%; o = 1065 N S
@ lllllllll -Zentrut m
17 Publication: Bock, F.; Blaga, L.; Klusemann, B. Mechanical Performance Prediction for Friction Riveting Joints of DiSSimilarLE{\/LEig:&!T_IU&EGA hereon

Materials via Machine Learning, Procedia Manufacturing 2020, 47, 615-622.



Case study 1: Methodology
Property prediction via physics-based features

> Process parameters >> feaI:L'y: Iec:é?r?:eegn g > Mechanical property >
* Rotation speed * Friction energy Ef Ultimate tensile force(N)
* Friction force - Deformation energy Eg4 t
* Friction time Ey=Ef+E4=
.Forg!ngf.orce fM'w-dt+jF'19'dt
* Forging time e resulting e oo w
. resulting torque . rorging rorce _
w: rotational speed J: plunging rate T puII test Setup
_ _ Rivet: AA2024-T351
—| Data: experimental & analytical Plate: Polyetherimide (PEI)
Central Composite DOE 9 Replicates mage: Clpriano etal (2076)
- 5 varying parameters - Constant parameters
- 5 increments « UTF = 5041 N —9304 N
- 36 samples * Oexp = 1373 N Foant
: . ignifica
. Linear prediction model: Slgrc“atter
R? = 77.9%; o = 1065 N S
@ lllllllll -Zentrut m
18 Publication: Bock, F.; Blaga, L.; Klusemann, B. Mechanical Performance Prediction for Friction Riveting Joints of DiSSimilarLE{\/LEig:&!T_IU&EGA hereon

Materials via Machine Learning, Procedia Manufacturing 2020, 47, 615-622.



Case study 1: Methodology
Property prediction via physics-based features

Physics-based Machine learning .
> Process parameters >> feature engineering >> regression >> Mechanical property >

* Rotation speed - Friction energy Ef * Linear regression Ultimate tensile force(N)
* Friction force  Deformation energy E; ° Support vector machines t
» Friction time Ey = E; + Eg = * Decision trees
. - « Random forests
Forgfngff’rce fM.w.dt+fF.19-dt
* Forging time _ , w
M: resulting torque  F: forging force T—puII test setup

w: rotational speed J: plunging rate

Rivet: AA2024-T351

—| Data: experimental & analytical Plate: Polyetherimide (PEI)
. . I : Cipri l. (2018
Central Composite DOE 9 Replicates mage: Clpriano etal. (2016)
- 5 varying parameters - Constant parameters
- 5 increments « UTF =5041 N — 9304 N
- 36 samples * Oexp = 1373N___— "
. _ significan
- Linear prediction model: catter
R? =77.9%; o = 1065 N S
@ lllllllll ~Zentrul m
19 Publication: Bock, F.; Blaga, L.; Klusemann, B. Mechanical Performance Prediction for Friction Riveting Joints of DiSSimilarLE{\/LEig:&!T_IU&EGA hereon

Materials via Machine Learning, Procedia Manufacturing 2020, 47, 615-622.



Case study 1: Results
Input features: process parameters and mechanical energies

B excluding (train) mmm including (train)
B excluding (test) mmm including (test)

2000
100 A

901 1

80 1 N c 1500 -

70 1% 2
2 ool B | s o
£ 50 - -. Z 1000 A
i 40 - .. i 750

20 1

10 1 eaaak 250 120

0- 01X
linear random forest linear random forest
regression  regression regression  regression

Main effect by including mechanical energy:
* R? is increased
* 044 IS reduced

B
Publication: Bock, F.; Blaga, L.; Klusemann, B. Mechanical Performance Prediction for Friction Riveting Joints of DissimilarLE‘yER!::!zluéaﬁeA hereon
Materials via Machine Learning, Procedia Manufacturing 2020, 47, 615-622.



Case study 1: Results

Input features: process parameters and mechanical energies

B excluding (train) mmm including (train)
B excluding (test) mmm including (test)

2000
100 A

901 1

80 1 N c 1500 -

70 1% 2
2 ool B | s o
£ 50 - -. Z 1000 A
i 40 - .. i 750

20 1

10 1 eaaak 250 120

0- 01X
linear random forest linear random forest
regression  regression regression  regression

Main effect by including mechanical energy:
* R? is increased
* 044 IS reduced

Random forest regression (incl. Ey)

/
/’

=
o

(@)}
*

i/ e train
-//. //
L~ Oep + test
2 6 10
true/desired value in kN
Best model: RFR
» Train set: R;,4; = 88.7%,;0 = 428 N

« Test set: R = 91%; G4q = 704 N

N

predicted value in kN

Success

B
Publication: Bock, F.; Blaga, L.; Klusemann, B. Mechanical Performance Prediction for Friction Riveting Joints of DissimilarLE‘yER!::!zluéaﬁeA hereon

Materials via Machine Learning, Procedia Manufacturing 2020, 47, 615-622.



Case study 1: Results
Input features: process parameters and mechanical energies

B excluding (train) mmm including (train)
B excluding (test) mmm including (test)

Random forest regression (incl. Ey)

100 - 2000 > ;
] . 1750 - ~ /
A M o
1, SRR A N S—— .

2 tol & M| o E
£ 504 W Z 1000 A > 61 o/
N g HE < =
I 40 A @ .. < 750 ()

30 1 Sl | & 500 4 O o e .

204 5 5| ./ e train

10 1 ssaaaK m.. 250 1 20 e 2 /’Uexp * test

0 L KXXXRX . o0 1 %020 %% o ',/ . .

linear  random forest linear  random forest 2 6 10
regression  regression regression  regression true/desired value in kN
Main effect by including mechanical energy: Best model: RFR
e P2 ici : = —
R* is increased » Train set: R;,4; = 88.7%,;0 = 428 N
* Ogq IS reduced - Test set: R? = 91%; G,y = 704 N
Benchmark: published linear model is exceeded
Success

e Train set: R?,. = 79.4% _prediction

adj.
- Test set: R> = 77.9%; o = 1065 N ©
Publication: Bock, F.; Blaga, L.; Klusemann, B. Mechanical Performance Prediction for Friction Riveting Joints of DissimilarLE‘yER!::!zluéaﬁeA @ hereon

Materials via Machine Learning, Procedia Manufacturing 2020, 47, 615-622.



Conclusion

- Mechanical energies
- Non-linear set-actual corrective
- Compensate for high uncertainty of
the experimental process and its control

- RFR selected as best model
- Quality control is enabled




Case studies
Overview

24

Case study 2
Prediction of residual
stresses induced by
Laser Shock Peening

plasma
specimen

B
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Case study 2: Introduction

Laser shock peening

Process

-~

\3

~

Process advantages

 Locally induced residual stresses

 Flexible controllability

* Minimal material changes

25

Result

-

N\

plastically deformed material
(compressed area)

plastically undeformecéi

material (p arti ally < IR .

tensioned area)

~

o)
o,
.,
o,
..
o,
o,

~Induced stress distribution ™.,

A

depth of comp. stress

Residual stress

Improving damage tolerance
4 )
@ L~ Stress concentration
| Compressive
@ residual stresses
Compact tension specimen
\_ J
Residual stress fields can
» Slow down crack growth
* Increase fatigue resistance
B






Case study 2: Problem statement
Enhance analytical model via ML to reach FE solution

26

Input:

Pressure pulse

/2000

\

o P
o max:

= 15001,

n

1000

500

pressure pulse

8o

/’

0.5 1.0 1.5

. . . _‘,I'
timeins - 10 J

Input:

Pressure pulse

/" 2000

~\

o] Pmax

=
w
o
o

o
-

r'y

—
A
ST

A

1000+

5001

pressure pulse in MP

A\ J

e

0.5 1.0 , 1.5
timeins - 10 Y,

Low fidelity semi-analytical model

-

(i)

Output: Residual stress

High-fidelity finite element model

-

.

Peening patch

finite elements

fixed boundary conditions

(" 100 )
&
= 0 o
£ .
2 =100 .
v °
2 -200 .
©
> @
° a
§ -300 0
covess Semi-analytical solution
%1 3 3 a
\_ depth in mm )

Output: Residual stress

4 A
100
e
= 0
=
9 —100
v
2 _200
(1]
S
©
'g =300
= —— High-fidelity FE solution
—-400 r - r -
0 1 2 3 4
\_ depth in mm Y,

UNIVERSITAT LUNEBURG

B
Publication: Bock, F.; Keller, S.; Huber, N.; Klusemann, B. Hybrid Modelling by Machine Learning Corrections of Analytical LEUPHANA

Model Predictions towards High-Fidelity Simulation Solutions, Materials 2021, 14 (8), 1883.
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Case study 2: Methodology
Hybrid modeling of residual stresses induced by laser shock peening

> Process parameters >> >> >> Mechanical property >

* Max. pressure « Dimensionless inputs « ANN as regressor Residual stress distribution
* Time of max. pressure  « Dimensionless outputs  « Data split: 80/10/10
* Pulse duration - Semi-analytical model

Physics-based

Machine learning
features & model

correction

Low-fidelity model

ANN correction

High-fidelity solution

2000 100 100
o Brax & 0 o 0 g 0
= | t / = o* = 1
2 15001 "/, € . < <
9 < / tu > @ —100 o # —100 # —100
2 1000 L 1997, \ 5 S + 5 . b=
o 2Pmax ] v — =200 ° — —2001 . — —200
— ] L [1+] (1]
2 3 o 3 -
g 500 E —300 .. g —300 .. High-fidelity FE solution @ -300 — High-fidelity FE solution
e - sonet” Semi-analytical solution - casaet’ e Semi-analytical solution 400 » Hybrid model solution
%o o5 1o 15 00T 3 a %1 2 3 a o 1 3 3 4
timeins - 1077 depth in mm depth in mm depth in mm
v physics-based v data-driven v' data-driven
« high error v" reducing error v" physics-based
v low prediction error

27 Publication: Bock, F.; Keller, S.; Huber, N.; Klusemann, B. Hybrid Modelling by Machine Learning Corrections of Analytical LEUPHANA

UNIVERSITAT LUNEBURG

Model Predictions towards High-Fidelity Simulation Solutions, Materials 2021, 14 (8), 1883.
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Case study 2: Methodology
Dimensionality analysis

= Perform dimensionality reduction based on the Buckingham-][[Theorem

* Goal:Find minimum numberofdimensionless parameters [[to describe the problem

(Generalfunction ofphysicalquantities af\

f(aj,a;,..,ay) =0

f(...) only functional relationship and

f(...) independent of particular physical units

Dimensionless formulation

F(Hl, Hz, ey Hn_m) =0

n = number of physical quantities

(’n = rank of dimensionality matrix

28

»

g 5-steps to find o
relevant variables
R1 Target variable
R2 Geometry variable
R3 Process variable
R4 Material variable
R5 Constants
\_ J
B
LEUPHANA
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Case study 2: Methodology
Dimensionality analysis

' g; tf tf Il E Rna:c
o =q(E.p. A ... P tr.tir.t I, = T = - Ty = 10, =t ——— 11 = .
1 g (\ s 25 Apeens L'maxs U1 V1T, II{,) 1 P 2 t,’ 3 - 4 111 b A 5 £

A
. Y Y
Residual Ma teria Pressure pulse ‘

Stresses parameters parameters M, = ¢* (Thy, Ty, T, TT5)
Anticipated
function
. ™
Unit | o; Jqpe.en Pho: | E ‘ P tr |t | T o; ( tr trrg E Pmat)
N |1 0 I [T 1 1]0]o0o]oO =9 | 7t ——
P.'na.;r t t - A een E
mm | =21 2 | —2 [=2 —4 0] 0] 0 S p
S 0 0 0 0 2 1] 1 1
rank3 Dimensionless parameters ©
Numberofdimensionless parameters:

n—-m=8—-3=5
\. / &
Publication: Bock, F.; Keller, S.; Huber, N.; Klusemann, B. Hybrid Modelling by Machine Learning Corrections of Analytical L'J:N[ymgiﬂo@uGA hereon

29
Model Predictions towards High-Fidelity Simulation Solutions, Materials 2021, 14 (8), 1883.




Case study 2: Methodology
Dimensionless inputs & outputs for correction task

Dim ensionless outp ut (tj tir [ E pmm)
III ;
. G’TILI,] —|_ ZO'y tII tII Q- Apeen. EJ‘

Y .=
UFE,]' + 20y 1
Dim ensionless mput
ol 420, 0.+ 20 ol + 20, tit ot - E 2
i ana,l ¥ Yana,2 Y ana,47 y ot I11 i max
X = P1 , pi P pi , T ; ,EITT ) -
max max max tI I tI I Y peen
\ Yy
1 ANN correction
100
£ Point-wise
Complete stress = .
o , 2 —100 prediction
distribution over 4 '
@ 200 | - smooth curve!
de p th = »* t Correction factor
© —300 S High-fidelity FE solution
= cetes?t o Semi-analytical solution
-400

0 1 2 3 4

depth in mm @
30  Publication: Bock, F.; Keller, S.; Huber, N.; Klusemann, B. Hybrid Modelling by Machine Learning Corrections of Analytical LE}’@QHUQB%A hereon
Model Predictions towards High-Fidelity Simulation Solutions, Materials 2021, 14 (8), 1883.



Case study 2: Methodology
Data preparation, preprocessing and ANN implementation

Dimensionless input ANN-Implementation Dimensionless output

yi.— 0—([7}151,]' + ZUH
| 20y

wio wik+1)

YLV}

i i i
Xi ,: { Uana,l + 2%’ Uana,Z + 2%’ Uana,47 + 20—?/

- , - -
PTEI’IIZX PTEI’IIZX PTEI’IIIX
tr' trr - E  Pux J
e ;7 7 7 :
t111 fI]I Q- Apeen E 47 \./
Inputs 1% hidden kt hidden Output
layer layer

Advantages of dimensionless inputs and outputs (via dimensionality analysis)
 Predictions of wider range of physical parameters than that used for training possible

* Reduction of prediction scatter + inaccuracies
Process parameter space

—— Data: analytical & numerical \
82 samples pairs (Pulse> Stress)[from both models] Puax in MPa Z1inns ¢y in ns
- : - . : Min. 800 12 43
Since point-wise prediction for 47 depth steps: Moo 2900 o 500
- Atotal of 82 x 47 = 3854 patterns are available for ANN

" v @
31 Publication: Bock, F.; Keller, S.; Huber, N.; Klusemann, B. Hybrid Modelling by Machine Learning Corrections of Analytical LEyERg;!_LIUQBEGA @ hereon
Model Predictions towards High-Fidelity Simulation Solutions, Materials 2021, 14 (8), 1883.



Case study 2: Results
Residual stress predictions

test sample 1 test sample 2 test sample 3
100 100 100
100
© © 0 © 0 © 01
= 0 5 S s
3 < 100 £ _100] = —1001
2 g i g
5 T —200- T —200] T —200]
g 3 3 S .
© —200] " f i e o * S
a training = 3001 High-fidelity FE = _300- —— High-fidelity FE —3001 . — nghjfldelltyl FE
s validation e Semi-analytical ¢ Semi-analytical .' ¢ Semi-analytical
] + testing e Hybrid model » Hybrid model corstttot? Hybrid model
—3001_ . . ‘ | —400%, ‘ - ‘ . —400% : : : ; —400% 1 3 3 A
_ — — 0 1 2 3 4 0 1 2 3 4 .
300 truz,?doesiredl\?aolue in%ﬂPa +00 depth in mm depth in mm depth in mm
Residual Stresses Main observations

Data Set R2in % MSE in MPa? * No overfitting

Training 99.90 433 » Excellent performance measures

Validation 99.86 7.38 .y .

Test 9915 28.63 * Very good agreement between corrected prediction and desired

solution

Helmholtz-Zentrum

&
52 Publication: Bock, F.; Keller, S.; Huber, N.; Klusemann, B. Hybrid Modelling by Machine Learning Corrections of Analytical LEUPHANA hereon
Model Predictions towards High-Fidelity Simulation Solutions, Materials 2021, 14 (8), 1883.



Case study 2: Benchmark
Hybrid vs. data-driven model

-

Model differences

Hybrid model

+ 20,
) : y
Input: Analytical stress Tana,

l
Pmax

Output: Correction factor Ogia,j T 20y

Opg,; + 20y

Input: Pressure pulse X

direct *

i o
Ydirect T {

P max

Data-driven ANN {

Output: High-fidelity stress Org,; + 20y

\_

Ty

}

)
|
g

N

J

33

»

Publication: Bock, F.; Keller, S.; Huber, N.; Klusemann, B. Hybrid Modelling by Machine Learning Corrections of Analytical
Model Predictions towards High-Fidelity Simulation Solutions, Materials 2021, 14 (8), 1883.

Anything else remained identical
(e.g. ANN hyper-parameters etc.)

B
LEUPHANA

UNIVERSITAT LUNEBURG
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Case study 2: Results
Benchmark: Predictions via hybrid vs. data-driven model

34

hybrid model
100
&
= 01
£
)
=
S —1001
O
@
kS
D —200- "
i training
a validation
—3001 + testing
-300 —200 —100 0 100
true/desired value in MPa
Hybrid Model Data-Driven ANN
R%in % R? in %
99.90 99.86
Validation 99.86 99.76
99.15 95.89

100

—100/

—2001

—300+

data-driven ANN

e training

a validation

+ testing
-300 -200 —100 0 100

true/desired value

Main observations

Both models are well trained
Data-driven model: slightly reduced generalization
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Case study 2: Results
Expanded process parameter space
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e train-/val-/test sets e train-/val-/test sets - e train-/val-/test sets
© X expanded parameter space © x expanded parameter space o121 «x expanded parameter space
% 2500 % 2500+ ‘;‘
c x X x X % c x ¥ X “ 1.0 x
-a ® o.o. e X o . % W -a x :o.'. omX . b c
52000~ X x 8 X0« 520001 % ¢ °* & ° x £ .81
0 o ° ® o w,* @ %
2 R R g PO N I 8 .
5 xe . ° X ol x » o 5 0.6 ¢
£ 1500 e f%e o .o « £ 1500 %c00ge®h® o0 | o x » ®ee o
2 . e N : Cone XX
L]
5 ,g.ox. co 2%, £ X Xy e % “604 ..0..0:“."- .'J‘
g 1000 o ° ® g 10001 x e 9 0 . -C' g o“. . °
* X u° * u WX o ® o X £ 0," x"..g&x." *
- x
b 3
0.0 x x’& g x
50 ‘ ‘ - - - - 500 - - - - - ‘ - - - - - :
%.0 05 10 15 20 25 3.0 35 00 02 04 06 08 1.0 1.2 0.0 05 1.0 15 2.0 25 3.0 35
pulse duration in sx1077 time of max pressure insx1077 pulse duration in sx 1077
. N . é N
P10y in MPa t;in ns t;r in ns Remalnlng within
Training, validation, test |/ o p o range of correction factors
Max. 2200 66 300 g
Min. 800 1 43 0.5090-1.1189
Expanded parameter space Max. 2400 100 306 ! [ JUC - ] )

B
Publication: Bock, F.; Keller, S.; Huber, N.; Klusemann, B. Hybrid Modelling by Machine Learning Corrections of Analytical LESJER!::!_LIUQBE@A hereon
Model Predictions towards High-Fidelity Simulation Solutions, Materials 2021, 14 (8), 1883.



Case study 2: Results
Benchmark: Physical extrapolation via hybrid vs. data-driven model

hybrid model data-driven ANN
200+ 200+
o 100 1001
o
= 01
k= 0+
S ~100
© 100
E expanded =200 expanded
Q=200 parameter parameter
@ space =300 space
2 _3001 e training 400 e training
a validation s validation
—400- + testing + testing
—400 -300-200-100 0 100 200 —400 —300—200-100 0 100 200
true/desired value in MPa true/desired value in MPa
Hybrid Model Data-Driven ANN Main observations
Data Set R?in % R? in % }
- .
Training 5950 -~ Hybrid model: Very good performance
Validation 99.86 99.76 = Data-driven: inferior generalization
Test 99.15 95.89
Expanded space 99.39 65.00

&
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Model Predictions towards High-Fidelity Simulation Solutions, Materials 2021, 14 (8), 1883.



Case study 2: Results
Benchmark: Data reduction study

2400 performance on test data set performance on expanded parameter-space data set
NG o e data-driven ANN VI YU Vel data-driven ANN
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- 1800 c
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3 1200 v
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(split ratio for training, validation and test set: 80/10/10) (split ratio for training, validation and test set: 80/10/10)
Main observations Main observation
* Lower MSE for hybrid model below 60 % » Lower MSE for hybrid model throughout

» Greatest MSE difference at 20 % (13/1/1)
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Case study 2: Further Problem statement
Residual stress determination 7

38

lllumination Beam
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Assumptions in hole drilling method: , |

Maximum hole depth is half of the hole diameter

Drill

At the scale of measurement, the specimen is essentially infinitely thick

Spatial in-plane residual stresses are uniform within the area of 3 hole diameter

All deformations are linearly elastic
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lllumination Beam Camera

Case study 2: Further Problem statement ——-
Residual stress determination 7 Aas

Assumptions in hole drilling method:

Maximum hole depth is half of the hole diameter

Drill

At the scale of measurement, the specimen is essentially infinitely thick

Spatial in-plane residual stresses are uniform within the area of 3 hole diameter

All deformations are linearly elastic

Actual

50
- "‘
T100F RS-profile ' ¢
B
l"

=150}
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Case study 2: Residual stress determination
Stress Correction Methodology

-250
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1.0

5080
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Pattern generation using FE simulations

-250 ¢

h

—>005 05 1.0
oy — simulation via Integral method

N

Oim,10 1 20yie1a

E-10-2

A5

=

Q9 a9 999 Q9

* * * * % * * *

Q

IM,9

2-Zayield

0

=250 g

=500

05

0.0 1.0

Network
training

JIM,i + zayield
0'PD,i ar Zayield

O meas — Measured stress

o 0
=230, Omeas
............. h
—5087 05 1.0

Trained network

-250,_

Application of Network to experimental data

50

O cor — correction via Network

Engineering Design, 52(3):137-151, 2017.

Publication: S. Chupakhin, N. Kashaev, B. Klusemann, and N. Huber. Artificial neural network for correction of effects of
plasticity in equibiaxial residual stress profiles measured by hole drilling. The Journal of Strain Analysis for
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Case study 2: Residual stress determination
Stress Correction Methodology

Input
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Stress profile via
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Case study 2: Residual stress determination
Stress Correction Methodology

Material
parameters
g 010%
Corrected
Oyield Trained Neural stress profile
. Network 0
E La'yliftd
10 A
Measured gjﬁﬁﬁl ____ % -250
stress profile s s e N
0 e
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E —250; s
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Case study 2: Residual stress determination
Results Stress Correction Methodology

1.2 . ! .
o o FErp:A :
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Case studies
Overview

Case study 3
Prediction of layer
geometry deposited via
Friction Surfacing
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Case study 3: Introduction
MA.D.AM - Modelling Assisted Solid State Materials Development and Additive Manufacturing

Container

Die Die Holder

Axial Force

[\

Rotation

Extrusion

Billet/Chips

[ Friction
Extrusion

Rotational speed
direction

Feeding rate

direction
Deposition ﬂ Rod flash

/

process’ d | Micro
SUTELGT I machine learnin "

Novel value-added

wire materials and AM parts ©










Case study 3: Introduction
Friction surfacing process
B C D

S Ubstrate

Advantages Process parameters
« Deposition of dissimilar and non-fusion weldable materials Axial force F

- Fine-grained recrystallized microstructure Rotation speed w

» Low requirements for the process environment Travel speed v

Environmentally friendly (‘green’ process)
Low heat input

46



Case study 3: Problem statement
Discrepancy between numerical and experimental results

Experimental Numerical SPH model
measurements

axial force

l rotation

d
|depositi0n layer | S

Substrate
movement

Smoothed Particle
Hydrodynamics

Publication: erc @ heFeoﬁ






Case study 3: Problem statement
Discrepancy between numerical and experimental results

Experimental Numerical SPH model Discrepancies of prediction targets
measurements
- e » Simulation 4 Experiment = Simulation 4 Experiment
£ £
) e
l rotation § 25 E 25 1 — e .
— speed S 20 g 20
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[dep ver s s 5 !
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Case study 3: Methodology
Hybrid modeling of layer deposit geometry

Physics-based Machine learning -
> Process parameters >> features & model >> correction >> Structural properties >

* Axial force  Dimensionless inputs « ANN as regressor * Deposit thickness
* Rotation speed - Dimensionless outputs  « Leave-One-Out-Cross- ¢ Deposit width
* Travel speed » Numerical model (SPH)  Validation (LOOCV)
Parameter visualization High-fidelity solution ANN correction Experimental solution
(SPH model) : co c:
| rotation speed | — c c 2o l l ce
X 5°1 | 4 Correction 4—‘.. R .
= . c Numerical model < | » Experiments
~ Numerical model = * Experiments < = os 4 Hybrid model
Widthinmm T Widthinmm S Widthin mm
v physics-based v data-driven v data-driven
N : ' '
= *high error ” reducing error j physics-based

low prediction error
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Case study 3: Methodology
Data preparation, preprocessing and ANN implementation

Dimensionless input ANN-Implementation Dimensionless output
tsﬁm

v (i)
Y — Wsim

(Wezp)

wk wik+1)

X - ( M WQ : M . Tmﬂz Uer Ww- tsim ks " tsim 'Ucr)

3 3 y y 3
F-teim Vg + ks W« tsim Ver F -Thaz -V U

= 3 ) 3 3 3
F - Waim Vg - ks W Waim Vtr F - Thez - Ve Vsr

Inputs 15t hidden k" hidden Qutput
layer layer

Deposition Thickness Distribution: S38_1150_TS767_1833789349

—— Data: numerical & experimental \ o g .. Inges
25 samples pairs (Process > Geometry) ; g mm
Point-wise prediction for 20 length steps: > ° 1 8

: - L6
-~ 25 x 20 = 500 patterns available for ANN W T i

\ y i‘\él-—l(l

Materials: Substate: AA7050 T7451 (t=10mm) 6 . - ~ ~ - = = —— s
Backing: AA7050 T7451 (t= 8mm) Cwmky - s AR
Stud: AA5083 H112 (d=20mm) (e train S
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Case study 3: Results
Geometry predictions
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Case study 3: Results
Geometry predictions
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Case study 3: Results
Geometry predictions

Discrepency models:
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Case study 3: Results
Geometry predictions

Discrepency models:
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54 Publication: Bock, F.; Kallien, Z.; Huber, N.; Klusemann, B. Data-driven and physics-based modeling of process behavior and
deposit geometry for friction surfacing, Computer Methods in Applied Mechanics and Engineering, vol. 418, no. 5, p. 116453, 2024.
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Case study 3: Results
Geometry predictions

Discrepency models
_Correction factor

1.8 1

1.6 1

prediction

2.0

1.8 1

prediction

1.2

55

1.4

124

e train P

+ test
== 45-degree line

1.6 1

S MARE,qin = 0.64 %
¥
,/, MAREteSt = 2.77 %
0.4 076 0?8 lt() 172 1.‘4 le 178 2.0
truth
Correction factor
e train ,’
#  test e
== 45-degree line e
MARE;, 4, = 0.13 %
’
,//, MAREteSt = 1.15 %
1.0 1:2 1:4 1:6 1.‘3 2.0
truth

Publication: Bock, F.; Kallien, Z.; Huber, N.; Klusemann, B. Data-driven and physics-based modeling of process behavior and
deposit geometry for friction surfacing, Computer Methods in Applied Mechanics and Engineering, vol. 418, no. 5, p. 116453, 2024.

3.0

Hybrid models:
Thickness in mm

2.8 1

2.6 1

2.4 4

2.2 1

2.0 1

prediction

1.8

1.6 1

144

e train ’
+ test R
== 45-degree line ’

A MARE g = 0.56 %
Ve

21

v MAREes; = 2.70 %
vd

14 16 18 20 22 24 26 28 3.0

truth
Width in mm

20 A

19 A

181

17 4

prediction

16

154

14

/

e train ’
+ test /
== 45-degree line ’

L MARE, g, = 0.12 %
A MARE,pg; = 1.10 %

14

1‘5 1‘6 1‘7 1‘8 19 20 21

truth

Benchmark against
data-driven models:

Th

ickness in mm

3.0

]
+

2.8

Predicted Values
N N N
N I o

N
o

=
=]
S

train i
test s
’
’
A
’
’
’
/
’
’
v
’
’
* & ,l
. //..
* //
’
’
)
;/ +
L= 0,
< MARE g = 4.17 %
MARE,ps; = 4.79 %

1.8

20 22 24 26 28 3.0
Experimental Thickness Values

Width in mm

20

.
+

= = =
~ ® ©

Predicted Width Values

)
(=)}

e

4
7

15

train ,’
test ',’
v
‘t
+ .
o’
LIRS
4
4
’
e
+ I::
4
S
X
’
s,
S
7
7 MARE,,4in = 0.80 %
MAREteSt = 2.39 %

15

16 17 18 19 20
Experimental Width Values

XAl of hybrid models

via SHAP values

Torque
Ftsim
ks * tsim P
F-T-TS
RS - tsim
TS
RS?-Torque:T
TS+ ks
ver
TS
Ver
RS - tsim

-1

0

1

High

Feature value

Low

SHAP value (impact on model output)

Torque o

F*Wsim

RS?-Torque:T
TS« ks

Ver

RS * Wy,

RS- Wsim
TS

ks - Wsim

F-T-TS

Yer

TS

N 4

High

Feature value

Low

Helmholtz-Zentrum

hereon



Case studies
Overview

56

Case study 4
Prediction of slab
spread forming via
Hot Rolling

strip




Case study 4: Introduction
Hot rolling of steel strip profiles

Target of interest:
Lateral flow (i.e. spread)
AW == Wl - WO

Material parameters Process parameters
Initial height h, Radius R
Initial width W, Roller distance h,

eeeeeeeeeeeeeee

“An analytical predictor machine learning corrector scheme for modeling lateral flow in hot strip rolling”

Publication: A.Hashemzadeh, F.E. Bock, C. Hol, K. Schutte, A. Cometa, C. Soyarslan, B. Klusemann and T.v.d. Boogaard, U N IVERS ITY -g: @;
97 in Materials Reseach Proceedings, vol. 54, pp. 2002-2011, 2025. 0 F TWE NTE,



Case study 4: Problem statement

Enhance analytical model via ML to reach FE solution

Analytical model is based on
= Empirical correlations

= Analytical derivations

= Simplifying assumptions
—> Fast but inaccurate

- Widely used by industry

roller _./

Numerical model is based on
» Heat transfer modes

= 3D deformation

» Thermo-mechanical coupling
= Contact and friction

Tselikov’s analytical model "2
AW = W, — W,

2(3 (S 2 1
= VRO — — ) [ (1 —¢€,)° log — €, + 1.5¢,2
€2 ( 2,}}) [( en)” log (l—eh) € + L.O€ ]

1 Z. Wusatowski, Fundamentals of rolling, 1969.
2Vladimir B. Ginzburg, High-Quality Steel Rolling, Marcel Dekker, 1993.

- Accurate but slow

UNIVERSITY
OF TWENTE. @ h



Case study 4: Methodology & results
Hybrid modeling of spread caused by hot rolling

Process & material Physics-based Machine learning :
> parameters >> features & model >> correction >> Mechanical property >

* Initial height « Dimensionless inputs « ANN as regressor Spread AW =Ww; —W,
* Initial width - Dimensionless outputs  « Data split: 80/10/10
* Distance btw. rollers « Analytical Tselikov model « 128 samples
Low-fidelity solution ANN correction High-fidelity solution
e Tselikov model e Tselikov model — FE 4 Correction —— FE = Hybrid model
£10- 210~
+ = ==
= = -
I 1 | 0’ 1 1 1 0* 1 1 I
2 4 6 8 0 2 4 6 8 0 2 4 6 8
Ypred X Wl,Tselikov - WO [mm} Ypred X Wl,Tselikov - WO [mm] Ypred X Wl,Tselikov - WO [mm]
v physics-based v data-driven v data-drivenphysics-
* high error ' reducing error 7 based

low prediction error
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Case study 4: Methodology
Data preparation, preprocessing and ANN implementation

Geometrical process parameters: W,, hy, R, hy

Dimensionless inputs: Dimensionless output: Data sampling
. . . . Sobol
. . : } Wt ht ht . W Samples: 128, CD: 0.0001
' = (], 25,78} = { = 79 o Ypred = § T s
ho R hg Wi a L
Value ranges: x; € [1,5],x, € [0.1,0.25],x3 € (0.5,1)
~—— Data: analytical & numerical N

Data split

80/10/10 (train/validation/test sets) 128 samples with

R =200 mm (fixed)

Uniform inclusion of the input feature ranges via stratification
- Per input feature x; fori = 1,2,3

L J
Publication: A.Hashemzadeh, F.E. Bock, C. Hol, K. Schutte, A. Cometa, C. Soyarslan, B. Klusemann and T.v.d. Boogaard, U N IVERS ITY
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Case study 4: Results
Predicion performance for spread

a) Training and validation loss

Training Loss Validation Loss
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31074
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107 I I |
0 1000 2000 3000

11 stratification
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0 1000 2000
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1074
10724
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21074
107>
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0 500 1000 1500
Epochs

x5 stratification
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Case study 4: Results
Predicion performance for spread

Ty stratification 11 stratification

x5 stratification
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b) Prediction vs. true values

Train A Validation . Test

1.00
2 0.98
.8 0.96
(]
Z 002 ]
(o

0.90

(R?, MSE) Train: 0.997, 1.03e-06
(R2, MSE) Val: 0.998, 1.03e-06

(R?, MSE) Test: 0.999, 5.12e-07
l I T

,, 0.98
50.96-

£0.92+
A
0.90

, MSE) Train: 0.998, 6.94e-07
(R2, MSE) Val: 0.998, 3.51¢-07
(R?, MSE) Test: 0.999, 5.75e-07

_0.98-
50.96-
£0.94-
£0.92-

0.90~

(R?, MSE) Train: 0.999, 3.03¢-07
(R2, MSE) Val: 0.998, 1.53¢-07
(R2, MSE) Test: 0.992, 3.74c-06

0.00 0.92 0.04 0.96 0.93 1.00
True Values

“An analytical predictor machine learning corrector scheme for modeling lateral flow in hot strip rolling”

in Materials Reseach Proceedings, vol. 54, pp. 2002-2011, 2025.

UNIVERSITY
OF TWENTE.

Helmholtz-Zentrum

hereon



Case study 4: Results
Predicion performance for spread

Ty stratification 11 stratification

x5 stratification
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c¢) Network spread correction

Hybrid model ¢  Tselikov model

FE

0+ : ‘ ‘
0 2 4 6
Ypred X Wl,Tselikov - WO [mm]
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ANN correction

Summary 0
s 0
E ~100
= = . E—ZOO-
Demonstrated benefits of hybrid modeling e ] A Comection factor
BT L T cemianaiytcal soution
- Enhanced prediction performances based on physics-based model _ago SRy
depth in mm
- Excellent agreement between hybrid predictions and targets 30T

N
o
L

. Physical extrapolation can be enabled in combination with dimensionless
inputs & outputs

SPH Model
® Experiments
A Hybrid Model

=
o
:

Thickness in mm
=
6,
| | | ﬁT“‘--| | |

. Data-efficiency of correction models is empowerd by exploitation of oo I————— 2.’0
physics-based models o e il“k"‘”‘ .
Hybrid model ¢ Tselikov model —— [FE
—->Hybrid modeling outperforms data-driven modeling in scarce data =10

settings s /
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