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Introduction
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 FEA modelling for predictive purposes;

« Material behaviour is generally made using
differential constitutive equations;

Explicit Differential Black-box
formulation formulation formulation
X
t
Z(t) = H(x,t) Z(t) = G(Y,x,t) l
dY . Zin i : Z
/ E = F(Zianf X, t) Wlth Y(tO) = YO —> BIaCk'bOX i_’
Observed/measurable i Model

_____________________

variables
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« Material behaviour is generally made using
differential constitutive equations;

* These models are constrained by their

mathematical formulation:;
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Introduction > \'/‘
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« Material behaviour is generally made using
differential constitutive equations;

« These models are constrained by their
mathematical formulation;

* These models require painful calibration;

(even using dedicated software)

Known Unknown Solutiong,

« Geometry

* Boundary conditions

« Material properties
parameters

» displacements
+ Strains
« /Stresses

Direct
Problem

________________________________________________________________________

* Geometry
« Boundary conditions
+ Displacemen

+ Material properties/ |
parameters | ?
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« Material behaviour is generally made using
differential constitutive equations;

« These models are constrained by their
mathematical formulation;

* These models require painful calibration;

Challenges for successful (precise) modelling?




Introduction: success of the material modelling
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* Introduction
* Success of the material modelling

= Vad
O =g = [

Quality/quantity of the reference Inverse methodology Constitutive model Success
(observ. experimental) (calibration process) (formulation)




Introduction: can Al approaches contribute?
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x@J x (]

Quality/quantity of the reference Inverse methodology Constitutive model Success
(observ. experimental) (calibration process) (formulation)

Challenges for Al in material modelling?




Opportunities of ML in material modelling t\'/‘
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Parameter Fully implicit ML Constitutive model
identification material model corrector
create the inverse model ML fully replaces analytical enhancing known knowledge
models

e ds
F—;
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Opportunities of ML in material modelling
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e Parameter identification: create the inverse model

Direct Problem Inverse Problem

Known:

{ Stresses o(t, x, y)

Strains £(t,x,y) Material Parameters [P]

Stresses o(t,x, V)

[Displacements u(t,x,y)

Goal:
Material Parameters [P]

1 1
1 1
| |
1 1
1 1
1 1
! Known: o ) Geometry 8 :
: Geometry %F\ Boundary Conditions - 1
| Boundary Conditions Displacements u(t,x, y) :
&
: Material Parameters [P] ,,i Strains £(t, x, y)from DIC |
} v
: Solution: FEA simulation 3 £y Solution: ML model as inverse model :
: i O/ AN !
1 o, N
1 p .
! P SO0 .
]
: = O .
: Direct Inverse :
1 Problem Problem 1
1
1
! v :
1
| Unknown: Tl :
| .
1 1
1 1
1 1
1 1
' :
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Opportunities of ML in material modelling
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* Fully implicit ML material model: ML fully replaces analytical models

Information concerning the material behaviour

MODEL DISCRETIZATION

VISUALIZATION OF RESULTS

Simulation
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Opportunities of ML in material modelling t\'/‘
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e Constitutive model corrector: enhancing known knowledge

&
&
%)

____________________

correction by previous
decomposition
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Data-driven material model
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Fully implicit ML material model:

nalytical models?




ML fully replaces analytical models

Boundary conditions |

Geometry description

This project has received funding from the Research Fund for Coal and Steel under grant agreement No 888153

Numerical

Non-constrained by their
mathematical formulation

Information concerning the nonlinear

material behavior at
iTrainning

a continuum scale
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Material models: are data-driven models the solution? av\'/‘
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Hybrid models
Flexibility dealing larger volumes of information

Hybrid models enhance/correct well-known existing Implicit models

models Neural networks partially/fully replace the material
constitutive model

Predictions directly from data; no prior assumptions

on yield criteria, hardening law, etc.
o = E(et — ")

()

—xI-R
LSS

e(t—1)

X:H.QVI’_D.Xl'SUpl

R = h-|€"P| —d - RI£"’| ANNs provide a radically different approach to the field:
* powerful function approximators F (t - 1) O
= implicitly learn constitutive relations from data
* no assumptions on mathematical formulation
» fast computation times
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ANNSs: main issues in material modelling
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Interpretability:
 ANNSs are black-boxes:

* How does the model arrive at such predictions?
What’s the relationship between the inputs and outputs?
* Does this relationship hold on a physical sense?

Wide solution space:
* Large number of possible solutions
* Spurious predictions that do not comply with fundamental physical laws

ANN and other ML models are hungry for data:
* Alarge set of data is generally required for a precise training

ANN are made for labelling data training:
 However, the output of a model is not an observable feature

This project has received funding from the Research Fund for Coal and Steel under grant agreement No 888153



ANNs — main issues in material modelling
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* The vast majority of the approaches documented in the literature for implicit (data-
driven) constitutive modelling consists of feeding the ANN with paired data (usually, stress
and strain) during the training process in order to assimilate the material behavior.




Feeding the ANN with paired labelled data av\'/‘
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Stress Back
o Stress rate
X
Back ——————
Stress
X Drag

Stress rate

R

Drag
Stress

R

mmmmmmm

Viscoplastic
Strain rate

g"P

Viscoplastic
Strain
g’P

et =4+0.025 -~
e = Simple ANN
- = Analytical Chaboche




ANNs — main issues in material modelling
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* The vast majority of the approaches documented in the literature for implicit (data-
driven) constitutive modelling consists of feeding the ANN with paired data (usually, stress
tosthe material behavior.




ANNs — main issues in material modelling

The vast majority of the approaches for implicit (data-driven)
constitutive modelling consists of feeding the ANN with
paired data (usually, stress and strain) duLings&==yraining

process in order to assimilaf( c'?:“"?\“ qr.

The process requires copious amounts of data, and
obtaining comprehensive stress-strain relationships
while relying on the standard simple mechanical
tests poses a great challenge.

Qutput
layer k

Hidden
layers

DIC technique can provide large amount of data,
however, stress is not provided (the output of

labelled data).
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Implicit data-driven constitutive modelling
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Direct training = Indirect training | _ s
i

* Common approach in the literature Not widely used

e Data numerically generated * Numeric or full-field data

Relies only on measurable data
(e.g., displacements, global force)

 Labelled data pairs (stress-strain)

* Easy to train with a ground-truth
value * Variable to predict is indirectly
obtained from measurable or

* Variables not always obtainable in a intermediate variables

real experimental setting
* Harder to train

This project has received funding from the Research Fund for Coal and Steel under grant agreement No 888153



Solution: learning from Material testing 2.0

ANN
modelling

technologl\ -‘

Ev u- .
.
- s

Material
Testing
2.0 |

Id’);‘ tification
echnology
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Implicit data-driven constitutive modelling
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\_

Experimental /

R. Lourenco et al. An indirect training approach for implicit constitutive modelling using recurrent K Simulation /

neural networks and the virtual fields method, Computer Methods in Applied Mechanics and
Engineering,, 425:116961, 2024,, https://doi.org/10.1016/j.cma.2024.116961.
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Learning curves

Learning from a single test (with multiple loads)
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Learning curves

MPa? |
10%

102 |
10! |

100 |

(a) the Dir-RNN model and
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Early-stopping —— Train loss |
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train loss: 1.3183
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(b) the Ind-RNN model based on the VFM
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Implicit data-driven constitutive modelling > "
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Abaqus Dir-RNN Abs. error Mean: 0.525
0xx [MPa] 0z [MPa] 00xx [MPa] Median: 0.441
R esu l ts 362.732 3.020 Max. 3.02
303.801 2.686 Min.: 0.007
. mm 244.870 2351
u X 1 5 185.939 2,016
127.008 r 1.681
u,. 15 mm 68.077 1.346
y 9.146 L1011
last stage 2=
-108.716 I
-167.647 B
Abaqus Dir-RNN Abs. error (Mean: 054 |
Cyy [MEe] gy [MPa] 8ayy [MPa] Median: 0.436
362.732 8.522 Max.: 3522
303.801 3.131 Min.: 0.007
244.870 2.741
185939 2350
127.008 1.960
68.077 1.569
%40 1179
-49.785 s
-108.716 o
-167.647 0007
Abaqus Dir-RNN Abs. error Mean: 0452 |
Tyy [MPa] Txy [MPa] 0Txy [MPa] Median: 0371
132152 4163 Max: 4.163
101.384 3.700 »Mln.: 0.002
70.615 3.238
39.846 2.776
9.077 ’ ’ 2314
-21.692 1.851
-52.461 ‘ ‘ 1389
-83.230 -
-113.998 s
-144.767 e
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Implicit data-driven constitutive modelling

Abs. error [MPa]

Direct training

300 or
240 | -10 |-
) 5
E 180 5 -
- T 10 e
5 & —80r
= a0t
H 0 . L
-1.6 1.2 -0.5 0.4 0.0 0o 1 2 3 4 =12 =09 -0.6 ~0.3 0.0
10-3 10-2 -2
Erx 10 iy 10 Exy 10
Muan: 0.56 4| Mean: 0.331 Mean: 0.306
Median: 0461 — Median: 0233 || — . - Median: 0.268
Max.: 3.207 & Max.: 4367 £ 15 Max.: L836
Min.; 0.082 2 3r Min.: 0,002 z Min.: 0.002
B 8 5 10
% B 2 E
T <
I . 4 % % X
{ ﬁ S 1 £ 05 . if\‘@ i
% Hb‘ % E = v f
ol B ,w 0 P ™ N o0 Y N
0 24 48 72 96 120 0 24 48 72 9% 120 0 24 48 72 9 120
‘Time stages ‘Time stages lime stages
—— ABAQUS —— Dir-RNN

150
120
90
60

oxx [MPa]

30

Abs. error [MPa]

-1.6 -1.2 -0.8 0.4 0.0
x1073

Exx

Mean: 0.687
Median: 0.601
Max.: 3.117
Min.: 0.016

Ty
| | | |

0 24 48 72 96 120

Time stages

Indirect training

300
240
"o
& 180
2
= 120
)
60
0
3 Mean: 0.53
—_ Median: 0.406
o Max.: 3.214
E Min.: 0.005
= 2
-
o
bl
)
41
<
0L | | s |
0 24 48 72 96 120
Time stages
ABAQUS Ind-RNN

Tyy [MPa]

Abs. error [MPa]

2.0

1.5

1.0

0.5

0.0

-1.2 -0.9 -0.6 -0.3 0.0

-2
Exy x10

B Mean: 0.6
Median: 0.55
Max.: 2.074
Min.: 0.001

0 24 48 72 96 120

Time stages

R. Lourenco et al. An indirect training approach for implicit constitutive modelling using recurrent neural networks and the virtual fields method, Computer Methods in Applied Mechanics and Engineering,,
425:116961, 2024,, https://doi.org/10.1016/j.cma.2024.116961.
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Implicit data-driven constitutive modelling
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FEA implementation as UMAT (Abaqus)

Abaqus

Start increment annlib.dll

—v%> New step umat.cpp

Start iteration O Star
* E, v
Compute Ae g, Ae e

Scale inputs

Define loads

Ehist — Y\ —>
i s
0
Compute R Tt Update statev | o, 8—0

i _______________ : 2 Predict o =

NO @ l
oo
——— Compute —
Yes ! P Oe

End TTTTTTTTTTToTToTmmmmomo s
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Implicit data-driven constitutive modelling

Uniaxial tensile and shear strain-stress curves. Comparison between the FEA solution

based on the Swift’s law and the UMAT implementation of the RNN model

200 | 200
160 | 160
E 120 | E 120
2 2
= 80 > 80
© e} “
40 |
\,e\‘%e
oL o\

Abs. error [MPa]

Abs. error [M@‘

Time stages
—— ABAQUS

02 04 06 08 10

00 02 04 06 O%E"\Cés_c

3 = 15}
S &
1.0 | 2
: . § 10
(qEPIIIIT “w,—,- : s
0.5 |- Uy s 5l
———am1aE b =
“f | )
0-0 | | u | 0 A— - | |
0 50 100 150 0 50 100 150
Time stages Time stages
—— Dir-RNN  —— Dir-RNN-UMAT
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Implicit data-driven constitutive modelling
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Physics
Informed
Neural

Training NN-based constitutive models using data is not sufficient. Networs

Extra information related to the physics behind the problem need to be
enforced.

Model can learn new information that is usually not possible to learn with training
data by using some laws of physics as constraints
(Physics informed neural networks)

Advantages of physics-based constraints
* Improved accuracy and stability

* Reduction in data requirements

* Increases trustworthiness

* Prevention of non-physical predictions

This project has received funding from the Research Fund for Coal and Steel under grant agreement No 888153



Implicit data-driven constitutive modelling
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Formulation Loss term Description

The work done by stress must either be stored
1st law of thermodynamics Voe =T :E+ 0+ E as recoverable internal energy in the solid or
dissipated as heat [2]

For a sample of material subjected to a cycle
2nd law of thermodynamics Foe = 0 AN 1 2 of deformation, starting and ending with iden-
(Clausius-Duhem) 1 Lep = oN Z ReLU ( 9 (U(M o'?k)) : AE("ﬂ)) tical strain and internal energy, the total work

E(o’ c*):Ae =0 k=1 must be positive or zero [2, 4, 6]

\ N Plastic power must be non-negative to obey
2 .
Plastic power WP =g P > () : . 2P the 2nd law of thermodynamics
p > Lwp = 5 D ReLU (~oy 2 €7,)) y
k=1 Negative plastic dissipation implies a decrease
in temperature as a result of inelastic defor-

Learning
basic
physics

mation and therefore is nonphysical [1]

Since the plastic power should be non-

t
Accumulated plastic work wP — f wPdt negative, the accumulated plastic work should
0 be non-decreasing [1]
N .
Drucker’s postulate A A 9 The work done by the tractions through the
ateri p €5 Ac:Ae20 Lprucker = TZRCLU (Ao : Aery) displacements is positive or zero |2, 6]
(Material stability) 204 P p ’

This project has received funding from the Research Fund for Coal and Steel under grant agreement No 888153



Implicit data-driven constitutive modelling

Formulation Loss term
A N 2 2
Tangent symmetry C - i . 0 Z Z Z itk — Clig) )2
dAe k=11i=1 j=1
N NN )
Time-consistency Alélgo o=10 Lcons = SN Z Z (o(e = 0%(&))
k=1i=1
\ N N,
. alance e —=0in 2
Momentum balance Ve-o=0inxre) Lo WZ Z (V1 o, (!»))
k=1 i=1
A N Ngc
Boundary conditions n-c=Tonzrel _ 72
3 T CBC_?N;E(J n—T)

Stress triaxiality

Oh

T =

OyvM

Plane stress: T € {—

SIS

2
3

|

VForm-xSteels
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Implicit data-driven constitutive

modelling
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B 1 H Metric Data loss Clausius-Duhem  Stress triaxialit Lode angle Plastic power
Example: Comparison of Constraints Y 8 P
R2 0.999 0.999 0.999 0.999 0.999
MSE 7.22 9.76 10.5 11.7 5.80
RMSE 2.68 3.12 3.24 3.43 2.40
MAE 1.26 1.41 1.51 1.71 1.13
Example for one integration point
140 4 N —— Actual Data 250 ] — Actual Data
> —— Model Prediction —— Model Prediction
120 - 400 1
200 +
100 A
- o 300 A o~
= 80 - o =~ 150
£ £ g
Data loss 2> 5 60/ 5200 E 100
40 1
100 50 A
207 Actual Data
04— Model Prediction 04 04
—0.b07—0.b06—0.IOOS—O.I004—0.IOO3—O.I002—O.I001 0.600 O.OIOO 0.605 O.le O.OIlS O.OIZO 0.(;25 O.OIBO 0.635 0.I00 0.61 0.I02 0.63 0.I04 0.65 0.66 0.67
Epsilon 11 Epsilon 22 Epsilon 12
A‘
140 4 —— Actual Data 550 4 — Actual Data
| —— Model Prediction —— Model Prediction
120 A 400
200 A
100 A
- ~ 3001 o~
o 801 o w150 1
n
Data loss + £ ol £ 200 i
o n n n 1
Plastic power 2 40
100 50 4
201 — Actual Data
o4 — Model Prediction 0 0
—I7 —I6 —I5 —I4 —I3 —IZ —Il 0 0:0 0.‘5 1:0 l.IS 2:0 2:5 3:0 3:5 (I) i é :I’: lll é (Ii I7
Epsilon 11 le-3 Epsilon 22 le-2 Epsilon 12 le-2
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data-driven
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1. Error statistics 2. Validation database
48
‘}50
“:-J> 9 — o
=
0 25 50 75 100 125 150
Epochs (a) ‘ z
. Pé = hfa;,ydl,' A ' (\
a ; I . . . :
3. Validation KP| I 4. UMAT implementation: FEA =t
. vallaation i .
- W results for classical tests
L 'l__pnint

I ooy _* 200 200 100

x I; 160 160 80

The ‘RAF yT_. - ‘ § 120 ; 120 g 60

(Resconstructured axial force) L’x E 80 :;: 80 E 20

40 40 20

A. Peshave, F. Pierron, P. Lava, D. Moens, D.
Vandepitte, Strain 2024, e12473. 000 0.2 04 06 08 1.0 D00 02 04 06 08 1.0 000 02 04 06 08 10
https://doi.org/10.1111/str.12473 | : . : : : x10;2 . : : . : xlO*."- : : . : : ><10;2
Exx Eyy Exy
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data-driven modelling: validation

procedure
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107 |
Early-stop @ 897 e fVE
1. Error statistics 10°) o somse I
e 10° Early-stop @ 1628 12VF
= L300 359.820
gé 104 . Early-stop @ 2661
£ Liain. 202034
KI 103 VFM
10% | Early-stop @ 1194 E
Liain: 263,552
101 ! VEM : |
0 400 800 1200 1600 2000 2400 2800 3200
Epochs
(a)
- ——4VF
10% Early-stop @ 1194 ——7VE
X Lg: 303.585 - 9VF 3
— 103?“ — 12VF |
& bt s
= ' |
s 102E " Early-stop @ 2661 |
G Early-stop @ 897 Ls: 277.658
, L2 105.048
10 Early-stop @ 1628
L 1012.424
0
10 0 400 800 1200 1600 2000 2400 2800 3200
Epochs
(©
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(%)

VFM

test

L

Lr (N?)

107 f
10 |

10° ©

10%
10°

102 |

10!

Early-stop @ 897 —4VE ]

L2 1143.054 ___7VF
——9VF
Early-stop @ 1628
g 12VF

Ly 858.175
Early-stop @ 2661
LI 366.811

\
Early-stop @ 1194
L5 348.221

0

400 800 1200 1600 2000 2400 2800 3200
Epochs

(b)

106 L
10°
10* |
103 7
10% |

10%-E

Early-stop @ 897 ——A4VF
LF: 979.846 —7VE
—9VF

Early-stop @ 1628
Ly: 857.535

12VF

Early-stop @ 1194 Early-stop @ 2661 -
Lr: 293.252 Lr: 330.976

0
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Epochs
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data-driven modelling: validation procedure "
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o A?’:’qpﬁ GLNEIIV%IY}; 6‘?"’5":;;:“' [ Mean: 8.751 Abaqus LN-12VF Abs. error
v [MP: xx [MP: o Median: 7.401 a. [MPa] 0y: [MPa] 864 [MPa]
362.732 362.732 43 Max.: 114.784 -— —_— 898.277
303.801 303.801 102.051 Min.: 0.191 3 5 798469
244.870 244.870 89.319 - 77.819 77.819 :
q) 185.939 185.939 76.586 37.477 y 37477 g Mean: 8.406
m 127.008 127.008 | r 63.854 -2.866 -2.866 598.853 Median: 3.665
68.077 68.077 51.121 -43.209 -43.209 499.045 Max.: 898.277
(q0) 9.146 9.146 38389 -83.551 \ -83.551 399.237 Min.: 0.006
Q -49.785 -49.785 25.656 -123.894 A -123.894 299.429
-108.716 -108.716 12.924 -164.237 -164.237 199.622
O -167.647 -167.647 0.191 -204.579 > -204.579 96514
[ ). i, 49
) 244,922 ‘ 244,922 p
Abaqus LN-12VF Abs. error ( -
-c ayy [MPa] ayy [MPa] 5G,, [MPa] Mean: 9.088
, 123.356 Median: 7.354 Abaqus LN-12VF Abs. error
362.732 362.732 T Max.: 123.356 6,y [MPa] 5 o,y [MPa] 56, [MPa]
c 303,801 303801 ' Min.: 0.202 872115
244.870 244870 95.989 = 325.471 - ’ 325.471 -
(@) 185.939 185.939 82,305 268.832 268.832 775213
o sm— 127.008 127.008 68.621 212.193 g 212.193 678.312 Mean: 16.701
) 68.077 68.077 54937 155.554 155.554 581.410 Median: 11.465
(q0] 9.146 9.146 - 41.254 98915 98.915 484.509 Max.: 872115
—c -49.785 -49.785 27.570 42.276 42276 387.607 | Min.: 0.001
. -108.716 -108.716 13.886 -14.363 \ -14.363 \‘ 290.706
— -167.647 -167.647 0.202 -71.002 -71.002 193.804
m -127.641 _ -127.641 - 96.903
-184.280 E -184.280 = 0.001
Abaqus LN-12VF Abs. error e :
vy [MPa] Ty, [MPa] 57y, [MPa] Mealt\: 2.22
° . 90.228 Median: 09{79
N :;i:;i F 4 18?;’3 80.202 m‘ar: 3%226 Abaqus YV LN-12VF B Abs. error
p ; 70177 — Tay [MPa] Txy [MPa] 87y, [MPa]
70.615 70.615 - 703.356
39.846 39.846 60.152 118.454 118.454 e
9.077 f 9.077 / 50.127 92.167 / 92.167 625.208
21692 21692 40,101 65.580 1 y/ essso | i f gy Mean: 5.244
52461 ‘ -52.461 ‘ 30.076 39.504 39.594 468.904 Median: 1.637
-83.230 -83.230 20,051 13.307 13.307 390.753 Max.: 703.356
~A18.398 A118:998 10.026 -12.980 ‘ -12.980 \ ‘ 312.603 | Minz0.0
-144.767 -144.767 000 39.66 -39.266 -
-65.553 ‘\ -65.553 ‘\ 156,302
91.840 -91.840 78.151
-118.127 A a -118.127 ) 0.000
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2. Validation database

data-driven modelling: validation procedure

Abaqus
oyy [MPa]
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-25.364
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Abs. error
60,y [MPa]
47.594
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37.019
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Abs. error
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Abs. error
67"\'}/ [MPa]
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61.275
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15.345
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0.036

Mean: 3.796
Median: 3.056
Max.: 47.594
Min.: 0.007

‘Mean: 12717
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Min.: 0.304

Mean: 4.015
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Abaqus |
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114.461
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Abaqus |

oyy [MPa]

295.168
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-159.391

Abaqus
Ty [MPa]
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57.435
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11.401
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-57.651
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oyy [MPa]
295.168
244.661
194.155
143.648
93.142
42.635
-7.871
-58.378
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Tyy [MPa]
103.469
80.452
57.435
34.418
11.401
-11.617
-34.634
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-80.668
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Abs. error
00y [MPa]

159.746
141.997
124.248
106.499
88.750
71.001
53.252
35.503
17.754
0.005

Abs. error

o0y [MPa]
661.493
587.994
514.495
440.996
367.497
293.998
220.499
147.000
73.500

0.001

Abs. error
07y [MPa

372.546
331.156
289.766
248.376
206.985
165.595
124.205
82.815
41.425
0.035

RO
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Mean: 5.433
Median: 2.663
Max.: 159.746
Min.: 0.005

Mean: 21.65
Median: 10.786
Max.: 661.493
Min.: 0.001

Mean: 11.329
Median: 3.174
Max.: 372.546
Min.: 0.035
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(a) D specimen

F, =0.007 kN (t,, = 5)

(b) S specimen

F, =0.006 kN (t, = 5)

validation proced

(¢) Sigma specimen

F, =0.002 kN (2, = 5)

15 15
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idation procedure

VForm-xSteels
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Conclusion




Conclusion t\'/‘

VForm-xSteels

Major evolutions have been made for However, the is still a long way to go
data-driven constitutive modelling
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Closing remarks >

IF YOU WANT TO GO FAST,

GO ALONE.

F YOU WANT TO GO FAR,

TOGETHER
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