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Surrogate Modelling for FE Simualtions 3
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FE Model. Representative Volume Element '
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FE Model. Boundary Conditions
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Dataset Generation. Generation of strain history paths

Path connecting points in a 3D strain space:

 Abigsetof random points is generated using Latin hypercube for
ensuring a good spanning of the full strain space.

A subset of N points is chosen from the set of points.

 The path is generated as an m-Spline connecting the subset.

 Between each of the N points, the number of points for the
interpolating curve, N;,,¢, is chosen in order to control the total length
of the path.

Abaqus Software is used (Implicit Solver):
e Strain history is simulated by imposing displacement
of master nodes.
« All the paths span a fixed time in simulation : ¢ € [0, 1]
*  Once finished the simulation, the output file is post-processed
in order to get the stress history.
The full strain-stress dataset is stored.
Time of each (simulation + post-process) :~ 60 — 100sec
(3 cores, 2.5 GHz)
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Dataset Generation. Generation of strain history paths

0.1~

a \\\,/“‘

0.1
0.05
! — 0
Ry
N\ 005
-0.1
5 0.6 0‘.7 .8 019 1‘

-0.05

0.1+

0

0:1

0.05¢

-0.05+

011

0.1 0.2 0.3 0.4 0.
t

0 0.1

-0.1
€922

7

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8 0.9 1

-0.05

N=8,m=3

-0.1

0.1F

0.05

011

-0.05 0

0.05 0.1
€11

0.3 0.4 0.5 0.6 0.7 0.8 0.9 1



Dataset Generation. RVE’s Mechanical Behaviour
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Dataset Generation. Accumulated Plastic Strain
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Dataset Generation. Effect of Fibre’s Distribution
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Recurrent Neural Networks .

Fully Connected hidden state:

Neural Network h, = tanh (thxt n Whhht—l)
X¢ - Rn$X1 A

111”3,',} W . E Rhunitsxnm yt p— Wh,yht
€I

Whh - Rhunits Xhynits
Wyh = Rn'y Xhynits

Yt = Rny x1 [Fully ConnectedJ

layer

Initialization : hg = 0

yi / Yo Y1 Yi—1 y: \
1 1 IV:,: h 1 IVU h 1 IVU h 1 IVU h
Recurrent ® Recurrent Wi Recurrent 000 Recurrent Wi Recurrent
cell ht cell cell cell cell
o
1 1 I’I’r rh 1 I’I”r:,; h 1 1;'1":1: h 1 LL’:!:P:

X Xy X1 Xi—1 X

\Z —




Neural Network. workFlow

Start Point :
e Dataset

* Chosen Neural Network Architectured compiled

Step 1: Sample paths

Step 2: Normalization

Step 3: Neural Network Training/Evaluation
Step 4: Denormalization

Step 5: Merging of Split Paths
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Neural Network. Architecture

Recurrent Neural Network Fully Connected Neural Network
Arquitecture Arquitecture
4 ) 4 )
« 1 Recurrent Cell : 100 hidden units * 5 Fully Connected Layers :
e Fully Connected Layer : same size 500 neurons each layer
than output vector
~ 12K parameters ~2M parameters

\_ J \_ J

Mean Squared Error

m.s.e = % Z?;ZLN <Yt,z' - )_ft,z') * Loss: m.s.e
 Optimizer: Adam algorithm

Mean Absolute Error . Learning Rate: 10—*

m.a.e. = D im 1INVt — Yil)



Neural NetworKk. Sampling of Paths
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RNN

FCNN

Results. Comparison FCNN vs. RNN

ﬂ 000 - 0.35, _ \
—n.8.e.train
m.s.e.validation
0.3 —1n.a.e.train
500 m.a.e.validation
0.25
= 0
3
& 0.2
—
=
& 500 0.15
01 F ™ epgrmdioar e <
_1 OOO R e SV T T -~ s St
oosk\
s g 2 o
_1500 L L L L | L L I O L 1 1 1 1 Il 1 J
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 0 50 100 150 200 250 300 350 400
1 epoch

o[ M Pa]

-1000

\\-;1500
0

=T

0.65

0.6

0.5¢

0.55 \ . i

—in.8.e.train \
m.s.c.validation

—m.a.e.train
m.a.e.validation

0.45
0.9 1 0

100 200 300 400 500 600 700
epoch

800 900




Results. Train vs. Test Sets Accuracy L
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Results. Windows Width Effect
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Results. Paths Length Effect
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Results. Model Validation
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Conclusions .

* A methodology for training surrogate models for elasto-plastic RVEs is developed.

* The methodology is tested on a micro-scale composite material RVE with matrix plastic
behaviour.

* Recurrent neural network outperform conventional fully connected networks even for very
short sequences.

* The proposed method is able to reconstruct general-shape strain-stress curves beyond the
plastification tresshold with aceptable accuracy.

* The proposed methodology requests of the strain history from very few previous timesteps,
which makes it convenient for its use in FE analysis.
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