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Motivation

 Biomechanical characterization
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Experimental protocol e

(Sugerman et al, 2020)
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Constitutive models
« Blood clot (hyperelastic, isotropic)

a
W = ﬁ (/1117 + /12 + /1139, — 3) (Ogden, 1973)

« Myocardium (hyperelastic, anisotropic) (Holzapfel et al, 2009)
Isotropic term Fiber stiffness Sheet stiffness Shear coupling
(amorphous matrix) contribution contribution (fiber-sheet interaction)

W = o (explb(l, — 3)] - 1) + zanf(eXp [ (1R ] = 1) + 35 (explbilas = 1?1 = 1) + L by (elbysliyd] =1)

21 .
In-plane fiber

J H(lyr — 1) { b, (eXp [bf(14f -1) ] - 1)}R(9) do dispersion

0
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Objective
« Can we accelerate material parameter estimation

using machine learning metamodels?

Normal Force

Normal Force
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Machine Learning Approach
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Training on Synthetic Data — Blood Clot
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Training on Synthetic Data — Myocardium
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Validation- Myocardium
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Conclusions

e Can machine learning accelerate soft tissue
parameter identification? —It depends.

- Complexity of the corresponding experimental
protocol

- Feature space dimension
« Publicly available experimental and synthetic dataset

- Future advances that further improve similar methods
or follow entirely different approaches

13
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Fiber Orientation
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*  High resolution images of histology slides

« Directional image analysis (ImageJ / OrientationJ)

« Tr-periodic von Mises distributions of fiber orientation
angles through section levels
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Holzapfel-Ogden Model

Right ventricular myocardium exhibited:
* Nonlinear response
» Anisotropic behavior

« Heterogeneous properties.

Structurally based constitutive model by Holzapfel & Ogden (2009):

w = %(exp[b(]l -3)]-1) + Zanf(exp [bf(14f - 1)2] - 1) + za_bss(exp[bs(lzls - 1) =D+ —(eXp[bfslng] 1)

Isotropic term Fiber stiffness Sheet stiffness Shear coupling
(amorphous matrix) contribution contribution (fiber-sheet interaction)

Where the anisotropic invariants of the deformation tensor are given by:

Ly = fo - (Cfo) Iys = 50+ (Csp) Igrs = fo - (CSp) 18
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Include fiber dispersion

Modify strain energy to account for in-plane fiber dispersion:

W = %(exp[b(ll -3)]-1) + %(exp [bf — 1)2] — 1) + za—;s(exp[bs(145 —1?]-1)+ —(exp[bfslgfs] — 1)

2T

f H(lys — 1) { (exp [by (s — 1)°] - 1)}R(9) do

0

where
«  H(I,; — 1) the Heaviside step function to ensure fibers contribute only under tension

exp(b cos(2[6—p]))

* R(6) is m-periodic von Mises function with R(6) = 2Ly (b)
0

« Angular integration approach 19
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Model Classes

Model Class 1 For highly concentrated fiber distributions (high concentration

No dispersion parameter b) the two classes are equivalent:

Shear Mode
von Mises Probability Density Function

Shear Force [N]

;Tff(exp [bf(14f - 1)2] - 1) 14

Model Class 2

2D von Mises Distribution

Normal Force [N]

: — < - L
-80 -60 -40 -20 0 20 40 60 80
Angle 6 [rad]

Strain Energy Density [J/m:']

21

af 2 Concentration Parameter
f H(lyy — 1) {ﬁ (exp [br(1ay = 1)°] - 1)}R(9) do
0 ! 2y
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Incompressibility

«  Decompose deformation gradient into volumetric and isochoric part:

F = (]1/31) . (]—1/3};') =F,, - F

Note: det(F,,) =/ and det(F) =1

*  Volumetric-lsochoric split of strain energy function
W(C) = U() + Wiso(C)

where U(J) = K/2In(J)?, € = F'F and Wj,, as presented previously, by substituting the

isochoric invariants

Ly = fo- (Efo) Iys =S¢ - (Eso) Igfrs = fo: (ESO)

Machine
Learning

00000

21
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Material Parameter Estimation
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Material Parameter Estimation

Inverse
Analysis
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Mechanical Testing

A. Excise specimens
(10x10x10mm cubes)

B. Test in 9 different modes
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Practical Aspects

MATLAB )
workers FEBIO
parfeval
S —— —
Element F;un T(;me F;un T(iime ?:nt timtg {o]3
modaes moaes Iterations
MATLAB Type [sec] [ min] [h]
client N ‘ -
L|near 23.2 0.4 0.9
. Class 1
. 167.8 2.8 6.3
S Llnear 70.3 1.2 2.6
ass
pr— ‘ — 184.7 3.1 7.0
‘ 9 modes * 9 param var. = 81 FEBio runs / iteration
—— —

15iter. * 81 = 1,215 FEBio runs for converged parameters

Run all 9 modes in parallel :
Expensive! o5

https://www.mathworks.com/ ; www.febio.org
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Machine Learning Approach

——{[Mode = Moge+|o-Mode 13- FS. FLFE Substitute forward FE simulations by a ML
Specimen /L. Mesh 779 N NS, NN metamodel. Motivation:
Dimensions Geometry No
Prescribed /A. Boundary Parametric Yes| Initial Guess
Displacement Conditions FEBio files & Settings
Histology /L. Material * Agradient-based inverse method using FE
simulations is very expensive!

Mode = Mode+1

Run FEBio

« Even more expensive for continuous fiber
distribution materials using the angular

Model . .
CParamjeter — Ad _ Yes integration method.
Values Error vector| ’ criteria? L. .
* Predictive power: replace the entire
| [Gaate paramers Po,,ml pipeline to estimate material parameters.

------- Input/Output —— Matlab Framewaork —— Experiments —— FEBio Model
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The problem
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Metamodel Selection

Multivariate Adaptive Gaussian Process Neural Network
Regression Splines Regressor Multi-layer Perceptron
Anisotropic RBF kernel Regressor
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Preliminary Results
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Stress-strain prediction of one sample in validation set, trained with 5,000 samples
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