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NP measurement positions

p =
[
µr,1, µr,2, ..., µr,M

]T (1)

Bmeas =
[
Bmeas

1,1 , Bmeas
2,1 , ..., Bmeas

NS,NP

]T (2)

p FEM Bmeas

?

Goal
Identify parameters p from measurements Bmeas!
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Inverse problem
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ML for Parameter Identification

Three directions :

1. Forward solver surrogates : ŷ = f̂(p) [7, 8]

2. Inverse surrogates : p∗ = f̂inv(ym) [9, 10]

3. Equation discovery : [11, 12]

ODE/PDE in loss function

Optimize the PDE parameters along with NN

g = ut + p1uux − p2uxx
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Main idea

Optimization parameters
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Data generation
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Statistical evaluation - valid degradation
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Statistical evaluation - invalid degradation
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e(B̂i, Ĥi;p) = (Ĥi − ν(B̂i;p)B̂i)
2 (9)

p∗ = argmin
p
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Ĥi

Differentiable
material model

Ĥi−DMM∇pL

Optimizer

p

Bo f̂B−map

B̂i

f̂H−map
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e(B̂i, Ĥi;p) (10)
17 / 24

▲



Used approach

B̂i

Ĥi
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ĤiParam Id.p̂

Introduce mapping functions

Identify p with standard approach

Advantages

Material model acts as regulizer

Can use complex material models

Independent of FEM simulation

B̂i = f̂B−map(Bo) (7)
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e(B̂i, Ĥi;p) = (Ĥi − ν(B̂i;p)B̂i)
2 (9)

p∗ = argmin
p
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Test and train - 10% noise
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Test and train - 15% noise
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Example identification - 5% noise
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Summary

Data generated via openCFS and pyCFS

Parameter ranges are crucial

Mapping approach

Reduced parameter space

Data regularized by prior knowledge

Decoupling of Param-Id and FEM
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