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In automotive structural component development, there is a demand to design structures that ensure high
energy absorption performance while remaining lightweight and being designed within a short timeframe.
Finite Element Analysis (FEA) is commonly used as an effective means for structural analysis; however,
it requires time for model construction and analysis. This study aims to address these challenges by
constructing a surrogate model capable of instantaneously predicting the energy absorption characteristics
of automotive structural components and enhancing its applicability even under varying load conditions.
This approach holds promise for streamlining automotive component design.
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Fig. 1 Prediction of energy absorption property from cross-
sectional images using the surrogate model
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Fig. 2 Definition of cross section and mesh generation
methods

(2) EEEGOER

WriAi i 213, PythonZ - 7" Z U matplotlib % v TYERL
L7z, BARIOIZIE, RUA PO AR BICEKD Z2 v %
B HE W L, Wi o E AR L. Z2C, Bim O
B9 X13128 X128 7 v & L, “FEERCIEZE AT
DIED0, EBHAELET D 7 B IITZE DI DOHIEDL/10
DEE 722 X2 LTz, ARk L 7= Wi i o> —F % Fig. 3
WORT. 2{Em E Ligho Bl & LT, &t ET7 v
PR HAM OBEIX0. MmN CHHET A MNERH H Z &
W2t L, 128E 7 &L Tl2.0mmEeE DL L7
WD ThD.

128pixel

128pixel

Fig. 3 Cross-sectional gray scale image
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Fig. 5 Boundary conditions for FEM analysis
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Fig. 6 Energy absorption data
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Fig. 7 Schematic illustration of energy-absorbing parts
for automobiles
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Fig. 8 Comparison of loss functions using generated data
Left) Low force data, Right) High force data
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Fig. 9 Surrogate model network architecture
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Table 1 Hyperparameters
Parameter Value
Optimizer SGD
Learning Rate 0.1
Momentum 0.9
‘Weight Decay le-6
Dropout Rate 0.0
Batch Size 128
Scheduler Cosine Annealing
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Fig. 11 Examples of FEM and prediction data
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Fig. 13 Without oscillations in predicted graph
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Fig. 14 Examples of component structural analysis
utilizing surrogate model
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