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Acquisition of Parameters for Impact Damage Analysis of
Sheet Molding Compound Based on Artificial Neural Network

Sang-Cheol Lee*, Jeong Kim*"

ABSTRACT: SMC(Sheet molding compound) composite is mainly used for forming of vehicle’s body. Considering the
car accident, it is essential to research the impact behavior and characteristics of materials. It is difficult to identify
them because the impact process is completed in a short time. Therefore, the impact damage analysis using FE(finite
element) model is required for the impact behavior. The impact damage analysis requires the parameters for the
damage model of SMC composite. In this paper, ANN(artificial neural network) technique is applied to obtain the
parameters for the damage model of SMC composite. The surrogate model by ANN was constructed with the result
in LS-DYNA. By comparing the absorption energy in drop weight test with the result of ANN model, the optimized
parameters were obtained. The acquired parameters were validated by comparing the results of the experiment, the FE
model and the ANN model.
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Table 1. View of experimental results of SMC

Table 2. Absorption energy of SMC
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Table 3. Parameters obtained by ANN model

SMC
E (GPa) 6.37
G (GPa) 4.59
T (MPa) 110
C (MPa) 109
S (MPa) 127

Table 4. RMSE between ANN, LS-DYNA and experiment

RMSE
ANN vs LS-DYNA 0.3
Experiment vs LS-DYNA 0.47
Experiment vs ANN 0.37

Table 5. Error of results in other potential energies

Potential energy Error (%)
10] 21.15
12.5] 4.81
15] 0.55
17.5] 1.04
20] 2.38
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