a

ZHUZSHS|X| M 41 2 X 115 pp. 897-903

November 2024 / 897

—

’i) Check for updates

. Korean Soc. Precis. Eng., Vol. 41, No. 11, pp. 897-903

http://doi.org/10.7736/JKSPE.024.093
ISSN 1225-9071 (Print) / 2287-8769 (Online)

27 ¥l ME S8 122

Prediction of Elastic Modulus in Porous Structures Considering
Materials and Design Variables Using Artificial Neural Network
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Predicting elastic modulus of a porous structure is essential for applications in aerospace, biomedical, and structural
engineering. Traditional methods often struggle to capture complex relationships between material properties, design
variables, and mechanical behavior. This study employed artificial neural networks (ANNSs) to predict the elastic modulus of
a porous structure based on various material and design parameters. An ANN model was trained on a dataset generated
via finite element analysis (FEA) simulations, covering diverse combinations of material properties and design variables
(e.g., porosity, structure types). The model demonstrated high accuracy in predicting the elastic modulus on a separate test
dataset. Key findings included identification of significant design variables influencing the elastic modulus and the ANN
model's ability to generalize predictions to new data. This approach showcases that ANN is a powerful tool for designing
and optimizing porous structures, providing reliable mechanical property predictions without extensive experimental testing
or complex simulations. The proposed method can enhance design efficiency and pave the way for developing advanced
materials with tailored mechanical properties. Future research will extend the model to predict other mechanical properties
and incorporate experimental validation to verify ANN predictions.
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Fig. 1 Schematic of porous structures for (a) octet, (b) double
pyramid, (c) cubic with enter supports, (d) diamond, (e)
TPMS Gyroid, and (f) TPMS SchwarzP

Table 1 Materials and their elastic modulus

Materials Elastic modulus
316 Stainless steels 195
AlSilOMg 70
Co-Cr 200
Inconel 625 1,262
Inconel 718 165
Ti-6A1-4V 107

Volume fraction

Elastic modulus (Materials)
One-hot encoding
(Structure types)
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Elastic modulus of
porous structure
(a)
One-hot encoding
Octet =[1,0,0,0,0,0]
Double pyramid =[0,1,0,0,0,0]
Cubic with center supports = [0,0,1,0,0,0 ]
Diamond =[0,0,0,1,0,0]
TPMS Gyroid =1[0,0,0,0,1,0]
TPMS SchwarzP =[0,0,0,0,0,1]

(b)
Fig. 2 Schematic depicting (a) architecture of the ANN and (b) one-
hot encoding for porous structures
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Fig. 3 Results of elastic modulus calculation using FE-simulation
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Table 2 Results of ANN prediction with respect to the number of layers and nodes

Cases No. layers ~ No. nodes AE [GPa] AARE [%)] Cases No. layers ~ No. nodes AE [GPa] AARE [%)]

1 4 435 21.50 19 4 2.01 12.16
2 8 2.63 10.28 20 8 4.53 23.18
3 16 3.10 14.00 21 16 2.84 11.18
4 3 32 3.29 21.88 22 6 32 2.83 15.83
5 64 2.96 16.11 23 64 3.97 22.23
6 128 7.75 44.96 24 128 5.39 28.15
7 4 3.31 14.40 25 4 5.68 26.25
8 8 2.26 12.27 26 8 1.66 8.64
9 16 2.64 11.25 27 16 2.07 12.23
10 ! 32 3.26 17.90 28 7 32 2.82 15.17
11 64 3.12 17.47 29 64 2.70 18.40
12 128 6.07 34.09 30 128 7.96 43.96
13 4 1.39 6.69 31 4 3.72 21.48
14 8 3.77 17.16 32 8 3.44 15.54
15 s 16 2.57 13.65 33 g 16 1.93 7.61
16 32 3.74 22.89 34 32 2.84 17.90
17 64 3.15 13.31 35 64 3.53 18.58
18 128 6.14 34.02 36 128 5.82 32.51
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to (a) the number of hidden layers and (b) the number of nodes
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Fig. 7 Results of elastic modulus prediction for virtual material according to structure types and volume fraction
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