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Development of Homogenization Data-based Transfer Learning
Framework to Predict Effective Mechanical Properties and Thermal
Conductivity of Foam Structures

Wonjoo Lee*, Suhan Kim*, Hyun Jong Sim*, Ju Ho Lee**, Byeong Hyeok An**,
Yu Jung Kim**, Sang Yung Jeong**, Hyunseong Shin*’

ABSTRACT: In this study, we developed a transfer learning framework based on homogenization data for efficient
prediction of the effective mechanical properties and thermal conductivity of cellular foam structures. Mean-field
homogenization (MFH) based on the Eshelby’s tensor allows for efficient prediction of properties in porous structures
including ellipsoidal inclusions, but accurately predicting the properties of cellular foam structures is challenging. On
the other hand, finite element homogenization (FEH) is more accurate but comes with relatively high computational
cost. In this paper, we propose a data-driven transfer learning framework that combines the advantages of mean-field
homogenization and finite element homogenization. Specificall, we generate a large amount of mean-field
homogenization data to build a pre-trained model, and then fine-tune it using a relatively small amount of finite
element homogenization data. Numerical examples were conducted to validate the proposed framework and verify the
accuracy of the analysis. The results of this study are expected to be applicable to the analysis of materials with
various foam structures.
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Fig. 1. The simulation process can be roughly divided into three
main steps: MFH analysis, creation of the foam structure
using voronoi tessellation and simulation in ABAQUS

Table 1. Parameter range of the representative volume element
(RVE) of the foam data set [12]

Parameter Value
Mesh size 1/10 of mean cell strut
length
Young’s modulus 2.5-4.5 GPa
Poisson’s ratio 0.38
Foam density 1265 kg/m®
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(Ratio s:/r(z’? tf)riztzlxlrolume) 0.7-0.9
Thermal conductivity of material 0.02-0.05 W/mK
Closed cell content 100%
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model with FEH are the same. The transfer learning
model was constructed by adding layers to the pre-
trained model for transfer learning
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learning and DNN with FEH
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