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Deep Learning-Based Prediction of Effective Properties of
CFRP Plain-Woven Composites

Yuseon Lee***, Dong-Hyeop Kim***, Sang-Woo Kim*******T

ABSTRACT: A deep neural network(DNN) based methodology is proposed to predict the effective thermo-mechanical
properties of plain-weave CFRP composites. Ten distinct effective properties are evaluated by selecting three primary
geometric parameters as design variables to account for variations in textile architecture. Representative volume
element(RVE) modeling was performed using TexGen software, with periodic boundary conditions(PBCs) applied via
the EasyPBC plugin. Effective thermo-mechanical analyses were subsequently conducted using the commercial finite
element analysis(FEA) software, ABAQUS. The entire data generation process was automated to construct a
comprehensive database of 728 datasets. Model performance was evaluated using 164 validation samples, which
account for 20% of the total dataset. The evaluation yielded a Mean Relative Error(MRE) of 0.79% and a coefficient of
determination(R*) of 0.9991, confirming the model's reliability as a surrogate. While FEA-based homogenization
required approximately 63.1 s, the DNN model completed predictions in only 14 ms, confirming a significant leap in
computational efficiency. These results verify that the proposed DNN model effectively predicts effective thermo-
mechanical properties in response to variations in weaving parameters.
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Table 1. Geometric parameters used for RVE-based FE model
generation of 2D PW composites

Geometric parameters Ranges Increments | Units
Yarn to yarn distance (d) 0.6-3.0 0.2 mm
Yan width (w) 0.4-2.8 0.2 mm
Yarn thickness (t) 0.06-0.2 0.02 mm
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Fig. 2. FE-based steady-state heat transfer analysis for anisotro-
pic thermal conductivity of 2D PW composites
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Step 3. Generation of the dataset

In  + FEM-derived effective material properties
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Fig. 3. FEM-based effective material properties dataset genera-
tion workflow
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Fig. 6. DNN model structures
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Table 2. Predictive performance of the DNN model for the ten
effective material properties

MAE
Effective properties R? MRE [%]
Values Unit
kpw, | 0.9996 0.80 0.004 | W/m-K
Thermal
conductivitics |_kowy | 0:9996 | 0.80 0.004 | W/mK
kPWz 0.9989 0.64 0.002 | W/m-K
G, | 0.9994 | 0.84 0.102 | pe/°C
CTEs G, | 0.9994 | 0.84 0.102 | peC
Oy, | 0.9991 0.33 0.262 pue/°C
Epwy | 09994 | 102 | 253507 | MPa
Engineering EPW),), 0.9994 1.02 253.586 MPa
constants | Gy, | 09996 | 050 | 15.020 | MPa
Vowsy | 0.9976 | 1.09 0.001 |W/mK
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