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Permeability Prediction of Gas Diffusion Layers for PEMFC Using
Three-Dimensional Convolutional Neural Networks and Morphological
Features Extracted from X-ray Tomography Images

Hangil You*, Gun Jin Yun*'

ABSTRACT: In this research, we introduce a novel approach that employs a 3D convolutional neural network (CNN)
model to predict the permeability of Gas Diffusion Layers (GDLs). For training the model, we create an artificial
dataset of GDL representative volume elements (RVEs) by extracting morphological characteristics from actual GDL
images obtained through X-ray tomography. These morphological attributes involve statistical distributions of porosity,
fiber orientation, and diameter. Subsequently, a permeability analysis using the Lattice Boltzmann Method (LBM) is
conducted on a collection of 10,800 RVEs. The 3D CNN model, trained on this artificial dataset, well predicts the
permeability of actual GDLs.
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Fig. 1. Gas diffusion layer image obtained by X-ray tomography
microscope system (SNU NCIRF)
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Table 1. Probability density function and parameters obtained
by microstructure characterization
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Algorithm 1. Algorithm to train and generate microstructure

with given permeability and volume fraction

Input: F(6), F(p), F(V;), F(D)
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Fig. 3. Artificial dataset consists of gas diffusion layer micro-
structure
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Fig. 4. Actual dataset consists of gas diffusion layer microstruc-
ture
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Table 2. Description of the 3D CNN Architecture

£
3D CNN Architecture Description Number o
Parameters
Conv3D (32,(2,2,2))+ Conv3D 2.679.777
(64,(2,2,2))+FC(128)+FC(64)
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Fig. 6. Scatter plot of the predicted permeability using LBM and
3D CNN architecture
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