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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.

ES AFAAE 1BA AL ARAN G LS| BAEE S5 5 4 T
73% w o AbgsHE MM ES 2R WA, 7SS BES 31541717 99 XA B B S B o
& WA A F olol Aol A Wehold SHE B0 ALHAZY U8 A 24 ol 2old AT ool
SRS AT ofeiat ejsta BAL e, A ek Aol BAH $Ev BgEch $5E A o
olElAl hE AH anrEel ERES Bo] GIa A Bk Puol AgEglon Z4zke hE A Ak
Lol EREg =25ttt ol H3t AT Yol HAS Bl AN AT AW BUL staAgon oF )
o[BI AL BhE AP BT AW mRo] AA| AR o A4 4 EvbE E3 2 o Sshs A

Key Words: 7}~k (Gas Diffusion Layer), 1152} 3] 219} o & 21 X] (Proton Exchange Membrane Fuel Cell), 412}
SHAF 417" (3D Convolutional Neural Network), B]A]|5-Z (Microstructure)

>

.M 2 2 olatsteka vhE A7 ABkE T, A olui| o) 4=
a7F AN QATHL-5). B3] AHER AA O] A, o4kl

Ao @ AT Azke) FEOR Qs AFeustel 7] & wlE FARSE s AINAER, SAAERR] o)
FHsL 7ML Qi A0 QIAlEo] oo et T ekl Asko] 87 H 1 girkes). of g SAARMA

P

Received 22 August 2024, received in revised form 18 September 2023, accepted 18 February 2024

*Department of Aerospace Engineering, Seoul National University
Corresponding author (E-mail: gunjin.yun@snu.ac.kr)



Permeability Prediction of Gas Diffusion Layers for PEMFC Using Three-Dimensional Convolutional Neural Networks... 11

% 9o (009 o ZHxAN A 25 st &
Hol gt mEA A AZAAE FFE SAAR
AA R A A7 WS ojuka GIeH9,10].

TR A A A ut @ 82 (PEMEC)E 4240 AFakahe)
B3-S £33} oA Z W] oA E Wkshs WA
A2 LA, E %, 7hASAS, Belw, 45 WA
2 o]0l A QIeH11]. PEMFC 25 A, He9he £

S92 A7 A7F S=(anode) & 7} AAEES F 2
S S0 A AFSHESS 53l A o]0 HaL HolA
e HAE AE YARAR oSBTt ofn) SFolx] 4l
BT s Ol TS B3k SRl Abaet
ol ARRHIZIL, 2 5 AR GRS
2 SHIAZE Tadd ogh A4E B3 92 vl
HiE g, 71414 shsell tigt A &A1 9] A, A2
AAE A7 AARA 2 Agets 47w o oS
4 T favolth14-16]. 7FAARSS T4 A
(Carbon fiber)& ©]|20{%] 0|3 (Heterogeneous) | A|7Lx
7Pbr,].% Ex]o] Qlom 7tA AL Lo]dL o8| =
ek el o] Jlsh kel i
= B2 A "H17]. A 7oAl o]
Shirpo] Fab, b, AL, Ao] A

o]

e

do

o
fr OIN'

ol
-

ook
ol
o
FIF
_1:=’

BN rlo i So A it

95 9 th18-20]. 22 21 g4I ]

7%]'7]%‘,]%0] I:H‘tl:‘ﬂ /\1 XHE O]IOﬂI\-]E Eﬂ ]E—] 7]]51} J=
o] AAE I QTH21-23]. 7|&E ATE 2 AAYL =3 7}
2EALZ O] Bt S Cr]]#o}aq‘— A% T 9ot T8

A

glolel SA5o] Azkut Hlgo] Ho] Sr 334 FAF Al
A o] §3 7FABAE BB o F AT FEsch
= -8]—74]14,0— 743 ik,

£ Ao A AR A

T o Eof 7pagtal
zo) BB S o|2als WHES AT WA A4 7}
A8HEO] A9 olu| B AR B3 BYL Fo &
B EECETEREE

[}

Sa 0)EE A T 1 F A B2k (Lattice
Boltzmann Method) & E3f 0| A== d o] €] Al
2 &3} upx|gtoZ oA A3 glo] Al
o A BT AL SHEAN,. o] B0 AR
o|u A T R AR RIE of 2
A
2. 7IAEAS OIM7E QISHIO[EAI MY
2.1 X-M Bt= o|0|X| &5

H AILof A= 5 9] SGL(Smart solution in Fraphite &
Fiber) Aol 4] 39BB %.819] 7} A3HE & FFwro} 1ol
AR ABHE FFA AL AR E WA A9
XA v 7 (Xradia 620 Versa)2 A3l 2 nfo] 22 n]g &
deoz o YA Fig. 12 XA dnji Alads

SAE 5% ‘
%%\’ ¥
k\\ ‘?“\ hu_
Fig. 1. Gas diffusion layer image obtained by X-ray tomography
microscope system (SNU NCIRF)
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Fig. 2. Line detection using Hough-Transformation
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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(¢), F(Vy), F(D)
Output: Reconstructed GDL microstructure RVERecon

1 RVEReco™ Creates an voxel matrix with size 20 X 40 x 40
2 VFT®9¢t — Random numer using Weibull distribution F Ve
3 while |[VFTer9¢t — yFRVE| > .91+ FTorget
4 D « Random numer generation using Log-Normal
distribution F(D)
5 6,9 <« Random numer generation using Normal
distribution F(0), F(¢)
6 (x,y,2z) « Create an random coordinate within size
20 x 40 x 40
7 I= (sinBcosg, sinfBsing, cosd) « Create fiber direction
vector
g FUnit « Create an fiber RVE with fiber diameter D and
fiber orientation [ that passes point (x,y,z)
9 RV ERecon — pypRecon FUnit P Update
Reconstructed RVE
10 VFRVE=ones(RVER®™) « Caculate volume firaction of
the Reconstructed RVE
11  End
—| Artificial GDL microstructure Dataset |—
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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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