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Abstract: Using machine learning models to predict the permeability of porous media is one of the key research directions
of current pore-scale models. Since three-dimensional porous media data cannot be directly applied to classical machine
learning models, it is necessary to perform feature extraction on the pore space structure. Deep learning, as the advancement
of classical machine learning models, has achieved many successes in predicting permeability from three-dimensional
digital images of porous media, but the computational cost is quite high. This study extracted pore structure features of
slices of porous media, converting digital images into multidimensional vectors and serving as input to machine learning
models. While reducing the amount of input data and greatly improving the training efficiency, the models maintained

excellent prediction performance, where the long short-term memory (LSTM) neural network achieved the best results.
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Fig. I The schematic diagram of the generation of porous media
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Fig. 2 Two types of porous media used in this study

LRSS RAE S BT R 24 i, T I
TCRHAESE, ARSI 8 AR E P51, 4
AR 2 B RE RV i AR5 U0 8

KLk, & A LB b3k T AUX 4>
4 Jy W) B2 500 2 2456 20 3K Kozeny-Carman J7 2
(Carman, 1939) 8" Z W Hl T B 22 FLY B 5
B, AW AL B i FLBEE 5 He T
N, o AL EE P9 5 R T AT 91 R R AE =
e AL B (18 3) o Y1 AYLLIREE A L R T AL AT
DAZR B EURAR R e gl LR LB R R
B SRR, LIRS 1) R I ARE X
LB R R SHE A Z e (Rabbani et al., 2014 ;
Yu et al., 2009 ) , AHFFOR LR AR RS LR —
WURLL SRR B S FLBME R A . A, ASHE
FEIETE T V) R FLIE 4 4G 1 3% i P O L MG B
Bk~ (Ohser et al., 2002 ; Shamsi et al., 2021 ;
Vogel et al., 2010 ) o 1R EMEHFMER AR, KK
PR PR FLBEHS o A8 88 S5 HL o [ AR IURE 2 2250
FE o XU BUR TS, . PLARSERAE TR A sl
Wi, ELERBEGE), LB m e, FA
fEBE scikit-image £, DL 4- 4830 (1- %42 ) AL
SR — D0 Fr A R B K

Zhh

ZAAN TR

FAEEEIR

1
1 2 3 N
3 iz
- " -
T

HESF

K3 S LA ) A IR A 7R R

Fig. 3 Schematic diagram of extracting slice features of a porous medium
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Fig. 4  Slices of the porous media at different positions along the z-axis direction
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Fig. 7 Schematic diagram of the structure of long short—term memory neural network
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Table 5 Properties of porous media in case 2
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Fig. 9 Comparisons of predicted permeability (px?) and true permeability (px?) of models in case 2
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