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Abstract: In the thin-section image analysis of tight sandstone reservoir, to solve the problems such as low accuracy
and heavy work of traditional methods, TransUnet and Unet neural networks by combining Transformer with
convolutional neural network (CNN) are used for efficient characterization of particles and pores. The TransUnet has

excellent performance in particle characterization. The experiment shows that the intersection over union (IoU) reaches
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0.86, with the recall rate of 0.824 and precision of 0.839, which is superior to traditional methods, proving its
effectiveness in tight particle segmentation. The Unet shows efficient characterization of pores as well, with the loU of
0.824, recall rate of 0.843 and precision of 0.953. Besides, experiment indicates that although porosity affects loU, the
model still maintains high efficiency and accuracy generally. These results fully demonstrate that deep learning method,
especially TransUnet, is significantly effective in accurate segmentation of thin section images of complex tight

reservoir, providing new ideas for the study of unconventional tight reservoir and showing its great potential in the field

of geology.
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O -

BY
AR TR O RS A A A
P B, S E A SRR AT HEWT A O P
ICIR SR (0 3 B 7 . X b a2 1 R
A, AT ARAESL B RN ALAR 0 A, FLBR S BS54
JERFAE, DTS P S22 1 P B R it A4 s e 1
FOBRAR . LR Fl O, AT LIRSS &<
WAL S . A A1 R 2 BT Tl U 2 A A v
A AT ARG G A i AP s LA
K, HULI 2518 5 52 W63 3200 PR 3R 5 i 462 (] 2t 2
Bl L7 > BRI PRI R, LATR 27 > S B Al Y
N TR REHOR AL A& S, eI RE Rl b, AR 2 0F5E 5 T
IRAMM TR R S G rEOR, THE A ShfBUH
L SLBURHE BT AR, DA Bl b5t TAE A Gt S
AE AR A TAE R ok, OF HRAR A R
AL R X A A R R E &t T
WHZHIE, (HAMRAA NAEBCR 20 IR 50
Koy AT IR A RIS, B W R AR H B
T LA SR TR RS [ o8 SO YRR A, B0
it )22 B S A ISR R SCRIE DI A HOR TR 12 4R
M, TR 2 LB R BB 1 2 AR G k20
W5 EEAEAEXE DA 45 7 A2 2% ) L SRS . SO
JE R FERBURLR] . BORE S LB [R5, A HIXE T
R XM 4 5 3 BT T R -
5] A Unet™ TransUnet "' #5813 H 25 5T A2
J A O BB b Al 2 R R R R B Ok 23 1)
. SEEREERRE], X RA RN HIE UE R E
BT A A 2 R A T 0RE FL B R AR, TR
52 5 Wi — M AR R A A e T B, R Unet,
TransUnet X} 8 25 002 | B AT RAFIRCR , AT A
Ze AR RLFNR 2 i 2 0F SR o i i A2 A

il

Tk

1 HEES

AHIF G 16 FH BT 508 %22 0 R DR B0 Wl ik 2 1) o A4
WA DOGHE R T UR . FLBRR RERAE . E A
Leria Thunder DMi8 B %1 %% LI FLK 20x20 14 % K/
0 R 4141 DX [ SR IRCICAE DR 4 = 20 B R ALl
KA.

TERET IR 7 ] W 0L LB SRR o
ARICE 78 YN GRAEAS I M B2 AR I3 . PR, %
P s R —Fh e AN A A i) B Hiodl 1
IS BRI AR N2 A, IF A FRA%L
P R R T AR RN ARR T . B SRR U &
PR FN G2 S BR8NV ) LA AR R, AT
PR TR 2R AR IR A 4
PG TRAL IR AN 1 B2 ) LA R AR AR AS e it 3 5 b 2
(Tl 2 iR )RR 7 =X AR AR 4 1 33 i b P 45 ]
TRITERE B0 45 XA 3 3G 1 R L 2
FEPE, S BIBIAY 2 2] AN [R] £ BE N7 ] PURI AR [ % 52
FIRE ST . IXAERIE AR T 1 BB P A Ay
W ARAI B, IRHG R AR T X Ay ) 22
S B TR . AR TR A 46 1 1 ik A B AL 45 [R5
(R PG RE AR e B AR 45 XM B S TR
G JE T FNSCARAE , S0 T SR AE G R T I AN
SURE F R Z R SOMG  AARRY B A% B G Ak T
ANFRD GRS SRS, i TR [RGB
SO T I R A PERE.

2 TransUnet $E8Y
TransUnet F& 1 73 22 1tt K2%  (University of Zurich)
MWFE Bt Fabian Isensee 58 A$EH ). BE— 146


http://www.fineprint.cn

H14

LS SR TR A BRI Z I FRIR FLBUE RERIE TR 63

T Transformer ' Fl Unet [#7RFE %> 3245 (& 3 i
7~ ). TransUnet B ABYEHA T &AM 2 M 4% (CNN) A
Transformer L3 T B 80 BG40 BIE 55 %
BERLE SR CNN JZSR R A SR R AL , SR 5 KX
SRR 5 B S A% 2 LS Y Transformer Z514. 7
Transformer BiHerh, A T2 ALK R IR IEZ

A BB OGRS R (s B Bl
TR R R IR T ERAR AT A, 455 hBRIE e
AIREMIELE. &, BRET SRR RRR
328, SERURTIRAY RG] IXRhEE 5 R R A 42 Ry
AEAL IR 5 V58 TransUnet £EAL 3RS % G 53 HIAE: 55
PRI, IR AT BT B N 2 R 7RG 20 B

SREIZ NS

Fig. 1

Shape transformation

a— 5 (original image ) ; b—3E B FF% (vertical turning); ¢—90°%E#% (90° rotation)

(b .{EJ

K2 AR
Fig. 2 Non-shape transformation

a— /i [&] (original image ); b—%F U EE AR 8] ( contrast transformation ) ; c—4i A28 & ( sharpening transformation )
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Fig. 4 Particle recognition

a, b—J5 & (original image); ¢, d—A T35 E (manual recognized image); e, f— Unet 251 [& (Unet recognized image); g, h— TransUnet i3 51| &
(TransUnet recognized image); BEHE 0K 740 53] (Yellow box represents segmentation of particle boundary )
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Fig. 5 Pore recognition

a, b—J5[& (original image); ¢, d—ALiRHE (manual recognized image); e, f— CE Loss Unet iR 3|[E(CE-Loss Unet recognized image, ); g, h— Dice
Loss Unet I5& (Dice Loss Unet recognized image); HHE A2 EHAR4E(Yellow box represents subtle target )

{e) if)
K6 o AR A FLARBORRD R Ok LB

Fig. 6 Particle and pore recognition of tight sandstone thin sections with different porosity

{a) (h)

a, b, ¢, d—J5[E (original image); e, f, g, h—i 725 R (recognition result)
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Table 3 Particle size parameter results by model recognition
and manual recognition analysis
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FERISI 54T 2.70 1.26 3.539 21.7
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Fig. 8 Large scale thin section image stitching
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