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Application of SinGAN method in sedimentary facies modeling
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Abstract : Sedimentary facies modeling is an important part of reservoir modeling and there are many methods to build sedi-
mentary facies models. Traditional modeling methods need to describe the spatial structure information of variables by vari-
ous parameters such as variogram and data patterns , and then reproduce the spatial structure in the realizations. With differ-
ent strategies, the reservoir modeling based on Generative Adversarial Nets (GANs)learns a large number of images (mod-
els)to generate the model possessing highly similar characteristics with the learning samples. Generative Adversarial Nets
based on the single image (SinGAN )only need one image for training to generate highly similar images , improving the tradi-
tional GANs. With the sedimentary microfacies diagram of two layers in N gas field as an example , the corresponding sedi-
mentary facies model is built. Compared with the classical multiple—point geostatistics method Simpat, the SinGAN method
obtains more similar spatial structure of sedimentary microfacies with that depicted by training images and has a good appli-
cation prospect.

Key words: sedimentary facies; facies modeling; Generative Adversarial Nets ; Multiple—point geostatistics ; data pattern

fitt R BT Z LR, A E A AR SCOURURBERL, SK 5 7EARRISERE T 7 )2 4 1k
PITH M TP SR D R R, SR O TS BN B E M R R
DIBUMTEE RO FOh i) — DB EIATT . i el W IR RS AR — Ok UL, A AR

Wi F:2021-10-22,
fEE A 2204 (1972—) , B, IR, #0852, W4, BTG T% | )2 E0y 1 18 SR T/E . E-mail: 534354156@qq.
com,

FEEIH < FES A RBAIE A H LT R 1Rk I fif 2 A R AT 127 (41872129) FIl“ /D FHE S5 1F R (14 J2 AN i 1 A 5 AR 0 £
BT (42172172) 6



=

.38 WO He

Jit

5 Xk Ik *E 20224F 1 ]

PESEUH 53 A0 FRAE SR A — R FEARBI R EL Al 22 |
HENT W 2 RO A R A% T 5 B, 20 1 ) 1 28
()23 () 5 A1 , o [ 2 B 2 AR A e A I T
J Iz R, 3 HLsk A A B FH S e i —
YK, i PR AT B AR AR A AR b T
B SR A A 2B ST AR 4 AR
ALHE LT W0 S TR GE T 24 1 07 2 OF BHER R B4
T = T ALALL) BT H AR BT VL 2 A T S
11 2% 75 15 (MPS, Multiple — points Statistics Methods )
FEEF VRS G ) PR vL . H 1993 4F
& 1 MPS J7 v 7EAR Ay 1 et B4 1 g T i
50, OTIRERA T WS M T GE T R VR R T
H AR A 7 vk AR, B B Ay b 221 ) A 4% b S 4%
(LA | MO 5 2 A I 25 R8s . MPS
DLW FE IS, h Ah 2 X 2 L) MPS T
AR TARZ G, MPS ATk RIS
AR, 5] a0 228 M %) 56 T M S A B — T B 5 R ABE 4
(Snesim) J5 %, HAZ OHOARALHG : — XTI 25 EI5
SEAR RS, TR AR AR R BT
P Simpat 753, 38 2 TR EGE S5 U1 2R RS
AR 22 S EA TR B 6% T e b, T L M A
Ko FFXF—A T X 5 5T — AU G B R TA
L, BR AR 2 T X BT AR E AR TR R AN
BV, AT RLSR UL 3K I 25 BER AR SR A [R] 174 b o A5
20 T IZR K R MPS J7 92 50 5 5 S R BN 24
FUR AR, (H X SR N B AR L S A A 2otk
B, AL AN B 2 20 by 5 4 DB 194 ] 728 P AN 0 o e
DUPONT 1A A 3EF GAN LI AT DL fif pheas s ] i 2!

1968 4=, IVAKHNENKO 22 FF T 81 2% (Percep—
tion) A A&, WA B TR B 2% ) R R, 2014
AECTAN SRR T GAN k™, B4 & AL il A% Al
FIN G, WA B R 2Tk 2 B REE K
T JRAE H A F AT R E g . I AESE
N TR RE Ty AR T AT i o FH Bk ™3z, 4 4n
LS A3 6] F ML 1 U X G Boost 1] T 550125 Sh ST ) i
JE LT RE TN, 455 R R S U8R T8 ) 2%
HEAT I JE ) 32 38 MR 5, B0 I (5 A4 1 3R
S, N7 FH 22 U B W S 5 T Ui S AT 1A Bl R
D LA ERIC A8 8 H 3L F I 25 R 1 43 1]
A ORI 25 D0 28 b T 6 T RO T 0 T BE
% PR A B 2 R = A B R SR R B R
COIFFIER %5 FH AE B X B i 268 I 28004 — i iE AR &
B = A b 0T B %0 1 S BT B FEARIfE GAN
(14 A S i R S0 e 22 ) 5 | N B AL AR PR A 25 B0

ZHANG %5 FH 35 T UURL 45 44 14 A 1t 4o 22 T 4%
Dy A e ) =GR AR AR 2y kT DR A
AL 2 e SRS | ] s ELAG G 2 R4 PE (IR k)
FT i 1 RE Y . HRTHH GAN 5 2 A 7 22
KA IIZRIRE , BT 15 000 5K 31 25 [ 5 27 > JT Jié
BRI, A8 T LA B 5 U1 R MG AR & 26 B A
PGS H R KR IR R0 A 15 2 2T I R
TiZ 7 PMERE . SinGAN J7¥E BEAS MBS A
SR FEULIEMG A BT B, 52 il T % 48 B A B Bt
it 2 I 245 5 LR 1 R R AT U R i PR, oy
I, 28 # 22350K SinGAN J7 4k o, FH B A A v, L3
PRI JZ A ], 5 28 LR B R 20 AY Simpat J7 75
HEFTXF EE, SinGAN J7 ik o H K48 i I FH R 5t o

[31]

1 SinGAN Jj A sipp

GAN J5 ¥ AT LU AE B 55 10 B8 b Joi A = v 5 DG i
I HL 2 A5 RO f R (R R I R8s L A0 T
KERFFEIZRE . SinGAN J5 ¥ fEE B4~ B
SRIEMG 2 2] I AR AR AR e
SinGAN J5 i J& —Fh 4 7 35 XU 4 6 PR A
A GAN ik, 55 W E GAN k2ol , Hoi 2k
AL INGAEAR 2 IR R 01
T A (R ROBE SR R A R R S A ) SE T T AR
15 AL B 4 3 Y A RS RN 20T iy Y 4 7 3
KB BRI — M UG BEE AR, B R A 1 45
R R R R R dE s ] o DI St R 2 A fo b RUBE
Fin, Z 0GR AN R . I A 09 Az s A )
v LA AH R A B AZ BT, DR e B A RUBE )38 20 1 n fig
% 4 R B BN RT 9 R 454 o TEBH U
A 1A AR A v 0T o A MR S A B R, R A A
H
iy =Gy(zy) (1)
TERHRET , RSS2 B R A2 2R R R
S PR AE B AR ) S AR B AT J R4 SR
ER o, B AR AR SIS B — R
IR e S Ra Y W s 155 WS s A ] 1 L 32
B— A B 7 b — A R 0 LR A B
B, HERIA AR
5=6G,(z,.(%,.)1T " n<N (2)
A 0 A LA S5 2L, 0 Z A A T AR R
A RZ Z A, B 2 ds &) L — A
A GG X BR AR IE GAN 5 vk & Z A A,
st RN, HA)Z B AR A L — A REE
= AT, R IA AN



296 A4

2/ A T B — [ A OO P 22 000 285 5 Yk AR ST URURF A v g 1oz -39+

=500 g (50T ) (3)
BIRE RN R 3x3 TR RE B A48 PR
I 32 G B, I — A R B A A 1Y
164> o PR kg A i o A i R Y s AR 2%, T 1
O Y AR B, AT DA U T R /INRIHR B L 451 6 (5]
%

IR 3 2 R DA S5 A RO 31 e A RLJE |99 I
B, —> GAN k2R o8 5 s AR e 1B e R A
IRt S AR XU 2 A e i 2R, Rk =oh .

Min Max L, (G,.D,) + aL,.(G,) (4)

X BL A5 % FH oA /0 I 5 BELBCR A IS 1 LR
PR 23 A1 FAE SRR AS vh i) o317 22 [ 8 22 5, Bt
PR AR AEAE T RA7= A DIl 25 G R SRR T 1Y TS
e E R KR . B A S — A BRBRER
FBN G5, 050 2R A ) BEAS EE B B D BN
RIZE . SinGAN J5 ik i SCHY 2% 2 B A [ 45 A 4t
O IERERILE AT LA T i B . SR RIS 4%
Y 45 ¥4 A1 A il 7 A 19 B BatchNorm—LeakyReLU 19 5
A PR ZH A e 4 A BRI 25 AR ] DR Bt R
ANBARTR] o A B AR B G o, IR UEAF A —
R E R AR AR . R A RIE N

L.=[6. o0zt - (5)

R Ry N T A R AR ZR A i
Hik A — N E AR, B EGRE TR
JUEE RS bR i 22

SinGAN J7 ik R A5 A8 N2 Bk 22 JE M RAU 25 L
R B I RO B9 RO B N, ]
REAT AR A0 I AR AIE o Bl RORE K 4, o v Jo
0 45 R B A R A o 2 B A i PR AT ok, TR 25
FybEE RO M A2 4L

2 BRI b

N HHAE T ] 2 T i 2 2 M 7 T ) o e S
by TR AL, O E R R 2 AR, B
LRI 3 B URGE)Z 1R LB T 100 m, AU
AJRER T 400 mo T JZBAEMA B EZR
KOV E AP IS Fe B b A 2, HoJef
WR D B T BB R FIRR A )R
WA E b IR D s e

N T KRR T A R A B, RO N2
AN ARERIERY/INZ DR B A I GRS, AL
T CDHERIE A DN ZR MR 9K/ 256%159 4~ K
HIT, HP A La FARPERLLE , B 1h 822, fE I %5

UL L35 T R AR R 22 5, BRI 15 ] e 5
HRNKET o« R HIZ TR IE 2R 2 4R TR
AN 5 IR 1 P85 A 45  CPU SRS /AR
YRR 17 AL AR %N 3.7 GHz, is1T WA
16 G, i R FHIH A GeForce GTX1 080 Tis

a—HA %] F
o ] [ s
E1 2MMNERIREE

Fig.1 Microfacies maps of two layers
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Fig.5 Simulation results of SinGAN based on non—stationary training image
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