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Deep learning-based geological modeling driven by sedimentary
process simulation

LIU Yanfeng, DUAN Taizhong, HUANG Yuan,ZHANG Wenbiao, LI Meng

(Petroleum Exploration and Production Research Institute , SINOPEC, Beijing 102206, China)

Abstract: Problems including insufficient quantity and low resolution of data face exploration and development of deep
and complex reservoir targets, and the traditional geological modeling methods have been inadequate in terms of
technical needs. The intelligent geological modeling represented by deep learning capable of fully integrating multi-
scale and multi-dimensional data as well as expert knowledge, is a key research and development direction of geological
modeling technology. The study discusses the deep learning-based geological modeling driven by sedimentary process
simulation following the comprehensive analysis of the advantages and disadvantages of stratigraphic forward modeling
and deep learning-based geological modeling technology. First, forward modeling of sedimentation is carried out based
on comprehensive geological analysis, parameter uncertainty is analyzed, and a large amount of geological models are
established through parameter disturbance as a training dataset; Second, the geological patterns contained in the
learning dataset are learned with the conditional Generative Adversarial Nets (¢cGAN) , in which the Generative
Adversarial Networks (GAN) takes the conditional data such as well and seismic data as the input, and the geological
model as the output; Finally, the trained GAN is applied to the real conditional data to obtain the geological model of
the target block. The feasibility of this method is verified through testing on the typical geological profiles of the main
block of Puguang gas reservoir, and the impact of the training dataset scale on simulation results is analyzed. The
combination of sedimentary simulation and deep learning could make up for the shortage of training data and indirectly
realize knowledge-driven deep learning-based geological modeling. The method is therefore of great significance to

popularization.
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Fig. 1 Workflow showing deep learning-based geological

modeling driven by sedimentary process simulation

FHIIN RS 9 A I 28, BLHkim A SRR, R AT 153
PRI BRI S5 N ZR A A A O 7T R) 2% 1)
T 2 R PR DU B A S O, LA O A | il
& B R AU R, $8 2 58 T b oAt B 55 it R K 1
FNGREA SR R Sy i, HAATT A UL 1. 2745 /Y
ik

1.2 EFEXmHENLR it REER

1.2.1 A AT M &3 24 R 32

FEUREE 2 I HEZR T, Mo A2 — A i nl
iz B 25 H bR A4 0, A 2 I 45 4 Sk 0 531) X 190 4%
B 4% « i P e 2 2 T 4% 2 5t — 2R 81 A R
JES MRS R a2 R 5 H A4
P 26 J2 75 3] o A ot 22 X 24 2%, G AT 4k 1) BB B0
A5 075 M A T R SO AR S T AR b o A
T H R TR B | =R R R s B FE R G A
XPAPN 2 11 L R 00 2 SRR T T RS B — AR A%
IR ] Ay A ol e A 2 P90 445 [ B, AR 6 140 331 =X )
R, A X TR R ML 2 > MR A, 3 A T
26 1 B2 A R IR T AR o R R ) . %
AR MGHAE EHUGRIE S G Bl As 21038 K, 1 FH 2]
LYo K

A T I 48 (GAN) B A= B 28 (6) FH] 0 ) 28
(D)L, R X B2 2T i SR AT 25, H A 2 AR
He R FE IR BE TR B AR M 4 G ZINEHE SR T, AR
R 2% (G ) B NS B8 53 A p (2) R FE R BEDL ) 7 e 5 5]
i AR TR 25 0] 550 I 28 (D)) g i A o Joi A 7 e S5 5]



514

XA DU BRASTAUAKS T (TR 27 ) b 5T e Ay vk 229

RLSRBEAR CHIMT BB IR . GRYPERT R A R & ik
DINR“ ESL” BRSERY 1T D 2 XA T, BT
G BEAL R, i ok A REAS PRI B HY S L, G FIL D
TEAHEZE S rpog o] PR Az O TR 4% . ARifiA:
BT 25 1 H bR R &
mgn max (D,G) = Ewmm[lgl)(x)] + szm[lg(l -
D(G(z)))] (2)

s 2R H po I IREA s p,, R PRI IR A 5
D (e ) J2 0 31) 190 28 Xof R A 19 S 31 5 2 2 9 7 5 )b A Bl
Bl 5 G(z) & Az i B B Y 5 D (G (2) ) J2 1 53] W 2%
Xof A R 3t 5T B 53 s S — AR AS 2 H i 2
I

3 o KA Y ZRT LAAS 3 AR 2% G, R B
T BEDL ) 5 z B M BB A i, AR AN [F] A 2 7T LA
e ) AH L 1) M oA AR (HR 2 A B R ) B
TEAE 2 R0 25 A A RE A ST AT 2R b ot 2 LY
RREAI S SR AR 0T 2 i A AT B ) B S A
BESHC i 4R R D Wk

1.2.2  £HA0 & x5 30 W 25 2 i 3 AR

SR A BT 90 285 i o A B2 R A AR
BOEAE R 45 (5 A A3 e ml = i TR . A ifE
GANFE N Z 5 0 T 2 AE i a5 53 (R fin T 4 1R
PRAEH I T 2L GAN,FRH cGANS". cGAN J& GAN
4" , & B A= B 265 FIH 551 P 48 R R A 1 s L 2%
HEAE T LR R, AN RIPR A (P2 B
BESLUURR e KT AW ) BB )2 AT i SR 2R
(P BT PR K RS , [R] 2 5 3 AR 00 28 FH)
SIS . AEA B2 b | 4 SR B E
FNREAIL ) 5z — A P28 (A2 s ZEHD I 2 v A
A 25 B oo RS AR y TR A S i A (B 2)
cGAN B EARREAT LR AU R e
mgn max (D,G)=E,_, [gD(x,y)I+E,_ [lg(l-

D(G(z,5)))] (3)

FE AR A A ORI I 48 B SEAHE SRR, 6 A [R) €3
B, PR AR TN P 2 2k . L R HLA &2
FUBE 52 AR AR, 5 28 A 1l I 24 L2 TR 9 A g 7
U-Net fift 28 [ 25 2 B A 22 RUBE 45 BRI 5 )23 3% 02 1) o
R TEZ ] 22 RUFE SR RO D T 2 A B T B AR
S cGAN [ A B 4%, T LA F A5 B 4 Fn = 4k =6
JEE M B RY  SE R, TR X 4 AN R A
55 AR — (0 1) T 7 B b B AL 1Y 22 R 45

G(z)

U-—net¥ % 0
N
Y BEMLI N
o 2
L ik
_ D(x)

 dam

X

K2 ZRPH A O R 25 SE A 451
Fig. 2 Basic architecture of a cGAN
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Table 1 Main parameter types and analytical methods of sedimentary process simulation of carbonates
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Fig. 3 Comparison of stratigraphic forward modeling by manual parameter adjustment with well data
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Table 2 Parameter ranges of stratigraphic inverse modeling

Fs ¥4 F/ME YN Fs 28 f/MH N
1 AmpSeal.l 40. 000 120. 000 22 KEng2 1. 000 3. 000
2 PerdSeal.l 500. 000 1500. 000 23 KEng3 0. 500 1. 500
3 AmpSeal.2 20. 000 60. 000 24 bEngl 0. 500 1. 500
4 PerdSeal .2 80. 000 150. 000 25 bEng2 0. 040 0. 120
5 PerdSeal .3 20. 000 60. 000 26 bEng3 10. 000 30. 000
6 LinEuElev3 -55.000 -10. 000 27 pPrl 0. 350 1. 000
7 SubsidenceScalel 0. 500 1. 500 28 KV1 5. 000 15. 000
8 PDX2 40. 000 120. 000 29 KV2 17. 000 52.000
9 PDX1 800. 000 2200. 000 30 KV3 12. 000 35. 000
10 KDX1 5. 000 15. 000 31 KW1 0. 007 0.022
11 KDX2 25.000 750. 000 32 KWw2 0.012 0. 040
12 Apord1 2.500 7.500 33 KW3 0. 007 0.022
13 Apord2 15. 000 45. 000 34 kR1 0. 025 0. 000
14 Apord3 7. 500 22.000 35 kR2 0. 020 0. 060
15 Kpord3 0.010 0. 030 36 kR3 0. 007 0.020
16 Kpordl 0.010 0.030 37 kH1 0.030 0. 090
17 Kpord2 0. 020 0.070 38 kH2 0. 100 0. 300
18 Wpord1 30. 000 90. 000 39 kH3 0. 030 0.090
19 Wpord2 15. 000 45. 000 40 WaveBasel 20. 000 60. 000
20 Wpord3 35. 000 100. 000 41 KL1 0. 002 0. 007
21 KEngl 0. 020 0. 060
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Fig. 4 A group of training samples randomly selected from the training dataset
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Fig. 6 Results of applying the trained generative network model on randomly selected test dataset
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