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Abstract : Improving the resolution and accuracy of seismic reservoir prediction has long been a key problem in reservoir charac-
terization. A novel seismic reservoir prediction method based on wavelet transform and convolution neural network is proposed,
which is driven by prestack seismic, poststack seismic and well logging data. Wavelet transform can obtain two-dimensional
time-frequency spectrum including both high-frequency and low-frequency information. Convolutional neural network is good at
feature extraction and classification of two-dimensional image-like data. Using the spectrum as the input of convolutional neural
networks is helpful for making full use of high-frequency and low-frequency information of seismic data for lithology and reser-
voir prediction. The proposed method is applied to the reservoir prediction of the Shaximiao Formation in the Western Sichuan
Basin. Firstly, the distribution of the channel sand body is predicted by poststack seismic data, and then the distribution of res-
ervoir type is predicted by prestack seismic data within the channel. The results show that the proposed method has higher reso-
lution and accuracy and can predict more small-scale channel sands than conventional inversion method.
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Fig.3 Architecture of seismic inversion based on wavelet transform and convolutional neural network

2 fEETN R A

TR PG 3505 58 VT4 X 24 200 k75 i b 7% 7
W XAE R BEEMFIEIX, WF5E X H 2 VNE i 2
KB =AM = AN AT S DR, i 2 2R R DL 4y
TREBUERD 78, B X BUERD it 23 R AL
BB BB SAESRE S R 3 )3 IR E

D SRR TR TR B e i R i 2k, 1 25 f)2 5
FARXS B A B FLBREE BB R LB N 8. 0% ~
14.6% SEY¥ 0 11.7% 3 15 3 A fi 1E (0. 483 ~
16.200) x107° wm? , 344 1. 312x10 7 um? . F 30
U AR I E e, 25652 LB R AT
HBBERRE LBE R 7.6% ~14.3% ,F¥ K
10. 6% ;B35 R34 7E (0. 017 ~0.518) x 107> um?



%44 K H4H

RE P, S KTk K e e B ARAY B W 250G 30 B AR B TR g7 ik B - 87 -

IR 0. 153x 107 wm? s &AM — i, Bl 20
=, MEGEZFLBREE B3 R R 2%, fLI
H2.6% ~10.1% , V-3 7. 4% ;38 35 55 4 78
(0.008 ~0.336) x 107 um*, 4 0.048 x 107
pm®, FAHEZE VBT Z ARSI, T RAEE N
BUHE S T 2Rk, 242, HHUFFE IX
& Ja MR S A R R s DL R R A Ay 13
Z 5 MR ST, X LU R IR T 1 R A ) M
ST ¥R, TN A RN A ] i )2 28 80 A 23 i
s
2.1 EBHMEREREDR

R R A 2 TR0 A B 3 BT s A ST
or - 2

B

5

MR /107
I w IS

—

0
8000 9000 10000

11000
WL/ (gecm3 emes™)
(a) FEFERE L5 VA Y3 H bt B R

12000 13000

Y\ U B L

9000 10000 11000
PP BHHT/(gecmP emes™)
() PEFEELEHFEERT2E

8000

1
12000 13000

T2 8055 Hi R R IO, 22 B AR 2, S T R IR
gy S IR IO B~ S T B i e =R T 7/ B o VT T =
O BIURCA A 3RS 5, T 0 G 3 ) 1 7 S i T
W75, B4 Geit ot TR R R EE A
B2 G A A A Y BRSPS HURAE . F )
A DA% BHAE G Bl 2 8000 ~ 11000 g/em® » m/s, I
EIEBHBTA A 7E 10 000 ~ 13000 g/cm® - m/s, 4\
PSP AT LA 43 ZEW A BD A M A, R RE X 4
AFIRAEEZET Sl ARG B TR 25 A
PESEL, W BT RS R 2 L AR L | APEAR
HEAF BT TR I R L SN BH LSS G, T LA
XA ARl i )= 2

8

MEREFE/10™

0
8000 9000 10000 11000 12000
WL FHH/(gecmP emes™)

(b) fif = 28 2 4 BHL 47t 8 A

13000

251

0
160 165 170 175 1.80  1.85  1.90
PR T
(@) R R TY P & H R

4 DEEAERYMELNT

Fig.4 Analysis of rock physics of Shaximiao Formation

AR A ) BRRRAE ) G 2 M 7% )2 50 J7
ko e MU S AT AR Y BT, o i T LA
WRIEETE SHDBETTRC R HEN A EE R, 55
Je MR BORAE LU, 25 i o 0 A R AR 1 MR LA ) A
I AEDR B T IR MR BE ML AG R A2 A 15 8 3 i B i [

IF B Je A B R R T 9 B AR L T i B 2R AT
W, AT HEInAE e b 48 S OB BT BRI A
[ [A] A B2 8 T T (0° ~ 12°)  HP il (12° ~24°)
FIZEIE (24° ~36°)3 A FA LR 43 S A K v s it
L BB BHHTANE BE , - 7E LAl TS A



- 88 - BB K FFR(AARFFR)

2020 8 A

BRI B DR S L SF 2R SR, S a0
AV BRI AS IR i R A B A S S R0 LIS
FUAS RIS L2 1 T 25
2.2 REFIMEEEREDSE

TRIE 27 ) MR A 2= ST ik B 3l )
HFRARIZ TN, AN b AT 5 W B W 25 20
W AR B A T LA Bl ) 5 A 28 TR
AR, AR A A B AR S S R AT

DATROM 2P A B, Mt J2 2 A 5 B3 3 25 i b i 4
T, i DA 2 )2 O R DS R K
o R R S N SR | ST S S R B 2 2
iR S AR T P R A LB b AR A A
FEAR AR 2 28T S U SR B5CH | 57 S iR B 2 ) b
A e RS R TR F R [ 2
RIGEZE A, Q& 5 B

M

Eidl b
%[ _ I
[ ﬁ
ol 3
& T 45 R
B 5 R B TR
4 VT on
): | ; *:Tv— .°..'. B
% ~ | | T
i
ﬁ =
)E -
im k.
B
B B R B 2 ST

TEERE I

WS e

|

&5

Fig.5 Reservoir prediction based on deep learning

BT TR o ) MR SO L R B e TR
JBE 25 o I T AR TR AR 1) 25 BRI 45 2544, 46 350 0 A
BEB NI | rf AT A RE b AR B 23 S ) e
e P =08 AR EHRAE A RIER(2) T
=3, DU H-figp B = 2 il JR 2 B R 0 45 R i o
558 5 DR BE o7~ M 7R SO RUAR L, B Al TR
MRS B R R R R B RUR 5 2 E )R, A
[l S A BUZ XS I | G =38 3E i A R 2 AT 4
ARSI, AL 0 25 SR (R A A5 2 B — 2R AR I R
SR, T i 36 ABE 3% 5 K0 % 2 SR AR O e &
I T 45

RIE =2 ) Gk 2 S o g W2« B I TR 5

it J= SR AT 45 R

TR

ETREFINEERRHBNRE

TS T e N B IR B A T B I i 2 2
R B, YNGR vk 0 Y B 5 TR = SRR X
5T X 13 H A7 s Ak 35 | JE A3t 3770
AFEABIBRAE i A B AT 3% 1] B4 A 5 T Lk
10 ~80 Hz, IF1A] %5 K2R ] 40 ms, s 6] 23 11 37 g #F
FEX MR A — AP DL B A BE 4 4
K3 AFAE NGRS UEE AR AR R
K H— 2 I IST BT A BEAR N — I 4 il Bl 2
Mg VI E I, T g 2 g S AR 1 M
WAL o B0 UE4E AT 246 F P U RSB Bl il i
FEIME AR B BEAL 30% b B UE 4, 70% Rl 254k
WL GE T, B A A R AR 0 BB R BT AR Y



BAME R4

RE P, S KTk K e e B ARAY B W 250G 30 B AR B TR g7 ik B - 89 -

17% ,3E/NTF IR A FRZEREA Y L], K > B3 i b
FREARIEAT 2 A5 2L RAE, TP A I R4 R E
PR E TR A REAR L, 3 SRR £ AR I 2k
SRR UE AR 1) F0 A o B M A 25 il A5 7R B 25 ) 1)
i, B U G fif J2 2R T0I Y B wiUR E 2 )
BEARYET B 46 v 5 UIT A 650 A0 A A 25 4
AREAE, LS AT | rh I A S b R B N
A, LA ST A g — 25 0 23 S ) 43 25 AR O i
o RIRELL JST A E R, H Ay R AR B B AL
30% M I IELE ,70% RN 24 RN 2R 55040 i
FIREAII 2 EA T8 B 1 S5 Ak, 15 31 2 1k T
() B I TR BEE 2 >0 I ARS8 R i 2 208 28 0 1)
B RTIRIE 2 3] s R | fe K AE B ) T
SRR B 2 2 B i 2 AR

2.3 fEETWINER
2.3.1 #H4R

3 A DU S 08 00 45 S 43 B TR B 2 > X R
2 PR BRI BN EE T1 TR 2 2T AR )
WS RLA P RN i J2 28 AL 5 S0 %, OIS B0 A8 R
KAGZEAY NG B AR R 22 B g T 25 51 . 181 6
SR I IST I LR S R 2 ) A TR
it 2B TS5 IR, VR BE 2% 2] St Le i b 2
JEAE 11001150 1325 ms AT H o Z b5 5
WAV G b, AR T U i )2 2 A 1
MR PE 2 2] J i xF JS7 11080 ms Ab#Y 11 25 4% )2
TG, H I JST 0 25 R 0 VR 4 2T I
HAE A E RS2 2R A B0 1, 55 0 v A ig )2
KA G A AR TR R %
3 3 H 7R 3

WE  BE EM R af
KU B R BE W g guEby

A

WHMBERE RERIRE AR T A R
. ®E B e 2 P BB AR
RKH g KR BB M EEL
1000 -
1050 -
1100
§1150 ;
'
1200
1250 I
1300!—
1 30—

W 2R (geem™emes™)
1.0 I12 000
0.6

" s
BB/
A (geemdemes?)

w# |7000

W 6000
LI N b
R HEAELL
m §1.9
I% 18
S | R [ | SR B RS R
-5 55 5-5 5-5 5
i RIE O ORE IR

Blo6 JS7THEMSHELRBMMER
Fig.6 Lithology and reservoir prediction for well JS7

K7 MG 13 OIFF A | T 22465)2
11 254%)2 5 IR BE 2SI AT, SR e B AE 5 101
M RM AR TG, R T S m BIRDMAR TR 2% 2]
U A TRNKG 2SR5 92. 5% 0 b 72 39 BELH7 2 vt
TIRE FE 47. 5% 5 U 442 B 7000 A1) 440 JEE JE 5 22
JEERT 5 m BB TR B 2% > S8 T b 25 5 4
SRR IR ZEHE 34 % , & 0 Hb 7% U B Bt Jz i 0 b
RSN IR ZETE 66% . WERIM AT b %
B 2E o] R I A m RS

P BRBE A U MR R T 5 m iy 1 28k I 2k
EATG, SRR B 2 2 RO T 252 TR B
iKF 83.3% , 1 54 )2 T AG B2 1K 2] 87. 5% ;& #K
BRI T IAEZ TN R 33.3% , T 2627
MAEBE R 69% ., FeIETIMEE R TS m 19 T 2Kk

1 KRR R 2 SRR EE 2 ) I 1 K482 =
FETUMSE AR IR 2K 34% , 11 254 )2 JE 1 T ~F
PIMXRZE R 15% ; W HB TR 1 25662 8 5 1
TSR R 228 75% |, 11 2848 )2 ) B T ~F- 34 4H
XRZER 72% , 2R b IRE S A A H
i) T

T JE B S R B et A AR R R A
FOETA A | T 20 T 26t J2 000RS B2 40 = 1
bR S s, B T A 0 0 e
2.3.2 F@LR

Bl 8 MR 2% > S A5 B AP AR A 1 DL
K SR E T 55 F0 b 72 S A5 2 A B BT A
A JZ 2 AT T AB 7B VLR 9, H L RH
PR S PR AR LM 25 HELL T 20D A S



2020 8 A

Fig.

(&) HHMRBEFWR & B EX

E7

(o) WHLRIEBI 1 K082 FBEXSH
REFIRESEMARTTNBE, | X N XEEEESNHEEREST

- 90 - PEEHKFFROAARFFR)
357 351
; & 30t E30f
st %25— %25'
nh I 201 @ IK 20
R15 ﬁls- ° s §15
=
= =~ 10[° %° =10
= 50,0 2 s
B 0 ., 53
0 5 10 15 20 25 30 35 0 5 10 15 20 25 30 35 0 5 10 15 20 25 30 35
WIS E/m W 1 24% 2 E/m W 1244 2 JE & /m
(a) WEFIWNDEEEX (b)) WEXIIWN 1 K642 EBEX L (c) WEHI TN 02642 & E Xt
351 357
30+ E30
Eost ]
w250 e 25
mh 20 uzgzo
2 L
%15 R ﬂ(15
107 =10
lo =
5 5 Zs
0 o o 0 (0 0,® 100, | L ) 0 1 . . )
0 5 10 15 20 25 30 35 0 5 10 15 20 25 30 3 0 5 10 15 20 25 30 3
W FH7p B /m W T 2464 )2 8% /m W H 02K 4% )2 )E E /m

O BRI T 11 264 2 5 BE X LE

7 Accuracy of sand, I and II reservoirs predicted by deep learning model and conventional seismic inversion
P IEST/
(gecm™emes™)
11500
11000 £
=
10500 =
10000
9500
1800 1850 1900 1950 2000 2050 1800 1850 1900 1950 2000 2050
ERss ERss
Cad #0779 T 5% B 47t (b) TR BE % 21 I VE TR 4 W 2
1000
£
£ 1100 W
=
E 12008 R
1300 4
| - _
1800 1850 1900iE1950 2000 2050 1800 1850 1900 1950 2000 2050
Ce) H M7 VT A Cd) ¥ BE 2 51 7 Wk T 25
I S —— T A
1000 Lt e 1000-?"_,--'-,- | - e % 2
e e ) Ly & E3]
£1100 H - flg E1100F7 ™ oo = - fl}é%
< - e — 2 . e 4] - e — ] =
= ~| 1% B e e 1 £
#1200 . e E j200p = S - o
- = 1% B * =l R B
1300 =t S fifz 1300f - = e iR
. . . . . . e L
1800 1850 1900 1950 2000 2050 1800 1850 1900 1950 2000 2050
s s
Ced W BT VE T i 2 6 2L CF) PR JBE 2 2] 7 v T s 2 28 7Y
B8 REFIRESENREMNEESHEEREEIEII L

Fig.8 Profiles of predicted lithology and reservoirs predicted by deep learning model and conventional seismic inversion
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Fig.9 Sand and reservoir thickness of J,s,' predicted by CWT—CNN and conventional seismic inversion
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Fig. 10 Sand and reservoir thickness of J,s,”” predicted by CWT-CNN and conventional seismic inversion
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