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FRAE (S B AR AR — 3. L, S T MR GR 5%
HOHR v S 0 R R R, FRATTOR AR B 2 T UN-
et 2044, JF7E UNet W25 1 LAl 1, 76 554 Bk BR A% 42
(A 3 o ff ] Attention Gate™ 8544 , X 7 242 BT
FRAESE L Attention ML, TR SIHLEI L5/ WA 1,
TE R AL AR N S 3 T i A ) — b fig i )
B I . BT KR {5 8 8 s A B
{78 R L T A MEMRE . Attention-UN-
et EAARZEHT Y UNet 2% — 2, W2 454 & 2.,
(R B R A R MG AR ZE . Hop i
OREFEHZ Bz s R E LR
2 W IR CERUZ) Hh i 41 o il AR R BT 2 1
FEIE 1 A2 BT 2 0 KN s T ECE AR R 25
Fe AR 32 IS TR B304 A Tl 4R 3 7 ol 3 A, 21
SN TN AV i VA = N T X v P I = 1)
BE D

o, g S A A o 1) I o 2 G G 3 4 11
Mg KAT 2 BT —J2, RoF K/ E o l—24,
PLE 2% « 64T FORAE ARG g F o ifF AT IR AT 4
1B, Z )G 448 Relu #0006 R DL K —A4> 1 X1 B FLA
Sigmoid G B AE , X 15 5 19 45 B JE AT R FE L 3RS
AR o WEE RS 2 TR E 2. U
2 I 265 1) Bk 2 2 1 0 A 3 SRR AIE

1E Attention-UNet FJFERE 1 2EE FEMT M
SUB R, DL R R R R . e T
N\ L A A A A 2 ) ) AN — B0 L
Attention-UNet 52 Bl 1 A Xt B R ~F =22 [] f) e 55
HH T BRI B Attention-UNet 9 i A Fl %
S TE BRI T3 BEAH R IS o SR S i 5 o A AL
P10 A A AR 2 B I TR S S A S A A A R
S, SR BT B RN SO R DG, AR T
TR B 27 2 (14 b 7 i B A A5 5 R v e R 50 b e S
) P ASE Y e Ay A AR HH B 0 A DG 2 S B0k
25 I 45 14 i A R B DR/ A A O 2R B B 2
S PR e 2 o 6 AR ME S I S S T AR D 3X A )
S, B 35 A L FF A0 % oAV B AT o i K i 2 AT
550 A P2 I ) TR AR TR A [) 1 K/ LR R



1 28 INEHE ,E . K T Attention-UNet W 48

4 b iR JE B M) O R AT R 3

N
i
v
g

W9Lx001

[0t +0VUY

400%301*29

64 64 64128128128 256 256 256 512 512

B w22 Y 3F3%H S EEI]

llll

1024 1024

Ty Bk

512256256 256128128 128 64 64

1024 512512

2 BEJEH UNet BA W& 44

Fig. 2 Improved UNet model network structure

1A P b R RS FRATHE E T AR M A X
TE AR TEAS A 1) R VA 2B B AROR B A ) R A A
i AGEIE . L A T A R S B R Y
VA A R o K 22 M 0 1 7R 0B ) B i A ) 5%
P TR ITUAREE . Z M A E B 29 KD
400 X301 (14 4h 52 S I I O B4t A 2 0 iz Y B
FERREEAITRY b 28 X 4% 1) B R K/ Dy 201 X301
1) 2 b R B AR, 4% F2 R 5 TR AR 1 UNet 4
LA T 22 MERZEEAETE) 4 Mk )2
(BT (A4 A FoRAEZ (TR M1 A~y
B EL) . BBUZ R Relu JUE WA BB
KN 3X 3 B KAAL)ZE 1 SRR T HERFEZ
FORBEH T R/NER Ry 2} 2, TR p e 45 A DY A
TORAERI RN DY A bR AR LR B ORI W 2% R S
V14 % 8 BT 8 R AT o SR 2 foff T 8 A5 TR 5t 5 4%
L2 #HxaAKX

I FH 7R B MR A O B B B AR A R AR A
o 2% 5 LK b 52 HHE A BRCHE J Coe s ) 05 30 48 A
(e D) MR EE X T AR R R R T A S
i 11 22 ) Y AR G R A O R AT AR R Oy

v=Net(d;u) [@D)
Kb d FRORJE UG A AR 1R BT kL w R Pl 4 W 4%
f 2% ] S 508 ARG AT A AR . o 6% I 45 0 FY
YN o FE R

ﬁ"*g‘ﬂﬁ%$ézﬂf%%§%ﬂzxfﬂﬁ§&ﬁ% TR
{d, s, b0 o N FRIR B AL Bi s o, 378 n A3 B A5
.d, ﬁ%%iliééﬂﬁ'ﬁyﬁﬁi&;a@t%%, B HI A
JE AT 3 3 U B T AR AR F

o 2% 368 axt Fre DR Ak 5 3k 3% AR 4 2R R B0 B/
{H» DT I 25 1 S R 1) PR 288 B TR, 5k > oo R 1T DA
RN

U =158 4 e 2%2 [ R FE
u=arg min ZL(U +Net (d, ;1)) ()

(2 H . u %%F%’?ééﬂéﬁﬂﬁ%j’%%ﬁ% L)%
7 B A o, MITRIMAY 0, Z BB % E 8. &
FRA L2 TR Z AT, R ()] H R

N
u = arg minz || v, — Net(d,;u) || 2 (3)
n=1
TR R R T FWI i H br
PREIC, FR IR U R P
E=od =l dw—dul? 4)

K 6d TSI d oo FODLI KL o 2Z 1) 119 5K
P2 v d o PR + d o 29 IR

TS A R Adam B B R B L
AL AT AL B AT B A WSSO ) X R
Kot e ML 27 > 1 ) JUAT By 19 45 R 1V

2 YIZREE mAe e A g £

2.1 HIEESE

N TN — AR 4 52— EE R
MBLYN R4 . (e SR g FON AR, )1 2k ol —
SepRiC BB . 2 R 4k G U TR R i 22
AT BEATIN K B S I PR I 1 — P R

R 2 A UUARE Y, A T A TR A S M — 1)
2.2 lsEER
B b 52 R TR A O TR 2R S I RR A RITRE

2 0 245 114 i 5 R R O e %BZW%%’E%J{*
JRE 27 o 9 Bl £  BITR B A 2 I 4% 1) B A ] DA 2
TR BE B 22 19 25 I I 2 0

FEAT H FATTRE B S Bt Tl s g
%o R 500 A "R LR (RBERUREAS P il i 200



4 HIRACI T LB A

46 %

Position/km
0 1.00 2.00 3.00

Depth/km

Position/km

Depth/km

Position/km

0
0.25 km/s

1.00 2.00 3.00
0.50 45
0.75 4.1
1.00 47
125
33
1.50
175 2.9
2.00 2.5

Position/km
0 1.00 2.00 3.00

Depth/km

Depth/km

1.00
1.25 .
1.50
1.75

2.00 E

B3 % ERETG4AMERLE

Fig. 3 Four sample data in the training data set
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Fig.4 Six shots of seismic data generated by finite difference format
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Research on the construction method of speed model based on Attention-UNet network

SUN Dehui!, WANG Yunzhuan', WANG Lili?

(1. School of Earth Sciences,Northeast Petroleum University, Daqing. Heilongjiang

163318, China;
163318, China)

Abstract: As oil and gas resources continue to be explored and developed, relatively easy-to-reach oil and gas plays are

gradually being built up.and the focus of seismic exploration research has shifted to more profound and more structurally com-

plex areas in the subsurface. Traditional seismic velocity modeling methods face stability,accuracy.and computational efficiency

challenges. Therefore, this paper proposes a deep learning velocity modeling method based on attention to UNet networks to

map seismic data to velocity models. The method obtains reflection wave data through finite-difference forward modeling. It uses

the reflection wave data and the corresponding velocity model (label) pair as the input to the attention UNet network to estab-

lish the mapping relationship between the seismic data and the velocity model. After network training, the velocity model is esti-

mated for the newly input seismic data. Numerical results show that the method also exhibits good performance compared to

conventional FWI;once the training of the attention-based UNet network model is completed. velocity modeling of subsurface

structures similar to the velocity structure in the training set can be performed quickly without extensive computation, providing

higher computational efficiency than conventional methods. The method has good extension value in building many velocity mod-

els.

Keywords: velocity modelling; attention mechanisms; UNet; full waveform inversion



