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Fig. 1 Velocity model with similarly trending interfaces
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Fig. 4 Seismic forward modeling flow chart
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Fig. 5 Seismic gun record
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Fig. 6 Implementation steps of velocity inversion method based on deep learning

neberger &I U-net LLJK (5 RGB i {53 14 132
WUk A %, ol T B 4 b DT JC M 7% B0 R A L 8 U-
net P25 (1) RGB {8 X AS [ 1o 38 18 . 2 i A 4 i 5%
AN TR A7 A 1 3 A X6 7 AN ] 3 3, P Ok A 7
TS AR B M 1 i R TR R A R % 1 T
DA 22 4 1l 2 580 — R i A I 4% DA AR S s R
fE. 2% Yang " BTt H9 FCN B [ 4% 42 44 v 77
E B 1), Ry T A6 g Tl £ A B0 40 1 o B 1 AR SCHE
HElE T2 S AL L B BE T Y 4% A B 2 R
FRUZ M B30 305 A8 Sy Jie 55 DR /DN T AN J2 44 10 250 40 46 ki
Sy i B R,

W28 25 R an &l 7 o, B R SRR 34 o — 4
AR T R E W s o T B ) an . A2 —
WK TR 256 X 128 X 64 1 = 444 , 5 B4 1k
oA kR B K T T 256 X 128,128 X 64 %, R ]
e IE AN - A2 M AR R Y E SR 0 10.64,128
256,512 Fl 1024, P&l v (0 85 Sk B AT BRAE AL 46
FIHT 3 X 3 B R AT 65 FRERAE X B4l £ 17 BN #2
M3 FH A BTG PR A RELU 34005 PR S8 L Br
PEATERAEALAE 2 X2 M U AL 484 18 (0 5 Sk R
2X 2 135 A5 TR AT 5 2 6 77 Sk SRR Bk BR 3% 42 )2
Bl ami -k RRERER 1 X1 MEBREE.

Z M 4 L) Python SZ B, ffi F TensorFlow #il
Keras fE25 DL SCHRFHESL I by A KRR (9 b 7% 00
ICSERE IR AR 10, PR 0L 458 K0k o 10,
256 JEHIC, Ay AR BB A Sk, i DRI 25 R G )
R T] SR A S5 A J5iE S 1280 FERFE S 128, A ik
N JE RN N 256 X128 X 10,

3 BRI R &R AT

3.1 JHBSHEKE

624 M 25 2 B0 R A0 B R A5 R Y
FEV AT 22— AR SCAR 48 A 53 28 30 328 BRI 2% 5 v
S0 1% Eopeh 153 200 W2 1, Batch Size N
32, MR M R K 0,001, Bk kB iR 2%
(Mean-Square Error, MSE) 32 5 4 #1 2¢ pR %1, 5% H
A 35 R A T (Adam) LA . 7227 ) 05 TH R
FHEE N AL R BRI B 280 30 kAR, Bk
TEEALT 1107 B0 A B2 ) R A7/ 10 45 L
R LG, S50 WL AR = 88 =Y i
21 Python S8, ffi FH TensorFlow #1 Keras 1E}
DL SCHFHEZE,



20

HEARRASHR

Chinese Petroleum and Natural Gas Research

1
8CTIx9ST
[
[

256x128x10 64 64

I~ A
: III
o0
X
N
s
64 128 128
: I . .
p
X
(98]
[\
128 256 256
(98]
(3]
X
>

256

—
_)
8CIx9ST
1

128 64 256%x128%10
AINA)
@
X
=)
N
256 128 128
. . . :
N
X
)
[\
512 256 256

57 WHENKEN

Fig. 7 Neural network structure
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Fig. 10  Velocity inversion based on Deep learning
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Abstract : Methods for obtaining seismic velocity include offset velocity analysis, tomography velocity inver-
sion and full waveform inversion,but these methods all share common problems: As the amount of seismic
data increases,the time required to process the data to obtain the seismic velocity increases exponentially,
and the latter two methods are more dependent on the initial seismic velocity. To address the problems of
the above methods, this paper improves a seismic velocity inversion method based on deep learning. At the
same time,a method that can generate a large number of velocity models randomly with geological features
(undulation layer, faults, anomalies, etc. ) similar to those of real subsurface structures is also pro-
posed. The generated velocity model and fluctuation equation for forward modeling are used to perform the
forward modeling, which allows for the efficient establishment of data set. The basic principle of the im-
proved deep learning inversion method in this paper is as follows: the characteristic information of the
training data is extracted by convolution neural network,which is trained with large data to obtain a non-
linear mapping relationship between seismic record and seismic velocity. In the inversion stage,the seismic
velocity can be inversed quickly by inputting the seismic records into the trained network. In order to make
the network give full play to the advantages of processing seismic data,the authors obtained the dominant
network structure by means of numerical simulation, and achieved satisfactory inversion results. Finally,
through comparative experiments, this paper verifies the advantages and applicability of the method.
Keywords: Seismic velocity;deep learning;convolutional neural networks;data set;inversion problems
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