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Deep-Learning Seismic Inversion using Laplace-domain wavefields
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ABSTRACT

The supervised learning-based deep-learning seismic inversion techniques have demonstrated successful performance in synthetic data
examples targeting small-scale areas. The supervised learning-based deep-learning seismic inversion uses time-domain wavefields as
input and subsurface velocity models as output. Because the time-domain wavefields contain various types of wave information, the
data size is considerably large. Therefore, research applying supervised learning-based deep-learning seismic inversion trained with a
significant amount of field-scale data has not yet been conducted. In this study, we predict subsurface velocity models using Laplace-
domain wavefields as input instead of time-domain wavefields to apply a supervised learning-based deep-learning seismic inversion
technique to field-scale data. Using Laplace-domain wavefields instead of time-domain wavefields significantly reduces the size of the
input data, thereby accelerating the neural network training, although the resolution of the results is reduced. Additionally, a large
grid interval can be used to efficiently predict the velocity model of the field data size, and the results obtained can be used as the
initial model for subsequent inversions. The neural network is trained using only synthetic data by generating a massive synthetic
velocity model and Laplace-domain wavefields of the same size as the field-scale data. In addition, we adopt a towed-streamer
acquisition geometry to simulate a marine seismic survey. Testing the trained network on numerical examples using the test data and
a benchmark model yielded appropriate background velocity models.
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M E 31, Liu et al. (2023} A}7| A =85 (self-supervised learning)
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T EA(Yilmaz, 2001), ZA] ER T2} (Zhang er al., 1998),
Hulg 4K Tarantola, 1984) 5o] ik Hutey Fike] 79
A= FYof uket A7 G (Tarantola, 1984; Gauthier ef
al., 1986) GAE, Sk g (Pratt and Worthington, 1990) &
A, 8] 3 2kZatA oed(Shin and Cha, 2008) A} S0
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(20195= B4} A=) WA S8 U-Net Fefo] AHLE
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W wskelo] ThE WAL SA17 VMB Netd AIKSHS
oF. Li or al. 02002 B4 444718 37kt Qlsiel-oze
Z9] SeisInvNetZ AR O, Liu ef al. (2021)2 &
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2019; Wang and Ma, 2020; Li et al., 2020; Liu et al., 2021;
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Fig. 1. Architecture of Tomography CNN. The ConvBlock in the model performs two convolution operations, including batch normalization,
ReLU activation, and 5 x 5 depthwise separable convolutions. A dropout layer is implemented to randomly eliminate 50% of the features
obtained from the encoder. A sigmoid function is applied to the last layer to constrain the range of the output velocity values.
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(mean absolute error, MAE), H+ A|F 2 *H(mean square
error, MSE), T18]31 2 FAFd X 4=(Structural Similarity
Index, SSIM)E 97 ARGt MAES chel o] Lehd
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(Wang et al., 2004).

(2ILIX#/V+ Cl )(2 ary+ CZ)
(LH 15 +C )+ T+Cy)

SSIM(x, y) = (®)

A AollA x2t y= 42 7 oA o] A= (window)E
AusaL w9 pe x Dy =L T4 B, 69 o=
REZHAL, o, 19} yo] WA} FEARS YR} SSIME 2=
Z3 T ofu|x] A= Alo]9] FAME S7gstn SSIM glo]
1] 7}‘77]‘€—|£ FAMdel =t &4 o4 ol 7&&3}5&’ o

9 oSS 7PA1E7] 98] SSIMe] Bt &AL theT) 7+
o] o5}t
Lym= ZSSIM( Ve VD, 9)
Zhang and Lin (2020} MSE%} MAE—J 23S &4 T
2 Y5t F$, MSE= XAy @3-S & Z& st
MAE:= 2| 4eH] ¢lgHo|AE 2 =3l 4= qlokar AFst

At 2 AFolA= MSE 2 MAES] 29 SSIMS 715}
o HF &4 FrE oS3 o] Fost4tiJo and Ha,
2022).

Loy = Lypag + Lyise + Ligim - (10)
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A HEe ARE A4 AUCRE 4F AFY Fo] 7
5, 2 248 480 W 19 Sueds A4YE
AN 4 ik, TG AR S5 BEE FU U=
S99 R 4 BUEeln, SR 3o THERE 24
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sheict.
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SHx X5 2E

A Aze] BYS FAH] 5 2A, o2, O 72 5
= 7 3 &= =S BASITE F 40,000719] = =
2o gYstgon shte S5 BUS A 7120l 100 mel
20 < 50 749 A4 I ey % 2de Bl
32 km x 5 km7} ®}h vl =& 1.5 ks 7 ES5
B Ajo] 2] 3.5 k7] o) Zolars F71eiol,
£ mag A4E deit 3 4E0] BR9IE HES 3
7 45 2 ) 29| sja 2 Sl 2 2074
Y B2E f2c} 4 12 29| 3¢ 7 39| A9
2upth 3 z(ﬂat layer), A} Z(dipping layer), 53 =
5o maglz Ageglon, UE 9 o 72
2elo] A9 A 24 72 Bdo] UF EE RS 27}
sieich BERe Heoz shgsiol Ha Ik o o
A o

Rt 91Xel ehoRt 7%
718 FHES ST, GG mOpe SN AFRE

Table 1. The input (N, x N, x N,) and output (N, x N,) dimensions used in previous studies that focused on supervised learning-based deep-
learning seismic inversion. The last row contains the input and output dimensions used in this study for comparison.

Number of sources Number of receivers (V) Number of Time samples Velocity model Model size

(V) V) (N: x No) (km x km)
Araya-Polo et al. (2019) 31 256 300 100 x 100 1 x1
Yang and Ma (2019) 29 301 400 201 x 301 2x3

Wang and Ma (2020) 10 150 200 80 x 150 0.8 x 1.5
Li et al. (2020) 20 32 1000 100 x 100 I x1
Liu ef al. (2021) 20 32 1000 100 x 100 1 x1
Liu et al. (2023) 10 32 1000 100 x 100 1 x1
Our method 200 100 4 (Damping) 320 x 50 32 x5
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Fig. 2. Examples of velocity models in training data. A total of 40,000 synthetic velocity models are categorized into three classes: (a)

stratigraphic, (b) fault structure, and (c) salt structure models.

T BH s ARSI Aolgt H, A lelA FHd 3
7R Q] AES Aol Yo Frlstet. dHolAe] pat
&EE= 45 km/sollA] 5 km/s Abo]9] gH& 7HAIT). Fig. 2 A
AE T &% 99| g E BHojErh &8 4% Y] 3
7= 1 x 320 x 50 (&= 29 g x du] WF A=} A
x glo] wygF Azt 7h4)olct.

2fEetA Y e

gEES 99 2 A (F o83l Akbsit. 2
gtA 7H AL 4, 6, 8, 2E]2 10 sT'0E2 E 4rjjolH, &
A1 952tk del(dirac delta) 3, A 272 PML 7
Al 273& AMESFATHCohen, 2002). F<417] vl @4 )
& BT FAE AlEE oA Yal 200709 S4Y 2

Fig. 3. Examples of Laplace-domain wavefields using two-dimensional towed streamer acquisition. The acquisition configuration comprises
an array of 200 sources and 100 receivers; (a) represents the input data measuring 320 x 200, which are to be fed into the network; (b) shows
the original Laplace-domain wavefields; and (c) shows the Laplace-domain wavefields generated by the 1st, 50th, 100th, 150th, and 200th
sources with a Laplace damping constant of 4 s™.
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e B T AL FA @it S4ld ZANAMT 2 ghe
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T2 AN EAVE Ueht 2= ddhE) E31, 2 4
7t 2 A5 ¥ e tE] HsiMe M= At
Zosing 27 s AMgshe Aol o Eg&Folt 21
TS YYoE AN ARy 21 vl -1& 53t
of FE ol AR 99 &1 At o 7] wiie
of X dAIEelME BF A (1D)E Yoz ARSI
(Fig. 3a).

27] BEEL 5x10%xn gpusold, A7|A n_gpusS
GPUS] 75 2ufdit}. Adam FE]ato| A 2] HFQ] AMSGrad
SE|uto] A (Reddi ef al., 2019)2 AA3IA.2H, 20 x n_gpus

Fig. 4. Training and validation loss curves of Tomography CNN: (a) shows the overall loss curve, whereas (b), (c), and (d) represent the
mean absolute error, mean squared error, and structural similarity index, respectively.



90 zZZE

Table 2. The loss values of Tomography CNN after training is
compled.

Train Validation
Total loss 0.2363 0.2660
MAE 0.0563 0.0614
MSE 0.0123 0.0195
SSIM 0.8324 0.8150

3719] HjA] Afo]ZE 7FA]AL F 2008H9] of| A (epochs)Z2
WARE TN, AR} A vk} oSS 5%
A AaA7le SEE AAERE ARSI A3 Nvidia
Geforce RTX 3090 GPU 7}= 432 o]|-&5}o] =35}t Al
A% &3 Ad}, Tomography CNNQ| &3 A|7H2 o3
oF 1% 5627} 2850t o mac] ME Y U AS &4
3= Fig. 4a0]] A|A3}3Ic. MAE, MSE, SSIM 132X 7}

T‘m—‘

7} Fig. 4b-do] JERYQITh & 2EmEe it mElol
wie] )& Anke ASWE mdolnz &4 gol vl
A et R 2 5 Utk 7 olE3 F 4 R A3
£02 AL 1Y AFY NHFAE AYote] BAE A4
stgon, g AE HEL Table 200 Feistoit
z 3

AW AFYY PAE RS o83 = nDL )33
k. B2 AR SRt REE Eshe Al oF 2

ms7} APt GIAE 2418 026717} Yo, BIAE MAE

2 0.0619, MSEX= 0.0198, SSIM& 081477]— Uit ol &3t
&&= 292 Fig. 5o AN 18-S B AAHo=
S5 Bda SASIE SEE okl oS duke & 5
Aot AZE G9 sEdE dY HolHRE AN A= 5

Fig. 5. Prediction results for the test dataset. The left column (a) shows the ground truth or label, and the right column (b) shows the predicted

output of Tomography CNN.
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Fig. 6. The prediction result of the Pluto velocity model (Stoughton e al., 2001). (a) Ground truth and (b) predicted output generated by

Tomography CNN.

719k Hefd 'dut Site] vl sidEe HashAR, A
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=] FFE AT SAAIN FETL GG o o8
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o2 Hnh & dyolMe 2hEets 99 e g ARt
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Pluto HIX|0}3 4C B2 0|83 kst A
87t
FAE AREe AT 2E Puo $E B

(Stoughton er al., 2001)°] 3l HAEFOZN AAFHe]
9} A& B/ Pluto 45 2R F2 dolelo] A}
29 &= mauch WY 2Ysiel A4 Y 720 o 41
Siet. w2tk EAE glojg o vl oS Adee] Eojd Ao
2k A 4 3ot Pluo = 22 AX} 7k 0] 50 fis
(1524 m)= )7} 104,000 fis, Z10]7}F 30,050 fise] 27|12
AT, AT Ee) AgF S= mEe Az} 7k 100
m, YH|7} 32 km, Zo]7} 5 kmo|E2 YE Pluto £ =gl
< HIZ o8 4 §irt. wepA, AFE ASE A8l sie &
= mdo] A%} 7H4, vd] 9 ZlolE Edo ANE S B
Ao} F712 BIstglek(Fig. 6a). 19 tha, A178T0] ohaet
Seall] Wi S AR 2B 5 23E 7ML
ZhEets 99 wHegS skt of lAlolAe E-el Ab
S AT FAT 2719 SRS e F FETS 99
RS AR oL A AR} Fol £ S Y
T e B¢ EEks 99 s WA 42 F dY
= POl 5] Hilske Ak Thesith. ERE Ao
53t A3k Fig. 6boll AAT. Pluto £&= 2eofA 2]
& A2 0.83840]0, MAES 0.2280, MSE2 0.2646, SSIM
3

-/

0.65410] Uitk A olakeitie Aol maolxe) <
5e BAE vlolE AEoINe] o4k AErrt AshE g
o}, TRelE BaT A SEok 9 9 022 g o
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=

> rlo ol

AN AGFo] EA AR Gl A4 S= ndo|w A
89 5 982 s
E 9

A& g 7N deEd gdut ik FA) ERTsuy
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A WP Aoluy AR A4S wkget 27] Bdo] HasiA]|
oot tiF] HolH2RE A4S AFEE XA 2 vy
S AFFo R HHsitosn Rt 27 4= 2=
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st ARE 99 S 49 HolHE AMSShe AE s
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sto] 3= SAch(Table 1).
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