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Trace-based Interpolation Using Machine Learning for Irregularly Missing Seismic Data
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ABSTRACT

Recently, machine learning (ML) techniques have been actively applied for seismic trace interpolation. However, because most research
is based on training-inference strategies that treat missing trace gather data as a 2D image with a blank area, a sufficient number of
fully sampled data are required for training. This study proposes trace interpolation using ML, which uses only irregularly sampled
field data, both in training and inference, by modifying the training-inference strategies of trace-based interpolation techniques. In
this study, we describe a method for constructing networks that vary depending on the maximum number of consecutive gaps in
seismic field data and the training method. To verify the applicability of the proposed method to field data, we applied our method
to time-migrated seismic data acquired from the Vincent oilfield in the Exmouth Sub-basin area of Western Australia and compared
the results with those of the conventional trace interpolation method. Both methods showed high interpolation performance, as
confirmed by quantitative indicators, and the interpolation performance was uniformly good at all frequencies.
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£ s2st7] sl Edlo]A WAl(trace interpolation) 7]&o] &
|= o] gt} EolA U 71e& Ed|o|X(trace)t PojA]
2| Z3t B3 fIR]o| A9 Edo]AE FHO| thE EFo]a
52 o|-83to] BEYshe 7l&oltt. o] 71&2 ARgsHE Ak7A
2% 9o Bas 54 Feo] WL 2k AR dojd
gloiA] Bl WAISHE Aa 5o e A7k} nlgE
29 % it

Ego|a it 712 A9 AR EqfA kol weEt 3714
2 BE3 4 QItk(Trad, 2009; Trad, 2014). A HA ¢+
FAH U AR 1AL Folk V&R I Fejobs
A(aliasing)S FE3h= 59 AHE 7S 5 Uck(Spitz,
1991). 7 WA 52 EF2I5H WS 7= A=E Ui
Sz 7l&olnt. o] 7% WA] || (binning) 52 WS S5l
RS 2= 2= foll w2 F o] F2A A=
= Sl AR Z3 E2AQ] WS o= Ve o
EAoF MWNI (Minimum Weighted Norm Interpolation;
Liu and Sacchi, 2004; Choi et al., 2017; Yeeh et al., 2020b)
¢} POCS (Projection Onto Convex Sets; Abma and Kabir,
2006; Kim et al., 20157} QIch. ufx|jeto g AlA) A}g5 o] HE
AXE A A=) HbFst Wiks s3sk= 7MY =2 &
=9 E5FAEE Wrgshs ol Jlom tEA o= ALFT
(Antileakage Fourier Transform; Xu et al., 2010)2} Matching
pursuit (Choi ef al., 2016; Vassallo et al., 2010) o] Qlct.

WAy 718k EdojA Wik 712 o) & #ie
3 qlom, 53] Had(Deep learning) Y15 AREEH
WREo] B A7t o]FoA L Qltk(Jia and Ma, 2017;
Oliveira et al., 2018; Park et al, 2022; Park et al., 2021,
Wang et al., 2020a; Yeeh et al., 2020a; Yoon ef al., 2021). %F
A8 7)1&o| A9l 2T A= S (super resolution; Dong et
al., 2016) 71<9] WA} oA, &44E AT SYHA F&
FEAte1Y] BAE o] 8sh= HTWHEE GAN (Generative
Adversarial Networks; Goodfellow ef al., 2020)0]4 L EIH
©](Autoencoder; Bourlard and Kamp, 1988) A€2] Y EL =2
= G 7] WA At ghds] AdEa Qo
ol WS & A% 4 Holn F ¥A $E74A9
EAEE 7HE 49 AR 2R tit Wik s385e
o] a3&o|th(Dou ef al., 2022; Fang ef al., 2023; Pan et al.,
2020; Wang et al., 2020b).

a8y olgg YIEYAE THA7)7] HsliAe wle] 2
LA 2 AAm7E Dash, it B ARE ANSHY
FAAAF UutSk(generalization) d5& Adth= ©e] Sl
o} o|z Qs THFE A A7 7itkaaL, AAl 8%
ARE TANRRE AR Hfolle WIEA] S35t sjg=
A2 dojxl A=t o B astoh= 417 AR
uEha] wAlEy 7Rk Edlo]A Ut e EHSE A
22 NSt ol A SiE2E Zart ik W

g olgs

Yoon et al. (2021)¢] Ego|& 7]9ke] M4l Y-S ©]-83t U
A 71 A2 Y A9 d &Y Eo|AE ANEShe]
o] Z3te wu} T TS Al o Sl o]= <l
THFE AE A9717F o Aok sER|EE o] A= $HA
A A7 E1RE 5 A WA 229 EREE TR
+ o 23

o] Ao A Yoon er al. (2021)0] AQHst Efo]A 7]yt
At 7149 EASE A AMT T N 229 B3

£ Agsks b 2l WS Ajkeich E4FAg whl
% 9&5E wRo) Efo]Ad] BYS fjste] ALH W <t
ol 42} of2|7kR] ARl Yol tiaiA A= ohE HIEH=
£ ARSI o] A= T HEYRY Shgole e AR
7F AR HE9] who] fl= - (gather)o] obd WAt sfiof
g gl Al wdo] 9l edE AR ARSEIS
o FEHor T YEYIAE o83 E521ZQl wlS
Ests WS Agtskeltt

Aote HPHE o] 83t =24 ¥L A EF Exmouth Sub-
basin Z| 99| Vincent FH oA AofX Aj7E IHbAL HAH
(time migrated) B/t RS 0|85t XPsilar, A 2
s A3 EFo)A WA T vwstgih AdE A=
o] Al B flste] A Sth3-2H](PSNR; Peak Signal-
to-Noise Ratio; Hore and Ziou, 2010)2} F-Z-3-AH(SSIM;
Structural Similarity Index Measure; Wang ef al., 2004)2} Z+
& B Wk NESE AT Welsct

MY

HESS EH5E
dutE o= GANolU @ ERIFTE F 234 T A= 7
22 AMShs 4 AF R 7Nk | Ed Edlols At
WY SolMe &4 Eat gAE S Afeld BAE o
ST} o] BAIE Sashr] 9l SHE 2o T (label)2
ARgSH s 2Rl WS Skl SN B &1
ARE ARSI o I S A R gAE
HEES Hsh= Ao FaZolnt. Sl ol 9 Be
o] "g=2o]x] ¢k EdFo|A Z|uk W (Yoon et al,
2021y ARESH P21 o] 23E o Q= WS
AzRkE o] g8t 2A7E TAATIE ALTHES A
A Sdut ol Fig 13} o] F N9 Edojx &
SR = TRARS NI = i A LRI i e e e !
717k Ny x N&Q1 @8 d= 4] (1) o] FFo] 7hsditt.

diy diy - dyy,
d=| 1 Q)
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YE W= ofel o] BEY 4 9tk

d o d_ ., - d
Xi,(n,m) — i-n,1 i-n,2 i-n,N, , (2)
di+m,l di+m,2 e di+m,N,

Yi=[d, dy - diy] €)

714 X= [2 x N] 2719 7 4 EdolaE = dE,
Y= [1 x N] 3271¢] 3 &8 Ego|2E 2= FHEE 9v]
gt

A71A AZ7L iZAE P2 22 n, m BolRl 7 Y E
FolatE dHAER ARGl A AA2E Uish] W
o ol YYo= AZEHE F EFo|L Afolof 2R A
&3k A EFo]x o]ejof who] e Aeol= & A
B2 AT ok mEhA 2 2H4 9 Uik 35 o7
HEHZ7L 2o f= ge3or FARRE AT + 3
o o] W DA E dsde gE 2hdE dFRET)
HASEE {1-n, i, itm} < Sus©]010F 31, |5 TA A
€ {I-n,itm} < Sas, {i} © SppyE W3 Hrt. o|FA

5

time number

150~

225 (=N) Pk 1

T 4 K=ol 2hd ApR 9] A o]g3te] Ut HIEY
A Rpme THAZ 5= St} o] o ZAZ7] $i8 54 &
= ofgiet 2ol 4 )2 4 3)llA AAF Xipnm, Yiex ©|
£3to] Yehd 4= 9o AlF Hdt 248 ARSI
10555, = | R X))~ Vil 4)

e o] AITWHE ] A vEYZ, RunmlE
Yoon et al (2021)©] ARE3t skip connection©] EFHEH
DBIiLSTM (deep bidirectional LSTM; deep bidirectional long
short-term memory)2 HE5}o] ALESIHTHFig. 2).

o714 FHAQ LAk o] 8RRl £44 XD
Q= ArE oF 7A A2 T2 27)9) d4E wEe 71X
T 9de 4 otk o2 A9 gfelel EASIE BE F7]9]
A&E W] A BE 1KY EdlolA WA & 4 9
L YEYas 27 saAlAck Bt oS Sl Fig. 13t 2
o] 7bg & A% WA Edo|2el =717} 3olatd, (o
m)=(1, 1), (1, 2), (2, 1), (1, 3), (2, 2), 3, Dell ths}o] F 67}
A8 A= ohE HIEYR, R,n7t BaSITH 7|4 A E
go|AE Y9-7] st oA S =nHA S EFo]2ot
$E502 miAAY] EFO|AE nm (nm)2E WEsh= $A
9] EFIO|AE Ryme o83t Wilsks thilol 2k vk
2 AFRRS] iE FHeE £59 mAA Y Efo|ie} 2
Z9 n A EFo|AE AUE A AARE ARSI F o]
£ mn(mn)e g WiEshes A9 EFo|AE tAHE HE
HAZY Ry o2 WS 4= QU o] B3l 22 A=t
SYARE o&sto] dAEHE= A2 o E YEYNT RunT

+"" (MM input traces
o desired output traces

;

13 17 21 25(= Np)

trace number

Fig. 1. The black variable area wiggle plot represents observations used as input for trace interpolation, while the wiggle plot with black
dashed lines illustrates the desired output gaps in the trace interpolation process.
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Inputs
biLSTM w/ 64 neurons (20% dropout)
Fully connected layer
Outputs

biLSTM w/ 128 neurons (20% dropout)

biLSTM w/ 128 neurons (20% dropout)

© : Concatenation Layer

Fig. 2. The architecture of deep bidirectional long short-term
memory (DBILSTM) with skip connection network utilized for
performing the interpolation process.

R ® SRAIZ % 23S & % ok w2bd mat n Al
O AN RoumXinam) = RimayXicm, -m)°] AT TS 4
Stk of7|H - 7B YEND T Al S0 AR M
o2 Ei HEe) 4RE $HO2 HFL AL i), o
I B n = mQl 7HA] HEYIE AYstar FEA
AleJshH F 419 vEHAE et 2 wls e

Stk B n-mdl F9olE A AR 57
(augmentation) ! & e F FHOo= - vy A
ARE srol AR 4 et Wik A1 2 A
Aol dol7t gap. @ W Bag YEHT ] Hohigk(num-
ber of networks)2 2] (5)2} Zt}.

4 o min

+
(number of networks) = ﬂoOr(gapmzax 1) y

+
ceiling(‘%‘“l) : 5)

o714 floor(x)= xEr X 2 o A4S ey,

ceilingX)= xHot 27| 2 24 F4E vehd

dE o] H DAOA Fig. 19 A=E AMESHY R
FAANZZ] A8t {1-n, i, i+m} < S WFd= n = 1,
m=2 i€{6,7,14,...,23} & AF&S 4= Q). E3F AF&TH
WAL o] &3 n=-2, m=-1, ie{7,8,15,...,22} =
Agstel £ 97 WS AL YEYaE Shiw 4
= St} g o R(z,z)"—é_ SRAANZ7] YstA n =2, m =2,
ie{7,15,16,...,20} & &3 5 Qio}. 12l Yol 54
o oJste] n=-2, m=-2, ie{7,15,16,...,20} & T =}
B2 AREE & Qlrh 22jaL oS dA oAM= Fig. 19]
F 7P AF9 dA%H Y wl F AF Wl 3 Eg
o298 AL ¥ = Rin(Xsa2)= WA & 4= Ut} v @
EZ w4 EFo|Ad] He= ¥y = RopyXue))E 01
sto] WakstAL, At diAdS 2831 ¥y = RupXuci2)
£ ol&ste] ST 5= Ut A Ve diE £ HIESN=
o] & 29 EEFQA AR 317] H5H Rpy= A
A oz 4 Eo|Ao BFP= Vi = RipXuci )=
0|83t &3t o HHOoR ALH WS YA T &
Stk 11 Efo]Ao] A= ¥y = RonyXine)2t 8RR
9] YA E vHro] YolFE= ¥y = Rop(Xinz,2)E BF AR
o 4 Qo Y= S el F AYE 2R A H, F
Ate] B 5o ARSI olF aLEste] Fig. 1o &
AlEo] Sl 2E wS Uit st UIEHZE ERA17]7]
At w7 (m, n, ST ZE WS WA s g wil
HeE2 Table 19 7]&s3itt

o9 ZE FRE WYL W o] sto] M A%
B w 9] Jfe2 EFslof skt ol2dt £Re Sep= ©1&
sto] =gt 4= glow, o] HRE sk durelEy YAt

F=(pseudo code)E F=2of 7|&3}Th.
AR HGALR
ARt daE|Ee] AFS flst A== AZF Exmouth

Sub-basin X]¥ €] Vincent F-ZoflA HojZ A7 ZHEAL B4
H BT ARE ARSSHATH ARS {5t ¥

Table 1. Parameters required for training and prediction of the networks utilized to fill the gaps in Figure 1.

Network Training Prediction

R n=1,m=1,ic{6,78, 14,15, 16,17, 18, 19} n=1,m=1, ic{21,24}
-0 n=-1,m=-1, ie{6,7,8,14, 15,16, 17, 18, 19} n=—1,m=-1, ie {21,24}

X n=1,m=2, ic{6,7, 14,15, 16,17, 18,20, 23} n=1,m=2i=3
2 n=-2m=-1, ie{7,8,15,16,17, 18, 19, 22} n=-2m=-1,i=4

R n=1,m=3, ic{2,6, 14,15, 16, 17, 19,20} n=1m=3i=10
o n=-3,m=-1, ie{5,8,16,17,18, 19,22} n=-3,m=-1,i=12

n=2m=2 ici{l, 15,16, 17, 18,20} n=2m=2i=11
R,

n=-2,m=-2,ie{7,15,16,17, 18,20}

n=-2,m=-2,i=11
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times (s)
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Fig. 3. (a) The selected time migrated section of field data for the Vincent oilfield in the Exmouth Sub-basin of West Australia used for the
numerical experiment. (b) The enlarged data from the red solid box area in (a) displayed as a variable area wiggle plot. The red and blue
arrows in (b) indicate the location of the selected traces for continuous wavelet transform.

25 mitAo g2 % Zo] 20.625 km¢] 825719] Ego|AZ A
Astar, A7 WEFO R 1.540 25E 3456 2744 4807 A=
£ Zoeles A (Fig. 3)3tiet. B34l wids Uit of
= A5 A 9l8le] 22.5%2 186719 Edo|AE &
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FHHOE LA ) Y A% ol B

K BE2ARES BASHETHFig. 4a). T3 oA it
2[5t wilo] EakE AaolA B4 77kl EghEo] glo]
ofe] 714 2719 wE B 4 gl 724 Sefsle] Fig. 4b
ol 912 Egjol(wiggle trace) 2 w5}
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times (s)
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Fig. 4. (a) A simulated section containing gaps, created by introducing irregular damages to the complete data displayed in Figure 3, to validate
the interpolation performance. (b) The data from the red solid box area in (a) displayed as a variable area wiggle plot.

Mol HIEQZ, Ruyy, Ruz. Rasy RopEs THAZIZ] $5Hd
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TAISHH Z2ZF 764, 761, 743, 156702 2 Zpol7t LA U=
2e seld 4 ek

oA AT TANRE olgsiel o] e YEY

39 Fdofl, UyHA 10%9] Aares Ed 34 &
(validation)of] AR8-3HITE. Fig. 291 o] & 757} 22} 64,
128, 128711 35 =9 HEYAE TAAZeH, B2
5J57] $ftel 2t Sl 20%2] Eol(drop ouE 2-§3}
o HEYZE WStk I gl wiA](batch)=27]= 162 Ak
2519}, =3 h&5E(learning rate) 0.00191 Adam optimizer
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Fig. 5. (a) A section interpolated using the proposed method. (b) An enlarged view of the red solid box area in (a). The red dashed and black
solid lines represent the prediction result of the proposed method and the ground truth, respectively. The black dashed line indicates the

neighboring data used as input.
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times (s)
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crossline position (km)
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---------- predicted traces
‘|——groundtruth traces
input traces
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crossline position (km)

Fig. 6. (a) A section interpolated using the MWNI method. (b) An enlarged view of the red solid box area in (a). The red dashed and black
solid lines represent the result of the MWNI interpolation method and the ground truth, respectively. The black dashed line indicates the

neighboring data used as input.

Fig. 62014 B 4 Qs AAY 2 &4 Ao Uigt Ae 2
7ol T Az BE AAGH(groundiruth; Fig. 37 A< A
T BES HolRgth. B3] & o AnE 33| gelsny]
9 1, 2, o] AL o] BE EAsHe oo e
siefste] vl Fig. 5bet Fig 6boll Wb HAHOR EAH
WAL 23t AR Ados EAE AR Ao AR

2& ER1E 4= Qlrt.

25 © AFAY va s 9Jste] A g dig 2=
AYsl BQket. Fig. 7a¢t Fig. 8ao]l Hol= A} go] = 4
7 1E AGe] dial ol He 2 225 Hol FEol ¢l
o] 00 77k LAE Hols Ao FRIFIct. a2, F
o] LA v S 3 Eoist Fig. 7bet Fig. 8bojlA] Hol=
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Fig. 7. (a) The difference between the proposed method and the ground truth. (b) An enlarged view of the red solid box area in (a). The red
variable area wiggle plot represents the difference between the proposed method and the ground truth, and the black dashed line indicates the
neighboring data used as input.

AAY AFHY ARE AF FAl Aitoll AHEste 2E W RS AMI(Wang er al., 2004y AXFse] vl astglct.
Akzo] HEH MWNHR O] Wit & Edjo]a A7)

2
A2g ol Uik sk Agkel Wl vsl o A PSNR = 10-og. ©
A YAk 3RS & S Aok JAA A= gig) & Qup,+C)2o,+C,)
o JFH9] u] T YA Table 20] ThSAIS2 BRI Al SSIM(x, y) = —rb LU0 (7)

2 2 2 2 :
+1+C)) (oo +C
STjR-H] (Hore and Ziou, 2010)2t A 50| GA=S e} (et +G)(E o+ )
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Fig. 8. (a) The difference between the MWNI method and the ground truth. (b) An enlarged view of the red solid box area in (a). The red
variable area wiggle plot represents the difference between the conventional method and the ground truth, and the black dashed line indicates

the neighboring data used as input.
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Table 2. Quantitative comparison of prediction performance between the proposed method and the model-constrained MWNI method using
structural similarity index measure (SSIM) and peak signal-to-noise ratio (PSNR).

Ry R LR Re, all
PSNR 44.7200 422381 36.2750 32.7271 44.0778
Proposed method

SSIM 0.9655 09171 0.8992 0.8350 0.9843

model-constrained PSNR 51.4314 49.0058 42.5830 38.5142 50.6061

MWNI SSIM 0.9595 0.9334 0.9196 0.8896 0.9724
MWNI o] Heele] Aug AR S0 nejsh dike & dabaro] Fajo ek A4tolA 22-4F 20 2 (log-
7] wjolch. AT Edloj2o] gt e Aol A linear), G AxlA V|etFRH R SoluA Hk. 5]
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Fig. 9. (a)-(d) The f-k spectra for the complete (Fig. 3a), observation (Fig. 4a), and interpolated sections using the proposed method (Fig. Sa),
and interpolated section using the MWNI method (Fig. 6a), respectively.



EHAT 0 T Ssh Bt AR sl o8

Edol2 7|3 wit 73

AFAR g oluA =Heo| Ak 7P 24 gt ot 2
29 T AZto] Y A=Y A7) wet ST sHAlRE
HE A9 ZHo] WIEA] BasiA: gl o] &S
Ag0] 2715 A¥Hom A8 5 7] fao A=Y 2
717k AR 5 QA SHolA 2 oliol Uk A= A7)
7} Z-2 o] Ao AL Intel(R) Xeon(R) CPU E5-2630 v3
2AAS GTX 1080 Ti LY Z2A|M S ARR3te] YEY
A9 A AREE A A ARANE A 9 22 AR
102 w9k e HQich =Y Aofxzio] 28¢5 MWNIS 7

(b)

(a)

16

1.8

22

26

28

32

34

20 40 60 80 100

20 40 60 80 100

times (s)

20 40 60 80 100 20 40 60 80 100

Fig. 10. Scalograms using continuous wavelet transform (CWT) at

20 40 60 80 100

20 40 60 80 100
frequency (Hz)

S 108 A= sasgt

G Zate] e BRI B 4 ol Tk o St
Sok(Ek) GeolAle] WstE Sels) & 4= Ik Fig. 9]
whglo] EaEA] g AA| THst e (Fig. a), BF2at ot
ol ZABH st S(Fig. 4a), o] AT AT W=
93] ofs) BE 42S T DE(Fig S0 L 29 A
opzzlo] AT MWNI 2 2918 A2 (Fig. )2 L3 o
we] Fulgaid AMEYS thehhgich mao] Zahwx) o
© AAge] T Fueais AHEY Fig. 922 T8 o

(e)

(d)

20 40 60 80 100 20 40 60 80 100

@ ()

20 40 60 80 100

20 40 60 80 100

XL = 16.65 (a-e) and 16.85 (f5j) locations in Fig. 3b. (a, f) Ground truth.

(b, g) Prediction using the proposed method. (c, h) Prediction using the MWNI method. (d, i) Difference between ground truth and prediction
using the proposed method. (e, j) Difference between ground truth and prediction using the MWNI method.



74 SRS - AT - A

s - WEE

U7 o])o] BAbE ZZ9| o] gl WhH, E21AQl wh
& z3she @Y Fupeai A ER(Fig 9by= T8
AR FRof ZZ9| F2o] FAitE o] Yehhs 2S SRl
5 et ol2et FE2 Al W o] Au(Fig. 9o)et L A
ofxzio] 285 MWNI o] Auk(Fig. 9d)llA 3 F+ F
el AHEY HROA HIEH R AAHNCH, &
H BT 2 AEEYS PR oRs B 2l SR
npR|ete 2 Ego]jio] A sk o2 fauk(wavelet)SO|
EFele Futg JEE WE Y A1 zlo|7F EAst=
A 2l sfjEr] fste] AlQke WY 2l Alofzzo] A
T MWNI W) oJsf] 2% 279 XL = 16.65 km (Fig.
3bo] W7bA 31AFE), 16.85 km (Fig. 3b2] miebA) shita) &=
A oA 12 EFo]io] s ZH2t A& a40f WS
(Continuous Wavelet Transform; Lilly and Olhede, 2012)& 4=
e A D= T (scalogram)yS 3f Fig. 100 HeERH I
sARTRE BRY) adv) Mgon B4 A7l £7)
sl Tho] ZilE Fuke RS BT ATE molEo,
YN B 5 G50l F AHIN P AAYRIY BE
oA B2 Fapola] T2 45S BRI 5 e S o]
24 8l AR F A™L2 42 Ray), Rooe ©183He] 4
=5 A7 vnA Aol HolHe YEYINE 54 &
sjet B4 A7ie] Aol 27 Holx ek HAE &
WEYS BE Akl whEe] v 2 Selslg

o] Ao FHY YA EFO|AE 45T 4= J=F
A Eflola 7ek F (Yoon er al, 2021)0] A-&H
71AsRs 716k EFo)lA Wit S $4Y YAt ofd
o] EFO|AE AE5T = JU=E STt AlME W
2 giFEEY Halgy 79 YT 9 YEYaY
5o BE A7 YR Ero wo] gl B3AET}
opd W4t sffoF T il E+F2I% wo] Qe BTt E%
Amyte] sttt A 7, A2 b2 HEIE A
gato] A4E W= AL = A A=A S Wy
o] 452 Felg] B7] 9J5te] A5 Exmouth Sub-basin X
H9| Vincent A4 F2 A7t WAL HAH edut A=
£ ARgSto] SAAEE skt A oA = ¥ A=
of A&A WS ek EFAAQl WS TE §F o]
£ WA st o Apmet vlwstoint. e AEA] WAt Wl
ol =g AFz7o] AgH MWNIQL Hlwste] Ak v
o] Y5 AFI

AYARE 8o ST 2 F P BF B2 A
< Hltk= A SRIE 4= USih Bt ARl vnE 9
gtof, AsdizhgH] 9 LRAM FoR vuE 3 A=
A AmE FAlol| Aitoll AMgsl= 2d Aokzrio] A-8H

MWNI #hfie] 23 o & 452 Uehiut 5 3 w5
A Ao RE HFH W 2NE HolEte 2 &
S Qloieh. B Fuleois AMED W A% aav} AES
B3 Fuke AR BE WA A% Aol 2 Sl A, mE
Fulrod 1B A HYE ST 5 itk ST
Yom s mgo] Edolne] 47t AR i B
Aekzo] 288 MWNHPEL Agol of2l9] & siol
Aokl el © ENHY Aolet oyict

o AFolN ALK WL FAH A%t T2 T}
A 2ol BFAG whgo] Gl A9olE AT ke AF
alth, e} o B 429 Edol2 FHEE Sls A4 9
o GIA = BAZ &SR o] vt Washt. Eat,
A%E WYY 277k AYEE WEYaL =277t 7SS
Hoz AN FA} gk QubK oz PGS T7tel A
| whgel 2707k AXE FHe) 250 ARVORE YAk
SRS ol ARG S olgaks kY B9E
29 Aokl 288 MWNI% o] AANRE BEoH=
ofoltiol AbgE ol glet. Lt o] F9E Agfsh,
5 ol AEel A%E myolt W A=A glo] A
A Ame] 24 XS HET 5 Gk ANA BFA=S 5
el WEYEE HAT 4 Uk YFOE o] ATE WA
2 Bast gt

arel 2

o] ER(EE B3] 5)2(5) 2219E FR &R
Axje] Ao gRATARe] Mg wob SaE AT
(No. 2021R1A2C2014315).

References

Abma, R., and Kabir, N., 2006, 3D interpolation of irregular
data with a POCS algorithm, GEOPHYSICS, 71(6), E91-E97,
doi: https://doi.org/10.1190/1.2356088

Bourlard, H., and Kamp, Y., 1988, Auto-association by
multilayer perceptrons and singular value decomposition,
Biol. Cybern., 59(4-5), 291-294, doi: https://doi.org/10.1007/
BF00332918

Choi, J., Byun, J., Seol, S. J., and Kim, Y., 2016, Wavelet-based
multicomponent matching pursuit trace interpolation, Geophys.
J. Int., 206(3), 1831-1846, doi: https://doi.org/10.1093/gji/
gew246

Choi, J, Song, Y., Choi, J., Byun, J., Seol, S. J., Kim, K., and
Lee, J., 2017, Trace Interpolation using Model-constrained
Minimum Weighted Norm Interpolation, Geophys. Geophys.
Explor., 20(2), 78-87, doi: https://doi.org/10.7582/GGE.2017.
20.2.078 (In Korean with Enghlish abstract)

Dong, C., Loy, C. C., He, K., and Tang, X., 2016, Image Super-


https://doi.org/10.7582/GGE.2017.20.2.078
https://doi.org/10.1007/BF00332918
https://doi.org/10.1007/BF00332918
https://doi.org/10.1093/gji/ggw246
https://doi.org/10.1093/gji/ggw246

gl

A S TP ST S AR plAleg S olga Edol s Ju Wit 75

Resolution Using Deep Convolutional Networks, IEEE Trans.
Pattern Anal. Mach. Intell., 38(2), 295-307, doi: https://
doi.org/10.1109/TPAMI.2015.2439281

Dou, Y., Li, K., Duan, H., Li, T., Dong, L., and Huang, Z.,
2022, MDA GAN: Adversarial-Learning-based 3-D Seismic
Data Interpolation and Reconstruction for Complex Missing,
IEEE Trans. Geosci. Remote Sens., 61, 1-14, doi: https://
doi.org/10.1109/TGRS.2023.3249476

Fang, W., Fu, L., Wu, M., Yue, J., and Li, H., 2023, Irregularly
sampled seismic data interpolation with self-supervised
learning, GEOPHYSICS, 88(3), 1-43, doi: https://doi.org/
10.1190/ge02022-0586.1

Goodfellow, I., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-
Farley, D., Ozair, S., Courville, A., and Bengio, Y., 2020,
Generative adversarial networks, Commun. ACM, 63(11),
139-144, doi: https://doi.org/10.1145/3422622

Hore, A., and Ziou, D., 2010, Image Quality Metrics: PSNR vs.
SSIM, 2010 20th International Conference on Pattern
Recognition, 1IEEE, 2366-2369, doi: https://doi.org/10.1109/
ICPR.2010.579

Jia, Y., and Ma, J., 2017, What can machine learning do for
seismic data processing? An interpolation application,
GEOPHYSICS, 82(3), V163-V177, doi: https://doi.org/
10.1190/ge02016-0300.1

Kim, B., Jeong, S., and Byun, J., 2015, Trace interpolation for
irregularly sampled seismic data using curvelet-transform-
based projection onto convex sets algorithm in the frequency—
wavenumber domain, J. Appl. Geophys., 118, 1-14, doi:
https://doi.org/10.1016/j.jappge0.2015.04.007

Lilly, J. M., and Olhede, S. C., 2012, Generalized Morse
Wavelets as a Superfamily of Analytic Wavelets, IEEE Trans.
Signal Process., 60(11), 6036-6041, doi: https://doi.org/
10.1109/TSP.2012.2210890

Liu, B., and Sacchi, M. D., 2004, Minimum weighted norm
interpolation of seismic records, GEOPHYSICS, 69(6), 1560-
1568, doi: https://doi.org/10.1190/1.1836829

Oliveira, D. A. B., Ferreira, R. S., Silva, R., and Brazil, E. V.,
2018, Interpolating Seismic Data With Conditional Generative
Adversarial Networks, /[EEE Geosci. Remote Sens. Lett.,
15(12), 1952-1956, doi: https://doi.org/10.1109/LGRS.2018.
2866199

Pan, S., Chen, K., Chen, J., Qin, Z., Cui, Q., and Li, J., 2020, A
partial convolution-based deep-learning network for seismic
data regularizationl, Comput. Geosci., 145, 104609, doi:
https://doi.org/10.1016/J.CAGEO.2020.104609

Park, J., Yeeh, Z., Seol, S. J., and Byun, J., 2022, Seismic Data
Interpolation Using Attention-Based Deep Learning, 83rd
EAGE Annual Conference & Exhibition, European Association
of Geoscientists & Engineers, 2, 1-5, doi: https://doi.org/
10.3997/2214-4609.202210245

Park, J., Choi, J., Seol, S. J., Byun, J., and Kim, Y., 2021, A

method for adequate selection of training data sets to
reconstruct seismic data using a convolutional U-Net,
GEOPHYSICS, 86(5), V375-V388, doi: https://doi.org/
10.1190/ge02019-0708.1

Spitz, S., 1991, Seismic trace interpolation in the F-X domain,
GEOPHYSICS, 56(6), 785-794, doi: https://doi.org/10.1190/
1.1443096

Trad, D., 2009, Five-dimensional interpolation: Recovering
from acquisition constraints, GEOPHYSICS, 74(6), V123-
V132, doi: https://doi.org/10.1190/1.3245216

Trad, D., 2014, Five-dimensional interpolation: New directions
and challenges, CSEG Rec., 39(3), 22-29, https://csegrecorder.
com/articles/view/five-dimensional-interpolation-new-
directions-and-challenges

Vassallo, M., Ozbek, A., Ozdemir, K., and Eggenberger, K.,
2010, Crossline wavefield reconstruction from multicomponent
streamer data: Part 1 — Multichannel interpolation by
matching pursuit (MIMAP) using pressure and its crossline
gradient, GEOPHYSICS, 75(6), WB53-WB67, doi: https://
doi.org/10.1190/1.3496958

Wang, B., Zhang, N., Lu, W., Geng, J., and Huang, X., 2020a,
Intelligent Missing Shots’ Reconstruction Using the Spatial
Reciprocity of Green’s Function Based on Deep Learning,
IEEE Trans. Geosci. Remote Sens., 58(3), 1587-1597, doi:
https://doi.org/10.1109/TGRS.2019.2947085

Wang, Y., Wang, B., Tu, N., and Geng, J., 2020b, Seismic trace
interpolation for irregularly spatial sampled data using
convolutional autoencoder, GEOPHYSICS, 85(2), V119-
V130, doi: https://doi.org/10.1190/ge02018-0699.1

Wang, Z., Bovik, A. C., Sheikh, H. R., and Simoncelli, E. P.,
2004, Image quality assessment: from error visibility to
structural similarity, IEEE Trans. Image Process., 13(4), 600-
12, doi: https://doi.org/10.1109/tip.2003.819861

Xu, S., Zhang, Y., and Lambaré, G., 2010, Antileakage Fourier
transform for seismic data regularization in higher dimensions,
GEOPHYSICS, 75(6), WB113-WB120, doi: https://doi.org/
10.1190/1.3507248

Yeeh, Z., Byun, J., and Yoon, D., 2020a, Crossline interpolation
with the traces-to-trace approach using machine learning,
SEG Technical Program Expanded Abstracts 2020, Society of
Exploration Geophysicists, 2020-Octob, 1656-1660, doi:
https://doi.org/10.1190/segam2020-3428348.1

Yeeh, Z., Song, Y., Byun, J., Seol, S. J., and Kim, K. Y., 2020b,
Regularization of multidimensional sparse seismic data using
Delaunay tessellation, J. Appl. Geophys., 174, 103877, doi:
https://doi.org/10.1016/J.JAPPGEO.2019.103877

Yoon, D., Yeeh, Z., and Byun, J., 2021, Seismic Data
Reconstruction Using Deep Bidirectional Long Short-Term
Memory with Skip Connections, IEEE Geosci. Remote Sens.
Lett., 18(7), 1298-1302, doi: https://doi.org/10.1109/LGRS.
2020.2993847


https://doi.org/10.1109/LGRS.2020.2993847
https://doi.org/10.1109/LGRS.2020.2993847
https://doi.org/10.1190/1.3496958
https://doi.org/10.1190/1.3496958
https://doi.org/10.1109/TPAMI.2015.2439281
https://doi.org/10.1109/TPAMI.2015.2439281
https://csegrecorder.com/articles/view/five-dimensional-interpolation-new-directions-and-challenges
https://csegrecorder.com/articles/view/five-dimensional-interpolation-new-directions-and-challenges
https://csegrecorder.com/articles/view/five-dimensional-interpolation-new-directions-and-challenges
https://doi.org/10.1109/TGRS.2023.3249476
https://doi.org/10.1109/TGRS.2023.3249476
https://doi.org/10.1190/geo2022-0586.1
https://doi.org/10.1190/geo2022-0586.1
https://doi.org/10.1109/ICPR.2010.579
https://doi.org/10.1109/ICPR.2010.579
https://doi.org/10.1190/geo2016-0300.1
https://doi.org/10.1190/geo2016-0300.1
https://doi.org/10.1016/j.jappgeo.2015.04.007
https://doi.org/10.1016/j.jappgeo.2015.04.007
https://doi.org/10.1109/TSP.2012.2210890
https://doi.org/10.1109/TSP.2012.2210890
https://doi.org/10.1109/LGRS.2018.2866199
https://doi.org/10.1109/LGRS.2018.2866199
https://doi.org/10.1016/J.CAGEO.2020.104609
https://doi.org/10.1016/J.CAGEO.2020.104609
https://doi.org/10.3997/2214-4609.202210245
https://doi.org/10.3997/2214-4609.202210245
https://doi.org/10.1190/geo2019-0708.1
https://doi.org/10.1190/geo2019-0708.1
https://doi.org/10.1190/1.1443096
https://doi.org/10.1190/1.1443096
https://doi.org/10.1109/TGRS.2019.2947085
https://doi.org/10.1109/TGRS.2019.2947085
https://doi.org/10.1190/1.3507248
https://doi.org/10.1190/1.3507248
https://doi.org/10.1190/segam2020-3428348.1
https://doi.org/10.1190/segam2020-3428348.1
https://doi.org/10.1016/J.JAPPGEO.2019.103877
https://doi.org/10.1016/J.JAPPGEO.2019.103877

76 OIS - U - A - fTE - WEE

HE. WXl2 37|82 HE5t= aT2|Z=9| oA} 11. Append index list step[i] to index_list previous
ac step
12. Else
1. Initialize index list step as index list 13. Append index_list step[i] to index list next step
2. Initialize gap count as 1 14.
3. Initialize max_gap count as 0 15.  Store index_list_previous step in gap index groups
4. Initialize gap index groups as an empty dictionary with key gap count
16.  Increase gap count by 1
5. While index _list step is not empty 17.  Set index_list step to index_list next step
6. Initialize index_list previous step as an empty list
7. Initialize index_list next step as an empty list 18. Set max_gap count as the maximum key in gap index
8. groups
9. For i in range from 0 to length of index list step — 1 19. Return max_gap count, gap index_groups

10. If index _list step[i + 1] = index_list step[i] + 1



