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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] ¢l Edlo]A WAl(trace interpolation) 7]&o] &
|= o] gttt Edol U 71eE Ed|o|X(trace)t PojA]
A F3F B3 fX|oA 9] EFo]AE FHY tE EdFo]a
52 o83t BEshe 7ol o] 71&S AREsHE A7 A
gE ol Zast 54 FH iES 2= ARE Eojd &
olA @A WS Ak= FSel BE A HlE =
=Y 5 Uk

Ego]x Wi 7le2 4Y A= E5F2=0] wet 3714
2 BE3 4 QItk(Trad, 2009; Trad, 2014). A HA 52
TR A A7 S Eole 7R 37 dEokx
A (aliasing)S S5k 59 AHE 7|HHE 5 Uck(Spitz,
1991). = WA & E5F2sH WS 7H)= A=E Ui
k= 710t} o] 7% WA H]Y (binning) 59 WHS F3l
AN AE 2= = fol S8%e F o] A A=
£ 3o AYRAA Eet EFAAQ] wEE fee 7le= o
FAoF 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} Qlch. ufx|eto g AlA) A5 9] HE
AXE A A= HbFst WS s35k= 7P =2 &
=9 EqFAES Wrgshs ol Jlom tEAe® ALFT
(Antileakage Fourier Transform; Xu et al., 2010)2} Matching
pursuit (Choi et al., 2016; Vassallo et al., 2010) o] Qlct.

HAl2g 718k EdlojA Uik 71&2 2o & B
W3 glow], £5) Yeid(Decp leaming) ATEIEE AFGE
Hhg 0] We A7l o] 2ojA 1 9ItkUia 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
AR 7)1&o| A9l 2T A= SH(super resolution; Dong et
al, 2016) 719 AT 3, E4H I SLEA 2
Japajole] AE olgaks HAHHOR GAN (Generative
Adversarial Networks; Goodfellow et al., 2020)0| L} L EQIF
©](Autoencoder; Bourlard and Kamp, 1988) A€2] YEL =2
£ o]8sh= B4 7IREY] WA |7 de] JEE L ok
ol WS w2 A%: Hss Holn F ¥A $E7HA9
EAEE 7HE 49 AR 2R tie Wik s3ste
o] a3&o|ti(Dou ef al., 2022; Fang ef al., 2023; Pan et al.,
2020; Wang et al., 2020b).

Ty ojget HIEEHIE EAIF]7] SsiAE wiglo] =
A 2 AA=7E ash, it B ARE ANSHY
EAAAF UutSk(generalization) 55 Adth= ©4e] Sl
o} o|z Qs THFE A A7 7ickaaL, AAl 8%
ARE TUAAERE AR Hfolle HIEA| B3t g2
Az dojxl A=t o B asith= £A17F ST
uebs] mAY 7Eke] Edlojx i 7]ed EHFE A
22 NSt ol A SiE2E Zart ok W

Of
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Yoon et al. (2021)°] Edflols 7vte] viAleid e olget v
A 71ee He 2o) g8 L £ Edo|ag AMglel w
o Zael WAl whelol TS A1 4 Atk ol <
TASFE S AlS717E o Aok AR o] Ats Al
AYE A7) E13E 5 A WA 229 E2EE OF
+ o 23

o] A7tollA= Yoon et al. (2021)0] ARt Eo]x 7]RE
Wi 71e9 58 Ags AR & iR 29 E413
TE APtk b aadl WS Ajkeich B wh
T 9&5E wpo Ego]Ad] BYS fiste] ALH W <t
o9} of=|7kA] iRl Yol teiA] A2 ohE HIEH=
£ ARSI o] A= e HEYAY Shgole B2E A=
7 Y H=9] whlo] gl HE3(gather)o] obd WAt sfiof
S il ESFRIRE wo] Sl edut AAET AR ESL
o FEHor T YEYIAE o83 &2l wlS
Esks Bl Aokt

AE e o] &3 M HF S AZF Exmouth Sub-
basin Z| 99| Vincent A oA AofX AJ7E IWEAL HAH
(time migrated) §/J9} A7E 0|83t XPstRaL, A 2
B AEAe Edolx Uk Wzt ulmstgic LR <2
o] Al B flste] A Sthil-2H](PSNR; Peak Signal-
to-Noise Ratio; Hore and Ziou, 2010)2} F-Z-5-AFA(SSIM;
Structural Similarity Index Measure; Wang ef al., 2004)z} Z¢
o A B ARES AT wEslech

HEYS FH-22 HY

dutA o= GANo|U @ ERIFTE F 234 T e 7
22 AMShe G4 A B 71Nk f 2d Eflola Ui
WY SolMe &4 Eat gAE S AfelY BAE St
STt o] WAE hE3h7] fsl SAE 2SS FhE(labeh=
ARgSH i 2Rl WS Sl SN Bes &1
Am2 AR o] BN Fhlle 5] %t edd
B3E SHEsh= Zlo] Aot 22l o2 %t A B
o] "g=2o]x] ¢k EdFo|A Z|ut I (Yoon et al,
2021y ARgste] E-F21AQl wglo] 23tEo] Qe BEE
AzRkE o] g8t 2At7E THATIE ALHES A

A Sdut ol Fig 13} o] F N9 Edoljx &
LE7F E5FAA Y WS 7R QS o B B =
717F Ny x N1 @& d= 4] (1) o] FFo] 7hsdirt.

d=|: o (1)
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714 X= [2 x N] 2719 7 4 EdolaE = dE,
Y= [1 x N] 32719] 3 &8 Ego|2E 2= FHEE 9v]
it

A7IA AZ7E iZFE P2 22 n, m Rl 7 Y E
FolatE dHAER ARGl A Al2E Uish]
o Tl YYo= AEHE F EFo|L Aol 2hil= A}
3k A EFo]x olejof who] Y= Aeol= & A
B2 AT ok w2 49 ke 38 o
HEHIZL 28d f= a82oR FUAXRNRE 74T + 3
o o] W DA E dsde gE ehdE dERET)
BASIEE {1-n, i, itm} < Sus°]010F 31, |5 TA A
£ {l-n,itm} < So, {i} © Seps WE3M Hrt. o|FA

T 4 xmet 2hd 2p5 9] A2 o]g3te] U HIESY
A Rpme THAZ 5= St} o] o ZHAZ7] $i8 54 &
= ofgiet 2ol 4 )2 4 3)llA AAF Xinm, Yiex ©|
£3te] Yehd 4= 9o AlF Hdt 248 ARSI
10555, = | R ) Xinm) Vil )

2= o] AIHe FEs] A MEHYE, RunlE
Yoon et al (2021)©] ARE3t skip connection©] EFHEH
DBILSTM (deep bidirectional LSTM; deep bidirectional long
short-term memory)S HEslo] ARSI TH(Fig. 2).
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A8 Az o HIEHS, R,m7t Ba3IH. o714 i E
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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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Fig. 2. The architecture of deep bidirectional long short-term
memory (DBILSTM) with skip connection network utilized for
performing the interpolation process.

Ry A1 7= F2 € = SUth WekA mit n Aol
O WA Ry Xiamy) = R Xiom, )0 SAGEL TE 5=
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(augmentation) @ | HBE 4 B oD e vl Y3
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o714 floor(x)= xErh A &2 o A4S ey,
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A& 5o A DANA Fig. 19 ARE ARSI RiE
FANZIZ] st {1-n, i, itm} < Spa WFdh=n = 1,
m=2 i€{6,7,14,...,23} & AF&S 4= Q). E3F Ah&TH
WAL o] 83 n=-2, m=-1, ie{7,8,15,...,22} =
Agstel £ 9K WS AL YEYaE i 4
= St} g o R(z,z)"—é_ SRAANF7] Yot n =2, m =2,
ie{7,15,16,...,20} & &3 5 Qic}. 12l Yol 574
o ol5te] n=-2, m=-2, ic{7,15,16,...,20} = =& =}
B2 AREE & Qlrh 2ar oS dA oAM= Fig. 19] gl
ZF 7P 49 dA%E Y W F AF Wl 3 Eg
o|A9] HL ¥ = Ri2(Xsa2)= WA & 5= Ut} wiHe @
EZ w4 Eo|Ad] He= ¥ = RonXue))E 01
6_}01 "H’IK:]%]'A 1’}, et EH%"%L% %L‘g‘?—"]'@] Y, = R(I,Z)(X4,(—],—2))
£ ol&ste] ST 5= Ut A Tt diE 2 HIEN=R
o] & 29 EEFQA AR 7] 5t Rpy= A
A oz 4 Eo|Ao BFoe Vi = RipXuci )=
0|83t &3t o HHOoR ALH WS YA T &
Stk 11 EfojAe] A= ¥y = RonyXie)2t BAE
9] YA E vHro] Yo=Y = Rop(Xinz,2)E BF AN
o 4 Qo Y= S A8l F 2YE 2R S R, F
Aol B 5ol ARSI olF aLEste] Fig. 1o &
AlEo] Sl BE wES Uit st UIEHZE ERA17]7]
A WA (m, n, DET 2E WS WA s $igt Bzl
HeEE Table 19 71&3H4T

olgA BE FTF9 WS YAt s St WS A&
B w 9] Jfe2 EFslof skt ol2dt EFe Sep= ©1&
sto] =8fgt 4= glow, o] HRE sk dalEy YAt

FE (pseudo codeyg F-E9f 7|3t

YRR QAR

AXgt daE]Ee] HASE {5t AR 4SS Exmouth
Sub-basin X Q2] Vincent GHof|A HojA A7t A} B A
H g9} A2 E AMESEYT AES ote] 3 e =

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=-3m=-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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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 mtAeE & Zo] 20625 kme] 825712 EFo]AS A
A}, A7 HEFO 2 1,540 2EE] 3456 Z71A] 4807] A=
£ ZFeI=E A (Fig. 3)stint. E-FRAQ wHs WA o
= /%E Elgsm Ho}oq 22. 5% ] 1867H-4 Ego]X

A BEARE BASHETHFig. 4a). 193 o9 Bt
2[5t wilo] Eakel AaolA] Beid F7ko] E3hEo] glon]
ofe] 711 3719 WS B 4 Sl T2hE Seiste] Fig. 4b
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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.
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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.

2 AHgte] EYIE FUARG
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Fig. 5o =AIstgict.
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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. 6ol 4 £ 4 Q= A 22 24 A4=o) ojet 4 2
el = A3t BE ARG (groundiruth; Fig. 3a)gh #o) $A}
3 Bae BolRlth 59 & o ATE B2 s
8l 1, 2, 9] AsE Wrlo] mE ZAISE oo tia
stjsto] w3t Fig. sbol Fig 6bol Wbl ilow A
WA it AR Ados FAE ARg A AHRL

AL BRI = 9tk
23 o A vIE stel WA BRle] gE oxs

AFsl Bkrt. Fig. 7a9} Fig. 8ao] Hol= At} o] + 4
I B2 GGl disl] 2ol He 2 23S ol F2ol ®
o 00 77k 2AE Hole Ao IR I, F
o ZHAIRE BlnE sl Siek Fig. 7b9t Fig. 8boflA Kol
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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.

AXY g AR7E AR FAlo| A4t A8k md W LRGAI(Wang ef al., 2004)S AXFso] B wstgct.
Alekzzol A48 MWNIHo] Yit & Edjoja AT )

_ e ' MAX;
ARE o]gste UikE F3ske Al Wil vls) o 3 PSNR = 10-log 7= (©6)
oA Wik 3PS & 4 Sk JA AR dis &
] ARl H| T2 a4 Table 20| ThSAIE S FHEL Al SSIM(x, ) = Qup,+C)2o,+C,) o

2 24 C ) (062 +C)
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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.

O olA MAX: GiolA Uehed 4= Y= Al 948 vehdith viR9e R, C), Crz 22 39 e BASY]
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ok 3, (DHAARlA X, Y 247 98 ATt Bde 9 &% A vm 2l T BE o &2 452
S e e 47 B Xk YO Bt UEhdch E3F oy, BHOFEAT 2 Aokzzdo] 2-8E MWNI oA 2g
ove 247t 9] BEBAE, ove B XS Y FRAE © ¥2 %S Elskg ol =Y Aokxzle] Agd
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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).

Ray R R 3 Rpp) 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 #5jo] Hgele] Amg AR SAlo] najgh dibs & dabefo] Fajo] Wgh dAdtola 214320 2 (log-
7] wjolch. AT Edloj2o] gt e Aol A linear), G AN V|eERHoR SoluA Hk. 5]

[e]

o] Agkelei, Felo] Wak(Fourier transformpoltt AWV T o ARk WL % o] A Edolaut o] g3t ANS
ke bSOl Bast A7) 28 Axo) At AL A SASH] Yol ofid Aokl ulwA Aov], o Azl o

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.
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AFAR o oluA =Heo| ik 7P 24 gt ot 2
29 T AZto] Y A=Y A7) wet ST sHAIRE

E AR ZHO| HIEA] R gl TR SES
Ag0] 2715 A om A8 5 7] dio] A7 2
717k AR 5 QA SHolA 2 ool Utk A= =27
7} 22 o] Ao|| A Intel(R) Xeon(R) CPU E5-2630 v3
ZAIAL GTX 1080 Ti LY Z2A|MS ARR3te] HEY
A9 A ARRE A A ARANNE A5 9 22 AR
10z vt 28 =3It =2 Aofxzo] Z-gH MWNIC 7

= 107 B 2853

Wik 23] 35S ERls & = e thE HeE St
F-Ih(fk) Gl MBS U & 4= gUoh. Fig. 9
who] 3w 7] ok A gdut T (Fig. 3a), B2t wh
o] EAehe ©dut BH(Fig. 4a), 0] AellA] AR UE
Q=0 o) BYH AES THF T (Fig. Sa) @ 29 A
ofz7o] 28E MWNI 2 B¢ 2= (Fig 6a)5 Z37 o
Ho| Fulpubss AUEYS Uehfiglct. wdo] 23R oF
= AAIgY] g Fufeulee AHE-(Fig 9a) T8 9

Fig. 10. Scalograms using continuous wavelet transform (CWT) at XL = 16.65 (a-e) and 16.85 (f-j) 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.
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U7 o])o] BAbE Z9| ezl gl WhH, E21AQ1 wh
A& ddohe @Y Fuppae 29 ER(Fig by T4
oA R AZ9| o] FAtE ] Yehhes AS I
% Stk oleigt 2 kel He] AnkFig. 9o} 2 A
opzzlo] 245 MWNI 9] AuhFig 9deld 78 F 5
sl AMEY BRolN 4EHOR AAEon, £
H BT 2] AEERS PR or B 2 SRR
upAate 2 EgolAd] ks o}z 84 waveleSo]
EFRE Fols B0 UE B Azl Aolr} et
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HEZ. HXlS 37|HE BE25I= A2|Z=0| 9JAt 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





