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A Review of Deep Learning-based Trace Interpolation and Extrapolation Techniques for
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ABSTRACT

In marine seismic surveys, the inevitable occurrence of trace gaps in the near offset resulting from geometrical differences between
sources and receivers adversely affects subsequent seismic data processing and imaging. The absence of data in the near-offset region
hinders accurate seismic imaging. Therefore, reconstructing the missing near-offset information is crucial for mitigating the influence
of seismic multiples, particularly in the case of offshore surveys where the impact of multiple reflections is relatively more pronounced.
Conventionally, various interpolation methods based on the Radon transform have been proposed to address the issue of the near-
offset data gap. However, these methods have several limitations, leading to the recent emergence of deep-learning (DL)-based
approaches as alternatives. In this study, we conducted an in-depth analysis of two representative DL-based studies to scrutinize the
challenges that future studies on near-offset interpolation must address. Furthermore, through field data experiments, we precisely
analyze the limitations encountered when applying previous DL-based trace interpolation techniques to near-offset situations.
Consequently, we suggest that near-offset data gaps must be approached by extrapolation rather than interpolation.
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Y BT ke ol ARHESE S5 2 SRl B
251 Qe oluix) A Ak EE Hslel Ay W A B
A B3} o] ofe] BHo2 Yo FEElo] et et Haof
= okbslea AFARES At AR FA AR 9 ZUE
IS A= 293t 9L 12 Yrh(Ma et al., 2017; Park
et al, 2018; Park er al., 2021a). 2L} 3JoF E-AT} B} &
3y Aol of2j7kA] Ajoke] a4 Qlok. HAA Y] Aol
wel A2 S o] WA HSHE Bast e
S0l Agte] WA 4= Stk ERF FiE b &A=
2 A5ab] ulEel A7 @ olEAle] gol2e Asid A2
7 257 As1 FASEAY EdolA(race) B R AR &
o] wAyslA Hoh 53] ] s AT gAks BA
Ao &4l AlolES B Ffsh ARE FSshe A
AE g H(towed streamer) A|AE] 02 227 Wi &4
Al Alol&4] G221 AR oA 77k HH(near
offsete] Edjolat HSo| ¥rlssiT). mehd AsE AR
ol FEHoR 7k e & Wl (big gap)ol EAEH
woj st | = SRR 7IEHA] E=tt. ©|
23t 77k HE AR BA= okt AlA 71e
SRME (surface-related multiple elimination) ZJ-&-of] ¢lo] o]&
22 of7|AIZItH(Kostov et al., 2015; Qu et al., 2021). 35
2ol ot s Bdut Aim A HAl| 2 9%
= 71X7] o] st o it ARt FLIE flshA
= A2 ol BeH o A Folok ik 53] H)
9 Qo BA] A9 TiERkATe) ol Bg AxEE 7}
7he Wle) W EREoR sdsior Tt

Qo2 wizlo] EAshs BAT A=E Edols it
(trace interpolation) 7]&2 Z-835te] GOz Eo|AE
Bs) W 5 ek Hebd ZP7he WYel wh A9E B8
¢ EFlo] W4t 7]so] A&Ho sidEe] gt sE 7]
£9 o275t EFlo]A Uit 7]&E FolA 2He #EH(Radon
transform) 7]4ke] Edlols WAk 71450] st Wge] 2
WS AR S ZleE PEEo] gk 2B I
H3}(parabolic Radon transform) 7]¥te] Efo]A U4 7]&
& 7brhe 8 whde) Edfolx Uil 73 Hol el
ek T2y 77ke EEoA o] ARt AEe} 7kt 37 A
= Wslg A} BAle] gy AER s R wIE
(shallow reflections)yS A& 02 A|FL=351R] F3cte= o3
o] ZAgtch(Kabir and Verschuur, 1995). E3F T EAY 2=
Hek 7]Hke] Eglo]lA it 7]e& 42 AIZER} 2 (normal
moveout correction)o] AP E oo LR F71A Q] FA o] Q@
FEE ol o] Relsl] sl AR BE W
(hyperbolic Randon transform) 7]5Fe] Edjo]A YA 7]&0]
A= Ack(Trad, 2003). 3 WS ZEAE 2= #ig 7]

=)

- B

9] 37} B40] apEA XR A4 o)
737 H]

o] 2% th= o] Qlk. 3, Xu et al. (2018)= E|
o|AE 7Ho] WA} S F3l 7MY EFlolAE weolUl=
et T} 7HAH (seismic interferometry)9] 7id-& &85 7Hd
A Wik(interferometric interpolation) 7]&-& =¢3}3t}. E3H
AEA =T ZHA U 71sS 2hE HE 99004 3
sto] 77kE HE wEe Efols i s FHAITI=
WS AT T2y oA 2 BhARSl gt WAk
oS BATHA Zohe T ©A|9 A (processing)= Q1gH
B AW ug ok BAZ Yol ook 271422 focal ¥
3hg B3t focal YOI Fhe WY Ui T2NE 2
3 OENAEE o] g5to] EuAITIE FAI0) AA s
closed-loop SRME 7]<(Kostov et al, 2015; Lopez and
Verschuur, 2015; Zhang and Verschuur, 2019)0] AJA| = QX2+
03] ke W we Edols Be BEE BAEA
ot THE 29| @77} WAt Aol

22 9 W S 71 olglutel whan AE Ykt o
7o AR BYSL F o =AH FAL el 9
3}o] 7] A|8k5 (machine learning)3-0F2] H2d(deep learning)
71&0] gdu EgolA Uit Atel] Eds] =YE gtk
oloflwiz} 2| 7i7he R o wh o] 9o A= 7]&9)
HHEY HS BYstal A5 A7) Slste] "3
718k} 719 F7EA7E AA = YA}, o] =RollA= 71Ee] A+
= Qu et al (2021)7} Wang ef al. (2022)9] & 7}A] tjFE& Q]
A el sl ApAs] AmEct. 2eja 7 B o] A
4o BAS Bt e R ke HE WA 9t &l
AsfoF & EAIF el =2l Earz} gtk o]¢} HEo] 7]
9] dEd 7|t Edloja Wit 7ol o 7R HE A%
oA Ago] oj7gAlof| thsf Z3Ftrh. 2|3l Mobile
Viking graben Line 12 X}2& ARSI 77k HE a9}
1 9)9] ARE0| AL A7 B4 Aolg A Eh,
AR @) o] ke W] g A90) ARUHS S
off AT o) F7he WY A=) te Edlols B 4ol
o A& ASIEE=AE HojFo] 7]E "l 7W W A
&9 ARl sl A5kt gt

FpIke i wol Thst DA

7i7ke Y WS ando g sidshy] sie WA
S48 Aes| olsffaliof gt Ut o2 SoF /dut gt
A AR AR Edols e et Ak WA of
A7 (air qun)] B, FA17]9] 712 08 S0z wask uh
ol et o] WL HEF 3§ $A1Y 2 (common shot
gather; CSG)o|Y FE 42417] E-&(common receiver gather;
CRGYFoIA &, = Ego]29] whg oz yehtr] dize] H
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w2 st sjdo] 7kttt the o2 Y BN &
AR AL RS FRFeR TAEE Sl Aol ER
(drifting)f] 97t E+F212Ql Edo|X whgo] WAE 4 glo
o &Al AolE9] Alde mE FA17]19] 74 (inline
spacing), FAMIS] Aol mE w4l Aole e 14
(crossline spacing) 5] AFo2 3| MEH 0] F=37T 3]
ZQl Edjolx o] Qlut. Z4zhe] A9 gHdut A= oy
9] FE(leakage)o|Lt F3F 2ot (aliasing)?] A4 55 %
RAZ17] d2e] Bt EFlols Wil 7lesS A83to] &
2al| gl olefol] Al Alele] =AY A=Akl <3
A EAsE 77k EY e A AlolEY] HHH
(feathering) @22 TAYT= whgo] ZAIZ = qlrt. o237t
HEE2 ohA et wh SEY AdFeR o 2wy
(big-gap)2 = WERLA Hrt. 0|23t A= 5 IpolA 24
She TRt SR Edlols Wi EdolA Uit 7]&el=)
€ IR el 1 sEE A W2 A7 AH e

Egol& Wit 71&9] 712491 /HES thaa) &t o]

Az T2 EFolAE 8 9 A7) AlsiA wh
Edo]2of T FH Edo|AaE o] AT dAE Tof
sto] 11 Abolo] A S F58e el olR HdE2
gag 719k Eglo]x Uit 71eolME $83 7] 70l
"o gHgut 23 Aol 313, 34 W Aeole
X EFo]Ag Atolo] BAS wofd o Qe Wl
gk Elojago] EARIT. o] ol whof IRt Edlox
7 AYAL gl ARE "ed 2] 35 4 7] HiEel
Ego]& Wit Fgo] &olsitt. vhde 7izke: Y wholut
HE ol ot w2 A5A Edo|ATt wiAls 2 Wl
2 Uehts 497 Bot AR E 33| ofsfe =44
A EAl PR 53] 7k B AARe TF SAY 2
SARA TE 9 A5 ART} oo EABHA W=
750l sigste] des] Wahd why Ate]o] Eo]AE WA
she Zlo] obd EAHA| Y= EdlolaE AMEA weol W
ofsl= Edo]A 9]Ak(extrapolation)E Ao E= A Hct
(Dragoset and Jericevi¢, 1998).
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Fig. 1. Different features of near, mid, and far offset patches. The magnified sections correspond to the respective numbered boxes. The yellow

arrow corresponds to left common shot gather (CSG).
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HB X =8h(supervised learning)ol] 7|8 & Y Y
715k Eglo]A Uit HHES @Rl WA fofXl FiE
o] Awg AHARE 2USHA ol ARE Yo &AL
AR SeARE e 1 ¥ N2 e Yol
BEg FAAY|T TAR BYL olgale] FHHo|AY B
TR whlo] Qs Azl dhel UlRE St Ea o
2 Efol2 Wi 35h7] feia= 2EsH dold A=
of| A E3EA} = (target data)®] 41T SR} FARE EAS ok
25 % k5 X (patch)yE ThgstAl Ao gich &, 5%
Azo] B B4 B9 5 e THAE 0] Za
sith U EflolA ot sigE= 7k HE WY
Beole FAF Al FS0] HA &2 Aol7] e 2 &2
SALRAA 7I7ke HE ol sFske EFlo|Art EASHA] o
=t ols 98 2 AL S AR BAE et
ol YA A7 o] HA 9 siA0o] 7k HH whl o 9
AollA sidsfiof sk 7Y A EAlolth. metA ol&
s dst7] feia= WA 7R HE AmTE @A doiA]
= A d(mid offseti} HAZ H(far offset) A=}
duht FAMES 2L gl Aol Bt 4]o] Fasitt.

Fig. 12 Z} dgo] o& E4 ZolE BT IHHst oA
ojtt. oA Hol= AAH AlEEo] H|EE ZHAKslope)E
2= ZAA" Boj= 77ke HEoA MAT HE7MA] s
9] dA&2Ql EAo] the& EIE &= ot E3F Fig. 19] ¥
= H3 28 (common offset gatherySol|lA Hol= ZAXH 7}
7he WY A9E 2L Ao HEF AmetE O 8
U AR T2 SAS Bt W ¥YoR AHE AR
(moveoue] aFe] T AeHol] wlge] Aze] Aol
Aoz Asfdct. viti= 77k HE oA AR
of thgt FFFo] A9 flo] A|5te] AAFxo| o7t FITHS
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oA Mol AT ThE We weo] uls) Hr} B3k A3
EXLS Ho|u Itk (Hargreaves, 2006). Fig. 2= 7+ 3o
A HE AR ke HY Ak BolEl AR ThE
oliEC] A& BolErt. Fig. 209} 200 TF $417] B
ArE 2 A9 O $4710] o) H5H A= I
SRl Holi AR AWsHE 72| ols) chgka}
S QA tx o] AN HE O S4E Rojzt of
714, B3] tx Felolale] Aol oh mr} Hug 1A
<= I8t Park er al. (2021b)ollA A|RFEE BHATE A= 74
7149 JAF LEF Y E]ZY(Convolutional auto-encoder
t-distributed stochastic neighbor embedding) £4-& =3t}
g 24 7ed dY ARES AT LEUIHE F9
A F7(latent) Y Aoz WSSt ZF YS9 FALE
(similarityyS A4 & 53to] 2D FAFOE EAS= WY
o2 7t B4 Ho Hdska @ os FAsE
2D G4l =AE ZF HE2 2 o AR eHL T
AEL FHELE T2 A hess SAET Boe
oujitt. Fig. 2c8] B4 AelH Hol= AXY T Aae)
S48 BHORE TUT FRE ST F Ahe
Ao B4jo] 4 W Aolx B B REE 98
% 4 itk ol A7) B AN ke 9 RSl
oeFetal Bt EAS AU les AT &, 7k
4y wS avpr oz sjdshy] fsiie 7ke HE AR
7 Ad+= ot E4S 15 g o e SRRy A
ol Ao gHEn ebi A2 dFALR A &
AeHA] = 7k HE ARE BAR) WY] 93t AR
£ s 7 e AR T 7ee] aFE oA TR
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Fig. 2. Different properties of near offset in the t-x domain and convolutional autoencoder t-distributed stochastic neighbor embedding (CAE
t-SNE) analysis results of near-offset traces of two common shot gathers (CSGs). Panel (a) shows CSG #1000 and the magnified part of the
near offset. Panel (b) presents CSG #600 and the magnified part of the near offset. Panels (a) and (b) demonstrate different properties of near-
offset traces in the same field data. Panel (c) shows CAE t-SNE analysis (Park et al., 2021b) results. The green and gray dots indicate CSG
#1000 and CSG #600, respectively. Non-overlapping regions in the analysis results demonstrate different features.
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EHed'd 7|8e] 7tk EHE By Lol ohet g

Edo|A Yt 714 Boto Jia and Ma (20177} A5& 2
2 Ay 7les =93 ojd2 T 2 Azt ot A+
=°] AXEo] ot @t HAlHY 7leE dolA o 1=
3tE HE HA 2ok geld 7leEe] EYEUR 24
(Wang et al., 2019; Park et al., 2021b; Wang et al., 2023), &
A& (Mandeli et al, 2019; Pan et al., 2020; Park et al.,
2022), A< (Yu and Wu, 2022; He et al., 2021; Dou et al.,
2023) Wy 5 oheFRt whEs sfdsty] 13 deEld 7Nk E
glojx Wik 71l AXESIT 3t o= 2F ©dT)
oju]x] FjAe fIgt A52el thERtAbg AAE S5t =3
A ZAIR 77k HE Y] wh FAlo] tiEt AT Al=E
Ut o] =Rl "eld 71Nt 77k e wh WA
Hol tiiZQl F dAtol] g vl A% e 7Iest
A} gt

AMAZ Qu et al. (2021)2 A 7] THS s AR
3 Aek(label)o] ZAISH SheAtRe] BAlE SAsked 2
He ol G472 WP} SeA R BET BYARI}
g AL wrdsle] BE @] F7AE 2 WA
ARERRE 24 729 45 wd, giuke W ol
o|F o]gsto] FARRLL NS FARE ARE St
Aot olFA BAE WA EE U-Net ZHO) T8 Au=
g3ttt 1 3 sk45E U-Net Zdllo] oJaf 2 717tk d
A g Aue TEAT ThE g EfolA Uit A3 W
Ao AEE tA] I ZEAY g= §gE Edlo]A Y
& AA 2F Uil T &, "Ed 71Nk e A
A YIS Ao ayste E7F WA Aotk
Qu et al. 2021y 7]&9] ZEAY Zh= HE Efola Ui
ZlEe ©EoE AT 4 &2 HREY ATsel de T
AdE FEs] fIste] dEd 715k Eflols Wit Ve
AgY Wire g2 ARgatant. shse U-Netd A3 Witoz &

g3to] 2 Z7|Zk(initial value)S FSHATL o] F S
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ZEAY g WS Efoja yiks B3 2F Ui 23S
FXIAFTE. Fig. 3& o] AtollA AIjRRt A= EAG
U-Net 22 9] A7E HojgEr AoA 7i7ke HE wy] E
gloj29o] X 7= 127]0]ct. Fig. 3b= @9 AR E
o] &3t Belgs F3 vhsold {ARY FF $4AV] B
o3 Fig. dat SRS 913te] 3b9] ke WY 99
AR 35 $47] B2Eolt}. o] AFto|A= Fig. 3bot 3a
£ g9y THAAREE ARSte] U-Net s Sh5A]7|aL 0]
ZAA Fig. 3¢9 25 =E3T Fig 4= 7189 =&
A% 2= S 7Rk Eflo]A Uil Al o] dA-toflA] A
bet o Yk 35 $4Y B ARE v|wg 23t
£ HojErh B3 FUHR o R Z47ko) 7o s Uik AeE
< ol-&ste] SRMES 433t 39| 35 Hd ES(common
offset gather)Z21}= Hoj&t}. Fig. 404 Hol= AXH A
A7z st dEd 2ES A¥ WieE AN A3t
IR F2 AtEo v F4E SRME AiE HojEt=
Aes g 5 Uk

Qu et al. 20212 AAZ BYARAA ke Bl 7}
g7} gl Aol 77ke e Am Uil A 7P S8 EA
e A At 28 ar o]of thgt s o2 ARt
gk vt RS WPAA SRR S8 W
He AXsk=d 2 997t . T3u ol fsiie &
TE2U 943 5 AR iRt o2 AP BERE I3
o7 golof gttt 74 HSEA2e; Z2 AP ARE A
ARoA AEsHA FEoh= AL o9 EIF AP RS
& Higo 2 Hwdt ndsgs s AR} AR 4
A7E Agslof stnz EixtE Aol vl B2 At
go] a4 E3l oA ERiE Y 2EE ol
ShgAkEo 704 3 FH(creeping overfitting)El HHo]o]A]
AAE7E AT AR} TS B WA A5 dAgE
At fstA "t ol & S5 xR o
FeE T 5 e v EAS Ad RS A
sfjoF ek LU Fig. 2014 EojE AAE AA| @FAL=E

i o
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Fig. 3. Panels (a) and (b) show one development data pair (the input and target shot profile, respectively), panel (c) presents the corresponding
predicted data, and panel (d) shows the convergence diagram for L1 loss as a function of the epoch. The red dots and blue circles denote
the L1 loss of the training set and the development set, respectively (Qu et al., 2021).



190

0
Offset (m)

0
Offset (m)

(a) -1000 1000

(c)

1000
X(m)

2000 1000

X (m)

2000 1000

X (m)

2000

(d) (e)

Fig. 4. Panels (a) and (b) show the estimated primaries based on the parabolic Radon transform (PRT)-reconstructed data and proposed
workflow, respectively. Panel (c) presents the common-offset section of the input data (indicated by the yellow vertical line in Figure 4a), and
panels (d) and (e) show the common-offset primary section of the PRT-reconstructed data and data reconstructed using the proposed workflow,
respectively (indicated by the yellow vertical lines in Figures 4a and 4b) (Qu et al., 2021).

He 22 AGdN HSE AR sie Hde] 540
i TR 97t EARIER ofale S4S AR WIES
SR BAAR AL e EHFHlD ofzie Aol
S Wang er al. (2022)= Qu et al. (2021)9)4]9] 2712
3l o} H§-S FolA FHAE A E ETHARE &
835 = A7) A =8k (self-supervised learning) 719+e] 717k
HY B S AASITE EB3 7k HE A WA B
9] Jedds A% A= S 7RISR Fig 59 22 oln
213A 71 Akt Fig. 594 & o e AA™ Al
Algt 22 AeFd 71He WA gAn 25E sl o
H|R = 7St olF 99 A== AT I F o]z
58 2] (patchys FEt] AT AP A7k} EA(linear
moveout correction)?] SIS EHY = Q= ARE AT
o|gA F7t= FUigt Awet AFARE Ao XA 77t
< HY ARE BARE ARE ol&sto] Hed 249 s
o AMEE THARE FE3UT o] Aol - E U-Net
FZE 7]E FZ(backbone architecture)2 ZEH3}F I o]
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£ Ay F(pre-taskyE st i 2P 7HFA
(weigh)E =& Z¢S 913 AF s Zd(pre-trained
model)Z ARE3Ste] A o] &h(transfer learning)S 33t
ojuf AgY g 2O 75A]9 AFE-S FZ (freeze) A1
AHE 5S APstes AT St o] Aol AR =g}
S A% A% Ade AR wEE Uitk Aes 3
SRt o] & flal AARE 50% FRAH R EYAA TR

S s O 3 29 sk F9f 122 Eo|~
wE Wit RS A3 shs Zd= st 1 &
UM A S 7T @R A &4 S AP =
< THARES dYAER sk A A S we A
5 sk RS ARESte] FYUS 79E U-Net 220 Ho|
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Fig. 5. Illustration depicting the generation of training data for the intelligent near offset reconstruction. Panel (a) indicates the common shot
gather (CSG) with near-offset information unrecorded. Panel (b) presents a counterclockwise rotation of (a), and panel (c) indicates the

truncation of (b) (Wang et al., 2022).
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Fig. 6. Near offset information recovery analysis of a specific validation record. Panel (a) shows the labeled complete data. Panel (b) indicates
the seismic data with near-offset information unrecorded. Panel (c) represents the seismic data after the near-offset information recovery. Panel

(d) shows the residual between (a) and (c) (Wang et al., 2022).

23 2eJel 7phe MY YA mde £33 Hrt
Wang et al. (2022)2] AFo|A= 7i7ke- @Y wE] Ego)A
2 Ay SIS UK 714 AL Fig 6 1 Azt
£ TAISHAT) Fig. 6a= AEAER AMEH 243 H5H
3% $A7] BE A=olAL Fig. 6be 7Pk HH WS 2
ALsE7] Sfal 8719 EFlo|AE EAAIX] A&l Fig. 6c=
THE 2dS Hgsto] 2 Uik Aol Fig. 6d= HET
Auto] FAE HolZnh tx GAAHY] AT} ulie At
o] Z Y o= Bolu} Fig 6dolH Bol= Fapze 2
£ H70] of3}e-g meltk,

Wang et al. (2022)9] AGt= 77k EY w7} E7HAE
U Aol e Az E4L RItke Fol Htste] 7
7he MY Amo} v B4 TRt TAARS PR

sl M2 A= S 71-Y olnA] I3 71des =d3
< AolA o7t ot T3 77k Hol it EHAES]
HES A7A =Sy 7S EYal FEs A} & Al=E A
2 H Ajte = Suj7) Qlet. SEAIRE o] AtflM=
Fig. 6a0ll 4 Hol= AAH @FA=7t 77k dE7HA] &
S FSEUT= 7Pgstel 2] Aol +Y= . LRk
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Fig. 7. Differences in near offset range show how the extracted patches used for training can differ in the presence or absence of 10 consecutive
trace misses. As shown, gap of only 10 traces can change the nature of the event presence, slope, and amplitude of extracted patches, and
differences in these characteristics will affect the performance of the training model.
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Fig. 8. Simple illustration of the proposed U-Net3+ architecture. .
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Fig. 9. Training and label data generation. Panel (a) shows the original fully sampled common shot gather (CSG). Panel (b) indicates decimated
CSG for label data where 10 traces are missing in the green box, where the field situation is simulated with no near-offset data. Panel (c)
indicates the decimated CSG from Figure 9(b) for training data. The red box corresponds to 10 consecutive traces of decimated data for

simulating the near offset gap.
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Fig. 10. Extrapolation results of the trained U-Net3+ on data where the ground truth for near offset gap (fully sampled common shot gather
in Figure 9a). Panel (a) shows the label data. Panel (b) shows 10 traces of decimated data. Panel (c) presents the interpolation results of the

trained model. Panel (d) indicates the difference between (b) and (c). Panel (e) shows the wiggle trace plots. The black and red indicate label
data and extrapolation results, respectively.
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Fig. 11. fk spectrum of each data. Panel (a) corresponds to the ground truth shown in Figure 10a. Panel (b) corresponds to the decimated

data shown in Figure 10b. Panel (c) corresponds to the interpolation results shown in Figure 10c. Panel (d) indicates the difference between
(a) and (c).
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Fig. 13. Extrapolation results of the trained U-Net3+ on data with the near offset gap (shown in Figure 9b). Panel (a) shows the ground truth
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the difference between (b) and (c). Panel (e) shows the wiggle trace plots. The black and red indicate label data and extrapolation results,
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