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Comparison of CNN and GAN-based Deep Learning Models for Ground Roll
Suppression
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Ak E-E(ground rol)2 4 B4t FAF A=A 7MY E5HA] el Y8/ 5 (coherent noise)o| ™ BAME 3 €A} oh=
HhAL o[HIE ARt AN 2 AZE 7HA I Yk wheba] st AR A2 oA] 22t E-E AlA = v skl Al wrgoltt
IHE-E AAE ol Fu4-u14 HE Y, AR (curvelet) 93 5 o 2] A A 7]&o] /HdE o] ot AA et A&49S HA8]

7] g ol gt =8 = oA s8] EAgT). HLoll= A BokolA Al HEd 7HES E85ty] SAn JE Y T E-

2 AAS} DA S ATE ThaFsA 2 H T gk, o] Fol A TeheE-2 4|42 $15] CNN (convolutional neural network) =
¢GAN (conditional generative adversarial network)Z 7]9F2 2 3= A|7}X] 2@ (DnCNN (De- noiseCNN) pix2pix, CycleGAN)Z #-8-3t <
TE& 2708k 23] AL Bl A5 At gags HaE Yol TUET FNA HE VY 258 EH AR HA
L e thee] S T, 8 Ak A oS0t el BEE GAAEE Aot £AY A, 2oHEn B0 A
H AR7F astng Fupe-ute YE| PO R AL E-F5 A|ASH AEARE A5 Hed RdY J5 B7H 2 ¥ A

HaE= g 720 GAMAS 7|2 o Z AtA|4=2} SSIM (structural similarity index measure)™} 22 A=A X EE L3t 2
Ho2 DnONN 20| 714 $2 A%S By, e RASE T2 =8 AA0] 288 4 9SS st

F29
IFLE-Z AA, FAEF AAY, &3 AhE YA A, pix2pix

ABSTRACT

The ground roll is the most common coherent noise in land seismic data and has an amplitude much larger than the reflection event
we usually want to obtain. Therefore, ground roll suppression is a crucial step in seismic data processing. Several techniques, such
as f-k filtering and curvelet transform, have been developed to suppress the ground roll. However, the existing methods still require
improvements in suppression performance and efficiency. Various studies on the suppression of ground roll in seismic data have
recently been conducted using deep learning methods developed for image processing. In this paper, we introduce three models
(DnCNN (De-noiseCNN), pix2pix, and CycleGAN), based on convolutional neural network (CNN) or conditional generative adversarial
network (cGAN), for ground roll suppression and explain them in detail through numerical examples. Common shot gathers from
the same field were divided into training and test datasets to compare the algorithms. We trained the models using the training data
and evaluated their performances using the test data. When training these models with field data, ground roll removed data are
required; therefore, the ground roll is suppressed by f-k filtering and used as the ground-truth data. To evaluate the performance of
the deep learning models and compare the training results, we utilized quantitative indicators such as the correlation coefficient and
structural similarity index measure (SSIM) based on the similarity to the ground-truth data. The DnCNN model exhibited the best
performance, and we confirmed that other models could also be applied to suppress the ground roll.
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M OB

2= E(Ground roll}2 FHI = A IH(Rayleigh
wave)7t Ewtd wj ol EAik(dispersion) 5445 2l vEhY
= oHEC|H, 4 BAu |AF A=A 7HE &5t UE
Ue YA F5(coherent noise)o|th. TRt $419 H-Zof
A AFRE-E2 AdFoR 2 AES 7HAIL ¢le B
o|HIEE o215} 31(Naghizadeh and Sacchi, 2018), &% 37t
gejot (spatial aliasingye F&ste] LA HE WAL Z 9L
AAEY AR BAAZ Y] si4s Hefigtth(Pham and Li,
2022). A=FE B IF FAVIE ARESH] TR E-
E UAIE AT o+ e FAL Blgo| oRER a5
Q1 R oyt wEbA B ZHR 9] HE3E s4E ¢
3 Wb Rm A A9 Dk E-E A= T35t
i ZpAolrt.

JTRE-E2 T BT A S Hgl B2 £= HY
of AFut o, & 2ES Z=th= 54| it o|Hg &
Hu} E/4JoflA] vIZE oHIE 7]&7|(dip)2}t Tk A& 2ol
7h AR E-EE AAT o ARt 8 EAolt. o]2gt
E4E ol&ste 2T E-ES AAS: 7IHeRE 1w
=3} HEFH(Embree et al., 1963), @ 3} e (Treitel et
al., 1967), Fope-ak e (Yilmaz, 2001) So] Ut E3t,
JEE-E0] A7 oHERH Hg BhAF Aloe ASA o]
HE=Z Yepdths §4F &8sty 53 Egske A
HE AR 4 Atk olER WA ez 7R
(Karhunen—Loéve) ¥H3H(Liu, 1999), 34 2 A (wavelet) HZH
(Deighan and Watts, 1997), 2+=(Radon) ¥HZH(Russell ef al.,
1990a, 1990b), #E 3 (curvelet) HEH(Yarham er al., 2006) 5
9] 7|50l L=

Fu Qe HE 7N R she PSS AFu ARl
HEAL A0} TR BB SEHA 5] of 29 WhAR
3o ARt o] A = Qlar, Tt I dEjodE Al
AsHA F3trhs @] Atk(Serdyukov, 2022). ©|& 325}
7] $Igt o W 7|8k 7IHES AES wivivs 23 A
A o @2 Agztert asty] gee] 2 o] Bgst
I B2 ARbo] &g H ol2fdt tES didsty] Sl ok
&t 71AENE 7IHE] I1EeE-E AlA AEE U Jia
et al. (2018)2 A 417 Y(convolutional neural network,
CNN) JLZE o|&3le] FE £4AY 2-&(common shot
gather, CSG)O|A] WEAMAIE 9} k=52 23, Li e
al. (2018y I E-E5 AASH| A%t HH 02 CNNojA|
¥PdE De-noise CNN 722 2-g3lgith. 2tha] A4 A4

r(generative adversarial network, GANY& 122 =-8 A7
o AgBIPL ATE SATHEH, CycleGANS o83t o
F-(Kaur et al., 2019)2} pix2pix ZE-S L3t AL (Yuan et
al., 2020) o] tEAo|t}. HZol= v & 5 7|Fhe R
e gAF AAmoA 2HFE-ES AASIA St A=
= YL QUoh vX e S A8t 3% SAY B
& vhAplEe TekeE-Bo] EEE tuix) HEo2 Hels
L] 71AE=50] AREEAL(Guo et al., 2020), o] F& Ea)
ol de Fols g B IeE-go] e Fa 5
A A% F Y "eEd E52 sk A= A
S3A} 5R= A7} 2= v} lck(Pham and Li, 2022).

o] =RolAL BAT R TRHLEE AR 9% o
2ZQ dgd EH=ZA DnCNN (Zhang et al, 2017),
pix2pix (Isola et al., 2017), CycleGAN (Zhu et al., 2017)2]
=3¢ 27}, 7 Bdlo] ke Ao A8EHE A
1= 7lsdtth B3, 72 ded 2E9] A5 Blasty] s
¢ BT A=E ARSI -E AA 7IHS
S ek, AR vEE 9ol @ A A A\meh B
HE AL 37HA] 2Eo] S vlughe 2 I E-

E A a2 g 2l gis) =2t

i

e oS

(el off

o £

71 A5 T o Wl X =8k (supervised learning),
H]) X =8k (unsupervised leaming), %X %= k5 (semi-supervised
learning), 73318} (reinforcement learning) .2 53 4=~ Q1
th o] & RGeS U Auot AE@ES FEPA 3
= A=, & AH(ground truth)o] sFsh= 2l (label)e] T
SlTH(Choi et al., 2020). 7|AIgkE AL 2EE FAJ5H= |l
N4> (parameter)7} £228=(loss function)S 7F4AA]7]1= HF
Fo JuolERT o] UL WHESH- WO AT
Wik Eeo] AHgshe mdo] A4 x0T 24F
of g7t e e AW A9 Held mdojn v
t}. DnCNNe] 7]4bo] B ONN 2= sl deld =
d2A 2plgE TUARE 0|85t A=dhs FHE AN
H 4 otk pix2pixe} CycleGANS] 7|27} H= ZAF At
Z AA Al (conditional GAN, cGAN)2 H|X|E&r50 2
Bl )= SHANE ABASIaLAL sk Apmof| WS S R
(extra information)”7} ZHo] FR St wabA DnCNN,
pix2pix, CycleGAN 2&S J2hE-F A| A 2§57 ¢
A Aol TS 28 AAT ST Aot Basitt

CNNZ Az mjdoflA] F/(imageys 45k A2E HH
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sto] JdE ged AR B34 94 A7 24 22 4
=& HoltH(Géron, 2017). Y¥FH o8 CNN Rde AESZA
Z(convolutional layer), &3 Z(pooling layer), &d HAZAZ
(fully-connected layer)?] 3 71X 272 FAE o] =], ¢
BEAQl A g AERA d4be 2 FRio] ZdqE7| of
2ol 293 o ZA A4 & ok wEha] E¥o] golFt
CNN =Hl9] 212 F2= wje B3 g4 HAE 4
o 4 Qo E952 oY 94y AE AERSE T8 ARY
3718 &l ol At vne] AMERE Foli ot
gujg 5 2Este] AR S €Y 5 U
(Géron, 2017). mpA|gto 2 b4 AAFLS oHA & BoflA
£H EA4S0] 3T S0l vIYEHES k= IS gt

GANL Goodfellow ef al. (2014)0] &8 A2 2 AIRt=EA
o} gubd o R shte] AAY-E TSk 7€ 7T ge
GAN-2 A R}(generator)Q} - X} (discriminator)2} &2]+&=
T Y A ABES AR A A 72
HE o9 ol A 2Atzo} AR B4 S Eshe T
H, AR} A7 A Aol RhEold FAol fge

SolE o ol 7EtaL wskAY AR AE7F S

H At WEste TS gk AR AEE TERE
s o & &Y ¢ TS, EA AT AAE Y
AA g ° F FEstEE $HEHL, O 4y 74
o 2iE AA A= 7Pk AwE BT = ko
et al, 2020). GAN®] &8 T2 o|2xoz MARe} T
Ao] AR Shgo 2 AA| dolEet A HlolH e EE Ao
7h Z| A3 = JYPET) o]3 e oo Ao
ar}.

mcin max V(D,G)=E_, [log D(x)] +E [log(l - D(G(z))] 1)

7| V= &I, ¢ = AR ABEE, D= BEA
ARE, x = A HolE AEE veille ¥, z = 749
HEolth £ = SEHs Bx EHTY ol didt 71
W AuistaL, oF AL x ~ Puu(x)= AA A=l diFt &
2EAN FEX HE, 2~ Pl T FE EXoIH 22
e 729 WEE oujeit.

Fig. 1. DnCNN architecture (modified after Zhang et al., 2017).

De-noise CNN

Zhang ef al. QITY GRIAIS] & AAZ St 2gel
AR Aol ofd Rk FA(residual image)S oS3k 4]
3 T AFY F2(DnCNNYE AQFsgth(Fig. 1). 152
CNN 7|9t 2 @4+o] 32 AAT of T3} <5 (residual
learning)@} vl X] AfSH(batch normalizationys ARE-SHH W=
T QPR BAL ST 4 T, S A Aol T
ol AL IS 24 S AR T2 ol
42 39 AV gaske A ASHperformance
degradation) EA1S a1 23517] 8l He er al. (2016)°0] A5t
71¥olc. thilk DiCNN FRo|HE olg A2 243 f4
(residual nit©.2 AT 712 Wzt el g e WA &
Wito] ARGE QU ¥R HS= CNN o4 dRbdos
AR At 7o R AT T 458 AL
THHAE 24 FAIY 7R 2713k digt 1= 2AE
WASk= 171 lth(loffe and Szegedy, 2015).

A2 AAE At 71Ass €4 Al a2 T W)
= Yoz sk o] gl S0 R sto] &S
£ Zo| dutzoltt. T2ut DnCNNS ZxF FAH(v)o] AlA|
A2 7HHA ASEHES TAARRE FA%T IA; G40)
2 F30] A= W 3ol gl )Y Aol vE
9 5 AL, O ZolE SR sho] ol EAHE 2Z3lst
=8 ndo] EHE

1 & 2
10 =55 2IRG:0) v @

A7IM R(x;0) 7R 0= FA7 IX
He B8 A5E 2yt A G4l 7HAA e &
(v=x-y)T} PP ES BARE eJulgict,

Li et al. (20182 o]&|3t DnCNN £2& Z-L3}te] |7}
A ST 1514 $49 BS 5 o] $49 RS Fax
22 ARGSHT ez $419 B4 Tehes 22 A
= 972 sl UARE A8E ) S04 2
o WA TLEE AA 7% F Sl LTFD (Local
Time-Frequency Decomposition) 7]®(Liu and Fomel, 2013)2
Zgsta, A1 282 20 x 20 27]9] Hx 2 &2} DnCNN
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Fig. 2. Workflow of ground roll prediction using DnCNN (Li et al., 2018).

YENIS AW 2). & 174 S22 749 42
CNNo| & 542 Areo2 shadtal 533 AR o=
& R o] e AA des FAsHA o] ¥
& LTFD 7|93} vlatsted whg AZF Wefl 1k A7
7k 7beshaL, A8 3 § 7ML shehulE 24 glo] m1ek
TE-E5 AAY - Anke Aol Sl a8AE, e
E& ATHOE A HdMe w2 FAG FAARTT
23kl 2 vhE of AR LTFD 719 9] A%s-S Hold
flohs A1 A7 it

p

4> e

pix2pix

pix2pix (Isola et al., 2017y= FAro| A FAro 2o HES
F3st=t] cGAN 25 83t darz]Eolrt. cGANZ 7
Z @hdl(class label)o]y FEl(modality) 59 BHZ HH (o)
At TR AR Sl A=Y A st
o] GAN $do| AL F= FZo|th(Mirza and Osindero,

Fig. 3. pix2pix architecture (modified after Isola ez al., 2017).

2014). ¥ GAN z9] YA AZF2 729 HE ()7
AR G A7)l 77k YR BYEEE THEE §E
H(G:{z} > {y}), cCGANZ Bz FH (7} Aoz 2443}
o] 2219 HE ()9t T A mdof oz Sojzitt
(G :{z,c} > {y}). cGANQ| &g 4] (1) Faste] o
S o] ®ET = it

mGin max V(D,G)=E, pjui 102 D(y | 0)]

3
+ Ez~Pz(z) [log(l _D(G(Z ‘ C) | C)]

olEie cCGANS ol §3te] ALgAPL At B4S 2=
e AEIES S8 Aol pix2pix mdolh Z, pix2pix
wge AT P9 HEE YYOB W1 ZAGN Fojal
42 293 G4 AN Bk Fig. 39} o] a4l
Age AR AROR XY B Gl o AA 34
()& FEIES TUDL o] o, A AP B R
(% TR L Ao Wit
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GAN®| E3el|] A4t A1
&9 5 =S, wEA AFTLe QU Gl AAUA 7
AR o Z Wl o 2 SEetEE £AFT) 3
€. cGANE 7|02 GAN £AFe} A9 FUgt|
23l AR F7HEAR FE)dthe Aot Stk
pix2pix®] EAFFE GANT F2H 02 FUIE| 20|
Folehs At sgol A HES 5] i8] ARR AT
o &9 GG o7t B 8% y & 7PIRIAES 3he Il
& (norm)o] Z7HElct. wabA pix2pixe] LR Theat 2
O] Lgav (A Q)% [ 49 7oz #@FH

L, =E,,.[|y-G.o) ] @)

G =arg minmax L, + 4L, (G) %)

A7VA E.\.= TH Am BX| &3l ARE AFYY &
it A Y AolE ALt AY 71HIEE 9n|sta
A, & h-=&9 7Aoo

o|&gt pix2pix Y F= BT AL7| &3l FF F
A B3 ARoA IHLE-ES AAY = Slr}. Yuan et
al. 2020y 4 A=t @ A=t EE TAARE AL
g3lo] TPHeEE AAS SR pidpix FEE TN,
WA IoheE-So] Gt 600719 BE 449 BE AmE
AL of7lo] ola o] TeheE-BE FleHe WA
o2 Y THXAEE B8t AR A-$ 1,000709]
5 $A¢Y 28 A=) AGRA (adaptive ground roll
attenuation) 7]®(Yuan et al., 2005) Z|-&35}0] 1= -E0]
AAE A2E A AR} FFARE FA F
1,6007] GARS AR, o] = 1,300/ EHAEZE 300
NE HIAE A2 ARSI 2ZE 4 dHold= IA gt
HAE -104 72 Btalstgen, 4 el 4, &
Legay @ Ly, A1) 7F5A] 3h& 10022 1178 sto] E#513irt.

CycleGAN

CycleGANZ pix2pixe} TR 2 GANS -835lo] AA
AJH(source domain)o]] &£dH= FAS EFAl F 9H(target
domain)© 2 WHAZITH G : {x} — {y}). ThTF pix2pix} EHE
Q&) A(pairyS °o|F= ETHXEZF A3 HFH CycleGANS
TR AL ol Bast grk. webd U AR A
7k AT B e ATHGO)RH Bl ol 3k
PRl vxT BRI HES ek AL e 2Es
sk, AR 52 A8l g AMd(inverse mapping;
F: =)™ €3 A3 (cycle  consistency) <41
(F(G() = 1) Z7kso] @, ol G4 x 7h 3k
A1e A g, 29 T2 iy 7 Sele AL B ool
o s, 42 QBAL Fig. 4014 LeRe vleh 2k =, o
AF X7 AR A7 G & B B Aol Sl A

2 o

Fig. 4. Forward cycle-consistency and backward cycle-consistency
(modified after Zhu et al., 2017).

o2 Hghd F o A AFY FE T3 A 4 99
o2 Soits 1 ) P FLsHor k= Jdelt.

g2 B o] &3he AA0Ke WA AAY F ok 6B
AR ANE 9o R0 5L AHF sk oS 4:4]
o ey 4 (63t 2t

L (G, F)=E

‘eye x~Pdata(x) [ |F(G(x)) - x"l:l
+ B,y piaair) ["G(F (G2) R’ "1]

CycleGAN Hd-2 = 7)9] AMF(AREA}F 43Y) Get FE
Zstar olo) wE F AR} AFY Dy}t Dy7F BFE &9
| ojof gtct. EfAl Fgo] R} AT Dyt FAF p ot
0B THANES FATE AHY 24 G| BEA 17
B Dy P x 9 Fp)E BESEES TARCHFig 5). 1A
B AAE gAre] Bxvl el 9o Aol Bxof
AHAAES st 71 BAG GAN £4%3  oj% Gt
F7} N2 BeEe AL At 8 43 S4%9] 715
e FaEc A (I A,k GAN <40 tgt <8
A EA9) 7RIS 9njgith

L(G,D,D,,D,) = Ly, (G, Dy, X,Y) + L (F, DY, X)

+2. L (G.F) Q)

cyccyc

(©)

Z71H 2 & CycleGAN A= A7 3 o2 A=z
A& £ F ok §g IgolA G YR Eol uhy
Gl BEBfof sz §40] &9 Aol A= A
TAISE] Yt identity £AF o] thEAo|th(Taigman et al.,
2016). ol= B 999 01 Y ARZE st WUF
A AFF Gl F83S o At = A F430)
I GREEE FRaL(ER] GG P Zo] WA o/t
glonz), an g S U AR AT
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Fig. 5. CycleGAN architecture (modified after kaji and Kida, 2019).

oz A AT} A BT AAShES sl Ao
2 4] (8) ZTHZhu ef al., 2017).

Lidentity(G’ F)= E,dema(y) [HG(J’) - yH] :| T E. piarat) [ ‘F(x) - xH] :| ®)

ESH 99 S A4 A7) A L&A (self-distance loss)
59 B B20] YR ARA Gu At 248 F >
%E}(Benaim and Wolf, 2017). 2}7] A &A1& S
Hof| &3tz A= Abel9] AZE £017] fal =UESGAL, ©]
Ads 2 9, Bell ks Ams Y Bt (w, )t F
EHA oy, op)= 22} ABttste] - 8HTHA] (9)).

t o

s
1,

Lsel/—distance (G) =
1
J—A("% -

Kaur ef al. (2019)2 CycleGAN 2r12| 50| 9} F71x] =7}
3l SAF(identity, 7] 78] 242 HE3te] WhAL AS

R B IR PRSP RO U R
3319 $4F BTl SIS o) HES 25 $4Y Be
200 x 200 Z719] WA 2 U FeR} AEARE T

), =)= {6 -6t - )

(€

x~Pdata(x)

=z
Zs|
=213
=
o},
o 9
=

gsisict. AR Bl 94 AAs] sl Bt AlA
ZE|(plane wave destruction filters)(Fomel, 2002)2} A{-315
v A A} 37 (regularised nonstationary regression) 7|¥ (Fomel,
2009y o]-&sto] IRRE-E5 AASI Edof ANE
SAEEL 71229] CycleGAN 28] 5o identity ©A1%
A7) AT £2E 3715 H1A) FRE) £ATHE ol 4
(103} 22 728 7K ez A8kt

me/(GaF,Dany) =
Lo (G, D)+ Loy (F, D
+1L (G)+L

'self —distance

)+10L,_ (G, F)+10L_ (F,G)

cyc cye

() 5L (G) + 5L g, (F)

(10)

'self —distance identity

Ll R Rk

A ABE Al 7HA] daEEe 2EeE- 2]
T 4 E5S AH@TRE-E0] 1117151 ERa %’d%
=)0l 7R =S Tt YT Sy BRE
DA Zizte] mES AR PR SR, T2
Foll B2 Ao)7}h qlo] mdl Azl gt HgA el Hlﬂ-%
e AEAQ B7F AFE ARske Zo] Fasitt. o
TollMe= 242 Bds A8t 1ke-Es AAT 2%
9} apdl Apolo] AbzhA|4(correlation coefficient)?} SSIM
(Structural Similarity Index Measure) gt-& H| W dlo] 2d 9]
Ae= HlwstaA} syt

SATHCR FoAre 7 &8 M e X YR A
3 AT WAE ARSI AAleE 13 -1 A9 g
FHAIE, +12 st obel Mg A T, 0 AF AT B
AGS, 1€ ST o) A A DA gt A
55 olgsiel Bhant mY o3 Ao HAES waF 4
SIck. o] w) AAS AR FUT AL $417] 30
Aot Edlo|A5S AMgelo} Ttk 5 Edol X, ¥ Aol
O ABAS = A (1D T3l Ak 4= it

> (X, X)(x-F)
TS
APAGE £ myche] FEAS 7 wythe] RFUAS
53 o Z Lol AAKE 4= Q=] 974 2T =
HE] X, Yol -2 wEle] Zo|@ mATo] 4k AZe)

Ae)E olmigic. Akt BEEAE o] S8 Pag
7 mge] @S X, ¥ olth. 2ot JuAst B9 ut

(1D

~I

;

o} g RS ok YESIA 3 2 Q7] wE, o
4 Azo] diE SAES ZH5E T Y FtHen

Ahgskaat it
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SSIM (structural similarity index measure}> & HAF A&
Apole] SAES HFs} gt SSIME FIE, ojul, 2] &
A=E 2 223} ot 7R ol FHIR s, ¢
v o 4 (122 ZHsl) B8 4 Yo

(2,ux,uy +Cl)(2o-xy +cz)

SSIM (x,y) = 12
(.) (12 +u+c)(ol+07 +c,) (12)
A7NA ue B, o= FEERE IUISH, o T = @

o W9 Tefsled AHEE A2 4 (13)0] BAZ 3o
st
G = (k1L)2

(13)
6= (kzL)2

A (13)A ki, ke GEF AR 25 242 001, 0.03
ANgRITE L& A7t 7= I 3] Heleln, BE AR
= -19A] 1A}e] 9] gk 7RIS A3} Hol glens L3}
2 22 ARNERILE SSIM gh2 ZF 4 Akl 11 x 11 Z94 =2
719] 7F¢-Alet #d (Gaussian kernalyS Z-&3lo] T GAlol| A
L YA9] d=(window) B2 Attt 7R-AIQE g
£ 2249 AR Agste] A=9E Hddw BEHAE 7
T Q2 o] FEE Al (12)0] tidste] SSIM e =&3tct
RE Ao et SSIMY| Fo-& o Fukape-uka TE Y
o8 AAE 2hdl A 2 7|ARRE A Q4 Aol =
2 FAMSE A= UERd 4 Qi

2% ofF

Xtz ZH|

o] oA Mgt gad 7ut aRE-E AlA dF=
N2 G @9AE B @ARs GRS 2goR 7
A8 FRAARI ALE TG o] ATOINE T SIs) 5
3 AYARE Agaiol 2 AW mdg EHsieY, o] @
% A2 dHfEl(Alberta) ] 99| Blackfoot W04 FHEH
4 BTt Bl A= % Shpe] Sl HPaks 2017
2= 229 BLo|thGallant er al., 1995).

THAR S S 712 ARAR 35 SAE =
S A7) A5 o]E Ao (automatic gain control, AGC)e} F
B (mutingy A8t L, HIAE A= FUT ARAYE
49 F o1 B0 YA 4G A= ¢
3 ehile e AT AEoly TPheE-ES AAs B
Sol0F sh=tl, o|& 93l HFA 1HE-E AA 7HS
28 ol glet. o274 2=ke-E AA 718 5 7
o3 7T el FukeTie WS So) 1eke
EE0] AAE 3§ $4Y 22 A=E A o] a4
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Table 1. Hyperparameters used for training each machine learning
model.

Hyperparameter DnCNN pix2pix CycleGAN
Learning rate 0.001 0.0002 0.0002
Optimizer Adam Adam Adam
Batch size 8 8 8
Num. of hidden layer 15 10+5 10+5+10+5
Filter size (Conv. layer) @3,3) 4,4 4, 4
Activation function ReLU+tanh  LeakyReLU  LeakyReLU
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Fig. 6. DnCNN model training: (a) structure of the DnCNN used, and (b) training (yellow) and validation losses (red) versus the number of
epochs.
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Fig. 7. Structure of the GAN: (a) U-Net (Ronneberger et al., 2015) architecture used for the generator, and (b) 5 layers (3 downsampling
layers plus 2 convolutional layers) for the discriminator.

Fig. 8. Workflow of training the pix2pix algorithm for ground roll attenuation.



I E -2 AAS 93 CNNZ GAN 7|4t gy =dl vjm B4 45

Fig. 9. pix2pix model training: training (yellow) and validation
losses (red) versus the number of epochs

Fig. 10. Workflow of training the CycleGAN algorithm for ground
roll attenuation.
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Fig. 11. CycleGAN model training: training (yellow) and validation
losses (red) versus the number of epochs.
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Fig. 12. Comparison between (a) the number of trainable parameters of CNN, pix2pix and CycleGAN and, (b) elapsed time for those models

to train.
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Fig. 13. Ground roll attenuation of the (a) 110th common shot gather. Attenuation results using (b) f-k filtering, (c) DnCNN, (d) pix2pix, and

(e) CycleGAN. (1), (g), (h) and (i) are differences between original data and ground roll attenuated data: (a)-(b), (a)-(c), (a)-(d) and (a)-(e) in
order.
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Fig. 14. F-k spectrum of (a) 110" CSG, and ground roll attenuation results using (b) f-k filtering, (c) DnCNN, (d) pix2pix, and (e) CycleGAN.

Fig. 15. Comparison of Pearson correlation coefficient between the traces in f-k filtered data and the traces in raw data (pink dotted line),
DnCNN results (blue dot), pix2pix results (red dot), and CycleGAN results (green dot). The correlation coefficient of two test data, (a) and
(b), are plotted.
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Fig. 16. Comparison of SSIM distributions using the histogram.
Each SSIM is calculated between the f-k filtered data and (a)
DnCNN, (b) pix2pix, and (c) CycleGAN results. The distribution of
SSIM values between f-k filtered data and raw data is shown as a
blue histogram in all figures.
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