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ABSTRACT: To analyze rock properties and sedimentological characteristics to interpret subsurface structures and accurately model
petroleum systems, improving the quality of acquired data is essential. This process serves as a foundation for petroleum system modeling.
In this research, we develop an Al-based 3D volume expansion method for 2D seismic data and a 3D lithofacies classification method using
the expansion method. The 3D volume expansion method was developed based on a generative artificial neural network. The 3D volume
transformation method, based on an artificial neural network utilizing random noise vectors, demonstrated high performance in interpolating
gaps in widely spaced 2D data. Furthermore, the lithofacies classification method was developed based on an artificial neural network model
based on U-Net. In this reteach, the network was trained using data with completed lithofacies inversion from the acquired data, thereby reflecting
the correlation between seismic data and lithofacies distribution. The 3D seismic data expanded using the volume expansion method were
then used as supplementary data when generating a 3D lithofacies distribution using geostatistical methods. Through this, a 3D lithofacies
model within the target area reflecting the characteristics of the elastic wave data was finally obtained.

Key words: seismic data, volume expansion, lithofacies classification, artificial neural network, petroleum system modeling

Copyright © The Geological Society of Korea 2026


https://crossmark.crossref.org/dialog/?doi=10.14770/jgsk.2026.016&domain=https://jgsk.or.kr/&uri_scheme=http:&cm_version=v1.5

54 BN

rot
o
Ot

T
iF
ri
=

1TLME

AT U F2E AHEIA Tttt shs 2R oz o
A} ek 22 71k ) AMEEjo] ek(Yilmaz, 2001),
S BT} B F2 A4 53 2 AY T L RE
% 7] Soll ALEEIo] Sieh. Aol Bhasl g 4 4
5 A% B 22 47 8 29 079 £ AES mep
st BronE ggEry ey Bafel FIHel B2
o ST Aot o] AT QM 5L Tk}l A%
Al2”l BegS o gAY A A5 A 4 2
< £9]&= Ao|thMagoon and Dow, 1994; Hantschel and
Kauerauf, 2009). B/du} FAL= BAL tido] B 3719
Trol whek 221 B/ u) BhARe) 334 B u ghARE
Tt 234 g ut gk Q151 v at SA1 LT B
1} 27|15 shte] SAof wix|ste] sl SAef 2%t
Aet2 FH HolEHE d=th ¥H, 33+ B/du) TAt
£ UFA B ALY e =X71E FRpe 2
< B P = vj x|t}

32+ g0t 'ARR F53He dlolErt 23k wHdat
HALR S5t dlolE o HeiA] AH o2 ok A
stttk &3, SATE T AT WHe A EsH 25 wof
Sk dlolle 32k B/ gAE EA golshe, BALY
£2& D45k ol EX 24 719gtk(Brown, 2011). ok
Tk 32 Bt SAF T2 221 't FALF I o H]
o =2 AAA H-G& ansh, AN o g2 AR g
2 3tk E3 3R BA S A FSE= HolEH Y & o
Al 22+ BHAe] H]8f] RiTist, o] & AE|ste] o] Q=
tolg 2 7hgdhs HRE & AAHES argith A4
ARl Aloke &2 laf | Fzof taf 224 s ut BALE
AR R AP &, {FA o] A EE F2 A9 o
3 32 B GARE Atk A o= XY EE S
7} magolck

E3 QM B0l A% WBHOR AFFS 5 AS
o 228% 422 HEoR YA HRIT(Ma and
Zhang, 2019; Datta et al., 2021), 3 &4 4 A=
ol ool Ao Ae UM oD BAULS Y
Azt ek @xlo] EAgT AFEA A W
Foto] 2T S 3R o= SPshe -9 Thegt o]
W W 52 Tt ESHEAEE Y 4 JA|TH(Chiles
and Delfiner, 2012), 3%3}11A} = FHo] Ho|A4=
I EAAL 7IskEA o2 ] diEel] B figt
B9 W= 740t B ERAREHN AFTHY L2
g0 Ats 52 285 EchMiall, 2013).

wehA 221 B A w0 A 2 Ve A AT
afja % oAt Ao vl A 7|7} Hg g ut A=

ol o] & Fo a4t A B ARE 3AEe R
SISt A2 3208 Hr) A3t AFAIAE 2Eg
7198 4= ik AAR 221 HHS g3t FHoz
SFgsl= WS et ks Es] IR Yok HE
Zlo] BFH © 2= SCT (Structurally Conformable Interpolation)
7} th(Whiteside et al., 2013). ©] 7|HHL 2x}1 A=
s 2 B $T $ AiyS vHEstaL, o] % 3%}
Ho g 2 BAZ Yot T o|nt oiet A7 2y
o] - B35k, HE7H] A 314 (horizon picking)©]
Fasith= FARE Adok =87 (Kriging) W 718E
O 2 HIkE XePshs At AIR BT EAHZ Deutsch
and Journel, 1992). tgt B8l LS B3 3517] ojFH L,
H7E FA| 9] Fo] JidE ks ©do] £ 22
= H4l 2g 71H 9 AFAEE Y Ve o R, o] & 7|
vro = gt A1 A 24 7o) U= Yek(Lu et al., 2019;
Lee et al., 2024, 2025). o|23t YHEL B oz AA
4 o) dZsiglen, 9dst g FP5k= BF
& B3It} E3 2USHA BEEA g2 221 ARE ¢
Y= A9, 7Fe e 29 B A E Hoj7]of 234 &
Fo|A AH e ¥ REL Fou|gt ghe wieliich 7}
AR oA =2 7Fa3t 7S 7R FAREE A A
olct.

oMy BRo] Aoolw H Al By 7|We] WA 3
A QPHOE 22 & G G4 FE5A S A
=7} AT gk AEAQ Bl Yo P 24
SEALKYin et al., 2023), Yo7t Hed 2dE 285t
AAS B F35)1R} 3= 2 El(Abdullah et al., 2024) 59|
2| gastA = o] B AT G99 b= 7l
%o ESHAGE S0l syt

2 Aol A= AlRHE 223 'Y HAIE S 55 ¢
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25 7 e, s 71He B o835tk
Aoz WAFHY 33 M} mdFE FF%t o]
3 7]& AlFE AE 7IREe o e E 7ol H] 5]
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2. HiB0I=E

2.1. HE QEQIFAM(Variational Auto-Encoder; VAE)

HE QEQFHE &8 A FH2 B8 4F dlo]
o Ex5 RYg)dle Ad3AAY B2, oY HlojH
o] FxAl Y maatH o7 xAstY QFEstaL, olE
Al AT 4= Stk AHES Z=tH(3¥ 1). VAE=



HESTI L MQUAL DS 9yt et

Q13 H(encdoer), Ty ZTt|(decoder), FA=71S] Al 4=
FAE. QTEE d2E S st Zlo] ohet B
I BARO R o]Rold AFEE FEiE wjFsfaL, vl
= o] BEo|H MEYH %2 ol4) UL AT}
(Kingma and Welling, 2013).

olsh e FEE AR BT A4Holn HskE o
B2 $2157] tRol, N2 T2 dloje] 7ke] M =7
&2 EelES Gt v, 2RAel Aol 1
Fuh 4R 2 AW SHe Yrjdon @ FrEE
o, o= VAE7} 22 E4S FHA o= S5t
237 23,

o|2gt o]-FE VAEE Y H|o]E 9 A eo]=L} A
o2 HIE AU A ZARSHY 817 Hk, dlofE W &
S EEECEERE EER N P e
o}, wehy Bxre A2 7Re) AukHel Fehs vetal]
U, o2 o] A= e A4S 7L Y& 1 3524
24 DL shlor she BAl] andoz 48w
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2.2, HIEYTH HE QEQITM(Vector-Quantized
Variational Auto-Encoder; VQ-VAE)

HE JALE} R L EQIAT= 7|29 VAE #2014

A& HAF7HE ol4bH]l ‘T EE(codebook)’ O &2

Sl T2 TR0l 3K &2 Iy A3 55

gt 2dlz, QY hlo|gE olikelEar 23k A
HHE O & HIsI= EAS 2=t 1H 2). VAEZH 8H
ARE Ao 22 A5 SEREE BYUsi= A
72, VQ-VAEE 483 v|g] A od oz /9 Z&d)
B £ 312 FASEIgcH(Van et al., 2017). Q126 2] ZHA|
=9 9o WAE olfet 2

2,(,) =arg minek|ze(x) —el

HE QY2 F=R EA5k: dHdE B F U=
A WP =, dEEE o] olit FAEE 7Hte R o
& dlolEE FU ol2fet WY FASt AL FA T
7k 23S 3A DestA7]aL, Bl HlojE o] HY3
TEY HES JeHA Z2sHESE e B3} Jloh

ol 22 QI VQ-VAES] HAFI2 si4 7k
st, 722 e o 93] EYste S At &
3] Al BlAA Eo A9 FE7E $23 EAA B
g dse Holw, oIy U9 A2 Wsol F5ol
Asieete dibE 722 S4E BESE b st

w2hA VQ-VAEE B3t A1 F-2u b+t 33k &
BAY, 494 428 IHH oz FE3ofF sk 2A0
A &Aoo B89 5 ik AAR g ATAEE 7
25 B3t AT i AHs2t A7 EATTH Yuan
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Input' Data Encoder Latent Space Decoder Outpdt Data
Fig. 1. Structure of VAE (modified from Kingma and Welling, 2013).
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Fig. 2. Structure of VQ-VAE (modified from Van et al., 2017).
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et al., 2022). E3F ZAF7to] ojAkH o2 JLAE o] Q)7
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2.3. MMX X[} AL Generative Adversarial Network;
GAN)

A A A2 A AR BEgT W A
HEo] A2 AhAQl 22 A5t Hlojy &
ot tl#F Aot 19 3). A A8
< AA| HlolHAE Hol= &S vheoiya, wE
T 252 70| AARIA 7HARIA & F-E8H=S 5
olefg F A g 7H] Al A& S5
Al 7A7}o] s E tH(Goodfellow et al., 2020).

GAN®| 44 A7 BEe oo ARSS e
of glo|E ¢}t FARE MES THEoj Wt v vl A%
RE2 Fo7 o] AR ol A AAE MEUA
sl SES SY%itt WE AT B 2 AR O
Ol E =2 SEE, A £ Y2 §EE W5}
oL koL, A AR BE2 W AT ZES &)Y
A&l Bk AR AHES THEoll Y g

o] e 9] 7P Z AL WAH FEREH §lo|= Hj
+ =2 #@HY WY 235 ¢S & Y= Holtk
GANL 1130} & 9 g3 EAS AHIH R fdst
= H "¢ Hojyrt o] B4 w2l & FE2= A=
ojm| ] B W A7 o] 1EFH B oA FyA &&H
ot A2 BopollA &, gHdut 4159 F4 3RS 213l
AREE AFAE 7 EASFcH Goyes-Pefiafiel et al., 2024).
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2.4. AEFUZH(StyleGAN)

A Ao AL THYE oln|X)E AT 7]
£ GAN T4 ShilEl B4 FaolchKarras ef
al., 2019). ol 712 GAN3} 2] 44 7o) ZAIsHe
d5e] on|g Bt B Helstn Alod 4 Y=
AARGIL 71E GANo A= Qs 2ol 2utz A
X A7 BE Adoe] ofmxE AN AR
StyleGANE 27 B1h& WA H419 )3 U|=S1=E A
X7 & 5 A4 45T BEe] ALATHIY 4). 0|3
BekE A e ol xe] ARl Taek AR A 5

Generator Discriminator

; True ;
R } 4

Input Data False True/False
Score

Fig. 3. Structure of GAN (modified from Goodfellow et al., 2020).

4g weh 3 Bejs) HASES SEsH, A4 B0l
e el(style)" 2 4 Elo] AFGELE. of et AL 2
37l A9 E7Kinterpolation)S AALHA Tl Al
219l 542 §43 ) olu]A| WS 7FsaHA dek
A7) = S U E YA (synthesis network) 2 J-AI &,
2t eAolet 2l sjeiolelg ALge) SRS 2R
A FollAde olu| A HA A Fejet 22 A9 A
F2E, TR SONE F2H A3 58 22 Aol
Fo2M ofux) & thyet S Bo] AFHO Belsol
HAHT E3H AL o2 DA AA FUE o] n|ARt
84 WES AT, ok Fo) ALl PAHET

2.5. QUI(U-Net)

FU(U-Net)-> 20159 7ird g5 A4 29 =
dlo]m(Ronneberger et al., 2015), £ o]n|x] B3-S
3 A= AT, -8 /o] Hout o|u|z] A
A2 AA, AAE oy £4, A= 57 5 e 9
o g0} 245 ok 2 YEe 1 2 54

d
o 18 ©

Latent Space Noise
|-
&
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Network —>
H
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Fig. 4. Structure of StyleGAN (modified from Karras et al.,
2019).
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2E QeE 4as 9EShe Aute gEE 4as 8
s} tz7} g om Aduo] glrks Holm(veit
et al., 2016), olefat ol A & 2ot 23 422 244l
o] §UT B4 7RIk B Y Ega oI whas A2 B
Fol 59 AR2A B, FAT 2719 G4 mdlo]
AEER 2HgTT,

B Aol AASHE ok B 7ML, deEs e
o 23t 420 A}elo] FAsIHE S4o| k. uet
A T AEAAY 2Y F U-Net 74 WEHZE A
gstect

3. 1
3.

0. EAHI= iR

2 Ao AFEAIA ASE o Shash Bt
A28 TSI AFEAL I UE 5] 9
Rt 2410] Feh 150 mof ek ulwA L 2 A
JolchKwon, 1996). AJ2)2 0 21 EZ2 he3ol
BEE 2y Ssin, BASoRE AT §708 @
L ok AFEA FEE o2 Bl Ao} 27
Ue} s3] 9178 ATHLiu er al,, 2017). 3 A e
BB ol fEhilor & ol = A vtel wet AlFEA|
A 9of 7t o] 7hsiA A EeH, AHE A
Ao Aukel B4 283 9 2go] ololch B
LA o]H 9] AFEL A A gHFn e A
772 AL wol Bt ThEAl B 72
£ Yehdth o] oAl Aol A=Al 7hsixl &9k
2ol ola) shml 12 §7st] TS FATA.
oA F715E) vlol o] F7171) B2 2Hgo] Buap
o] F01A|t} vhol o] ¥718 71Hom RG] §A F
Zetol AR E @AI7ER] s B A 2ol A E] o] o] &
R Qlt}. of| @A F7|HE ufo] @A) F7|7HA] o] Fo]
2 EAHZE 5T TUoIA AFYU LR FtE o] ©I}
o] 27 7PsAo0] EUhT o AR W, EE2E ) 2
BRI A Bhaldo] Aldto] ol ojA| 1L s R £
SHcH(Ye et al., 2007; Wang et al., 2019). wEhA] £ ¥
A AFEA W g3fead W 7HsAS =017] 9l
P EE AR TP

3.1. SIS =Y HIH BHE Iy

EEAL AR Al Hghs fiste], et VQ-VAE 7
29} StyleGAN 25 ST A 2= 255 U]
ARE HIE=ZE e WE S O HE 2 diFste] ZERS 1
< HES Z0F L8 9 ke AR ol oA )

E] 9F#}3} 7]1¥H(Noise Substitution in Vector Quantization;

NSVQ) 714t VQ-VAE FZ9] StyleGANS] AEMU B2 7]
e AR Y UEYAE THHe] k. T TR
339 A B2 AT 208 S AR BE(
Y6 ekl B W UE AR(IY 6 1 ekl mpa)
2 ol BEEA 7N tleRd 334 TAE P
% =S AAH gt YEE 34 e, NSVQ %
A8} B E, StyleGAN 7|4t 28h) W& E, W 4175
BEOE oRojAlt). o|afat AL APE B Au2
2E 9 AYER HE 25 71 P g, A
29 BRUAT U] GAYS AA2HA WIT 5 gk
AR gk

29 WAL 24 % 349 SR dHojAinh 94 2
7 @Al g Auet 28 Aad] BT 339 g
A28 WAStel, VQ-VAES] F271 3244 whut )
L SA&SES Ak o BA AmBE A%
U AL ol He WA FHOR YEAT) EA 1
oA A AW T2 A4 B u gl WS
RS A&k VQVAES] At BES WA B71E
S8 7|5k o|4t B OR Mo =A A AT
ARAS SR o] S Tl 33 WA} 4= FAS
Bo 2 S4o) A Fo] WASHETE ofrf VQ-
VAES] tmot g e 4 meso mye A)ust
2 227 NGE AL AL BASH P4 S S5,

o1F YAl EUH VQVAE 72 AAE BA5ho],
2749 2l BEA 3L AHE FASES mrie}
R S EEE RE RIS PRSP
o} ARE TS24 34D AH(IY 6 A SR
2ol 88) L s A W ol Aol e} BEshe
AE SJulshs FAT AU AF(TY 6 9 o e
Q1 nkx)olk. ofuf Qlstelel tlzTl A BAClA S
3 BYe Ot AAgskeT), daE: F FAT A
AR e AR YHBLORN ofu HEo] =T
FASH=A| o T ol ok EABHE Ao Bt YeE
YAHOE Xk A%l AWIY T2E &
AL B4t 4 AR F AR 47 EAshe Fi
ofl WF3hol, HERH WA S R

uhxje @Al A4 GAZEA SR VQ-VAE &
o Qme FRS BA e, 2249 2l BF L 274
2ol mhazg Qoo thoyst 33H RS AR R. of
2 93} =AY AzEsk Sk WA B 9 AR
2 3H, StyleGANS 23t b 727} Z7bck. 44
A% BEL b A B sk, W A B
2 71 WA B AA A B2 BEdh s 3
e st A4 44T RET BE A7Y B 4
5ol B 29 A BAE WA s Ak

) =
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% mgo] 34 QU B4 o), 2710 S5 VQ-VAE
o Yaee A4 A BE] o) AT A B
ol g3te] Qe Aot B U Aol 331e A4 el v
g5k ARG dZP) UAEE o)k AA L 2E 9
S9E YHE A 1S Aol 3349l St 42
I, olefat Mk B3 FUL A 24 SofA=
N2 T A T2 EAdo] BhoiE Thaket 33 kAt
AHo] HAHTE ol Yesh FHeo) HES 24 2
che, Zelw choret St A4 A2e) 4k W thaby
2 Aoy 4 glek.

3.2. 2KH2! QA OIS

AT AR A BYRe AW g
BRI} ARl e WBhe Thge] Wastc. 717
ahae Batel QS WA SIS Bas et
oM Aol o] BAE Bheak Bl AEjofof Bk, 3
Foll AEE AEE AFEA] X Fa 330 B
o 20}, S5 BEol thel ¢4 BRVH HRE Y BE

& gt
Srhol A S RS oilal] Siah ehign} Al
BE 38sto] =3 A S A] eHAJa} 94KPre-Stack Simulta-
neous Seismic Inversion)E 3J5te] 321 EFoA 9 ¢
T, Pul &5 Sul £ 59 =ASH(Hampson ef al., 2005).
g WS ettt o8 EAES Al Alkete
02 AFF EYAS ARA 53 Y-S &St
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o] Aotk By T A FA| e GAtolA= A
HHew FIEL 2HT 4 HlenE ¥ AToIME T
Yoz 338 RUL AnA et ST BUE
Aol H A A9 A Ao]9] BAS Tershas ol
A7 (Neural Net)& &85ttt o|if A5 =5 =
9k AT AN BT B Al 24 BESS
Yoto] AL ShEoL, HFTH R FIES A4S
gk A A1 B4 AL gle A=t 1

Resized 3-D Seismic Data

VQ-VAE
/.\
Create 2-D cross-sections and
2-D cross-section locations
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I [ . =
k ] B > Va-VAE
Line Mask
11
B EEE:% Ei Encoder
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Fig. 6. Volumetric transformation method training workflow.
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Fig. 16. 3D interpolated-Seismic cube used for trend property in 3D lithofacis modeling.
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