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Received Abstract

13 February 2024 With the rapid development of artificial intelligence technology, machine learning and deep learning

Final version Received techniques have been actively applied in the field of exploration geophysics. In this study, we

23 February 2024 extensively investigated the application of deep learning in geophysical techniques including seismic,
gravity, magnetic, electromagnetics, ground penetrating radar, and joint inversion. Recent research

Accepted has confirmed that deep learning techniques optimized for geophysical problems are being developed

27 February 2024 that transcend traditional theory-based approaches, suggesting that deep learning is becoming a new

paradigm in the field of geophysics. Despite these technological advances, there are still challenges to
be overcome, such as a lack of training data, model opacity, and heterogeneity between training data
and field data, and this study suggests future research directions to address these aspects.
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Mo

gt whzt, o} & A 2jsial s Ask= 714 3k wEA U
shin ik 22 Sol ZE shEglole] WAl e o
Ape] B8R A2 8 s)4e] Bl F7here] u
o} 7122 2] o] 7]ube] bl oo AR 7]k
of 3 9 EAH FaAlo] Surs] AgE T oL, Sl
Q18R] S(artificial intelligence, Al)] 4] 71<2] 7| A8t
%(machine learning, ML)¥} ©2|d(deep learning, DL)
Z|eol gt AE eyt A o 2 Z718kaL QItKChoi et
al., 2020).

7| A5 Aol A SRS Q1A]sto] A 07 o o]
U 278& Hele A5A59 8] oA, thekdt gt
Pz nee Fo) Fas. ede 7Aoo
A9 02, To] 2 Fhidden layen) & 711 Q134173
& AMgato] Bpek AR prol FAHQ SAL B
3 4= 9l o] S4o]ck. o] 41%5]7], SVM(support
vector machine), 27 Eg|(decision tree), WHIEHAE
(random forest), 12t} A EX-AE)(gradient boosting) 5
O} AEA 7 ASs W= EEY, ol2e AEH
HE2 v g 1dst AR oA e 2= d 2
ARSIt BEHol ey B35kl Ak Y] AFmoA
= shgo] 7hest, o= AW o), & 2495 47t
Z71gho uhg} o2 gEke Xt Goodfellow et al., 2016).

H21d 9] A|Z-2 2006 Hinton ef al.(2006)°] 23] 7}
vhe] A|gtkE E=9F HAl(restricted boltzmann machines,
RBMs) .2 3 5= 9ch. o Aol Al 415 A7) 58
51452 7Rs b Sl AR PHES 2300, of
= 98¢ 2ok S5 IS SXAF T o] = A5 A
73 (deep nerual network, DNN), 4 417 %(convo-
lutional neural network, CNN), <=2} Al (recurrent
neural network, RNN) o2 JLE & o] W 5)9] 11, E3] H]
7] Hokol| A= AlexNet(Krizhevsky et al., 2012), VGGNet
(Simonyan and Zisserman, 2014), ResNet(He et al., 2016)
I 22 s A1 71REe] HAARI Y EYAS0]
ek T3k oju|R] A FYolAs HE LERIAT
(variational autoencoder, VAE)(Kingma and Welling, 2013),
XA A A7 (generative adversarial networks, GAN)
(Goodfellow et al., 2014), Z18]11 t]FA 2d(diffusion
models)(Ho et al., 2020)0] 8 &118|&0 2 2|73l
t}. §HH, Z}H o] A E(natural language processing, NLP)
SO A = 7] 48k AR ol A= ERAZ 0 tran-
sformer)(Vaswani et al., 2017)7} 5438} 01, o] & 7|4k

© 2 3F BERT(bidirectional encoder representations from

transformers)(Devlin et al., 2018) 2 GPT(generative pre-
trained transformer) A]2]Z7} ¢1o]o] A7l &}l 73slsks
4 ol A= DeepMind 2] AlphaGo2} OpenAl2] ChatGPT

= A58 A

93 BAI - o

NESEIREES e els A
HAF Zopol A e A=
7Fe/d= gL glen, 53] BRI gAF AR 0] A2 Yl &
Aofl QlotA B& Fustal aaA 3l FLS 7HssHA vt
S Stk
=P AR ool A A& A E] B s Ale == o] 8 7]k
of AEHo] ARg-Eojgleh o3t LS st 7]
2 dejef oA mElS ARESlo] 7] wiZof A=
A ] ol et Heket &) shA o] s & Als-sh, At
o] sl glo} T dut Eelsha] Epg/do] HAE T
(Telford et al., 1990). o] }= T 24| 7| A gh52 -2 A}
25 o83t e} =9 11 99l sh5st =
AY/gstaL, oS o2 oS0l oA A S T
H
H

%5 7149 8414 A
=]

tHGoodfellow et al., 2016).

o|ggt Ao = EtetaL, T Ee Al Fofol 71A
S 2H80] F71B1L Gz ol 71 o) 2 718 By
9 FHAIE Heke 4= §17] wiZo]th(Khosro Anjom et al.,
2024). 7|1 AskES o dAI FE HA R RS |, &

3 22 QAlol A 71 Aeks malo] ZHA ofe] B 5
% olek. A, 71 A8 mEe HE A Q) he] vl wh
£ 32 SES ATH. oS Sol ZREA oMbl 2
o AEAQ e v el 2o mugow Q3| g

6_}

A RIS B AT 8RR 7] Al gk 2 )2
S WS st G FES T Ak =
7| Ak BEle BRR Ak A 2] & Thegtste] vl
w7t A 28 5 e AR mEd e Ale itk A
A, 704 e glo] dutd AyE EEsle e
ARtk A, 71 Ak e WA o] AL A 23k AR le
Ageisto] 2 mas I P vA e R, =
et AtmE oM = 54 fes A Esidi= 530l 9l
ol =] W2Rte 2= sjAsl] o2 Ame #4 7hs
St} ol2fRt o2, 7IAISHE 71E 2 Sl EA ool A
o] ZE=7F A ol = AL Uk

= 7| A SRS o] 8 TAollA o] AHE Ko
Ak, o5 I ol A= o] A 3] Feliob & 7HA] fHAI7E
Atk 7AlRKE e BabA o= S5A1717] HsiM=
o] A7t g, S AL fotllbe @At
£ sk Hl Bl8o] ol SaL, 7| FH Hek HH o
2 A A=0) F7AlREE = A7t Ek ol & i AIs
7] 918l A= E AR | = SRR Abm A ofl B
A vlgo] EAYsIaL ARt E e} Ak S| o] o] &
A7k E)7) = gk 9k, El Bhsgoll lojA] A5}k o]



ZeEAL ool o] Heid 7]

W2 A4 H8-S @, ks ALR O] A, A= A
2], 3ol ufehu]El(hyper parameter) A7 5ol whe} &
Qo] Agpo] WAIE 4= ol ol eleH EAI S A EH] )
aff, 71 AIek5 9] TS Hekshal s Sieket o qle
o] ¥Rt A7 2] A E AL 9l em(e.g., Kim and
Byun, 2020; Jo et al., 2022; Kong et al., 2023), o= &1
S opolA Z1 st e] 4B AEE g FaT
) % Sholck.

7| AlsHE2 UHEA 0 7 X =8k (supervised learning),
H] R T=8F5(unsupervised learning), 5] &= 8H<5(semi-sup-
ervised learning), 712] 1L 733}s15(reinforcement learning)
o2 ZRE Z1AEEo] SR EAl 2okl 48 27
(2010-2020)0f1= T A8k 9152 2 g9l o
A9k 2| =8h5-E ol s5st allo]E(label)o] L as)
7] WiZell, FZoll= dlolEe] AU Am7t 517
ofl el W] A 53 £ A 5 2ere] ST 9]
o} 3L, ST AL ROk 7| A S E-8-2) 7] Bl A=
ASA 71A8 s darelse] 8o, o=

o] Ato gy 7ol FHE-F AL itk

o] =xzollAle F oF 41d%1(2020~2024) E2HAL &
ofoll Al Yl 7]o] o|BA AEE L I=AIE BT
SPAR AR A2 W oA, S W A S, A7) A
R}, 2| S o]ch gAY, 2] 31 Bgtel ik Hobs 4l
2 2Aslgch B3 BeEAelA Beldel 43A 4
2 918 Yol o & 78 w4 RIS} ko 2 vort
oF o A Wkl sl =<Jgtet

= B
A7 S5
A 10¥17h- B2 eAl Hotol 4| 7] Askes 7]4:2) Bhgol

@

7|8 o2 ST oo whel, 2015 | FE 2023'd
7HA| &) AR S uhg o2 ghdnl, S8, X2, A7) W AR,
A E 23} dlo]eh ¥hAY, BEkelAt 5 77) F8 Hopol A
O} 7| AIEk 719 At 5= A 8FATHFigs. 1, 2). 4]
2 IEEE Geoscience and Remote Sensing Letters, IEEE
Transactions on Geoscience and Remote Sensing, SEG}
EAGE®] oJa) 7hel A9 53} 2+ 28 AU S o) 2
&) ¢l 2., “machine-learning®, “deep-learning* 5-2] 7]
Aleks o A 7|9 =E AR &4 23 70 5=
8 EHARRECF oA Z1AISNE 71RE A7) sfivict
7Vel= FAIE Hojgem, 53] wdul gAte] gt 71 A1 E)
& 7|9 A7t ok EakEel vl Y55] A vERdT

E3L S EAL ROk A 71 AISNE 7N A E TR =
259 78 A vE = 45K Fig. 3). o] F4]f
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Trend of Survey Techniques Over Years

2015 2016 2017 2018 2015 2020 2021 022 2023
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Fig. 1. Comparative analysis of ML-based research trends in
five key geophysical survey areas from 2015 to 2023.
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Fig. 2. Proportional distribution of ML-based research by
exploration.

Journal Distribution
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Fig. 3. Distribution of ML-based geophysical research public-
ations across leading journals.
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A= SEG A'do] A2 45.7% 2 71 & H|F& XA
3} 01, IEEE Transactions on Geoscience and Remote
Sensing©] 30.4% 2 715 o] 91}, o] 2 B EejehAl o
O 7|AIskg 719k A7} theFeh Sk A|of| A SR Q)

O O B S 2~
&2 BT 4= e,

Ehdm} AL XIE X2| X sHA

Edfo]~ HZHY

e EAL AbR = AA A, B A AloF = 71 AA 4
ro 2 Qls dF A7t £AE A= F5d 7ol o
o, o]zt &AL A w FA 9 o] #{sk= o]o] A
Atz A 2o sfj Aof| ok gaFS & 4= Utk o] EAlof -85t
7] 818l, E35] 7] Aek52 &-8-3F B 7(interpolation) 7]<&
A7 &S] 1Y Foltt o] 7|eE2 ARA YUY 2 &
A3t A Y] He S IAIA v§ A B2 A4
QoA EHEE TS 7HE5HA Stk

71 Al 5E EFo]X(trace) E7to] A3 =T A7)
o= & o] /E guaEES A4 Agstd oyt
(Jia and Ma, 2017), Z|&] A= o] Ao T -85
o)A, AT} At R of| E3hE HE-E BdS Jidsk= ek
o7 Askstar Utk Park er al.(2022)2 FE|of &4
(Fourier loss) ¥} B+t Al 2%} £4Al(mean squared error,
MSE)E A5t Y| 28 A5~ 323)5]+= CFunet(coarse-
refine U-Net)2 A|FSHATHFig. 4). AIIeE S &2
Fap o] 2AR QT Ueloly BAE Bskel,
OA Q] £AZ Q1% @ AR (oversmoothing) A
£ |43tttk Li er al.(2022a)2 -2 4] §-AFAJ(Structural
Similarity Index Measure, SSIM)¥} L1 £41-8 235t 5}
o|He| & EAFPE AN S YEY A B d5 & FF

1A

of

SR

iy

5t
Mo

FA

o,

7= WS AlQkekein o8 9 A= iRk A
58 7120) U-Net ot -2 484 71 el 219)
A= Al gths 22 S5 Li e al.(2022b)
S40. el WhAla) A2 B7HS 919 i of
E-E(coordinate attention block)2 Z-83F |22
U-Net 7|9t 2229l CA-Unet(coordinate attention block
Unet) & A1k}t CA-Unet:& 213t o4l 58 53]
A SRS TS, R YT LY 71
9 (feature map) £ 2|egt gk, oju) 3 ofsld 2
soyEgazt A 22y JuE EAs), B
o ety Edo]As s 4 Qs g,

5k, DA B Apgo] Bke Salshs ATE
3] 218) Zolck Yuand Yoon(2023)-2 alfof eHd ) gt
Aol wAsHe AR 24 #AS Sdst] 919 3D
cWGAN(conditional Wasserstein generative adversarial
network) &S A|0F5FAt) Yeeh ef al.(2023)-2 B3]
s 48 Edlo| A8 Eahshe BT B (RS 9
3t 3 Z AE}¢](crossline) WaFo] Edo| A HIHS Aot
stk ARkl Wt Zlee] mY Alekedo] A8
MWNI(minimum weighted norm interpolation) %' H]
FIGAL, AlekE o] BE ks thelo]d e m7h
d5& Y& =ik Fang er al.(2023)2 53+
A A CCNet-5D) L -5} cKFig. 5). CCNet-5D
© o2 A2 ES d&A ez detste] HAAE Ul
E913%, 5309 GARS abH 0w Helaich g4 9 @
& A7 AIESC] dis H7Ikt A3, CCNet-5D+= 3D
U-Net W7} Blasto] o 2 A% tf 21N E S
A1l

At Ao} Bdlo] T2 AMEE EfAZHE 285

= e

ML oot
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Fig. 4. Schematic showing the structure of CFunet for seismic trace interpolation. This network contains two different U-Nets
(indicated by coarse and refinement as well as downsampling networks) and an additional upsampling process with zero-padding

(indicated by the red arrow) (Park et al., 2022).
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A= 27HE ek Guo ef al (2023)-2 7129] fHF Al 7|& ol 7N AT Held 71eS ARtk s
7ol A|o1 4R Ahsze) ol Eaboliz o Whal, el eI Qe Wuer al.(2024) 719] POCS projection
olzae B2 Hlof @At olrks 42 ShAskaA  onto convex sets) W¥ITHHel Z)HE Adste] et
M 2-g- HE] AAY EWMAZH(multi scale transformer, A28 Y E 2l Sparse Prior-net(Sp-net)2 A5}
MST)E 7IMHO % BHz BZPAS AIQeleich Ding eral. T Sp-net T4 2 AR 4528 AFE T A9 S Bl whe
(2024)& A7] 2] v A E(self-attention mechanism) AL &5 FABFAA fEARE B AJ5S 2d et
< x5 A A AEEE ARS-sto] BTt 4159 = A& YISk

0718 A8 A7 S B A]o] 451 42 SAGAN(self-

attention generative adversarial network)Z A2ttt A2 AA

SAGANS 27| 2| A28 B3 22H M E  ehin} Al ARt ela] EL 2l9j2el Yeloz ol
2o, BATH A0 Wk W AR A AN B2 R 8] 2ol 4lo] Ae) BT ool R Hel ke
e S el AT = 5 Aok A2 20 A3 Y FAE A7 L, AT

@ EhTAD: Reshape 3
r 4 ReLU A et

@

P50 g BRI XIzxIsXlyXIsXCin
P g RELIsxI kI RIsRC ),

030 g RBIsXIxIpxI %R

P = LIyl xlsxR

0 g REBhLIzlyxlyxlgX oy

050 g RE*NXIRI3KlgXIs¥ Cout

Fig. 5. Designed 5D convolutional layer (CC-3D2D module), which uses the cascade of a 3D convolutional layer and a 2D
convolutional layer to approximate the SD convolutional layer (Fang et al., 2023).

sim( fo(u))

sim(u)

Fig. 6. Overview of the SISL model. (a) Training process. The original noisy image u is fed into the similar image sampler to
generate the similar noisy images sim(u). Then, u and sim(u) are used as the input and the target of the denoising network,
respectively. The hybrid loss function is divided into two components: Z__ . is computed between the network output and the target;

res

considering the difference between the ground truth of the input and the target, the regularization constraint Z,_,_ is introduced on

the right. Notably, the similar image sampler used twice for a training round adopts the same strategy as pixel replacement. (b)
Inference using the trained denoising network (Liu ef al., 2022a).
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o) RS vhio] ek A5t Fxol AL el
o2 s 2st7] $Ia EAHR 1 A7 ol et A
o Basu, B3l 7 A& e ARAL 7|42 ol §

o FA AR BAL PAAI L, A E A e
O H- A& AT ES ole Hl T2 9 3tk

S o] B9 4 AAS 9Ia] Wang ef dl
(2022)-2 B]R| &= 815 7|9} A 22 Al AIQSHA
ok o158 712 28 A7 W ek A% A7
WA WA, 21 TS FRe) e,
AT W £ QAR AT F(ISTA) 7] |2
A= 7|31 t) Dong ef al. (2022) 2 HE| AA Y A
T 1M =Y AU S-S SR e AA Y 31 =9
Z2- AlA Y E L A(multiscale spatial attention network,
MSSA- Net)& = Q15to] 33 451} o R A S5 &
Ao 7 %25}t Liu ef al.(2022a)2 71& A =85
A S FESl= GAM A A7) 815(Similarity-Informed
Self-Learning, SISL) @S- A|Qts}od gHAdw} o|u] 2] o] 2+
29 27} 8k5 w41 O 2 A A5 th(Fig. 6). Li et al.(2022a)
< eda o] 2] 9] 2t H A AAE SAll 24
3] 93k A% ST AATL AUk Yao ef dl.
(2022)-2 Apat g} 2} 0] E4Jof Ul= DnResNeXt U]

-
e ox

(a)

-9

e
Mo

iy

ot

EQAE Bl A5 avbH o2 A 21, Iqbal(2023)
& DeepSeg |25 Sall BT} A150] H-5-5 4]
52 0 2 A| 7|5}tk Luiken ef al.(2024)-& 3% FAF A}
29| t]&1lg(deblending) F}7g ol A 247} Sh5 22 Al A
HIENAE Hg3te] Soot A7 Aok o R,
Lee et al.(2024)2 Sparker B+ A} = 9] F219] 2
2 2A|8l7] 93 BiLSTM(bidirectional long short-term
memory)3} FrET(fractional Fourier transform)& 233t
WS AT o]t A5 T/du} HlofE A7
o 71AkE 7eS A-85to] 22 A o= A A skl
A7 FEHS P = a2 7S Holrh

oME 17
A} AR B 2| 72, A5 el g o) £ o
e ukEe] 4] 5o ols) Azt 4ol ole
A2 4= 9lk. o2 sl dsly] gl o= Eelevent
separation) o] %2 40] TlEE|TL i}, o]l Bl
50 7 7510] §-8 A5 Wera) 4 uske 2 olu]%)
12 4PN 7] 3L, Thokat 3 o] TH5(oll: Pk, STh S 4
isjo] Zh7kel A WskH AR E 2ER) B B
o B A2 B S|4 & TR e, A U

S B Aol 7IASE 71Ee] Ee

o o

o

ol mo Mo o o
1o 2 oh g

oX

T

Training

Neural Network

Dotapepert 7 /-
ata preparation { o/

R -] S \S NS S
.;\':\B\s an“e\&af‘“‘a:;(‘ﬂe:\e““%\ 6{\(\3\ ha(\(\a\ " 0° “90-:\0 na“{\a\ 2":‘c\a\'":
a \;\ g I o o v -
(b) N it oo SO LA L LA AT Sl LA I
r Ca e e o o

N
Input

Base nat

[ 2D convolutional layer, filter 3x3, stride 2x2
2D convolutional layer, filter 3x5, stride 2x2
2D convolutional layer, filter 3x5, stride 1x1
[ 2D convolutional layer, filter 3x3, stride 1x1
[ 2D convolutional layer, filter 1x1, stride 1x1

. pad 1x1 Rectified linearunit

. pad 1x2 [ Batch Normalization
, pad 0x1 Up sample
1 Addition

1 Input or output

Fig. 7. Overall design of the proposed deep learning method. (a) Workflow. (b) Structure of the neural network (Wei et al., 2022b).
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2 o|HE Fe| 7|H o] A7} giks] ZleY=| L glck

Wei et al.(2022b)-2 VSP(vertical seismic profile) A} &
o| Al Putel Sul-E FabA 0 2 He|aly] $igt JEd 7]k
S AlRbSFATH(Fig. 7). VSP 2k7 9] aLsf e ofn|A|
Aol D=2 Q) Pute} Su} Hef & AHsEfete] Bt A
Ao 270 9] S IR O 74 220
VSP 2ol 4| Pfe} S RS 225}7] 913 ehgu) A
E|o] A} FEZ = E3fj(helmholtz decomposition) S 7]
Hko g s1= b4 $HAJF 417" fully convolutional neural
network)< AHE-FIt a0 2 712 fk HeEl | Bt
Hlmafe] geld Wo] $44S AFHAT LI 44 7
55 Mg Bto] o LhE kel 528 HolRglTY,

Tao et al.(2023)-2 A| 5} vj A o] EAFg L 25 £A5H=
o] olele-g 2= VSP 49| 55y el £A4E s st
7] 938l 22435 GPU(graphic processing unit) S AM8-5F
2 BHS ARkl o) theFst A1 g oA 3
SARE 7RI R 3 EEAR A EE 1531, o) & o]
L3l ok 2HY ks A ShEAIA Aol A
st abs Y 2e)E 2Adskglet Alke -2 7|E ot
2] WEol vlsl w=ar gekeb, 543 A A 20&
7431 Fazeto] 2] 2] AA| VSP tlo]HoA = dRtE} 5
i Ykl

Abbasi ef al.(2023)2 gt T} RFR7 oA AE U H|AE
o|HE, Z1ehe-= E(ground roll), F2H9] 5 55 &
3}7] 93t ALMD(adaptive linear-mode decomposition)
WS Akt e A AROIA) W ALEE TRl
dket E 9 PR S-S anE e s EEste 7|E
9] LMD(linear-mode decomposition) ¥-2 &A1t Y
o]tk LMD+= Wiener LE|E AHE-5t0] o|HIES X2
o B2 25k, ALMD= LMD Y] 23 =53 2

0

517] 918), HalEl meetg)e A8 7ke] A S At
8} o2 B AR Hasho] EFoR Y BE
U, 9 AER ol HE 7)ES AHgSte] LS, 4
Yl £3 BES A0 2 etk ALMDE H2e) 1
e F RS LEEER U PR L

2 A4S 7R Bk

o de K

2% 3

T EhAJOl A 25 first break) M 7271 42 2
o 2ol Y9 whAole). el chir ealnt ek
Am A = AlZEo] go] A8 E|H, o]z 53] B4 A
2] Lo 25 AIZE HEHE 1S o TS o] 29Xl
o}, 3L AA| AR A A = oty Ef|o]Auttt 27
gebd 4= glon, o)== 3ol s EtslA 4= Qlrk o]
g ZAIE s dst] flal B2 A7AEel AHsdkE =
T eSS st glom, o] Fo| M= 58] 7
A ARLTE 7o 2 sh= o] F&Euky glch o] 7
AT E2 o WE oot 25 AW 71551 s
edat Apm o] FAS A7 L, A& AT g
a3t 7)o E & 4= Utk

Yuan ef al.(2022)2 4502 U 25 WHsl=
AlZE 2R A 90 2SS Aty 918l 2 /9T SegNet
S AMEEE AHE 2T EE S AISEITHFig. 8). Seg-
Net-2 2-8-5}¢] CSG(common shot gather) ol A 2% A}&
ol M S Ao 2 AlEststar, Ad Atste oE WS
&l FlolEE(waveform) £70F 25 W0 FHE F
AH o2 Fr1sic) TS 257]2] O & o] F oz Y EY
=352 AAF 57 ¥ (stochastic gradient descent, SGD)
= ARGt} 5T Autd o7 T 7)o AL M| B4
°F97% 2] LS ST EMN, Aot HHo] 25

=1l
ox
foh
3

K

Extractors

Classifier

Pooling indices

£ d Encoder
Shot gather

Decoder
Output label

Fig. 8. SegNet architecture for seismic waveform classification and first-break picking directly from shot gathers with sparsely
distributed traces. Blue boxes represent the convolution layers containing a convolution operation, a batch normalization
operation, and an activation operation; green boxes represent the pooling operators; red rectangles represent the unpooling
operators implemented by pooling indices computed in the pooling step; and the yellow box represents the Softmax classifier

(Yuan et al., 2022).
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Fig. 9. (a) Three-dimensional seismic image displayed with faults that are detected using (b) the trained CNN model, (c) fault

likelihood, and (d) thinned fault likelihood (Wu et al., 2019).
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AV O} BFAFE] TR Blx] ALO W o] 218 Blolah 2 q
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Fig. 10. Salt segmentation using semi-supervised learning
(Geng et al., 2022).
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A3t ZAIE siast7] fls Gk Eokoll 71AISSE A
She <A77} e e olgi.
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tHGuo et al., 2021; Hu et al., 2021a). Shi et al.(2023)2 A}
2 WE o] A 7] A e} ol 4l 7% 7187 WA AR
= 81880 3D U-Net 22 31431 CKFig. 11).
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A ZAIE 318 3t7] I8l A U-Net2 2-8-3}o] ERSInvNet
& AAsten 99 Amol A% AA e 35k
U-Neto] Zlo] 4.8 meks}gon, Zo] 7% o} 3
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Fig. 11. Multiple types of magnetic field data and deep learning-based 3D magnetic inversion architecture (Shi ef al., 2023).
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Fig. 12. Illustration of the proposed SegNet architecture. The architecture is developed with three-level encoder-decoder structure,
including 45 layers in total; the classification layer at the output is replaced by a regression layer to recover the electrical resistivity
map. The apparent resistivity from measurements feeds the input data for the network (Vu and Jardani, 2021).
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Alste] AE7) A7IH|A G A= et A7IH|AE 2d 4o
47 S0 ) T AL A AT 2k, 1w
s AES Z2s)7] 915 ahe) 7S] AR 7 g
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VAC)S A SIS 00, g4 A2 o ke o,
o g Som PAISITh A4 W A 7S Ea
ACNO©| ERSInvNetS 5716l= A5S 29

Vu and Jardani(2021)= A 7|8] A5} =dl o] 3X}- 2+
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Fig. 13. (a) Schematic diagram of the workflow for training the RNN and (b) application of the trained RNN model to the field data

set (Bang ef al., 2021).

A7 SAke] 471 2] CNN I} Aet7] v 2 2](long short-term
memory, LSTM) HIEQIFE A3ste] 72 AlS 42 &
TEsHh T E AAEE 30 dddE E8sto]
ARFEAL 2b7 Yo 1 A 7H A E anpE o
FE013 3L, LSTM2 2t 5-0] A7H|AS gk A2
2 AARIA A9 AR 2 1] L} AR AL AR
EARESHR o, 121 A7 H| A Rl s dlo] 52 g8
sholck AR HIAEE F6l, U ES] 2= thekdt v|&)
Do SAE AR disf PEAR]1 A5 UFBHA
o} & 5 ol vigh A HIAEE S, UEY
0] 214 UE sk Aubt Avjee) e v
go](Fort McMurray, Alberta, Canada)©l| 4] =515t &%}
Ao o5t A8 A}, 2522l o] & 718ke] 121 occam
A T} v wste] WhE A g S5 UEch

1, Noh er al.(2020)-2 DNN-& ARE-3| b= F S 3
T AAEAL A= 0] 134 JAE AL 435t L, HE
71 e-2-F7E 9 AKgauss-newton inversion) I} A1}E- W] 1L
shodeh SRR 13- Held 79k 4k e e
o Aol thgt of| S HE=r} Wolxlth= AR o] Sl
(Kang et al., 2013), o]23t £AIH S s 2skal 1 A<
4 T1#3}7] 918, Bang ef al.(2021)S RNNL: A3 2
A2l 4] HE S Alktolch BAAR 2 BARRE A
83101 231 RNN 2J4k0] 458 A5, 2409
HIEH Q] t-SNE(t-distributed stochastic neighbor embedding)
2 Ahgato] AR BYRRY GAS Thelstol
RNNS| %52 94341 ek Fig. 1)

Ak, G A= E AHSEE t= o Hs] v S el 2A
£ /b3 L, olaHAle) ASke AA T 5222l 914
9 g} o] o Hrhi= §HAIE 7HHItHOh et al., 2019; Huang
etal.,2021).

olg Fualy] gia) A 71 Ak 79 Bl A
E9| AStE KON ef al., 2019; Colombo et al., 2020a;
Sun et al., 2020; Pratap Singh et al., 2021; Hu et al.,
2021b; Wei et al., 2022a; Hu et al., 2023b). ST} 2 &
F714Q Ak AL R 3 CSEM(controlled source
electromagnetic) &4 & ©X|(Oh et al., 2019), =X} &7
oF AHAREF FAlo ARESHs B3 HAHWei et al..,
2022a; Jiao et al., 2023), 87} AR, I8|al
MT(magnetotelluric)-S E-&5h=E39 K Wei et al., 2021;
Zenget al.,2023), 12|11 g u} L7} AAEAL A RS
AR5 4 B8 A4 SHE 919K(Sun et al., 2020) 5
o] =3 =| It} Hu et al.(2023¢)+= 58 7]&7] A&} 2}
o A2 F8oto] Yol 7 Barels Sasan
Aotgk vhio] 71& @ QA Bt =2 d5-S UehdS
AE3tATk

Hed 9] A4-8-2 G4k AT 5 IR,
shgH Bdo] grEAtR e AUAA oJ&Esh=
o} @A w7t AR T E R E 7HE 9, HElo]
et oAf| &2 35HA] Z3T) o] ZAIE sidst= W
S 25 RS S8 AK B RES @RtE
of| BHA| o] 8k5(transfer learning) SFA LY, TheFstal 5
Tt FE Y SRR S it 2 A5k ol itk A
A 83§ TEARE s oYL, A= A
7AYol =& A4l ul-go] Evtar &l A Stk E3L Lier
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=



=EAL 2ol g 7la: %, =4 A 2 vl 3 73

A e 2bE 7R B A RAE A - sk, o]
= 714G 719 G4 Aate] o] 23 ZATE BS54
ARzttt olof whal, 7] AlskE 718F HA Ao A= dS =
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§h Sh45-2 AASHE 177k KL QT(Biswas ef al,
2019; Colombo et al., 2020a; Liu et al., 2022b; Noh et al.,
2023b; Dhara and Sen, 2023).
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A(trailing interference)= T E] Y311 X5} AT T A5}
T2 A4 M2FNet(Liu ef al., 2023)-2 3}o] H.2] = CNN
I EAEW Q15T S A3SE 7Y W (dual backbone)
5 2 )= HE=(multimodal) GPR &2 #§ SH5(rep-
resenting learning)2 A ZTh o= AR 33 &5
9] GPR Ao tgh 3 7Hd& EE = Q= a7 A
‘Jo] 45t HE Bl ob& e, A5} gho] & H
Sh= A SR S0l A Yang et al.(2023)2 R} 2}o] 2
RS HAE o Sk AR A3 T A AL
H1-S- &FARS- 93] CI-Net(clutter-immune net)2 A QF5FA
t}. E3E Yang er al.(2023)9]|A= convolution triplet
attention module-& 2o} R E(RSU)o| E316lo] thokst A
AL B4 7M1 2 A 9L Adsta, Y EQ A9 A5
% 7| A|(adaptive mechanism)2 Z3f] A&Fs}11 EZ2] Q1
A B2 A= HHS AIskieh Choi et al.(2022)-2
GPR HAAL = 9] 355 HAI6h] 218 gaid 719k Wz
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S ol AR A EE 55F90L YOLOVS Hd
< ol-gsto] 27| el J - P A HfA S AE Y, K]
a5, AP AR, B QAR V1Y 58 A 8slo] 2]
uEe wasioch

A A Aste] ol R BAle) 919 WS 1
o531 912 274 BAlo|ch. GPR 15 4] 2] 7]
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Qg BRI ARAIS B o] 21 S BRglon, F2
)3 W3 hough transform, HT), B]Z3] 1l %(template
matching, TM), o] A] F<(edge detection) 5] AMEE L
THSu et al., 2023). et 0]9} Z-e 2|5} A Eo] A
2 Qi HEAR PUSE @ 711 BAo] EAfeic,
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