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Abstract  Clastic rock reservoirs serve as critical carriers of hydrocarbon resources both in China and

around the world. However, due to inherent limitations such as strong heterogeneity and insufficient sub-
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surface characterization data, traditional methods of reservoir characterization and modeling have struggled
to fulfill the demands for high-resolution exploration and efficient development. Since the 21th century, re-
searchers have progressively integrated artificial intelligence ( Al) techniques into the field of clastic res-
ervoir characterization and modeling, resulting in significant advancements over the past decade. These in-
novations have significantly improved both the accuracy and efficiency of reservoir characterization. In this
context, this paper systematically reviews the development history and current research status of intelligent
technologies in clastic reservoir characterization and modeling. It highlights recent progress and application
outcomes in areas such as intelligent well log interpretation for reservoir parameters, Al-based fault and
stratigraphic framework analysis, intelligent reservoir prediction through well-seismic integration, and in-
telligent 3D geological modeling. Furthermore, we discuss the challenges faced by various intelligent ap-
proaches and outlines future directions for their development. Overall, these intelligent characterization
techniques have made significant advances and demonstrated positive outcomes in practical applications.
Nevertheless, they also face multiple challenges, including a lack of high-quality training samples, sub-
optimal generalization capabilities of learning models, and inadequate coupling of knowledge-driven with
data-driven approaches. Despite these limitations, there remains significant potential for advancement,
with promising application prospects emerging across reservoir characterization workflows.

Key words clastic rock, reservoir characterization, 3D geological modeling, well-log interpreta-
tion, well-seismic integration, artificial intelligence
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fi% 2 FAE (reservoir characterization) J2& M £
FRHME R E RO T AR R R, X
FRALHE it 2 FRAE 0 . FRAERG R Rl = 4E R (R
JEFT, 2010) , fiff )2 RAE 5 A Aty T4 77 52 Y
ity BT SRR A . FLAE 20 fiE4 40—60 4E4R, &
22Tt TR0 A M AT AT, AR R T 5T AR R A
i, s B TR DR S A0 22 Bt 4 )2 W 1 20 M i 40 %
BrBro 20 28 70 4R, 6 )2 M 5T WF 58 0T 4 52 )
B, HHAVOR K Pettijohn 5 (1973) H g fe i)
THEIZARR B 2R A, I Ae DL w8 O i
TR B, BDEF X (6F)2) dE
Py o e AT = 4E 25 18] /9 7 ik A B0 (3R PR
FIBRFHL, 1996) ., 20 22 80 4EAX, fiff )= b i i
FEHE A & BB Bt ( Weber, 1986; Miall,
1988; Galloway, 1989), H 32 EfeIR & T 1985
FERIFTHE—JmEPR#ZE (lE) RIESW, &=
W EHE . “ Reservoir Characterization ( i Jik 3%

fiE) " RYARIE o AR T SN R 1 e ) a2 B A A
FE . R I o T A E % 1) 22 A B AN A s P O A S T
#t (Deutsch, 2002; Roger, 2006), Tfifif )= 3 1
JEMCRAE Y A0 o 20 28 90 AEAR IR, Bl Il
SIRIT KA WRA i 2 AR Bk o %?EX’EE%*F
KPR SE, 20125 5Kk 4, 2022) iX — (A
RN, A% G A JZ AL T IR BRI *ift?x
A, WO KRR BE ALK R SRR S R R (5
T MR, 20215 HRJI4E, 2022) DI4R e 6= R AR
RO TUNORG FE .

AR, BRI AR)ZERIE S B RHOR B 2
BRELRE. B 2000 FLLG, W 5= E0Em
Ab B R AR A 5 N LRSS &, g
2% SR )R AR B 28 A W B Ay o) R bR
BT 5 AR R, B T 2 R i 2 S H0
BB RS 5R 2 ) MR R )2 B J7 vk (Ellis
and Singer, 2007; Veeken et al., 2009; Xu et al.,
2018; Liet al., 2019a, 2019b; Yue et al., 2019),
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Bt 5 R RE Bk A PR R e e LA 35K ) L R v Y
HETT, MRS M RR R RE MR R N ARSI I L AR
FARSW R AL (Laloy et al., 2018; Wang et al.,
2024) , FEM A BE 7 D, DA X I i 2 i R R Y
5 2] AR AL I 2B S AE B RAZ R, IR
U 5 1t S5 R AL D i A R R R R R AR o A RN
£ (R AR L, 2024) 0 768 M2 fif B Dy T,
NTR] B B 41 M £ 5 47 9 36 Ak O 22 48 2 4 Rt 245 R
MOV BEAZ 4, 5900 J Tt ey R X 757 B Y 55 0 1) B
Hw, WESIHERE (L ea., 2019,
2023; Yue et al., 2019),

2 o S A T S S T I R 2 R M
AR PR . — 5T, AT AR I B 4l e
23 (8] 3 A EARCH A BR, S5 — i, bR R TR A
TE53 HERA R 2 Pk 0 R, ) UGk 2 R A
TR FERATEM (Strebelle, 2002; Azevedo and
Soares, 2017; Song et al., 2022a) , Jy i % X —#k
M, M B AR R 22 P T A R A R B B P
B MNEET HFR B T5o0 . WA SIT B 2 A5
THAE R R . SR, B3R A G AR AT R LA
FE 2 A RBER SR — SR e LA ME A 2] ] 5 2% 1 A 2 A
) A0, A RO G 2 U8 S A B A BAT Pk
& (Song et al., 2022b; HKBE % 5%, 2022; Cui
et al., 2024; Liu et al., 2025) ., X—F R T
OB H OGP R R BRI AR, 15 4R T
TR 7 ) TR AR H IS BOde A O T R R, P A
b2y ( Variational Auto-Encoder, VAE) . A X}
Pi M 4% ( Generative Adversarial Networks, GANs)
P B A ( Diffusion Models, DMs) {438 19 3
— X b BT E ALk J L PE W 1 ((Chen
et al., 2022; Liu et al., 2023b; Di Federico and
Durlofsky, 2025) , ¥ FE*% > 55 vk 58 o 4 i 4l
LMEWR R, AUBEA R~ R 2 1 25 8] 25
FRRAE, SERESEELM | iR . AL E DI
) P 6] @ A ( Song et al., 2022b; Hu et al.,
2024) . SR, T GANs 55 (1 8 Be 1k B 05 kA4
T I B 0 e R . A G A H B 10 B AU I A
AR B TR ME A5 1 2 ER (X Z B SE, 2021)

BTN, BERGRE T T 20 4k 8 A i
JZ R BERAE 5 BRI R R SOk, 4
B A A BATE 2 U A AR SC T 5T, F e DO 5 AR
BOR B RE R R AN EOR L B RB AL = 4E 3 BT R EOR

PEATEE R OR AR G800 H B AR I B T il ) Bk
i, BRI KT 1A

1 ERSHNF SRR

DU A I 48 T8 0 SR 4 30 2 A P I8 . L BE RS A
JECSRS I 25 ) B 17, 5 %o B 40 A7 b R A3 A, ST
HOVHSEEGMZSHZ MBS C R, 2L
H T 2K A0 i R Y G B R (Ellis and Singer,
2007; Selley and Sonnenberg, 2015; Li et al.,
2024 ; Shi et al., 2024; Zhang et al., 2024b) , B
BRI K MEREAWAR T, 2R L KK )
1 58 I fifp Ao AR T W 2 7™ IR PR A (Lia, 2021)
1B G R TT EAPTE MR | BENLME R . BORIREE
[ (Lietal., 2024), NTHAE (AD) HARRYR
A A T AR I Hdl A BE S i R U R
M (Liu et al., 2022; Shi et al., 2024), ST
i ZZHn R . =R EE UM (Guo e al., 2024;
Wang et al., 2024) , SR A0 5 K08 P4 2R i
BT A | B RO e AR 300 A5 AT
(Z=74, 2021; Shiet al., 2024) (K 1),

L1 MHZDEERERE

W 250 RE fiff o U R ) A 0 BT T2 2 08 T b
M BRI S04k . FEEE AL BB B,
XoF J5 ey I H 0 AT BT T k. A ME AR DL SRR AR
YRR, DIRETHEUE R, M gkar i Bk, R
Ja, MCHE AT 55 J RIS R I 0, B HOOG g il £k
FRAE, JEMARZHIEPIRE GG MR L, Wk
[l A P AR AR TR R O R A U 43 B
SR RE HEAT I, A R SR B ME R M S T SR
e, W 2t B B e R T AT T IX, TR
A DX H R AR, ARSI R, BT RlA i
B S L MR, dE— SRR g A, N
A S s b B 50

0 H= fie Bf AT 55 32 22 3 55 18] 05 RN 43 28 K 2 )
A, b, [l [e) R A O 2 T 2 S 50 Tl
W, FIanfLBREE . BaER . WM MR E L
SR Moy 2 R RN 25 BT B O 2 S 50 R
A, et . DURRGIN . BUE A . iR B SR
HEA | PR AYEE B X AR X AT PR ] B4 2RAT:
5, RS GE H O 2 A5 D O il A R A RR
fIE, SRAR— A 2R HLa 27 > 58k dl v
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Fig. 1 Intelligent logging interpretation workflow for reservoir parameters ( modified from Wang et al., 2025)
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REMRBEACE , ok 1A 0% 2 2 . SRR 5 Bk
%, SEEMKB AR A XS BIE R (Ank R &
A WIFEALE, BT LA > 7 kR I
AE fife T A6 L (0 46 J22 2 B PO RS 2 2 35 4R T (O R
MESE, 2018; MM 4%, 2019). SR, LiRfiE)=
Z RO RE R RO LA TR BRI, AR R BE
7% JEAN AT 55 R 22 5, R BER A 7R
i J2 2 5045 D Hdie =2 1) 52 2% 9 Al e v e S 56 2 1A
Lo () g, G EOBN S RCE BUR M L 2
fLRESI3Z R (Otchere et al., 2021) . BT I, A%
FHPURRRARTT S, — T 28 2 H kR
PEATERI, 7 —Ir eI AL AN, DLt Tt
B 2 fif B 45 R nT 52 4k (181 1) (Otchere et al.,
20215 AR PAE, 20225 FRKAE, 20245 FRAE AR A
MooL AR, 20245 T B AF, 20255 s gk 4F,
2025; SREMIZE, 2025)

HULF B, £ X H 45 2 A 2 R B I I i R AT
55, UTAF R — PR M R i R I RO DS
B EET [, BX HARZ BT 2R 2 )E,
MACPRAFAT 55 o X T BIAAE S5, Al SExs H s S 8ok
Fror g, WA £L B RE X H 1 S it G i R 2
Z 5B XA [ A 2 00 At ST e S Y (] ) 0 A R
PABE— 20§ Tk )2 Z 8O RS BE o X T 0 K 4T
%, NWERHUZ R X oy s, L Se X o682 5
AE8)Z, AEREIZ IR — 28 A0 0 A SRR
i, BRI TR B R, A L
PRI RE MR RR B (Wu et al., 2018; B[
8, 20225 EFRAF, 2024) 0 AL, AR
T H: i R BEAT 6 V2 S RO BT IR 2 — A S Bk
FRA BB R SCR A, R R AE B 8 R0 i
J7 AT SR T LR PR AR, 5 B OE

1.2 HiEwmALIE

800 TR B e S 0 H e R Jo 5 A
BEW) SR Z — (A, 20205 Lu et al.,
2021) o ph I A PR MRS T BRI
Lo RUOBE 28 S A 22 Rl L, PR b 000 3 — AR 41 Ak
HU A A AT IR Ve . A SRR LA, DA AL
RS Z S R R R R oK (2K 8 A 4E,
2019; #isH 4%, 2022; Wang et al., 2025), HHi,
WAL Z BN CaTERA L fLE 2 80T
SR E BRI AF ) C T8 U 5E S 1Y il R
P, FLH AL BB AR G B, A A B e R

SR EiRn, & EN (K 3-a), H—-fL 54
HEAL (&1 3=b) . R IR Ak 381 DL R 0 ke 2 ) 3 b 45
KL TR, R A RN I BR 7 50 L, PRIESL
WY % 2 M M fE M I (Zhang e al., 2024a,
2024b; [RERE 4, 2025; Gama et al., 2025; Har-
itha et al., 2025),

SR, S o Mk R 3 R v £t 2 250 258 a1 e 491 ™
R, AN TRk T2 2 ) B B S e R A A 2 e A
K, 25 FBOH N R T (0] 2 B AE 2 FEAS i 75
AT e 3000 S e 7 2 A A B S 68 i 2 A A TSk AR A B
TP . B, A A 8o DL R D 3w iz 4
TERRIAN I 254 )2 2 500 00 AR Rk 1R Pk K
(RAFZEEE, 20245 Zou et al., 2024) , & Xf I £k
PN AF B IR, 5 R RS KRR S
A PR, Hoh ADASYN 553k g 98 A 4 /0 B e B
A 25 (6] 3 A K AR A, 3 G AR S N AR S
FOAL TR s Ah, BRI e e R AEASORT I, RRAE
HA S RS 4 TR IR R T 58, R i X O
fih 2 JEAT 3 SRR R A2 E AL, R
PR Y (0 RF, AdaBoost, BPNN 45) i fk i A
RS, ARERTHRBIZALRE Ty, 42 iRk
(Wang et al., 2025),

1.3 HZHMiE

TERH)Z SRR AR B AT ST Bk, A5 2K g
L W BT 55 P L 8 3 PR e B B o TR A 0%
ZE AR Z AR R IR R OR, Bk
NTRT B 222 B8 1 P W A R A 2R 5 IR R
Ph B REAE AT 55 5 5K 45 2 4k R 9 R Gk oK
WA AT ARG Tl 5 Bk s 31 7E1%
GUBAAFAE W 18 ) RICFIET, T4
SEN SR 5T S TR AR AE R RS R
(K145, 2018b; ZEff, 20215 XI#SE, 2024),

i 3 o BUA WF SRR B9 R G b, A BET AR
TSR R R BE R A B HE AR R (3R
D)o SRR (1) BGELa s~ Jiik e/
FEAZEAE T BA B &S, ALz LRE T 58 HitH
BORE (BRRWAE, 2025); (2) WEJIikE
SR B LR T BT IR EOR By, HAE AL B 4
FELE AR AL i 2 B A PR BE I B (AR 3T,
2020; EMRF, 2022); (3) FMHERIEL S J5 ikl
W R R T A, RS Pr TR N A R T
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Fig. 2 Logging response and intelligent interpretation of physical

property of a coring well (modified from Wu et al.,2025)

FA (NS, 2022; SEEEMISE, 2025), X4k
K BLFEIMUESE T B R RE M 5T A% 1R O R 1 S 1
ST B0 2

2 ERELETE StEMIEENT

A 3t 5 M 2 e R T R S i 2 A R A Y
FERl S RTEE o AP ERCRRE W Z SR R, =
2 b 7 B PR HL % ) 2 A SRR 0 R R R B R
P, W, A2 AR = 4 R B T R K2
BRE R 5 )E AL A 3l iA B 5T (Barnes, 1996
Marfurt et al., 1998; Hale, 2009) , &% M X,

B TT A ROBEAWORE A, /INZ B8R G 7 5 3
JZ X RR A 2 R A AR S B G, AR E
Bt X 8 - 0 Kl P R R RE AL )2 R 23 5 %) HE B O vk
(PREIMESE, 20195 BRTEMISE, 2024a).

2.1 RSB SRR

Hi B2 2 AL 5 T 2 i R b R R R 1 A% O AT
%5, HiERAEH)Z R ELBE, 5 W i
JZ2 ST AN i S5 8 AR I R IR E ALK JE A T )R E
(VA O 3208 NP A LR E S TR N BEE RSB .V 9 R
VBT U 2 A 3 2 S T, T AR
NTGBER S BB AR 20 A o JLfef e 14 3t
.o E B M Et A& % (Barnes, 1996; Hale,
2009) , [EARAT I S A S v b R Ak KON T
SR IEAT RN, ORI R U M RERCRARE
W5 SR A (Marfurt et al., 1998) (& 4-a),
BLAS 27 2] J5 V5 38 o FRAE TR 5 40 BRI Ak 52 2
755 W J2= A B R SRR (I 4-b), B J7 kA
R ) R E e ) S Aae i, e
T B P A5 A2 5 SR R T R RIOR S R
KE (KO, 2012; Wu and Hale, 2013;
T52, 2025) . AN FE oy 17 4 4 R B B0 45 A oK i
FRMEGEL, S KEIL AR (GLCM) T
B A U 52 SO PRARAL , 49 5 52 RO X 2 s 2
AR R RE Sy, A SR R REAE SR, Sl
BORoR R RR JE AL S W 2R RE R (R &R,
2012; Wu and Hale, 2013), tt4h, A% E £ H
R b BT RR 5 R R 2 R R RE R RRAE LR,
— AR TR BB Z T (DI et al., 20215
s, 2025),

JAE g2 O E R R AR, (HHE
WA THRAE BT, X2 %3t BMg s (4028 3Ly
2 ARME M L ECE ) PR R, O EL T I 2K 0
AF- ] (Cunha et al., 2020) . T, K2
FE TG R TR IR B 2 2 5k o TR 2 ) 2 id ik i 3]
Uit R AIE 2 ~J S B i R B U2 AL S W 2 B B S AL i R
O BB A 45 Gt 1 A — R A 240 . TR 70 5 )
PRI 2%, AT F AR T R A E . HATE
A LR 2] BRI AN 52 JE 7 K )2 i R 4
B, WL T U-Net ZUAL A4 3 52 J2 A7 fif B, m LABEER
RS 2 RO FRE, B2 % 52 )2 0L % B ORG BE
(W52, 2025) 5 SCAR T = 2 5 B 2% 1 I8 2
MR AR R, Gl SRS NG R IR T
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Table 1 Advantages, disadvantages, and applicability of intelligence methods for reservoir petrophysical log interpretation

R3] HILAW e s B A8 & 4
SCH L REALTH W 2 K0 NRE A RBL SRR GUR  RBCBOE I BOE B R 2 BE R T
(SVM) U, AT il AR 2 ) 1% HEREAR B i B
B LR AR ZACRE s, R Gt AL b BIREREER GH R HIEAE B2 ZSRAEL R
bt . (Random forest) B = I R [ x W] 1 AT 4
FARESS mmts SN R BRI R R 6 S RN,
(4 XGBoost) {0, 6 i -~ s i T 43 T
K 3548 FIL A B, M RS Al RS O i R B R RS bR TR A R b
(KNN) T P 3 & =
A 25 2% (FNN) ??’th‘:%éﬁﬁ?&%,ﬁﬁ% E%k‘iﬁ%&iﬁ%ﬁﬁ% ﬁ%ﬂfﬁiﬂ?‘#ﬁ‘%&,g%%ﬁ%
fiE2: 2] e R BT AR
BB 2 [ % ( CNN) Eﬁ*%?ﬁ%%ﬁf/ﬁﬁjﬂi,iﬁ{%% %ﬂ%%,ﬁﬁﬁjﬁ,%%jﬁ ‘Iblﬂ):[th%%%b%'l\%%ﬁﬁﬁ
s I I ity 28 R AR AR TR 1A 8 109 A B A 55
R BE =~ . "
N EATES . . TR A T A B DI R F 50 4 A L5 IR
(41 RNN/ LSTM) A AR A 4R 50 R e T
Ceantfacs EAKEBARBAR, ZHA  BIEER K TR R EIEARR Y h &)y 5 @,
A = Jo A% )22 2 K
. . . WA 2 BE T R S B0 B xfk 3 o7 A B A5 6 )2 2 B0
Stacking £ i, %% TP e 4 RGP
Stacking % % 2% > BERLPERESR T, R e ik AR X F
j e, A A i 40 L o A 2l B R
- PSO-XGBoost SRR BT LT i‘ﬁﬁﬁﬂ—‘?ﬁ(m Tl AE KA i iii):;g;g 1 2 2% AR 2 it
=S =] = -
e - S b i L 800 BoA 2 PR AE 2 A
CNN-LSTM 4 iﬁilﬂ*ﬂﬂﬂ‘}?%ﬁ%ﬂ% ;ii;ggﬂdﬁﬁfﬂ%,ﬁﬁﬁ/\ﬁ S 2 T [ L e 2

B

2 2 M R WY Z 11w i A%, BB S B = R T 2 S
[a] B GEfRBE (Wu et al., 2019; Cunha et al., 2020)
2.2 EEEHEITLE

2 A 3 S AR 5 R R Z
—, Bl H Ar R 38 1 I i 4 S e S B 2

9 REAL IR S ICIC . Bl A TR BE 515 ' Ab HiL g
AR LR, Al 58 el kg i A E S AL
S8 E R B, BFRT T TAERCR S X T
T o

R HZE B Shxt e T7 ik URCI G0t O SR i
I B2 R (R A2, 2017) . A P R IEI3 T (Chen
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Fig. 4 Fault identification results by different seismic interpretation methods (after Lou et al., 2021)

and Fang, 1986) . HIWIF LR H] (Du et al., 2023)
S, R TS 22 . WAESEGE T o0 Hr i BT SR ALE Y
] 22 S AR AL R BRI R o O BRTH RO R, /D
As (Liang et al., 2019) | K/RATZE# (Maiti and
Tawari, 2005) . 3% s> #7 (Tian et al., 2021) %
F AL BREOR A I A I 2k B A BE 5 A )
F il 2 i = S5 ARSI, AT 4R BOAS [R] IO ARUE [l i
FRAE, A R0 58 A VE U IE o BB DL dR 2 2T I &
JE, T IEE AT AR E T AR )Z A
X LAE S, H, AREETWIrEms A £
2] WU HCHE 5 0 0 B0 =2 18] 14 52 2 A ek i di 56
RLHHER 5y SR, AR TS R 2 R 48 1 U
12530 2ok JRy A AR PRI [0 R AE (Liu et al., 2023a;
Zhou et al., 2023), {Ef0 241 UL E X L,
20% I 2k i B AT SR 2 Al SRS B (TRWIIESE, 2019)
T W 2 23 5 2 Ut b 1 %o o T R 1 HORSE
s 447 A I S ot R A 2 D7 U T R A A R O
JRRCR, WRHE M (Tognoli et al., 2024) | [ %
s (B 5%, 2024) Rk,
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I B Sl ) Rl B R B S T R R FERL
fr o 2 U, AN R A R 8 SCAFTE L
S, (HTEHZXT LGk, )2k FEA R RZ I
iy 200 L B AR, U B )2 R RE X LK
RO S I A (BRAENISE, 2024a) , R, A
FERER T TR AL AR )2 BT REXS Ly
(ERTENISE, 2024a), @id 5| AR )Z & &
AR AL RE (8] 5-a, 5-b), WAH T
RAFr 3z A shxh EBCR (K S—c) o HET, AR

5808 XCIR B 1 M J= X HL T I AR TR R BB, W
BTN G P Bt — s B A bR S R OCHE ST, AR
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3 HEmEEREERN

il /22 000 S B S i 2 0 A SR ALE Y SC B 3R
B E 2 AT TS X N S PR S L WS R
SEHL AR B, TS A ) JR A T 2 A V2 T A %
DNAEZ— (Zeng, 2017; FRK 1%, 2018a; Yue
et al., 2019; Li et al., 2021, 2023) ., fif 2 WM F
TR T AR T . R R R A SRR R 3 3
FORBRAR , Horh i RR T 5 R M 2 AT B R
45 4 ffi A (Chopra and Marfurt, 2005; & K /i
& 20225 Liu et al., 2024) . Mo )& VE 5 Hram o 32
JBUS e b TR 25 4 5 ) R R A Y R R M (AR
R R WOERESE) , 465G 2R Mgt o i aR
AR, LB A SEZYER R (£
WA, 20135 HRNSE, 2022), HbEE S 0 2k T
S R4 R UL, ) P R R N A W 2 TR Y
KA, ST A B R ECE A S8R, T
e it )2 1 25 [ 28 AL FRFAE - (Gonzdlez et al., 2008
Campbell et al., 2015) ., IT4EkK, PEH N THGEH
ARERRE, HHRERE /R RETUN Ty ik B 4k, %
2 J5 W ) B 12 DAV R 0Bk 5 504k v 42 40t 752
IO 55 b M 2 ] A AR 2R P O &R, A AR T T
filf )22 TN ARG RE L A it = T IR B ) R £
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b 72 SR 1 S 5 e b AR M i i A A B Y
KTHGRBILM . 53 3 )17 KRG A Rk
M 2% (Chen and Sidney, 1997; Chopra and
Marfurt, 2005) . 7E#FJE & fiff /2 B0 o, 3 52 ) 1
PRUFC R IO o o B i R BRSO 3, # )
2R AN A )E 20 S A SR DT
I, RIS T RAFREOR CEI2GRE AR %, 20055
McArdle et al., 2014; 5k 28 [FE 4, 2021), K1,
B — 52 T M A BE S W it 2 R AE Y — 9 0 4 B )
N, AEAERERICR . AHERAR .. ZHtkms
[ R0, X LA 4 T o A ¢t R A i 2 24 BT 1 A5 ) i
gtk (EE%, 2013; | AR5, 2018a),

ST, MR R PR G J7 I Ns AR A E) T
JZ R o %5 W I R 22 R U R P R AT R
B, BEERICRMGE . R EAMTAE, ML i
B Ll 5 RO 89 52 5 R PR AR (Dorrington and
Link, 2004; Chopra and Marfurt, 2005; X % %,
2024) o MAERLG IR TR, MR JE M RS 7
KRBT hB GG, KEma S5ELMEmE 3
2, Ho, Bifah A UL RGB = oo o 185 7 ok 35 B i
A Ira, FEEA G T B E RS %
FoftJeg PR B 23 1) 20 A, 3d T R 2 DX s iR
Wy ePEREG T A AL S E LA o BT (PCA) | B3k
M S ZIuhl A, FIHR R4S 45 R 5
Z VIR AL, 8 H T T B D IR X AR 2
PEREG WS BY SCHRE ) mBL . M B2 BEBLAR A
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o REINEVNI RS E (M RIEE, U0
ORI ZE ) Oy B 15 8., 38 2 8 R 5 v Aty At
5 AR Jm M) A iS5G AR, AT S B 22 Ja 1 ) BK
a5 RE S (5k %8 R S, 2021; X & 5F,
2024) , AALEETE 1RG5 R0 M BT H AR 1Y SR AE fE
J1, BRSBTS b R R A ] A IR
VERC, ARG sR T PO 25 R A B — Bt . B
IR RERl G T vE FEUTE 2 A5 In) A Wy
AL S R R (Li et al., 20215
KR ER A, 2024)
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Fig. 7 Comparison of seismic attributes before and after reducing wall-rock interference (modified from Li et al., 2020)
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JE L ICRAE A 2 B B4 & Hij 5t (Laloy et al.,
2018; Z5THiii, 2023; Wang et al., 2024) .

4 FEEZHHFEE

B RE TR AT Sy BRSO R RE R Rl
BRI EER, E Ry E Bk 5
CEWIET SO H B A O BOR S (Liu et al.,
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FON I AU 2 AR Y BOvE R AR A G BEAE T, R B
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HFaEW B RRM (Liu et al., 2023a; Strebelle,
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MEZEERB KRR G — 2 4EE R MR E
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4.2 FRUMBREARZEIWEREEZERA
R, BT AR N TR REEOR 1Y L M o g
BOTEC OO, FEARE A& . AN
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2018; Zhang et al., 2022; Liu et al., 2023b; Di
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and Mukerji, 2021). # J& F % ( Zhang et al.,
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