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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
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subsurface 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, researchers have progressively integrated artificial intelligence ( Al) techniques into the field of
clastic reservoir characterization and modeling, resulting in significant advancements over the past decade.
These innovations 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 intelligent 3D geological modeling. Furthermore, we discuss the challenges faced by various intelligent
approaches 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,
suboptimal 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
interpretation, well-seismic integration, artificial intelligence
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JE 2 A RBER SR . — SR e LA ME A 2] ] 5 A% 1 A 2 A
) r A0, A RO G 2 U8 S A B A B AT Pk
& (Song et al., 2022b; HKBE % 55, 2022; Cui
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b2y ( Variational Auto-Encoder, VAE) . A g X}
Pi M 4% ( Generative Adversarial Networks, GANs)
P B A ( Diffusion Models, DMs) {438 19 #r
— A Hh BT E ALk e BE PR W 1 ((Chen
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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

N 5 A 3 2ok R B 3t 2 ) P OB v BEL SRR T
PEAEY IR N, JE X B EAT AL BB, LA A
WS E S Z SR R R, 29T
fift 205 40 i B9 G BEHCAR  (Ellis and Singer, 20075
Selley and Sonnenberg, 2015; Li et al., 2024; Shi
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SR P &R R (Guo e al., 2024;
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Fig. 1 Intelligent logging interpretation workflow for reservoir parameters ( modified from Wang et al., 2025)
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MESE, 2018; MM 4%, 2019). SR, LiRfiE)=
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FHPURRRARTT S, — T 28 2 H kR
PEATERI, 7 —Tr eI AZAE 55 00, DIk
B 2 fif B 45 R nT 52 4k (181 1) (Otchere et al.,
20215 AR PAE, 20225 FRKAE, 20245 FRAE AR A
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2025; SREMIZE, 2025)
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Z 5B XA [ A 2 0l At ST e S Y (] ) 0 A R
PABE— 20§ Tk )2 Z 8O RRS BE o X T 0 8 4E
%, NWERHUZ R HIX o s, L Se X o 62 5
AE6E)Z , AEREIZ IR — 28 0 A SRR
i, BRI TR B R, A L
PRI RE MR ROR B (Wu et al., 2018; B[
85, 20225 EFiRAE, 2024) 0 AL, A R
T i R BEA T A V2 S RO BT IR — A S Bk
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2019; #isH 4%, 2022; Wang et al., 2025), HHi,
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S SCR AR RO B 4F) (18 2) B2 IR 525 1
fp R, UL BEEOAR AR A, B2 AR R

HRSREEI . & ES (& 3-a) . H—1k
ShREAL (18 3-b) | B M 4k 21 DL K 00 doke 2 (i 45
AL TR, REAE A AN B S R I, R
TERC A 1Y 3% 22 ME M5 M L (Zhang et 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 6% i 2 A A T vk AR A B
TR . B, A 8o DL R D 3w g 4
TERORIAN I 254 )2 2 50 00 ARk TR Pk K
(RA¥EZEEE, 20245 Zou et al., 2024) , & Xf i £k
PN AP IR, 35 R RS KRR S
A poR, Hoh ADASYN 553k g 98 A 4 /0 B e B
AR 25 6] 3 A K AR A, 3 G AR S N R
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il 2 JEAT 30 RS R A2 E AL, R AE
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RS, ARERTHREIZALRE ), 42 @ iRk B
(Wang et al., 2025),
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GUBAAFAE W 18 ) RICFIET, T4
TE N B S AR R AR YR B R I A
(K145, 2018b; ZEff, 20215 XI#SE, 2024),

i X B WS RCR I R G b, AEE R T
R AL MR R LIS AR F (3R D) .
GUITERAEN] . (1) RGELaR 2 > T IR AE/IMEA 2%
TFN BA R EH, BNz fRe o Bt AR
(BRRMIAF, 2025); (2) WA J7 ik BOAR X4
P RUBL RT3 BT IR BOR By, E e A P e 2 1k
R AL IR 2% B R BRI B (AR SC B, 20205
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FEAE S ETHR . FFXTRCRRE MR S 2R, =
2 b 7R A TR L s ) 5 B SR A 0 R R R B L RAR
P, W, A2 AR X = 4 R B T R K2
BRE R 5 )ZE AL A gl iE B 5T (Barnes, 1996
Marfurt et al., 1998; Hale, 2009), 7E% M X e,

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
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(VA O 3208 NP A LR E S TR N BEE RSB .V 9 R
VBT U S A 2 RO T, T AR
NTGBER S BB AR 20 A o LAl e 44 3t
B.OoHE B M Et & % (Barnes, 1996; Hale,
2009) , PEARHT 0 g I Vb R Ak KON
LR AT RN, ORI RS UR . M RERCRARE
W5 SR A (Marfurt et al., 1998) (& 4-a),
BLAS 27 2] J5 v 8 o FRAE TR 5 40 RN b 52 2
155 W J2= A R R SRR (I 4-b), B J7 kA
R )RR ) S Aae i, e
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KE (KA, 2012; Wu and Hale, 2013;
TH2, 2025) BN FE oy 17 4 b R A B0 45 A gk i
SRMEGEE, 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
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2012; Wu and Hale, 2013), tt4h, A% E £ H
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s, 2025),
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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
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Table 1 Advantages, disadvantages, and applicability of intelligence methods for reservoir petrophysical log interpretation
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- ; RO O B R S B0 R e A AL BN O 5 A2 S 80
Stacking 4 i 2 ] HUPERESE T, RiF > g )
tacking £ Ji %% > RETIPE R SR T, 70 PR 1 e AR A B
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Fig. 4 Fault identification results by different seismic interpretation methods (after Lou et al., 2021)

and Fang, 1986) . BRI R H] (Du et al., 2023)
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] 22 S AR AL R o BRI R o O SR TH R B, /R
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s (O 5%, 2024) %R0k,
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I 595 2l 1 Fl A R H RT3 2 B B X R R
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P00 E S UL (SR TE NI AF, 2024a) UL,
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DNAEZ— (Zeng, 2017; FRK 1%, 2018a; Yue
et al., 2019; Liet al., 2021, 2023), fif 2 £
SRR TR A L MR R R 0 B S R S 3 2K
FORBRAR , Horh i RR T 5 R M 2 AT B R
45 4 ffi A (Chopra and Marfurt, 2005; & K /i
&, 2022; Liu et al., 2024) , o=@ o Mrid i 42
SRS et SRR 45 0 55 W R R AR ) SRR R e (AR
L M WIBRRESE) , 4B 2 gt ek
AR, R EESHEZYHERNRIE (£
WA, 20135 HRNSE, 2022), HbEE S 0 2k T
SEVE DA R B, R T R R N A P 2 T Y
KA, ST A B L ECE A S8,
A )2 10 25 8] 8 AL R E - ( Gonzdlez et al., 2008
Campbell et al., 2015) ., IT4EHK, FEH N T8 AESH
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
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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
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W4, 2013; FhElEsE, 20155 R, 2022),

AR LML RE Rl 5 5 1k b R AR P R ) Ty
o RERIFIEVIMI MBS (bR R, U
A RL) Oy WEBHE R, Jd i B RE S8 1 Al i
5 o T L] A AR G 2R, AT S 0 22 i A ) R
wd H5E e (kg RS, 2021 X & %,
2024) , AALERTE T RLG S5 R0 b 5 H R B R AL fE
J1, SRR R SEEL 05 M AR A = 18] 1 B[R]
VERC, ARG sR T PO 25 R A B — Bt . B
R TR RERL G 7k EEATE 2 D7 ) A W
AlG FE AL 5 M B IR UK (Li et al., 2021,
KR ENSE, 2024)

1) MEERmA. T4k, HNERZKEZ
P R P2 S R IRE R, BFRETTZ5I AL
J e BN S B VA e IS RS} i EZ) U v i 7S
(XN &4, 2024; Zhen et al., 2024), H i Stac-
king £ Ji2¢ 2 A Ry 30 A7 R 3R Tz W AR 4R 1 il
HHESL, FE 08 Y 2 A U W] O 6 ) o 5
Pl R N A PERE A A BE AL 2 T & (4 SVR,
KNN | MLP | LightGBM 4§), fy7c2 2] f % H i)
SR AT 2] SRR, DT R T Rl e X
itt)2 B AR 0 20 DRSS B e (&S5, 2024)
TE VI 5 2 b 2 5 b FH A N b, O T R
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Fig. 6 Intelligent reservoir prediction based on stacking ensemble learning (modified from Liu et al., 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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Chengdao Oilfield (after Li et al., 2019a)
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elements (b) in a sedimentary interval, Chengdao Oilfield (after Li et al., 2021)
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JE R IX SRAEAG 2 B A R0 & S 5 (Laloy et al.,
2018; ZE T, 2023; Wang et al., 2024) .

4 FEEZHHFEE
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R SR I . R EE A, 2R AL
dil i, DORAE B BA R E LB S S G R
F, B2 HA AR TR X — 4%
S, A BT T2 AR Y % Gt b o R A T vk SR A
L B IR R AR E TR RE, TSRS
KRN Z 8, I W E WS 7 A IR
FRHBIA . SR, TR 5 F b A 1) 2 ] 9
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