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Abstract: With the rapid development of artificial intelligence technology, deep learning techniques have begun to be applied in
geological researchs. Compared to traditional lithofacies identification methods, the application of deep learning not only resulted in
the implementation of efficient automatic lithofacies identification but also resulted in the accuracy improvement and uncertainty
reduction of interpretation. Although excellent achievements in the field of single-well log identification have been obtained by
using the powerful learning capability of deep learning, it is found that the feature representation of a single modality can hardly
encompass the complete information of relevant geological bodies. In order to overcome the limitations of feature representation in a
single modality and to optimally utilize the values contained in multiple modalities, some scholars have proposed the application of
multimodal fusion method to enhance the model learning performance. Based on the previous research status, in this paper, aiming
to elaborate on the application and development prospects of deep learning-related technologies in the field of lithofacies
identification, we have introduced representative traditional identification techniques and those techniques integrated with the
machine learning and have further highlighted the necessity and huge potential of machine learning applied in the lithofacies

identification. Additionally, we proposed a fusion strategy for the combination of multimodal fusion technology with deep learning
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in order to provide prior knowledge and methods for related researchers. Finally, we have briefly summarized the current fusion

strategies and have elaborated the existing challenges in relevant geological researches.

Key words: lithofacies identification; image processing; deep learning; neural networks; feature extraction; log recognition

0 5%

HHERE - EIRAE TR S ASCE A
A5, AT WA DUREH AP ERR A, R
W0 SR 3 A IR OR S & B L4 B A il
R OCHE R R (X LA ,2025) o WERR IR A 2 - e ft
T2 K E W AR )Z M BB N 2R (W e R i
JZFEH IR AR B IR PR L B S 2 (Dong et al.,
2023) . ARG ARTE I I v 7 S H AR OC 1l 5t T B
X0 BUA A R AT RS BT, A A e s R AT
WU it B B AR A 97 3y, I 32 T G0 R AR
A, T i S B 4 X i PR (R 45,2013 ) o
DB AR A R Py B BT (an A SRy R =R A
SRELAL FH I 2555 ) AT DL EDULR TR TR 2 A AR L B {5 B
F I A AT, I B AT DL 2o A AR 2 vy
SPHERI TR S, B, DU B AR AE A AR U Sl A
BRI AR . BRILZ AN, MRk 18R AR DL
HREHARTE AR A T Z N . SR, #
HORAR KRR Bk AR T 0, JF Hh EWME s
PR M R T UM E R B — 20 kR . ARk, N T
B BB TV R A Bl A VBl PR B ) T R . AL
o 2 B B IR R AR R A B T T A
FEE AR BRI B A SR e (855 ,2019) , T BR
TR F A R i A7 T RE e, A R IR T AR el I
FARM R B o[RBT, A AH G2 3 3 o il & T 15 4k
PSR EE 27 ) BOR SEIUA AR 4 28l 4 2 A A
R B A A A R D B i ok I A
Jof R AR e 2 SE L AR I 3 2 X i R KR
TN A T BE U AH G R RO | A
PR PR, FEAS SCAT TR 4

1 FMHRFEAR

LRI, AU B AR e BRUN X R IR AT L7y
PIE ;B — 2K BRI EOR R =
ARG o SRR BAR BA R A R I TR B AAR
X 58 g 0 1] 23 W MR AR TR B HOR BE A8 f 1%
S 1) b A S 33K A R 7 ik 2 il S R e
PR AR T7 1 (RDEMISE,2017) o 55 ZKHIET
HATE R PR AR At r AR PR M2 TR 4 119
BRERBITT i o RIILIOR 20 b 0 o AR 2 AR T

i 2 10 A IR LR AT TARIC , Bl X RE & rp ok
B RPN & AT AT A5 R A S A5 R
TR TEAR KRR BE AR 28 50 AR 4 1 2 SR T i
B ICHEHAT E AT BORAR 52 AR 2R 5 R4 Bk
W o AT ik — 25 % A R ) 4 W R AR | TR
R 3k G Ry AR SR R G2 A RUS AL 3R R
SUR B S W58 A A 3 28 51RO B 8T 7 (Gupta et
al.,2024;Li et al.,2025). 335 LA HEE IR
SRS M BORe B 2 1 2 3 0 R O R S8 LA
FAY 5 A NS .
1.1 UFHIRBIEAR

T TR 5 A 2 3 s 0 2 P B S (e
PE R IO YESE) RIS A 306 3 R HE IR 5 1
MR ZR |, — R W S Ak A Db
4 SEURRL 30 2o 1 B4 S A A T S 8 e S R AT 2R A T
Fr-FHAHT ST N - E AR RR MR AR HE IS Y
D3RR AR I I B AT DU 5 A Y00 5Fe S 3025 AR I
i IO AR IE 1) 5 M 5 5 AT (25 T4, 2014) .

DU VU 4 A SRR, A SORT LAl 43 Ay 7 Al 1L
D5 — PR AR AN R (4 B R, 25 R 2
W 2, 38 1 1 0 A s B0 R0 o e 0 B
AR OG22 X UL AT AR SC A ST s, 38 8 7« =00
2T R B SERN b BN T XA USRS i A
S5k BT SRR FLSE S i 3 O AR TUS AT
FHRI 4> (Liu B et al., 2021 ; X B R 252020, 25k F 4
2021) . koA (2025) M FH o il i 2 55 AR DU R
ST LA =aioe o 2 TR TR W T LA A 4
P -1 W L 43 A7 LB AR 25 A B A AR RR o (L),
R AR PPN UG DU T A A b TR 2 v P 25 S

T3 — AR RO 5 v, B o e R A 5]
FHATITE SR, AR PSR B A,
MR E AP H Y a0, B A5 (2023 ) R L2
TCHR IR (ECS) A ¥R Z (171 e U L ECS
B0 E TR S0 PR R | B TR T 0 S
TR RN BT 2 R0 ), S SRR L, 5
SEAUIE B B m . ER(2013)IETFECSHE A
BARIN X7 A6 U1 2 R b XA AR AR, o 4R
ARG A] e i AR AR A SRAL T B A TR
BRI Z A, R T e i s i b 522 L & Sy
A3 1 [l R 3F— 20t R RUBIDRG B, A 27 T8 3 0 2 1 Ok



YA A IR 2026,45

) AU - pHh 4 >R 44 i R T A TR 1) A A R 1 2
G DRF (A 45 20235 JK 4855 2024) (KI2) . Hil ABF
5 EEEPIEI T2 B A EH R B AL IR AEAL
PR AN Z RS I R B HLERAE O T, XV R A5 (2024) ARG
YEF K A AR R AT 1 % 38 3 A A AR TR R i A+
SHESEMEICER P RA MR RG] (Liu et
al.,2020),
12 HEEMHIRANEAR

A U T M R R D — N E A R
5 1E b RZ E A rh AR 2 2 A S A OCH LR R . W
FI ) b 52 G T 1 SR A R i U B B AT A S

0

CHFEHKA% o 50

K a4 K- A - AU S

< RR%

T00 % 1:/%

5 AT AR5 AT LUWLIN BN [F] 4 2 ) 43 4 R JE i
I E AR BOG T AR 0 B AR L 5 2 b 7 S T
AR ST AT B 4 T LA B R S R A 5 JE
T B2 B A AR (Quer et al.,2025) . HiFE A
SRR — R AR K S B E B MR
B ARy S W PR 8 BB S A | 2 1T 3 o I8
FHAT 4 22 S R A M UL BT 4% )23 (Zhu L et
al.,2025) . BT HURR OB | H 0L A A PEUN 7 ik
A ZIBIELE G T TR R R 5B
2 AR B 2 45 (BT 4545, 2002) .

UL b R SRR R L i R [R] Y 43 2

TATHLI%
ﬁ%ﬁ/%

R %. . A B %
50 LSRR R s
2

E e

27k
[ R

10

e AT

AR 07 % (Petp dism s, 20251680

Fig.1 The lithofacies classification scheme based on the rock structure - mineral constituents - organic matter content

(modified after Yang Z Q et al.,2025)
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Fig.2 The lithofacies discrimination based on the principal component analysis (modified after Zhang H et al.,2024)
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Fig.3 Lithological profile through the inversion of a seismic measurement line (modified after He Y X and Yao Y et al.,2005)
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