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Fig. 1 Representative applications of rock thin-section images in image classification, object detection, and
image segmentation
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Fig. 2 Solutions to the challenges posed by the complex physical and optical characteristics of rock thin-
section images, together with representative application examples
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Fig. 3 Schematic illustration of three emerging research directions for intelligent analysis of sedimentary rock
images
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Table 1 Three emerging research directions for intelligent analysis of sedimentary rock images: key

challenges and research gaps
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#o LIS, ZITEAERDIRE M T RIARA R E B ST R, SRR T
FEAT IR U-Net B¢, ARIIL T 2 W B SR mis i aod A5 280 AR v v 250808 20 o oK R ASEAGS 20 A
PR IR o

o W B 5 ST 5 AN Chmids, e EARAE TR B B B & &5 I SUBARFAE
i ZE e RO R R R, W YERES M ST AT A A S BRI . DA BRI
B &I 915], Barbosa er al. (2024) #2H T —MIE BB ANER o EIUE, il L&
BRGNS 22 I B RREORRAE, FHEGBBR RS BRI KSR X8R 12707
VEAERURL R ) 5 0L B 43 A G v 07 T 5% Gi 0 7 S0 45 R B A B — 3, N g o
BB SR EARE SR AL 1 AT SRR T R

ik, F9UE. BB SN AR E SR, A AR T S RS A AR
TEEARM G R, 7850 RS TR RS T R BT . (X T VE A O SRR AR
RERIT, G52k R, ERRS T RN RE, HAFEREERUE L
ANOHFREIR R . AR SR AT 0 o 2ol — D b & MU TSR IR AR DRAGARAE R AE 5 B 10E B AL ),
BB P THERIAE 5 A O 37 5 P K2 AL BE
22 ERARE . iR RAEH SR AR

E W B SRS AN AR AL R Bl b, R RS AARE R IR 3] — e &M, (Hm &AL
ERAE BRI ARG . REER DU A B B B B 2% 7 B
%, H#lor SRR AT SERRAEAS b HE BT R B, SR A G 40 7 DA 78 43 RAE
VIRRVE B R et TR SRR, A oS AL i i 2 S B0 B o0 A & LR 4t
TSR A, WA — AR B ARREASTR B ST e AT o A RS TR
NUTRR S Ak R 1) 5o 3 SRR 4R (L B 2230 4% . L) Ransinangue et al. (2025) #2HH
UURR 20K 5l A BUAE 28 SynSection 9], AT 58 1 56 D> & 92 fr b R IO b K & Rk
S BRSO, MR S R RO TR Ho, W b i R 5 RS
W)L [ KA B IR R 1S A B I N AR B RIORL [ 803, IR A2 2 4L StyleGAN-2 (Karras et
al., 2020)
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fii_ £, SynSection HJ#%Cr2E g A5 I B0 v v #E 4T B | KA, T2 B AU TR A
W MR AR (packing) idFE, RIZE BT T A Z 0 i B BUR s ], R —2H A
A YRR ] AR R I S B0 A RSl RT3, BB AL AR, R4 R
R BUAVRRIE R g5 A AR — MRS . B ORI U P 5 SR R TR 6 40 A 5 R R AE b
FEARELL R, ZH AR5 NE R MBEEN S 2 RESFEE TE, LR
SR AE RN —BE o ST AL B FIRIE JE . SRIR A SRR, FIA SynSection & BBHE X T i 4>
RKESEIMERAT NG, JFEGOBRELER BATHOR, W RERIERERE. e
PSR TR . MAKTT S, SynSection HIA% Lo BT BRAE TK AR R AR Y M BB A 2
SQUELR A H AR N B VIR R . 8T S B airE e I EE TR TR, A%
R RE AR R B 5 AN A 1) AR AL T — SR D) ST AT I R B 42

FERL A b, RO TR E R — B F RTS8 A2 mil. fila,
SynSection LAF i 2K 78 43 % H8 5 v 78 S0 't 15 1538 0 o6 6 Fh s g s =X T 1 22 e v 5 0
RV AR RS EHTER Mot 2 B S SO R I AN S, (BAE T A B S A
TOE T RA TR —— X RLOC R o AT 7 AR R A2 o [5] 25 A 5] 0 6 2% A4 IR AR ARRALE
FORFEIL AR G50 518 SUBMEM — Bk, 2SI 2 B 2 RS A 20 AT 19 O )
BeAb, AR A R PPN AR HEAS BRI PR TR 8 F R, TR GTE 2 B S U 58 A 2
BRI . A ARBRILE B T Y3 A RFA RORL R Al 7 3 i s R, BIE R A1
WL S REAR, A DA I R . B, B BRI AR . BUE L A A 2 4
IS TR BN A AR Y, o} G5 ML ER S S 0 A AT OB . TE 70 43 RN b 5L 2 1)
R, AR TS A B EE Y 1 TR N B A RIS ) TR B B A A B .
&, BRI R A SO T ITRRE ARG EIE R . BRIER 5h % T S HEBE SR A
g, MR EM. WRIEL RN B R JT BB B R (BB SR, 20205 Liet al.,
2026b) , FA FHESHTIRE BRI .

23 REREZESIER: ZRESMESEESHRRAE

ER T3 3 PR ARy o B8 B AR O v R AR A SR 2 e B R0 ) 55 M B L R B 54
R TT I, KRR, 15 5 ORI K 22 A A NE SR FE AU T 20 R P88 FH R AL g
BB BRI ) B DX A A RS RO S R Bz A R, T RTIR G R G T NIRHE T
BEH AR AE

PA Segment Anything Model (SAM) EUZ 73 FIRARAL J H 5 2 TAE Sy i F A,
REET 43 BB AR AE UGB AR 55 P I E EE g J . SAML i 72 K HUSE FH R B B
TSR, T DARRIRS LI 4 BINLE], SRR E TG 75 10 BT 55 BRI 2R M 5%
T, Xt RESEMAE 2 5t ) B AR 70 %1 (Kirillov et al., 2023) . FESCEEG E,
Ravi et al. (2025) i#t—BH 5 FlRe 19 8 2 IS G T 55 AR, 1 5] N SCARHERSE

"/
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mEIE G, aBd R 55 S @R, RISl 5 A5 Y ) 22 A A R
Mtk . SAT, BT SAM BLAY = 3R T AR G 5l FE ST 2R, X Mootk 4%
P UKL AR 1 5 R i B S M TR B B = R 2], (R s &
Oy EVFVE SURFEE 2 0] 8 (Zheng et al., 2024a) . [, 7ESZPrfdF SAM BAY it £,
FE G NHFAIRMAR . Flin, EXHEA CT B DL AN S I8 A AT Bk > B0, BT
B 5 A R IR RE, EHEEM SAM JCiEHERh 2 & 5T A Bk, B B 5| g R
AR R B B Sl SR TR 2 EN A AE A PE (Wang er al., 2025) o BRUTAR & T 15 45 48 55
RL0 FER %0 1) AL, B S IR WG BRI B3t 2 R, AU HE R 4R
PR AERE R o

AN, KiE S #iA (Large Language Models, LLMs) , 1 DeepSeek . GeoGPT 2%
(Zhang et al., 2024) , A HENHFE AR RGWA LS =208 IR OB . X
HAEAVELT Transformer 2844, &3 KMBUEFHERTNGSE, 105 R, ERES 5
PIER R L 2B (Thulke ef al., 2024; Zhang gt al., 2024) . FEHbF 25V A
B, EE I NSUE EIER WS SRR BRGNS RARER R, HEESHE
BRSNS, TR ISR AR AL X L A L IR 45 ) R ATaCHE B IR E L RE . 7R
A, ClimateGPT J8 i & Fe U SISOk, A 83T T3 LMk AR A B Ag e ) PR T
SPERTIR (Thulke et al., 2024) , Jy LLMs 7505 U0 B AR T A 64 . Wt 518
BRI ES, BT R S SRR LR, SR E S —RAE. L
CLIP AR IBERY, T8I 7E KRR MR —SCAR TR B TP RS He o], AL ARAE 5 15
B ARG A E A A 5E o 55 (Radford et al., 2021) , BETGIR TR 58 K (RS (E 5502
WhedI. EVRENHG R, SAPREEE CLIP AL —IE S X L 5]\ 5 A
FAIRAE S, R BB AE 5 15 & A S TR REAT BRG XE 5%, 523 T NG Bk ST
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H AL FE SR, AR & R TAEVE M OB R, RS A R BERHI S
B, WHAR 5 AN E TR T S EARRAR.
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it
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SRE SAM FE 3 I BB 70 H1 sk R Bt A0 7t O AR A2 AL RE T, (H LI ZR e 3 2ok
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(c¢) Results
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Fig. 4 Schematic illustration of the adapted Segment Anything Model (SAM) framework and its application to
grain segmentation in fluvial sandstone thin-section images (modified from Wang et al., 2026)
(a) Original SAM architecture; (b) Adapted SAM architecture for paired plane-polarized light (PPL) and cross-polarized light (XPL) thin-
section images; (c) Example of grain segmentation using the adapted SAM framework
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Abstract: Accurate identification of mineral composition and microstructural features in sedimentary rock thin
sections is an important basis for provenance analysis, reconstruction of depositional environments, and reservoir
evaluation. Although traditional manual identification based on polarized light microscopy is highly reliable, it is
limited by low efficiency, strong subjectivity, and insufficient standardization. Therefore, it is difficult to meet the
growing demand for high-throughput, quantitative, and reproducible analysis in data-driven sedimentological
research. Focusing on the development history and technical evolution of intelligent mineral identification in
sedimentary rocks, recent progress in traditional image processing, machine learning, and deep learning methods
for rock thin-section image analysis™is systematically summarized. The applications of convolutional neural
networks and Vision Transformiers in image classification, object detection, and image segmentation are reviewed,
with particular emphasis on their adaptability to the recognition of sedimentological features. The roles of weakly
supervised, semi-supervised, and unsupervised learning in reducing dependence on manual annotation are further
discussed. The potential of generative models in data augmentation, class balancing, and rare-sample
supplementation is also analyzed. In addition, the development trends of vision foundation models, large language
models, and multimodal frameworks are examined in terms of geological knowledge integration, model
generalization, and interpretive consistency. Intelligent mineral identification is shifting from the application of
single models toward an integrated analytical paradigm that combines low-label learning, generative models, and
multimodal large models. Future research should strengthen the construction of standardized rock thin-section
datasets, the incorporation of geological prior knowledge, cross-domain model adaptation, and interpretability

evaluation. A sedimentary rock intelligent analysis system with high generalization ability and geological
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interpretive consistency is expected to provide efficient and reliable technical support for sedimentological
research.
Key words: sedimentary rock intelligent analysis; rock thin sections; convolutional neural network; foundation

model; artificial intelligence; deep learning
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