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x1 AIZgedESER#HEREGATSEEIRANERHEZES E R R (HICHR[33-44])
Table 1 ~ Main methods and characteristics related to artificial intelligence recognition of rock thin section images in the field of artificial intelligence
(cited from reference [33-44])
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Table 2 Classification of major component labels in carbonate thin sections
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Fig. 1 Dyeing photo (a) and manually annotated dyeing photo (b) of dolomitic oolitic limestone thin section
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Fig.2 Main fossils, abiotic particles, minerals, and pores in carbonate rocks (photos a-v cited from reference [41])
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Table 3 Denomination specification for artificial intelligence identification of carbonate thin sections (modified from reference [59-61])

HAKE a4 % HOR k]|
po— ERIEI B4 WURLIT (5 A < 10% TP e K A
Heis ] KL KA B URE T |5 TR AR 109%~25% , ] 45 H 50k 10 AW S RLIE IR
TURLZS 1) o VR 2411 75 ORI 5 TR 25%~50% , , T 45 0k 2K 00 BT
HL WURL K51 B4 WEORLAT (4 1R > 50% , AT 4G H BRI Y LI SR =
T - W = RIVEAT I AR > 509% IR
whzgty S e n s AR5 T 5 TR > 50% VP 5
il Y EETIE Pav et SRR 4 0.03~0.1 mm
KA B SRR N 0.1~0.25 mm
%%jﬁ'?ﬁ%’%im ) AN = SRR 0.25~0.5 mm
kLY eyl P ay FRRLRAE A 0.5~2 mm
BE&KAE s FRRLRLAE > 2 mm
WA = 4 Fili PEABOAE T o8 TR 25%~50%
TR IR EL Hoh AVE T R 25%~50%
RFUR A B4 BT A 15%~25%

3 HFHEREKEZRETE
3.1 AHER 8

ANTF T T A KO IR S5 o 55 LR 3 a1l
N B A AR BRIR A W i ) S B AR R A
B — HZE A 2 FSCA A AR e RE IR
PAFAEA D )

(1) HARKEIN -5 58 351

HY TR R £6 5 A7 A NG H 20 43 0 W 4 43
FLBR 3 M A M BE AT B BR 250 26, M2 H = A1
AR A9 82 0, A0 s A 0 A3 SO0 50 2R AT
P vE AU N 3 Fh o3 20 AR AR 1 L FIAR
T 9 [ AL, 451 A - ik A0 SR 0 /G 4 ) A 4 ) 4
oy L JE TP/ ES Yy, ) o o T A
AN TRV RE B 2 A A 1 iR 7 25 74 21 73 B )& T fil
KL, MY E m A I, G A

Oy AL S FFLBR 3 4 O T ST AT R RS 2 4y
J&, I 3kt G 18 S5 IR B 48 J5 SR 58 1 FNE 44
R EL . SR, X AR A oA f (S  OE
Tl Ve 4 22 300 B 1 2 W) () B R 3 5, SR AE
R R 4 FAR 25 1 7 AR A AU B2 — , WA 3
F1 8 SCoy B AR ME AT A X 43 o 701 28 A 28 28
ST, AR e HE ST A PN RE A 5
S S B R ) B

(2) & G RIE 4 )

TR TR b 3 72 44 T 22 25 RO [ BURL AN 1 & A1 1)
it T EUAVER M RZ R, Bk EL A UL i fE 48
Dy 1 G, bR 2 @ v 2 5wl AR AR 2 i, fifi 4
W& R A o A4k, et ik & i, &
AR BRI 2 GE R 24153 f BE R ) 41 43 1)
58 43 S HEAT SE 3, 0 ik 5 S 60%, 1 & A1
Tt 40% , WIRE 44 0 = B b A (24) 2



344

F4  EHAERERER S S IR B & & Rl
Table4 Example of intelligence identification and naming
of oolitic carbonate rocks
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g SKHE
Research on artificial intelligence identification approach
for carbonate thin sections based on deep learning
ZHANG Jie, SHEN Anjiang, HU Anping, ZHOU Jingao, SHE Min, HAN Mingshan
Abstract: Thin section identification is the basis of various geological work such as research on sedimentation,

diagenesis, and reservoir of carbonate rocks. Carbonate rocks have strong heterogeneity, various structural components
and particle types. The artificial thin section identification is subjective, difficult, time—consuming and labor—intensive,
and not easy to be widely popularized. In the big data and artificial intelligence (AI) background, it is promising to
increase the efficiency by applying Al identification technology. This study summarized the research status and analyzed
the existed problems in Al identification of carbonate thin sections. The main contents of Al identification of carbonate
thin sections include: (1) Preparation of thin sections and image processing. Dyeing thin sections with no—cover glass are
the basis of later recognition. The blue casting thin sections are significant for pore recognition. Photos should be captured
under different optical property including PPL and XPL with different rotation degree. Image pre—processing and
segmentation can help to increase the later identification. The establishment of carbonate thin section database is the basis
of Al identification. (2) Based on the prior knowledge of carbonate professionals, the structural components, mineral
components and pore types of the image are classified, label classification is established, and manual labeling is carried
out by carbonate professionals. It is established that the classification chart of major component labels in carbonate thin
sections. The establishment of label database can contribute to further machine learning. (3) The convolution neural
network and deep learning are introduced into the labeled thin section images, which can learn and discriminate the
morphology and internal structure of various components. The knowledge graph of the thin section image labels is
established by combination of machine learning and manual correction, which can classify rock types, recognize
sedimentary structures and grain types. (4) It is performed that intelligence recognition of structural components, mineral
components and pore types and contents. The denomination specification for Al identification of carbonate thin sections is
established. Automatically denomination would be achieved. There are still problems including label sample amount,
indeterminate semantic object segmentation, diagenesis, etc, which need further research. The future development
directions of Al carbonate identification include the identification of core—outcrop—microscopic image, geochemical
image (CT, SEM, FL, etc.), interpretation of logging and geophysical data.

Key words: carbonate thin section; artificial intelligence identification; rock structural components; knowledge graph; la-
bel database
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