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Abstract

Rocks are not only important elements of the Earth's lithosphere, but also important
elements of extraterrestrial materials such as meteorites, the moon and Mars, and their
research is of great significance in various fields. With the continuous development of
artificial intelligence technology, various artificial intelligence algorithms have been
widely used in the automatic recognition and classification of rock samples. In order to
recognize and classify rock sample images more efficiently and accurately, the key to
the problem is to choose an appropriate deep learning model and image processing
method. Therefore, this paper focuses on two aspects in the study of rock sample
identification: rock sample lithology identification and oil-bearing area calculation.
For the lithology identification of rock samples, we build a deep learning model based
on Resnest technology according to the characteristics of data samples, and introduce
deep residual learning, Inception, group convolution and attention mechanism, etc. The
test results on relevant measured data show that the accuracy rate can reach 97.2% when
nine images are clipped for training.

For the calculation of oil-bearing area, image conversion, mask processing and other
image processing techniques are used to calculate the percentage of oil-bearing area.
For the special image containing floor background, we use semantic segmentation U-
NET model to carry out pixel classification processing, and get a rock image
segmentation model. Experiments show that the DiceCoeff of our model reaches 94.3%.
Key Words: deep learning, rock sample recognition, image classification, semantic

segmentation
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r‘v“-t_f_ =» CONv 1x1
™ o

&l 11 U-Net 1581454
3.2 SR
3.2.1 Efnibrg

JE IR B A bR R &, BT LA S TR AR BRI il R 2 F T
BUHERR . IRATE ek R G B AN HSV B 2 18 1 5. HSV T Ak 2
—FEML R, AR (D WRE (. BE (V) =AU,
IR R O R, BT RDERE SIS . Si5E S A—LBIfE, JERE M 0 2
1, BRI BTERBE 20 AN i KA B2 2 (B 3. S=0 B, K
JE . B ORI B R RE R, YU R 0 3 1.6 RGB BIE 54108 HSV KRS,
FATAT LA 3 (HD Rfee s g, FMAE (S k48 ESie iRk, W
FE (V) faE B G . 0 Tl AR UTE S, R G UG 4k v HSV EIR
G, B HRh GO S5 HAMSEAAE, HRHSHANRE, SRRBEEE. &5,
FRATIH FH 40 P AR SR B PR b il T 20 o SR AR SRR R HSV
B MREE . R R ERWE 12 s
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D

B 12 RiaE &, HSV Bk, #IREGR. RNEGRER
H T HEE T FBANE S A, SRR, B AFRA T 2R 46 18
BA S A A BT AR o AR U-Net X1z 2K 8 A BT 20 #1 . T4
SR BB ST N 2048%2448, 504 5 B B BOE AN RLREAT YN 2R P 7 o FH O A7l 0
12G, FrLARA TR B IL LL B4R /N 22 320x384. B THURSEA G & A BUR 1
B, PTLARRATAEH] labelme N THRE 1 IR FRERCRWIE 13 s,

13 BREGIRENR
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3.2.2 JHGEAEE
S PR R B 5 S LS 9 4 B, B

3.2.3 VMR

12 B 5> E45I8 T, Dice &% (Dice coefficient) & —/N i H ITEMN Fa bR, Fr
PAAS # 4¢ H] Dice £ %(Dice coefficient) P4 SZE6 45 B . Dice Z¥(Dice
coefficient)fR#% Lee Raymond Dice #7 44, s&—FiEEA AL E &K%, @5 H
TS AR AU (G [0, 17). F A DiceCoefficient 15 2 =

e

21XNY|

IX| + Y]

HAPXNY|FRR X A Y EE0TE, XIFY|RREOEN, T oEESm
T XY |22 B0 IR AR 6 5 S PO i K145 . b4, Dice Loss THH

7SI

DiceCoef ficient =

21XNY|
IXI+ Y]

DicelLoss =1 —

3.3 Feah

N D X B S 25 R BEAT 0«
(DFEHCE A EHG A < ER o BRI S AR
PSR ER, R 3.2.1 TR ARG R )G, el R K&
AR R R AT, THEAAM A 5 R BB G R AL MR AR
THAE S R T
MR R R

AL L =
A B2 A

(2)ff ] U-Net 73 #1854 B

TSR BRI A Ao SRR A RG] B ek
FL B 40U f MRS N TARE R R % 9: 1 RIS ST, UIZE
AN U-Net BEARIBEAT N ZREERL, R UM IR K 0 8, LAk &0y Adam, it
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ATIEAR 20 ARSI ZR ) , 45 208 A BIER 0 FIERY, 14K DiceCoeff ik £ 94.3%:;
H UK BT BUSIE NI ZRIF IR U-Net £58Y, 15206 M REIR G s &5, i
FEEMAG R R, THEAE 0 5 BRI AR I L) o S R R A A
EAV /(1 P

TR b = O BT
B R R A
R AR, AT BT R TR A B, WS TR 6
B, TR R 02976%.
o MEERITEER
R SMTTHA S & 2
1 0.9381%
2 0.0505%
3 0.0262%
4 1.3769%
) 0.0300%
346 6.6744%
347 2.1584%
348 0.9904%
349 0.2860%
350 2.4046%
FH4E: 0.2976%

3.4 ANE/YS

TSI LI T —FrE A S AR G S B R NE . AR HSV 2
AR AR AU & T gt 5303, T U-Net 3 #odf £ B 5 iR
FIEG AT 2 &), RIUHHea A B, FEREGWTE 14 fos. 3417
KA SCRRAE R s, AGER S Adam, #EATIEAR 20 RIBLARLIZR, 19817
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— A a A BB IR, SLRR], FATRAAE DiceCoeff i3] 94.3%, X
R T b U A R e R B S AR T SR TR TR

[ )

14 SEIHR
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4 JAGh

AR FBEE Ge s AFEA U AP A ) BRI - A R A M R S 5 T
B EEIE. EaaEAE IR, 55 &M A ResNeSt AR & |4
AP SR, TR AT, AT e B AT TR B S R S R
PRI ARALFE, FE ResNeStS0 BRI AT ISR, MRALE LW, A SCHRAIEEBY—
5K B TN ZR 05 B0 R R AT ik 92.8%, FESR BT LK G T I Rt ks R
H[IK 97.2%, SER T A AREAE TER R REIRAI S 02K RS T AR 5 2 & B
(1), B = E S U-Net SR il HAR 15 S5 (0 UG AT 20 31, 4 88
AR, SLIRGRERM, ARUBAN DiceCoeff 1A% 94.3%, 7 FIZRMNT
i ia P BUG B 4 HERS AR S5 PG A B B AR TS A AR & 4 b, IR 52 Rk T
Er AR TS AR o A SO T8 AR A TR0 5 B i T AR T B33 7 A 1]
R, BE. . RISE LB SR RRE, R R A TR T,
AR T R S A R 2 AL, BAE BN E R R

ARSI AT EUR R AT 2087, A% T ResNeSt A8 H# 1% A8 AL F -F
HABGEIRE LTSS TN, BRI T B R FE, (0 % T i [R) A
WA BR, H 2 TAREARE— Sy R, AR SCR S TAERK 1T 4k 4k
PR B RS o 1 S TRATT I % B T A B B 1R A bR A T Re AR R, — T T
AJ LB T 500 B SR 3T T ARIE, ) — U7 T AT AR TR 5 o) 0 H AR AT
BB BE[19], Pk HH A2 5 438 (1 UG B AT e AR 2 1 1) MG REA T R A
AR R ) IR I s L CRT AR R 2 ST 5, AR e sy, 4 1
1% R 1 B4 7 A AR EAT I 5, MITT 27 =T BB IR 4 SR R 0 5 5 oKk 42
AR (RRG B
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