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Abstract

There are many kinds of rocks that have been proven by human beings. From a practical point of
view, rock samples identification is a basic and important link in oil and gas exploration, water
resources exploration, mineral exploration, energy exploration, and engineering construction. In
recent years, with the development of artificial intelligence technology, the method of image deep
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learning has become the dominant method to establish an automatic identification and classifica-
tion model of rock samples. Compared with traditional rock classification, it reduces the influence
of equipment and human factors, and can identify more quickly and accurately. The data set of this
study is from Big Data Mining Race dataset2021. The data set has the problems of uneven rock
types, different image sizes and small data volume. The problems can be solved by image en-
hancement methods such as image cropping, rotation, and saturation adjustment. In this paper,
aiming at the rock profile, combined with transfer learning, by freezing and fine-tuning some lay-
ers of the pre-training model, a step-by-step subdivision series model and a single model based on
the InceptionV3 network, ResNet50 network, and VGG16 network were established respectively.
Through the equivalence of accuracy and recall rate, we can judge the quality of the model and fi-
nally draw a conclusion.
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Figure 1. Seven rock sample images
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Figure 2. Number of seven rock samples
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Figure 3. Rock samples with two different resolutions
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Figure 4. Similar image display
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Figure 5. JPG format image cutting
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Figure 6. BMP format image cutting
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Figure 7. Comparison of the number of rock samples after rotation
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Figure 8. Flipping, brightness and saturation adjustment
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Figure 9. Random transformation process
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Figure 10. Series model
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Figure 11. Series model
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Figure 12. Single model
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SGD fift# 5 ADAM ik . L VGG16 AL, [ e A1 4544 | batch_size 24 32 BUE R ECH Relu,
26— O T AR AL B 5 I SE IR B, Ik 1R,

Table 1. System resulting data of standard experiment

= 1L RERIE RGEEREE

EyieEs SRS FOJR TR BRTE—IR EANYS: ¢ Puttas HET
0.001 0.5 10 30 SGD 0.712
0.001 0.1 10 30 SGD 0.730
0.01 0.1 10 30 SGD 0.7069
0.0001 0.5 10 30 SGD 0.7103
0.001 0.5 10 30 ADAM 0.6860
0.001 0.1 10 30 ADAM 0.7108
0.01 0.1 10 30 ADAM 0.7266
0.0001 0.5 10 30 ADAM 0.7041

3.4.2. FEEIXR

5 YR R /N RGN G 5 SRR (RN Rk B, ORI 5 S ZE Y (R Il o FE A, R T R 2 BUS R TS 1)
ERf AU R BE Y, RS B, & TR /N o) SR I SRk 12, Tl e
SEATAR R U SR B 218, FEGEE, & TEAIIGE. A, FIH Keras F142 (L[] Learning
Rate Scheduler PR&L, WL 2% ST AR R, NG, BB % 2] 2 — AN EORIME, ik —E 4
WE, PR U—NT 1 BRI, DO )R8, bkt b, &% & 5% (Early Stopping), Pj1fA5
B4 . LA VGGL6 BRUAB], e BREE M. batch_size N 32, BIG KRB Relu, %$H—L56 T
FOVREWSE S, W 1 k. ATAL, ESIERARER KWARER A, A AERR R AR 2 Bl 5 3o

3.4.3. HEER

AR T ResNet50 f:%, VGG16 #i7, InceptionV3 #57, #§ XA Keras H K ResNet50 57
HATIER 2 2T, A B HERA 2 AR 0.3 7o A A, AN R AR Fh 745450 Dropout . L2 IE4K. BN =,
AT R . ARG, KIFIH Keras R 451), ResNet50 1 BN 2% A #4453, 7TLUK BN
JZH training SEUFIF set learning phase W& . &L LIA%E, HAIHERIRM 03 3R] 0.7 £4.

WIF % 2 fion, [ %8 batch size 24 32+ BI& R ECN Relus 46284 SGD, 2231 M 0.001 & 10 %
R BERERE) 0.1 £, FLIRAR 30 7R, 25 tH— L8 oC T 1 BT 1) S 36 25040

Table 2. The influence of the number of nodes and layers in the full connection layer on the accuracy

2. EEEENT R BB ERHRNENT

Ry JZ3 SRR Z S5 biRTIES

ResNet50 1 Dense(1024, activation="relu') BatchNormalization() 0.7422
1 Dense(1024, activation="relu') BatchNormalization()

ResNet50 0.5932
2 Dense(512, activation="relu') BatchNormalization()
1 Dense(1024, activation="relu') BatchNormalization()

ResNet50 2 Dense(512, activation="relu') BatchNormalization() 0.6105
3 Dense(512, activation="relu') BatchNormalization()
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Continued
InceptionV3 1 Dense(1024, activation="relu') BatchNormalization() 0.5128
1 Dense(1024, activation="relu') BatchNormalization()
InceptionV3 0.4983
2 Dense(512, activation="relu') BatchNormalization()
1 Dense(1024, activation="relu') BatchNormalization()
InceptionV3 2 Dense(512, activation="relu') BatchNormalization() 0.5112
3 Dense(512, activation="relu') BatchNormalization()
VGGI16 1 Dense(1024, activation="relu') BatchNormalization() 0.7059
1 Dense(1024, activation="relu') BatchNormalization()
VGG16 0.7327
2 Dense(512, activation="relu') BatchNormalization()
1 Dense(1024, activation="relu') BatchNormalization()
VGG16 2 Dense(512, activation="relu') BatchNormalization() 0.7400
3 Dense(512, activation="relu') BatchNormalization()

3.44. PELERETNSHMER

EERER SHCS R SRR R, ST E R B TR 2 S SR R . Lk 2 TR,
52 batch_size A 32, BIEEECH Relu., fifb2$ A SGD, 2E31Z M 0.001 £ 10 YGEAR RN E KK 0.1
i, EMR 30 K, 5 — L0 TR B A 2 mUO 280 S a8 AT A, AR R
—EfA )G, BAIHER AT .

3.4.5. 8% batch_size

batch_size FRHBLASRFE—IK, [RINAENBR ] 3, HO/NS iR i R Ee . I ZRIE R .
K/ batch_size 2> EUE AR ZRid BELEAS, 4% [R] —HEIR AR (s KK batch_size 23 PR
NZAGRE T MBI T R A S HE 2R G R, FTLUE S 4 batch_size K. WITR4 3 Bt
7Ny [E S ST 0.001 B 10 OB TR IE RN 0.1 £%, FiE4R 30 &, LA VGG16 BERUNf], Z5H —
B6 5T 14 % batch_size J& [ 250 H0HE

Table 3. Influence of activation function, optimizer and batch_size on accuracy

3. BURRE. MRS batch_size W ERRFERIFNT

Batch_size T e 2 VI RS AR SR Puttas RS
32 relu 0.001 30 SGD 0.7014
32 tanh 0.001 30 SGD 0.730
64 relu 0.001 30 SGD 0.7098
64 tanh 0.001 30 SGD 0.7212
32 relu 0.001 30 ADAM 0.6866
32 tanh 0.001 30 ADAM 0.7176
64 relu 0.001 30 ADAM 0.6858
64 tanh 0.001 30 ADAM 0.7108
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3.4.6. PEHTERE

AR YR A R FH P RS BR S Relu S0 B AL S Tanh 05 B 409 3 Fos, [ € % 21 R 0.001
B 10 YEAC R A ERID 0.1 %, LA 30 ¥k, BL VGGL6 BEARUAE], 28 H — 056 T 1 B0 i BUS 1)
4. BRI RS 5h
4.1. SCISIfFIE

AT H 1E N AN 64G, CPU K i9-9900KF, GPU N NVIDIA GeForce RTX 2080 %4 k4T HA 1
YIZk, {#H Keras 2.3.1, Opencv-python 4.4.4.64, Python 3.7.12 FIYIZRIA15 .
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ARUBFG SR ARSI . WERRSR . FL . HIEIR[15]. Jo T IBRIREMRE, TRIEHMFE a5 A
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Figure 13. Confusion matrix
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1 S SR A TR T A OB T RETN IE RO BOR s PN+ TN = N' o RISERRom R
ACEL AU o A A S g 5 A R T 1 A 0 U A O .
VR BRI T 54 41— 2 B

45 T I Ao S ERE A ML ET A, O 38 A B IR A
), SEHEEAR LT

Precision = P (1)
TP +FP

AR R AR IEAR 7 R FE A B SR AR R I L], b AR T

Accuracy = TP+TN (2)
TP+TN+FP+FN
T E] 22 AR S PR IEFEALE S IEREA BT S L], Semsy 2888 R 3 EREAR I RE ), kA
XF:
Recall = P 3)
TP+ FN

F1{H(F1 Score), 'EARAGHHRG A M FMACTFME, Sl iz R, HitHEasX0y:
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Fl = 2 x precision x recall

precision + recall @
4.1.2. REER
SeAB B R i — AN DB AR B, 25 3 2R Dy bmp A& R B DIEIEC 500 x 500 KN
LK 14, SEUIEIGF R T i B, H— Ak RS SI N AU AT RO 40 2, IR BT A 45 AT
texs, 93— MRMRIRAAE R A IRREEN jpg #F, & e HER MO m AL E, REHIH
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Figure 14. BMP cut image
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Figure 15. JPG cut image
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Figure 16. Identification results
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ARV AR AR, MO —R A ResNet50 28 F LA 4r AR B WA = RBE A, 1B
SRR BN T = ANREUE B T SRR =R VGG16 FIZEHILLIX 73 i 2R AR oAt 7S N A
B AIERZ, W T ARGEE . %2 0 KA AE R, AR PR R A B, %A
ARSI . HETES. FLAE. A RIZRGERINE 4 .

Table 4. Evaluation of all kinds of rocks by series progressive subdivision model

4. BRBRLATRBELXERITFN

BAMHE biES iRTIES RERCIE S F1 18
B 0.1468 0.7505 0.1556 0.1511
KB 0.3098 0.7968 0.3440 0.3260
IREJe TR b & 0.3909 0.8471 0.1262 0.1908
IR 2 0.3156 0.8414 0.0943 0.1452
WKEHTE 0.2965 0.8397 0.0890 0.1369
KRS T 0.2667 0.8465 0.0425 0.0733
IR B AE 0.2989 0.8372 0.1036 0.1538
4.1.3. A MREF

St BRI A IR i — D UIFIAR R, 25 R0 R D bmp R IE bﬁ]%ﬂﬁk 500 x 500 KNI
W17, AETIFIF R B B R, A —Ab. SRS SINZBE ARG F AT R, JFx pirA iR 4 R AT
Eoxt, B3 NERAUKRAER . HIRBEEOY jpg # I, 5 Jie 1%8"]43'[:\5&%, SRJE
EP Co A 500 x 500 ROT B OILIET 18), A58 BY 4 (K R A B e, I — AR AR B, SR 5 e AR it
TR, AR, LA 19, RBIEER S USCARIE B R

2jpg 3jpg 4. )PQ

..

13jpg ‘4JPQ 15]99 16.jpg

Jpg 26.jpg 27.jpg 28.jpg 29jpg 30.jpg 31jpg 32jpg 33.pg 34.jpg 35.pg 36.jpg

37.jpg 38.jpg 39jpg 40.jpg 41jpg 42jpg 43jpg 44 46.jpg 47.jpg 48.jpg

—

Figure 17. BMP cut image
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Figure 18. JPG cut image
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Figure 19. Identification results
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Table 5. Evaluation of various rocks in a single model
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YRENEA e 0.1534 0.7538 0.1571 0.1552
IR 2 0.2932 0.6524 0.1594 0.2065
WK O A 0.1528 0.7651 0.1388 0.1455
IR RS B 0.1436 0.7437 0.1571 0.1500
KB AE 0.1217 0.7744 0.0912 0.1043
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Figure 20. Model identification results
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Figure 21. Model identification results
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Figure 22. Noise image
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