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Method for identifying four common rock types of slopes and
determining boundary range

WANG Peng-yu, WANG Shu-hong
(School of Resources & Civil Engineering, Northeastern University, Shenyang 110819, China)

Abstract: Rock classification and boundary determination of rock slopes are very important for the analysis of slope stability.
At present, the artificial methods are inefficient and affected by subjective factors. So a convolution neural network model for
the image set analysis of a rock slope is established based on Tensorflow. Through convolution operation and pooling operation,
the feature information of 8000 original rock slope images is extracted and compressed respectively. Then the network model is
trained to realize the automatic recognition and classification of the rock slope. The model is tested and analyzed by using the
images of rock slopes in training set and testing set. The accuracy rate of the training set and the testing set is 98% and 90%,
respectively. It is shown that the network model after training has good robustness and achieves ideal training effect. Next, the
color of different rocks on the slope is taken as the main basis. The boundary of different types of rock on the rock slope is
calibrated by the deep learning boundary extraction technology. To verify the effectiveness of the algorithm, the standard color
image of the rock slope is selected for simulation experiment, and the results of boundary detection are accurate. The network
model established by deep learning realizes the requirements of rapid and automatic rock identification and boundary range
division of rock slopes, and introduces the rock slope information acquired by image recognition into the GeoSMA-3D software
independently developed by the team, as an important parameter for determining the grade of rock slopes.

Key words: rock slope; convolutional neural network; deep learning; image recognition; boundary range

it

0 35l T et il A EUR SR w2 o T s,
R AT R IR R e s R e

Forp I ERAl I TAE . o B R B 2R A A B EQWE: HKANFEEETH (UI602232, 514740500 kit
THIZERE, NN S it . SRR BRI LB 40 H (N170108029); 1T T4 H AR 34

T H (20170540304; 20170520341); ZRALK2AW—RmAEETH (2018)

AR R R G, b e
AL FETR IS 2% 7. (EEREE REHREARIRIG, wid A *EAAEE (BE-mail: shwang@mail.neu.edu.cn)



1506 s + T

B’ o5

Eibd 2019 4F

20 40 80 FARLIK, FHE L% 7EHE 1 TN B 557 TH
AR T ERTS, 2016 SEHBLE T AR 411 1
JWT AlphaGo, # “IREE 217 HEmEng, N T8 #e
AR KNG, FriBERES 2] (deep learning) Hi/2&iH
I 2 R BN IR E IR R E R R Gl ke, X
FRIEZ D AT S IO T T i e 8 R R S T 1 i R
R UCRHIE, R 22 24 Gk S B R e
AR EFE T Tensorflow HEZLIE 35 A7 4 28 ) 2%
(convolutional neural networks, CNNS) 5| N Tl i
WA G A . IR B D) AN TR B I
AR AT R 7 B AN [ A A e FE A T AR
SE, AHTE BUAS AR e MR R E B SR .

1 B ERRANFIERMRTG A
HRLIASCE AR 5 0 R E B PR k. 5
— AR BRI, RS Y BT BO A
BEATARLIN . Bilhn, SR X LR RATHE . 3 R
AT 2T, TR mOLIE EER ATk
HEAT A3 TS S AR B GETE, B AL G
HIECEGE T 5 TR s BUL I 73 FAFAEREAT IR
BSHEEC BN, JEH S A Y ME R RFESCE 45
iZ 2 oy IV Ry il A S S A RN M K 7R R i)
FRECE A 58 (5 B0,
ERPERIREAE I R A AR, 20
SRR A BRI » [ 02 2 B D B P O 75 22
T ATHGEAEFIR U FUASCE 415 2, IR % B 5l
I R SVE R A FEUGOIAT T AL sRIa R A
U K AT T B A UG 53 25 )
7 AA softmax £ 73 A M 2 7 IS FF A & L
(SVM) IR, ko JLSEIR T 0 32K
SIWTEVEME AT CT BI85 Li PR A
TR S UNEXD A BB AT TSR, RZ&3R1E T
FERE R RS 5 R o AR o b LAt et fe A B
fEE SRR A HRRGRAAE /e Ta N
prdES A R, AN DUSIRAIRES (s FUA 3 & A
NINGREIESE: IR, RITDA A A 30 AT
PRAE, TCIEMEILSCS I A A M T E . ik, A
SCREH MR T ONN AL 0 702K SV b g 11
T3 Heh Ha ek D R A PRI CA 1 B

2 ARUAKEGIRANNERES 754

2.1 PUAHINRE BEGHE AR
WILRERU IR, SRR O R, KO8

ERET BXRBEMIER, A 1 Sl B SR

SRR R LUt 78 A2 OB RE AT DK KA

RN TE AL

| Bl HsE

E 1 BEARSREF IYRAXHR

Fig. 1 Relationship between data size and deep learning effects
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Table 2 Predicted results of score function
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Fig. 5 Fitting effects of neural network with different hidden layers
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Fig. 6 Extraction of image features by convolution kernel
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Fig. 7 Convolution visualization of rock slope image
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Fig. 9 Whole process of deep learning of rock slope image
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Fig.12 Variation of three indices during training
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Fig. 13 Classification and regression results of rock slope images

5 & i

TR AN 27 5 R AT MR R,
T U 28 LG VR 2 =1 7 i B AT RS 2
51, SEIRIAH R A 1 1 3 4 SR TG B
BHLLF 3 Lk,

(1) R 25 = A B 1 e AR R 7R
B, ORI AU B 1 A S R AT SR AR, 42
7 RSB R RIS, I H A ARIT TAE A R
e s, TRV RS2 H0 I 2 PERR . A SO AL
B3 T AT A r i R R, WO T
BRI I TR,

(2) W4T P 2 53 SR A 7 P B 8
1B5335eh, SR A USSR, R
[ SR BB , I %52 J5 24 14 51 90% [ 22,
) 90 244 R 7R T LA A A R B e 7 MR O
S TR IR 0 B 42K

(3) LA HORE A E B R ST, PRV
2 5 [a] BB A R85 2 7 96 BT AT 15«
AT I BRI RI, BoAE T 4 LR i v
R 52 7V RHE R M, 9B T R AR R 4 R4
HetAb. AR,

6 B 22]
(D) SRS TR 2 ARG A S, 5B
BUGH At A R R R R e e PR R

KB CE AW E RS ANRNE R
GeoSMA-3D L3RG E AT AT, Kl I A A AR
IR I A T SRR B LA R AN [R) A VE FBli 2 35
M5Bk, VEREa U EHHIE N EESH,
H — P Ak B RO A 135 53 O 5,

OB FEREA RN SE T IR L ST IR
R LN R R BA 5 It a, Azl
S A B R AEREA P, B H AT BRI A
g, HAEANZERBN AL, LA —2
KT J 26 B SBRE A AR BE PRI 2 A o 189 0 g 2 45
REARVIIIAE, M2 AR IR T A SR IY R
AHCEA

SE -

[1] SINGH C, KAUR K P. A fast and efficient image retrieval
system based on color and texture features[J]. Journal of
Visual Communication & Image Representation, 2016,
41(10): 41 - 52.

[2] SMITH S M, BRADY J M. SUSAN: a new approach to low
level image processing[J]. International Journal of Computer
Vision, 2015, 23(1): 45 - 78.

B1 £ W, R, FRHSY, S BRSSO EYE S
TR R AT A& TR, 2011, 33(11):
1734 - 1739. (WANG Yang, WANG Shu-hong, GUO Mu-dan,
et al. Fast digital identification of joint information of tunnel
work face and its stability analysis[J]. Chinese Journal of
Geotechnical Engineering, 2011, 33(11): 1734 - 1739. (in
Chinese))

[4] BOONSIVANON K, MEESOMBOON A. IKDSIFT: an
improved keypoint detection algorithm based-on sift
approach for non-uniform illumination[J]. Procedia Computer
Science, 2016, 86(2): 269 - 272.

[5] ZISSERMAN A, VEDALDI A. Sparse kernel approximations
for efficient classification and detection[C]// IEEE
Conference on Computer Vision and Pattern Recognition.
IEEE Computer Society, Hawaii, 2012: 2320 - 2327.

[6] KOBAYASHI T. BFO Meets HOG: feature extraction based on
histograms of oriented pdf gradients for image classifi-
cation[C]// IEEE Conference on Computer Vision and Pattern
Recognition. Portland OR, 2013, 91(9): 747 - 754.

[71 ZAINI N, van der MEER F, van der WERFF H. Deter-
mination of carbonate rock chemistry using laboratory-based
hyperspectral imagery[J]. Remote Sensing, 2014, 6(5): 4149
-4172.

(8] hiHE, FKE, Bk, "REEAIT VD). &
R (E R AR, 2010, 49(3): 146 - 151. (GUO



1512 A= T

2019 4F

Qing-hong, ZHOU Yong-zhang, CAO Shu-min. Study on

mineralogy of Guangning jade[J]. Acta Scientiarum
Naturalium Universitatis Sunyatseni, 2010, 49(3): 146 - 151.
(in Chinese))

91 ¥ M, BREEE, fETE 2017, FR—BLgE A7 7E BE P
HilX Ag-Au B HERAL S RIRR SR A0

23], 2017, 33(3): 779 - 790. (XIAO Fan, CHEN Jian-guo,

HOU Wei-sheng. Identification and extraction of Ag-Au

mineralization  associated  geochemical anomaly in
Pangxitong district, southern part of the Qinzhou-Hangzhou
Metallogenic Belt, China[J]. Acta Petrologica Sinica, 2017,
33(3): 779 - 790. (in Chinese))

[10] 5k 1, &MEfR, 27K, FRIER A LI Sr-Yb 142K
FRED]. SAFR, 2010, 26(4): 985 - 1015. (ZHANG Qi,
JIN Wei-jun, LI Cheng-dong. Revisiting the new
classification of granitic rocks based on whole-rock Sr and
Yb contents: index[J]. Acta Petrologica Sinica, 2010, 26(4):
985 - 1015. (in Chinese))

[11] 5k i, &M, KRR, ZifEAIER S-Yb M52
NI B4R, 2010, 26(12): 3431 - 3455. (ZHANG Qi,
JIN Wei-jun, LI Cheng-dong. On the classification of graniti
crocks based on whole-rock Sr and Yb concentrations III:
practice[J]. Acta Petrologica Sinica, 2010, 26(12): 3431 -
3455. (in Chinese))

[12] 5k o, ¥, dHE. AR K 4B Pud
BIE 73 R EE D] AER MU AR K324, 2015, 41(2):
302 - 310. (ZHANG Xu, JIANG Jian-guo, HONG Ri-chang.
Accelerated image classification algorithm based on naive
Bayes K-nearest neighbor[J]. Journal of Beijing University of
Aeronautics and Astronautics, 2015, 41(2): 302 - 310. (in
Chinese))

[13] RREENSE, #b &, VF6Z8. WAl KNN (0 ESCEdRRLG 7
K] PEESREEER, 2016, 21(7): 854 - 864. (KANG
Li-ping, SUN Xian, XU Guang-luan. Fusion method via
KNN with weight adjustment for the classification of
image-text co-occurrence data[J]. Journal of Image and
Graphics, 2016, 21(7): 854 - 864. (in Chinese))

[14] 5KFE L, SKkETW, B BT REEERS A CT KR
T R BATHED]. PULRRHBOEFER, 2016, 36(2): 171
- 175. (ZHANG lJia-fan, ZHANG Xue-jiao, YANG
Geng-she. A method of rock CT image segmentation and
quantification based on clustering algorithm[J]. Journal of
Xi'an University of Science and Technology, 2016, 36(2): 171
- 175. (in Chinese))

[1S]LIN, HAO H Z, GU Q, et al. A transfer learning method for

automatic identification of sandstone microscopic image.
Computers & Geosciences, 2017, 103(2): 111 - 121.

[16] TR, HFUR K R SR B EANESERT TE )], M5
A2, 2016, 3(3): 1 - 6. (TAN Yong-jie. Study on the overall
framework of the construction of large geological data system[J].
Geological Survey of China, 2016, 3(3): 1 - 6. (in Chinese))

[17] A5, WiE5%. TENSORFLOW 52k GOOGLE V% 2% > HE
ZaM). Jbst: BTkt ARA:, 2017, (ZHENG Ze-yu, GU
Si-yu. TENSORFLOW practical GOOGLE deep learning
framework[M]. Beijing: Electronic Industry Press, 2017. (in
Chinese))

[18] WU Y C, YIN F, LIU C L. Improving handwritten Chinese
text recognition using neural network language models and
convolutional neural network shape models[J]. Pattern
Recognition, 2017, 65(5): 251 - 264.

[19] BIANCO S, BUZZELLI M, MAZZINI D, et al. Deep
learning for logo recognition[J]. Neurocomputing, 2017,
245(1): 23 - 30.

[20] ESTEVA A, KUPREL B, NOVOAR A, et al. Dermatologist-
level classification of skin cancer with deep neural
networks[J]. Nature, 2017, 542(7639): 115 - 118.

[21] GONG M G YANG H L, ZHANG P Z. Feature learning and
change feature classification based on deep learning for ternary
change detection in SAR images[J]. ISPRS Journal of
Photogrammetry and Remote Sensing, 2017, 129(2): 212 - 225.

[22] VSR, Z5EA, TMRZE. FETIREEE SRR A S 1E
BNRITIED]. B TR, 2018, 40(10): 1809 - 1816.
(LIU Hou-xiang, LI Wang-shi, ZHA Huan-yi. Method for
surrounding rock mass classification of highway tunnels based
on deep Chinese Journal of
Geotechnical Engineering, 2018, 40(10): 1809 - 1816. (in
Chinese))

(23] ¥&4S, ZEME, 7t W%, 55 WS IS R ok
TRACHEIRD]. A TREAR, 2015, 37(8): 1411 - 1417.
(YANG Shan-tong, JIANG Qing-hui, YIN Tao, et al. Search of

learning  technology[J].

critical slip surface of slopes using improved particle swarm
optimization method[J]. Chinese Journal of Geotechnical
Engineering, 2015, 37(8): 1411 - 1417. (in Chinese))

[24] Fifada, PHZEA, B W SRS RAEIT NI %
AMBAE T[] KITRFABEREAR, 2016, 33(4): 71 - 77.
(KANG Shi-lei, YANG Jun-sheng, YANG Feng. Macro- and
meso-analysis of failure behavior of rock-like samples with
flaws using a numerical method[J]. Journal of Yangtze River
Scientific Research Institute, 2016, 33(4): 71 - 77. (in
Chinese))



