198 2 M T AR5 TR i Vol. 19
2023 4F- 4 H Chinese Journal of Underground Space and Engineering Apr. 2023

JET B8 2 2 B B i Bl e e P Al s ik

B, L&
(KVPT R HART %R, KT 410114)

WE.AENGEREBRG AN SR RETHA i‘gﬁ?% SR E B IR
ik, wh, BT RA Inception-ResNet—VZ(IRVZ)7§ %‘3(7 2 PR 4 AR JE Tmage-Net 245 % Bt
Tﬁwﬂlﬁ? FHARABREIHFIBRNE AR HIELE(E ﬁ%ﬁ&;ﬂ:jﬁ%%ﬁ%)
T—ﬁ"wiéﬁ:,Zkﬁlhkﬁzz‘i‘b\ﬁ']*%i- G, A IRV2 ATAE R M 3K, 5+ 55 ResNet-50,
Inception-V3 F= VGG16 Z AP AR 6932 5] M gL 47 2400 s UG, uﬁ“@#%e 5 B AR E AR B0 IR
AR AR IE LR A (1) IRV2 #9 & 4 K AL 3547359 R I A &k, B35 T i 3|
90% VA L | R Z AR T A EILE 2 E A R A B A £, (2) T AR £ B

LM Fe IR 5 B B R AR MR A AR BT (3) T B R kA e TR B AR
% T A R S LA 6 IR A MR
KR E AR x;}i‘li"\/‘i‘] A5 3 F B4 % ; Inception-Resnet-V2

FESES.U452. 1 XERERINAD ;A XEHS.1673-0836(2023)02-0437-09

Lithology Identification Method of Tunnel Surrounding Rock Based on

Transfer Learning Technology
Liu Houxiang, Wang Jian
(School of Civil Engineering, Changsha University of Science and Technology, Changsha 410114, P. R. China)

Abstract: In order to realize the automatic recognition and classification of the surrounding rock lithology
of the tunnel, a method of lithology recognition based on migration learning technology is proposed. First, pre-training
on the Image-Net dataset by using the Inception-ResNet-V2 (IRV2) convolutional neural network model, and
using model transfer learning technology to retrain the rock image dataset ( including granite, limestone, basalt and
shale) to obtain The lithology recognition model of the surrounding rock of the tunnel; then, the IRV2 model
is tested, and the recognition performance of the three models: ResNet-50, Inception-V3 and VGG16 is compared;
finally, the sub-image method and the overall image method are performed Comparative test of recognition effect. The
experimental results show that: (1) The various classification performance indicators of IRV2 are all the best, and
all can reach more than 90%, indicating that the model can realize the effective identification and accurate
classification of surrounding rock lithology; (2) For rock pictures with more prominent texture, structure and
structure, the recognition performance of the model is better; (3) The sub-image method can effectively
improve the model’s performance compared to the overall image method. ldentify performance.
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Fig. 1 Comparison between traditional deep learning

and transfer learning
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Table 1 Classification and quantity of rock image
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Fig.4 Flowchart of transfer learning model of rock images
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Table 2 Details of the network model
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Fig.5 Schematic diagram of sub-image segmentation
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of iterations
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Fig.9 Evaluation index values of various types of rocks in different model tests
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Fig. 10  Lithology recognition results of some images in the test set
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