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Fig.1 Rapid testing vehicle for highway tunnel condition
2.1 EEEER developed by Tongyan Corporation
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Fig.2 Cracks identified by the edge detection algorithm
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Table 1 Data dimensions in each layer
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L1 64 64 3 B 5 5 3 20 1
12 60 60 20 ik 1 2 2 — — 2
L3 30 30 20 L2 10 10 20 50 1
14 21 21 50 ik 2 2 2 — — 2
L5 10 10 50 HRL3 10 10 50 500 1
L6 1 1 500 ReLU — — — — —
L7 1 1 500 R4 1 1 500 4 1
L8 1 1 4 Softmax — — — — —
OUTPUT 1 1 1 — — — — — —
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Fig.6 Toplerr of data set 1 and data set 2 in training
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Fig.7 Crack identification effect using data set 1 model
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Fig.8 Crack identification effect using data set 2 model
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Fig.9 Crack identification effect using data set 1 model
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Fig.10 Crack identification effect using data set 2 model

5 45 it

MBI LI R H T LA
FEAEBOUU) IR Ut e BBl
SR AL . 22 AR Rt L
Ik 2 B AR LR A AL T IR
HA BRI R R, 3 20T
7 A AL I R T S 53 B B 6
M2 2 BRSNS T FUT AR 2
SOPTRIBR AR R TN SR B ST



e

S B e A ) A B 6 AT 2 T B 3 R B AU B E £ A

MODERN TUNNELLING TECHNOLOGY

BT R M HIRBIARES A G REE D ERE I T AL AR, i o B A R
A = AR HR 13 RS BEA T R B o0 A2 00, 5

References

(114 2, XSS XUHTHE AT 2N BRI A DR ARG I 4250 ). AR S0 R 272741,2018,35(4):30-38.
YANG Jun, LIU Xiaodi, LIU Xingen, et al.-Review of Rapid Test Vehicles for Highway Tunnel Structure [J]. Journal of East China
Jiaotong University,2018,35(4):30=38.

[2] ABDEL-QADER I, ABUDAYYEH 0, KELLY M E, Analysis of Edge—Detection Techniques for Crack Identification in Bridges|J].
Journal of Computing'in Civil' Engineering, 2003,17(4): 255-263.

[3] NISHIKAWA T,-YOSHIDA J, SUGIYAMA T, FUJINO Y. Concrete Crack Detection by Multiple Sequential Image Filtering[J].Com-
puter—Aided Civil and Infrastructure Engineering, 2012, 27(1):29-47.

[4] LECUN Y, BENGIO Y, HINTON G. Deep Learning|J]. Nature, 2015, 521(7553):436.

[5] F 4.5 REE ST B AR 2% 1 BRGNSk v H 5 92300 . BT H1,2015(20):63-68.
WANG Zhen, GAO Maoting. Design and Implementation of Image Recognition Algorithm Based on Convolutional Neural Networks.
[J]. Modern Computer,2015(20):63-68.

6] J& G, ARG 25 B B R T SE£RIAR L] T RHLA1E,2017.40(6) :1229-1251.
ZHOU Feiyan, JIN Linpeng, DONG Jun. Review of Convolutional-Neural Network [J]. Chinese Journal of Computers, 2017,40(6):
1229-1251.

[7] CHA' Y J, CHOI W, BUYUKOZTURK O. Deep liearning=Based Crack Damage Detection Using Convolutional Neural Networks[J].
Computer Aided Civil & Infrastructure Engineering, 2017, 32(5):361-378.

[8] BRA 1, 8 HF- Xk AR B Ti2 M ahig 5 2DEDA [ SAREAR ARG IR . T HHL FH,2007(11):185-188+199.
CHEN Caikou, HUANG Jianping, LIU Yongjun. Face Recognition with Single Training Sample Per Person Based on Generalized
Slide Window and 2DLDA[]J]. Joutnal of Computer Applications, 2007(11):185-188+199.

(9] LA ATA0, Bk . RGP A 28 SRR LRA ] DL 741, 2014,36(12):1-18.
HUANG Kaiqi, REN Weiqgiang, TAN Tieniu. A Review on Image Object Classification and Detection [J]. Chinese Journal of Com-
puters,2014,36(12):1-18.

[10] MART IN ABADI, ASHISH AGARWAL, PAUL BARHAM, et al. TensorFlow: Large—Scale Machine Learning on Heterogeneous

Distributed Systems|[R]. Google Brain, 2016.

Research on Crack Identification of Highway Tunnel Linings Based on Data
Obtained from the Testing Vehicle

JIANG Heng' LIU Xuezeng® ZHU Hehua'

(1 Department of Geotechnical Engineering, Tongji University, Shanghai 20009232 Civil Engineering Information Technology Research
Center of Ministry of Education, Tongji University, Shanghai 200092)

Abstract With the continuous construction of highway tunnels, the problems of disease identifieation and mainte-
nance of highway tunnels are increasing. The traditional tunnel lining crack identification réquires a lot of personnel
to participate in the indoor work, resulting in low efficiency. Based on the image-dataicollected by the rapid testing
vehicle for highway tunnel condition, this paper uses the convolutional neural networks to train a set of models for
recognizing the cracks in the highway tunnel linings. According to the problems found in the training process, a com-
parative study on the effect of different crack data sets on the recognition effect of the neural network models is car-
ried out, proving that the CNN model trained by images sorted by crack development trends has better recognition
ability and better applicability.

Keywords Highway; Testing vehicle for highway tunnel condition; Convolutional neural network; Crack detec-

tion; Edge detection
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