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A Method of Disease Recognition
for Shield Tunnel Lining Based on Deep Learning
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Shanghai  200092,China;2. College of Civil Engineering, Tongii University,Shanghai 200092, China)

Abstract; Diseases detection and maintenance of tunnel lining is an important link to ensure the safety
of tunnel in operation. Based on the images captured by CCD linear array camera in Movable Tunnel In-
spection System, a new method was proposed. It is inspired by cutting-edge computer science-deep learn-
ing and different from the traditional ones entirely. The main idea is as follows: a) extracting lining disea-
ses and establishing feature map database; b) building deep learning framework; c¢) training samples with
convolutional neural network; and d) establishing a classification system of gray scale feature maps of tun-
nel lining. Aiming at CNN model GoogLeNet, inception module and overall architecture were improved by
using improved convolutional kernels. The best test-set accuracy is over 95%. At the same time, the influ-
ence of different deep learning frameworks (Caffe and Torch) and image contrast enhancement method

(such as histogram equalization, HE) were tested with examples. The results show that the deep learning
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method is applicable to the tunnel lining diseases detection. The advantages are high accuracy, high speed,

good extensibility and very robust in complex cases.

Key words: shield tunnel; tunnel lining diseases; deep learning; convolutional neural network; image

classification
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Fig.1 Movable tunnel inspection system (MTI-100)

B2 MTIE100 [ 5% F 4 0
Fig. 2 Tunnel disease detection with MTI-100
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Fig.3 Whole image gathered by MTI-100
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Fig. 4 Four classes of tunnel lining feature images
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Tab.1 Label and number of the samples

B %% HERE S R A Bt
Bk 1 1155 385 1540
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Fig.5 Histogram equalization of feature map
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Tab.2 Common activation function in CNN
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Fig. 6 Structure diagram of inception module
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Fig. 7 The schema of improved inception module
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Tab.3 Three optimization methods
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Tab. 4 Six network architecture

¥ 24 55 ¥y inception IRIVEN R
V-1 i YE! 25
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V-4 g yE:! 34
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4.1 #BS#(Hyper Parameters)i% &

PLEE AL #1288 (GPU) R it 5 0 i H Caffe
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i JH B S H B InT

e VR 30 £ 2 I n 3 BB B 1% (Nesterov's Opti-
mal Gradient Method) , Y| Z: 58 ¥X (epoch) fy 30 #¢,
B4R 1 134 LU, AL B N 5. W 1R
RYLEN 0. 01, FE55 10 AN YN ZRAL I T F# 4 0. 001,
TEE 20 DN YT FE R 0,000 1, %7 2] F&72 4k 4
9 K.
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Fig. 8  The overall architecture schema of CNN
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D RAARTC 3.3 T4 et i s 17 6 A A
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Fig. 9 Curves of learning rate vs epoch
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Tab.5 Results of different models

it 0 4 45 g w3/ %
T Al GoogLeNet 93. 42
J5 e Boai V-1 93. 42
506 V-2 93.68
T I Bdh V-3 94. 74
J& B AR V-4 93.95
JE I B V-5 94. 74
JE I s V-6 95. 24

iR LK P GoogleNet TEA K 4fs 5 b 1% v %
R 93. 42 %0 A SCHE ) V-6 0 4% 2 g 5 R 1) K
BER 95,24 % RTFT 1. 82 AN 4y . WAL %
P 3 R B V-6 1R EE LS A

2D D V-6 BRI AS [ 1 R B 2 2 AE
48 Caffe I Torch 43 i % £ 5y B 1k %5 A 28 5ot
HE {5804 i 17 U1 25, 15 2 55 1 W3 6 fiE 10,
10 Hfvf Ak B il (e %D Sk epoch, 38 T I 25 5005 4B
2855 — UEAR L P AR BRIl Cy D S I oE 1 R

i Caffe () python £z F % it 46 347 Hib
AR B GE T4y 205 B I 15 B3R 16 i B (confusion ma-
trix). TRV HFE A« 3R y B4 B 2R R G 2
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Tab. 6 Results of training and test
\ - W Wk Wk wete wee omm enn o KEDR
i N TR O T T S S
JE B Caffe 3715 5670 95.41 1 890 95. 24 W37 106 0.056
TR Torch 8075 5670 93.83 1 890 92.11 R 114 0. 060
HE ¥4 Caffe 3715 5670 94. 44 1 890 91.80 W9 99 0.052
HE ¥4 Torch 8 100 5670 96. 39 1 890 93. 39 W#E 10 110 0.058
100
% 10 HE-Torch izt ;B % % M
Tab. 10 HE-Torch test confusion matrix
80 - P—
wE o mWk mm o we mx T
<60 —=—HE-Torch 1 365 4 9 7 94. 81
:z_ :gET‘gacl;fe 2 9 545 6 0 97,32
= o ———O-Caffe 3 18 30 115 7 83.00
~ 8T 4 1 4 0 140 98. 88
20
M A A EAR LS R8T B IR RS HER
S R BRIy 95. 2420 4k 378 9K P8 b B K6 (L
B 10 e Kepoch X 4.76 %60 B IR ER 3 . NI i 2B A A
Pl 10 Curves of aceuracy vs epoch KR FER RIS T 0. 07 s, T H S PR
%7 O-Caffe ik 8 3% 46 5 o B U A GRS ] K F 50 s/5K).
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Fig. 11 Classification results in hard conditions
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Fig. 12 Disease detection flow chart on large scale image
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