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Disease detection method of tunnel portals in plateau region
based on UAYV images and deep learning
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Abstract: In light of the prevalent diseases of tunnel portals built in the harsh environment of the plateau region
and the problems of low efficiency and high risk associated with traditional manual disease detection methods, a
novel disease detection method for tunnel portals in the plateau region based on Unmanned Aerial Vehicle
(UAV) image and deep learning was proposed. Firstly, an UAV was used to collect the disease images of a

tunnel portal in the plateau region of Xinjiang, and a multi-disease semantic segmentation dataset was

I 5 H #5:2023-09-05

E ST - B AR L I1(2020A03003-7) 5 BRPY 27 1 R B JE AT FE 2] (2021TM-180) 5 H e o AL I A BBl 55 B (451 %
AA34) (300102211302)

YEE B A 150 (1999- ), 55, 32 B AT JE X S5 4 il 32 W F 5%, E-mail : cbwebwebw2@126.com.
T RECGEEER), B W1, #4%  E-mail:baowx@chd.edu.cn,

Received: 2023-09-05

Foundation items: Major Science and Technology Projects in Xinjiang (No. 2020A03003-7); Shaanxi Province Natural Science
Basic Research Project (No. 2021JM-180); Basic Scientific Research Funds of Central Universities (Leading Talents
Program) (No. 300102211302)

Author brief: CHE Bowen (1999- ), main research interest: structural health monitoring in cold regions, E-mail: cbwchwcbw2@
126.com.
BAO Weixing (corresponding author), PhD, professor, E-mail: baowx@chd.edu.cn.



% 54 EW L, F AT RANBGEIREFTHEHRER BER I ERE RN F® 87

constructed. Then, based on DeeplabV3+, an improved model TP-DeeplabV3+ was proposed, which used
MobileNetV2 as the backbone feature extraction network to reduce model parameters; Used Focal Loss as the
loss function to solve the category imbalance problem in disease images; Used the CA attention mechanism to
improve the segmentation performance; and proposed the disease quantification method. Experiment results
show that TP-DeeplabV3+ attains 88.37% and 94.93% of mloU and mPA on the test set, respectively.
Furthermore, the model volume is reduced by 88.83%. The absolute error of the proposed disease
quantification method for disease coverage rate is less than 0.3%, and the relative error is maintained below
7.31%. Compared with the traditional manual method, the proposed method facilitates the intelligent detection
of tunnel portal safely and accurately in plateau region.

Keywords: tunnel portal disease; deep learning; semantic segmentation; unmanned aerial vehicle (UAV);

plateau regions
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Fig. 5 Images and labels of tunnel portal wall diseases
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T 88.83% , # b PSPNet #1 U-Net, 434l /N 87. 50 %
1 76.55% , 37 H 45. 61 ms (4 5 7k 4 K6 ) 5 JiF 4l
N ARSI AR . 2R A bR i KOE i
Af LU Y, TP-DeeplabV 3443 85U f sk T JE AR 1Y X T
K 40 B AR 43 FUS G2 A 40 ) 8, JF B T R e
R A — L.
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Fig. 12 Comparison of segmentation results among different models

4.3 HEE

SRy i — 25 AR G R B AR AN [ el it A RO
W T B S5, ik 3. %K 4 iR . DeeplabV3+
(CA)FIRAUAE DeeplabV 3+ LR A | 7RI CA
B J1 ML #l , DeeplabV3-+ (MobileNet) % 7~ & H
MobileNetV2 /EN F THEESE BRI 25 . bR A 3
fdi ] Focalloss VE 41 < R, T Rl 52 90 25 SR R 1
fE ffi F FocallLoss 19 5 fili b B 35 T W 4 & 3
MobileNetV2 f& , B B LE 25 W48 br - AT5 A AH Nz $2 T,

R3 HMXEEREEILL

Table 3 Comparison of model sizes in ablation experiments

% SR /MB R/ (ms/ 7K
DeeplabV 3+ 199. 82 59.18
DeeplabV3+(MobileNet) 20.97 44.95
DeeplabV3+(CA) 201. 14 60.02
TP-DeeplabV3—+ 22.31 45.61

Xf F 24 5% 1 Precision A1 Recall 23 #1$2 FF T 4. 07%
13,760, I H 5K [ J K 8 B2 42 71 T 13. 57 ms,
SRR EART 89.5% , FE AR W s M AEE
Focalloss [ 3&filt b @ I CA 3 & 1 AL B, AL 1
g Rl i A3 B2 FE T 4.68%6 1 3. 03 %, T A6 ] 32
S SRR E T 0.84 ms A1 1. 32 MB, X W&
T CAREHMFF S . T TP-DeeplabV3+7E
FocalLoss f4 F: Rl I+ P MobileNetV2 4 3 + W 45 If:
TR AL S A ] B e A L
A AR S A I RS . i RT UL R R A
o0 2 5 i A AR CA VR By AL AT DA 5S8R 4y
b A BN () 3 A 3 AR R, SRS A M 2 O B
A3 Pl Focalloss 1 b 451 2Kk pRECA 24 il e TR 228
AP A 0] 8, P v T RS R AE T N R AR s TR
() # E ; f FH MobileNetV2 1 3 455 51 200
DT SRR R TR IR

R4 HEXBESEBEL

Table 4 Comparison of segmentation accuracy in ablation experiments

o o P/% R/%
15 Xy R A A Mg/ % mpn/ % — - - -
255 % Hok L H% Hk
DeeplabV3-+ 83.57 91.95 74.24 94.15 90.43 83.41 93.02 92.42
DeeplabV 3+ (MobileNet) 85.05 91.82 78.31 95. 27 95.05 87.17 84.03 97. 36
DeeplabV3+(CA) 88.25 94. 98 79.29 95.98 95.16 87.41 95.19 97. 39
TP-DeeplabV 3+ 88. 37 94.93 79.31 96. 27 95.05 88.17 95.03 97. 36
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Fig. 13 Segmentation results for high-resolution images
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N TSI pl TR B 0 B B R R A B
P A 7 A, TR B 3 Sk fR B AN B A
Bl T L X AT A, TR X R AE B
T AR R 5 5, 1T TS 285 S 0 D0 R 240 /N 35 D e K
SRR AL B R A TN R HOE IR ANF

1) ffi FH 5 A 7R B Labelme X 9715 &
WhRTE

2) 8 FH Canny 4 2% A6 I 5. 3 32 B o 5 58 5
I3 o T 252 6 Dl B AR 25 BR KT A

3) % AN [ o 3 F6 B BEATAR R 5T, LAHAA
TR A

R PR UE S B A 0 e B A A A5 R RS EE L AR
SR 512X 51248 K 43 BEAR O 96dpi i BT 1T R
e USRS 0 G B BT, N A BB B Bk AT e h
VR, Z 5B A R T 5 0 H A 5 AR i, B
A S IR T PTG Y AL .

MR B S R 5 UG RS 1 3 4656 &R L 96dpi
/R 1H5F (2,54 em) A5 96 MR F 5, BUREAS 5T
% 11 em==37. 795 px, HL L AR 4 183. 50 em’,
B BLBE B — 5K R 2 5 5 I 25 0 B3 RS, Sex it
T390 40 5, O B s T e 4R b 9 A0 DX I, B S X
Hak r Rl nE 14 fioR Gl B A s L i E
B F 10 ERE D (BB RASERMED),
i 20 (7) 2 8) TR H B A 5 & 11 b Y 9 5 T AR
MEHR ERMETSPR. 5ATIMMEH L, 4
iR 2ZE AL 0. 3% MHXF IR ZEEHIAE 7. 31% LT .
Sy itE— 20 B T A A R R R R
o A AR R A X IR 255 0. 67 %0, AH X IR 25 R ik

H7%(26.59 em®
R=14.49%
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Fig. 14 Disease coverage calculation
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Table 5 Verification of disease coverage calculation results

B SRR/ SRR LI X MR
% cm” /% /% 2/% 2/%

1.523 0. 830 0. 840 0.010 1.190
66.831 36.420 36.132 0.288 0.798
1.853 1.010 0.982 0.028 2.901
31.819 17.341 17.171 0.169 0.981
28.351 15.453 15.411 0.039 0.251

9.799 5.341 5.237 0.103 1.970
2.312 1.260 1.200 0. 060 5.024
3.028 1.650 1.538 0.112 7.303
0.752 0.411 0.400 0.010 2.556
10 1.817 0.990 1.015 0.025 2.472

© 0 N O U W =

Bt 148. 085 3.650 3.616 0.034 0. 940

Ji 5] 174.031 4.290 3.616  0.674 18. 639

18. 64 % , 1A P B AR
5 it

o AL DX TR 1) K% 58 H AE AE BT AL A SR A B
M IRERBE L GBS K R
S E T AMLEA 1 R0 A 3 AR R R AR A
CIRDRA=E SSEN 7 E =R IUEZ S N AW - NG (e
BT bR B 5 E R RE LR L R T
BT TC AL ENMG S TR B 2 2 1 8 5l DX B% G ]
Bl A AR R LA A8

1) 2 B Ble R4 5 TP-DeeplabV 3+ BE K 40 1
P BN [ 5 AR B 08 SCREAE A AL R e T
DeepLabv3 X 45 4 H A5 47 15 70 %1 25 FOH B A 7 17
S PG B 28 0 AN S A A R R, O R R Ak
P b, SCEG 45 KW, TP-DeepLabV 3+ 78 I i 4
B 2% TVE AN 4R AR A0 T A AL AT DLk #
88. 37 % HY myoy S 94. 93 %% F mpy , FE T X905 I &
SR RHE ST W R R TR A &
PR

2)5 N T S2AE A HE , TP-DeepLabV 3+ #55 #4
T8 B A 2 SR X T S R 4 X iR
ZEARHIL 0. 3%, AHX IR ZHERFAE 7. 31% LU R, AT LU
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