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Damage identification method of PE sheath of bridge stay cable
based on lightweight convolutional neural network
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Abstract: In recent years, deep neural network and computer vision techniques have played an increasingly
important role in structural health monitoring. In this paper, deep learning technology is used to identify the PE
sheath damage through the image data of bridge stay cable damage collected by UAV. This paper aims to realize
the intelligent and rapid identification of local damage on the surface of stay cables of long-span bridges on
devices with low computational ability, and to solve the problems of relatively low computational efficiency and

large scale of model parameters in the current research of traditional deep convolution neural network. A
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lightweight region proposal convolution neural network model is proposed. Firstly, the theoretical basis of
region proposal network and its lightweight improvement method is introduced, and the necessity of lightweight
model processing is analyzed. It reduces the performance requirements of devices for model training and
prediction under the premise of ensuring identification accuracy, achieving the purpose of saving computational
resources and time. Secondly, the problem of insufficient data of damage samples is solved by multiple means of
data augmentation. The contrast experiment and the analysis of statistical results verify the superiority of the
lightweight neural network model. The results show that the lightweight network can improve the complexity
and quantity of calculation of the model to a large extent under the premise of a small sacrifice of recognition
accuracy. It effectively expands the practicability of the neural network in engineering applications.

Keywords: bridge stay cable; intelligent damage identification; lightweight neural network; computer vision;

deep learning
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Fig. 2 Flow chart for determining the presence or absence of damage and the type of damage
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convolutional neural network

1.2.1 & F MobileNet 7 i 64 B2 3+ H & it

MobileNet $ 1% 4 % £ ( Point Wise ) 55 4 hy IR
A] 73 8 B T (DepthWise, 1K 4) , £ B RS fEhl
Pl A T B B, R R B AT ASE AR N 5 1 5

BB i A 0 R AE B 45 B F RS2 (Dy, D,
M) R H RS A% K 1 RST R (Dy, D, M, N)
far Y AR B S B B G B RS R (D, Do, N) 6
LR @ I S Y R =R/ W

N3 EIE R I EE=3 FHIE]x3

H4 RETHESHRNEIHLEREE

Fig.4 Operation process of DepthWise convolution

(I/c,[,w:ZK[,],W,H.F/c+1'*l,l+j*1.m (2)

ik
KA K0 B n KR (G j,m) 936 B LU 3
7 177 X KN A Coy ) BB ARFIE I F ey
HAT G B R R G IS w1 GE . RPN SR H
RSB TR M SR8 T ROk N X — UK bR
HEERNHIS A E N . Q=D Dy M-N-Dy+ Dy,
ALK FR B T (Dy, D, M, N)TF 5 0 I8 1 5 B HNE
MR TR B B LR DR B RO B U ST R (D
Dy, 1, M) 5 3% 55346 BB 5 45 50 38 1 201 BB R
sFN(1, 1, M, N) .
RGBT RE AN

Grrn= 2Ky Froimiu 1 (3)
o KRR BB L T AR & XA (2), B
¥l (Dy, Dy, 1, M), v m A5 BN HAE FEY
55 my, AN B P A GRS AR L e
RKEEHREZAEPITAEZ N Q=D Dy
M+Dy+De+M-N+Dy* Do VBRI 538 45 U5 5 E
BRI REZ I
2, Dg*D*M#DyDy + M=N*Dy*Dy

0, Dy*Dy*M*N*Dy*Dy

0
(4)

HRE BB Dl 33, g a(4) T A5
W A5 BT R TR AT A B S PR 8~ 9 1% .
1.2.2 JA T MobileNet 7 i 64 B A A S HUAL B it

MobileNet 5| A {8] 5% 22 45 ¥4 (Inverted Residual
Block) 5 £ P4 i 201 ## 7% )= (Linear Bottlenecks) , 4Nl
5PV s . Hi Bk 22 (Residual Block) A48 & 14 %6
PAE SCER[25] , e W) B By 02 T3 I RR A 46 1 Y
A BE, DT R R 2 8 I 2R R, DA Ik 31 B 4 )|
GRACR .



% 14

Aok F A T2 ERIZEMBAGH LA R PEFERG RN T & 171

PointWise 1x1,
ReLUGHIH

DepthWise 3x3,
Stride=s, ReLUGH{IH

PointWise 1x1,

DepthWise 3x3,
Stride=2, ReLU6IH

PointWise 1x1,
ReLU6HH

Add

ES {317 i

B 5 HESHAEYH T E

Fig.5 Method of model parameter scale improvement

{51] 56 25 445 K 3 3o 50 T 2 1 O A8 T B AR B TR
JE A AL 1% 0 70 TR I IR 285 v f B R R Rl A 1)
R 5 2 P S0 J2 38 1K Re L U6 oR BSOS J2 19 3E
LR PR BTG O o RelLU pRECER ME IS , 3538 DW %5
TR AE i ReLU6 R0y 7 ANl 5(a) iR , &
I W S R S () Br s fil AR R A ARORS B S e 2L
B ) O B RR AR 2 R B N 4%
(235 A8 1, 0 T AR e M B0 )2 TR AR 2 B 1) SRR AE
F R, Xt AR L R AE 5 2% n) 8, o] DL AR OA
Re LU #4012 %5 F i i A, 43 i i o0 2 5 1 R 1iF
GEE GRS A& ReLU LR  #5 m
TR AE B 458 2% AN R FH Re LU oA BCHE AT 380315 o

2 ETREHNERBENEHR A
Z PEPER{7IR7

2.1 RNRFREEGHETLE
2.1.1 XKRITHABRRRLE

BT aBUR 26 K BHAL R T A BLAL A BR
HEATBRSE™, o TR AR R BT KB Rk L
AR FEEHFEREEREN IR, &Y
A5 1 R R B 4l 8 K(2 8 000X 5 300) 43 Ft
R KRR T ES

77 76 VR B 2 Bl 22 X 2% o g A RS RE AR 1)
BERRNRELE K . B JENAE N 16 G Y8 Tk g
Hlim s L E SR B 2R S PR 8K
KR T MG o 32 BR T X ok 4 752 780 4 R 26 1)
261 TAEBLED A B Hod AR CSF 3 K i BAR
FNTITIN SR O NN = = NS A7) R 2 O o2 s e
EAE ¢ 1 NG v vy N R N [ AN R ¢ DA R SR
FEAC H bR 32 R R R B A 7R AR AR AR
(258% ), MG h R 4 X 75 5t TR (29 92%4) o

TEAEAS ER 09 K R0 T8 2% L 1/ 2 7E R D 6, %t
550 1A 5 R R BT B BV R B 4 ) gk 28 1F
o), e i 5, B3RS o B RGE B L H AR IR

o RS R T RS DR 3 Bl lE R H
b TS HER T 4800 AR TR K . AR, Wik
IR 2 7 R A7 A o B bs AR B R R,
mE 6 w7 BS54 T 5B, 054 — /N BRHiT
RYT R T o DL b TR, it el gt D) Oy
U BN 2 B A, T LA D) R 09 B R
UIE R LR G R e oI S T S NI R )
B AT A RN B AR . FEAREEAR GBS A
BEIE 1/ 8 A5 T A, Al LSS — H AR o

E6 xt8KEKMIEFE
Fig. 6 Segmentation method for 8 K images

o T o DRI R, DD 45 2 2° B0 16 5k A7

MR, AR PR TSR E A E B E R
S} 7 952X 5 304 1% F K R ~F 550X 365,

2.1.2 #ErEERFEERH X 5

700 F A5 RS 4 A R RS e AR R B
G AT . TR R & 28 BB 5 1Y R
Ny R[N PIEPC PR DA A€ TR S
o0y 8 e, RHLR B IEUIE 26 6 2 19 PE 41 00,
WA BHLR PE 1 &R BE LR V% | 5 72 A2 IKUFR 38 4R
PG, B o MR E R A Ol Rl o R DR AR R
1 543 X0 43 S e £k B 405 ( String) 5 3R R e £k 4
i (Non-String) . 7 B8 i€ £ A ¢ 19 40 43, LA IR e
2R 00 9 505 Sk T 5 A AR BURE LR R b, 3R AT A
W45 (Crack) 575 35 (Smudge) , W& 7 ff s . Hor,
f EE £k B 405 TP A B 4 E B T PE A K
17 A A 5 R MY R A IS 25 5 R
22 50 ST B k. FESCPR TR A KA
5] B 4 AL R K £ i T PE 9948 (9 B 53 5% 28 2 3
B 2% 0 T S I AR R £ 35 45 LA
BB TE LR 5 A T R T AR 2R B E 4R 4 4% ) B
U S A7 7 B PR 2 R U BB £k 11 I U5 8
B A AR PR (R R 1, AT B 25 5 7 A AU iR 45
R B R e T )

2 LB TR B B 25 I 48 A T I Sk SR ), ik LA
i 52 B 43 207 vk I e R M L ELBROHE SR B ot
BOHE AR AT T RS 4 % 28 i 4] 43 i — 2B ek
. RS SR p S5 R L i LE 7(a) L (b)
JIT R X RERLE PE 3 & 81 4 47 430 25, W0 240 15 8K



172

% 47 %

(AR i Qi @5
(a) WRE L 51 105 (b) JE 8 iE 26 45 105
E7 #ER&REHRGUS

Fig.7 Spiral wire surface damage classification
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Fig. 12 Training process before multi-method data

augmentation
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Fig. 15 Partial results of stay cable damage identification
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Fig. 16 CPU usage over time for the two models in

training
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Table 2 Comparison of performance parameters and

improvement rate of lightweight and non-lightweight networks
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