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A quantitative identification method for broken wires in bridge cables based
on anisotropic 3D dilated convolutional neural networks

WANG Runyu',SUN Lingsi', LIU Huanze',JIANG Lijun®, WU Xinjun'

(1. School of Mechanical Science and Engineering, Huazhong University of Science and Technology, Wuhan 430074, China;
2. Liuzhou OVM Machinery Co. , Lid. , Liuzhou 545006, China)

Abstract: To address the difficulty in accurately quantifying the number of broken wires in bridge-cable magnetic flux leakage ( MFL)
testing, a quantitative identification approach for broken wires in bridge cables based on Cable-conrolutional neural network anisotropic
dilated three dinensoral ( Cable-AD3D-CNN) is proposed according to the distribution characteristics of MFL signals along the axial,
circumferential , and radial directions of bridge cables. This method uses a bridge-cable MFL testing platform to fabricate specimens
containing different numbers of broken wires and different broken-wire locations under the same broken-wire number. The axial
component of the leakage magnetic field is acquired at different axial positions, circumferential positions, and radial lift-off conditions to
establish the dataset. Considering the directional distribution characteristics and data-scale differences of the acquired MFL signals,
anisotropic convolution kernels are adopted to preserve directional resolution while enhancing the extraction of spatial features associated
with broken wires. In addition, progressively increasing and pairwise coprime dilation rates are introduced along the axial direction to
enlarge the receptive field for the MFL signals. Based on these designs, the Cable-AD3D-CNN model is established. The model is then
trained and applied to identify the MFL signals of bridge-cable specimens containing broken wires, thereby determining the number of
broken wires. Experimental results show that the proposed method exhibits good convergence and achieves an accuracy of 96.94% for

broken-wire-number identification. Compared with the method based on the baseline three-dimensional convolutional neural network
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(baseline 3D-CNN) , the accuracy is increased by 13.61%. In addition, the proposed approach effectively reduces confusion among

categories with similar broken-wire numbers and improves the discriminability of samples with different broken-wire numbers, providing a

useful reference for accurate quantitative evaluation and maintenance decision-making for bridge-cable damage.

Keywords : broken wires of bridge cables; quantitative identification; 3D convolutional neural network ; anisotropic dilated convolution;
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Fig.2 Principle of dilated convolution
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Fig.3 Isotropic and anisotropic convolution kernel

2 BRI SEENE

2.1 BIR&EME
1) FdR 4R
D RREADUTE SR A 2R S B I A3 i A v A W 22 458405 T 0L

ARSCHEHL PESCT-127 AR 9 28 R AE WL x T 42, M4
CRTATHR BRI ARSRAE) = MBI W2 4R 22
T PR A 2 2R A 22 S T AR 29 I, BN 22 455 b il % 48 R
SRR 8 O R i 10% B, 0 00T e 45 R, T AT
PESC7-127 FUAK (1) 85 & Wr 22 SH 4 lis Bl 2. 54 1, Ry
T 6 T 0 R S T DX Ay R IR S, AR SR

2~5 MWr 22 T 0L T B9 . TEWT 22 B T o0 &, B
K IEWT RS IR U — 25 R 2 A B R A B4y
MPiE, HTAREEWE N A, W2z 5|8 0 v 1
A 7 LA B 125 B DRI 22 R X A5 R ] B 7 X
ANFE I 2R BRI PRI A1 T W7 22 BE AL
GG BREAE Ao A [) W7 22 $i0i5% B 22 R O [n) 47 0 T B
T, HeAi B 31 Ab W 22 iR, 45 W 22 Bl SR FH AR ) A4
T 7RI, IR IR 22 07 11 538 1 — 3, 48 & vl 43 b 24
Sy AN 4 FiR

K4 BT BRI R A
Fig. 4 Schematic diagram of partial cable defects
KSR 5 A WER R A R B PER I R 55
K 5(a) s S5 & , 4 PESCT-127 45 % 3647 5048 %
B, S5 R MR WIS RS EHL
SOm RS, TS DN P 4 R B3 2 7T
PEREZ A 5 () BEoR , B R JUPFIT 48 38 A 1) 4 20 A
B m d A I M UCHEAR o 4 2 58 1 2R JTiR R
BN 3 mm AR [ AH AR PR R T 1 mm,, B 5 By
FERIUHRIS R Allegro A1302-KUA-T, 26 T A/EJEF
H£100 mT, AIRGELL 4 m/min B EE 1 mm/ 5 15
T SRAE [ B 7 2 2R T 16 1 A, SR AR BT AR A A [R) i o (02 %
il 57 B R A T 8 2 T W T 3 il 20



46

E‘% O]
=

e M %

»e
2

M 47 %

K5 A RAERINREA I SL - 5 SR AR Ie oA 7R
Fig.5 Experimental platform for bridge cable MFL testing

and distribution of Hall elements
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Fig. 6 Typical magnetic flux leakage signals of layers 1~4 Hall elements under the J-J section with five wire breaks
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Fig. 7 Comparison of first-layer Hall element MFL signals

for five-wire-break defects with different spatial distributions
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Table 1 Number and proportion of samples with different

numbers of broken wires
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o e . i B %
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5 208 26 26 260 17.73
5828 1172 146 148 1466  100.00
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R BRI 28 2 A8 ) il 1) S 2 BEF LA 452 576 8 1
225 Ul T HOI AL, (EA5 57 J i) R 1) 4 JEE %

8 Cable-AD3D-CNN Fi 72k 4
Fig. 8 Structure of the Cable-AD3D-CNN model
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Table 2 Parameter settings of the Cable-AD3D-CNN model
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GAP3D + FC (256) +ReLU+Dropout (0. 6)

FC (128) +ReLU+Dropout (0.5)

FC(4)

Softmax + ClassificationLayer
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Fig. 9 Scatter plot of the training process
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Fig. 10 t-SNE visualization results of test set samples
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Fig. 11  Comparison of accuracy among different methods
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Fig. 12 Confusion matrices of the baseline 3D-CNN model
and the Cable-AD3D-CNN model
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Table 3 Performance comparison between the baseline
3D-CNN model and the Cable-AD3D-CNN model

(%)

BT AS TR Accuracy  macro-precision macro-recall
baseline 3D-CNN 83.33 85.02 86. 11
Cable-AD3D-CNN 96. 94 98. 64 96. 86
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E‘% O]
=

50 8 A R M W47 %
FE T baseline 3D-CNN £ B (3 35 51 7 i, B 12 & Journal of Zhejiang University ( Engineering Science ) ,
13.61% , MM macro-precision, macro-recall R E 2016,50(5) :841-847.

13.62% \10. 75% , AR TIHR R fg Adm i 25 it [ 2] Bk, RR, R—JL IRACRHIL R M 22 A 0 57 58
B BRE BE ESEAHFmiR B[] T8 5%, 2026,
JIr#5 48 Cable-AD3D-CNN RS 1A | I 46 () 0 20 K 43(1): 207-218.
TR bR 0 E PR R T R S AR AE AR S G B Y WANG CH SH, LI X, WU Y F. Experimental study on
Gl N T U R Y R S N N A N iR remaining fatigue strength and remaining fatigue life of
TEARE ; RIS, BT 45 1] S 23 T 6 BRAZ 15 11 5K I 448 5% existing stay cable wires [ J |. Engineering Mechanics,
AT X iy 1) U £ AT AT £ A (] R R S A 1) 2026,43(1) :207-218.
KAz ] 53 HE ARl G B R AR B B K 8%z (3] /N, s, 80 Sk HI R R R4 R
SE RO ) 1) RS i) i 0 R 010 i, g e A R R B WiE SOy FI L [T]. M2 R, 2025(9) : 112-
S HE Al 117.
DENG X L, HUANG ZH H, GUO B. An improved
4 gE i/k\. semantic segmentation method for bridge cable damage
using large-scale segmentation models [ J]. Bulletin of
Sy AR AT S 25 2 Ul R A ) v DT 22 7 i (R AT A Surveying and Mapping, 2025(9) :112-117.
Cable-AD3D-CNN AU -4/ b 38 H 47 2 45 R Wi 22 5 [4] LI X K, GUO Y C, LI Y M. Particle swarm
o WATIRERRW, BT T 1A BE G LB A R R optimization-based SVM for classification of cable surface
LINFRIIRWT 2208 b, AR SCERSHEN defects of the cable-stayed bridges [ J]. IEEE Access,
1) MR FC T R K - & 3R & A ) 18T 22 800 104 A 222 2020,8:44485-44492.
BRI 5, WU BS W R B SE. BEXIRBENS [ 5] ZHANG J W, ZHENG P B, TAN X J. Recognition of
S ALER I SR AR 1 6 3 Al 22 53, £ 3D-CNN R broken wire rope based on remanence using EEMD and
FIAZS A B ARG & 0] S 45 B, # # Cable-AD3D-CNN wavelet methods[ J7. Sensors, 2018, 18(4) :1110.
R A O SO R 155 23 R AR B BRI 0 TR [ 6w ppmmi VR S5 ST RURRENA 10/ I B
Al L 3 PR R W 22 BB T ik U B 22 R )], R I 2 R, 2019,
BRI 03 B £ 5 0 AR 7 e AT B0, 25 S 0012) 717,
JIT 4R 7 TR S BT, ek B 22 B S Y oy 5 ] CAO H, YANG L J, LIU J F, et al. Magnetic flux
96.94% . leakage anomaly edge detection based on data fusion and
2) 5 RF MLP  AdaBoostM2 AL G T AR wavelet transformation[ J]. Chinese Journal of Scientific
LL, T Cable-AD3D-CNN #5274 HA7 v 3] 3 (1 22444 , JC Instrument, 2019,40(12) :71-79.
i N TSR BURFAE i, ROV AT L 432 ATl 5 o P i 2 [ 7] ZHENG P B, ZHANG ] W. Application of variational
RFAE, LD 22 5 dek U 55 o4 0 T3 B 18 R DO mode decomposition and k-nearest neighbor algorithm in
SRETE the quantitative nondestructive testing of wire ropes[ J].
3) T ST H45 SRR W], FrF AL Cable-AD3D-CNN £ Shock and Vibration, 2019, 2019(2) ; 9828536.
HIPERE 2 0 T baseline 3D-CNN #i% | Accuracy , macro- 8] B KUK IR A TN R 4R
precision , macro-recall 43 3] & F+ 2 96.94% . 98. 64% . SR B ITE )], LR, 2020, 48( 12) ;138
96. 86% 15— HERERTH B0 46 6 53 42 T B s,
SRR RAZ BT, SR TSRV (4 £ e ZHAO H X, ZHANG M, GUO Y B, et al. Recognition
Sk method of pipeline metal loss defects based on machine
[ 1] sk B0 BT, 5 BWr 2 m i 1N R AL learning [ J ]. China Petroleum Machinery, 2020,
2 B (1], WO K220 (T2 1) 2016, 48(12) ;138- 145.
50(5) :841-847. [9] ZHANG ] W, PENG F CH, CHEN J B. Quantitative

ZHANG T T, XIE X, PAN X Y. Tensile mechanical

behavior of parallel wire cables with wire breaks [ ] ].

detection of wire rope based on three-dimensional

magnetic flux leakage color imaging technology[ J]. TEEE



555

E‘% O]
=

TR A o ST [0 S R s I A B 22 0 255 O AT SRR A R W 225 RO D7 1%

51

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

Access, 2020, 8; 104165-104174.

LIU SH W, CHEN M CH. Wire rope defect recognition
method based on MFL signal analysis and 1D-CNNs[ J].
Sensors, 2023,23(7) :3366.

TEERT  PROS BEARAS, 45, JET ID-CNN-SVM [ 24
WRTRBIITIELT]. TARKEI, 2024 ,46(6) :24-29.
REN J H, CHEN SH, XUE J J, et al. Wire rope damage
ID-CNN-SVM [ ] ].
Nondestructive Testing, 2024 ,46(6) :24-29.

JIANG L, ZHANG H G, LIU J H, et al. THMS-Net; A

identification method based on

two-stage heterogeneous signals mutual supervision

network for MFL weak defect detection [ J]. IEEE
Transactions on Instrumentation and Measurement, 2022,
71. 3198762.

YANG L J, WANG ZH J, GAO S W. Pipeline magnetic
flux
multiscale SSD network [ J ].
Industrial Informatics, 2020,16(1) :501-509.

N, PR AR, % JET YOLOVS il <A i
RS I e e B RE VUM B ARAFFE [ ], AUER AR 7
#%,2025,46(2) :247-254.

LI CH H, LYU Y, MENG X L, et al. Research on

leakage image detection algorithm based on

IEEE Transactions on

intelligent defect recognition in oil and gas pipeline
magnetic flux leakage detection based on YOLOv8[J].
Chinese Journal of Scientific Instrument, 2025,46(2) .
247-254.

BURERE MR AR R, 55 R T HE M MR
TIPSR S G RGO F SO 5 [T ] PR
TAREEH, 2026, 62(6) :247-256.

JIAKK, DUJM, CHENF Y, et al. AM-1DCNN based
automatic recognition of mechanical damage in composite
material[ J]. Journal of Mechanical Engineering, 2026,
62(6) :247-256.

Bk BLESR EOR T BT S AL IR R R VR Bl
RS W[ J/0L ). LTI 5 s 74l 2026,
40(3): 114-123.

LYU Y, ZHU ZH R, ZHAO T Y. Fault diagnosis of
rolling bearings based on cross-sensor feature fusion[ J].
Journal of Electronic Measurement and Instrumentation,
2026, 40(3); 114-123.

REJTH 2R 55 20, A T 1) T 23 2 sh P e i2
W PRSP A R AR 22 R 2 [ /0L ] HILAR T 27
iz, 1-14[2026-01-18].

YINGW M, LI L Y, LI Y B, et al. Time-frequency

[18]

[19]

(20]

[21]

[22]

(23]

interpretable convolutional neural network for aero-
engines fault diagnosis [ J/OL]. Journal of Mechanical
Engineering, 1-14[2026-01-18].

A B, T, TSR B AR 2% Y L T
KIERAEITET ] AR, 2021,42(2)
207-217.

FENG L H, CHEN M, ZHANG W. Long-term drift
suppression method for electronic nose based on the
augmented convolutional neural network [ J]. Chinese
Journal of Scientific Instrument, 2021,42(2) :207-217.
YANG CH, YAN J W, FENG Y X, et al. Hybrid deep
learning for hydraulic cylinder fault diagnosis under
complex conditions via multi-source signal fusion [ J].
Instrumentation, 2026,13( 1) :40-56.

FORME, KA . kT U R ARG DN A A R R I 22 31
L] RITE R 224 (AR BE ) L 2019,47 (4)
458-466.

XIN R Y, ZHANG Q W. Broken wire identification of
bridge stay cables based on magnetic flux leakage
inspection [ J ]. Journal of Tongji University ( Natural
Science) , 2019, 47(4) . 458-466.

K, BT, SR, S RHROR SR04 U I
R[], JCAstA , 2025,47(4) < 1-7.

ZHANG Y X, JIZ Y, GAO ZH CH, et al. Full-section
magnetic flux leakage detection of cable-stayed bridge
cables[ J]. Nondestructive Testing, 2025,47(4) :1-7.
e N RILAN AT 5 A & BeaR. i R IR i
ABRHE:CIJ 99—2017[ ST, JLmT: o A5 Tll it
#,2017.

Ministry of Housing and Urban-Rural Development of The
Technical standard for
maintenance of urban bridges: CJJ 99—2017 [ S].
Beijing: China Architecture & Building Press, 2017.
SUN L S, WANG J J, TAO ZH W, et al. A sensor

People’ s Republic of China.

based on multilayer-arranged Hall elements for MFL

detection of broken wires in bridge cables[ J]. Sensors

and Actuators A: Physical, 2025, 391.:116668.

1EE &It

TR, 2024 4 FRDUH T RAERIGF
o AU S S 5 N e o ) TR SO o
BWIFETT W AN R AR I 5 5 A B
E-mail ; runyuuwang@ hust. edu. cn
Wang Runyu received her B. Sc. degree
from Wuhan University of Technology in 2024.



52

E‘% O]
=

e M %

»e
2

M 47 %

She is currently pursuing her M. Sc. degree at Huazhong
University of Science and Technology. Her main research
interest is magnetic flux leakage signal processing for bridge
cables.
NG R, 2018 4F Tl MR A AT 2
72021 4F T W IR AR R 2 R4 A1 2
(A2 A B N o L T S S-S
G 1) Ay s GG AN A 5 b B
E-mail ; sunlingsi@ hust. edu. cn
Sun Lingsi received his B. Sc. degree from
Jilin University in 2018, his M.Sc. degree from Harbin
Engineering University in 2021. He is currently pursuing his
Ph.D. degree at Huazhong University of Science and
Technology. His research interests include magnetic flux leakage

and signalprocessing.

FEAL

X 2024 AT LA KRG F 157
(OAESEEST A S N 2 1 e e s

FEIT I AR R Ik 5 = A B,

E-mail : huanze@ hust. edu. cn

Liu Huanze received his B. Sc. degree from
Shandong University in 2024. He is currently
pursuing his M. Sc. degree at Huazhong University of Science and
Technology. His main research interest is magnetic flux leakage

signal processing for bridge cables.

FEILE 2015 4TIk FHIE TR 2= 3R15
i, TR A MM R A AR B A B
T T AR, S5 ) Sk TS, ) A9 4 4%
R 3 Peshya il | oAb B fa e i

E-mail ; jianglj@ ovm. cn

2
]

Jiang Lijun received his B. Sc. degree from
Shenyang Ligong University in 2015. He is currently a senior
engineer in Liuzhou OVM Machinery Co., Ltd. His main
research interests include prestressed steel strands and cable
sealing, vibration control, nondestructive testing and structural
health monitoring.
HE#E Gl ), 1993 4 T A
Al 2 BERAT 2= -2, 1996 4F T L TR
SFEARAFWA A, 1999 AEF AR B T A2 3K
P 2R, B T RO 2 Hd% T
GO, BRI D5 Ty T AR A S Ab
B TSI TR AR S
E-mail ; xinjunwu@ hust. edu. cn
Wu Xinjun ( Corresponding author ) received his B. Sc.
degree from Jiaozuo Mining Institute in 1993, and his M. Sc. and
Ph. D. degrees both from Huazhong University of Science and
Technology in 1996 and 1999, respectively. He is currently a
professor and Ph. D. advisor at Huazhong University of Science
and Technology. His main research interests include engineering

testing and signal processing .nondestructive testing.



