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Detecting the defects of bridge cables and tunnel lining
via integrating attention and enhanced receptive field
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Abstract: Objective Using computer image technology to identify defects in bridge cables and tunnel linings is an efficient
and convenient method. Surface defect detection on bridge cables and tunnel linings faces multiple challenges: high costs
of manual defect localization in complex structures. Insufficient tunnel lighting, complex defect features, and imbalanced
target-background ratios often present apparent shortcomings in traditional image technology for defect area detection, such

as poor anti-interference ability, low recognition rates, and subpar segmentation effects. Therefore, this study proposes a
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deep network model based on the fusion attention and enhanced receptive field. Method The model employs a backbone
network integrating a fused Transformer to extract target feature information and establish a more closely related global tex-
ture feature representation, which solves the problem of a lack of local features caused by insufficient lighting. Addition-
ally, spatial reduction attention is introduced to reduce the parameter count of the backbone. The series-parallel atrous con-
volutional pyramid (SACP) module was introduced to further expand the convolutional receptive field and integrate it,
thereby enhancing the perception of the complete defect scope with multiscale characteristics. The decoder uses a
concentration-based attention module (CBAM) to strengthen the effective boundary feature weights of shallow features and sup-
press some occluded features, which sharpens the segmentation results. The model employs a composite loss function that com-
bines cross-entropy loss and Dice loss to balance the contributions of positive and negative samples. Datasets for experimentation
were constructed via the onsite collection of tunnel lining defect images and bridge cable climbing robot-acquired cable
defect images. Result The results demonstrate the following: 1) the proposed multitransformer backbone reduces computa-
tional complexity while maintaining feature extraction capabilities. 2) The optimized SACP module improves the segmenta-
tion accuracy by 2%, and the use of depthwise separable convolution effectively reduces the complexity. 3) Owing to the
use of an improved composite loss function, the convergence speed of the network has accelerated. 4) The proposed net-
work model achieves an accuracy of 94. 4%, a mean intersection over union of 78. 14%, and an F1 score of 76. 45% for the
tunnel lining dataset. The generalization ability of the proposed model was also demonstrated in the bridge cable dataset.
Conclusion Compared with mainstream segmentation networks, the proposed model improves the accuracy of bridge cable
and tunnel lining defect detection, demonstrating enhanced extraction efficacy and anti-interference capability. Therefore,
this model can better meet the engineering requirements for defect detection in complex environments.
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Table 1 Parameters of Multi-Transformer
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Fig. 6 Common defects of tunnel lining and their labels
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Table 2 Dataset enhancement categories and

their parameters
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Fig. 8 Common defects of bridge cables and their labels

PSS S A AR08 T S AN [ LR 7 137 5% Y
255 AHH TA SCRIAY -5 238 FH ImageNet-1K K
Bs L VEAT BN G, B S B AR B ARSI 2R h AT
IR0 S8, DAHKS I 25 38 7% 31 H AR Sk .

Sl TR 2] Ja A SO AR RS I8 B AU i 45
EMNZ O B R0z AR T AN it
FR Tm)
2.3 fRKEE

TR BE 27 ) 32 SO 45 2K bR EX (cross entropy
loss, CE) 28 AFE R 250 4155 BB 2K sR AL, 28 SUHR
AT LK R Hy

Lo ==X p(x) x In(q(x) (10)

o x, RS I AREAR  n o R, p (o) S ELSCAR
Rq(+) TR o &1 BT P A 4 A 1 O
TUREAS (BN 5, 25590 49 0) (5 KHB 4, [l 15451 2k sk %
s T BN ), AN T 4% X T AR A 2 T
Rl R FHE G AL Dice & —FEGAHUE
FERE bR H TR AR B AL (3N
[0, 1], M3 0n 1 Fom A AR, IECR H
Dice 5 2 R £K (75X 45 B 5C 1 11 37 H b L N5 2% 2
R o Dice #0125 PRELTT LLFRIR A
2y Ny
ly|+]y
Aorf,y R ELSAE ¢ O, |- | A E R . B
2R E A HURRERIR N
Ly=a XL, +BXL,. (12)
K, a F1 B KA AL EE .
2.4 FMHIERR
T S BT G B T AR 3R AT 4028 TR
TAFMFREAE . KTl X aE MM e, A 3C
i FHAERA AR SEA2IF H LK FL MBI E AR FEHE
YR 2R L A TR0 AR AR B 7 R T AR AR
(1 AR, v LA R N

Ny + N
Ia(,(. — TP TN ( 13 )
- N TP + N Fp + N FN + N TN

A, N A ELE BRGNS B E R, N, o E
FAGVES Ny B 55SCE
4422 3F b (mean intersection over union, mloU)
TR IS TIE 5 B S E Z 8] 52 IF L (ToU) YF-
BHE , mloU M{ESCH [0, 1], (HBRIZ IR 1 R 53 HIKG
JE G rEIROCR B R
S n (14)
L OZ)pi,- + jZ)p,-i + P

AP, AR R, i o B, j o B, p, 9

Ly =1 (11)

mloU =

k

475



476

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 2,Feb. 2025
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Table 3 Comparison of parameters and accuracy based on different backbone

B i3
ERETE SR 77 R /GFlops
Acel% mloU/%

Xception(Chen%,2018) 37.87 46.67 88.51 55.33
MobileNet-V2(Sandler%,2018) 15.40 10.69 92.66 73.74
ResNet-101(He %%,2016) 42.50 178.20 94.25 77.69
ResNeXt-101(32 x 8 d)(Xie %5,2017) 86.74 363.59 94.57 78.72
Swin Transformer-T( Liu %% ,2021) 27.52 24.76 93.62 74.70
ConvNeXtV2-B(Woo %5,2023) 88.72 80.22 89.56 60.35
Multi-Transformer-J 4 38.98 33.38 - -

Multi-Transformer-JF 51 4 i 24.20 28.64 94.40 78.14
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Table 4 Comparison of SACP module accuracy based on

different improvement methods

" K
SACP R
Ace/% mloU/%
L A 93.71 76.01
I B 94.09 76.86
iR C 94.02 76.73
A D 94.40 78.14

TE LR R %5 51 e Al 2

x5 ETHERAARSRARNMNSACPERSHENT L
Table S Comparison of SACP module parameter based on

using different convolutional methods
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Fig. 9 Heat map of receptive field (the color bar indicates the

e Xk

level of attention)
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Table 6 Comparison of ablation accuracy

K EEY%
53 MLP SACP CBAM

Acc  mloU
1 - - - 9332 75.16
2 N - - 93.91  76.42
3 - N - 93.95  76.14
4 - - N 93.67  75.82
5 N N - 94.15 7737
6 N N N 94.40  78.14

VE  DIVHL T A2 45 B R D SR N = S S B R Vs A
ANERIAR R AR o

2% 6 T LLAG Y, R 20 MLP A B i £ 3 1 ke
SFLA K SACP HIGHR 4 52 56 1 A6 R0 43 E0KS B fie 2% , M1
AR mIoU kS BE TR 3%, Bbimn A MLP REHe i)
SEH 2 AT LIFRE T mIoU A5 FE 1. 3%, B M i i SACP A
S8 3 0T LA T 1%, S5 45 W 3 ok () S 56 5 %
) 2 5 TR A 43 FORG B 4 T Dk, B A CBAM AR
P S0 4 BERURS B W AT BT . 2R 3 TR Y
SEIG 6 BRI mIoU K Bk 78. 14%,

10 7R T AR B AR AIE 56 v DX A8 fb A7 O o
FEH T M BRI 191 A b A R iR G
T, HARRE ORI &, H )2 S BOE e
B HAR . 4ad MLP B Z 2 FRIEAL G, HARIX
BOEARRME RIBFAAER Z AL TR, 20t
SACP B 22 ROEE AN, H bR 3 X 38045 2 58 5017
i, fH T KRS BT AR O AN I R A AR S M
o Bl 4k CBAM AR HE AT T, H AR X AT
L, 1 T, S AR R RO
3.4 BEKEHIT LKL

Fy 05 28 UK 481 2 PRI L B Dice 451 2K PR K
(1) 52 A 451 5% PRVBOR T3 I 285 T 5 52 P iy 22 1, AR

477



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 2,Feb. 2025

BRI Eea

MLPREH

SACPREH CBAM#BLHR

K10 HRIETE R A A (DR R )

Fig. 10 Changes in feature attention heatmap (red indicates high level of attention )
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Table 7 Comparison of training accuracy based on

different balance weights of loss functions

S A K
a B Acc/% mloU/%
1 0 93.85 75.94
0.8 0.2 93.74 76.39
0.5 0.5 94.40 78.14
0.2 0.8 94.06 77.74
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Fig. 11 Change in loss value of composite loss function
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Table 8 Comparison of parameters and accuracy among mainstream networks based on tunnel lining dataset

HEBE %
P 25 A 7Y ZHERM AT R /GFlops
Acc mloU F1-score
FCN(VGG-16) (Shelhamer 4 ,2017) 35.31 148.53 90.91 66.03 49.17
SegNet(VGG-16) (Badrinarayanan 4§ ,2017) 29.44 160.68 91.53 70.32 65.64
PSPNet(ResNet50) (Zhao %,2017) 46.71 69.46 93.86 72.06 68.35
DeepLabv3(ResNet50) (Chen %5,2017) 41.99 173.79 91.10 66.10 50.38
DeepLabv3+(MobileNet-V2) (Chen %5 ,2018) 41.83 33.75 92.66 73.74 71.14
DeepLabv3+(ResNet101) (Chen %¢,2018) 74.87 82.88 94.25 77.69 73.93
LR-ASPP(MobileNet-V3) (Howard 55 ,2019) 3.22 2.07 93.31 74.05 71.29
SegNeXt(Base) (Guo4§,2022) 2991 41.55 90.31 64.13 48.89
Swin-Unet(Cao 55 ,2022) 27.17 5.92 93.15 73.65 70.72
Bi-Former(Base) (Zhu 7% ,2023) 58.40 91.10 92.61 71.17 66.95
AL 47.69 58.22 94.40 78.14 76.45
TE IR TR R e UG E 4 R
x99 BFERMERMEFRERBIBENHFES L
Table 9 Comparison of accuracy among mainstream networks based on bridge cables dataset
P 2% A5 i,
Acc mloU F1-score
DeepLabv3+ (MobileNet-V2)(Chen %5,2018) 97.02 78.90 76.17
DeepLabv3+ (ResNet101)(Chen %,2018) 97.09 79.72 78.32
LR-ASPP (MobileNet-V3)( Howard %5,2019) 96.54 76.39 72.12
SegNeXt (Base)(Guo 55 ,2022) 94.66 65.34 56.13
Swin-Unet(Cao %,2022) 96.71 78.02 74.61
Bi-Former (Base)(Zhu 4§ ,2023) 95.12 68.02 58.25
A3 97.15 80.41 77.92
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Fig. 12 Image of tunnel lining segmentation results

(M-DeepLabv3+ represents the use of MobileNet backbone ; R-DeepLabv3+ represents the use of ResNet-101 backbone )
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Fig. 13 Image of bridge cables segmentation results

(M-DeepLabv3+ represents the use of MobileNet backbone ; R-DeepLabv3+ represents the use of ResNet-101 backbone )
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