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Abstract: To address the issue of low detection accuracy for cracks in concrete bridges caused by
complex backgrounds, as well as small and obscure features, the crack location information was

accurately located, and key parameters such as crack length and width were measured based on
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the improved YOLO v8s algorithm for concrete bridge crack detection. Based on the YOLO v8s
model, the omni-dimensional dynamic convolution (ODConv) was incorporated to capture richer
contextual information in feature maps, enhancing the model’s ability to extract the target
features and detect small and obscure cracks. An improved channel attention module was used to
develop the concatenated two-layer feature-modified attention (C2f~-MA) fusion module, enabling
the extraction of more texture information from feature maps. This modification further made the
background
The

weighted intersection over union (WIoU) loss function was introduced to address the challenge of

network focus on crack features, suppressing interferences from irrelevant

information and improving the crack detection performance in complex backgrounds.

low-quality sample recognition, optimizing the model’s convergence speed and detection accuracy.
Crack images with complex backgrounds such as small and obscure cracks, shadows, artificial
lines, and weeds were screened in the bridge detection report. A bridge crack image dataset was
established by manual annotation with complex background conditions. The model’s performance
was comprehensively evaluated through comparative and ablation experiments by taking recall,
average precision and model storage capacity as quantitative evaluation indicators. Research
results demonstrate that the improved YOLO v8s algorithm achieves recall, average precision of
0.829, 0.893 and 0. 631, respectively, as well as the model storage capacity of 11.14 MB. Its
comprehensive evaluation indicators outperforms the baseline YOLO v8s and other target
detection models, validating that the proposed algorithm exhibits robust performance in complex
backgrounds. 6 tabs, 12 figs, 30 refs.
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Fig. 1 Improved YOLO v8s network structure
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Loss functions of CloU and WIoU
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Fig.5 Bridge crack annotations
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Fig. 6 Comparison of P-R curves between two algorithms

R 7 T A g S RN AEBA R A
SLARAN /B L N TR S TR T 4 B v x4k
o I ELA T e A TR RS B L R A R R R R
S48 21 /INVEORY) A5 R 2R 305 1 SR A A TR L
4.2.2 HERRBERSM

SRR A G35 B AT B80T 5 AN [R)ABE X 1) 2% 1
SR, X B A Bk 7 YOLO v8s Bk HEAT 1T 1 fligk
B KR 2R 6 4L TR N 45 AR, 25 SR Sk 3 TR
Horpr s XRORAE FZAE T/ Ron ] Tz,

72 3 3R 1 R v I 5 R R K 2~ 4
351 WloU £ . ODConv #54  C2{-MA # He %}
FEWEM 28 PERE Y SE I L 35 5 ARl E 2 iy Ak 1 5]
A ODConv #EH, i % 6 725 5 B9 HAE 5] A
C2f-MA B, Bi$2 il YOLO v8s ik,

M3 AT RS 2 HEI AT WloU #2% pR %L
FE ST 47 1 PURIMIR B & A A, [) B |y 020 1 A L
THRL B 3k — 20 e TR Y AR R L (A5 X
S B ) R 00 TEMTORS o EL SRR, Po s AH TR 1
PFHT 10 4% 53858 3 5l AT ODConv Bk, %4
Herh B BUR A 23 3 i AT B G O A A T
ARPER D B HAEEN LT XFER,




142 X @ B oW I & F R 2024 F

B4 0.77

b FUhE: 0.81

FUig: 0.82 Bi4¥: 0.80

Fh: 0.81

FU4E: 0.62

(a) FEHE (b) YOLOv8s (c¢) BHYOLO v8s

7 AR L
Fig. 7 Comparison of crack recognition results
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Table 3 Results of ablation experiments

e R WIloU ODConv C2{-MA R Po.s Po.5:0.95 Wi/ (T« s™1) | BERLAE S & /MB
1 X X X 0. 789 0. 857 0.586 139 11.13
2 J X X 0.821 0.871 0.595 143 11.13
3 X J X 0.823 0. 872 0.611 135 11. 14
4 X X N 0. 808 0. 878 0. 600 128 11.13
5 J J X 0. 827 0. 879 0.613 141 11. 14
6 N N N 0. 829 0.893 0.631 123 11. 14

TG RRIE S IAE 1 T ZE — 2B M e TR 7 1. 500, (EURG I 53 52 52 IR 2% T4 T2 4 5 i AT I
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B, 4 s, B 1 A AUHE Sk AR I 9 45 Hh
A C2f-MA B8 305 2 R AAE F T &5 51 A
C2-MA BiHe; 5 3 MR M4 hg] A C2E-MA
REH, alakxF ] A IR 3 ) 2R Ak A R T I A o
RFIRE 1.2, H P 40 B8 1.2 &5 0. 6% Al
0. 9% o [H S AR A 0 2 B g AR, Z8 I fr ik, C2£-MA
PEHRAE F2 T 28 A I Sk 38 4 Jmy I 28 v 9 AN [] 3

BRIV RE A — 5 TTMK, HoAE 42 R M 45 P i R
M fi . 3

R4 CQ-MAERAEMBHBMIEER
Table 4 Comparison of ablation experiment results of

C2f-MA module at different locations

M A7 e %% (DETR with Improved Denoising Anchor
Boxes, DINO)" 5 7 5 YOLO v8-GAM-Wise-
ToUP 47X ik 36, 45 2R HAK 403 6 fin o, Bic itk
YOLO v8s 51 70k POKG B J7 i A% 17 35 #2771,
FABRIAE i 25 AU 11, 14 MB, /b T HAlb B b5
R AR, PG, i iE YOLO v8s B3k 76 45 4 M fig
J5 T 2 A W L R A 2 N IR BE R R A4k
P8 B4 A6 00 B T B0
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Table 6 Comparison of results from multiple target

detection algorithms

BB A At
Ik R Pos  |Pos:oos|
A /MB
Faster R-CNN 0.302 0. 449 0.232 41. 35
Deformable DETR 0.582 | 0.810 | 0.464 40. 10

YOLO v8-GAM-Wise-IoU | 0.763 | 0.832 | 0.544 12.87

DINO 0.687 | 0.858 | 0.585 47.54

2t YOLO v8s 0.829 | 0.893 | 0.631 11. 14

S R P - Wi/ | A A A
(i« s—1) | % H/MB

1 0.823 | 0.884 0. 619 130 11.13

2 0.823 | 0.887 0.623 132 11.13

3 0.829 | 0.893 0. 631 123 11. 14

X4 % BR RO B, HC 8 2 BRI X bR A I A
55 B S W 28 5C T, PR L AR ST R R HG Al 5 AN
S g A 3 e TR 2 et AT LA T R
W 5 Pz, Ji 5 185 45 2% R AR 28U, AT &
Y B B AU a=1. 6., 31 FHAE 1] )5 - 42
i o=4 M AEA MIAFIMER R EA3 3 T 80m i8R
x5 WhUBSHMXWLE RN

Table 5 Effects of WIoU hyperparameters on experimental results

a 5 R Py s Pos:0.95
2.3 2 0.833 0. 887 0.620
1.9 3 0. 810 0. 877 0. 605
1.6 4 0. 829 0.893 0.631
1.4 5 0. 825 0. 890 0.627
1.3 6 0. 830 0. 886 0.625
4.2.3 ZA B AFAN L XL RATL
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A1 DINO B3 o ) 25 58 s AR T 48 10 19 380k HLAF
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PSR sk O, R ) R AL E LA R, i YOLO
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Fig. 8 Comparison of results from multiple target detection algorithms
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Fig. 9 Result of crack extraction of main skeleton
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Fig. 11 Crack width heatmap along main skeleton line direction
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Fig. 12 Crack length measurement results
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