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Crack detection method of underwater pipe pile based on YOLO lightweight

Chen Xiaowei' Song Ruiyin'®  Wu Ruiming' Li Fengshen® Wang Tianheng®
(1. School of Mechanical and Energy Engineering, Zhejiang University of Science and Technology . Hangzhou 310018, China;
2. School of Mechatronics and Energy Engineering, Ningbo Institute of Technology, Zhejiang University, Ningbo 315100, China)

Abstract: In order to solve these problems, this paper proposes an automatic identification method for pipe pile cracks
based on pipe pile cleaning robots. A lightweight network detection algorithm YOLOv8-MLLA-Mobilenetv4-WIloU
(MWM-YOLO) was designed. Capture low-quality defect images in a muddy water environment and augment the data
to expand the dataset. For low-quality images under muddy water, in view of the suppression effect caused by the
mismatch between image enhancement and object detection, MLLA is used to accurately focus on key feature areas,
which can effectively suppress background interference while maintaining high-resolution output, so as to enhance the
synergy between image enhancement and object detection. At the same time, the latest Mobilenetv4 backbone network
is used to reduce the number of parameters and calculations of the characteristic network. On this basis, considering
that low-quality image data annotation inevitably contains low-quality examples, the WIoU loss function is used to
replace the loss function in the original YOLOv8 network model to improve the generalization performance of the
model. The experimental results show that the weight of the MWM-YOLO model is 14. 9 MB, which is 30. 3% less
than that of the original model. The average accuracy reached 89.1% , and the inference speed was 137. 54 {ps, which
was better than other models. Compared with the original network, the improved network model can be lightweight
deployed to edge computing devices while maintaining the accuracy of defect identification, providing technical support
for underwater pipe pile cleaning robots.

Keywords: pipe pile cleaning robot;crack detection of pipe piles; YOLOvS8s;defect identification;attention mechanisms
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Table 4 Comparison of algorithms

i Paramater/10° mAP®@0. 95/ % Precision
EDG-YOLO 2.01 51. 00 56. 00
YOLOv8s 11.13 87.85 91.93
YOLOv8n-4SCDP 2.70 83. 60 —
TWRD-Net — 81. 30 83. 60
BMS-YOLOvS 11.12 84. 30 83. 30
FMS-YOLOvV5s 5.78 52.10 —
VNG 'Q 11.02 89. 10 92.09
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Table 5 OnePLUS7 device parameters

il B S
BAERS H20S
CPU M5 1B B e 855
GPU #1 5 i Adreno 640
RAM % & 12 GB

ROM % = 256 GB

B B 50 AR SFRE 9 256 X256, L GPU #l CPU B
122 (FPS) B - 35 4R TS B2 1 Dy B0 R0 30 58 I A0 P R 1T Ak 48
Bio OB T 4TINS AL 7R 2 B g SR ARG I o R L SE G
sk TS TR RE L MR A& 1R N S B R R AR 2l i
# LRI AT R T E 6.

*x6 ZEFHEMALER

Table 6
WART B
256 X256 YOLOv8s 25 8
256 X256 YOLOv8n 28 15
256 X256 AL 31 24

Test results of Android devices
GPU-FPS CPU-FPS K55/ %
78.59
68. 31
85.02
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R 15 FiR,
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