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DN-YOLOVS algorithm for detecting surface defects of metal bipolar plates

LING Qiang, LIU Yu, WANG Chunju, HE Haidong, SUN Lining

(School of Mechanical and Electrical Engineering, Soochow University, Suzhou 215137, Jiangsu, China)

Abstract; To solve the problems of small size of metal bipolar plate surface defects in hydrogen fuel cells,
indistinct defect contrast and various types of defects that make it difficult to detect, easily cause false and leaky
detection and large size of the complexity of defect detection model that makes it difficult to deploy, an improved
metal bipolar plate defect detection algorithm DN-YOLOvS is proposed to explore the feasibility of rapid and
accurate defect detection in the scene of metal bipolar plate visual detection workbench formed by stamping, so as
to realize intelligent detection and improve detection efficiency. This research focuses on modifying the Backbone
part of YOLOvS backbone network, adding the number of modules in the network and the NAM attention
mechanism, using the deeply separable convolution module to replace the original CSP/CBS backbone network
convolution module and introducing SloU to redefine the loss function, which greatly improves the lightweight
degree of the backbone network. The experimental results show that the algorithm map@0. 5 can reach 0.988, the
detection transmission frame rate per second is 9.98, the number of model parameters is reduced by 52.13% and
the true detection rate of 75 defect images in the test set reaches 99.74% . This method not only ensures the high
detection rate of the model, but also significantly reduces the complexity of the model and the amount of parameter
calculation. In addition, the algorithm combines the new detection scale to design a feature fusion network , which
improves the small target and multi-target detection capabilities of the network. It has good stability, good
robustness and good comprehensive performance, meeting the lightweight requirements of deploying mobile end
scenarios for defect detection.
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Tab.3 Performance comparison of DN-YOLOvS modules

AR Parameters/M FLOPS/(10° ## fHisfi-s~1) map@0. 5 FPS/(Mi-s=')
DepthSepConv 34.61 6.3 0.981 9.84
DepthSepConv + SE 48.22 7.4 0.988 9.91
DepthSepCony + CBAM 39.05 6.7 0.985 9.84
DepthSepCony + NAM 33.84 6.3 0.986 9.82
DepthSepCony + NAM + SloU 33.79 6.2 0.988 9.98
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Tab.4  Performance comparison of mainstream detection models

Bk el Hht Rl eT Yo%V Lok g BRI EA R %

SsSD 3152 2815 45 292 89.31
Faster R-CNN 3152 2919 20 213 92.61
YOLOV3 3152 3075 9 68 97.55
YOLOv4 3152 2968 18 166 94.17
YOLOvS 3152 3113 4 35 98.78
DN-YOLOv5 3152 3 144 0 8 99.74
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