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Abstract: In order to solve the problems of current mainstream target detection algorithms being less used in minimally invasive vascular in-
terventional guidewire detection, low detection accuracy and slow detection speed, an improved YOLOvSm network is proposed for the detec-
tion of vascular interventional guidewires. First, deformable convolution is introduced into the backbone network of YOLOv5m to replace some
standard convolutions, and a coordinate attention mechanism is added to the CSP module of the backbone network ; BiFPN is used in the neck
to performs feature fusion improving the model’s ability to fuse different feature layers. Experimental results show that the mAP@0.5 of the im-
proved YOLOv5m algorithm reaches 87.8%, which is 5.7% higher than YOLOv5m, indicating that this algorithm has relatively high applica-
tion value in vascular interventional guidewire detection.
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Fig.1 YOLOV5m model structure
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Fig. 6 Vascular interventional guidewire raw data
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Table 3 Results of comparative experiment
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mAP@
Model Backbone GFLOPs Params/M
0.5/%
SSD VGG16 87.6 24.53 75.8
Faster—RCNN Resnet50+FPN 1345 41.36 79.2
RetinaNet Resnet101 122.5 55.36 77.6
YOLOv3!? Darknet53 155.3 61.5 80.8
YOLOv5-m CSPDarkNet53 482 20.8 82.1
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Table 4 Results of ablation experiment
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A v / / 40.9 210 829 785
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C / / J 26.4 172 842 856
D v J / 413 214 851 67.1
YOLOvSm-DCB J J 40.5 152 878 626
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Fig.8 YOLOvV5Sm-DCB P-R curve
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Fig. 10 YOLOv5m detection effect
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Fig. 11 YOLOvV5m-DCB detection effect
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