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Research on vehicle axle target detection algorithm based on GSS-YOLOvV5
XU Lixing, LEI Jun, YANG Yang, WANG Weiming, XU Hongsheng

(School of Electrical and Information Engineering, Hubei University of Automotive Technology, Shiyan 442002, Hubei, China)

Abstract: In the field of industrial product object detection, although YOLOvVS and other deep learning algorithms have shown
remarkable performance, there are still some challenges and room for improvement, including large model parameters and poor
boundary frame positioning accuracy. In this paper, an automobile axle detection model based on improved YOLOVS is designed.
First, the model fuses the YOLOvS C3 structure with Ghost into C3Ghost structure, aiming to reduce the model computation
(GFLOPs) while maintaining the detection accuracy of the original YOLOv5. Secondly, the Smooth Intersection over Union
(SIoU) loss function is introduced to replace the original CIoU loss function, so as to improve the accuracy of boundary frame
generation and model training efficiency, and reduce the false detection and missing detection caused by inaccurate positioning.
Finally, the SKNet attention module is added to make the model pay more attention to the region to be detected, suppress useless
information and reduce the interference of complex background, and improve the detection accuracy of the algorithm. Experimental
data show that, compared with other mainstream algorithms mAP@ 0. 5, the proposed algorithm is improved to 0. 971, and has a
good balance between the number of parameters and the amount of computation. It is a comprehensive model. At the same time, the
ablation experiment further verifies the effectiveness of the proposed improvement on vehicle axle target detection.

Key words: automobile axle; target detection; YOLOVS5; lightweight; SIoU; attention mechanism
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Fig. 6 Training results of the improved neural network
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