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An Improved YOLOvV3-Tiny Target Detection Algorithm

YANG Ming,

WEN Bin
(College of Communication Engineering, Chengdu University of Information Technology , Chengdu 610225 , China)

Abstract ; As a simplified version of YOLOv3 target detection algorithm, YOLOv3-Tiny has the advantages of fast detection

speed , small size,easy to deploy on edge devices and so on. At the same time, it also has the problems of low recognition

accuracy and inaccurate positioning. In this paper, the algorithm is improved. First of all, the network structure is im-

proved. A new backbone network is designed on the premise of instantaneity ,which improves the feature extraction ability

of the network. Secondly ,target loss function and border matching strategy are improved ,and the IOU loss function is used

to replace the original frame position loss function to improve the positioning accuracy. The experimental results show that

the improved YOLOV3-Tiny algorithm is better than the original algorithm when the instantaneity is guaranteed.

Keywords : deep learning ; target detection; YOLOv3-Tiny; 10U



