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Moving Target Classification and Detection Algorithm
Based on Improved YOLOvV3
Liang Qinjia, Liu Huai,Lu Fei
(School of Electrical and Automation Engineering, Nanjing Normal University , Nanjing 210023, China)

Abstract: A kind of moving target detection algorithm based on improved YOLOv3 algorithm is proposed in this paper.
In order to improve the detection accuracy of YOLOv3,the boundary box regression loss function based on DIoU optimi-
zation is used. Non-maximum suppression is optimized to effectively reduce the overlap of target boxes and improve the
detection accuracy. Aiming at moving target detection, a multi-center displacement detection algorithm based on target
frame is proposed. The experimental results on UA-DETRAC dataset show that the detection accuracy and the fast speed
can be improved by the improved algorithm. Compared with the original YOLOv3, the accuracy and recall rate are
increased by 8.07% and 3.87% ,respectively. The detection speed of moving target can reach 20 fps/s,which can meet
the requirements of real-time detection.
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Fig. 2 The DIoU schematic
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Fig.3 Schematic diagram of multi-center point displacement offset
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Table 1 Comparison of experimental results of different algorithms
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