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Research on Real Time Detection Method of Aerial

Targets Based on Improved YOLOv3
SHU Jun,WU Ke
(School of Electrical and Electronic Engineering , Hubei Univ. of Tech., Wuhan 430070, China)

Abstract: For small targets in aerial images, the YOLOv3 algorithm model had low recognition accuracy,
and there was a missed detection when the target was occluded or dense. Aiming at these problems, this
paper proposed a real time detection method based on improved YOLOv3 for aerial targets. This method
added a detection module of 104 X 104 feature resolution and cut the detection module of 13X 13 feature
resolution, and added shallow layers, which was used to extract more subtle pixel features. In the training
phase, K means+ + clustering was used to obtain 9 prior boxes for the DOTA v1.0 aerial dataset, which
was used to improve the training speed of the overall network. Experiments showed that the detection rate
of the improved YOLOv3 detection algorithm increased by 15.0% , and the mAP 50 increased by 10.5%.
Keywords: aerial images; YOLOv3; DOTA v1.0; K means—+ +
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