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Remote Sensing Image Target Detection Algorithm Based on
Improved YOLOvV4

LIU Min, FAN Yongsheng’
(College of Computer Science and Technology, North University of China, Taiyuan 030051, China)

Abstract: Based on the YOLOv4 algorithm, this paper optimizes the number and size of the a priori
anchor frames by using K-means re-clustering to reduce the computation of the network; introduces a
dynamic activation function to adapt to the input features of the network and improve the generalization
ability of the model; improves the PANet structure and extends the shallow features of feature fusion.
The experimental results show that the improved YOLOv4 algorithm has improved the accuracy and detec-
tion speed for the recognition of densely arranged target images in remote sensing images, which meeting
the requirements for small target detection in remote sensing images.
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Tab.2 Comparison of the mAP of the method in this paper with
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Tab.3  Comparison of YOLOv4 and improved YOLOv4
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