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Vehicle Target Detection in Remote Sensing
Image Based on Attention Mechanism

XIAO Meibo, MENG Weiwei, LIU Xuanhong, ZHANG Dan'
(Nanjing Forestry University , Nanjing, Jiangsu 210037,China)

Abstract; In order to better monitor ground traffic flow through remote sensing images and deal with increasingly com-
plex road conditions, a new one-stage target detection network AE-YOLO (Attention-Enhanced YOLO) based on YOLOX is
proposed. The SCACSP feature enhancement module with mixed attention enhancement suppresses the background informa-
tion to a large extent, highlights the salient features of the target. Replacing the coupling head with the decupled head,
which greatly improves the convergence speed and performance of the network. Using CloU Loss instead of the original IoU
Loss to improve the loss function, thus solving the problem of vehicle missed detection caused by trees occlusion and other
reasons. Experimental results show that the proposed method outperforms the mainstream object detection networks in accu-
racy.
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