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Abstract: In a real remote sensing image, the target is distributed in any direction and it is difficult for the
original YOLOVS network to accurately express the location and range of the target and the detection speed
is moderate. To solve these problems, a remote sensing image rotating target detection model, YOLOvS5-Left-
Rotation, was proposed. First, the transformer self-attention mechanism was used to make the model pay more
attention to the targets of interest. In addition, Mosaic data were enhanced in the image preprocessing, and the
improved Non-Maximum Suppression algorithm was used in post-processing. Second, an angle loss function
was introduced to increase the output dimensions of the network, and the prediction box of the rotating
rectangle was obtained. Finally, in the shallow stage of the network model, a sliding window branch was added
to improve the detection efficiency of large-sized remote sensing sparse targets. The experimental datasets
were the self-made aircraft dataset CASIA-plane78 and the public ship dataset HRSC2016. The results show
that the average accuracy of the improved rotating target detection algorithm is improved by 3.175% compared
with that of the original model, and the reasoning speed is improved by 13.6% in a large multispectral image

swept by a Jilin-1 satellite. It can optimally reduce the redundant background information and more accurately
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detect the densely arranged and irregularly distributed areas of objects of interest in optical remote sensing

images.

Key words: remote sensing images, sliding window, attention mechanism, rotating object detection, YOLOVS5
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# 1 CASIA-plane78 FHEEA RN J7 %5 Hh
Table 1 Comparison of different detection methods in CaslA-
Plane78 dataset

Methods mAP/%  FPS
Faster R-CNN 87.9 16.3
YOLOv4 89.1 59.8
YOLOVS5 93.5 117.6
Ours 96.7 106.4
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Fig.6 Detection results of different methods in dataset CasIA-Plane78. (a) YOLOVS algorithm; (b) Improved YOLOVS5-LR algorithm
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Fig.7 Compare the results of different NMS. (a) Original detection result; (b)Result of adjusting the NMS threshold; (c) Improve the NMS;
(d) The result of YOLOv5-LR
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Table 2 Comparison of different detection methods in

HRSC2016 dataset
Methods mAP/% FPS
RR-CNN 79.6 5.06
R3Det 89.2 12.13
YOLOVS 95.5 126.58
Ours 98.3 104.17
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