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Table 3 Classification test results of improved algorithm
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SK-YOLOvVS Ocean Target Detection and Classification Algo-
rithm Based on Attention Mechanism
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(1. Department of Business Management, Guangxi Vocational and Technical College of Natural Resources, Chongzuo, Guangxi,
532100, China;2. Guangxi Key Laboratory of Marine Environmental Science, Guangxi Key Laboratory of Human-machine Interac-
tion and Intelligent Decision, New Technology Research Institute on Digital Twin, Guangxi Academy of Sciences, Nanning, Guan-
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Abstract: The ocean target image based on remote sensing image has the characteristics of multi-scale, large
shape change,dim color,unclear target boundary and fuzzy image. Therefore,the existing target detection al-
gorithm needs to be improved to meet the needs of ocean target detection and classification of remote sensing
image. Aiming at this problem,the Selective Kernel Networks (SKNet) attention module is introduced into
the network architecture of You Only Look Once version 5 (YOLOv5),and a new SKYOLOv5 network is
proposed to enhance the feature extraction and adaptive ability of the network to multi-scale complex ocean
targets. Through comparative experimental tests,on the same ocean target data set,the overall detection and
classification accuracy of the improved network is improved by about 9% compared with the original net-
work.

Key words:attention mechanism; SKNet; YOLOv5;o0cean target detection;feature extraction
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