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Abstract: The continuous development of deep learning algorithms let the ability and efficiency of target identification models improved signifi-

cantly in the study field of computer vision. However, the identification of small targets in high-resolution remote sensing images remains chal-

lenging, especially for small operating ships. With the development of marine economic, the identification of ships becoming more and more im-

portant in different areas, such as maritime safety, transportation and military. We discussed the classic data sets used for target identification and

ship identification in the present study, studied and contrastive analyzed the characteristics, advantages and disadvantages of target identification

model in detail, prospected the future research methods of deep learning in ship remote sensing identification, and put forward the application of

multi-modal fusion technology.
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