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Fig. 2 Deep learning schematic diagram
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Fig. 4 Structure diagram of the recurrent neural network
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Abstract: Deep learning can enable machines to understand the learning data through deep neural networks to im-
prove the data classification effect and the accuracy of prediction results. Therefore, its application in ocean infor-
mation detection has received more attention. Based on the basic principles of deep learning, this paper describes a
deep learning neural network model commonly used in the ocean. Marine environmental information factors such as
temperature, salinity, wind field, effective wave height, and sea ice are predicted and analyzed with ocean informa-
tion detection elements. At the same time, marine target identification and detection are carried out for ships, oil
spills, and eddies. Finally, the status of deep learning in ocean information exploration is discussed, and problems

faced by the development of deep learning in ocean information exploration are summarized.
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