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Fig. 5 Cyclonic(blue) and anticyclonic eddies(rose red)
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Fig. 7 Workflow of marine big data prediction with

deep learning
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Deep learning application in marine big data mining
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Abstract We introduce the development and application background of deep learning and analyze the state—of-the—art deep learning
technology in related domains. The key algorithms of deep learning and their related applications in the marine field are given from the
aspects of marine data reconstruction, classification, and prediction. Furthermore, we also discuss the potential problems of the deep
learning application in marine big data mining. The prospect of deep learning application is discussed in terms of optimizing the
mechanism, strengthening information security and intensifying algorithm robustness.
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