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Abstract

Sea surface wind field data fusion can realize the complementary advantages of multi-source wind field data. This paper firstly
introduces the traditional data fusion method and the data fusion method based on deep learning. The traditional data fusion method
is unable to deeply extract data features to form high level features with strong discrimination. This paper proposes a data fusion
method based on U-Net network, which uses GRAPES_1KM model data, HRCLDAS data, satellite wind field data and buoy ship
data. When the buoy data is used as the true value of training, the model is difficult to converge due to the sparsity of the buoy data.
Therefore, two methods of constructing false tags are proposed in this paper to achieve the convergence of the network model by
conducting full supervision training based on U-net network. Experiments show that the loss curve of the network model can
converge quickly when the constructed false tags are used for full supervision training, and the effect on data fusion is also obvious.
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