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Study on Super—Resolution Reconstruction of Ocean Current Velocity
Field Based on SobelUnet
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Abstract: High—resolution ocean current velocity fields are significant for improving the accuracy of numerical simulation and prediction. In
this study, the ocean current velocity fields simulated by the Hybrid Coordinate Ocean Model (HYCOM) with a resolution of 1/12°are utilized
to construct a super—resolution field. However, directly reconstructing high—resolution ocean currents from HYCOM results is challenging,
and conventional interpolation methods fail to accurately recover complex flow details. To address this problem, a super—resolution reconstruc-
tion method based on SobelUnet is proposed. This model consists of three modules: the initial state module, the multi—semantic fusion mod-
ule, and the residual Sobel attention module. Specifically, the initial state module successfully captures critical land—sea details by analyzing
multi—year ocean current data; the multi-semantic fusion module synthesizes features at different semantic levels to compensate for informa-
tion loss; the residual Sobel attention module enhances ocean current edges by employing Sobel convolutions and attention mechanisms. Exper-
imental results demonstrate that compared with other reference models, the proposed method improves PSNR, SSIM, MSE and MAE. It illus-
trates that the SobelUnet model can efficiently reconstruct ocean current data and recover richer detail information.
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Fig.1 Comparison of different methods for generating ocean velocity
field images
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Fig. 3 Effect image of the ISM module
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