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Abstract

The production and daily life in coastal areas of our country are greatly affected by offshore wind fields. Currently, high-resolution
gridded marine data are modeled data, primarily derived from physical numerical models, while the modeled data are sensitive to
initial conditions and cannot accurately describe wind speed information near the ground and sea surface. It is necessary to
consider using real-time reference data from buoys, ships, and other sources for correction. However, traditional correction
methods can only correct grid values near the reference data points. Therefore, in this study, a data correction algorithm based on
U-Net was proposed for wind speed correction. It uses site reference data to correct the entire target marine area based on U-Net,
reducing wind speed errors after correction. Experimental results show that the Root Mean Square Error (RMSE) of 10 m wind
speed in the marine target area is 1.96 m/s. This is a 16.8% reduction compared to the average error of model data. The U-Net
model can effectively correct model data, providing high-quality data support for subsequent data fusion studies.
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