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A Model for Correcting Numerical Wind Field Forecast with Multifactor
Spatiotemporal Features
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Abstract: At present, numerical weather forecasting products have been widely used in meteorological forecasting operations. A wind field
correction model based on U-net and 3D attention mechanism that integrates multiple spatiotemporal features is proposed to further improve
the accuracy of numerical forecasting models due to their inherent shortcomings. This model is used to correct the deviation of the near ground
10 meter wind field forecast by the GRAPES-3KM model developed by the China Meteorological Administration. RMSE and MAE are used as
evaluation indicators to compare with the original numerical forecast products, traditional correction methods, and U-net and CU net models.
The experimental results show that the RMSE of the 10 m meridional wind corrected by the proposed model has decreased by 4.19% to 42.67%
compared to the original forecast data, LASSO regression, U-net, and CU net models, and the MAE has decreased by 6.06% to 45.29%; The
RMSE index of the 10 meter meridional wind decreased by 8.55%~41.35%, and the MAE decreased by 6.549%~40.82%; The RMSE of 10 m
full wind speed decreased by 6.14%~29.41%, and the MAE decreased by 1.5%~21.08%. The proposed model has better correction effect com-
pared to the control model, and there is no situation where the correction results are too smooth.
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