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Fig. 7 Forecast results of sea surface wind speed at each station
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Abstract: Sea surface wind speed plays a critical role in production and operation activities such as marine space
launches and wind power deployment. However, because sea surface wind speed is highly nonlinear and stochastic,
it is relatively challenging to estimate precisely. A short-term wind-speed prediction model based on long short-term
memory (LSTM) neural network is suggested to accomplish reliable short-term prediction of sea surface wind speed.
The historical wind speed data gathered by a single buoy station in the OceanSITES database is chosen as the model
input, and the LSTM techniques are implemented by training the best parameters. Using this LSTM method, a
24-hour short-term forecast of the sea surface wind speed where the station is located in each seasonal representa-
tive month is realized. Simultaneously, through experiments involving various prediction durations and comparison
experiments of prediction effects with back propagation neural network and radial basis function neural network, it
is demonstrated that the LSTM prediction approach is superior to the above two neural network prediction methods
in the application of sea surface wind—speed prediction. Finally, the LSTM neural network model is demonstrated to
be globally applicable to wind speed prediction experiment data at stations representing diverse marine areas. The
analysis of correlation coefficient and prediction error reveals that this method has the prediction stability to deal
with quickly changing data and can be employed as a reliable method for short-term prediction of ocean surface

wind speed.
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