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A Study on the Prediction Technique for Wind and Wave
Using Deep Learning
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Abstract — This study aims to predict wave and wind using deep learning technique. The data for training the deep
learning model were used hourly data (41,693) observed from 2014 to 2018, and the trained deep learning model
was applied to the prediction of wind and wave in 2019. To predict the significant wave height, we used wind
speed, wind direction, and wave direction as input data. The model results showed similar variation patterns with
observed and predicted values. The correlation coefficient was 0.83 and the mean absolute error was 0.283 m. In
the wind speed prediction, significant wave height, wave direction, wave period, and wind direction were used as
input data. The deep learning model results showed error coefficients of correlation coefficient (0.836) and mean
absolute error (1.27 m/s). Finally, the deep learning model reproduced the maximum wave height in good agree-
ment with observations.

Keywords: Deep learning(2 213, Prediction technique(¢1571%), Wave(3H), Wind(HFh)
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Fig. 1. Status of marine buoy site (KMA[2020]).
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Fig. 3. Prediction results of significant wave height (a. measured significant wave height, b. predicted significant wave height, c. comparison
of measured and predicted significant wave height, d. loss value with increasing epoch).
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