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Short—term forecast of wind speed and wave
height considering time correlation
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Technological Science, Wuxi 214082, China; 3. Faculty of Vehicle Engineering and
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Abstract: As wind speed and wave height are the main loading parameters in offshore facility operations,
their accurate prediction is of great importance. In order to solve the problem of wind speed and wave height
prediction with complex and changeable characteristics, a wave height forecast model was established based
on prototype monitoring data and Long—Short—=Term Memory (LSTM) neural network. Firstly, the correlation
analysis of wind speed and wave height was carried out based on prototype monitoring data. Then, a one—
step—ahead wind speed forecast model and wave height forecast method were established based on LSTM
neural network. Different prediction models with different time intervals (¢=0.5 h, 1 h, 3 h) were built to verify
the accuracy. Finally, a joint prediction model based on two forecast models was obtained with a prediction
error of only 0.12 m at the time interval of 0.5 h.
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Tab.1 Meta—ocean environmental loading

monitoring information
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Fig.1 Meta—ocean environmental loading monitoring system
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Fig.2 Cross—correlation relationship of wind speed and wave height at different periods under stable sea conditions
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