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Development of a Wave Prediction Method Using Deep Convolutional Neural Networks
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Precision 0.5 m 71.9% 73.9% 75.2% 79.1% 87.6% 82.7% 78.5% 84.5%
Recall 1.0 m 76.8% 77.0% 78.5% 75.1% 80.5% 84.5% 86.0% 86.6%
Precision 1.0 m 75.4% 72.4% 76.2% 83.7% 93.7% 83.0% 81.9% 85.7%
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Precision 2.0 m 82.3% 77.2% 74.5% 84.6% 92.0% 76.9% 87.0% 79.7%
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Development of a Wave Prediction Method Using Deep Convolutional Neural Networks

Tomoaki Itaya, Nobuyuki Iwamae and Yumi Shimbo

Wave prediction is important for maritime construction works. Recently, several studies

have shown the effectiveness of artificial neural networks for point wave prediction from

meteorological grid data. However, it remains to be elucidated whether convolutional neural

networks (CNNs) are effective or not, although CNNs are widely used for analysis of grid

data. This study investigated the possibility of wave prediction by CNN using numerical

weather prediction model grid data as inputs. This method predicts future wave heights at a

target point from grid data of mean sea-level pressure p, wind velocity u and v. In order to test

the method, significant wave height at Akita Port was predicted. Four networks were trained
for different forecast lead times of 0, 6, 12 and 24 hours. As a result, the 12- and 24-hour models,
in spite of their longer lead times, gave good predictions in terms of RMSE and recall/precision

for waves of over 0.5, 1.0, and 2.0 m. The best model had recall/precision rates of over 80% for

waves of over 0.5 and 1.0 m, and over 70% for waves of over 2.0 m. These results confirm
the effectiveness of the CNN-based wave prediction method.
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