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Rogue Wave Prediction Based on Four Combined Long Short-
Term Memory Neural Network Models

ZHAO Yong, SU Dan
(Naval Architecture and Ocean Engineering College, Dalian Maritime University,

Dalian 116026, Liaoning, China)

Abstract: In order to improve the prediction accuracy of rogue waves of the long short-term memory
(LSTM) neural network, prediction methods of LSTM with convolution neural networks (CNN),
empirical mode decomposition (EMD), auto-aggressive integrated moving averagel (ARIMA) model, and
Kalman filtering (KF) were studied. Based on the experimental data of the rogue waves of two single-peak
and one three combined peaks, prediction models were established and predicted by data normalization,
model parameter optimization and error evaluation. The results show that the prediction accuracy of the
four combined models is significantly improved in all the three studied conditions, and the combination
with the convolutional neural network has the highest prediction accuracy. The combined models provide a
feasible scheme for improving the prediction accuracy of freak waves.
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Tab.1 Rogue wave parameters found in three representative

conditions

TH A XPEE/em BRI R/ em PEE L WEE R /s W {H/cm

1 4.59 9.63 2.11 77. 34 5.75
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3 2.89 6.36 2.20 53.04 3.98
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Fig. 6 Rogue wave height sequence, prediction results, and error of different models in condition 1
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Fig. 7 Prediction errors of the five models in the time

range near rogue waves in condition 2
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