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Abstract: [Purpose] To enhance the ultra-short-term prediction performance of ship roll motion, [Method]
the variational mode decomposition (VMD) algorithm is combined with a long short-term memory (LSTM)
neural network incorporating an attention mechanism, constructing a network structure capable of mining
temporal features for the prediction of ship roll motion during ocean voyages. The proposed model is
validated using real-time roll motion data obtained from a monitoring system installed on an oceangoing
vessel. [Result] The results show that for a prediction horizon of 12 s, the model achieves a mean absolute
error (MAE) of 0.89° and a root mean square error (RMSE) of 1.13°. Compared to the standalone LSTM
model and the VMD-LSTM model, the VMD-LSTM-Attention model improves prediction accuracy by at
least 15.3%. Under low sea states, the prediction accuracy exceeds 95%, while under moderate to high sea
states, it reaches 90%, indicating strong generalization capability. [Conclusion] The research results can
provide a reference for the roll motion prediction of ships during ocean voyages.
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