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Abstract:
state prediction methods using physical models or neural network models, [Method] the combination of

[Purpose] To address the limitations in applicability and accuracy of single-mode ship motion

physical model and long short-term memory network is used to predict and analyze the ship motion state,
and the characteristics of different types of ships are obtained by changing the physical parameters, and the
stability and feasibility of the method are verified by Transformer. [Result] The results show that compared
with the single-mode model, the collaborative model has obvious advantages in prediction accuracy and
effect, in which the error percentage is within 5%, and the coefficient of determination is stable above 0.85,

[Conclusion] The research results can provide some references for predicting the motion state of ships.
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