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Abstract: When performing ship motion predictions in a maritime environment, the acquisition system of inertial
sensors produces offset errors due to its electrical property, which can seriously affect the accuracy of the general
prediction method. In response to this problem, a binary long short-term memory (LSTM) network architecture is
developed based on a regular LSTM neural network. In the binary LSTM network, stimulating experiments on the
ship’s heave motion are carried out on the motion simulation platform. The real-time integral displacement data of
the simulation platform measured by the inertial sensing system is then calculated and verified. Prediction results of
this network exhibit a standard deviation of 0.64%, 0.42%, and 0.57% for the peak difference, mean, and peak value,
respectively. Compared with conventional LSTMs, the binary LSTM network is found to be more targeted with
better adaptability in the field of ship motion prediction, as illustrated in the obtained experimental data. Further-

more, this network restores the motion prediction to the actual trajectory of a ship more accurately.
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