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Intelligent Ship Trajectory Prediction Based on ABiM-Ship
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(Faculty of Intelligence Technology, Shanghai Institute of Technology, Shanghai 201418, China)

Abstract: [Purpose] To improve the accuracy and robustness of ship trajectory prediction, [Method] an
ABiM-Ship network that encodes historical trajectories using a bidirectional selective state space model is
proposed. An attention mechanism to explicitly align trajectories with heading and speed is utilized. A
two-stage end-to-end joint prediction is designed, first regressing future trajectories, heading, and speed,
then refining them using residual correction. Huber loss is introduced to constrain physical errors and
stabilize convergence. [Result] The experimental results show that this network outperforms traditional
mainstream baselines in terms of average prediction error over short, medium, and long distances,
achieving high prediction accuracy. The representation method, two-stage structure, and Huber loss all
contribute significantly to performance gains. [Conclusion] The research findings achieve explicit coupling
and coarse-to-fine prediction for trajectories, heading, and speed while maintaining linear temporal
complexity. They have good reproducibility and scalability, providing a generalizable technical path and
engineering reference for intelligent navigation and collaborative scheduling in complex maritime areas
with high traffic density.
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