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Abstract
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[Purpose] Existing autonomous berthing technologies rely on precise mathematical ship models and mostly

employ empirical formulas for modeling. However, in actual berthing scenarios, influenced by environmental
factors and speed, these methods cannot accurately reflect the current ship maneuvering status in real-time,
leading to limited berthing control accuracy. To address the aforementioned problems, [Method] a ship
autonomous berthing control method based on physics- informed neural networks (PINN) is proposed. The
method constructs a real-time dataset using a sliding window and identifies ship maneuvering parameters in real-
time through the physics-informed neural network. An adaptive controller based on gain scheduling is designed
to dynamically adjust control gains using the identified parameters, realizing precise ship berthing. [Result]
Experimental results demonstrate that the PINN network can converge rapidly under dynamic conditions and
accurately identify ship parameters, with a goodness of fit reaching 0.97. In berthing experiments, the method
ensured that the terminal heading deviation and lateral error converged to a minimal range, achieving smooth
and safe docking, with a heading error of 0.13°. [Conclusion] The method effectively resolves the failure of
traditional control algorithms caused by model mismatch under unknown ship parameters and complex working
conditions, offering a safe and interpretable adaptive berthing control solution.
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