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Automatic ship berthing path-planning method based on improved DDQN

LI Kangbin, ZHU Qidan, MU Jinyou, JIAN Ziting

(School of Intelligent Science and Engineering, Harbin Engineering University, Harbin 150001, China)

Abstract: During the automatic docking process, ships are influenced by factors such as wind, waves, currents, and quay
wall effects, necessitating precise path-planning methods to prevent docking failures. For fully actuated ships, a ship's
automatic docking path-planning method is designed based on the double deep Q network (DDQN) algorithm. Firstly, a
three-degree-of-freedom model for the ship is established, and then the reward function is improved by incorporating
distance, heading, thrust, time, and collisions as rewards or penalties. DDQN is then introduced to learn the action-re-
ward model and use the learning results to manipulate ship movements. By pursuing higher reward values, the ship can
autonomously find the optimal docking path. Experimental results show that under different water flow velocities, ships
can reduce both time and thrust while completing docking. Moreover, at the same water flow velocity, compared with
Q-learning, SARSA, and deep Q Network (DQN), the DDQN algorithm reduces thrust by 241.940N, 234.614N, and
80.202N respectively during the docking process, with the time being only 252.485 seconds.

Keywords: automatic berthing; path planning; deep reinforcement learning; double deep Q network; reward function;
current velocity; state exploration; thrust; time; independent repeated experiments
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