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Abstract: To address the challenges of high dimensionality, dynamic disturbances, and sparse rewards in autonomous
underwater vehicle (AUV) target tracking within complex three-dimensional ocean current environments, a distrib-
uted reinforcement learning-based control algorithm was proposed. Firstly, realistic 3D ocean current data was incor-
porated to design dynamic target tracking scenarios, accurately modeling the AUV ’s motion dynamics. Secondly, a
distributed reinforcement learning framework was constructed by integrating the dueling deep Q-network (Dueling
DQN) architecture with quantile regression methods. This framework quantified the uncertainty of Q-values to miti-
gate overestimation risks in 3D turbulent environments, enhancing the policy’s adaptability to dynamic disturbances.
Finally, the prioritized experience replay mechanism was introduced, along with a constraint-optimized reward func-
tion, to optimize data sampling strategies and accelerate model convergence. Experimental results demonstrate supe-
rior performance of the proposed algorithm compared with the baseline methods, such as deep Q-network (DQN),
double deep Q-network (DDQN), and Dueling DQN, in complex current conditions, achieving significant improve-
ments in convergence speed, target tracking accuracy, and robustness.

Key words: reinforcement learning, AUV, target tracking, quantile regression
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