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Abstract

In order for the underwater vehicle to perform various tasks, it is important to control the depth, course, and
roll of the underwater vehicle. To design such a controller, it is necessary to construct a dynamic model of the
underwater vehicle and select the appropriate hydrodynamic coefficients. For the controller design, since the
dynamic model is linearized assuming a limited operating range, the control performance in the steady state is well
satisfied, but the control performance in the transient state may be unstable. In this paper, in order to overcome
the problems of the existing controller design, we propose a A2C(Advantage Actor-Critic) based roll controller for
underwater vehicle with stable learning performance in a continuous space among reinforcement learning methods
that can be learned through rewards for actions. The performance of the proposed A2C based roll controller is
verified through simulation and compared with PID and Dueling DDQN based roll controllers.
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Fig. 1. Body—fixed and Earth—fixed coordinate of
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and A2C roll control(roll error : =5°) controller
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