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Abstract: [Purpose] In order to solve the problems of uncertain parameter perturbations and external
disturbances caused by waves in the nonlinear roll motion of ships, [Method] a control method based on
double delay depth deterministic strategy gradient (TD3) is proposed to establish a nonlinear roll model of
ships. The state space and reward function are designed to comprehensively consider factors such as sea
conditions and speed to enhance the understanding of dynamic environments. Simultaneously, a control
method based on depth deterministic policy gradient (DDPG) is set as a control to compare the anti roll
effects of the two algorithms under different sea conditions. [Result] The results indicate that both
algorithms can effectively reduce roll. Under the same operating conditions, the anti roll effect of TD3
algorithm is slightly better than that of DDPG algorithm, and the output control signal of TD3 algorithm
shows smoother and more stable characteristics. The controller designed based on TD3 algorithm has good
control effect and good adaptability for nonlinear roll anti roll of ships. [Conclusion] The research results
can provide some references for nonlinear roll control of ships.
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Fig. 1 Simulation Curve of Wave Slope Angle
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