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Abstract

Abstract: In view of the problems of model uncertainty and nonlinearity in bus voltage stability control of
Boost converter, an intelligent control strategy based on model-free deep reinforcement learning(RL) is
proposed. RL double DQN(DDQN) algorithm and deep deterministic policy gradient(DDPG) algorithm are
used, and the Boost converter controller is designed. The state, action space, reward function, and neural
network are also designed to improve the dynamic performance of the controller. The joint simulation of
the Boost converter model and RL agent is realized by RL modelica(RLM), a toolkit developed based on
ModelicaGym. The proposed controller is compared with the double-loop PI controller, and the simulation
shows that the bus voltage stability control based on the RL controller has better dynamic performance
under three working conditions.
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