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Optimal control method of PSS based on multi-step backtrack Q() learning
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(College of Electric Power, South China University of Technology, Guangzhou 510640, China)

Abstract: Power system stabilizers (PSS) are used to generate supplementary control signals for the excitation system in order to
damp the low frequency power system oscillations. With the development of smart grids, the multiply PSS controllers with the
abilities of self-learning and self-tuning become the attractive trend. A novel control method of power system stabilizer (PSS) based
on multi-step backtrack Q (A) learning is proposed in this paper. The multi-step backtrack Q (1) controller is used to replace the
conventional PSS to generate supplementary control signals for the excitation system, and is compared with the conventional PSS and
Q-learning controller. Results show thatthe Q (1) controller strengthens the robustness of the power system and enhances the ability
of damping the low frequency power system oscillations. Besides, it can solve the problem of the slow convergence rate of Q-learning
controller.
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