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Figure 1 Block diagram of primary frequency regulation

for power system with photovoltaic plant
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Table 1 Relevant parameter settings for photovoltaic

frequency regulation research
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Frequency Control Strategy of Photovoltaic Participation in Power System Based on
TD3 Algorithm

ZHANG Jianhua, TAO Ying, ZHAO Si

(School of Control and Computer Engineering, North China Electric Power University, Beijing 102206, China)

Abstract; To address the challenges posed by the intermittency and randomness of photovoltaic (PV) power output
to maintaining stable power system frequency, a rapid frequency regulation method based on the twin delayed deep
deterministic policy gradient (TD3) algorithm was proposed. No need to rely on specific mechanistic models, this
method could tackle the strong uncertainties associated with PV power generation. Firstly, a simplified model of the
PV power generation system was constructed. Secondly, a novel frequency controller was designed leveraging the
TD3 algorithm. Lastly, the proposed control strategy was compared with traditional droop control, sliding mode con-
trol, and a control strategy based on the deep deterministic policy gradient ( DDPG) algorithm. The results demon-
strated that, in two scenarios, single-step and continuous-step load disturbances respectively, the frequency devia-
tions based on the proposed control strategy were significantly lower than those of the other three control algorithms.
Specifically, the integral of time-weighted absolute error ( ITAE) criterion showed a reduction of 41.7% and
31. 8% compared to the worst-performing droop control, thoroughly validating the superiority of the proposed control
strategy in terms of both dynamic and steady-state performance during frequency regulation.

Keywords: photovoltaic grid-connected system; primary frequency regulation; deep reinforcement learning; twin

delayed deep deterministic policy gradient algorithm; control performance



