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Dynamic Pricing and Energy Scheduling Strategy for Photovoltaic Storage Charging Stations
Based on Multi-agent Deep Reinforcement Learning

CHEN Jintao"?,LIN Bing**,LIN Song' ,CHEN Jing’ and CHEN Xing®
1 College of Computer and Cyber Security, Fujian Normal University, Fuzhou 350117, China
2 College of Physics and Energy,Fujian Normal University, Fuzhou 350117 ,China

3 Fujian Key Laboratory of Network Computing and Intelligent Information Processing, Fuzhou 350116 ,China

Abstract The improvement in the operational profits of photovoltaic storage charging stations(PSCSs) can enable charging sta-
tion operators to increase their investment and deployment of PSCSs infrastructure, thereby alleviating the load pressure on the
grid caused by the growing penetration of electric vehicles(EVs). To address the issue of improving PSCSs operational profits,
a dynamic pricing and energy scheduling strategy based on multi-agent deep reinforcement learning(MADRL) is proposed to en-
hance the overall operational profits of PSCSs under a fully cooperative relationship. Firstly,aiming to maximize the total opera-
tional profits of all PSCSs,multiple PSCSs and EVs under a single PSCS operator are modeled as a Markov game. Secondly, the
multi-agent twin delayed deep deterministic policy gradient (MATD3) algorithm is used to solve the model, setting the selling
price of charging services and the charging and discharging strategies of the energy storage system(ESS) to achieve profit maxi-
mization. The cosine annealing method is employed to adjust the learning rate of the algorithm,improving its convergence rate and
threshold. Finally,to prevent potential price monopolies under a fully cooperative relationship among multiple stations,an inverse
demand function is introduced to constrain the selling price of charging services. Experimental results show that the proposed

strategy improves the operational profits of charging stations by 4. 17% to 66. 67 % compared to benchmark methods,and using
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the inverse demand function effectively prevents price monopolies among multiple stations.

Keywords

Inverse demand function
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