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Reinforcement Learning Algorithm for Charging/Discharging Control of Electric Vehicles
Considering Battery Loss

LU Yue' ,WANG Qiong®,LIU Shun',LI Qingtao' ,LIU Yang' and WANG Hongbiao®
1 State Grid Beijing Haidian Power Supply Company, Beijing 100080, China

2 State Grid Beijing Electric Power Company, Beijing 100032, China

Abstract With the gradual increase in the number of electric vehicles, their integration has a significant impact on the load of the
power grid. In this context, V2G/G2V technology is widely believed to play an important role in power grid management. Taking
the charging and discharging control algorithm of electric vehicles as the research object,a deep reinforcement learning algorithm
based on Soft Actor-Critic(SAC) is introduced. In terms of the dynamic change of load sequence in the power grid,the charging/
discharging rate of different vehicles is controlled to maximize the benefits for users under different electricity prices. In addition,
in order to address the issue of increased battery loss during the charging and discharging process,a battery loss prediction model
based on physical hybrid neural network(PHNN) is introduced in the research. Meanwhile, the charging/discharging process is
modeled as a Markov decision process. By integrating the PHNN model into the charging and discharging control of electric vehi-
cles,a new reward function is constructed to accurately quantify the cost of battery loss. Based on the SAC algorithm, this reward
function is used to learn the optimal charging and discharging strategy. Experimental results show that this algorithm can effec-
tively regulate the charging and discharging behavior of vehicles, play a regulatory role in the power network,and reduce the loss
of battery life during the charging and discharging process,further ensuring the economic interests of users.

Keywords Electric vehicle, Electric vehicle charging/discharging control, Deep reinforcement learning, Power grid regulation,
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