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Orderly Charging Algorithm Based on A3C

ZHANG Wen-long ,ZHANG Jie

(School of Computer Science,Nanjing University of Posts and Telecommunications , Nanjing 210023 , China)

Abstract ; Due to the increasing popularity of electric vehicles (EV) ,the charging problem has been a new challenge of electrical system.
In particular, charging stations are always considered as an important role who schedule the orderly charging behavior of EV. In order to
solve the problem that conventional model—driven charging algorithms cannot be applied to the situation where electric EV enter the
station randomly , propose to apply a data—driven model-free reinforcement learning algorithms A3C ( Asynchronous Advantage Actor—
critic) for orderly charging. The algorithm deal with the varying state spaces caused by random EV arrivals by approximating the state
function and policy function with feature function. The demand response mechanism is applied to associate the charging price with the
charging demands and dynamic scheduling them. To avoid the strong correlation caused by experience replay , multiprocessing is used to
implement the effect that the model interact with multiple environments through which can improve the convergence of the algorithm.
Finally, the simulation analysis is conducted by the measured data of charging stations in a certain area. The results show that the
purposed algorithm can optimize the charging behavior even the only known is the previous charging data, reduce the charging load
variance greatly and realize the peak load shifting of the grid. Beside satisfy the EVs demand, it can also increase charging station’ s prof-
its.
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