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Abstract: Virtual power plant (VPP) can integrate distributed energy resource (DER) to participate in the
operation of power market and auxiliary service market, and provide management and auxiliary services for
distribution network and transmission network. Its operation and control have been widely concerned. Aiming at the
virtual power plant containing electric vehicle (EV)charging stations, the Stackelberg game model of VPP and EV
charging stations was constructed based on soft actor—critic (SAC) algorithm and twin delay deep deterministic
policy gradient(TD3)algorithm. By training the network parameters of Stackelberg game, the strategy and solution
in game equilibrium was calculated. The calculation example results show that the model proposed can effectively
reduce the operating cost and smooth power of EV charging stations after the completion of training, and the SAC
reinforcement learning method can integrate the internal DER of VPP and guide the orderly charging of EV. When
VPP participates in day-ahead power market as price taker, it can also give optimal trading strategy. When there is
Stackelberg game between VPP and EV, EV can reduce charging cost by using deterministic strategy algorithm,
while VPP can improve revenue by using stochastic strategy algorithm.

Key words: virtual power plant (VPP) ; SAC algorithm; TD3 algorithm; electric vehicle (EV) ; Stackelberg

game;real-time dispatch
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Tab.1  Unit operation data of VPP distributed energy resource
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Tab.3  The results of solving each case

VPP EVAHLEE  HEIOE VPP EVARE e

MEEBR I ZRit Bk L o T8 ae iR f (a1
LRAER IR IS (A, DDPG 5% 7T REAEAE M (E
fen il B 1) O A PO AL , R BO Zhid 72
. PRINASSCEESUH TD3VER EV FeHsbiifess:

MEE S F , VPP B [a] 2R 5L T R AL
MR B2 v TR A RIS 5 1T BV 8 HL
050 ) TR FH B M SR SR, R4l . X &
F VPP (5 4 32 IR G AR 07, T BV SR
il o5 4 R LA o AR BRI TIERAEY 58 (5
SV O AOTR A B 25 45 T DU R A o
SV OLT 4l R S B . FEAN TR EV SR
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Tab.4 VPP benefits and EV costs using
VPP Stackelberg game model

VPPHLEE  EV MBS VPPIREE/SC  EV SRR AT

TD3 DDPG 80 946 7092
TD3 SAC 79 925 13 224
TD3 TD3 80 364 13 227
SAC DDPG 78 227 11 789
SAC SAC 80 713 17 286
SAC TD3 79 554 10 201

ik ik [ERIES JG AT

TD3  DDPG ES! 84 475 8619 590
TD3 SAC ESD! 79 414 14970 597
TD3 TD3 ES 80 012 15823 3.8
SAC  DDPG LED 84 963 12544 027
SAC SAC ES! 81 590 16 601 5.27
SAC TD3 VES! 80 991 13 204 1.87
TD3  DDPG EY) 84 167 8607  6.16
TD3 SAC VEY) 78 541 15019 591
TD3 TD3 ED) 81 203 15859  3.77
SAC  DDPG VEY) 84 610 12569  0.26
SAC SAC ED) 82 053 16529  5.49
SAC TD3 VEY) 79 509 13 416 5.77

R5 ARAVPPENEFER VPP IS EV A
Tab.5 VPP benefits and EV costs without using
VPP Stackelberg game model

VPPETHE  EVIUHLUERIE  VPPULEEOL  EVSEHLUERAST

TD3 DDPG 85 135 22 947
TD3 SAC 87 203 16 806
TD3 TD3 87 897 12 575
SAC DDPG 89 281 15 453
SAC SAC 88 749 24 941
SAC TD3 92 594 16 497
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