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Intelligent Scheduling of Distributed Photovoltaic EV Complementary Systems Based on Deep
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(School of Metallurgy and Energy Engineering, Kunming University of Science and Technology, Kunming 650031, China)

Abstract: Aiming at the problem that large-scale access to the grid by distributed photovoltaic and electric vehicles (EVs)
will cause an impact on the power system,we develop a distributed PV-EV complementary scheduling model .With the
goals of smoothing the fluctuation of PV grid connection and increasing the economy of EV users, the factors such as the
stochasticity of PV output, load power fluctuation, stochasticity of EV access time and power, real-time tariffs, battery
aging cost and so on are taken into consideration, and an improved proximal policy optimization algorithm with stochastic
perturbation of the gradient is proposed to solve the problem. Meanwhile, the model objective function is adjusted to ob-
tain 2 real-time operation strategies based on different optimization objectives. It can be seen from the arithmetic example
that the real-time scheduling strategy can effectively smooth outlet power fluctuations, and the scheduling effect is im-
proved by 3.48% compared with the traditional PPO algorithm. Strategy 1 takes the user’s travel demand and smoothing
the power fluctuation of the parallel network as the primary objectives, which can ensure the user’s 24 h demand, and at
the same time, the power stabilization rate of the parallel network reaches 91.84%. Strategy 2 takes the user's economic
benefit as the primary optimization objective, and the EV benefit of participating in dispatching for the whole day can
reach RMB 82.6, which can encourage the users to participate in dispatching.

Key words: distributed photovoltaic; cluster electric vehicle; V2G; deep reinforcement learning; real time scheduling;

proximal policy optimization
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Fig.1 PV-EV complementary system
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Fig.4 Trend of photovoltaic and load changes in one week
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Fig.5 Model training process
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Fig.6 Comparison of power fluctuation of parallel network

before and after dispatching (strategy 1)
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F 4 FEV W CGRIE—)
Table 4 Revenue per EV (strategy 1)
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Table 5 Revenue per EV (strategy 2)
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EV38  09:00,30.5 22:15,67.4 212 74 216 354 EV38  08:00,27.4 20:30,51.0 13.5 4.7 548 636
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Table 6 Scheduling results of different methods
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