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Flexibility probabilistic prediction of electric vehicle fleet based on Gaussian

process regression

LIU Ziteng', SUN Ye’, ZHANG Peichao’, XU Bogiang’, ZHAO Jianli’
(1. State Grid Shanghai Municipal Electric Power Company, Shanghai 200030, China;2. Shanghai Jiao Tong
University, Shanghai 200240, China)

Abstract: Electric vehicles (EVs)are important new adjustable load resources, and predicting their flexibility is an essential prerequisite
for implementing optimized dispatch. A method to infer the fleet charging feasibility domain based on normal charging session data of EVs
is proposed, forming a historical dataset on the flexibility of EV fleets. Subsequently, considering the high stochasticity of charging load, a
probability prediction method for the flexibility of EV fleets based on Gaussian process regression is proposed. The obtained probability
prediction results can be used to establish chance constraints for the optimization problem of EV fleet and convert them into deterministic
constraints under specific confidence levels. Lastly, simulation verification is conducted using actual charging data. The results show that
the proposed method can accurately predict the charging flexibility of EV fleets from both energy and power aspects. By adjusting the confi-
dence level, it is possible to balance the economy and the implementability when optimizing the EV fleets.
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Fig.2 Cumulative energy envelope of EV fleet in a day
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