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Dynamic optimization and scheduling method for incremental scenarios of integrated
energy system based on deep reinforcement learning
YANG Mao, WANG Jinxin,ZHU Yidan, WANG Yuxin,DU Qian,SU Xin
(Key Laboratory of Modern Power System Simulation and Control & Renewable Energy Technology,

Ministry of Education,Northeast Electric Power University,Jilin 132012, China)
Abstract: In the integrated energy system (IES) ,the distribution deviation of energy equipment output and
load power will cause the performance degradation of the deep reinforcement learning optimization schedu-
ling models. A dynamic optimization and scheduling method of IES incremental scenarios based on deep
reinforcement learning is proposed. Aiming at the TES optimization scheduling model with the goal of econo-
my, the Markov decision-making process is constructed and the model is solved. A new scenario screening
method is proposed to choose the incremental scenarios that need to be relearned, and an incremental
learning method based on knowledge distillation is adopted to update and train the model,thereby improving
the adaptability to incremental scenarios. The proposed method is validated using a dataset of operation
scenarios collected from the field of IES. The results show that the trained model can meet the constraints.
Under the test conditions, the operating cost of the IES is reduced by 24.4%. The proposed method can
improve the ability of scheduling model to respond to power deviations while enhancing the economic effi-
ciency of system operation.
Key words:deep reinforcement learning;integrated energy system;proximal policy optimization;dynamic opti-

mization scheduling;consumption rate of new energy



