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Fig.1 Multi-agent reinforcement learning algorithm framework
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Reactive power optimization strategy of distribution network based on multi
agent deep reinforcement learning

DENG Qing-tang' , HU Dan-er’, CAI Tian-tian', LI Xiao-bo', XU Xian-min*, PENG Yong-gang’
( 1.Digital Grid Research Institute, China Southern Power Grid, Guangzhou 510663, China;
2.College of Electrical Engineering, Zhejiang University, Hangzhou 310027, China)

Abstract; In order to overcome the problems of voltage fluctuation and network loss increase caused by random out-
put fluctuation of photovoltaic and wind turbine equipment and load fluctuation in distribution network, it brings
challenges to online reactive power optimization of distribution network. In this paper, a reactive power optimization
strategy of MADDPG algorithm based on multi-agent deep reinforcement learning is designed. Compared with the
traditional algorithm, this method does not need accurate power flow modeling, nor does it rely on the data predic-
tion of day ahead load and distributed generation. The reactive power optimization problem is solved by centralized
training and decentralized execution. MADDPG regards every agent as an actor. In the process of training, each ac-
tor can use a critical to train. The proposed strategy uses deep neural network to fit the action functions of switch-
able capacitors, voltage regulators and distributed generation inverters, and completes the training of deep neural
network in the interaction process with the distribution network environment. Finally, an example is given to verify
the effectiveness of MADDPG algorithm.

Key words: multi agent; deep reinforcement learning; reactive power optimization; data driven; low perception

distribution network



