MASDRL-based Energy Management of MGs
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A distributed consensus-based
training process is proposed to
decompose the training task among
MG agents.
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- Safe RL: Constrained Markov Decision Process (CMDP) and trust region policy optimization
method

« Multi-agent RL: Scalability and maintain privacy of MGs
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« Test distribution system « Training results « Comparison between benchmark model-
with networked MGs based methods and model-free methods
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(a) 33-bus system for distribution network
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(b) 13-bus system for MGs

« Training data (4 year
and 15-min smart meter
data of loads and DERS)
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