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Distributed reactive power optimization based on adaptive federated learning and
ADMM
LIU Zhiyuan, XU Jiangjiao
(College of Electrical Engineering, Shanghai University of Electric Power, Shanghai 200090, China)

Abstract: To address the need for efficient and reliable reactive power optimization in interconnected power grids
with high penetration of distributed energy resources, as well as the constraint that sensitive operational data cannot
be directly shared across regions, a distributed reactive power optimization method based on adaptive federated
learning (AFL) and the alternating direction method of multipliers (ADMM) is proposed. First, federated learning
is employed to perform distributed training across multiple nodes, where model parameter exchange replaces raw
data transmission, enabling boundary variable estimation while preserving data privacy. Second, an adaptive learn-
ing rate and an early stopping strategy are introduced to dynamically adjust the learning rate and terminate redun-
dant training, thereby reducing computational and communication overhead. Third, the predictions obtained from
federated learning are embedded into the ADMM iterative process, where the predicted values are used to replace
part of the boundary variables that would otherwise require inter-regional exchange, thus improving convergence effi-
ciency and stability. Finally, simulation studies on the IEEE 9-bus, IEEE 33-bus, and IEEE 118-bus systems
verify the effectiveness of the proposed method.
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Table 3 Performance comparison of different algorithms in
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IEEE 118-bus system
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