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Hybrid Data-Knowledge-driven Voltage/VAR Optimization Strategy for Distribution Networks with
High Penetration of Photovoltaic

WU Minghe', HONG Lucheng', GAO Yuan', ZHOU Aihua"*, WANG Dong®, LIU Fengrui*
(1. School of Electrical Engineering, Southeast University, Nanjing 210096, China;
2. China Electric Power Research Institute, Beijing 100192, China;
3. State Grid Jiangsu Electric Power Co., Ltd., Nanjing 210009, China;
4. State Key Laboratory of Internet of Things for Smart City (University of Macau), Macau 999078, China)

Abstract: The intermittency and volatility of massive distributed photovoltaic (PV) output introduce strong uncertainty into
distribution network power flows, making frequent voltage violations and increased operation network losses increasingly
prominent issues. To address this, this paper proposes a hybrid data-knowledge-driven voltage/VAR optimization (VVO) strategy
for distribution networks with high penetration of distributed PV. First, to tackle the strong uncertainty and high dynamic
characteristics of distribution network power flow states, an improved distributed soft actor-critic (DSAC) algorithm is proposed.
By directly learning the distribution function of state-action returns, it explores the uncertainty of cumulative discounted returns,
mitigating the overestimation problem of state-action values and significantly enhancing the performance of the VVO strategy.
Second, to resolve the issue of frequent voltage constraint violations, an expert knowledge safety layer based on the DistFlow
equations 1s embedded into the data-driven VVO process. By projecting and correcting the actions output by the DSAC agent
through physical knowledge, a deep integration of data learning and knowledge constraints is achieved, improving the feasibility
and safety of the strategy. Subsequently, a data augmentation model based on the multivariate conditional /-distribution Copula is
proposed. By generating high-quality and diverse training data, it significantly enhances the generalization capability and robustness
of the DSAC strategy in complex operation scenarios. Finally, the effectiveness of the proposed strategy is validated by the
simulation results on the IEEE 34-bus and IEEE 118-bus systems.
This work is supported by National Natural Science Foundation of China (No. 52477180).
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