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Modeling and solution of transient stability constrained multi-objective optimal power

flow considering renewable energy

LIU Songkai"?, SHI Liangzhi'?, HU Pan"*’, GAO Kun*, YANG Chao"?, WAN Ming"?
(1. College of Electrical Engineering and New Energy, China Three Gorges University, Yichang 443002, China;
2. Hubei Provincial Collaborative Innovation Center for New Energy Microgrid, Yichang 443002, China;
3. State Grid Hubei Electric Power Co., Ltd. Research Institute, Wuhan 430077, China;

4. Changde Power Supply Branch of State Grid Hunan Electric Power Co., Ltd., Changde 415130, China)
Abstract: In order to cope with the impact of wind power and photovoltaic uncertainty on the safe and stable operation of the
power grid and to make up for the shortcomings of the traditional single-objective optimal power flow model, a transient
stability constrained multi-objective optimal power flow (TSCMOOPF) model and a solution method are proposed to take into
account the wind and solar uncertainty. Firstly, an ensemble learning method based on artificial neural network (ANN), deep
neural network (DNN) and surprisal-driven zoneout long short-term memory (SZLSTM) are adopted to construct a wind and
photovoltaic output prediction model to improve the prediction accuracy and robustness. Secondly, considering the economy
and stability of the system, a multi-objective function including the minimization of active network loss, the minimization of
fuel cost, and the optimization of the voltage stability index is established to construct a TSCMOOPF model. Then, an
improved reference vector guided evolutionary algorithm (RVEA) is designed for the solution. Finally, simulation experiments
are carried out on the improved IEEE 39-bus system. The results show that the proposed ensemble learning method performs
well in wind and photovoltaic output prediction, the multi-objective optimization model ensures transient stability while active
network loss and fuel cost are reduced significantly, and the improved RVEA algorithm is better than the traditional multi-
objective algorithm in terms of convergence and diversity.
Keywords: uncertainty; transient stability constraints; multi-objective optimal power flow; ensemble learning; artificial neural

network; long short-term memory network
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User satisfaction optimization of power wireless sensor networks
based on the D3QN algorithm

YANG Jinggang', HU Chengbo', ZHU Xueqiong', WANG Zhen', LIU Hong®, LI Hui’
(1. State Grid Jiangsu Electric Power Co., Ltd. Research Institute, Nanjing 211103, China;

2. Shanghai Institute of Microsystem and Information Technology, Chinese Academy of Science, Shanghai 200050, China)
Abstract: In power wireless sensor networks (PWSNs), concurrent uplink access by multiple users is constrained by limited
spectrum and power resources, while heterogeneous monitoring services exhibit markedly different requirements in terms of
reliability and latency. These factors make it challenging for resource scheduling to simultaneously satisfy overall system
efficiency and user-perceived quality. In this work, a joint resource allocation mechanism capable of providing differentiated
quality-of-service guarantees under heterogeneous service demands is formulated within an uplink orthogonal frequency
division multiplexing (OFDM) framework. A quantifiable user-satisfaction function is designed, and the joint optimization of
subcarrier and power allocation is modeled as a Markov decision process (MDP). A dueling double deep Q network (D3QN)
algorithm is further introduced to dynamically adjust the allocation strategy. In addition, an action-space down-sampling
mechanism is proposed to reduce computational complexity and enhance training efficiency. Simulation results demonstrate
that the proposed algorithm achieves fast convergence under various node densities and subcarrier configurations, and yields
significant improvements in user satisfaction compared with conventional DQN, random allocation, and uniform allocation
methods.

Keywords: power wireless sensor network (PWSN); orthogonal frequency division multiplexing (OFDM); user satisfaction;

resource allocation; dueling double deep Q-network (D3QN); reinforcement learning
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