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Prediction of power network stability based on
an adaptive neural network

ZHAO Bo, TIAN Xiu-xia, LI Can

( College of Computer Science and Technology, Shanghai University of Electric Power,
Shanghat 200090, China )

Abstract: The safety and stability of the power grid serves as the basis for reform,
development, and stability of power enterprises as well as for broader society. With the
increasing complexity of power grid structures, safety and stability of the power grid is
important for ensuring the rapid and effective development of the national economy. In
this paper, we propose an optimal neural network stability prediction model and compare
performance with classical machine learning methods. By analyzing the UCI2018 grid
stability simulation dataset, the experimental results show that the proposed method can
achieve higher prediction accuracy and provide a new approach for research of power big
data.
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