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Reliability evaluation of large power system based on combination of
important sampling and extreme learning machine
XU Pengcheng' , LIU Wenxia®, CHEN Qi’,ZHANG Hao'
(1. Fuzhou Electric Power Bureau of State Grid Fujian Electric Power Company , Fuzhou 350009, China;
2. State Key Laboratory of Alternate Electrical Power System with Renewable Energy Source,
North China Electric Power University, Beijing 102206, China;

3. Ningbo Electric Power Bureau of State Grid Zhejiang Electric Power Company , Ningbo 315012, China)
Abstract ; Due to many uncertainty factors and large-scale power grid, the traditional MCS( Monte Carlo Simulation )
cannot meet the requirements of real-time and high efficiency in the reliability evaluation of complex power system.
A reliability evaluation algorithm with the combination of CE ( Cross-Entropy) based important sampling and ELM
( Extreme Learning Machine) is proposed. On one hand, CE is introduced in the system sampling step to construct
the equipment optimal probability distribution,decrease the variance variation and speed up the index convergence.
On the other hand, ELM is adopted for supervised learning of the state samples from important sampling, and the tra-
ditional nonlinear programming method is replaced by the constructed network learning model for state evaluation,so
as to improve the efficiency of single evaluation and realize fast reliability evaluation. Reliability evaluation is carried
out in IEEE RTS-79 system, and comparison with the results of traditional MCS and CE important sampling shows
that the proposed algorithm is rational and effective in a certain error range,and its computational efficiency is signi-
ficantly higher than that of the traditional MCS and CE.

Key words : reliability evaluation ;important sampling ; cross-entropy ; extreme learning machine ;supervised learning



