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Abstract: The Weibull distribution model of wind speed and the annual average value of failure rate of lines are currently used
in reliability evaluation of wind power integrated system but it cannot reflect the time — varying characteristics of system relia—
bility. The influence of periodic time — varying characteristic of wind speed and failure rate of transmission lines on power sys—
tem is comprehensively considered. In the aspect of wind farm output the periodic time — varying model of wind speed is es—
tablished and according to the functional relationship between output power and wind speed output power model of wind farm
can be determined. In the aspect of failure rate of transmission lines the historical monthly failure rate is calculated by statis—
tic failure numbers of lines and the periodic variation failure rate model of transmission lines is established through curve fit—
ting method. Based on the proposed models and Monte Carlo simulation the time — varying reliability evaluation of wind power
integrated system can be achieved. The validity of the proposed method is verified by a case analysis. And the results of relia—
bility evaluation can provide a reference for mid — long term dispatching and maintenance decision.
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