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Abstract: According to the data of a wind field the wind field data is corrected firstly and then the wrong data is eliminated

in order to avoid the emergence of the accumulated error and to improve the prediction precision. In the input variables of neu—

ral network it not only considers the wind speed and direction but also the wind temperature gravitational constant and ele—

vation formed with atmospheric movement. Through optimizing the particle swarm optimization ( PSO) of neural network meth—

od and adjusting the inertia weight it can forecast the wind speed and through the neural network training method it can im-

prove the prediction accuracy which can improve the stable operation with wind power integration and the adjustment of power

grid scheduling.
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