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Fig. 1 Wind turbine power time series
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Fig. 3 First-unit NAR training prediction sequence
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Fig. 4  Wind power prediction error autocorrelation
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UITRA SHORT-TERM COMBINED FORECASTING OF
WIND POWER WITH NAR NEURAL NETWORK BASED ON
SPATIO-TEMPORAL CORRELATION

Huang Hui'?, Jia Rong', Dong Kaisong’
(1. Institute of Water Resources and Hydro-Electric Engineering , Xi” an University of Technology, Xi’an 710048, China;
2. School of Electric Power, North China University of Water Resources and Electric Power , Zhengzhou 450011, China;
3. State Grid Gansu Institute of Electric Power , Lanzhou 730000, China)

Abstract: Considering the spatial distribution correlation of the wind farm units, a combination prediction method based
on the dynamic time series neural network (NAR) for the ultra—short—term power of wind farms is proposed. Firstly, the
spatial correlation of output characteristics of wind turbine generators is analyzed by Empirical Orthogonal Function
(EOF) , and the wind turbines are classified according to the spatial characteristic contribution rate. Secondly, the NAR
prediction model is established based on the mean value of original power time series from the wind units. Then the wind
power prediction results are combined to get a total number of wind farm power forecasting value. A case study of a wind
farm in northern China is carried out. The new model is compared with the single wind power series NAR prediction model
and the typical ARMA(2, 2) prediction model. The comparison results verify the validity of the prediction results.

Keywords: spatial distribution; time series; wind power; combination prediction; NAR neural network



