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Table 1 Evaluation criteria of wind speed type
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Table 3 Errors of different forecasting models
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GRNN nonlinear combination model for short-term wind speed
forecasting based on discrete Hopfield pattern recognition
CHEN Ye,GAO Yajing,ZHANG Jiancheng
(State Key Laboratory of Alternate Electrical Power System with Renewable Energy Sources,
North China Electric Power University ,Baoding 071003, China)
Abstract: With the real-time wind speed data,a GRNN (General Regression Neural Network) nonlinear
combination model based on discrete Hopfield pattern recognition is built for short-term wind speed
forecasting. After the wind speed data sample set is processed by the two-dimension wavelet threshold de-
noising method,the historic data most similar to the sample to be forecasted are picked out by the discrete
Hopfield identification and taken as the training sample. The forecasting results obtained respectively by the
support vector machine,BP neural network and Elman neural network are taken as the input vectors of
GRNN for the nonlinear combination forecasting. The forecasting results based on the real wind speed data
of a wind farm verify the correctness and effectiveness of the proposed forecasting model.
Key words: wind power; two-dimension wavelet threshold de-noising method; discrete Hopfield; pattern
nonlinear combination forecasting; models; de-noising;

recognition; general regression neural network;

support vector machines; neural networks; forecasting
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