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Short-term Wind Speed Forecasting Based on Ensemble Empirical
Mode Decomposition and CoDE-BP Method

HU Ya-lan CHEN Liang YU Xiang WANG Dan
( School of Information Science and Technology Donghua University Shanghai 201620 China)

Abstract: Prediction is one of the research hotspots of applied machine learning and an important application of computer technology in
practical engineering. However due to the randomness and volatility of wind speed the accuracy of wind speed prediction is low. In order
to improve the accuracy of wind speed forecasting we propose a new hybrid wind speed forecasting method by introducing the ensemble
empirical mode decomposition ( EEMD) into the composit differential evolution ( CoDE) and the back propagation ( BP) neural net—
work. The original wind signal is decomposed by EEMD into several intrinsic mode functions ( IMFs) with different frequencies and one
residue then a CoDE-BP neural network is used to model each of the extracted IMFs. The prediction results of all IMFs can be combined
by weighted summation to obtain an aggregated output for wind speed. MATLAB simulation is carried out with wind speed datasets from
a certain wind farm in Inner Mongolia at 10 min and 1 h sampling interval. Compared with the traditional Elman neural network ( ENN)
wavelet neural network ( WNN) BP CoDE-BP and EMD-CoDE-BP it demonstrates that the proposed method can greatly improve the
prediction accuracy and reduce prediction error.

Key words: short—term wind speed forecasting; ensemble empirical mode decomposition; composit differential evolution; back propaga—
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