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Short-term load forecasting based on empirical mode decomposition

and least square support vector machine

ZHU Zhi-hui , SUN Yun-lian, JIYU
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Abstract: The power load is inherently non-stationary time series so that it is difficult to construct the model of accurate forecast.
In order to improve forecast precision, a hybrid forecasting method based on Empirical Mode Decomposition (EMD) and Least
Square Support Vector Machine (LS-SVM) is presented in this paper. Firstly, the power load series is adaptively decomposed into a
series of stationary intrinsic mode functions (IMF) in different scale space. The local features of original load series are prominent in
the IMF seo that it is more obvious to observe the cycle, random and trend parts of the original load sequence. Secondly, according to
the change regulation of each IMF, the right parameter and kernel functions are chosen to build different LS-SVM respectively to
forecast each IMF. Finally,these forecasting results of each IMF are combined to obtain final forecasting result. The simulation results
show that the hybrid method has faster speed, higher precision and greater generalization ability than that of the single LS-SVM
method and that of the BP neural network method, which proves that it is an effective method. ‘
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Fig.1 One-week original load and its EMD decomposition
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Fig.3 The final forecasting result of hybrid model
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Tab.1 Comparison of forecasting errors
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