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Research on short-term electricity load forecasting model using support

vector machine based on SCE-UA algorithm

LI Gang”,

CHENG Chun-tian,

ZENG Yun, LIN Jian-yi

( Institute of Hydropower & Hydroinformatics, Dalian University of Technology, Dalian 116024, China )

Abstract: Support vector machine (SVM) is a novel type of learning machine, which has been

successfully applied to short-term electricity load forecasting. However, its application indicates that

how to confirm the parameters of SVM algorithm directly affects forecasting precision. On the basis of

analyzing the parameter performance of SVM for regression estimation, a short-term electricity load

forecasting model SCE-UA (shuffled complex evolution-University of Arizona) based on SVM is

presented. In the process of establishing the model, the radial basis kernel function is introduced,

which simplifies the course of solving non-linear problems, and the SCE-UA algorithm is applied to

identifying the parameters of SVM. The model is applied to short-term electricity load forecasting

using the actual 96 points daily data from Guizhou power grid. The results show that the proposed

model not only overcomes the blindness of identifying SVM parameters, but also increases forecasting

precision. It is a feasible and effective short-term electricity load forecasting model.

Key words: load forecasting; SVM; SCE-UA; similar day



