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Short-term Load Forecasting Using Neural Network

Luo Mei
( Shaanxi Textile and Garment Institute, Xianyang, Shaanxi 712000, China)

[ Abstract | Based on the load data of meritorious power of some area power system, three BP ANN models,
namely SDBP, LMBP and BRBP Model, are established to carry out the short-term load forecasting work, and
the results are compared. Since the traditional BP algorithm has some unavoidable disadvantages, such as the
low training speed and the possibility of being plunged into minimums local minimizing the optimized function,
an optimized L-M algorithm, which can accelerate the training of neural network and improve the stability of the
convergence, should be applied to forecast to reduce the mean relative error. Bayesian regularization can
overcome the over fitting and improve the generalization of ANN.

[ Key words | short-term load forecasting (STLF); ANN; Levenberg-Marquardt; Bayesian regularization;

optimized algorithms



