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Abstract

In this paper, a recurrent neural network using
polynomial is proposed for electric load forecasting. Since
the proposed algorithm is based on the bilinear polynomial,
it can model nonlinear systems with much more parsimony
than the higher order neural networks based on the
Voiterra series. The proposed Bilinear Recurrent Neural
Network(BLENN) is compared with Multilayer Perceptron
Type Neural Network{MLPNN) for electric load forecasting
problems, The results show that the BLRNN is robust and
outperforms the MLPNN in terms of forecasting accuracy.
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