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Deep Learning Model for Smart Grid Electricity Price Prediction
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Abstract: Aiming at the problems of accuracy caused by machine learning method’s electricity price predic-

tion on large data sets, a deep learning electricity price prediction model based on big data time series for e-

lectricity grid electricity price prediction has been proposed in this paper. Firstly, the collected data are

preprocessed and normalized, and then feature selection is performed by means of a hybrid module of Re-

liefF algorithm and mutual information (MI). Secondly, the improved features are given to kernel principal

component analysis (KPCA). And lastly, enhanced convolution neural network (ECNN) is used to predict

the electricity price effectively. The experimental results show that compared with the existing benchmark

scheme, the proposed model can better predict the price of smart grid, and it is helpful for smart grid to

better operate and plan power generation.

Key words: smart grid electricity price forecast; big data; mutual information; kernel principal component

analysis; enhanced convolution neural network

REHE AL #M





