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Abstract: The existing methods ignore the clustering optimization process when predicting the short-term load of elec-
tricity, which leads to a long prediction time and a low accuracy of short-term load prediction. Therefore, a short-
term load forecasting method based on improved K-means algorithm is proposed. This method uses the improved K-
means algorithm to cluster the big data of power load, uses the training samples obtained after clustering to construct
the RNN topology structure of the recurrent neural network. Then the optimal weights are set for the RNN neural
network model to realize short-term forecast of the power load. The experimental results show that the proposed
method has high forecasting efficiency and high short-term load forecasting accuracy.
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Figure 2 Flow chart of power load short-term forecasting
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