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Comparison and Improvement of Short—-term Power Load Forecasting
Methods Based on Machine Learning

Han Yaxuan Shi Mengshu Huang Yuansheng Liu Dunnan Duan Wenjun

Abstract : To address the demand of the power system for the accuracy of short—term power load forecasting , based
on the long short—term memory algorithm , it is further improved using the self—adaptive differential evolution algorithm
thus proposing a hybrid algorithm based on machine learning( SaDE—~LSTM ) for short—term forecasting of power load.
The performance of the improved hybrid algorithm is tested based on monthly social power load data from 2004 to 2018
in China. Firstly, the initial parameters of the long short—term memory algorithm are optimized using the adaptive muta-
tion factor and cross factor of the differential evolutionary algorithm. On this basis,the optimized forecasting results are
obtained by training the long short—term memory algorithm with the parameters obtained from the optimization search.
To prove its superiority , support vector machine( SVM) ,back propagation neural network ,and autoregressive integrated
moving average algorithms are used to predict based on the same group of data. The comparative analysis of the predic-
tion results of each method and the real results proves that the SaDE-LSTM algorithm requires less time series data vol-
ume and at the same time has higher prediction accuracy compared with the those traditional algorithms. This improved
algorithm can provide a reference for subjects who have a need for small sample and high accuracy forecasting,such as
virtual power plants and load aggregators involved in power system dispatch.
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