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Short-term load forecasting based on machine learning and epidemic association features
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(1. Power Quality Engineering Research Center (Anhui University), Ministry of Education, Hefei 230601, China;
2. School of Electronics and Information Engineering, Anhui University, Hefei 230601, China)

Abstract: Accurate power load forecasting is an important guarantee for normal operation of a power system. There have
been problems of large fluctuations in load demand and difficulty in modeling historical reference load during the
COVID-19 outbreak. Thus this paper proposes a short-term load forecasting method based on machine learning, silent
index and rolling anxiety index. First, Google mobility data and epidemic data are used to construct the silent index and
rolling anxiety index to quantify the impact of the economic and epidemic developments on the power load. Then, the
maximal information coefficient is used to analyze the strong correlation factors of power load during the epidemic and
introduce epidemic load correlation characteristics. Finally, meteorological data, historical load and the constructed
epidemic correlation features are combined as the input variables of the prediction model, and the prediction algorithm is
analyzed by multiple machine learning models. The results show that the load forecasting model with the introduction of
the epidemic correlation features can effectively improve the accuracy of load forecasting during the epidemic.
This work is supported by the National Natural Science Foundation of China (No. 61672032).
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Fig. 1 Load, SI and RAI curves
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