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Mid-term forecasting of real-time load based on Prophet algorithm and Blending
integrated learning
HUAN Jiajia',LI Daimeng’,DU Yunfei’, SHEN Xinwei’,ZHANG Xuan®,QIAO Baihao’,
HE Chungeng',LAN Xiaodong',LUO Shuxin'
(1. Power Grid Planning Research Center of Guangdong Power Grid Co.,Ltd.,Guangzhou 510220, China;
2. Tsinghua Shenzhen International Graduate School,Shenzhen 518055, China;
3. School of Electronic and Information,Zhongyuan University of Technology,Zhengzhou 451191, China)

Abstract: The current medium-term load forecasting generally doesn’t consider the real-time state of the

load. However, the characteristics of load data such as nonlinearity, seasonality, randomness and temporality

will influence the medium-term forecasting of real-time load. A framework for mid-term forecasting of real-

time load is constructed. The Prophet algorithm is adopted to extract the seasonal component of the load

data. The Blending integrated learning is adopted for the rolling forecasting of non-seasonal component of

the load data. The seasonal and non-seasonal components are combined to synthesize the real-time data of

mid-term load. The effectiveness and stability of the model are verified by Irish Power System.
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