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Ultra-short-term bus net load forecasting based on phase space

reconstruction and deep belief network
SHI Tian', MEI Fei’, LU Jixiang’, LU Jinjun’, ZHENG Jianyong', ZHANG Chenyu*
(1. School of Electrical Engineering,Southeast University , Nanjing 210096, China;

2. College of Energy and Electrical Engineering, Hohai University , Nanjing 210098, China;

3. State Key Laboratory of Smart Grid Protection and Operation Control,NARI Group Co.,Ltd.,
Nanjing 211106, China ;4. State Grid Jiangsu Electric Power Co.,Ltd. Research Institute ,Nanjing 211103, China)

Abstract: With the refinement and intelligentization of power grid optimization and the extensive adoption of advanced

applications of power grid security and economy, and the large-scale access of distributed energy, the accuracy requirements of

bus load forecasting are constantly increasing while uncertainty and nonlinear of the load are further enhanced. Aiming at the

above problems, an ultra-short-term bus net load forecasting model based on phase space reconstruction and deep belief network

is proposed in this paper.firstly, the phaes space reconstruction of the original time series is carried out by C-C method, and

then the reconstructed data is fitted by the deep belief network to obtain the predicted value of the load. In this paper, the

effectiveness of the proposed ultra-short-term bus load forecasting model is tested by using the measured load data of a

substation in a city. It is proved that the proposed model still has high prediction accuracy under the condition of high

distributed power penetration rate and large fluctuation of bus load.

Keywords :load forecasting; bus net load forecasting;deep belief network ; phase space reconstruction ;deep learning
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