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Table 2 LM test results of various ARCH effects
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Table 4 Comparison of predicted results
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Short-term user load forecasting based on GARCH-M

family model with different distributions
WANG Chen', YE Jiangming' , HE Jiahong’
(1. School of Electric Power Engineering, Nanjing Institute of Technology, Nanjing 211167, China;
2. School of Electrical Engineering,Southeast University , Nanjing 210096, China )

Abstract : Power load forecasting is one of the basic tasks power system research,and time series analysis is currently the most
widely used forecasting method. Aiming at the fluctuation and the characteristics of peak and thick tail of user daily load time
series , the generalized autoregressive conditional heteroskedasticity-in-mean ( GARCH-M) family model is proposed to predict
user load. Firstly, the autoregressive conditional heteroskedasticity ( ARCH) effect of load series is examined by using the
Lagrange multiplier (LM ) test according to the distribution of user daily load time series. Secondly, under three different
distributions of Gaussian distribution , t-distribution and generalized error distribution (GED) ,the GARCH-M family model is
established according to the different forms of fluctuation compensation terms. Finally, combined with the loss function, the
prediction analysis results show that the GARCH-M family model with different distributions improves the accuracy of short-term
user load prediction compared with the traditional time series analysis model.
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Abstract: To explore the capacity value of a concentrating solar power ( CSP) station, a method to optimize the thermal
collection area and thermal storage capacity of a CSP station based on the credible capacity and levelized cost of energy
(LCOE) is proposed in this paper. Firstly, generating efficiency model and economical model of CSP station are established in
this paper. Secondly, the generation reliability of power generation system is calculated based on sequential Monte-Carlo
method , and the particle swarm optimization ( PSO) is utilized to search the credible capacity of the CSP station. Tthen the
influences of solar multiple and thermal storage time on capacity credibility and LCOE of CSP station are studied. With credible
capacity and levelized cost of energy as the optimization goal, weighted ideal point solution and entropy weight method are
utilized to create a single objective optimization function and to determine the index weight respectively. Taking a CSP planning
in the northwest as an example,using the region’s real solar irradiation data,a model is established. The results show that the
capacity credibility of CSP station increases monotonically with the increase of solar multiple and thermal storage time. At the
same time, the levelized cost of energy decreases at the first stage and then increases at the second stage. The optimal solar
multiple and thermal storage time is obtained under the constraints.
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