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Fig. 1 Copula-Monte Carlo photovoltaic power generation
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Tab. 1 Pearson correlation coefficient between
photometric data and PV power
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Fig.2 Summer PCA results
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Tab. 2 Evaluation indicators of summer
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Fig. 3 Probability interval forecast results of summer
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Photovoltaic Power Probabilistic Prediction Based on BRICH Clustering

and Copula-Monte Carlo Simulation
HUANG Mu-tao™ ,GAO Su-hua'”, WANG Yang’ ,ZENG Ling-kang® , WEI Cong-ying” ,CHEN Xing-bang'*
(1a. School of Electrical and Electronic Engineering; 1b. School of Civil and Hydraulic Engineering,
Huazhong University of Science and Technology, Wuhan 430074, China; 2. Dispatching and
Control Center of Central China Branch of State Grid Corporation of China, Wuhan 430077, China)

Abstract: Photovoltaic power generation is affected by the chaotic characteristics of meteorology, and its stochastic,
volatile and intermittent characteristics affect the operation of power systems seriously. Aiming at the problem of large
dimension of original PV power generation data and the vulnerability of power generation to weather conditions, a data
processing method based on Principal Component Analysis (PCA) and BRICH clustering was proposed to reduce the di-
mensionality of model input variables and facilitate statistical modeling. Secondly, a Copula-Monte Carlo-based probabi-
listic PV power probabilistic prediction model was constructed to calculate the probabilistic interval prediction of PV pow-
er output given the future point prediction values. The model was evaluated based on interval coverage and average width
of prediction interval. Finally, the summer data of the actual photovoltaic power station were taken as an example for ver-
ification analysis. The results show that the Copula-Monte Carlo method can intuitively show the fluctuation range and
expected value of photovoltaic power generation, and is superior to other power prediction models.

Key words: probabilistic prediction; PV power generation; BRICH clustering; Copula function; Monte Carlo simula-
tion; weather fractal
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Inspection and Evaluation of CMA-WSP Ground Radiation Forecast Products

ZHU Yan',WANG Ming'’,XU Pei-hua' s MENG Dan', CHEN Zheng-hong'

(1. Hubei Meteorological Service Center, Wuhan 430205, China; 2. Hubei Key Laboratory for Heavy Rain Monitoring
and Warning Research, Institute of Heavy Rain, China Meteorological Administration, Wuhan 430205, China)
Abstract: Based on the ground radiation observation data of Hubei Huashi photovoltaic power station from April to

September in 2022, the forecast accuracy of the ground radiation products of Wind Energy and Solar Energy Forecasting

System of China Meteorological Administration (CMA-WSP) was evaluated. Overall, the correlation coefficient between

ground solar radiation and observation in the next 5 days predicted by CMA-WSP is between 0. 85 and 0. 91, and the fore-

cast effect on the first day is the best. With the increase of forecast time, the forecast accuracy gradually decreases. From
the perspective of month-by-month effect, the CMA-WSP has the best effect on ground radiation forecasting in August
and September, and the forecast accuracy rate in May and June is relatively low. In terms of daily changes, the CMA-

WSP has a relatively poor forecasting effect on ground radiation at 10:00~16:00, and is better in other periods. The pre-

diction of ground radiation by CMA-WSP has strong seasonality. The forecast results of different times in spring are quite

different, and are relatively stable in summer. The forecast effect in autumn is the most stable, and the correlation coeffi-
cient between the prediction results and observation can reach 0. 92. In general, the CMA-WSP has a good effect on the
ground radiation forecasting in Hubei Province, which can provide good support for the short-term forecasting of photo-
voltaic resources in Hubei Province.

Key words: CMA-WSP; photovoltaic power plant; ground solar radiation; forecast inspection





