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Fig.2 Probabilistic power flow calculation
based on multi-scenarios model
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Table 1 Pearson coefficient analysis
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Interaction of high proportion photovoltaic and supraharmonic

in distribution network
RUAN Zhengxin' , ZHANG Yi', ZHANG Yan', LIN Fang®, FANG Jian', CHEN Yuxin®
(1. College of Electrical Engineering and Automation, Fuzhou University , Fuzhou 350116, China;
2. State Grid Fujian Electric Power Co.,Ltd. Research Institute , Fuzhou 350007, China;

3. State Grid Shishi Power Supply Company of Fujian Electric Power Co.,Ltd.,Shishi 362300, China)
Abstract ; The high proportion of grid-connected photovoltaics (PVs) leads to a dramatical increase of supraharmonic emissions
at distribution network. The influence of supraharmonic interaction between grid-connected PVs and distribution network is
much more remarkable than that in single PV grid-connected system. So the high proportion of grid-connected PVs reduces the
stability of the grid. In order to reveal the characteristics of supraharmonic emission at high proportion of PVs grid-connected
the effect of PVs connecting to grid on supraharmonic emission is discussed. Firstly,the propagation of supraharmonic current at
high proportion of grid-connected PV is described. Considering background harmonic emission of grid and control circuits of
PVs,a mathematic model is built to calculate the value of supraharmonic currents and summarize the law of supraharmonic
propagation at high proportion of grid-connected PVs. On the basis of the model built by PSCAD simulation platform, the
supraharmonic emission from individual PVs is obtained. The model is also used to show the influence of backgrounds and PVs
on supraharmonic emission. The last but not the least,the model is verified ,based on measured date of concentrated PV access
in Quanzhou city, Fujian Province.

Keywords : distribution network ; supraharmonic ; high proportion ; grid-connected photovoltaic ( PV) ;power quality
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A typical scene generation method considering output power

correlation of photovoltaic power plants
CHEN Haoyuan', JIANG Wei', HAN Jun®
(1. School of Electrical Engineering,Southeast University , Nanjing 210096, China ;2. State Grid Jiangsu
Electric Power Co.,Ltd. Economic and Technological Research Institute , Nanjing 210008 , China)

Abstract ; Since quintessential probabilistic photovoltaic (PV) models like Weibull and Beta distribution are not able to reflect
accurately the changes of PV station’s output characteristics in different scenarios,a data-driven scenario generation model for
distribution system is proposed. The model which is based on the algorithm of local density clustering ( LDC) , takes into
account the correlation of multiple PV stations and the influence of external conditions, thus realizing the accurate modeling of
multiple PV stations’ output power. Firstly, LDC is used to classify historical data into several clusters. Secondly,kernel density
function and copula function are utilized to build joint probabilistic density functions (PDF) in each cluster, and the data of
joint PDF are processed by applying Latin Hypercube Sampling ( LHS). Then,the samples are used for probabilistic power flow
calculation to set up the model which estimates operational condition of distribution network. Finally, the stability of model is
analyzed , and influence of sampling size on model is also discussed. It is shown that the proposed method in the paper improves
the accuracy of modelling for PV station’s output in distribution network , and it also reduces the error of probabilistic power flow
calculation.

Keywords : probabilistic power flow; scenario generation; Monte Carlo; clustering analysis; probabilistic photovoltaic ( PV)

station modelling
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