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Fig.1 Solution framework of CA-based DPVG-EVCS
joint programming model
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Fig.3 Schematic diagram of cross
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Fig.4 Schematic diagram of mutation
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Wind power output scenario generation method based on Copula function

and equal probability inverse transformation
TANG Jin', ZHANG Shuyi®, WU Qiuwei’, CHEN Jian®, LI Wenbo', ZHOU Qian', PAN Bo®
(1. State Grid Jiangsu Electric Power Co.,Ltd. Research Institute,Nanjing 211103, China;
2. School of Electrical Engineering, Shandong University, Jinan 250061, China;
3. Department of Electrical Engineering, Technical University of Denmark , Lyngby 2800, Denmark ;
4. Jiaxing Guodiantong New Energy Technology Co.,Ltd., Jiaxing 314000, China)

Abstract : Under the background of the large-scale increase in wind power utilization , the application of typical scenarios to deal
with the uncertainty of wind output is of great significance. Aiming at the spatial-temporal correlation among the output of
multiple wind farms,an improved scenario generation and reduction method is proposed,and an evaluation method is introduced
to test the quality of the generated scenarios. The exponential function is used to construct a multivariate covariance matrix that
reflects the temporal correlation of wind power, and the Copula function is used to build a multi-wind farm spatial correlation
model. A large number of initial scenes are generated by performing spatio-temporal correlation non-linear transformation and
equal probability inverse transformation on the cumulative probability distribution function of random numbers and historical
data. The K-means clustering method is improved, and the optimal number of clusters is determined by the elbow method and
the clustering effectiveness index,and then the representative spatial-temporal correlation wind scenarios are reduced. Finally,
four evaluation indicators are proposed to test the quality of the scenarios. The calculation results show that the volatility,
climbing situation and spatial-temporal correlation of the scenarios generated by the proposed method are more consistent with
historical data. The proposed method has a higher coverage of actual measured wind power values than another method does.
Keywords : wind power uncertainty; scenario generation; scenario reduction; spatial-temporal correlations; Copula function;

K-means clustering
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Joint planning of photovoltaic generation and electric vehicle

charging station based on co-evolution

JIANG Keke, ZHANG Xinsong, XU Yangyang, LU Shengnan, ZHU Jianfeng

(College of Electrical Engineering, Nantong University , Nantong 226019, China)
Abstract: In response to the gap that the existing methods do not fully consider the random characteristics of the distributed
photovoltaic generation (DPVG) outputs and the electric vehicle charging station (EVCS) charging loads, probabilistic power
flow is analyzed based on the scenario probability method,and a chance constraint based DPVG-EVCS joint planning model is
developed. The locations and capacities of EVCSs and DPVGs are optimized to minimize energy loss in the distribution systems
under a premise of ensuring that the operating conditions of the distribution system meet the chance constraints. Then, co-
evolutionary algorithm ( CA) based on the genetic algorithm ( GA) is used in the DPVG-EVCS joint planning model
calculation. The optimization is decomposed into an EVCS planning sub-optimization and an DPVG planning sub-optimization.
Two sub-optimizations are solved by GA in parallel. And cooperate with two GA populations to evolve through the ecosystem
until the optimal solution to the optimization problem to be sought is obtained. Finally,the IEEE 33 bus distribution system is
built for simulation. The results show that the proposed model can obtain a reasonable planning scheme. And the solution
efficiency of CA is high,which can significantly improve the work efficiency of planners.
Keywords : distributed photovoltaic generation ( DPVG) ; electric vehicle charging station ( EVCS) ; chance constraint; pro-

babilistic power flow ;joint planning; co-evolutionary algorithm ( CA)
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