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Fig.1 Annual duration power curve of wind power
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Fig.2 Probability density curves of wind power
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Prediction method of output power long-term fluctuation characteristic for multiple
wind farms after aggregation based on improved KDE method and GA-SVM
XIAO Bai',XING Shiheng’, WANG Maochun®, YANG Senlin’,GOU Xiaokan®
(1. School of Electrical Engineering,Northeast Electric Power University,Jilin 132012, China;

2. Yanbian Power Supply Company of State Grid Jilin Electric Power Supply Co.,Ltd., Yanji 133000, China;

3. State Grid Qinghai Electric Power Company,Xining 810008, China)

Abstract: Aiming at the problem that there exists new-added wind power installed capacity during the plan-
ning period but its corresponding measured wind power output data is lacked, which causes the long-term
fluctuation characteristic of output power of multiple wind farms after aggregation in the planning target
year is difficult to be accurately grasped and described,a prediction method for long-term fluctuation charac-
teristic of output power of multiple wind farms after aggregation is proposed based on improved KDE (Kernel
Density Estimation) method and GA-SVM (Support Vector Machine optimized by Genetic Algorithm). The
long-term fluctuation characteristic of output power of wind power is described,and the relationship between
installed capacity and wind power is analyzed during the aggregation process of multiple wind farms. The
improved KDE method is used to generate the probability density curves of output power during the aggre-
gation process of multiple wind farms with different installed capacities. GA-SVM is adopted to establish
the probability density varying model of output power after aggregation of multiple wind farms. According
to the corresponding relationship between probability distribution and duration power curve, the predicted
probability density curve of output power for multiple wind farms after aggregation in the planning target
year is inversed so that the duration power curve which can describe the long-term fluctuation characteristic
of output power in the planning target year is obtained. Engineering project verifies the practicability and

effectiveness of the proposed method.
Key words:multiple wind farms;wind power fluctuation characteristic;kernel density estimation;support vector

machine
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Modeling and control method for large-scale electric vehicle clusters
AN Haiyun', WANG Mingshen', WANG Weiliang’, DONG Xiaohong’,MENG Jian*, HUANG Cheng'
(1. Electric Power Research Institute of State Grid Jiangsu Electric Power Co.,Ltd.,Nanjing 211103, China;
2. Maintenance Branch of State Grid Jiangsu Electric Power Co.,Ltd.,Nanjing 211100, China;
3. State Key Laboratory of Reliability and Intelligence of Electrical Equipment,
Hebei University of Technology,Tianjin 300130, China;
4. State Grid Economic and Technology Research Institute,Beijing 102209, China)

Abstract:The extensive access of renewable energy has a profound impact on the system source-load balance.
The large-scale grid-connected EV(Electric Vehicle) clusters have rapid and considerable adjustable potential,
which can provide power regulation support for the system source-load balance. The existing modeling and
control methods of large-scale EV clusters need to simulate the response characteristics of each independent
EV and develop independent control signals,and the model complexity is high and the computation is large.
At the same time,a large number of control signals will increase the real-time communication pressure and
have high requirements for communication facilities. To solve the above problems, a simplified modeling
and control method for large-scale EV clusters is proposed. Firstly,the response characteristics of a single
EV are fully analyzed,and three access states and four response modes are proposed. Then,finite state sub-
intervals are used to describe the state distribution of large-scale EV clusters, and the output power and
adjustable capacity of EV clusters are evaluated. By changing the state distribution of EVs in sub-intervals,
four response modes are realized. Finally,a control signal composed of two probability values is designed
to reduce the complexity of the control method,and the requirement for communication is reduced by con-
trolling all EVs to receive the same probability signals. Simulative results of an example verify the effec-
tiveness of the proposed modeling and control method.

Key words:electric vehicle clusters;modeling;control method ; probabilistic control ;response characteristics
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Fig.Al Sketch map of wind farms’ distribution in a northwest province
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Fig.A2 Predicted probability density curve of wind power after aggregation of
multiple wind farms in planning target year
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Fig.A3 Prediction error curves
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