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Table 2 Variable information utilization
under different screening thresholds
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Fig.4 Prediction results when a* =0.8 and b* =0.9
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Table 3 Predicting results of four different models
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Evaluation method for the combination weighting of charing

machine operating performance based on TOPSIS method
LIU Yali', WANG Xudong', ZHAO Yingchun', HU Cheng”, LIU Yujun®
(1. State Grid Tianjin Electric Power Company Electric Power Research Institute , Tianjin 300010, China;
2. School of Electrical Engineering, Southeast University , Nanjing 210096, China)

Abstract: With the development of electric vehicles (EVs), the performance of the chargers has a great influence on the
feeling of EVs users. This paper proposes a method based on the combination weighting method and the TOPSIS ( technique for
order preference by similarity to an ideal solution) method in order to evaluate the operating performance of EV chargers
scientifically and reasonably. Firstly, the static and dynamic indicators of the charger performance evaluation are established.
Static indicators include the output performance, safety performance, electromagnetic compatibility and other performance of
EV chargers. The dynamic indicators are defined as the influence of the chargers on the power quality of the grid. Then, the
combined weights are formed with the subjective and objective weights based on Game theory and all the weights are normalized.
Finally, the TOPSIS method is used to score the closeness of the operating state of the charger. Three chargers chosen from
Tianjin market are used as case study and the evaluation results correspond with the sales. So the proposed method can evaluate
the chargers in a comprehensive way and provide a reliable suggestion for the charger consumers.

Keywords : charger ; combination weighting method ; TOPSIS method ; comprehensive evaluation
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Optimization of ultra-short-term wind power

predicting model based on MIV-PCA
XU Longbo', WANG Wei’*, DING Yuhan®, ZHANG Tao>’, WANG Shaoyong'
(1. Guangdong Electric Power Design Institute,China Energy Engineering Group Co., Ltd.,Guangzhou 510663, China;
2. NARI Group Corporation, Nanjing 210016, China; 3. NARI-TECH Control Systems Co., Ltd.,Nanjing 210063, China;
4. School of Electrical and Information Engineering,Jiangsu University , Zhenjiang 212013, China)
Abstract:In order to solve the problems such as variable redundancy and model complexity in ultra-short-term wind power
prediction based on dynamic neural network (DNN) , a novel method is proposed by combine the mean impact value (MIV)
and principal component analysis (PCA) to optimize the predicting model constructed by DNN method. MIV method calculates
the influencing degree from the input variables to the output and obtain the most important input variables to simplify the
predicting model. However, its information utilization is low. PCA method extracts the principal components from the rest of the
input variables. The information utilization can be greatly improved by adding a small number of principal components to make
up for the deficiency of MIV method. It is verified by the data analysis and experiment that the optimized predicting model can
assure the high contribution of the input variables and reduce the model complexity, which preserves the important information
of the original system greatly, reduces the risk of introducing noise to the model, and makes the predicting result being
improved significantly.

Keywords : wind power ; ultra-short-term prediction ;mean impact value ; principal component analysis ;model optimization
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