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Table 2 Ranking of load-related external
features in three methods
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Table 5 Load forecasting error statistics of various feature selection methods
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Optimal feature selection of load power models

YAN Xueying', QIN Chuan', JU Ping', CAO Lu*, LI Jianhua®
(1. College of Energy and Electrical Engineering, Hohai University , Nanjing 211100, China;
2. East China Grid Corporation , Shanghai 200120, China)
Abstract: Load power fluctuation characteristics differ in time and space owing to many influencing factors. It is of great
importance to determine the input features for load power modeling. This paper focuses on the feature selection of short-term
power models. The purpose of this paper is to find the optimal set from the features including historical load , weather and date.
Firstly, maximum information coefficient, recursive feature elimination method based on support vector machine and random
forest are used for feature selection respectively. Secondly,the optimal feature set search strategy based on genetic algorithm is
proposed according to the contrastive analysis. Finally, the optimal set of input features is finally determined. An example of
calculation is carried out based on the bus load data of a 220 kV substation in a certain area. Compared with the load forecasting
results of each feature selection method, the effectiveness and accuracy of the proposed feature selection method in short-term
load forecasting have been verified.

Keywords :load power model ; feature selection;genetic algorithm ; XGBoost ;load forecasting
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Double voltage equilibrium in supercapacitor-based charging process
RUI Liying', HUANG Xuewen®, ZHU Kongjun', XIE Weitai', WU Yipeng'
(1. State Key Laboratory of Mechanics and Control of Mechanical Structures
(Nanjing University of Aeronautics and Astronautics) ,Nanjing 210016, China;
2. Huaneng Shandong Ruyi (Pakistan) Energy (private) Co.,Ltd.,Ji'nan 250014, China)
Abstract: As an energy storage device, supercapacitors are widely used in the industrial field. In order to improve the output
characteristics and extend the life of supercapacitor modules,a double voltage balancing technology for supercapacitor module is
proposed in this paper,which is based on the requirements of the instantaneous power for future aerospace vehicles. The charge
and discharge curves of supercapacitors under constant current conditions are measured to evaluate the characteristics of cells,
which reveals their inconsistency. In the constant process of current charging, the double voltage balancing circuit uses the
Buck-Boost converter circuit as the main circuit, and the switched resistance circuit acts as a backup circuit. The cell in the
module achieves dynamic voltage balance during charging and reaches the rated voltage value at the end of charging without
overcharging. The double voltage balancing circuit solves the problem of voltage imbalance caused by the inconsistency of
monomers in the supercapacitor module.
Keywords : supercapacitor ; non-uniformity ; switch-resistance method ; Buck-Boost converted method; double voltage balanc-

ing circuit
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