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Reactive Power Optimization of Distribution Network With Distributed

Generation Based on Improved Particle Swarm Optimization Algorithm
LU Yuting', ZHAO Tianle' , DU Hongji', ZHU Xinyao®
(1. College of Automation, Nanjing University of Science and Technology , Nanjing 210094, China;

2. State Grid Jiangsu Electric Power Co.,Ltd. Research Institute, Nanjing 211103, China)
Abstract ; Reactive power optimization in distributed network with distributed generation is a complex nonlinear optimization
problem. In this paper, the improved particle swarm optimization algorithm is used for the reactive power optimization of
distribution network. The optimization model is established with the minimum system loss and average deviation of voltage as the
objective function and the node voltage and capacitor switching capacity as the constraints. The position variance is introduced
into the particle swarm optimization to prevent the particle swarm algorithm from falling into the local optimal solution. The
particle is mutated according to the fitness value of the particle in the population, and the performance of algorithm is improved
on the basis of guaranteeing the convergence speed of the algorithm. IEEE14 node distribution system with distributed
generation as an example is simulated, the results demonstrate that distributed generation can enhance the stability of the power
grid and the algorithm has better optimization performance.

Key words : reactive power optimization ;improved particle swarm optimization algorithm;location variance
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Regional Monthly Load Forecast Based on EEMD-ARIMA Model
GUO Jianpeng' , SHE Yingling” , WEN Buying’
(1. State Grid Fujian Integrated Energy Services Co., Ltd.,Fuzhou 350007, China;
2. School of Electrical Engineering and Automation, Fuzhou University, Fuzhou 350100, China)
Abstract: Load forecasting is the basis for planning of the grid. The accuracy of the forecast is related to the safe, reliable and
economic operation of the grid. In order to solve the problem of low prediction accuracy due to the unstable original data, this
paper proposes an ARIMA prediction model based on the ensemble empirical mode decomposition ( EEMD) , which performs
the noise processing on the monthly load of a certain area, and then performs empirical mode decomposition to make the
components smoothed. Each component is predicted by ARIMA model. Finally, the component prediction results are added to
obtain the final predicted value. The example shows that the prediction accuracy of the regional monthly load of the EEMD-
ARIMA model is higher than that of the ARIMA model.

Key words: ensemble empirical mode decomposition; ARIMA model ;monthly load forecast
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A Frequency-tuned Resonant System for PD Measurement and Withstand Test

LU Yuxin', LI Bo®, ZHI Yawei’, CHEN Yufei' ,ZENG Xiaoming' , YAN Yuan'
(1. State Key Laboratory of Electrical Insulation and Power Equipment( Xi’an Jiaotong University) ,Xi’an 710049, China;
2. State Grid Jiangsu Electric Power Co., Ltd. Research Institute,Nanjing 211103, China)
Abstract : XLPE cables have become an important part of urban transmission and distribution networks in recent years. As cable
systems become more complex, simple withstand voltage test can not meet the needs of cable fault detection. However, the
traditional frequency-tuned resonant system has a large amount of pulse interference, which makes it impossible to use for
partial discharge( PD) measurement. It introduces an improved frequency-tuned resonant system, using pulse width modulation
and time domain elimination to achieve PD measurement and withstand test at the same time. The effectiveness of the system is
verified by experiments.

Key words: XLPE cables ; frequency-tuned resonant system ;partial discharge ;pulse width modulation ;time domain elimination
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