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Fig. 1 Flow of low voltage cause diagnosis
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Fig. 2 SVM classification flow chart based on particle swarm
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A low voltage diagnosis model for distribution network based

on particle swarm optimization algorithm
LI Zhanying' ,MA Fulan’ ,MA Weibing’
(1. State Grid Qinghai Electric Power company huanghua Electric Power company, Jianzha 811200 Qinghai, China;
2. State Grid Qinghai Electric Power company haibei Electric Power company, Haiyan 812200 Qinghai, China
3. State Grid Qinghai Electric Power company hainan Electric Power company, Gonghe 813000 Qinghai, China)
Abstract: With the development of smart grid construction, traditional low-voltage cause diagnosis based on detection technology has
become a data big data classification technology based on data mining, and data classification research focusing on the cause of low
voltage failure is still in its infancy in China. For this reason, a low-voltage diagnostic model of distribution network using improved
clustering algorithm and support vector machine classification algorithm is proposed. The model first uses Canopy-Kmeans clustering
algorithm to analyze the low voltage causes based on the historical operation data of the distribution network and obtain the possible low
voltage causes. Then the particle swarm optimization algorithm is used to support the SVM data classification algorithm. Parameter
optimization, finally using the support vector machine algorithm of the result parameter optimization to classify the real-time operation
data of the distribution network collected by the smart meter for low-voltage causes and finally output the diagnosis result of the low-
voltage fault. Experiments show that sampling based on particle swarm optimization based support vector machine diagnostic model can
achieve 90% low-voltage cause diagnostic accuracy.

Key words: low voltage ; Canopy-Kmeans ; particle swarm optimization( PSO) ;support vector machine( SVM)
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