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Optimization of fault diagnosis for distribution network feeder
based on adaptive threshold selection algorithm

OU Zhujian, HUANG Dongdong, WU Xinan, GU Binshi, QIAN Linghan

(' State Grid Nantong Power Supply Company, Nantong 226000, Jiangsu, China )

Abstract: The accurate diagnosis of feeder faults in distribution networks is of great significance for ensuring the safe and stable operation of
power systems, especially in application scenarios such as medical laboratory management systems that require high reliability of power
supply. A distribution network feeder fault diagnosis optimization method based on adaptive threshold selection algorithm is proposed to
address the problems of threshold selection relying on experience, insufficient noise resistance, and limited positioning accuracy in traditional
feeder fault diagnosis methods. By improving the regularization of the adaptive threshold selection algorithm, the threshold can be adaptively
adjusted according to the characteristics of fault signals and noise levels, and embedded into the distribution feeder fault diagnosis model to
enhance the stability and accuracy of fault feature discrimination the proposed method is validated through noise disturbance experiments and
analysis of actual distribution network feeder applications. The results indicate that under the influence of the adaptive threshold selection
algorithm, the difference in image correlation coefficients between each comparison model is less than 0. 1, demonstrating strong noise
resistance. In practical distribution network feeder application experiments, the optimization model proposed by the research institute has
fault localization errors of 0.05% , 0.34%, 0.37%, and 0. 28% under four typical circuit conditions, all of which are lower than the fault
localization errors under the comparative algorithm. Research shows that this method can effectively improve the accuracy of fault diagnosis
and operational stability of distribution network feeders, and has certain engineering application value.

Keywords: adaptive threshold selection algorithm; feeder; fault location diagnosis; distribution network; power system stability ; medical
laboratory management
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Fig. 1 Network feeder operation process
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Fig. 3 Flowchart of theadaptive threshold selection algorithm
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Fig. 5 Results of noise experiments
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