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A detection method for electricity theft in a high loss station area of a distribution
network based on ISSA-SVC
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Abstract: Existing machine learning based user electricity theft detection methods have insufficient detection efficiency
and accuracy. Thus an ISSA-SVC model based on the improved sparrow search algorithm (ISSA) to optimize the
parameters of support vector classification (SVC) is proposed. First, the model analyzes the correlation between line loss
rate and electricity theft, metered electricity consumption and electricity theft, metered electricity consumption and line
loss, electricity supply and electricity theft, electricity consumption on the most recent day and adjacent days, and
electricity consumption curves of the users with similar characteristics on each day of the station area to extract the
characteristics of the users’ electricity theft. Secondly, it uses the dynamic time warping (DTW) algorithm to calculate
their correlation coefficients. Finally, it uses ISSA to optimize the SVC penalty parameter C and kernel parameter g, and
detect electricity theft users in the station area. Simulation examples and analysis of real grid data show that the proposed
method has higher efficiency and accuracy than traditional power theft detection methods.
This work is supported by the National Natural Science Foundation of China (No. 62001202).
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Fig. 1 Topological structure of the substation area
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Table 3 Comparison of electricity theft detection results
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Fig. 5 Confusion matrix for electricity theft detection
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Table 4 Comparison of electricity theft detection methods

Tk WEHR%  BRER% BTER/Y%  FloME
SVM 86.23 80.88 82.23 84.02
ALO-SVM 92.36 88.82 90.32 91.28
PSO-SVM 94.10 90.36 92.63 93.52
ISSA-SVC 97.14 92.32 93.56 95.30
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