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Abstract: Aiming at the burning loss of smart electricity meters, after correlation analysis of various factors, this
paper proposes a burning fault prediction for smart meter based on XGBoost algorithm. Taking the data of a province
from 2019 to 2020 as an example, the proposed method is tested and verified. Using the basic information data, opera-
tion data and environmental data, the proposed method is compared with the traditional algorithms such as KNN, na-
ive Bayes and support vector machine. The results show that the burning fault prediction of the XGBoost algorithm is

better than the traditional algorithms. The precision of the XGBoost is 91%, the recall is 66%, and F,—score is
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76.51%. In the process of system deployment, LSTM algorithm is used to fill some missing values. The experimental

results show that the model can accurately predict the burning fault of smart meter in low—voltage platform area.

Key words: smart meters ; meter fault; burning fault prediction ; XGBoost algorithm ;imbalanced data
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