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Prediction of power grid fault repair time
based on multi-model fusion
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Abstract: There are many types of power grid faults, and the reasons are complicated. The prediction of fault repair
time is difficult. Due to the rise of new technologies such as deep learning, it is feasible to accurately mine the faulty
worksheet and accurately predict the fault repair time. Taking the historical grid fault repair worksheet as the research
object, the multi-model fusion prediction method was proposed, and the prediction results of LightGBM, XGBoost
and LSTM were weighted and fused. The experimental results show that the multi-model fusion prediction method
can accurately estimate the fault repair time and provide better support for the automation and intelligence of grid
fault repair.
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