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Table 2 Classification recall rate of submodels

and fusion methods
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Fig.3 Comparison of evaluation indexes among

submodels and model fusion methods
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Fig4 Comparison of evaluation indexes among

comparison methods and proposed method
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Intelligent identification method of power grid fault events considering

sample classification imbalance
WEI Zhinong',SHI Dongming',ZHANG Ming*,SUN Guogiang',ZANG Haixiang', SHEN Peifeng’
(1. College of Energy and Electrical Engineering,Hohai University,Nanjing 211100, China;

2. Nanjing Power Supply Company of State Grid Jiangsu Electric Power Co.,Ltd.,Nanjing 210019, China)

Abstract: In order to solve the problem that the difference

in the power grid affects the accuracy of fault intelligent

method of power grid fault events based on cost-sensitive

proposed. Firstly,the Word2vec model is used to vectorize

of the failure probability of different equipments
diagnosis technology, an intelligent identification
learning and model adaptive selection fusion is

the pre-processed power grid alarm information,

and two bidirectional long-short-term memory networks are established as basic classification models. Then,
the cost-sensitive loss function is designed. The cross-entropy loss function and cost-sensitive loss function
are respectively applied to the two classification models. Finally,a model adaptive selection fusion method
is proposed to fuse the above classification models,so as to obtain the identification results of fault events.
Actual data test shows that the proposed method can effectively reduce the impact of sample classification
imbalance in the fault event identification.

Key words: identification of power grid fault events; deep learning; classification imbalance; cost-sensitive

learning;model fusion
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