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Fig.1 Construction of characteristic parameter

sequences of transformer oil
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Fig.2 DGA diagnosis framework based on
Bi-LSTM network
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Bi-LSTM-based transformer fault diagnosis method based on DGA considering
complex correlation characteristics of time sequence
WU Xiaoxin,HE Yigang, DUAN Jiajun,ZHANG Hui,ZENG Zhaorong
(School of Electrical Engineering and Automation, Wuhan University, Wuhan 430072, China)

Abstract: Transformer fault diagnosis methods based on DGA (Dissolved Gas Analysis) are commonly just
consider data obtained at a single moment, which is susceptible to data errors and cannot fully mine the
online monitoring data sequence information. Aiming at this problem,a Bi-LSTM (Bi-directional Long Short-
Term Memory) network based transformer fault diagnosis method considering the complex correlation rela-
tionship among the characteristic parameter sequences of transformer oil is proposed. Firstly,the characteristic
parameter sequences of transformer oil are constructed,and then the Bi-LSTM-based transformer fault diag-
nosis model is constructed based on the sequence data. Considering the different length of the sequences
in engineering practice,the model inputs are reconstructed by sorting and group filling. The hyper-parameters
are then optimized. Based on the same built database,the proposed method is compared with other methods.
The results show that the diagnosis accuracy of the proposed method after data reconstruction can reach
91.9% ,and only drops by about 1% when the number of characteristic parameter decreased by about two-
thirds, while other methods decrease by about 6% on average. When the sampling data exists a 10% ran-
dom errors, the diagnosis accuracy of the proposed method decreases by 2% to 6% ,and can be improved
by changing the number of hidden layers.

Key words:electric transformers;fault diagnosis;bi-directional long short-term memory network;time sequence;

complex correlation relationship ;dissolved gas analysis
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TableAl Examples of characteristic parameter sequence of transformer oil constructed based on monitoring data
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Fig.A2 Network training accuracy rate under different training batches
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Fig.A3 Network training loss under different training batches



	202008027.pdf
	202008027_附加材料

