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Audio detection of transformer partial discharge fault based on SPNCC
and one-dimensional dual-channel CNN-LSTM

ZHAI Xueming', GUO Jia', ZHAI Yujia’

(1. School of control and computer engineering, North China Electric Power University, Baoding 071003, China; 2. State Grid
Shijiazhuang Electric Power Company, Shijiazhuang 050000, China)

Abstract: The sound signals generated during transformer operation contain abundant state information, which can be
used as an important basis for transformer fault diagnosis. In order to improve the audio diagnosis effect of transformer
fault, firstly, the sound signals collected in the field during transformer operation are divided into working environment
noise signals, normal working audio signals and partial discharge fault audio signals. Then, the non-stationary environ-
mental noise and short-term stationary environmental noise signals in the original audio signals are removed by the
methods of convolutional neural network classification, wavelet packet decomposition and Butterworth band-pass filter-
ing. And a one-dimensional two-channel convolutional neural network-long short-term memory (CNN-LSTM) model
for transformer partial discharge fault identification is established based on the simple power normalized cepstral coeffi-
cient (SPNCC) feature. By collecting sound signals from a 500 kV substation transformer operation under different nat-
ural environments and the fault simulation experiments, the feasibility of the proposed partial discharge fault recogni-
tion model is verified. Compared with traditional audio fault diagnosis methods, the proposed model has a faster conver-
gence speed, better fault identification accuracy and fault classification accuracy.

Keywords: transformer partial discharge; transformer fault detection; smart grid; wavelet packet decomposition; simple
power normalized cepstral coefficient; Gammatone filter; convolutional neural network; long short-term memory
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