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Fig. 1 Pretreatment of waveform image

1.1 BE&o 23R

R i G e s X P A7 40 8 B B, 25 Bk i
B OFRHE L L ER, AER B ks JER
ESEE

PR P RO Y T Y
| L L AL LN L

B2 REEGSE

Fig. 2 Segmentation of time-domain waveform image
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Fig. 8 Sparse Denoising AutoEncoder structure diagram
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Tab. 4 Comparison of pattern recognition efficiency and training time of three algorithms
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Partial discharge pattern intelligent recognition algorithm based

on image processing and noise reduction

ZHU Xuliang' ,LIU Chuanghua’ ,HE jin' ,SONG Xiaobo' ,CHEN Rong' ,XING Xiangshang'
(1. State Grid Tianjin Electric Power Research Institute, Tianjin 300384, China;
2. State Grid Tianjin Electric Power Company , Tianjin 300232, China)
Abstract: Partial discharge(PD) detection is the main means of power equipment status evaluation at present. Due to the complexity of
defect map and the diversity of field interference,the traditional local discharge pattern recognition method has low recognition accuracy
and long training time. Based on these problems, an intelligent recognition method of partial discharge map of power equipment based on
image processing technology and sparse data depth de-noising is proposed in this paper. Firstly,image processing technology is used to
preprocess the detected image data. Then the active de-noising is carried out by using the deep sparse de-noising self-encoder. Finally,
extreme learning machine is used as classifier to realize intelligent classification and identification of partial discharge. Using this
method to verify the measured data at the scene of the substation, prove that the method of partial discharge signals containing various
interference has better recognition effect, can apply to the current electric power equipment images information pattern recognition
applications.

Key words : partial discharge ;image processing;deep sparse de-noising;extreme learning machine ; pattern intelligent recognition
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