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power quality disturbance signals
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Table 1 Classification accuracy of perturbed signals

under different SNR

#3 A0 dB)
A RANE/%

B(0 dB)
PR A E/%

A(30d B)
PR AE/%

B(30 dB)
PRHE/%

C, 100. 00 100. 00 100. 00 100. 00
C, 100. 00 100. 00 100. 00 99. 50
C, 98. 00 99. 50 95. 50 97.50
C, 98. 50 98. 50 99. 50 100. 00
C, 100. 00 96. 00 100. 00 93. 50
Cs 100. 00 100. 00 100. 00 97.50
C, 100. 00 100. 00 100. 00 99. 50
Cy 100. 00 100. 00 100. 00 100. 00
C, 100. 00 99. 00 100. 00 93.00
Co 100. 00 98. 00 100. 00 99. 00
C, 100. 00 94. 50 99. 50 99. 50
Cp 100. 00 99. 50 100. 00 96. 50
Cy 100. 00 99. 50 100. 00 100. 00
C, 100. 00 94. 50 98. 50 87.50
3 99.75 98. 50 99. 50 97.36
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A New Method for Identifying Power Quality Disturbances

WU Zhao-xu, YANG An,ZHU Long-ji

(School of Electrical and Information Engineering, Anhui University of Science and Technology,

Anhui Huainan 232000, China)

Abstract : Aiming at the problems of multiple power quality disturbance signals, slow recognition speed, and
complicated recognition process, a power quality disturbance signal recognition and classification method based on
compressed sensing theory and one — dimensional convolutional neural network is proposed. This method uses
discrete Fourier transform and Gaussian matrix to obtain the sparse vector of the original disturbance signal, uses
the orthogonal matching pursuit algorithm to reconstruct the disturbance signal, and inputs the original disturbance
signal and the sparse vector into the one—dimensional convolutional neural network classification model. It can be
seen from the simulation results that this method can fully reduce the data volume of the disturbance signal to be
processed by the existing recognition method, and realize the expression of the characteristic information of the
disturbance signal with a small amount of data. It has high recognition rate for 14 types of single and compound
disturbance signals with and without noise, which shows that the method has the characteristics of less sampling
data, convenient feature extraction, high recognition rate and better noise robustness.

Key words : compressed sensing; one—dimensional convolutional neural network ; deep learning; power quality

disturbance
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