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A new method of power quality de-noising based on the wavelet neural network
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(The State Key Laboratory of Power Transmission Equipment & System Security and New Technology, Chongqing University,
Chongqing 400044, China)

Abstract: In power system, there is always heavy noise in power quality signals, which influences the monitoring results badly.
Wavelet meural network is introduced to denoise the power quality signals, denoising principle is deduced. Denoising simulating
research is taken on common power quality signals such as harmonics, voltage swell, sag and interruption. The results show that the

denoising model can improve power quality signal SNR threshold. Using wavelet network to de-noise power quality signal can obtain

the ideal de-noising effects and reserve power quality signal feature information.
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Fig.1 Construction of wavelet neural network
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Fig.2 Harmonic signal
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Fig.5 Voltage interrupt signal

F 1 ESNEHREMEEEREE SVRF1 MSE
Tab.1 SNR and MSE of signal after de-noising

HLAE ST A5 5 i AR A SNR/dB MSE
T 32.561 8 0.446 5
R T 33.561 8 0.395 6
N2 31.5625 0.4913
JLIS o 317892  0.4039

R 2 FES/NRRBIEEBEER) SNRF MSE
Tab.2 SNR and MSE of signal after de-noising

FEL AT {5 5 A i AR A SNR/dB MSE
W 28.524 0.501 3

L BT 29.791 3 0.4123

HL 7 27.464 3 0.5143

JELIN ek 28.934 3 0.4013

3 FESNKEEREEREH SV MSE
Tab.3 SNR and MSE of signal after de-noising

HLAE ST AR o i AR SNR/dB MSE
T 25.115 0.502 6
R 27.003 0.4178
HL I R 24.995 0.498 5
JELIN e e 25.337 0.4019
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