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Fig.1 Architecture of a PNN
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Tab.1 Results of signal recognition
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Fig.2 The low-frequency coefficient modulus
of voltage sag and voltage interrupt signal
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Tab.2 Results of emulational signal recognition
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Auto recognition of power quality disturbance based on
probabilistic neural networks and double wavelet
SHI Min,WU Zheng-guo,XU Xi
(Naval University of Engineering, Wuhan 430033, China)

Abstracts: Auto recognition of PQ(Power Quality) disturbance is the premise of finding out the
ultimate cause of PQ problems. A method based on PNN (Probabilistic Neural Networks) and
double wavelet of dbl0 and dbl for auto recognition of PQ disturbance is proposed. The signal is
decomposed by db10 wavelet,the energy of wavelet transform coefficients at different levers and the
status of the first layer high - frequency decomposition coefficients module maximum are severed as the
input vectors of PNN for disturbance type judgment. Fast Fourier transform is applied to the signal to
detect its harmonics. The signal with voltage drop is decomposed by dbl wavelet,and the voltage sag
is distinguished from voltage interrupt signal by the module of the low frequency coefficients. Test
results show that the correct recognition ratio is improved. The proposed method is easy to implement
and detect the harmonic with low magnitude effectively.

Key words: power quality; disturbance recognition; probabilistic neural networks; wavelet trans-

form; double wavelet; fast Fourier transform



