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Abstract: Identification of power quality event (PQE) is the basis for maintaining stable operation of smart

grid. From the perspective of pattern recognition, a fast and accurate PQE detection algorithm was proposed. The

algorithm included two stages, including feature selection and decision making. In the first phase, based mainly on

the histogram method, this method could detect most PQE classes and combines with discrete wavelet transform

(DWT) based techniques to improve performance by using multiresolution analysis. In the second phase, PQEs

were classified using an extreme learning machine (ELM). The experimental results on the real dataset show that the

detection accuracy of the PQE is superior to other methods.
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Fig.1 8-level multi-resolution analysis based on DWT
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Fig.2 8-level DWT-entropy feature of sample PQEs
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