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Classification for power quality disturbance based on phase-space reconstruction
and convolution neural network

CHEN Wei, HE Jiahuan, PEI Xiping
(School of Electrical Engineering and Information Engineering, Lanzhou University of Technology, Lanzhou 730050, China)

Abstract: In order to improve the accuracy of the power quality disturbance signals classification, firstly, the
one-dimensional time series power quality disturbance signals are reconstructed into the multidimensional phase space by
phase-space reconstruction theory, thereby obtaining the disturbance signals trajectory and projecting to the
two-dimensional plane, and forming a two-dimensional images. Then these images are binarized to reduce the amount of
data of the signal and highlight the trajectory profile. Finally, the convolution neural network is used to extract the features
of trajectory images and achieve the classification and identification of the corresponding disturbance signals. Simulation
experiments are carried out under the Caffe framework of convolution neural network, showing that the method has high
recognition accuracy and good ability to resist noise.
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Fig. 1 Phase space reconstruction of interruption signal
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Fig. 2 Partial reconstructed trajectory map of disturbance signals
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Fig. 3 Trajectory map samples of power quality disturbance
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