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FREAR Ak (particle swarm optimization, PSO)HLiZ%: 5 4 F 4
25 W %% (convolutional neural network, CNN)HI$L 3432577
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ABSTRACT: Aiming at the problems of difficult manual
selection of features, cumbersome classification steps and low
accuracy in traditional power quality disturbance
classification methods, a disturbance classification method
based on particle swarm optimization (PSO) and

convolutional neural network (CNN) was proposed. Firstly,

EEWB: E W H K1 H /2 & R H (SGCQDKO0DWIS
2100205).
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the one-dimensional time series of power quality disturbance
signals were converted into two-dimensional matrices with
equal rows and columns by using the reshaping function, and
these two-dimensional matrices were properly divided into
training data set and test data set. Secondly, the classification
model of power quality disturbance was built based on CNN.
Thirdly, the PSO algorithm was used to optimize the
parameters of the classification model, and the trained data set
was used to train the optimized power quality disturbance
classification model. Finally, the trained power quality
disturbance classification model was tested by using the test
data set, and the class results of various power quality
disturbances were obtained according to the output labels.
Simulation results show that the classification model can
extract the characteristics of power quality disturbance data
by itself. Compared with other power quality disturbance
classification models, this method has higher classification

accuracy for power quality disturbance signals.
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(PSO); deep learning; convolution neural network (CNN)
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Fig. 1 Basic schematic diagram of PSO-CNN

classification method
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Fig. 3 Original waveform of power quality disturbance
signal
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