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Power quality disturbances multi-label classification algorithm based on a multi-layer
extreme learning machine
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(1. Henan Polytechnic Institute, Nanyang 473000, China; 2. Xi’an Jiaotong University, Xi’an 710000, China;
3. State Grid Nanyang Power Supply Company, Nanyang 473000, China)

Abstract: In a power system, the characteristic selection criteria for power quality disturbance classification are not
uniform. Generalization ability is weak, and the classification effect and efficiency need to be improved. In order to solve
these problems, first a multi-layer extreme learning machine auto-encoder is used to optimize the input weights and
extract the characteristics of electric power quality disturbances. Secondly a multi-label classification algorithm based on
ranking is used to consider the correlation between labels and to classify various power quality disturbances. Combining
the two algorithms, a multi-label classification model based on multi-level extreme learning machine is designed, and the
optimal network structure of multi-level extreme learning machine and the optimal classification threshold of multi-label
classification are obtained. The experimental results show that the proposed method can be applied to the classification of
single and compound disturbances of power quality and improve the classification effect and efficiency with higher
classification accuracy and excellent robustness and anti-noise ability.
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Table 3 Hamming Loss under different SNR values

. TPk /dB
WA -
50 40 30 20
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Fig. 13 Comparison results of Hamming Loss
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Table 4 One-type error under different SNR values

I P P A 1 L /dB
50 40 30 20
i) 0.076 0.069 0.085 0.126
H—RKEEMI) 0.077 0.077 0.094 0.135
WBREEN) 0.087 0.080 0.102 0.160
HEREEY) 0.092 0.087 0.108 0.178
SFEE 0.083 0.078 0.097 0.15
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S B TP A= 1 e /dB
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Fig. 15 Comparison results of ranking loss
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Table 6 Coverage under different SNR values

) PR P A W L /dB
50 40 30 20
B35 1.899 1.823 1.851 2278
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Fig. 16 Comparison results of coverage
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Table 7 Average precision under different SNR values

S PR R A 1 L /dB
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Table 8 Training time under different SNR values
TR L/ dB
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Table 9 Testing time under different SNR values
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