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Abstract: Aiming at the problems of complex process and insufficient refinement of artificial feature selection in
traditional power quality disturbances (PQDs) classifier, a new PQD recognition method based on Markov transition
field visualization and improved DenseNet is proposed. Firstly, the one-dimensional PQD signal is mapped into a two-
dimensional image by MTF. Then, the image is input into an improved DenseNet with a new channel attention
mechanism. Finally, the network is trained to extract features from a large number of samples by itself, so as to realize
the correct recognition of PQD signals. The example results show that: in the case of no noise and signal-to-noise ratio
of 20dB and 30dB, the proposed improved DenseNet can effectively overcome the shortcomings of traditional methods,
such as strong subjectivity of feature selection and poor anti-noise performance. It can better extract the feature
information of complex PQD, and has a high recognition rate for complex PQD.
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ResNet  DenseNet  ASP-DenseNet
C 100.00 100.00 100.00
Cy 98.00 100.00 100.00
C, 100.00 100.00 100.00
Cs 100.00 100.00 100.00
Cy 100.00 100.00 100.00
Cs 100.00 100.00 100.00
Cs 100.00 100.00 100.00
C; 99.00 98.00 100.00
Cs 98.00 100.00 99.00
Cy 97.00 98.00 100.00
Co 95.00 96.00 98.00
Cn 100.00 96.00 100.00
Cis 98.00 99.00 99.00
Cys 98.00 97.00 98.00
Cuy 100.00 98.00 99.00
Cis 98.00 96.00 100.00
Cig 100.00 100.00 100.00
Cy; 100.00 100.00 99.00
Cis 100.00 100.00 100.00
Cyg 98.00 100.00 100.00
Cao 96.00 98.00 98.00
S Top-1HUIMERS/ %0 98.80 98.85 99.52
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Figure 11 Confusion matrix with single disturbance

classification under different SNR
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Table 3 Recognition results of three classification frames in different noise environment %

20 dB SR AI43 2 Top-1 R HER 2%

30 dB TN 4028 Top- LI HER =

> 1
e SCHk[14]  SCi#k[20]  MTF-DenseNet k[ 14] C#k[20]  MTF-DenseNet
Cy 99.00 81.00 96.00 95.00 89.00 98.00
C, 98.00 98.00 100.00 99.00 99.00 100.00
Cs 100.00 100.00 98.00 99.00 97.00 98.00
C, 100.00 98.00 97.00 100.00 100.00 99.00
Cs 69.00 100.00 99.00 76.00 100.00 99.00
Cs 99.00 100.00 100.00 93.00 100.00 100.00
C; 100.00 100.00 99.00 100.00 100.00 99.00
Cg 96.00 95.00 98.00 92.00 94.00 100.00
Cy — 89.00 96.00 — 100.00 98.00
Cyo 97.00 81.00 96.00 97.00 82.00 100.00
Cpy — 94.00 100.00 — 95.00 100.00
Cyz — 85.00 100.00 — 85.00 100.00
Ci3 — 88.00 96.00 — 100.00 100.00
Cuy 99.00 87.00 97.00 100.00 91.00 99.00
Cis 100.00 96.00 100.00 100.00 100.00 100.00
Ci 100.00 100.00 98.00 100.00 100.00 97.00
Cyy 100.00 99.00 100.00 100.00 100.00 100.00
Cig 95.00 — 99.00 100.00 — 98.00
Cyy 100.00 — 100.00 100.00 — 100.00
Cop 100.00 — 99.00 99.00 — 98.00
T Top-1IRBIMERS/ % 97.00 93.59 98.40 96.85 96.00 99.20
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