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Power Quality Disturbances Classification Method Based on
Convolutional Neural Network and Transformer

JIN Xing, ZHOU Kai-xiang, YU Hai-zhou, WANG Sheng-hui*, WU Meng-hai
(School of Electrical and Electronic Engineering, Changchun University of Technology, Changchun 130000, China)

[ Abstract] Tt is of great significance to the development of smart grid on intelligent classification of complex power quality disturb-
ances (PQD). Disturbance feature extraction and location, pattern recognition and classification are the difficulties of power quality
disturbance classification. Based on deep learning, Transformer, which paid attention to global information, was combined with convo-
lutional neural network (CNN). It was good at extracting local features. A power quality disturbance classification method based on
CNN and Transformer, namely CTranCBA, was proposed. This dual-deep learning model classification mainly extracted the
characteristics of power quality disturbance signals by one-dimensional CNN, and used Transformer self-attention mechanism to guide
the model to pay attention to the dependence between different positions in the sequence. As a result, it realized the complementarity of
local characteristics and global characteristics of disturbance signals, and overcame the problems of unclear recognition and inaccurate
classification caused by the limitation of receptive fields. The CTranCBA was compared with Deep-CNN, CNN-LSTM, CNN-CBAM in
23 different power quality disturbance signals. The results show that the CTranCBA is superior in classification accuracy and noise im-
munity, which can provide a new method for intelligent classification of power quality disturbance.
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Fig. 1 Overall framework of the model

B

BRYZ
& 2

LD B relu

J

N i
wlll

relu ALz R iy tHARFAE

ERURE

Fig.2  Convolution block structure diagram
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Fig. 3 Transformer structure diagram
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Table 1 CTranCBA model parameter settings
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Table 2 23 types of PQD signals

Fem PQD 5% Jem PQD {55
D1 Wik DI3 R T + SRS
D2 F R B D14 RIS + B8R
D3 LR T D15 I+ BAIRG
D4 A T D16 LR + Bk
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Fig.5 CTranCBA training map
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Table 3 Comparison of various models

R 5 UE AR 5 5 A % % IO UFAE e (I R BRHEYI LR ]/ SR ]/ BB ZH/MB
Deep-CNN 98.47 0.066 1.8 12.6 373 461 3.80
CNN-LSTM 97.18 0.100 2.2 10.4 107 793 1.24
CNN-CBAM 98.56 0.060 1.9 13.5 439 711 4.19
CTranCBA 99.15 0.034 3.3 18.2 502 367 8.56
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