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Power quality disturbance recognition based on a recurrent neural network

WU Zhaoxu, YANG An, ZHU Longji
(School of Electrical and Information Engineering, Anhui University of Science and Technology, Huainan 232000, China)

Abstract: Given the problems of a complex identification algorithm and the low recognition rate of a power quality
disturbance signal, a new method of applying a long-short term memory neural network to power quality disturbance
signal recognition and classification is proposed. First, a long-short term memory neural network is built in Tensorflow to
establish a power quality disturbance signal classification model. Secondly, the classification model is used to supervise
the original data of the power quality disturbance signal, and the deep features of the disturbance signal are extracted and
connected. The Softmax classifier outputs the recognition rate of each disturbance signal. Finally, a two-dimensional
trajectory image generated by the power quality disturbance signal through the recursive map is used as the input of the
classification model, and the disturbance model is classified by the training model. The simulation results show that the
classification model has good classification accuracy for the one-dimensional and two-dimensional representation of
power quality disturbance signals, and can effectively identify seven single disturbances and six composite disturbance
signals.
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Fig. 1 Recursive graph of normal and disturbance signals
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Table 1 Classification accuracy of different disturbance signals

— SRR %

0dB 40dB

s1 100.00 100.00
S2 100.00 99.00
S3 100.00 95.00
S4 99.00 93.00
S5 100.00 99.00
S6 100.00 100.00
s7 100.00 100.00
S8 100.00 100.00
S9 99.00 97.00
S10 100.00 96.00
S11 100.00 93.00
S12 100.00 99.00
S13 100.00 100.00
S14 100.00 98.00
P35 99.86 97.79
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Table 2 Classification accuracy of different disturbance signals

TR Y%
e

- 0dB 40dB
s1 97.00 90.00
s2 98.00 97.00
s3 97.00 99.00
s4 99.00 95.00
S5 100.00 99.00
6 100.00 99.00
s7 99.00 95.00
s8 99.00 97.00
59 99.00 98.00
510 99.00 95.00
s11 99.00 99.00
s12 99.00 98.00
513 99.00 95.00
S14 98.00 98.00
T 98.71 96.71
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