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Abstract

Aiming at the difficulty of single-phase grounding fault feature extraction in distribution network
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and the low accuracy of existing detection methods, this paper proposes a fault line selection
method based on two-dimensional grayscale generated by original data and CNN-GRU. Firstly, the
original current waveform is obtained and intercepted to generate a two-dimensional grayscale im-
age, so as to effectively retain the obvious and comprehensive original information of fault charac-
teristics. Then, CNN adaptively extracts the local features of the time-frequency grayscale image,
and GRU learns the context dependency from the local features learned by the CNN layer. Finally,
the fault line selection is realized through the SoftMax layer. The simulation results show that the
accuracy of the proposed method is 99.41%, which is higher than that of the existing methods.
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Figure 1. Generation principle of
two-dimensional gray image
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Figure 2. Local feature extraction module
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Figure 3. GRU neuron structure
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Figure 4. CNN-GRU model
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Figure 5. Flow chart
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Figure 6. Distribution network grounding simulation diagram
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Table 1. Data set parameters
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Figure 7. Training iteration diagram

B 7. giEKE

ME 7 TR, it 1800 iERINS G, AL ATUI 2RI R X ) 100%, #7454 0.0053. # 5.2 71
FRE 2880 AR EEA T A IIZRAF ) CNN-GRU FREEATIIR, JEZEIERIR A 99.41%. X i B A SCHEH 1)
s 2 A 7 v B T v ) A LR A R

5.4. FREN LR
AT HE— R BLA ST AN Rk, (T CNN A CNN-LSTM 55 S e ih 0 R 2430847 Hfie . ook
2 R T MR R LA R T 8 R TR T RO L

‘I:lCNN‘ \E CNN-LSTM‘ \E CNN-GRU

1004 99.38
98.88 '
98.38 98.47 98.77

94.67

93.88

92.45

KBEI%

86.3

T T T T T
10 20 30

B 7=/dB

Figure 8. Feeder detection results under different noises
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Table 2. Feeder detection results of different methods without noise
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