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An arc fault detection method based on the self-normalized
convolutional neural network

Zhang Ting, Wang Haiqi, Zhang Rencheng, Tu Ran, Yang Kai

(College of Mechatronics and Automation, Huaqiao University, Xiamen 361021, China)

Abstract : The electric arc fault is an important cause of electrical fire. When the series arc fault occurs in the low-voltage circuit, the
traditional feature extraction method cannot fully express all the data features of the time domain signal. The feature expression ability of
arc fault is limited, which may bring high false alarm rate and miss alarm rate of detection results. To solve this problem, an arc fault
detection method based on the self-normalized convolutional neural network is proposed. This method intercepts the current time series of
different kinds of loads according to half period. Then, they are normalized. The two-dimensional images of arc faults and normal
operation are generated by the grayscale data transformation. The gray transformation features of arc faults are extracted by using the
convolutional neural network. The arc fault convolution features are identified by multi-layer full connection layer fitting calculation of the
following sampling information. The evaluation shows that the accuracy of the proposed method is 99.67% , which is better than the
traditional convolutional neural network and has good generalization performance.

Keywords : series arc fault detection; grayscale data conversion; self-normalized convolutional neural network
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Fig. 1 The principle of convolution
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Table 1 Experimental data set of arc faults

P DI EH TAE

S [T s ik
+0.1/-0.1  100/100 100/100 100/100 100/100
+0.2/-0.2  100/100 100/100 100/100 100/100
+0.3/-0.3  100/100 100/100 100/100 100/100
+0.4/-0.4  100/100 100/100 100/100 100/100
+0.5/-0.5  100/100 100/100 100/100 100/100
+0.6/-0.6  100/100 100/100 100/100 100/100
+0.7/-0.7  100/100 100/100 100/100 100/100
+0.8/-0.8  100/100 100/100 100/100 100/100
+0.9/-0.9  100/100 100/100 100/100 100/100
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Fig.4 Resistive half-wave data and grayscale conversion map
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Fig.5 Inductive half-wave data and grayscale conversion map
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Fig. 6 Capacitive half-wave data and grayscale conversion map
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convolutional neural network , SCNN) 15 51) Ha, B i | A5 15
RN 7 Fras o 6T HL SIS R A R AR — 3 28R
SHES5 , W48 B Jo— 2 CE ST, R TR 1 U
ZORMIHE 7 600 L5 B2 FE RS P e SR % B8 8 -2/ 1L
W53 I ZRE DR AE AR o3 P B B T LIS i A\
TR 2675 BR BN A b bR% 0 ARFR IR , 4725 1

RFEH TAE,

Conv_3. Conv_4

Conv_5. Conv_6
Max-pooling
SELU

2 SCNN #EE S #
Table 2 Parameters of the SCNN model

e R S R kernel  AlphaDropout IH7E K

1 B SELU  8x(3x3) - same 1
2 B SELU  8x(3x3) - same 1
3 Rtk - - - same 2
4 BN SELU  16%X(3x3) 0.3 same |
5 HBH SELU  16x(3x3) - same 1
6 Kbk - - - same 2
7 B SELU  32x(3x3) 0.5 same 1
8 B SELU  32x(3x3) - same 1
9 Rk - - - same 2
10 2% SELU 1024 0.5 - -
11 &EE SELU 256 0.4 - -

12 & SELU 64 - - -
13 &% SELU
14 &2 SELU 2 - - -
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Table 3 Comparison of arc fault identification results %
e R 24 B NiRTEES FELES GRS F-1 #845 PES DR &S
1 ACNet 98.95 99. 31 98. 49 98. 90 1.38 0.69
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