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Arc fault detection system based on asymmetric convolutional neural network

Zhang Ting Zhang Rencheng Yang Kai

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

Abstract: Series arc fault is an important cause of electrical fire, and effective detection can ensure the normal operation of lines and
reliable work of electrical equipment. According to the difficulty of low voltage series arc fault detection, a recognition model based on
asymmetric convolutional neural network is proposed to extract series arc fault information adaptively. To solve the problems of series arc
faults with many types and hidden information, firstly, the time-domain data processing method of Gramian difference angular field is
used to map the time-domain signals simulated by load into two-dimensional matrix after polar coordinate transformation and trigonometric
transformation, so as to increase the space occupancy of fault data points and data association information. Then, in order not to increase
the time cost and improve the recognition efficiency of the model, the residual neural network is improved by adaptive asymmetric
convolution and multi-channel discrete attention mechanism as the series arc fault model in low-voltage lines. Finally, a container is used
to encapsulate the trained fault identification model to realize the fast analysis of fault information. Verification shows that the recognition
rate of series arc fault can reach 99.95% , and it has good recognition effect.

Keywords :series arc fault detection; Gramian difference angular field; residual neural network; adaptive asymmetric convolution;

multichannel attention mechanism; on-line detection system
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Fig. 1 Encoding map of Gramian Difference Angular Field
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AA-ResNeSt( Z=30) 2.8x10° 99. 95
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FIAH Docker 255 B 28 Flask v | 52 Bl 2E A4 B ) 7 286
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Table 6 Model online deployment environment

BT R B B R
CPU AMD Ryzen 7 5800X
A7 26
TR S NVIDIA RTX 3080 10 G

PERSE Ubuntu 20. 04

Y T 45 2 50 10 28, o Bl B P, R
T DR PN S A TR BRI, BIRE A A T S B T
IS5 R TR AEAD B, FEK BB N 19 fe R E 2R 5 | D i &
FHN B R AL, DU Sl 25 R, R S B DT ) AR AL
IP127.0.0. 1% 14 5 000, 763 S &% FR i A 127.0.0. 1
5000 A LA5E RS E

TR T vy S T 7 32 58 R PR TR, T LA AR 55
ARG TSE A A E LR IR, XA A& 9 FTOR
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Fig. 9  Arc fault detection system interface
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Fig. 10 Interface for the system to identify result
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Table 7 Terminal response time

pik-esill LB B/ ms EHW TAE/ms
BELHE: 21.5 21.8
& 21.8 22.0
ik 23.5 20.7
PP SES 19. 8 20.5
vk 20.0 20.7

E-55 3 0 22 kL I a2 W ik L e, A i
NEZE ARSI v AR IS RS RS 85 55 )y ThT R4 7 %
H ST ARSCATER A9 AA-ResNeSt 732 47 ¥EM, tn 2 8
TN TEIZWIGRE J) 75 T, A SCRT H2 A5 AU B 2 [w] B A6 I 52 35
L2 % T ) S kR e A AR PR ICIC R S 6, LY 3
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Table 8 Comparison of diagnostic schemes

5 1018 2[19] 3[20] 4 (AA-ResNeSt)
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" 2 L AR S22 R B (B B B 2
PEEARI B FFT,CZT Ml DB4 AAHFEEAR  FRT MRS WA R SRR 5 5 HELRY Y 3
TR BELME it e BiLPE R Ak T BiLPE Btk TF ek BELME JBHE Ak e T
[ 99. 85% 99.22%(3 919/3 950) 98.36% (1 377/1 400) 99.95% (1 999/2 000)
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