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Arc fault detection based on wavelet feature and deep learning
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Abstract ; Series arc fault caused by aging damage of line insulation layer and poor electrical contact seriously threatens the power safety
of low voltage distribution system. It is difficult to detect and extinguish series arc fault for its characteristics of small current, high
temperature and strong concealment. Because of above reasons, a method based on wavelet feature and deep learning is proposed for
detecting series arc fault. Firstly, series arc fault experimental platform was built to collect the current signals under typical resistive
load, inductive load and resistive-inductive load. Secondly, after transformed by wavelet transform, collected signals were decomposed to
construct training sets and test sets. Finally, the arc fault was identified by the improved AlexNet model, and the test results were output.
The experimental results show that the accuracy of this method for serial arc fault identification is almost 95. 58% , about 10. 58% higher
than using AlexNet model.
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Fig.1 Multiscale wavelet decomposition
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Fig.2  Structure of improved AlexNet model

%1 iR AlexNet WE—ERERS

Table 1 Improved AlexNet configuration of each layer
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Fig.3  Activation function curve
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Fig.4 Principle of max-pooling

3 BREBREHERIIRE

3.1 ERERAUE A AR AR

1999 4, 3 4 1 5 e L I IR B 2% AFCI ™ 5 i)
Tl bR E—UL 1699 —FL LUK, Tk E#RE T
S 15 L TR 2 8 1022 28 FIUAG # A vl . 2014 4 76
B PRI B A9 T A i AR TS BT A T, R AR
T GB14 287. 4-2014( B KK W R 40 55 4 3843 AL
BRI A ) 1 GB/T31143-2014( Ha Ik RG22
g — MR ) 2
3.2 WERIUEREHERE

Z: 18 GB14 287.4-2014 # H Mk 5k, & T
220 V50 Hz 54 T BUAIR R 22 7 B Ik s r oI A A 26
LCENERME S i, il g3 E EE R EdE
B TG S LR O TR T R TR 4 2 e LA ] R JRE A5
A, FriERE I —RER N 6 mm /7 f 55 LIS,
TG AR B — A 6 mm 4 #s , PR S H AR 200l 0 11 7
26 2% I 1 3 O TR AR R T A 2 R R B

\ 2 |
KIS IR AR E R A

Fig.5 Arc generating device

FRIC B L IS 5 B I B2 W 6 T, skt
g 7 frs ., IR A 220 V ST H, SRR s BE
FH 100W 1P (#7K Pl B BH , 7= % #%( F TiePieSCOPE HS801
A —BIULEA ML . AERTILE R f T, S 1k
FEL R 5 R K A ik, SRS E IR R A e B B
FL 2 B TP 3 L (s e S 30 a9 0 v A
T IS AR 2 T P B 8 D A 2 fl 1 P A 22 1% 3
FE N =B, — B OL T, FF RSV A Sk 4 1k 55
PRAE S A RS H KA (R B SR AN S i
HUIR, % RIS R IUR RS EIFEE T — TP,
SR A s LSRR AR 5 A, O A T IR 28 5 SRR T 2
EF BT LT 5 I, 38 1 0 F R B 15 A% i 2k
B AE F B AT i TF SR = A B sl L AR R I, LA
UEIX A3 IE 381 TAY LT A 2 A O I A FL S . b Ah
A [ P AD SOk R A L

KRR @

RIURAEFEE

Bl6  HsIpc ke i SIS B e 2k

Fig.6  Series arc fault experiment wiring diagram
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Fig.9 The change of training accuracy rate
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Table 3 Comparison of test results of the two methods
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