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Electrical Arc Detection using Convolutional Neural Network
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Abstract

The serial arc is one of factors causing electrical fires. Over past decades, various researches have been carried out to detect arc
occurrences. Even though frequency analysis, wavelet, and statistical features have been used, additional steps such as
transformation and feature extraction are required. On the contrary, deep learning models directly use the raw data without any
feature extraction processes. Therefore, the usage of time-domain data is preferred, but the performance is not satisfactory. To
solve this problem, subsequent 1-D signals are transformed into 2-D data that can feed into a convolutional neural network (CNN).
Experiments validated that CNN model outperforms deep neural network (DNN) by the classification accuracy of 8.6%. In
addition, data augmentation is utilized, resulting in the accuracy improvement by 14%.
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positive value, where data is transformed for better visualization
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Table 1. Load types of arc signal

Signal Load
S dimmer(100%) + Incandescent Lamp
S, dimmer(50%) + Incandescent Lamp
S SMPS(220V — 24V, 5A) + Resistance 10 Ohm
S, Air Compressor (UDS3040)
S Heater (Weak, Half-Wave Rectification)
Sy Heater (Strong)
S, 3 Fluorescent Lamps (FL40EX-D)
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Load signal 2-D arc 2-D normal
9, 36 37
S, 42 36
A 91 58
S, 76 43
S 62 73
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Sum 396 331
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Table 3. Classification accuracy of CNN model. (Unit: %). DA=Data
Augmentation. FC=fully-connected

(E2l: HAHIE). DA=Data Augmentation.

FC- DNN FC-DNN CNN

(1XW) (1x(N * W)) (NXW)

DA DA DA

No DA e No DA line

. scaling . scaling
swapping swapping

79.44 85.49 84.26 | 88.04 94.23 94.83

V.2 &

A7)0 20l A LA sk okA4l 20 A& Al 9] A F
Hioll, =2 FFe] dEEol &t 71EY oka AE
7IHES TS Fo, dolE3lY 5 AREshET)
Hh A, 2 Aol M Y FAAHCNN) Y] AR T
7+ ghgoll Bt} 1-D A7 A& 2-D HlolHE #3st
o, 273 29 9] S A58Sith DNN 23 vl
a1 8.6%°] L FAHEE o] ATk T3 HolHFH
& o] &3 °F 14%8] A5 ol e AAAA FH
SFATh &5 Aol A= 2-D HlolE Az W] A B

(1]

:
b
i)
=
l-‘>~r
o

# 13 & 8 (References)

C. Wu, Y. Liu and C. Hung, “Intelligent detection of serial arc fault on
low voltage power lines”, J. of Marine Science and Technology, Vol.

Al

ol
S =

- 20074 : ZACYEm A7 E8tn} ZEpAL
- 19961 ~ BA| : Fy|oHoiTel SAiT

- ORCID : http://orcid.org/0000-0002-1150-1682
- FBAR0}: HRd, AISHR

| o|I K|
=

AN A L&

(2]

(3]

(4]

(3]

(6]

(7]

(8]

(9]

[10]

(1]

[12]

H

A A254 A4Z, 20209 78 (JBE Vol. 25, No. 4, July 2020)

25, No. 1, pp. 43~53, 2017.
S. Ma, and L. Guan,
Network”, Int’ Conf. Measuring Technology and Mechatronics
Automation, 2011.

H. Yuanhang, Y. Wang, D. Enyuan, and Z. Jiyan, “Aviation arc fault

“Arc fault recognition based on BP Neural

diagnosis based on weight direct determined neural network”, Int.
Conf. Electric Power Equipment, 2013.

S. Hong, T. Kim, and S. Lee, “Study of series-arc detection algorithm”,
KIEE Summer Conf., 2018.

N. Perera and A. Rajapakse, “Recognition of fault transients using a
probabilistic neural network classifier”, IEEE Trans. Power Delivery,
Vol. 25, Iss. 1, 2011.

Z. Chen and W. Li, “Multisensor feature fusion for bearing fault diag-
nosis using sparse autoencoder and deep belief network”, IEEE Tran.
Inst. and Measure., Vol. 66, No. 7, July 2017.

H. Gu, F. Zhang, Z. Wang, Q. Ning, and S. Zhang, “Identification
method for low-voltage arc fault based on the loose combination of
wavelet transformation and neural network®, Power Eng. and Auto.
Conf., 2012.

P. Muller, S. Tenbohlen, R. Maier, and M. Anheuser, “Characteristics
of series and parallel low current arc faults in the time and frequency
domain”, Proc. of the 56th IEEE Holm Conf. Electrical Contacts, 2010.
G. Yunmei, W. Li, W. Zhuoqj, and J. Binfeng, “Wavelet packet analy-
sis applied in detection of low-voltage DC arc fault”, IEEE Industrial
Electronics and Applications, 2009.

S. Lee, C. Choi, and M. Kim, “CNN-based people recognition for vi-
sion occupancy sensors”, Journal of Broadcast Engineering, Vol. 23,
No. 2, March 2018, pp. 274-282.

E. Kim and W. Kim, “Face anti-spoofing based on combination of lu-
minance and chrominance with convolutional neural networks®,
Journal of Broadcast Engineering, Vol. 24, No. 6, pp. 1113-1121,
Nov. 2018.

T. Um, F. Pfister, D. Pichler, S. Endo, M. Lang, S. Hirche, U. Fietzek,
and D. Kuli¢, “Data augmentation of wearable sensor data for
Parkinson’s disease monitoring using convolutional neural networks”,
19th ACM International Conference on Multimodal Interaction
(ICMI), Nov. 2017, Glasgow, UK.




ol 9 33l AF AL o8& A7l ok AE HE 575
(Sangik Lee et al.: Electrical Arc Detection using Convolutional Neural Network)

X XA

342

- 19974 : BAMCIED HO{AISZ5tT SHA}
- 20174 ~ BIRY : SIZRI[OHHTA} A7[ooI7Y Moloiqel

- ORCID : https://orcid.org/0000-0002-1474-0646
- FRAIEO0F : System Architecture, Real Time Data Streaming Processing

2o

- 20134 : S| 5
- 20164 : SHETY Arodrl 7|28t} ZEMA

'! !' t

‘ - 2016 ~ SAY : SHEAY|QMZAL AT7|QRHATR MU
- ORCID : https://orcid.org/0000-0003-1391-949X
- FEAZ0E: 10T, AlsshA, mAld, MI|[MAEL

AR

F

Ol
o B

Bt

ot

crisim X713
E C

o o
B
o

=
K
=

ol

S
&

o

- 198341 : SHUTHSIT MAFZSHL SiAL

- 19864 : University of Washington, Seattle 7|38t} ZstAA}
- 19924 : University of Washington, Seattle 7|38t} ZstaiA}

- 19924 ~ 1998W : AMEEEI | &) AT

- 19981 ~ SR : ZACHSIW HFEHYESLSE Y W5
- 20164 ~ 20184 : ZQIClislm MEEAINITA AX}

- ORCID : http://orcid.org/0000-0002-4702-8276

- LM E0F: AFEHEN, 3DHMAM2|, HAHLESE



