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Multi-Scale Residual Attention Network based on Multi-Level
Discrete Wavelet Transform for Arc Fault Classification
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Abstract

This paper proposes a deep learning model that combines Multi-Level Discrete Wavelet Transform(DWT) and
Multi-Scale Residual Attention Network(MSRAN) to accurately classify arc faults occurring in various power loads.
The proposed model effectively learns the complex patterns of power signals by incorporating a multi-scale feature
extractor that extracts features from different frequency bands, and residual blocks that prevent information loss in deep
networks. Furthermore, the self-attention mechanism emphasizes important patterns within the signals, thereby enhancing
fault detection accuracy. Experimental results show that the proposed model can learn power signal patterns and detect
faults with a high accuracy of 99.38%, outperforming traditional approaches and existing neural network models.

Keywords
arc fault classification, multi-level discrete wavelet transform, multi-scale residual attention network, attention mechanism

* Qe st Al g o BB E5 A A2l - Received: Nov. 04, 2024, Revised: Dec. 16, 2024, Accepted: Dec. 19, 2024

- ORCID'": https://orcid.org/0009-0000-7093-3218
- ORCID* https://orcid.org/0009-0004-9623-0878
- ORCID®: https://orcid.org/0000-0002-8163-9388
PN TY AYd T
- ORCID: https://orcid.org/0000-0003-2909-2319
o G Ay AFHRST ZUFF
- ORCID: http://orcid.org/0000-0002-0035- 5261

FRAAA

+ Corresponding Author 1: Jong-Hyuk Lee

Dept. of Al and Big Data Engineering, Hayang-ro 13-13, Hayang-eup,
Gyeongsan-si, Gyeongsangbuk-do, Korea
Tel.: +82-53-850-2882, Email: jonghyuk@cu.ac.kr

+ Corresponding Author 2: Ji-Hoon Bae

Dept. of Computer Education, 250 Taeseongtabyeon-ro,
Gangnae-myeon, Heungdeok-gu, Cheongju-si, Chungbuk, Korea
Tel © +R2-43-230-3705. Fmail: haeih@knne ac kr


https://crossmark.crossref.org/dialog/?doi=10.14801/jkiit.2025.23.2.155&domain=https://ki-it.com/&uri_scheme=http:&cm_version=v1.5

156 ot 2% BFE 9%

f
e
olX
4
SN
o
2
L)
o,
i3
)

19
ot
~

.M B

HZ A9 A2 AT 8E4SE Fo]7
A3 A7 A AAHCR s APHT glo
H, 53] A @A Y Lokl dY Faet
AgS AAICE A seE 7eo] A o F&
g oo BAFH SITI] ofd wet Ar]A A
8} E3] ol3 AdKArc faul)e A Euj A|2Eld]
T HEE M 5 glon, AAo ZAAHA] o
shA A, ARl &4, 2o AR AL Ast

% 2e BAE 24T 5 Ak ool wet 1
Az A Tk A% e ANTOR B

At A&sA ded o e a=stE At
(o]

RN

o N
ox
tlo rok

o

>

rlo

>

v

>,

fol

lo

ne

o

ot

=)

At}

o

T

i)

fr 4z ox & =4

o :
r {

rE
oft
i)
A
1124_‘
<
>

ot
=)
r
o
>
>
()
o
i
r]I.
oft |
Q‘L

=
g
)
N
-
30
=
o
—_

O

R

)

o

v

_?_1(‘

Sl

24

i

%

Omﬂ

o

N

o
IEM
,
2

[
o
ol
i
)
o,
N2
Ing
ok
N
i)
o
gk
e
ol

-

& re
)

fr -
[
rlo

ol
1>
Wi [1.19,

==

=2
>
X
L T fo e i

Of
-

&
o
i
r
o
ri
ol
1>
rlo
v
o2
e
N
o &
B
M 2 do
o 1

o
<
rr
2
1%
(>
}01.
o
A
L
ot
(g
offl
o
|

ofy
L

N
1
%{1
o
r
e
[>
Y
e
=y
>
4
TN
ro it
' Jlm
il
o
> —N of
o &

E
o
o
rd
B
ofr
ol
>
&2
lo
)
o
fru
ol o
Fo
b T

— =5
~
—_—

l"l—r
i ox
o
N
i)
o=
_?l_‘, -

l‘-?ﬂ oM-r
&
X
u[y
Jz
of
ol
N
Ho
:<I}L_r’
o e 33
=2
o X

oxl
i
m
1
%
FiF
o M e
e > M
X
=2
2 rlr

>
[t
M
1%
ofr
ol
£
)
Ho
ol rlo
El
r
¥ o e & ook rt L

© o >

> > r_a
o
ofy
[
N
e,
Jlm
o,
o
o2

oy & 2 o
1 1e e 2

=

olFd tF 2AY T4e Ao E FEP|
Al & =EAAME vF 2AY T HES
F(MSRAN, Multi-scale residual attention network)”]
W gy 2R AT, ol 1Y A5t
@l BRHoR %Y+ Y=g WANY

3
om, o] 2AQNN BHE 23T 247 3
de st 0% 2AY 54 3379 2o] 9
L ogle] B2Q AP Ay Asol BAW WE
He Adsl magd. S, 358 AE
Ao dde Bose AL YEHD TERIHE
A% WPe BT, AR AL Haskad A
5y $23 99 Zran. oF B god
AY AT A2 Y= AT AT s
W, oje) Zus el q FAlo] AEE EHsle]
H Amd B4 ssd. odd Ale 53 o
¥ AT AN AYA AE A5E B
%, 0F 2AY P43 B YEYT TEE Q)
sl A% AU e Aol Aol 2 o
e 7147 wEe] A2 seEE 2] A%
WEAQ 4ol Bastt), ol A BTl
o, & ATl Aok e Fze] iyt $
S 452 YFIAYoH, M1 AH5E 5
AR $80] 5T Az AR,

g eRe TAe ned 2ok 23elAE 3G
2 9% Holy 549 BF 2AUN HuE F
Zol7] $19 AAY B YA 3FAE of
2 A% BRE 9% 0F 249 B Fo e
920) T29} S WL wolATh 4L b
T AYE B E =RA AP ofT BF A
sgo] UE A% 9 BHS SR, sgeldE
RS £H9T,

Il iofe] $7 X CIE AAY 2MS S

Mx{2| ghe

W AzEelA AT 5 e tEAe S
K(Ventilator, Fluorescent lamp, Heating lamp,
Incandescent lamp, LED lamp)E t’do.2 A )

g} ok At AdEle] HolHE TR

+ =eiMe 28 13 2] 4t w4 A9
I
3

=]
RN
1=
T



Journal of KIIT. Vol. 23, No. 2, pp. 155-164, Feb, 28, 2025. pISSN 1598-8619, elSSN 2093-7571 157

iormal (Incan. Lamp (60 W) Normal (Fluor.Lamp [55 W])

. | | ‘(kz) )
| | ‘\ | rc v.mn‘/u‘nmn L.\‘l‘up[GO‘]V‘J]] ) “ l E\,c F;u:l(]luor Lamp [55 W])
\] {/\E *#mﬂv‘f%$%
f \ " ‘ f | A/ f \ - ‘ ( [ '

(d)

rc-Fault (LED Lamp (20 W)) |
o

AMAY

Fig. 1. Current waveforms at various loads for normal and
series arc-fault states
(a) Ventilator fan, (b) Fluorescent lamp, (c) Heating lamp,
(d Incandescent lamp, (e) LED lamp
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Table 1. Average test accuracy of models

Accuracy(%)

Model Time Time-Freq | Time-Freq
domain (FFT) (DWT)
1D CNN 88.65 90.67 92.93
TCN 9158 9343 95.12
LSTM 72.16 88.16 94.95
1D CNN+LSTM 9420 96.25 97.83
ResNet 984 9823 98.60
MSRAN 98.84 97.89 99.38
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Table 2. Comparison of training time and inference time
for multi-level discrete wavelet transform-based models

Total Training Inference

Model . .
prameters time time
1D CNN 522,378 6.229 min 3s
TCN 530,082 | 20.048 min 3s
LST™M 580,362 33.585 min 5s
1D CNN+LSTM 346,186 15.747 min 4s
ResNet 434,186 12.599 min 4s
MSRAN 302910 | 25,563 min 5s

o714, total parameters= Held EHAA AREEH
= A shebule) 58 W s gro] AdsE
+d Ao HH3E Ao o B dite] Heet
A H9 GPU WlRE 59 AY 2x7F AL o
of we}, B =EdA AelE OE 2AY w3
T HESA 7 Held BEE tF 2AY &
4 229} ol 85, 2o WAUES 443 47

of 2o FFEe A8 AL FA 24

e A3e ol Hojerh

rl

F

Aol
i

7 4@ (b A% BF S5 A 474
4 H2E HolHol| tigh &4 (Loss)ot A=
(Accuracy)®] W32 UEhd dgizolty Ad Az
2 A7 A 22 FEY H2E BFoA &
Ao o|xI7} AR whel kAR o7 7FAEY
om, A%RE ALH o Jeith 53|, H2E

[oae EEm RN

AYE= AT 20 o]F 99% o] 2 Hes
7] &3, é—% ATl A FYS FFo07 S

dohks Ae #ET F ok

loss

a2 4, &

ol

— training
— test

— training
— test

Elcl E'”ﬁE E‘”OlE-IO-” I:Hg}- _/EAEIILI_ 7g§__||_

o

5 10 15 20 25 30
epoch

(b)

—

(@) =4, () Y&t

H1

Fig. 4. Loss and accuracy for training and test data
(@) Loss, (b) Accuracy

2 A4 Agtshs nde
7 A 4 & 2 2

2

Confusion matrix)[20]<

rHHHo E.EH/\O]]/H

)
Ae B 4 9l

1

N

b4

=

T

=

=
=
1=

AN

A

s
- =

o
| Y

—[o

confusion matrix of multi-scale residual attention network

ventilator fan
normal

arc

fluorescent lamp -

normal

fluorescent lamp -

arc

normal

true label

arc

incandescent lamp -

normal

incandescent lamp _

arc

LED lamp -

normal

LED lamp _

arc

heating lamp .

heating lamp -

=

normal

ventilator fan _
ventilator fan _

m o 0 0 o 0 1 0 0

ventilator fan -

©
°©
N
©
=
°©
©
v

vgagop oz Yoz oL
£ 2F2P 27 22 23 ¢
Sg EgEREg EGEE Ea E
ge58 S585 S5S5 S
g c¢ wmco gcg T
£ £ 4
o @ £ £ o Il 2
2 2 & ® $ 9
- $ v 9o 9 3
£ £ £ 5 T
] g £
2 s s
=S S <
£ £

predicted label

J% 5 s AAY EA Fof HEL IS
Fig. 5. Confusion matrix of the multi-scale residual

attention network

normal
led lamp

0

1000

0 - 400

arc

=25 ¥4



162 o} AF $7E 99 0F FF o4 dol2R WF e dF 2AY A3 7 vEYD

Y normal¥ arc® T-23+ 10
7 TASk AT £ FEE I

o2 3 Fa A% A AYUE(Precision), AL

1o 1y
i

=

% 4
ku

3t ARE HojEth AEE
= BEdo] BX 2= 433 AE T AAE
g Sz &3t MEY BlES YnsiH, Al
d&2 AAE S Fe2ol &3t AE T 2
o] HEA =3 MEY HEE Bdo| T F
e drp 7% %%ﬂ%ﬂ% L}E} fl-score

20| A fl-score7} 0.99 O]%}g *é}o;%

ik o= AWHOE e R 4% veh)
3, 7 SY2u W3 Qo] 9BE e A%e
AgAoz FAT & Ytk
¥ 3 2 W git XxE
Table 3. Evaluation metrics of the confusion matrix
Class Precision | Recall | F1-score
Ventilator fan normal 099 1.00 099
Ventilator fan arc 1.00 0.99 0.9
Fluorescent lamp normal 1.00 1.00 1.00
Fluorescent lamp arc 0.99 0.99 0.99
Heating lamp normal 1.00 0.99 0.99
Heating lamp arc 0.99 1.00 0.99
Incandescent lamp normal | 0.99 1.00 1.00
Incandescent lamp arc 0.99 0.98 0.99
Led lamp normal 0.99 097 0.98
Led lamp arc 0.98 0.99 0.99
Average 0.99 0.99 0.99
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