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ABSTRACT

It is important to detect and monitor abnormal conditions of machines in industrial environments. Acoustic
signal-based anomaly detection technology has the advantage of performing fault detection at a low cost compared
to conventional image/video-based or other sensor-based anomaly detection technologies. However, utilizing a large
amount of acoustic signals collected from sensors requires a lot of computing resources for intensive signal processing
and learning. Therefore, it is necessary to consider an acoustic signal-based anomaly detection system that utilizes
computing resources efficiently. In this paper, we propose a method for extracting the band energy of acoustic signals
using discrete wavelet transform and design a lightweight anomaly detection model. Experiments show that the band
energy based on discrete wavelet transform can effectively compress the features of acoustic signals, reduce the data

preprocessing time, and enable the construction of a lightweight anomaly detection model.

¥ OB Qs 20229% AR S REAM ] AoT FaredEAke] X $1(NRF-2020R1A2B5B01002528) 3} 202415 45
EFREP1EAREA ] Ade® ArEAr]EHrlele] 29(2021-0-00739), 2]a 20228 % ol3foixjga HEts] Aahge
0% o} SaEglek

¢ First Author: Agency for Defense Development ¢1-7-%], Ewha Womans University, Department of Electronic and Electrical

Engineering SHAAEAD), eunhye.choi @ewha.ac kr, A3

Corresponding Author : Ewha Womans University, Department of Electronic and Electrical Engineering, Graduate Program in

Smart Factory, hyunggon.park@ewha.ac.kr, $413]<]

T3 1 202309-080-C-RN, Received September 13, 2023; Revised November 25, 2023; Accepted December 20, 2023

612


mailto:hyunggon.park@ewha.ac.kr

I.M &

717 2] ol Abel ZbAl Als] Aol 73
& ol=sto] Abdel dpplgkems bEe shush
A B ARSHE o] F0% 98-S Pk oTsh
=S 71%0) o e ofe] 7] Ale)
HolElE A5 5 oA Hgw ol FEste] ]
o] ol AelE RAIskE AT} WS A 9]

o
o
o[E1Z Aelsle] ol §x] AulsE AT 4 3o
o, ALAIZE Hlele] Al B vjedEo] W g siu] A
Bl Azt 2 APk e
& gees ATEe BAHE
7 =) e 2 wlwe] o] AlgHe]s
o) B9 dlole] AeE Eq A o4k WA A
o o] Fasich
S5 A5 AEolh Swoh 2 A5 2ol AL
ok A5 A9} tlEdow, volash e ]
A5 ANE Bgale] Adule] A4 L v)

(<]
27 o 548 5 ok o2’k w2 n]go]
Ash AlmEE sl 757 5 ol Aol

H
Zh, T EH”leA SAAQ] BAS 4354
BA A7l mwgle] AR RS vHAZE
2]o]] WIKSTFT), $lo]E3l HEKWavelet transform),
] W HEE(Weigner-Ville distribution) 5 = W

31 vb2 3Fa]o]] WEl(Fourier transform) 7|4k
TG B4 2 wholt) B2 Tl = dals
oll STFT(short time Fourier transform)S 2]-8-5}¢]
2~ E 2 7 3(spectrogram) ] 23] o|w|x| 2 Wgls}
= IS AR F olvlx] 7]Hke] A4 mdls- s
F3to] o)A ©A]ell &gl lel. o= 7|Ee] )
HES F83o] &5 s wds AAste] A2
it olvks AAe] AR, AlsE o|v]A] dlely
2 skl AT A ARt Azke] gy,
o] Wzhel 2218) dlo[e]e] EAE sk HlE
Zlo] A asiths ©Ale] qlvk weha &3
A mdks =317 9)3) dlolE] A Azt

<
5
il

bt
o 1
o

&
o 1l

oy ox >

]

1.

N o,
ol

K
N
rw
fllo
p
n
ok
&
32
At
o2,
\G
\
2
=

mental audio)= A AR} o] B2 el 7}
A Fart A Qla, vFAS e he-S
SAlo B S A zh=ri®l. AR STFT

524 FEsk=r AP slek vkl dlolEsl Mk

o] 7P}, webd] A AES 2 STFTR.
4 55 Ao BAE o & sk = gl A
1 el six]at TR AlEel] gk o)Ak ol
3K Discrete Wavelet Transform, DWT)-2 £
g flo]ER Alre 53 Als Holutg At

FZ=H7] e o] F oAk AR mHll Shgrel] wkE A
4317] olgict o]o| we} DWTE =% Algel o
g 22pAQl B4 355 53l o1 dlole ] stsol
g 83t

Axzoq F2% 542 SVM, KNN, MLP %
2|28k 7Inke] wAalely 7]} @ AREE o] o]
2F wA) ol ZEcflon spx)uk epdlE)g o] of
g Tl vl dvlolH S 53ke Zlo] AAA
o7 ofgia dloleeke] FUIETE dukst 450l
ol 4= gl LOF GMMS} 22 n|7] = 3}
5 AR A, o] ARE BAlE) oA
g dlo]e]ollxe] Ehgof A|efe] Eafsty |4 o)
ol Helds #83ke Aol o AH3tsich

2 el dolERe] Heula s 83
o 7} Fal ool 23H 53k Alse] ouAlE &
3 250 B4 W Zesls 2 EQFY sHk)
olAF B2 AlAEHLE Algkgicl A|glel Al mElL o]

I

[e]

S O

‘e

-

Kl
Aol &l MEe ARty ovA] 54 25§
3 dlole] dAe] A7k d538la Alse] 54S &
FH ez el =3k 5E S AlE 54 7]
ke g s ewclavs st A 53
Aze] 5 eAE FHadlehe 2dl dhas el Al
=& o Sle AT ol '] el AlnEE 75
ek S ATE MR 7 o] '] Al=" A

u

Hk B o 2 wHEo]zl ToyADMOS dlo]g] A elfs
ARS3sle] AlQKRE Al2wle] dHlole] A ] Az &

p
I
N
3
-4
o,
i
2
%0,
)
[\
ol
2
>N
al

i dlo
oSl
2
}O{l
N
Zz

ud 1o
o
>
>,
o
&
>
[
o
N
fllo
Ho
=
A
o,

-
o, o
2
o)
)
>
~N
)y
o
=
(98]
ol
=2
>~

R

7% ek ARk WA te] nlwddE Sal Al
T ol A Alzglell High A5 H S st

(o3}
w



The Journal of Korean Institute of Communications and Information Sciences "24-04 Vol.49 No.04

4ol AE

o

Wi,
. SEIZ 7|Ho| Ofad BIX| A|AH

21 ANAH 2d
% A5 e ol A Alssle T 1ol
s} o] vlo|ZE o 44t &8 A5 A5, 4 A
5 dlole] A2, £3F A5 7)uke] ol g wd,
W AE 2 252 T

o)1 44t Aol 4% AP 5<¢>eRNi gl
e s 19 5

e
tlo
bot
1?

th 3714 N> DE B4 = ?'%‘T— = %sﬂ XM}
A o3 AFE A]9e] ERo g qrEsle 314
< ofvight

Fpdle polok eElAr e jlHE 2 e
wolFre] 95 reRPela sl LRQIFHE 9
Hit Y] AolE Hndphe WEHoR VEAE
il g3 259 Alols 4TS L(-)

Aejal W 0= E3EE SEslare) SH3ke

. ~ ~ 2
argrr}iml,(x,x) =Y lz,—z,| )
D
2 33 B =l L2-norm= ARSSHY
dE Alze] AL A wEsE] 217 o] A

Acoustic Feature
Data collection E> Extraction

Raw signal

DWT Band Energy

27 1. oAb slolael ek el 93 AL ol Al
Fig. 1. DWT-based acoustic anomaly detection system

614

<] A [e] h=
3gic}
2.2 O|At gllo|E&l wE Jgkel i oflqX| &
& F==

B QAellde 38 Alse] 5A4E FE3 sl8l
o1k 9ol sl WS AHgsle] B3k 452 e o
Uy 54S FE30ct o4k 4
Aok N=2Ve) S A1
71 Tl odode] s Fallshd, dlolEEl
l//mn(z‘)Z (/ve")y(@ "t—n)t ALY 5
ww me 6}*4 Jﬂ" 2 ne 912 Slvla

MZAI n -1

s()= Ay, b+ Y. Y D

m=1 n=0

W) (3)

Apry = {51, (D) 2 2271 MY wle] ZAF A
“(approximation coefficients)*]2. D, = {s(#),
W, (1) ) A AR AlS(detailed coefficients)©|
o). ou] go]al ghoe} Aajele) ghoe] A A
L o)il go)Ee]l WEk 3RS Deu)A(filterbanks)
2 78 7hsshAl el

7t Al W' ofil Sllo] &8l WS A48t wfvt

Decision |:> Decision
Model Making
Autoencoder Detection

Latent
Space

Anomaly
t Detectal



=/ oA ol 3l

g 7] g A S 43 S Ase] ot o

o} 2AYE e (1//2)9(k) 2
x5} :ﬂEi(low -pass filter, LPF),

(1/V2)h(k) 2 RS 25) S5} DE|(high-pass

x¥== A5t
o

=38l =

filter, HPF)E 2Bl mAHA B A DelA]9]
A Al A A A
Am+1,n = %Zg(k)Am,Zn+k
) é P @
== k—2
R g(k—2n)
Dm+1,n = %Zh(k) m,2n +k
! ®)

-1 _
fﬁ;h(k m)A,,

2R 5 gk 9 2 ¥ S M=39l A
Gepae S ol Slolel wae) g
RojfErl

AAZ () o] Y o= EA
o] M2l 735 M A 2o eleae)

A B SE

shpel 24 A5

sl Fuis e EAISHE MAS] Al A A%
2HE 53 5 Qlok dalse] oA E(s(4) =
Ak ARSE A R ARE ol gate]
M 2" 1
(S(l‘) _(AMn)2+Z Z mn (6)
m=1 n=0

2 AR 4= 9ir) uebd PA1s din) 7 gedd s
EFE o] oix] S ofels) o] Aveck
(Ap)? (D,,)?*
= E0) = By L MO
xyE B8 Fo] Ml AS A} AlG) 28k

12} +Di(d)

h(y |1 2)
x(t) —{
-{go«) {12} >ay00)

H

(k) (12)»Da(t)

»{ gl ~12)

L CI=)

>Az(t) »Ds3(t)

g0 (12) ()

[a@® /D0 |/ D
0 £N6 fI8 fil4 fi/2

Di(t)

S 2. Wepl=E AR ol Ho]2s)
Fig. 2. DWT as filter bank (M=3)

w3

tede] AA A5 o] eUAZ olulala, £, o B
3 o] mel 7492 AA Az vy g T
dofe] oﬂLﬂ%]E elulgick nebd S

He

8% AlE 54

r= {xo, Zzy, ...,:cM}
o7 %83 4 9k
m A g

3.1 &% to|H

= Alsel 7R ol A RS
ToyADMOS(anomaly  detection  in
operating sounds) Hl°o|E] AEZE
ToyADMOS & &3 Al55 7|ukeg 71419 o4t
el ;25 fl8] RHEEell vlolE] A|ER, 23 AlF
Z{ToyCar), 4=& ZAuo]o] ¥l E(ToyConveyor), 4%
7]7"<}(ToyTrain)4 7‘51"01' Aol e] &3k Alse) F12]
3t A} L3 A5 Hlo|E =
SR 29 A5 vkl Beele] dskHne
2 Agellahe 7} dlole] Al=e |

SE
machine

Apghep,

T= o r—"H,
H ID Hlo|E| S 16kHzE 2|AZ33F 10x Zol9 Al
s A

8 NS EL o] gslo] skl o
o, aa Jﬂ7} x] 24/\(;— dlolele} )ALk dlo]e]e] 1]

5 F 1ofMe} Zo] 112 A3l B d)

1. AYES 3% s 74
Table 1. Audio signals for the dataset
Machine Training data Test Data
Type Normal Normal | Abnormal
ToyCar 1085 265 264
ToyConveyor 1445 355 400
ToyTrain 1080 270 270
3.2 A H MY

3.2.1 H|m AJAE

v ke s m2gk A]A~ES [EEE ASSPelA]
T2/§F DCASE2020 Agl=]e] “7]A] Aef ®ue|]
2 218k B & h5e] &3k o)Ak A1E BRA] oA A

gl AlzgPlo 2 =5 &3F A15E STFT 7|4k
23 W-~9E 2 72 (mel-spectrogram)2] 231 o]

615



The Journal of Korean Institute of Communications and Information Sciences ’24-04 Vol.49 No.04

ToyCar (Mel spectrogram)

+0dB

8192
-10 dB

4096 2048

-30 dB

2048
-40 dB

Hz

1024 =50 dB
-60 dB
-70 dB

-80 dB

(a) 21 W-~3E2 73 (Log mel-spectrogram)

ToyCAR DWT Level Energy Features

Energy Ratio

Decomposition Levels

(b) DWT t¥] oflix] E# (DWT band energy features)

T2l 3. ToyCAR A1Zo] ofgt $3F A5 qle nlw
Fig. 3. Comparison of acoustic features for ToyCar sample

v)2] He 2 WIsle] LEJIIE S5 72 E
Z=r

dlellr 2 A-sdleR aAls 53] 9l
FFT ZdHYJ 64ms, ZHY 74 50%2] =72
AR =g o, 12870] @ Je 5 ARElc). 20w
sHEZ g0 2 WSty 912 309x6402] FHZ

N
=~ =

< D=640°]w,
AT =2 47H-°4 ‘#% SMA XLZHMP tIH = 4
e 23S Zerh 7 &9 128709 fiule
7 870 frul e A 24
3} oEe AFReLU) F57E HASE $l3l obd
(Adam)o] AHEESI} B5ES @ =0.001, ¥x| =
71 512, 100 ©l|ZF(epoch) ©|% FhFo| EgFIrh

i
o
of
2
L
=)

616

2 r
—

oyCar ] jﬂ zb\]— t—ﬂ ]
HEl S HolgEoh xS 7 &
2 2 o H 23k oA le HAFE
v]x 2elel DCASE 20203} FU3 A% Jgﬁg
S8l LEQFO= U3t 25 AR o4t A
o] &3] d 713P«1 ﬂ%"* iz 54 ?%Qiaﬂ B

ey

Hel s AHE-ska, tﬂ°1E17} 5ol uEl sEe
a =0.0001, ¥jx] Z7)= 20208 WAsl] APS 5
g3k

3.2.3 &5 4t

(1) A% H7F A%

S 415 7] ol ] Al b ow
HelAl wel ARSE= AUC(area under ROC
curve)$} pAUC(partial AUC)E A3tk

AUCE FPR(false positive rate)3} TPR(true
positive rate) 2 12X+ ROC FAl 3lxte] w48
ofmlaio], AUC glo] F45 27 450] Holut 7l
< vz} pAUCE -8 AUCE E4 FPR 7kl
Ale] ROC 1] midg ejulsie}. 53] ol A

]/qu AFa 2= 9l A 2~ES Hrlely] od

< FPRellA =2 TPRS 2Ad3h= 7o) o} 5
Aol 4] ]S ]3] FPRe] [0, 0.1] 771l 3%
315l pAUCE ANtslal vl 33k

MN o X

B
oX,
ofr
=
Bl
n)
o

o] Hghs o]&sl wladck

3204 BT S5 9)8)] AFEsle mdo]
g 275 viwe] By, 20 W.adER oS A}
£-31= DCASE 2020 =22] 313 to]g] 242 640
Hidol] DWT 7|1k o] el 5 AH8-3h= Ak
o] ol dlofel= gxplelch wheha] Akl
98- DCASE 2020 =9 tijv] 80m & ¢t&=¢ =27]
QlE dloelE AREsl| ulitel AksE 9 &l
5 TAE S olrk w3 5 A1) wlolE]
sty witell 29% fUlsTE ARaste] 2
Frie] F<¢ 7}5 H<(trainable parameters)=
DCASE 2020 =9 oiu] 99.71% 7148k}, oF=%l
313 dlole] 2 Aastsl mds AMS-3lS W DCASE

[mi-ujgl-u o 0 o

o



TR/ o4t Ho] %3]

a7l Ul oA E B4 £ A5 ol

A

E 2. 8]l A2HE3} Al|ekgt A2l Wi
Ta

A7k

ble 2. Parameters settings for the baseline and proposed system

DCASE 2020"" Proposed
Acoustic feature Log mel-spectrogram DWT based band energy
Input size per file 313x640 1x8

Input layer

1 input layer (640 units)

1 input layer (8 units)

Encoder

4 hidden layers (128 units per layer)

4 hidden layers (8 units per layer)

AE

. Latent space
architecture P

1 hidden layer (8 units)

1 hidden layer (4 units)

Decoder

4 hidden layers (128 units per layer)

4 hidden layers (8 units per layer)

Output layer

1 output layer (640 units)

Output layer (8 units)

Trainable parameters

267,928

788

2020 A|~El3} AUC, pAUC 4] 57 A% o
7} wlate b7k a8 4, a7 59} Ak

AQkgt A|zgle 20 WoodER gaS AMSSE
DCASE 2020 A2~ t¥] 99% 4522 k=4 1Y
dlolElE AREElSol®E E8lar AUC SwefA]

ToyCar®] 7-%-3%°] 4% 57h ToyConveyor% =
A3}t A5, ToyTrain®] 7% 1%2] A5 ZAaute B

9t} pAUC ZellA= DCASE 2020 A28 tijy]

1.00

094 997 100 1.00 100 099
0.90
0.80
0.70
0.60
0.50
0.40
0.30
0.20
0.10
0.00

ToyCar ToyConveyor ToyTrain

W DCASE 2020 m Proposed

T2l 4. % AUC A5 vl
Fig. 4. Comparison of average AUC

1.00

0.96 1.00  0.99 1.00 95
0.90 0.88
0.80
0.70
0.60
0.50
0.40
0.30
0.20
0.10
0.00

ToyCar ToyConveyor

B

ToyTrain
B DCASE 2020 m Proposed

38 5. 37 pAUC A5 ¥l
Fig. 5. Comparison of average pAUC

3} ToyCar+ 8%, ToyConveyor+ 1%, ToyTrain2]
735 5% A% AaAlE BRI, ol hEE o
2 dlofe] 2 =&l SHelA nlasl Bk uf vvlgt
FEoR IuE 5 glrk o]= DWT 7[Hke] te] o
Uz SAo] ARk st aAd 2ol
HAEg a9 of2A o s e T8 Tt
T el As ERXS ZaRoR 23| ujio)
L ARE S S ol = o] 53 Als
ol & Ao TS Q“?LE‘H Aokt
FaHog S5F A5 ol BAE FEJ
Z 3

/‘]iﬁ*—l«l At B E B7ksl7] $ls) 13 6ell4]
= DCASE 2020 2397} Ajqkeh wele] dlolepd A
A2l A7k} wEle] Sk AJ7he WSl R
7<), DCASE 2020 dlo]e] A x]2] A]7KBaseline
Gen), Aozt A|2=Hle] 2142] A|ZHProposed Gen)<-
v wEPE A A 2Elo] FFA o2 640 o)A wl

£ A% ST ek ek ala wde] s A%
(DCASE 2020 Train)3} Akl wele] sk A7k
(Proposed Train)2- H]xwaPd A|gket Al 2wlo] 342

n°"

-

i
—_— O>'

e}

O

do o lo T

n}L

Proposed Gen W DCASE 2020 Gen M Proposed Train M DCASE 2020 Train

ToyCar

ToyConveyor

ToyTrain

a2 6. AzE AXF Bl v
Fig. 6. Comparison of computational complexity

617



The Journal of Korean Institute of Communications and Information Sciences "24-04 Vol.49 No.04

o,
2
:(_2"
3
il
S
22
2

N
ru‘.
o
o%
r,
}O{l
o,
o
>
>
o

=5h g3 Alsol ojs) Sas)

References

[1] G. Pang, C. Shen, L. Cao, and AVD. Hengel,
“Deep learning for anomaly detection: A
review,” ACM Computing Surv. (CSUR), vol.
54, no. 2, pp. 1-38, 2021.
(https://doi.org/10.1145/3439950)

[2] J. Grebenik, C. Bingham, and S. Srivastava,
“Acoustic diagnostics of electrical origin fault
modes with readily available consumer-grade
sensors,” IET Electric. Power Appl., vol. 13,
no. 12, pp. 1946-1953, 2019.
(https://doi.org/10.1049/iet-epa.2019.0232)

[31 A. Qurthobi, R. Maskeliinas, and R.
DamagevicCius, “Detection of mechanical
failures in  industrial ~machines using

overlapping acoustic anomalies: A systematic

literature review,” Sensors, vol. 22, no. 10, pp.

3888, 2022.

(https://doi.org/10.3390/s22103888)

618

[4]

[5]

[6]

[7]

8]

[9]

[10]

[11]

Q. Pan, R. Zhou, J. Su, T. He, and Z. Zhang,
“Automatic localization of the rotor-stator
rubbing fault based on acoustic emission
method and higher-order statistics,” J.
Mechanical Sci. and Technol, vol. 33, pp.
513-524, 20109.
(https://doi.org/10.1007/s12206-019-0104-9)

G. Zheyu, L. Jing, W. Xiufeng, and L. Yuhe,
“Grinding burn detection based on cross
wavelet and wavelet coherence analysis by
acoustic emission signal,” Chin. J. Mechanical
Eng., vol. 32, no. 1, pp. 1-10, 2019.
(https://doi.org/10.1186/s10033-019-0384-0)

W. FQ and G. Meng, “Feature extraction
based on the 3D spectrum analysis of acoustic
signals to identify rotor malfunction,” Int J.
Advanced Manufacturing Technol, vol. 28,
pp. 1146-1151, 2006.
(https://doi.org/10.1007/s00170-004-2470-3)

S. C. Lee and S. Y, Lee, “H&yd, A8x532
ool = f-8<%712,” J. KSNVE, vol. 30, no. 1,
pp- 7-13, Jan. 2020.
(https://www.dbpia.co.kr/journal/articleD
etail?’nodeld=NODE09292347)

S. Waldekar and G. Saha, “Wavelet transform
based mel-scaled features for acoustic scene
classification,” in INTERSPEECH, vol. 2018,
pp- 3323-3327, 2018.
(https://doi.org/10.21437/Interspeech.2018-208
3)

J. Lin, “Feature extraction of machine sound
using wavelet and its application in fault
diagnosis,” NDT & e Int., vol. 34, no. 1, pp.
25-30, 2001.
(https://doi.org/10.1016/S0963-8695(00)00025-
0)

M. Altaf, M. Uzair, M. Naeem, A. Ahmad, S.
Badshah, J. A. Shah,
“Automatic and efficient fault detection in

and A. Anjum,
rotating machinery using sound signals,”
Acoustics Australia, vol. 47, pp. 125-139,
2019.
(https://doi.org/10.1007/s40857-019-00153-6)
R. P. da Cruz, F. V. da Silva, and A. M. F.
Fileti, “Machine learning and acoustic method


https://www.dbpia.co.kr/journal/articleD

= oAt S0l el

g 7] g A E &

op
=
do
o
R
fot
Lo
o
o
=
)

[12]

[13]

[14]

[15]

[16]

[17]

[18]

applied to leak detection and location in
low-pressure gas pipelines,” Clean Technol.
and Environ. Policy, vol. 22, pp. 627-638,
2020.
(https://doi.org/10.1007/s10098-019-01805-x)
Y. Lei, B. Yang, X. Jiang, F. Jia, N. Li, and
A. K. Nandi,

learning to machine fault diagnosis: A review

“Applications of machine

and roadmap,” Mechanical Syst. and Signal
Process., vol. 138, p. 106587, 2020.
(https://doi.org/10.1016/j.ymssp.2019.106587)
J. Jiao, M. Zhao, J. Lin, and K. Liang, “A
comprehensive review on convolutional neural
fault
Neurocomputing, vol. 417, pp. 36-63, 2020.
(https://doi.org/10.1016/j.neucom.2020.07.088)
X. Gu, L. Akoglu, and A. Rinaldo, “Statistical

analysis of nearest neighbor methods for

network in  machine diagnosis,”

anomaly detection,” Advances in NIPS, vol.
32, 2019.
(https://doi.org/10.48550/arXiv.1907.03813)

J. Wu, F. Yang, and W. Hu, “Unsupervised
anomalous sound detection for industrial
monitoring based on ArcFace classifier and
gaussian mixture model,” Applied Acoustics,
vol. 203, p. 109188, 2023.

Y. Koizumi, S. Saito, H. Uematsu, N. Harada,
and K. Imoto, “ToyADMOS: A dataset of
miniature-machine sounds  for
anomalous sound detection,” IEEE WASPAA,
pp- 313-317, Oct. 2019.
(https://doi.org/10.1109/WASPAA.2019.893716
4)

P. Baldi,
learning, and deep architectures,” in Proc.
ICML Wkshp. Unsupervised and Transfer
Learning. JMLR Wkshp. and Conf. Proc., pp.
37-49, 2012.
(https://dl.acm.org/doifabs/10.5555/3045796.30
45801)

S. Mallat, “A theory for multiresolution signal

operating

“Autoencoders,  unsupervised

decomposition: The wavelet representation,”
IEEE Trans. Pattern Anal. and Mach. Intell.,
vol. 11, no. 7, pp. 674-693, 1989.
(https://doi.org/10.1109/34.192463)

[19] Y. Koizumi, Y. Kawaguchi, K. Imoto, T.
Nakamura, Y. Nikaido, R. Tanabe, H. Purohit,
K. Suefusa, T. Endo, M. Yasuda, and N.
Harada, “Description
DCASE2020 challenge task2: Unsupervised

anomalous

and discussion on

sound detection for machine

condition = monitoring,” = arXiv
arXiv:2006.05822, 2020.

(https://doi.org/10.48550/arXiv.2006.05822)

preprint

X o
xF =

& (Eunhye Choi)
2012+ 294 @ o]sfodRlfEhar A
Algsha &4
‘ 2014 29 : o]}l A
= Algska AAL
2014 29~ St
. T AT
2022 3Y~3A) : o]sfex}
shal Azlgeta) uhal
<Al HEol olak ', 1FAls, WAl HElelle]
HE A|2E]

[ORCID:0000-0002-6208-4030 ]

Ht & = (Hyunggon Park)
2004 24 : EFFI S A
At 29

2006 3% : University of
California, Los Angeles
(UCLA) M.S.
2008 1249 : University of
California, Los Angeles
(UCLA) Ph.D.

2010984 : oSl Apeistan A7) 3} s
B rol WelelelAE Ass 23] v,
VA, Aele

1o

[ORCID:0000-0002-5079-1504]

619



	13 최은혜202309-080-C-RN_수정
	책갈피
	OLE_LINK1
	_Hlk151775210



