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Abstract : Vibration data of mechanical equipment inevitably have noise. This noise adversely affects the maintenance of mechanical equipment.
Accordingly, the performance of a learning model depends on how effectively the noise of the data is removed. In this study, the noise of the data was
removed using the Denoising Auto Encoder (DAE) technique which does not include the characteristic extraction process in preprocessing time series
data. In addition, the performance was compared with that of the Wavelet Transform, which is widely used for machine signal processing. The
performance comparison was conducted by calculating the failure detection rate. For a more accurate comparison, a classification performance evaluation
criterion, the F-1 Score, was calculated. Failure data were detected using the One-Class SVM technique. The performance comparison, revealed that the

DAE technique performed better than the Wavelet Transform technique in terms of failure diagnosis and error rate.
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1. M &

11 179 HiE X Zay
A AAHCR 43 8 Pol HE WeFe el v)

dlolE], AFERIEIY 9 3D Z/Y 7% 5 thge )%l &
T ol wE Ayt 98] FeEar ok gk, 7]

An) o] 245t/ A&sF 218 Folm & Qs 7]A A
o &2l #el 9 fA R B3 At T3, Fad] 3]
¥ a1 QlTH(Lee et al., 2019; Jang and Lee, 2020).

A AAA of 52| (Prognostics Health Management; PHM)

o A7t I, A=z, AFAL HE, F¥3YE 2389 Y
gk ofoll A Ehs] FaEar gtk x4 o5 ¥E|(PHM)
= e HAl ARE 7IRte R vy AEEIEfFETE)
E A5 Bk ofye} AA P A AR AA|
AT AEE e e MRS AxYelE H i
2o|th, AHA o S| (PHM) 7]vke] 1 A °l dEH
B o5 o] Agu] HeitiedS WSt A A gk
o, Au) S vg 278 5 2 AHES B3t (lee et al,
2019; Tsui et al., 2015). 714 AH]e AAALES o= 2 #g
st glo] Bagh #AL ol 7HA| oA ¥k 1 F H|o]H

A FEES B2 AR e 2 3th I o & Forbesol A
ATAEES W= AT/ F 7P B2 AlRto] 285
T 34e B AEA Fig 13 2ol of 80%2] ATAE
ol HlolHE A 9 dAAg st HAAS sk 7HE B
AIZEE vhal gekith ol H g vloly dA Y A2 7

A Aule] AR S, 3 Ay FHS g5 A
o qlo] & JFE 7]

719 7174 #AH| A5 PHEM] Wavelet Transform 7]
o] ¥g] AF2E 3l 9t} Wavelet Transforme Fourier Transform
3} gl o] 2] Wavelet Functiong &-83lo] A5 5 WH3lA7]
Z1e FWshE AEe] W] ALgsHy] frEleithe A F
o] FHEe] Adrt XY doE 7} HEFEAY 2}
A7gshA] eFS A5 dolE e £48 ofy|gt(Yang et al,
2021).

2 AT G4 wol= Al A Wol AREE AL 9l
Denoising Auto Encoder(®]3} DAE) 7]'H-& &-8-3lo] &
olEle] wmo]=E Al A3z} dhrh DAE 7IH S SAFE
dol X3 &= Hd 71 T SR UIHE
sto] 71A ) Hs deolH e dAAE #AES T3
1A T AA 2o 8] Al&% = Wavelet Transforms H| 1l
71Fo 2 AAgste]l dAAe de vuE PPt dA =
71We] e Plae 1 9X&S Hlaste] xggon
17 B©XZ 9d] Anomaly Detection®] A}8% = One-Class
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H] 1 T

w2 Fig 29 A 2 PP or, 1742 A2 mj7
A #d A7 dsS Ak 242 doly Al
1oz Aol AREE dlolH Al 1ea A
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Fig. 1. Importance of data preprocessing.
(from 2016 Data Science Report, CrowdFlower)
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Fig. 2. Flow Chart of Research.
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1.2 2@ A4 8

& w8 AS g W Aoz wol=g xets)
of ASHch 2ol wet 15 volHE &-83F o] Al
A s dolg e wmol=E AlAsY] Al g 7HES
283 Ae & o] zof €

st deld ot 2
S 35}

Li, Dong, He:= Ens emble Emplncal Mode Decomposmon 7]‘?:4]
< 34 o] &3 HHEAFoH 1o wet FE AlEo AR
+ wol= AlA HHES AQFTHJia et al, 2021). Yang, Bo,
Yawu, Xi, Dongdong, Yalan -5 H|o|E]E A 58le] ¢
e g el FA oE5E stz glon A x4
Wavelet Transform 7]|'HS &83lo] 5 Ho|H9 wo|=2E
A AP TH(Yang et al., 2021).

Wavelet Transform 7]H <2 7] A] A& glol] d&] Al&% o]
o]z Fopola] Be A7} WPt A Santhana Raj, N.
Muralit= Wavelet Transform 7]H & &85l Wo]d Ho]H
9] wo]=E A A IL(Raj and Murali, 2013), Bo-Yeon Hwang,
Jae-Hoon Jung, Jang-Myung Leei= Wavelet Transform 7)< &
&ato] 59 AE9 Fes AATOEA 9A FH s
Al Z th(Hwang et al., 2015).

DAE 7|2 7] 49l Auto Encoder®] 5% T8 ¢ %
stet7] 93l gt WS 2w WMPAA wo)l=2FE AAg
U} Lovedeep Gondarat= DAE 7|H& 8310 Xrays,
Magnetic Resonance Imaging(MRI), Computer Tomography(CT) ‘s
= 2338 of g o3} o] A €] mol=E A F AL, Jae-Yeon
Jang, Byeong-Wook Min, Chang-Wook Kim= DAE 7|H & &-&
ste] Wi A 3 o] H A4 &83te] SN #HEEE AT
Tl(Jang et al., 2016).

OneClass SVM 7|9 855 dHole & X gste #H 49
Support VectorS T3lal ©] 9 ¥re] do]HEL Outlier®
+564= WAl 0 2 Anomaly Detection, ©|W|A] 72 F-x/€]
2E EBF 5o /\}395} Yeo-jeong Yoon, You-jin Jung
One-Class SVM 7| & &-&3fo] Ato|w] Aol &gk A]2¥]
ol EIE E A Sk WekS A9 TH(Yoon and Jung, 2019).
Yeongjin Cho, Yonghyeok Ji, Gihye Nam, Seongyong Jeong,
Hyeongcheol Lee< One-Class SVM 7|H & &-8-3}¢ slo]H ]
= A5k H 22 g/ 314 Anomaly DetectionS 71 3Y

FtH(Cho et al., 2021).

CROEE

2. OojE A & HE J|Y
2.1 Data Set

AT 98 FEE dolE AL AATAWAHNE
A AIFAREN, HHAF A ZAHEFA A 2020
TF3 HolHZ =AFEE AAL U 7|AEN (s A
B ZUEE 9 18 319S 93] ASH vle]Ele]tt. dlo]
HE 34 As deolge AfF dolE = vy ol glom
A5 7]9] Aol whg} 22KW ~ 55KW7HA] thkal Al 7% =

IAAN By, AE L.}_‘_B‘P’ =44 2w

o] T 3}
w3 S

AN “

< al

;Lﬁago] 7HE B2 22KW HE7]9] B4 vl
<3 FE o % delHE &

AT AA A tﬂo]EM]/H 100,00071 ]
2 dlolg e g AA Al FHoR o] 2
o} 100,00070 % = 3000007H4 17 do]HE AHste] AT
oA &R 3G vloJEE 3744 Fo R e
3 742 G0 1A HolE =, ME 23 HolEldA =
A Al 7HA 9] B B REE JHH AL 9lo] Al Fgew
irol 7 Ayt A doledlA Zzte] wg T
o] YA+ Fig 33 Zuh
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Fig. 3. Entire Failure Data.

HA ARl Aol kA sl M E HsiA HiolHE
07 1 Abe] = A3t sto] et Agtst | 4 doldH
= Fig 49} Zow A3t @ 24 dolHE Case 1~3 2
= Fig. 5~Fig. 7% 2o} 1174 tﬂo] Bl Case 2 =, Fig. 62 A}
213} o] AogdlelE] HHE L2 x3stal Jth(Fig 6
T WA Q). o] 9k ol Q Agh 317 diojEle] =7}t
ol 317 ol olE] Case 29| 1% @A &o] thE 17 dolH
Case 1, 3 H|3] ©& Aoz oﬂ e
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Fig. 4. Normal Data.
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Fig. 5. Failure Case (1).
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Fig. 6. Failure Case (2).

b dHely dAe 3 A

0.6

0.5 A

Amp(g)

0.4 A

0.3 1

0.2 A

0 20000 40000 60000 80000 100000

Number of samples

Fig. 7. Failure Case (3).

2.2 Data Preprocessing
AR L HOIEE w0 2E XL glo8] o]
=2 o9 agHoR A7sterld me} F we
. HlolH ¢ iO]ZE AA s W
BFE, A5 5 O wel glom B ATl
& 54F% Fgo] TAHA ao}

= 54
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off
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o3l
ol
o
=

2 AFo A= DAE 7|'HE B3 doly AAEE Y3t
S 1A Az Ao g AF2E = Wavelet Transform¥} A
T ¥uE Rt

2.2.1 Wavelet Transform

Wavelet Transform< 7] Al A& 32 2 24 ALE5]= 7]
WO & 1970 ] Z& 229 Morletell ]3] A& #|9FE 0w
CFFSE fofell A @2rabAl 285 L Sl th(Lee and Kim, 2011).

Wavelet Transform 7]%¥F dlo]E]9] »o]Z A7 Wavelet
Thresholding 71 & &3] ©]Fo]ZIt}. Wavelet Thresholding
712 Wavelet Transform 53| A4tE Wavelet A7}
Threshold %k & YAIF Bk 2 49 022 W= 9
ojt}, X 7ML Fig 83} o] Z A Hard Thresholding, Soft
Thresholding .2 5™ Z}2F 2@} 2(2)¢t o] ®d
Hot
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Fig. 8. Hard Thresholding and Soft Threshoding.
(Ahn et al., 2015)
hard _ lelﬂ = )\l
o {O otherwise @
soft _ [(p—sign(p)X) if | = Al
I {O otherwise @

2 Ayl A Al 71E7ke) ™, p= Wavelet 7l
otk 7 7FAY Aol A AA 71ERS] AT o= Al
A BA Z FFEFS VAT T 840tk AA V12H#
A= A3 2ol AAsHAl =, A de o9 n 47 =
o| =& A|A3FIAL 3= HlolE o] xFAA} kI ME A

= ofvlge,
A= V2logno 3

2.2.2 Denosing Auto Encoder
Auto Encodert= 217474& o] &3le] o8 #3 2 &9

e AR stEE she WA R % dareg]Folth(Lee,
2021). DAE 7|8 Auto Encoder®] ©]2]3+ g &-8-&}o

Fig 95} 2o T2 7Hth.
DAE 2¥¢] 82 93] Input LayerS 743 ) 92 o]
olEld] ¢Jele] wol=F APk olu] geje] ol =i
AR BolEl¢] ol =sk ApAE HAB AR w0l 2B 4
QJshok @k 1 %, 99l9] o] =7k Fobe dlolEE e
=, Input Layer2 7}4 7} Output LayerS ¢ 2]9] mo]=7}
HA 2 dE dolg et 7P Akl HAd 4 9l
(W, b)E 58l el o] thKim et al., 2014). 22
o] #uHW wo]=E AAGILA st dHoJEE 8
2dlof| Ag3lo] wo|2E A3 Yol
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Fig. 9. Denoising Auto Encoder.

2.3 Anomaly Detection

Anomaly Datat™= Fo]%l HoJE FoA th& #ZFA]dl M
st AYUAA FAY & A9 delgE o ugt(un,
2008). - do]E] ol A ¢ Anomaly Data™> 7] 7 117 o] E|o]
™ Anomaly DetectionS 93 One-Class SVM 7]H-& &3
t}. One-Class Classification 7] S &3} o= A 7]
A gule] AlEg o Qs A4 dolg ] v %
dlolee] o] dA3] 7] wiell, Z4 do|lHorE 7]
Al % volHE @A @ 4° = One-Class Classification
7I'HE &89t
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2.3.1 One—Class SVM(Support Vector Machine)

One-Class SVM2 #lelyd &agE & 3ty= &7y
37, 2812H%™ 2L Anomaly Detection®] &40 2 fro] A}
S8t B Ao A= OneClass SVM 7] S Anomaly
Detection =, 117 Ho|EE ¥4 dl+=d] A& 3t} One-Class
SVMZ 85HE BE & shite] S =E FA sl

AE
—=

8t5S 73dsk & Fig. 103} 72o] Training Data®} Non-Training
DataE -3} HyperplaneS “33}%] Anomaly DetectionS %1
515{5“:} = d ]"1i 4 dioleE 2 gHA7 F

 dele & gA AT w3, AAE dolge] 544 A
ﬁéaﬁo—i e Aol B7ks a7l Fig 113 & A4
71 & O]%é]'ojl Folxl el E aad 54 3o
Mapping A% § &7E Hagth 1 & thA] 2349 3¢
og g AZIA =W Fig 113 o] HAy wAoR

(o

Anomaly DataZ® ©A|8}A] ETHKim et al, 2019). Fig. 122
Normal Datat= R@lell 8FFAIX1 A4 dlo]E o] Learned
Frontier B} 2.2 E/F7} %+ dl°]E & Anomaly Data@A] Il
Z dlelH & gxshA "

0
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o ©O
L) @® Non - Training data
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N
Hyperplane
Fig. 10. One - Class SVM.
000 '
'
0o 0 | »

Fig. 11. Kernel Method.
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Fig. 12. Nonlinear One - Class SVM.
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Aol 1% deolHE AN HelHE o5& g
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3.1 Result of Data Preprocessing
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Fig. 13. Wavelet Transform of Normal Data.
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Fig. 14. Wavelet Transform of Failure Data Case (1).
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Fig. 15. Wavelet Transform of Failure Data Case (2).
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Fig. 16. Wavelet Transform of Failure Data Case (3).
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Fig. 18. DAE of Failure Data Case (1).
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Fig. 19. DAE of Failure Data Case (2).
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Fig. 20. DAE Failure of Data Case (3).

3.2 Result of Anomaly Detection

A7t X3 @ o8& &83to] Z}7te] AAE 7|9
vt} Anomaly Detectione 7133312 ZA¥}+= Table 1, Table 2
o} 2o} wdk oy g2 ¥ A¥3E EYE F-1 Scores
Axtstel dA g 45 BUHE g orm AF= Table 37
Faa=s

A7 A& @ G dolHE Rl WA shEgh
3} DAE7)H¢] 7 $- Table 13} 7‘01 A 100,00071 2] 2 A Eﬂ
ol 5 93,17971¢] Ho|ElE Ao yhdste] °F 93.18%
o] A qEES B oE *SH g dolHE g4
= A3 1% vlolE Case 12] 7 -F- 100,00071 5 85,8601 =
gx1glom, 117 dlolH Case 22 3% 100,000 T 71,880
72& "X w7 dlolE Case 32 A 100,000 F
7896571 & B3t}

Wavelet Trnasform®] 7-$- Table 29} o] 91,236712] dlo]
HE Ados sdste] oF 91.24 %2 A% stE5ES HQl
th ol& E3 1% HolHE ©AEE Ay 1% HolH
Case 12] 7% 100,0007 = 78784712 ©x|gow, 13
o]E] Case 29] 7%~ 100,00071 % 83,5057 ©A P 1%
tlo] 8] Case 39 4% 100,007 T 77,1465 HA] 3}

Anomaly Detection 23} DAE 7]% ©] Wavelet Transform 7]
HET oF 1.94% 3d¥ A4 doly S5ES YERth
w3 17 HolHE ©X| =T ] )o] DAE 7]H-& A4} d)
olEl M9IE EFstal A= 17 vlolH Case 29] Ho]E] 9
1 g&o] 7 @A S ot Eske AdE EE
3+ WA, Wavelet Transform 7] -2 117% | o] E] Case 29] €]
o] #A vt eakE xFstal vk 17 HolH Casel, 3
9 ELZ]%— DAE 7| ¥ o] Wavelet Transformoll H]3} <F 7.1 %,

01'3— &2l A4S F-1 Score A+ Table 33 ZoH
DAE 7S &-83F 29 1% dlo]¥ Casel, 32] F-1 Score”}



FEa - Ay - GAF - ol - ol A A
Table 1. Result of DAE (Unit: ea)
Actual Values
DAE Failure Failure Failure
Normal
Case (1) Case (2) Case (3)
Normal 93,179 14,140 28,120 21,035
Predictive Values
Failure 6,821 85,860 71,880 78,965
Table 2. Result of Wavelet Transform (Unit: ea)
Actual Values
Wavelet Fail Tl Fal
Transform ailure ailure ailure
Normal Case (1) Case (2) Case (3)
Normal 91,236 21,216 16,495 22,854
Predictive Values
Failure 8,764 78,784 83,505 77,146
Table 3. F-1 Score of Wavelet Transform and DAE (Unit: ea)
Failure Case Wavelet DAE
Transform
Case (1) 0.8589 0.8989
F-1 Score Case (2) 0.8784 0.8421
Case (3) 0.8523 0.8700
Wavelet Transform®] A }ol] vl F3t oF 0,033 =7 AL T Aol A s o 71A e i £33 0 ol
o} o]2l@ S Mol DAE 71WS BE dolE Axe 4 B Bgdte] AXY el A wnE QAT Ago|n,
o] A} 1;1] olE 9] S5 EF 1FS AdelA Iuste i1 Held 71HS 883 Anomaly Detection 7] %S &83t0] 1
T ATgE B8 AT E AE el 5 3l Z dlolE =, Anomalys ©A8te] 1174 ©X]& ¥} F-1 Score
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