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Anomaly Diagnosis of Rotational Machinery Using Time-Series
Vibration Data Based on Time-Distributed CNN-LSTM

Min-Ki Kim'

ABSTRACT

As mechanical facilities are interacting with each other, the failure of some equipment can affect the
entire system, so it is necessary to quickly detect and diagnose the abnormality of mechanical
equipment. This study proposes a deep learning model that can effectively diagnose abnormalities in
rotating machinery and equipment. CNN is widely used for feature extraction and LSTMs are known
to be effective in learning sequential information. In LSTM, the number of parameters and learning time
increase as the length of input data increases. In this study, we propose a method of segmenting an
input segment signal into shorter-length sub-segment signals, sequentially inputting them to CNN
through a time-distributed method for extracting features, and inputting them into LSTM. A failure di-
agnosis test was performed using the vibration data collected from the motor for ventilation equipment
installed at the urban railway station. The experiment showed an accuracy of 99.784% in fault
diagnosis. It shows that the proposed method is effective in the fault diagnosis of rotating machinery

and equipment.
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H] X = (unsupervised) =& HFA] = (semi-supervis—
ed) Stgoll 71HkgE o] 3 HE W= 2 ERIFY
(autoencoder)7} 28] o] &5 JTH5-7]. % A
S olg} o]} {3 & Addte s S
EHE dolgd AA(normal)® ©]4H(anomaly) 2]
fra ol gk golEo] Folx A% <& (supervised
learning) 2.2 738 4 At} A= SHGo] 93t o]
A AE 2 e HolEH tolHERH o) e

olgel HEL RAT F A AAS A ME
o MIAE BAE S A lste] £ A
T Qe & e Aol AT

H HY 7les o83 o]y HE E At #Agh
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AT AATW(CNN), LSTM(Long Short Term
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S 2 A9 -’F = ]°] dlolE A EA-& ddst
3, Kumar 9[10]= 3E3 A
g9 6714 o] 55‘% A8s7] flste Ef] &7
7|2 EAL Agsia o]E MLPo 3*6‘}251@.
Samanta & Al-Balushi[2]&= 714 2] o] 4 4%’3
7] Y5t TMEEAR SA3 20480 do l«l s
35 1,024 dolo] NOHER B33 F 7} H]z?j
Eo A RMS(Root Mean Square), ¥4F(variance),
£7](skewness), % =(kurtosis), A 139 63 =
HEE 73 F o]& YHo 2 ata 279 24
Zhe S HAEZ2MLP) S S5AIA o4&
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BEo 3dAA= ﬂﬂﬂl 71741 A «l oY FES
agHow Ad + e AL CNN-LSTM =
Ao thate] ATt 4404 ) HolEHE o
£33 A3 AR AASta, o] Bl 71&9 3 Al
o A AIME A3 E o]&st= Wl Blete] HA
& o9 o] L Tl AH-AIWE 25F o

€30 24 CNN-LSTM 2do AH%5& /AAe &
A< AA Y, v o2 5 A A2 FF

AT Aol st 7led

2. HOIHANE

A TAEE Gale)] AX9 714 Axe &
3l7] Mdu] Wz du] &7 Auj= 0]—6‘ I
A7} oF 90%E AT 9 =F
719k $%712 ol ¢ ok 327 %
AAle] Ay F7)E Agsty YA &

o, 3o *éil% 2] g el 0T
g A 54 15 dolEol16]. Hlo|
7

&2 (Bad Bearmg), 3 A A %%%(Rotatwnal
Imbalance), =4 2 &% (Shaft Misalignment), ¥ E
L3 (Belt Slack) F 5714 o= :TL’“E]‘H A
ot HlolEHE AE7] BE £3EE FE5H £ 12
ZFA QlE], £ AFNME ZEH 47149 273 FF
o] BF Yehd 22kW &) d57] RHAA F3
3 HolE & AFREATE 22kW 57 REOA
AE dvolg e nAFEd g ALgE Table 19
A A Eo] QATh
AE7] BEol] F2d 71& % AAjolA =39 X

% HlolE = A/D(Analog/Digital) W37 & =3
PCM(Pulse Code Modulation) Al 22 HAgd ), 7}
.4:1: )\-‘]/K-]_‘:_ EH)\L%]]Q] 524 7]..4;:1:2_ xqot}-_g_i ’Z?‘;S]
st 7hER grow AR, Al
olth. A€ dHolH+ 3% 14
csv Y FE|E A€ Fig. 12
M csv FLo|A 0252 BeFo]

Table 1, Data sensed from 2.2kW motors,

Station Equipment | N | BB | RI | SM | BS
L-EF-04 ¢}
L-SF-04 o | O
Gabcheon | R-DEF-01 (@]
R-EF-03 O
R-SF-03 O (0]
) L-EF-04 ¢} ¢}
Daejeon
R-EF-05 O o
) L-DEF-01 O
City hall
L-DSF-01 O (@)
12000 Anomaly
. N
10000 BB
N RI
. SM

8000 BS

6000

Density

4000

2000

0.00
Vibration

Fig. 1. Distribution of vibration data for each anomaly
class,

X E Yehd Aot Table 2& B4 2 1%
e 54& sotalr] 9sked 3l A o
g 13 &7 AT07NA AA TR A A
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(max), Al ¥ ¥ v (root mean square), E+=%H2}7}
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A A A 71 2 ol AL AHN) HlolE 7t
o2 14 FEEC st B gholl 7rtkol JsE
o] BxEo] Jle& ofn gttt gt & (crest factor)
= £ RMSE Yir oz nigo] d4E u
Z7)d A1E AFE F Jd' 842 SM, N, RI9
] BB, BSell Blsle £ 3hs Yeha it} S8 o]
2 Ae 4 2 2@, FA4E EFHSM)
3+ A Zelol A RI, BB, BSeoll vt Aoz
Z @S JERI gt

1 (z,
Kurtosis =Y 1 (1)
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Table 2, Statistical characteristics of each graph.

Equiment N BB RI SM BS
Absolute Mean () 0.006 0.005 0.008 0.004 0.004
Max 0.063 0.027 0.071 0.037 0.023
RMS 0.009 0.006 0.010 0.005 0.005
Standard Deviation (o) 0.010 0.008 0.013 0.006 0.006
Kurtosis 4.023 2.774 2.877 3.291 2.604
Crest Factor 7.371 4.438 6.823 7717 4.668
Clearance Factor 29.74 15.90 20.77 31.65 13.16
Linax ~ Lmin E%F(BB), 3 AA EHFRD, FHZ EFESM), 4
Qearance factor = ———————— (2) s
1 E =&3®B9)d st
5 7) 3. Hokste W
Fig. 2= A2 2 340] 4% d%57] ZE9
A% dolE F AT & NE B} 0.5% BFL 1 ExE
AEE AANG Ao, Sl RE AGN), Wojd M E B3 19 vlolHdE o] Z(noise)7t
23] Utk rol2E HolH B4 FHAG A o]

b e 2RA dolE 24 Walr} S Ao
2 4olg 4 3t & wol= AL HolEE nr}
Askal BA87] d8) FutE s 9 F shdol,
- @ - . AAE HolHoA WEE &g o] &3 ko= Zﬂ

A 18]S A% dHolg oA dA = o]Al-O

U 5 e AL AAR A2, 208 L

WWWWWWMWMWMWWW o) g5te] 2B YHE A9 A5 SHL W

: A8 % Qo & ArAlAe AuAe AEe =
® Be fASEA WA WEs nFo 4R A

= A3t7] $13t HE 9 2~ (Butterworth) 2H & ©] &
B | Sl WEIl 2 BEE ST A b He

: & Foks 9 5L =S A8 A5 LE
© 2 Sauo ghe] AskA Y Fuks AT
AFehe WElg s BEe) Fos S 4 QO
e TN U T
- Glw) = ——— 3)
G NED]

A71A we 2% dYee Yetle 4Fgs
MMWWWMWWWMMM (angular frequency), n& ZE 9 242 Yehith

BE e A7 AL Aolsk FANAH o] ¢

() A DE 7R B AT E 482 G
Fig. 2. Vibration sample data sensed from normal and HE Y2~ FEE ALse] AXYE 39T},

four fault states, (a) Normal, (b) Bad bearing, (c) o _ -
’ ’ : = o~ HEE Has : A
Rotational imbalance, (d) Shaft misalignment, Fig. 3(b)= ME A= BHE A &3t Fig. 3(a) 4l

and (e) Belt slack. S0 JEIY 750HzE 236t 139 AES AlA
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Fig. 3. Noise removal by low pass filtering. (a) Input
signal and (b) Noise filtered signal,

3z A0 2 4 25 HolEe kHzE ME
FEJoEE 12000712 /\]ﬁl]% HoE FAH
ATk AAE ZHEC WA= FZ37] $1s8k4
CNN& Ag3hH %5& Eqe LSTMoﬂ 2 g3}

Slol Bl & vl % =3lg T LSTMe] HEZA
RNNo| zt= 7] &&ol & 7127 &4 &4
et A 71 Ag AAE vlolE o dolrt v
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AR 2dE SEA 7 A8 5HE AR vlE
st o Ul EIE} %01] AR ES] o)z} ‘j]—r‘
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Fig. 4. Diagram of a basic RNN cell and an LSTM memo—
ry cell [20]. (a) Basic RNN cell and (b) LSTM
memory cell,

3.3 A|28F CNN-LSTM 2 &

&2 RNN A& Fig. 4(a)oll AAE ule} o]
AMAANA dEE xoF ol A E Aol st
o A3t FrE AX A AHe FH s =9
zZ 8] Wil | A el e g5 59
o] A3tE = 71&7] &4 FAZF T LSTM2
2719] 9 3709 AlO]EE Zk= LSTM H &g
Al LzZ o7 3 EXE &) dskguH20]. Fig. 4(b)
ANA p= 7] BH, G A7) AHE UERdt o=
AR E 5 e Ao g S AHH
ZHE U E B2 (forget) AlCIE, 48 Al E, &8 A
O|EE UetiTH 7 ACEE oW HEE WY

AAAE 2433, Y Aol EE ofd g 4 Y
Hol WAE AAAE 2ASA 247 f9 i B A
Ak &Y AClEL o\ YRS Tl WYY

JAAE 2-dtt 28 Alo|Eo| 93t AAH o
'S}OMH?J A E A3} el o3 S gk
E -15H 1402 -3t A e gho] Algke
Ao wEk Al AAE S BA G
A oksl= Al B CNN-LSTM 29| Fx= Fig.
59} 2t AAIE HolHE 7|82 CNN, LSTM,
CNN-LSTM 9] AA D& o] &35t 14 Ak

i
o EIE froxl o
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Sub-Seg(1) Sub-Seg(2) Sub-Seg(n)

Ll

Conv (1 x 3) 64
Dilated Conv (1 x 3) 64
MaxPooling 1D
Dropout (0.5)
Flatten

NN

LSTM (128)
Dropout (0.5)
Dense (64, Relu)
Dense (5, Softmax)

}

Fault diagnosis

Fig. 5. Architecture of the time distributed CNN—LSTM
model,

o RE AIHNE ASTE P o7 ALL3A N
B AFNAE & /o] AINE 25S 6 e o
g /e ME-HMIHE 252 B&ste] CNN9 ¢
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l ¢2W o= °‘Fﬂ/\lﬁ EdE =3t M<
l 1E1°ﬂ Wxe EAs F&
E 39

7 -1401"’4 g5 g4 F (dilated convolution) 718
[11]& AH8-3FA T LSTM2 Fig. 4(b)ell A AE
2g A 12872 FAsH o, LSTMY £8& F
M) o2 o] Fojxl hddA Yo AAstS o]
AGES FPtnt. 28 AT ZAE AL
Hero2 CNN LSTMOIA 242) Efob-& 052

EELT L
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gloll tigh st vlolH & &3 grsl= 3ol
B2 dHE TPt 4 A5 E FHEA ¥ES
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A3t} Table 10 AAIE do]E{ A EolA] 8}
101 B9} H7} dlolE 7t 8= T Aot

), Mo E3FBB), 1A BEHHFRD, A
%(SM), WE L23H(BS) HoleEs 27 L-
EF-04, L-SF-04, L-EF-04, L-DSF-01, R-EF-05

FHlo| A 23 AL AHESHAT g5 dlolE 9 3
7} =] 1E1°1W 73 FEEE 27 1000712 HdS
TR Aedt & 2 5do AT E e Ala™
ER B3l HoHAEE 7435t wekA b
OEIA|E 9] 7R S dlolE e} B7t dlolE 42t
15,00070, % 30,000717} B}, &< dolEl 9 Hr}
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Z FHER g AES ST AIUE do]
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ot}

%mﬂ

m{m

s H

42 MOHE Zo|

AAZIo® 3L sy -?‘];H’Hh ey
g FE H5s FRHEA A& AYE
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E £ 5] flet] A IWE A

100, 200, 400, 800, 1600, 320022 + Hj 4
NZIEA HIHE A5 E CNN-LSTM =
Q/\]ﬁ/ﬂ o) 8 e tigk 2] A= E
Attt g B AN AEFH =5kl 9
off WAYSt= Ao Y7 gebu| o] o] 2 <Qls}o
disol ot 2 A JEebdTh o2ld £AE HA
slslr] 98t 5ol HEE AES B8 & 1R
Y Aol g Ao Hid TEFAAE Table
3ol AN AT 1 F3 el g 452 4
ol o8l A4tE A FZ(accuracy) 2 A AT
2] (4)ol A TP(true positive)= % 34, TN(True
Negative)= 3 F4-& 9wk, FP(false positive)

= AA FA, FN(False Negative)= AR 1A S
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6. Segmented signal with different lengths (left to right: 100, 400, 1600). (a) Normal, (b) Bad bearing, (c) Rotational

imbalance, (d) Shaft misalignment, and (e) Belt slack,

Table 3. Accuracy over different segment length,

Segment Long t‘ﬁ“ Avg. (%) Std.
100 93515 0.819
200 96.108 1.037
400 96.609 0.728
800 98.229 0.594
1,600 98.613 0.592
3,200 98.543 1.266

ou gttt Table 35 EW AIHES] Zol7l 5od
T&E AYET AR FdEE AR YEET,
olH g A= Yu Hl14]9] AT E YAete A
olt}. [14]9] ATl e AIHE Zol7} 2565 |

NEA AsE ol A Esbal Ao e
MIIHE Zol7} 8000]4<l
H 3kt

TP+ TN

T TP+ IN+ FP+FN @

x 100

4.3 N2%& CNN-LSTMO| M5

dE AIREE o N ME-AINER &
&atal o] & AQtH AR CNN-LSTM Edo) 3
£33l 2202 ME-HIHEE CNN-LSTM
of gHstd ARG H5s SAHIIAT AB-A
OHES ZolE g MIIHE Zdol9 1/2 1/4, 1/8
2 ZoUlHA A8 S YR on, bHe] vhE A
-2 53 Table 49 A5 At} Table 30 A A|

o =2
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Table 4. Accuracy of the time—distributed CNN—LSTM

model,

Segment LengthACC Ave. (%) Std.
400 97.915 0.848

800 200 98.079 0.546
100 98.292 0.826

800 98.965 0.425

1,600 400 99.207 0.208
200 99.460 0.288

1,600 99.179 0.718

3,200 800 99.232 0.449
400 99.784 0.124

H AxE= At®E CNN-LSTM EdojlA A 2SS
AEeA] Fa MIUE ASE JhE CNNel| 4
3t &8 5L LSTMl & 43k 0|3, Table
4= AIOHE ASE o ZA B3ty EAH o=
PHAI AR CNN-LSTM 2o tidt H5&
Yehd Aot A48 NIHE 255 IUE CNN-
LSTM Edof ALgste ZARteE AIHEE o %
S AE-AIHER g3t AlEE Ao = CNN-
LSTM Egol A&3 Ao] A% ol 713 AL
2 YEeygton, HE—HIZ‘?*_EC’ Aol7} AIIHE
Aol 1/8Y w HA9 45 HATH

S HA 714 Aule o] S Pl Atg =
do] J5& 712y #d A7 A3 vty 3t
o] Table 50 A= A5S A3t AAsAT
LSTMS 3&@te 2 F33 » % S RS AT 14dl=
AAE 2F dHolEd CW H]‘DIEM]E[Zl]i o]
g3t A 12744 713 «l S TSt Ao
98.4%2] W% 53 s ‘%E}W“E‘r [22, 23]&
E AFNA AHEEE 71A] AP E 2% 61A] Hlo]E Al
E[16]5 ©]-&3tAith o]l o] tlo|E|HEE MFPD
(Machinery Fault Prediction Dataset) 2 ™ &t}

Table 5. Performance comparison with some related

studies.

Method Dataset Acc.
[14] CWRU 98.40%
(291 MFPD(Subset A) 97.00%

MFPD(Subset B) 98.98%
[23] MFPD 98.81%
Proposed MFPD 99.78%

L EQlFH (variational AE) 2a-&
Ak AT [22]l+= MFPDS A BANEE A&3he
Z1A Y o)/ ARTLE AHEEAT ABAE A= 4
2 A EHY HolHE o= oL, ABA
E Be A4H SHEET to|HE o= 33
th Seol23]E WY EH~E 7HES A&t By
% 47}74-/] wgr‘é*% 2839t d ol g A ET}

E AHEstinats 43
_x_Zﬂ«] 7‘]'017]' RNOBFE AAZ u|oA H5E A
BH O Z vludlr]= o] Hoh Lyt Table 50l A2
H AAE Add o 7|E AT ZHEol —zr°1 H
o} AltH mdo] on] e 3 45& e
g} 4+ Ut

LSTM3# 719

o
I3
Hu

r

ol
N

o

xS
o o
N
M
1=
oft
)
b
12
>
ol
©
o
ox
]
=y
3
2

o

2o
o

oy
> }01' R 02_‘ 0}11

=
e I o
= o N
BRI
ol o}
2 O
2 A
-l

>,

B

o

Y,

A

™
ofr
N,
i

He 34 714 Adul e

oo | L

rlot

N

i

R

o

[l

m&

=

ofy

ol

A

=

off

o9

8L o opd o
X odd fo 2 o

— R
5
R
o
rNr}E
Q

L of
i}
o

4 T d

%o mlru

)

1= A2 CNN-LSTM _‘?_%1% xﬂ
A 39 HolHe
U Rl AlE o] BEHS FAEHA
Fub JES AAs] 98] HE

O fo o o fo O N Jx

_O‘L
32
O

Folz7 X3}

W
>
O
o
m
fu
2
i
N

,\}30}7] _r]o]_o:] A3l Zolo] AIHE AZE B
stinh A IHE do|7t Zojd45 gAz Hg

=

= %S Y

oj’de] HH %5 e vivaiith Al IHE A5
£ CNNell 98A1A 25 dolg o4 E4S F&3)
| Hgstozn Azl AZHE &=

a1, o]Z& LSTM

Aol A Yetude 54& S5 5 Ao CNNejlA
F23 54 AAE A LsTMell d9A71=
ART A IHE AEE O &S HB-AIHE Al
T2 AEDst dEstes o] A el 71



ANiZg CNN-LSTM J[Etel AIAE XS HIOIEIE 0188t J&A V1A &2l 0la JE 1555

AakE AL FASAT. B A70IA A4S Holg
£ FA 717 Aol 2EF AAL A5 HolE
2 GF AT END =, EAA44 Ho]

23 AAD HolE
Q1A 8218 A 3o},

REFERENCE
[1] K. Choi. J. Yi, C. Park, and S. Yoon, “Deep

Learning for Anomaly Detection in Time-
Series Data: Review, Analysis, and Guide-
lines,” IEEE Access, Vol. 9, pp. 120043-120065,
2021.

[2] B. Samanta and K.R. Al-Balushi, “Artificial
Neural Network Based Fault Diagnostics of
Rolling Element Bearings Using Time-Domain
Features,” Mechanical Systems and Signal
Processing, Vol. 17, No. 2, pp. 317-328, 2003.

[3] G. Hong and D. Suh, “Supervised-Learning-
Based Intelligent Falut Diagnosis for Me-
chanical Equipment,” IEEE Access, Vol. 9,
pp. 116147-116162, 2021.

[4] K. Lee, C. Vununu, K. Moon, S. Lee, and K.
Kwon, “Automatic Machine Fault Diagnosis
System Using Discrete Wavelet Transform
and Machine Learning,” Journal of Korea
Multimedia Society, Vol. 20, No. 8, pp. 1299-
1311, 2017.

[5] G. Lee, M. Jung, and M. Song, “Unsupervised
Anomaly Detection of the Gas Turbine Oper—
ation via Convolutional Auto-Encoder,” Pro-
ceedings of the IEEE International Confer-
ence on Prognostics and Health Manage-
ment, pp. 1-6, 2020.

[6] C. Zhang, J. Liu, W. Chen, J. Shi, M. Yao, X.
Yan, N. Xu, and D. Chen, “Unsupervised Ano—
maly Detection Based on Deep Autoencoding
and Clustering,” Security and Communication
Networks, Vol. 2021, pp. 1-8, 2021.

[7] Z. Chen, CK. Yeo, B.S. Lee, and C.T. Lau,
“Autoencoder-Based Network Anomaly De-
tection,” Proceedings of the Wireless Telec—

ommunications Symposium, pp. 1-5, 2018.

[ 8] R. Chalapathy and S. Chawla, “Deep Learning
for Anomaly Detection: A Survey,” arXiv
Preprint, arXiv:1901.03407, pp. 1-50, 2019

[9] DH. Pandya, S.H. Upadhyay, and S.P.
Harsha, “Fault Diagnosis of Bearing with
Supervised Machine Learning Techniques,”
Proceedings of the International Conférence
on Innovations in Design and Manuficturing,”
pp. 1-5, 2012.

[10] SR. Kumar, D.B. Phavithraa, and R.G.
Gayathri, “Supervised Machine Learning Based
Anomaly Detection and Diagnosis in Grid
Connected Photovoltaic Systems,” Proceed-
ings of the International Conference on
Combinatorial and Optimization, pp. 1-15,
2021.

[11] Y. He and J. Zhao, “Temporal Convolutional
Networks for Anomaly Detection in Time
Series,” Proceedings of the IOP Conference
Series. Journal of Physics, Vol. 1213, pp. 1-6,
2019.

[12] L. Shen, Z. Li, and J.T. Kwok, “Timeseries
Anomaly Detection Using Temporal Hierar—
chical One-Class Network,” Proceedings of
the Neural Information Processing Systems,
pp. 1-11, 2020.

[13] P. Malhotra, L. Vig, G. Shroff, and P. Agarwal,
“Long Short Term Memory Networks for
Anomaly Detection in Time Series,” Pro-
ceedings of the European Symposium on
Artificial Neural Networks, Computational
Intelligence and Machine Learning, pp. 89—
94, 2015.

[14] L. Yu, J. Qu, F. Gao, and Y. Tian, “A Novel
Hierarchical Algorithm for Bearing Fault
Diagnosis Based on Stacked LSTM,” Shock
and Vibration, Vol. 2019, pp. 1-10, 2019.

[15] C.-]J. Huang and P.-H. Kuo, “A Deep CNN-
LSTM Model for Particulate Matter(PMz5)
Forecasting in Smart Cities,” Sensors, Vol. 18,
pp. 1-22, 2020.

[16] Guidelines for Al data construction and uti-



1556 ZEIOICIOES =2 H25# M11=(2022. 11)
lization: vibration/current data of machinery,
https://athub.or.kr/aihubdata/data/view.do?curr
Menu=115&topMenu=100&aihubDataSe=realm
&dataSetSn=238 (accessed November 1, 2022).

[17] V. Hariharan and P. Srinivasan, “New App-
roach of Classification of Rolling Element
Bearing Fault Using Artificial Neural Net-
work,” Journal of Mechanical Engineering,
Vol. 40, No. 2, pp. 119-130, 2009.

[18] J. Cho and L. Lee, “Cleaning Noises from Time
Series Data with Memory Effects,” Journal of
The Korea Society of Computer and Infor-
mation, Vol. 25, No. 4, pp. 37-45, 2020.

[19] I. Botunac, A. Panjkota, and M. Matetic, “The
Importance of Time Series Data Filtering for
Predicting the Direction of Stock Market
Movement Using Neural Networks,” Pro-
ceedings of the International Symposium on
Intelligent Manufacturing and Automation,
Vol. 30, pp. 886-891, 2019.

[20] J. Donahue, L.A. Hendricks, M. Rohrbach, S.
Venugopalan, S. Guadarrama, K. Saenko, and
T. Darrell, “Long—Term Recurrent Convolutio—
nal Networks for Visual Recognition and
Description,” arXiv Preprint, arXiv:1411.4389,
pp. 1-14, 2015.

[21] Case Western Reserve University Bearing
Data Center, Seeded Fault Test Data, https://
engineering.case.edu/bearingdatacenter
(accessed November 1, 2022).

[22] J. Seo, J. Park, J. Yoo, and H. Park, “Anomaly
Detection System in Mechanical Facility
Equipment: Using Long Short-Term Memory
Variational Autoencoder,” Journal of Korean
Society for Quality Management, Vol. 49, No.
4, pp. 581-594, 2021.

[23] J. Seo, A Study on the Anomaly Detection us-
ing Machine Facility Data’' Focused on Sup-
ervised Machine Learning, Yonsei Univer-
sity Master’s thesis, 2021.

4 2 7

19894 29 FThskL AAA 4
o3} o] 54}

19943 89 FFThSkaL AAA 4
o3} o] 814 AL

1998 2€ FYUgn AFEF

I RE AR

=1

-\
A
4

1998 ~1999d KRIC A A+

19994 ~2000d KERIS AT, A+9¥

2000 ~20101d A4 sty HFE S o

20119 ~AA AddEn HFE B ue

20131 ~2014'a ©]= University of Notre Dame ®-&3}2}

20149 ~ @A B n FAFAERD AF3)- A
FEIATFAIE AT

#AEF: | B4, AARJA, HIWEEG) A48, F4A

2], Az A g



