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ABSTRACT

Purpose: The purpose of this study is to compare machine learning models for anomaly detection of mechanical
facility equipment and suggest an anomaly detection system for mechanical facility equipment in subway
stations. It helps to predict failures and plan the maintenance of facility. Ultimately it aims to improve the
quality of facility equipment.

Methods: The data collected from Daejeon Metropolitan Rapid Transit Corporation was used in this experiment.
The experiment was performed using Python, Scikit-learn, tensorflow 2.0 for preprocessing and machine
learning. Also it was conducted in two failure states of the equipment. We compared and analyzed five un—
supervised machine learning models focused on model Long Short-Term Memory Variational
Autoencoder(LSTM-VAE).

Results: In both experiments, change in vibration and current data was observed when there is a defect.
When the rotating body failure was happened, the magnitude of vibration has increased but current has
decreased. In situation of axis alignment failure, both of vibration and current have increased. In addition,
model LSTM-VAE showed superior accuracy than the other four base-line models.

Conclusion: According to the results, model LSTM-VAE showed outstanding performance with more than
97% of accuracy in the experiments. Thus, the quality of mechanical facility equipment will be improved

if the proposed anomaly detection system is established with this model used.
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1. Introduction

o]4 ©X|(Anomaly Detection)®, A (normal)¥} TEFH = oA (anomaly)S BA3l= AS=Z Novelty
Detection, Outlier Detection®]#t1 E&]7|%= 3HHE.S. Lee et al.,, 2020). o)A Ex= A H|A = oA BX]
(Unsupervised Anomaly Detection)®} X% o]4F Br-2](Supervised Anomaly Detection)Z W th, o35 o] 4 H)

e A4 dlolgol vl oL 7F A A A E7] Wil Shs 3 Al A dlelErkE &8sk HA| = o] '

o]
W So] & o4 Bhx] #h o) vla) Hr} I A% 9t (Perera P et al., 2019; S. Akcay S et al., 2019).

h= =1
F2 8y Bofg = AR A AE(DS), 95 A% (Healthcare), [oT o482 (Hasan M et al., 2019), A]
AG oA, FARA o AFSAUBAANAEEDS), A BoF olAErx] So] ¢ltHChalapathy R and

Chawla S, 2019).
ZIAANAES] dolE & 71719 A4 el a7 e €] vlolElE wab, o] HolH= ol BAE F3l 71419
o stetel] &8 = 4 ¢ T wAT waR 7] AEvke Al oEshd HEAQl o
A el A gulate] Tk waled 7 sl Tyl AIARITHKH. Sun et al., 2020). 53], LESISIT
(Autoencoder; AE)(Zong B et al., 2018; Baur C et al., 2018)2} A& A UE$H A (Generative Adversarial
Net-work; GAN)(Li D et al., 2018; N.Y. Choi and W.H. Kim, 2019) ¥2& 7vto 2 3 gy 7|HEo] 713
girs] A 9l
ATl A ARESHE HlolH = i F A mAE =AY ZF GAte] AAE 7AEA o s H A FAA
HEAH, F2 $F 2 75 F@sts 71AER BE] tigh dlojeolt). 7| AAAE =] BH
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2] Alth(shutdown) @4olete WASHA =W Eafju]g-o] skl 50007k 7F7ke] G v
214 thDataRPM, 2017). webA mle] 173 o 5shal Abdol «gad = 9=
2}eF 7)4 ARkl TSI(Technical Specification for Interoperability)< A=}k A7 RUE
W o ZE WX E 98] =HEta 9lon I A= RFID(Radio-Frequency Identification)
AL A BdEl A2ES el 201295 Ao RUB RS AAEtaL ok sujelM e AE
SAlo] AEHALA SR o] FHAANEAE & ol Ao, TS A olA A8 THedt o] A Al ~H
ol d=ow Agselr] AaiM e B Egk A4 Fasi

& A Ho|HE AR&ste] o] ©Ao] thEA 0 R AMEH = daeEEe e vl
wakar, AR AIAD el A ARE AE W] Fa/de] dia] ®teketl vk B3 LSTM-VAE(Long
emory Variational Autoencoder)& &-83F 7| AANAE X< o] ©A] A|lA"E Aljlete] & A
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2. Related works

2.1, Anomaly detection

o|Ayekx] o] Aol tjekait). 214 #F W%(True probability density)7} S Hlo|E|E oAt o & HY|%E &2
(Harmeling S et al., 2006), o33t HelS w24] = dio|HE o]A o2 B7|% dtH(Chandola V et al., 2009).
olxd e Feloju} HFeo] A = 5ol HolHE Zohlles WHES ek, tE ZE Novelty
Detection, Outlier Detection®|gtal &2]7|% 3t}

ol FetA o] RS HANE AAlel o|27] 7] thFetA AT AL vk A= SAA A 3914
FE ARG OH YA oR FEA Ry My Rd5o] ok dAle 7]A 85 (machine learning) ¥ ¥
Bs 83 ATEo] 7P st Al 1w Qv A vlely o] ehEe] f-tell whet 2| E(Supervised),
(Semi-supervised), H|A| Z(Unsupervised) 2 W 4 Utk A= k5 7|0k o] J8hx]= k5 dlo]g 9] 4
ghflo] W5 EAete 445 etk BE HlolH e ghEF o] Hof 7] wiiEel vE s WSl
St s Wol= o] vk e AA A dAell A= w4 HlolEl 7 282 vlolElell Hlsl 3

w ol ARg-sh=d] SHAI7E Qlvk BEA| I BhG 7|9he] o] e A= A HlolERkS 7HA| AL Ssehe W

W e Al(Support Vector Machine: SVM)#} AE(Autoencoder)(Zong B et al., 2018) 1@
GAN(Generative Adversarial Net-work)(Li D et al., 2018) 5& &3 i3] A7} o] Foixa gt} A4} d|
olE| 9] hiivkS THA ALk ShaS AT =l Aol AAN, el srle] wishy A Wi Fol| Wizkelar
A Le8hgol| nlsf st "olxlvhs whalo] Stk mpAeto 2 HIX| & o e = dlo]E o] ghlo] gl Aol o
FS WPt Wyow F2 4% X (Principal Component Analysis: PCA)¥} AE(Autoencoder)(Baur C et
al., 2018; MK. Seo and W.Y. Yun, 2019)& AR&-3 A7} Sitk ehllo] Ba givh= Zo] EAleh, wlolH 9
EE7F v Ad 45 47t Wolxw sto]H mhe}m|El(Hyper Parameter)ell R1zksirhs Wilo] gich

o A= T FobellA E-8H AL gtk IYFAAZRADS), o517 HHealthcare)(Wei Q et al., 2018),
[oT(Hasan M et al., 2019), AIAIE Ho|H&EA, GHEA, o] daE A FAA2RIFDS), 2 2Fsak 3, 5+
B UES A d7, 2k Hof o8] o] AdthHodge V and Austin J, 2004; M. J. Kim et al., 2019; J.S. Kim
et al., 2021; Chalapathy R and Chawla S, 2019).

< Helde ARSEl B2 o] A vk A gE L gl AlA e T&2% LSTM-AD(Malhotra
P et al,, 2015)F GAN(N.Y. Choi and W.H. Kim, 2019)¢12]5S& 283 A 5ol stk & A7) 7[AANEE
g9 o] A= AR RatE AAREYH S s 2 HAF d H, AR 544
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2.2. Anomaly score

N7 dlolg o] 2hllo] §li= Aol ol d|AIE sl T At nAdS sk V1ol st o) dEA
oM o] 71EAe] H AAIRK(threshold) S A3l o]®t} =AU Yg
of o] FEE nlste o4 A4 (Anomaly score)E HF-olste] Ak} v dlo]E

and Chawla S, 2019).

B
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Anomaly Score = —logp(a:t;,uxt, >,) (1)

t

[y, 2, - mean and covariance of the reconstructed distribution, N ~ (,uz', Zl.f)

{if fs(xt, @,9) > threshold, anomaly @
otherwise, normal

B Ao ALgSh= 2d-e LSTM-VAE(Long Short-Term Memory Variational Autoencoder)® Formula
(D ZoIN ~ (X, ) based #5419] negative log likelihood s AH8-844 ©4 H5=(Anomaly score)E <]
& Atk p, o X2, = A BAS F8) ARk ATs wae] Betd giahks YERE Formula (2)0114
folzy, @,0)% ol A 34 2 oulgth, 1ejal ol gk Rele ofgf Formula (404 Aojd &4 g4
(Loss function)& o] 42 AFEg 4= ). £4 45 27 wEd A4 dojejele] A= FodA dlo]g]
9] g BXE A A%k Aol7] wimell &4 d4r9] ghol Y%k (threshold) ©]de] S o] do] dttar
Het & 5= v} A= o] H9=(Anomaly score)”’} o™ LSTM-VAE(Long Short-Term Memory Variational
Autoencoder) ERERE] Z)G-Z=(reconstruction)] 2 HA] Fth= AL on)sA &= Ao|tHPark D et al.,

2018). o714 YAGEE 44 dlolHZ 5SS 18 dS o 74 g+ 3 (Cumulative Probability Density)7}
99% ol’d?l Aoz A4 & girh

2.3. Autoencoder(AE)

o] AJekz]o A Autoencoderi= FAIAES %L%ﬁi H[ A & Sh5 7|9ke] Wy & dfubo]ti(Bank D and et al.,
2020). Figure 12 Autoencoderd J-zo|t}, 139} tmy =z FAF gon, 83 =4 A9 & 757}
2t} Input layerolA HoJE]E o} Hidden layer? 2<% I 71 E0]8WA ARE 4538kaL thA] Output
layer® Hddte= 8 AA A5 oF7FE AAstet, ol WAs= o] ATF o7 ARE o HT
(Anomaly score)Z AM&slo] A Zk(threshold)d} Blaste] dwlojgle] AAGEE HhstthAn J
2015).

QESIST = Holge] ghllo] Qs erom, Y vlolEef E¥ do|H7}F FAR Wako R dh5o] e,
olu = dlo]E ¢ EAS %35} Hidden layerE 3t AA&7HLatent space) S 2 A3+ & Autoencoder?
A gk el Hsriel A def HolHE Hdehe S AR BE ATt R e 3wt dolH e &
o] WAEt H=d o] wiie] HE dolHw i vloJE 9} AfolE Kol Hrt 5ol Edk § AE g
dolH= i vlolElel] v FosA] &2 545> /‘}‘j)rxh— 71% 55 tlolE 9} AR Wk R

B AT ARk 71 A A E HlolEle AAHolE ghe S Al2E RUEE Loket Ak 5
At AR el fokell A AutoencoderE 283+ A=0] 5"”‘3] RS AN =t ]/‘1 dlolE= vkl o] Al
Ad dolE gt 83 540 e, 71€ dFE oeldt 5EA4S &3] ﬁﬁﬂ A AHRNN)o gL & &
9+ LSTME Autoencodere] #Ag3}7|% @tk &3 VAE(Variational Autoencoder)(Guo Y et al, 2018)¢}
GAN(Generative Adversary Network)(Son V H et al.,, 2019)& &&3 AFE% ghts] o]Fo|x 1 9
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Figure 1. Architecture of Autoencoder

3. Experiment

3.1. Anomaly Detection System of Mechanical Facility Equipment

B =Tl Aljkets o] FEA A28 WS Figure 29k 2tk @ ZF A= AAE AMRE, AR, 25,
w5, WAEAAA SRR A EYAS Sl 94 volBE gty S, A8, &7 A8 4
lﬂ MU 2HE 7} HolHES HAol Sl AEE 5 dojeuo] Xl ARt @ s E dHolE = ok, AFL,

S S = 713k @ AAE dolH

ApAlskaL A7t v ElolH & JHEete] 12H4 o= HlolH AgAle] A
A

E 4, ﬁJrEMEi AL B B AT dolEAle] A4S FRl HolE Hed Atk @ HolEEA FgelA
= AISES flel Bad AAE 2, o el BAES g VAN e s dSet s SR
® vlolE £ ANRRE oZH 43S Fgalo] YARUHYY £8438 2 ARG ALL FHIT

Data Collection

Data Processing

Data validation

Data Analysis

Remote Monitoring

loT sensor (Vibration,
current, temperaturs,
humidity, fine dust etc.)

Wireless network
Communication server,
collection server,

classification server

Database

Remove the abnormal,
limited, missing value

Abnormal vs normal

First data preprocessing

Data exploration
Parameter testing

Train and test set split

Second preprocessing
Machine learning

Al model

Anomaly detection
Diagnosis

Prediction

Monitoring system
Qperation plan
Maintenance plan

Al system

Figure 2. Anomaly detection system of mechanical facility equipment
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3.2. Data

& Al ARgshs HolE= ZIAIAAE HolH ol A= diole e 71719 A Aot a1 e <]
HlolBE ofrjstn, o]2fd dlo[eli= 7| AISsS Sall AAl 717A1e] BEE oSkt &-87bs sttt AS-E Elol¥
© WAFAA EAEEGALA 75T 7ANEE 1 oA AN HolH 2 A F A=A A =AY, A
T, FRNEAEFANA Theel Foleiglar dio[gHlo]Ad M a2 v T2 $F 3 718 Fddhs 7

A7gA1e] ZHel ‘41‘@ dlelB = thd e, A9, 7o GAte] gxAe AAd 41709 ZHd tajx iz
Fotol FAHUAT et 38 AFANE Sol SAE FPEE, wol® =%, AdA="Y, 5449 e 1

glar ME =29 F 57 39l Feld Elold 7EES Table 13 2.

ini

i

Table 1. Total volume of data collected

Volume of data collected (Current/Vibration)
Load Failure data Normal Data
(KW) Unbalanced Axis . Subtotal Subtotal
. Loose . Bearing

rotating alignment .

body belt failure failure | Quantity | Ratio(%) | Quantity | Ratio(%)
2.2 30,000 | 60,000 | 30,000 | 40,000 | 160,000 | 15.5 270,000 | 25
3.7 30,000 - 30,000 40,000 100,000 9.7 100,000 9.3
3.75 - 1 - 130000 ¢ - 1 30000 | 29 30,000 | 2.8
5.5 30,000 | 30,000 | 30,000 | 40,000 | 130,000 { 126 | 120000 | 111
7.5 - 30,000 | 30,000 ! 40,000 ! 100,000 ! 9.7 80,000 | 74
11 30,000 | 30,000 | 30,000 | 40,000 | 130,000 | 126 | 150,000 | 13.9
15 30,000 | 30,000 | - 40,000 | 100,000 | 9.7 80,000 | 7.4
185 - 180000 | - | 40000 | 70000 | 68 60000 | 5.6
22 30,000 ! 30,000 | 30,000 ! - 90,000 | 87 70,000 | 6.5
30 - 0 - 130000 | - | 30000 | 29 30000 | 28
37 - - 30,000 - 30,000 2.9 30,000 2.8
55 30,000 | 30000 | - | - | 60000 | 58 60,000 | 5.6

Total | 210,000 | 270,000 | 270,000 | 280,000 1,030,000
Sub
1,080,000
total |Ratio(%)|  20.4 26.2 26.2 27.2 100

AT A= 2.2kw ZH | I AAEFH N SHLET T /A S 7Pdske] AES 7SI WA S
o Abg=E A4 dolEl: 10,000% % FH®RY, S, TH3 e 7]'*5?1::—%/&] MS(root mean
square) H°|HE 1%
2R YR 23} 7 L_'Loﬂ/q 2,000

4,000z 50& A% Aol A B E Weke F 7HA s 78It
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3.3. Preprocessing

ZIAXNAE HolHE wAaled Rdd gata o w skaAl7]7] s e A g7t B2 o)), dlolH = 3709 A
F 3 1he] X gro g 471K £ o g AT 12mtt 4% RMS(root mean square) kg AHESF o1
4% HlolE = 0, o] HlolEl= 1= 2hEd silaL, vlojele] 2t £4¢] s 483 WeE wEolF7] fsiA F
2k Hdlgho] 0014 14te]e] HI91E WEEE HF3E ol & A3 FrtE 93l SHAEHH
F849E% 7T 7 0 S 7Hgste] s Kk Figure 32 84 AEl9] vlolEE =23} & Zlola,
Figure 4% 3| AA1EEE 7ol 2ANS o vlolB| & 2= =2 vepd Aotk np2 o % Figure 5+ FAEE

F g Al AS 7Pk The HAE dlolEE YR Hojth

0.8

0.6

Value

04

02

0.0

0 2000 4000 6000 8000 10000
Time

Figure 3. Vibration and current value of normal data
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Figure 4. Data of rotating body failure Figure 5. Data of axis alignment failure
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. 8 A% A% eld 10,000
1517) 948& A AA A 1z 3 A SHE AP bolE
q

2,0007}F 4 + 4,000% <t dolH
?L“%E} T AA AL 1xof 3t W SAHE AAAE 2 dlolE 2000719 S AAEHE Ao A do]H
2,000/ A Aol BFe= Ay 4,000%2 dolgz FA 3
3.4, Model
oA E s WHoz FA VW, Waled, Hed 5 A8 7HA 7HEe] s, Htde HAEY, 2
} 22 345 GuEES ARES o) B 7Ho] gulslA AFE I ) AEE 9E F 5719 o'
A 2dS =939 th WA Ramdome F2H9 4 EREER vE dugls ZAES e H7t 7150] Holed
E4 2, [F(Isolation Forest)?} OSVM(One-Class Support Vector Machine) @2 o|A k] A 5S- v s} ¢
3 AAsIA 7 2de] A9 dE| AFSEHE 01*“:*7(] Bdo|u} AIZF ARE ¥R gt vixgoz A7k

ARE I3 dug)Eo 2 AE(Autoencoder)E AA3te] LSTM-VAE(Long Short-Term Memory Variational
Autoencoder)$te] A% HwE £ dag|Ee] A A AEE 5ot}

ARE RE59] sebrEE Table 29 2t 593 oA LSTM-VAES AES] AHe< Hluslr] $fato
Latent space?] I7]& 42 1A}

Table 2. Model Parameter

Model Parameter Setup

IF n_estimators = 1,000, contamination = auto, max_features = 1, max_samples = auto
OSVM kernel = rbf, gamma = 0.1, nu = 0.01

AE Hidden layer = (32, 16, 4)

LSTM-VAE Hidden layer = (32, 16), Latent space = 4

A RhsS AlQfstaie o) B4 darg]gol REo] ik thkdt A7 EAgeh 53], oA 27l A Aw
A Ax 7 AE(Autoencoder)9t GAN(Generative Adversarial Network)7]4ke] 2elSo] 71 gl AT E
AL Qe ey ATl A ARk ZIAIA A= ElofElE ekl e ARE TR o] R E = A EIE E H]
dolH ek 54¢] Slth o] 22 54& 7= A AAIE HolHe B3¢ ANt 725 7H gagEs ARE
85 7Neha A o ® S5 Algto] oluAl Hrh wheba] S W 355 AR 9-ete GANZ|RE Rdojit ofe] 71X
= 9T sho|HeE RAES ARSI RG HolH o SAS & BT o 9l AEZINE] LSTM-VAES ARE-8)
of A4S APgck

2 AgelA ARE-S} 13EA] daE]E-e LSTM-VAEe|th. VAE(Variation Autoencoder)E Formula
(39 &4 F5(Loss fUI’lCUOH)—O‘ Hirslete] RdS A& 9l

L(@,@,xi) = —qu [logpe(:vi|z)] +DKL[q®(z|§ci)|p®(z|xi)] (3)



Seo et al: Anomaly Detection System in Mechanical Facility Equipment: Using Long Short—Term Memory Variational Autoencoder 589

t dolee AEeE p(zlz) g sratt aeu AFEE ] At og7) Wil o]2 nr} e
7 Ae wE g(z)m ke wRRed wye Asdd ariEe plzla)s glz) Al
KLD(Kullback-Leibler divergence)® Al4Fstal, KLD7F ot wekoz ¢(2) 2 2484 2% ¢(2)8 9=
et} Formula (3)¢] $% — E, [logpy(x;]2)] = Reconstruction Term2.2 Q151t17} Hlo]E] 45 Wobr] g2

<
&
Lo
v
&
2

HE & WohlaL, Hat= a7t v 2 WolA] 9 HolE] & 54T uf o] & Abold] ARX dERIS
vehdtt &, 8 (Input)?t &2 (Output)®] S *HError)9] 7| RS YeRl7] wlizel] o]4d#2l MEE F42 i E
drpt # B9derts oudth 3 AW Dy, gy (212,)|py (212;)] & Reconstruction Termo& z7F

zero-mean Gaussian®| 2kl 7Fg & 15t o] A ALS 5 BE (p, (2]x;)) ok A8 38 £E (g, (2]a;)) 9

$AE 4ES Yehi KLDOT, mebd o449 sampling®47h A0jE priors} 2ES W] Fi- of@e
g
12 / — J
_ bJ 2 2 2
(2.6.2) 521 log(o; ) + = e 2(1 +logo?; — ui; — ot)) @
J= %] J=

B9l 29 35 E¥E 71-A9KGaussian) E¥E2 7FE31S v, Formula (3)& Formula (4)3} o]
F oo o 27 29 dolE e Wi B4k ovlele, D §1/EE Hold

of A(AEN oIk, B g, ;9 of = ZH7E &Y Mg Hty Bake Yehla, J 2y o] AA(HE)S 9
n) gk},

olg} Figure 62 LSTM-VAEY F*xo|t}, LSTMY 1 Hd| &%= linearE® z(H+f, EAHE F3ic) ol
Progress-based PriorE°] 27} 3 = 191 N(p,, 2,) & ZH2He] Hat-& 27 vh2A A4k ogA 7t time
step vhth £¥ 5 th2 A stod A|AE dHlo]E ] AIZF 2]F A (temporal dependency)S ¥ g 4= Qltt. o]&E A o=
ol A Ade Fatp, o WAty of FXAA zE ddsl MEF st Have] LSTMeR ddenh HFH o
2 Loss functione Reconstruction Term¥} Regularization Term&] 302 Al E|o] o] FHES FH 43} 3F= W
o= HAY g, §(EE)E e Ao] Hxolth olg A gy sepulEE v O R Formula ()& 74]*&“5‘}04
Anomaly score® F-&t1L 1 ko] A gk(threshold) 2t Z¥ anomaly® 184 oW normal® HFekstth(Park
D et al.,, 2018).

AdH o2 VAEE Autoencoder(AE)SF H|S23 T35 ZHAT AR AF9S £ ZA37H0 el oz A
kil oA AAgskE AT REsll, VAEE 7H-AIRE 8 X8 whEo] Ulo] 548 A4sta AVIA "adE
3 dlolHE thAl AAskE WAldlA Afo]lE Rl

o

4. Results

Figure 72 LSTM-VAE(Long Short-Term Memory Variational Autoencoder) 2219] £=43d<=(loss func-
tion)ghe] HEE YERAL o] F T3 oS AHsly] #st A A gk (threshold)& 73;(33}7] Al &4 g4
o] 71 & EEL7} 99%0)do] H= A9l 0.045 AAGk(threshold) 2.2 AA 3L HAE HoEE B34 A
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Figure 7. Distribution of loss function value

Figure 8 3| AAEHY A&} Figure 9 HHEZF 24F 9 Loss valueE HWH 200027} At AJHE-E Zho]
/bR Wk Mo FAIEE YA ghthreshold) S Holdo] o] (anomaly)o] #58S & 4
— Loss — Loss
~—— Threshold W —— Threshold
1071
107t
1072
1072
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Figure 8. Loss value of rotating body failure Figure 9. Loss value of axis alignment failure
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%ﬁ(latent space)oll #F3laL o]F HAHE F&f Hdsl] diate] ApolE nlagto s o dgAE It

=
H =
F mdo] A5H 7l A EE Accuracy, Precision, Recall, F1-scoreZ A}&-8}31t}. Accuracy+=
b

= A= T
BEEE AA 53 A Fol SnlE o 5S dvhy JEAE v|slaL, Precision AUER Positive® o 53
A F AAR PositiveZ} Gl HEXE HAFE AR drpy AUIHE & 4 vl T3 Recall> 2A
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Table 3. Model performance evaluation of Random, IF, OSVM, AE and LSTM-VAE

Experiment]l (Rotating Body Error) Experiment2 (Axis Alignment Error)
Model precision recall accuracy | fl-score | precision recall accuracy | fl-score
Random 0.5218 0.5197 0.5214 0.5207 0.5238 0.5089 0.5185 0.5162
IF 0.8906 0.7849 0.8310 0.8344 0.7720 0.8897 0.8597 0.8267
OSVM 0.7988 0.8103 0.7492 0.8045 0.8007 0.6989 0.7315 0.7463
AE 0.8879 0.8963 0.8906 0.8921 0.9305 0.9158 0.9274 0.9231
LSTM-VAE 0.9791 0.9605 0.9700 0.9697 0.9799 1.0000 0.9898 0.9899

Table 3& <A 71.;4 Sk F 7HK]) Aol thsk A3E e Experiment]l2 A8 2,0003%
B do]E7} 39 3 1 5 2,000%+= 3A A &3 (Rotating Body Error)e] wHaisle] 1%
1, Experiment2: 2,000% 5<¢Fe] AAF AejolA e A3 o]& 2 000% B<¢te] #A4HE E3H(Axis Alignment
Error)e] WAt 17 AJ3S 7Ptk Table 39 ZdE HW o) dHolEe &/ A% Accuracy$}
Fl-score ®5 Random, IF, OSVM, AEX.T} LSTM-VAE Z4l9] o4 &x] A 5o] ¢ 943 Z3E Hi)

5. Conclusions
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O SAEEFS BE dsfol o8 =EaAAY BHe w2 5o o] B¥ete] WAeke 1o R
“ 2 4 9} w3 LSTM-VAE(Long Short-Term Memory
Variational Autoencoder) E29] 484 (loss function) = 17g B4 A] & £ o2 Z713E A 39l & &=
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2] ol A= AE(Autoencoder)®E 7|Hke] WHELE Wo] A gIAYH GAN(Generative Adversarial
Network), CNN(Convolutional Neural Network), RNN(Recurrent Neural Network) < 683 theFst Zdl o]
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