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Anomaly detection models using big data generated from facilities and equipment have been adopted for predictive
maintenance in the manufacturing industry. When facility faults or defects occur, different patterns of abnormal data
are shown owing to their component behaviors. By detecting these pattern changes, it is possible to determine
whether a facility abnormality occurs. This study evaluated the anomaly detection results from a combined driving
system consisting of three driving motors for about six months at a manufacturing site. The learning data with an
autoencoder model for about a month at the beginning of vibration data collection and continuous monitoring of
anomalies using reconstruction errors showed that a component defect occurred in one driving motor, and the
reconstruction error increased progressively about three months earlier than a facility manager found the failure. In
addition, the micro-electro-mechanical systems sensor showed high amplitude in the entire frequency domain when
high reconstruction errors occurred. However, the integrated electronics piezoelectric sensor showed different patterns
as high amplitude in a specific frequency domain. The results of this study will be helpful for detecting facility
abnormalities in combined driving systems using vibration sensors.
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Table 1 Volume of the dataset

Number of values (Row/Column)

Target X v P

Frame 7,685/1,025  7,669/1,025  7,654/1,025
Motor #1 8,320/2,049  7,996/2,049  87284/2,049
Motor #2 3,814/1,025  3,794/1,025 3,773 /1,025
Motor #3 3,024/1,025  2972/1,025  2,930/1,025
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Fig. 5 Autoencoder model for anomaly detection
Table 2 Structure of the 1D CAE model
Laver Filter Kernel size  Activation  Parameter
Y (IEPE / MEMS) function (IEPE/MEMS)
1D Conv. 64 16/8 RELU 1,088 /576
1D Conv. 32 16/8 RELU 32,800/16,416
1D Trans. Conv. 64 16/8 RELU 32,832/16,448
1D Trans. Conv. 1 16/8 - 1,025/513

Table 3 Number of train and test data
Number of data (Train / Test)

Target X v p

Frame 2,375/5310  2,374/5295  2,371/5,283
Motor #1 2,401/5919  2,338/5,658 1,400/ 6,884
Motor #2 1,766 /2,048  1,760/2,034  1,754/2,019
Motor #3 1,830/1,194  1,826/1,146  1,824/1,106
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33} et
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(Batch Sizey= 16, Z|Z3HOptimizer)x= Adam A8 o,
sfolslaleiule] RS sREREpochyl] HE 27|ER
(Early Stopping)E =3 Jth. B4, ol Al2E sty 9t
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g3t



924 /| November 2023

—— Threshold
+ Vibration Signal

Reconstruction Error

Frame
0.0461 -
0.041 T 0.101 by ¢
0.034/
0.021
Motor #1
0.019
.'.'..., £5 B0 !\,;:‘;::..,..,";,4‘."‘;;4@{._'
0.023 ans ._' R . 0.02
Vet BY L A B ake :'7.-.:2:". : " 3
Motor #2 *wﬂfﬁl }:.ég?-:-l R § . o S S TRA Tt ?}a' i
3 VR S Z‘P’gﬁﬁsv §._ Naad g eay LT IR
0 =3 ; -
0.024/ dicss °%e ol 0.082 -
Motor #3

Fig. 6 Result of anomaly detection

Threhsold = MAX(MAE,, ;)
3.2 0|4 BIX| A3} 2N

5 T Al2EY] AA ol @A AT Fig. 63 Zth
HUEE 7|7k 34k Motor #30f|4] H|ojg dx=0 2 Qlsf 1o
% 5194 (Fig. T(@)ah vlole F(Fig. 10) 5 Tl HE 24
o] b},

BUEE 2715 vole mhé AEA Az
Frame X, y, z=3} Motor #1 z=ol|A] RX|&2 07 oA} A&7}
HAFE 53], 37 2E7F AAE Frame 35 X% ©o|E |
A= AT LA7E Alte] Apge] wheh H3F AR|= o=
LFERTE 9, 7 mEoA 2] 2E dlo]E= thiE AR E
o WA vEhgten, AlZE 350 uEg Solaeto] WA EA]
LTt ok, AA| Agke] AR Motor #39] 7-%-, Frame}
FARBHA A+ 227F A AR = ol vebstth. shAlvt,
o] A¢= YAAE A dolAe AFAE Laks YEuA| &
ATh Motor #19] zZoA YAAE Holxe Ala7t 275
g &Aooz yehtbed, of#fdt ik & dtolA 1D
CAE WdlZ o83t 3k5 A|, B HlolElo] thsf 19 5k
e o8& g5 HlolE 2 AR 2ute dhEt). whelbA,
s dlolE o] A sk Hlol" ~(7IIhE 52 YAXNE A
ZA3 d a7t Qo

o FEAILEOA AR RS & AT e3be AdH
e]Z7L Motor #39] K& A%HS Q1AIgE A% (Fig. 8 D-day)
o} of 37](Fig. 8 D-90) A AEglon, of&gh S
Frameo| Al S x, y, 75 2% FASHA| LebT.

[of
al(f
e
§=
i)

Fig. 7 Damaged equipment

= Threshold : 1 I

Reconstruction Error

Time

Fig. 8 Anomaly detection points

Frame 35 X1 tl|o]g o) &3] AiE 37 A4 1H(Fig. 8
T1, T2, T3)C.& Wieo], ol A1 A WIeE AR A3},
27] Tl 7I7tell= 22 717F 5 AR 24| dlole ] of 2-5%
TEOR ol ABTt HAEH LW, o]F T2, T3 7|7toll= 2+
7} 5-8%, 10-13% =0 & A =759t Frame ZF Z0] A
EX)5E 7|7 o|AF A1E = Table 49} Zth

o Az WY Wik F7IeF A o5 AlZofA ALt
Atd et 3A F7IRE Ae® yeydth T1 711 f 'AE

=5
=
A



November 2023 /925

Table 4 Number of anomaly signals

Number of signals [%)]

Axis T1 T2 T3

Normal Anomaly Normal Anomaly Normal Anomaly

1266 63 1087 98 970 140
95%)  (5%)  (92%) (8%) (87%) (13%)

1,275 30 1,067 58 1,052 117
Y 98%) (2%) (95%) (5%)  (90%) (10%)

1245 47 1,047 77 1,038 130
(96%)  (4%)  (93%) (7%) (89%) (11%)

Table 5 Reconstruction error of anomaly signals

Reconstruction error

Axis T1 T2 T3

Min. Avg. Max. Min. Avg. Max. Min. Avg. Max.

x 004 0.05 006 004 0.05 008 004 0.07 0.18

y 0.05 0.05 006 0.05 0.06 008 0.05 008 0.15

z 010 0.11 0.14 0.10 0.13 0.19 0.10 0.18 0.58
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