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Abstract: Detecting the damage of rolling bearings correctly is the important task in machine maintenance.
In this paper, firstly, the anomaly detection accuracy using some kind of outlier detection methods for vi-
bration acceleration of rolling bearings with artificial defects is evaluated and compared. Secondly, feature
vectors whose features are high importance to each defect sizes are used to evaluate anomaly detection ac-
curacy and anomaly score. Finally, anomaly score for each feature vectors after feature selection are used as

anomaly vectors and anomaly detection ratio is evaluated by outlier detection method again.
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Fig. 1 Flow of defect detection.
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Fig. 2 ROC Curve and AUC Score.
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Fig. 3 Test Equipment.

K1 ALREOIKB L O A X
Table 1 Shape and Size of Artificial Defect.

Symbol | Shape of Defect Size mm
ND None -
2b Hole ¢ 0.32
4b Hole ¢ 0.64
6b Hole ¢ 1.02
8b Hole ¢ 1.36
RG Rectanguler Width 2, Height 10,
Grove Depth 1

K2 HUWETFT—FX»OBEONLETAY N TF =y, 08

Table 2 Number of Segment Data y; in each Measurement

Data X.

Rotation Speed | Number of Segment Data
1,000 min—1! 66
1,500 min—? 100
2,000 min—*! 133

St L, 155 17280 (Radial), 7K°F (Horizontal),
i (Axial) J71A1OIRBYNEEE OME 7 — & % FF:AM 12 H W
7o F7oRHIE E R ELEE S S ICEBICAT o7 BB 1
FIOIRENLEEED 1 BOFET— 5 XP) = (2 2 - 1
- zn|, De{Axial, Radial, Horizontal} (&% > 7 > 7'JE]
WeF 50kHz, B> 7 v 7 20s THlE L, & ALK
P AXTCENENIZEPEL:., ZZTA Ty 7 A6l
W RHIDONEF %, o134 > 7 v 7 2 i (2B D IREY % E
PRI D WEIEE 2 /R . 72l OMIR 2 IR IZ 5 2 5%
BeZET 5720, 30ET 2 LIz e Atz 7.
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NDT—=F s, j=123,-- |[N/m|ldt7 2y M7,
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Table 3 Kind of Band-Pass Filter.

Filter | Frequency Range (Hz)
Raw None

Lowl 20-200

Low?2 20-1,000

Mid1 200-2,000

Mid2 1,000-5,000

Highl 2,000-20,000

High2 5,000-20,000

R4 KEANT— v, TEHETNHHEMER

Table 4 Number of Parmeters included in each Input Data v;.

Regions BPFs Statistics Sensors Features
Number of 3 7 6 3 378

Paramters
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RIEE (KS) - B (SKN) (2R Z5iE (MOF) O
MM U7z, FEA0ME, mORME, WmEs, RE, EED
FEa IR,

® 5 3
E

D.R 1~ (D.r
OAT ™ = 1= 3 ™)’ (5)
k=1
(D, R) _ (D,R)

MAXGT = 1508, Vi )
CEPR%:MA@DﬁUaMQm (7)
n_((DR) _ —(D,R)y4

o.r) _ 1~ Wik i)
KSj “n Z (D.R)\4 (8)
k=1 (0 )

SKN@ﬂL_;izwﬁR>‘¢Dm> )
S = LR

C T DIMIEARR, RIIHEE, jidks Ay NS,
y Oy PR g 7y s 2 komk, g0 gy P
DFEH, o7 1ay(PT DR LR, AR
y PR L, o Na - TR GROEMEE LTEEL
7o F TRV N T =Sy DB B FUEN, FH
WMO#ELY 12O PLELZZbDE, AJIT— 5 v,
Ll7z. F 4 HEHERENICB W TEET 5, BPF,
ial®, Lo HMERNOREELOL. FANT—Fv;
(S (37E), BPF (7THE), fiati (6 H), £ llE)
M) (37) ZZE L7z, &5 318 MO ETHRINS.
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Input Datav;from 33 Measurement Data X
of each Defect Size

Input Daja’ujﬁom 24 Data X Input Data jfrom 9 Data X
of Defect Slze ND and 2b of each Defect Size

Feature Selec‘hon

Input Data v’ from 9 Data X
by C]assrﬁcahon Method

of each Defect Size

of Defect Size ND

L

Calculation Anomaly Score afb]

Select vaer Parameters

of Outlier Detem:lm:l (1st) of each Defect Size

[
[
[ Input Data u'?"fmm 24 Data X]
[
[

Calculation Anomaly Score a}z"
othefecl Size ND

h 4
Use Anomaly Score az” for Use Anomaly Scoreafb for Test
Train of Outlier Detecuon (2nd) of Outlier Detection (2nd)

B4 %8B LOCFMCHCLZNET — 7 XA

Fig. 4 Selection of measurement data X for train and test.
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BRI a2 R EH LT,
NTRBaY A X ND & 4b, ND & 6b OALARIIF LT
b A ICHBORIRZ ATV, HBERREO AT 77— S o',
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R Bk R B AR S o lsE 77— & X A3t L, AUl
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X100 fHTH Y, KA XL DOFHE RO 7 A 2 b
T =Sy, OREBIL 00 L 25, NTRKHAXZT LD
BERIZLTI AL N T =Sy, BOEONDANT—%
vy, v\ FRBRBENY P la; L, SHUERIET
FECHEE SN BEEEZHCTHE L, I
ETF—FXIE500T v FAIEEL, FHF— 5 DE,
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4.6.1 SN {ERRHEFED LR

FAMIUERR TR D W THFEGEIR L 7 W& o [l s
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D, ANTRKGY A X 4b LLEICHARE W, F£5 L), A
IN= T X = F OMEIZFE T — 7 OFENIIHT HIEH DX
BREL, THIZE DB WERFRIEEDEAVEL L
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L BRI % 4T o 72,

© 2019 Information Processing Society of Japan

—+0CSVM —+LOF —IF

1.0 r
8
= 08 r
&
=06 -
[5]
E 04
202 -
0.0 = L L L
ND 2b 4b 6b 8b RG
Defect Size
(a) IlEzEEEEE 1,000 min—?!
(a) Rotation Speed: 1,000 min—1.
—=+0CSVM —+LOF —IF
° 1.0 -
50.8 F
=06 -
=
S04
<02
0.0 : : :
ND 2b 4b 6b 8b RG
Defect Size
(b) IHl#zH ) 1,500 min~1
(b) Rotation Speed: 1,500 min~!.
—+0CSVM —+LOF —=IF
P 1.0 r
50.8 F
=06
[+
£04
<02 |
0.0

ND 2b 4b 6b 8b RG
Defect Size
(c) IM#R#EE 2,000 min—!
(c) Rotation Speed: 2,000 min~—!.
5 SRt T

Fig. 5 Comparison of outlier detection methods.
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Fig. 6 AUC score for each method.

4.6.2 Random Forest I(C& 2 EHEEEEEH

T8 O FF AU R T3 TR S R 22 A TR R A
X 2b IOV T RFICX A5 ELAFHMII L7, 3 Lo
RE DNAX=3F X — ¥ OB R iR T A 720, [Al#5H
J% 1,500 min~! (28T RF OREARDE % 100, 1,000,
10,000, PERDTARES % 10, 100, 1,000 O#iFITZEHE
L ANLKRIaY A4 X ND & 2b O HRSENDHBE LR L
T2, DHEEICAEGEIRON o7, F020L
BEIITEAROEE 1,000, READRKES % 100 & L, &
[ETH S8 B 2 BT B o BN B AT & BRIR % 47 5 72,
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K5 FUT—IDENTIEINAN=NTFTA=FDIEELDE
Table 5 Variation of hyper parameters for difference of train data.
Method Hyper Rotation Average Max Min Standard
Parameter Speed Deviation
1,000min~!' | 20x 1073  5.6x 1072 1.8x107* 2.0x 1073
v 1,500min™! | 1.1 x 1073  2.0x 1073 4.5x107% 6.7 x 107*
(0]¢) 2,000min~! | 1.6 x 107® 5.6 x107% 1.8x107* 1.5x 1073
SVM 1,000min~! | 2.8 x107% 1.0x 1073 1.0x107*% 2.8x107*
~ 1,500min~!' | 2.7 x107* 1.0x 1073 79x107% 2.8x10°*
2,000min~! | 1.6 x 10* 3.1x107%* 79x107° 1.1x107*
1,000 min—! 13.3 24 8.0
LOF n-neighors 1,500 min—! 9.8 25 8.6
2,000 min—! 8.4 29 8.3
1,000 min—*! 33.0 60 17 15.1
IF n-estimators 1,500 min~—! 32.7 59 23 11.1
2,000 min—! 71.7 96 35 20.0

® 6 KR A XZIZEEEO SR (A 1,500 min—!)
Table 6 Features with high importance to defect size (rotation speed 1,500 min—1).
Comparison ND and 2b Comparison ND and 4b Comparison ND and 6b
1 | OA-TIME-LOW1(Radial) OA-TIME-LOW1(Radial) OA-TIME-LOW2(Radial)
2 | OA-TIME-LOWI1(Horizontal) OA-CEPS-LOW1(Radial) MOF-TIME-LOW2(Radial)
3 | MAX-TIME-LOW1(Horizontal) OA-CEPS-MID1(Radial) OA-SPEC-LOW2(Radial)
4 | OA-TIME-LOW1(Horizontal) MAX-CEPS-MID2(Radial) MOF-SPEC-LOW2(Radial)
5 | OA-CEPS-LOW1(Horizontal) OA-TIME-LOW1(Axial) OA-CEPS-LOW2(Radial)
6 | CF-CEPS-LOW1(Horizontal) MAX-TIME-LOW1(Axial) MOF-TIME-MID1(Radial)
7 | MOF-TIME-LOW1(Axial) MAX-SPEC-LOW1(Axial) OA-SPEC-MIDI1(Radial)
8 | OA-SPEC-LOW1(Axial) SKN-SPEC-LOW1(Axial) MOF-SPEC-MID1(Radial)
9 | MAX-SPEC-LOW1/(Axial) OA-CEPS-LOW1(Axial) OA-CEPS-MID1(Radial)
10 | MOF-SPEC-LOW1(Axial) KS-CEPS-LOW1(Axial) MAX-CEPS-MID1(Radial)
y K (FR) CRRLT 2. 37, BAOBMELRKIE 5
08 W-BPF (Hll5E /1) THILT 5.
= 0s 7 L9 RF 2L 358 CIRIGEEIZ A DT, A
204 TRFEY A X 2b IZOWTIER ICEmWABE TN TE 5.
Elo F70, #6 L) NTXRFH A AND & 2b, ND & 4b 0%

1000 1300

Rotation Speed min'!

2000

7 Random Forest |2 X % 538G

Fig. 7 Classification accuracy by Random Forest.

[l #i5 % 1,000, 1,500, 2,000 min~! (2B 5 N TR
A AND & 2b OGHREELZR 7 1R, F 72 0ldnERE
1,500 min~! 2BV T, ATRIFETH A XAND & 2b D54
iz, NLRIHY A AXND & 4b, NLKRIGH A X ND &
6b ZAtH L L TEFNFNRE I X AHERINE T, 528
T =7 OFEVII L TRINEN L KDL W= 10
i L7-Fl % 5% 6 I2RT. ATKEEY A AND, 2b D4
e NIRIEHA X ND, 4b 04 EICHE L CHEHEE O
WESE F KT, ALK A AND, 4b 433 & N TR
fat 4 A ND, 6b O FIC30E L TEEEO S V=%
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OB T A= 2, BXOATLKRMY A4 AND &
4b, ND & 6b O TIHE T L5 EIL 1 HOATH Y,
NTRKaH 4 A ND & 2b, ND & 6b D418 2 4
BRIV, FO720, TRTORMY A X% [F U
TEli§ 5 2 i3 TE %\,
4.6.3 BEBREDANT — 20/ 10 & 5 REBRHIERE
HENTRIGT A ZZBWCTEEFEOE 10 HO4#E
ERIRL AN P vE AN T 50'%) L L, LOF 12
X DR BB RS EE & GFAG L 72, BRGERIRBO AT T — %
oS B NIRRT A X L BEROMKREE 8 1R
9. NLXFY A4 AND & 2b, ND & 4b, ND & 6b O%
BIIEINTHWEREEORVIFHEZER LA T—%
’?b, ';*b, v’?b 12 & D EE S NS BE %L Feature (2b),
Feature (4b), Feature (6b) & L CHIZI/RT. FMIZ, 4
BERFT O AS) T — Y v; 55 LOF & v ClEEXRY 1

v v
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Fig. 8 Anomaly ratio for each input data v’gs),
AT EDEFEHFRLEL LR EZIERTFE (Original) &
LORT. BREOBRETO AT 7 — 5 v; IS 28812 5
LEALTHD, AERRO AT T 50" 1 L,
RAMGEEIC X V3K E 5 LOF OFAEEREICBI 56
B, Wk, wd, BERAEZR TIORT.

B8 X1, NLKKaYA X 2b ~DEERE O E W&
IR 72856, NIRRT A X 4b F 7213 6b ~OEEJE
DE R 2 BRI 725 A I, ALK A X 2b
DERFERIIMET B, —F T LRHE TR L 22548,
NLREEY A X 4b, 6b 120§ % S FIE N LRI A X
2b 1T A RERLY SENEE 2D, HRELZZAL
KEaH A DA B W TSR T T 5. $/40%7 &
0BT — 5 OENITH L TEERDOIES S &3 L %
w.%@tb%ﬁ%ﬁ%@%lﬁ?—&ﬂ$mﬂTék
Famiks s 2 48 L GRS 2 L EA D 5.
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KT ¥HT— 5 OEWVIIHT S Local Outlier Factor JifEH O 1E
5o
Table 7 Variation of of the neighborhood numbers of Local

Outlier Factor for the difference of train data.

Feature Rotation Average Max Min Standard
Vector Speed Deviation
1,000 min—! 13.3 24 2 8.0
Original 1,500 min—! 9.8 25 2 8.6
2,000 min—! 8.4 29 2 8.3
1,000 min—! 16.0 28 3 7.5
Feature(2b) 1,500 min~—! 14.0 28 5 6.4
2,000 min—! 24.4 29 16 4.0
1,000 min—! 23.1 28 14 4.9
Feature(4b) 1,500 min~—! 14.4 28 2 8.9
2,000 min~—! 18.1 27 2 7.2
1,000 min—1! 15.2 28 2 7.8
Feature(6b) 1,500 min~? 17.2 27 5 7.0
2,000 min~—! 24.4 29 15 4.6

—--ND -=-2b -m-4b -=<6b

1 2 5 10 30 50 100 150
Number of Selected Features

(a) IlEzEEEE 1,000 min—?!
(a) Rotation Speed: 1,000 min—1.

—+-ND -#-2b -#-4b —<6b

SFY i amnaus e SFLEFRANS ax

1 2 5 10 30 50 100 150
Number of Selected Features

(b) [l#zHfE 1,500 min~!
(b) Rotation Speed: 1,500 min~!.
—-ND -=-2b -=-4b —=<6b

<00 = s

1 2 5 10 30 50 100 150
Number of Selected Features

(c) [ldz54 ) 2,000 min—!
(c) Rotation Speed: 2,000 min~1!.
9 FFEIUIH WV AR E O

Fig. 9 Influence of number of features on feature selection.
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*® 8 IFMEHIIHTT % Local Outlier Facor T £ ik
Table 8 Comparison of the neighborhood numbers of Local

Outlier Factor for the number of features.

Number of Rotation Average Max Min Standard
Features Speed Deviation

1,000 min—1! 11.2 24 3 7.4

1 1,500 min—? 14.9 24 6 7.0
2,000 min~—! 16.9 29 8 7.8

1,000 min~—? 21.5 29 4 8.3

2 1,500 min—* 21.3 27 11 5.8
2,000 min—! 16.2 24 8 7.0

1,000 min—? 16.0 25 5 6.5

5 1,500 min—* 17.8 29 2 7.9
2,000 min—! 17.7 29 9 6.7

1,000 min—* 16.3 29 6 8.5

10 1,500 min—* 18.0 25 3 6.6
2,000 min—! 22.0 29 16 4.2

1,000 min—?! 16.9 28 3 10.5

30 1,500 min—* 18.1 28 6 6.7
2,000 min~—! 21.8 29 13 5.9

1,000 min—* 20.7 29 8 7.4

50 1,500 min—?! 21.5 29 2 9.4
2,000 min—1! 16.6 28 2 8.5

1,000 min—?! 15.6 23 8 5.5

100 1,500 min—1! 16.1 29 2 9.4
2,000 min—1! 21.3 29 2 8.1

1,000 min—?! 16.6 29 5 7.2

150 1,500 min—? 15.6 26 9 5.1
2,000 min—! 17.7 29 8 7.1

BEHO LOF ® AJ) 7 — % IHV, BEERKaMERSE % It
W5, 20720, REFEORBRLEKEEIATIT—%
o'V DEHERIIC B 2 BB ORIC XV BT 5.
_TE%EFLWQ]ﬁm,zmmmmlmﬁwf,kﬁ
?—&M”@%ﬁ“ RICBU M EORE, BETH
BB NLKRKGY A X ND, 2b, 4b, 6b OEERDTFY
%ivi%03&@%%%.9~T¢.it#ﬁ@ﬁ~
2R EOKE LOF OEEROTY, ok, wmh, B
WRAZDOREZER 8 II/RT.

M9 kb, MEEHEEIC L - TRIGMLEED T ET 5
e OBIIELR L, WTNOREEEHE 2B W T D I
B5 LT CTIEATRIGYT A X 2b B X 4b O RHHHE
T4, F/2, FEEE 30 Db T EEEE 1,500 min !

TIENANLRIGT A X 2b ORER)P EHS 558, lﬁl$ii_
2,000 min~! TIE ALRKa 4 X 2b B L U 6b D EEH)S
T L, NIy 4 X ND OBRFEROFE)0.2 TTLE
AT5. £8 L VIFHMEOKIIHNT 2 EHHOENTRS
7z,

R T O BRI B TIE, IR il 2 fw Lo
HT 252 E3BETBRETH D, T LT RS2 & BN
TR AT A DOREREDEIK X WIT ERERIIE
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Fig. 10 Comparison of anomaly ratios between original, com-

parison and proposed method.
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YOSEREOLE IS EROL Vb D& EIRT S 2
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4.7 BEFEICSL B RMBEHEE

[O]823% % 1,000, 1,500, 2,000 min~t O & EHESF 1235
wf,ﬁ%f“%Ltkm&&‘ﬁLtﬁﬁﬂﬁ%mwt
BETHEICL D ALK A R EREROMGR (RET
%, Proposed) %[ 10 12787, IbEE L THELEIRETO
AN T = v; 5 LOF & WV CHEEAN TR A XL
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#:& L T Laplacian Score [16] & I\ 72356 O N TR BEH
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Fig. 11 Comparison of AUC Score between original, compari-

son and proposed method.

F 9 ERFLELI/ETFIEIZL S Local Outlier Factor s
Table 9 Comparison of the neighborhood numbers of Local

Outlier Factor between original and proposed method.

Method Rotation |Average Max Min Standard
Speed Deviation
1,000min—'| 13.3 24 2 8.0
Original 1,500 min~!| 9.8 25 2 8.6
2,000 min—! 8.4 29 2 8.3
Outlier Detection 1,000min=!| 16.3 29 6 8.5
(2nd) 1,500 min~'| 18.0 25 3 6.6
(Proposed) 2,000min—!| 22.0 29 16 4.2

A AT & DEFEHRE T (Comparison) & L CTFXIZ
R, B 11 I ALY A4 A ND, 2b 2t & L7zR%E
T, ERFEB LT EICL % AUC Score @ JL#L
ik eRd. K10 oFEFES, X 11 © AUC Score (2D
T, MERFHELRETE, RBRFHELREFELEELTH
WL, AEAKME SR TENBO LS D DIZITY, ARk
AR TEFRDOLNL L DI *EMNE L. TR 9
ICRETFLELIERTECBIT 2 EHKOFY, &k, w/h,
B RAELRT.
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11 Y WwFhoREE®EE 2B W TS AUC Score &
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5. SEDFRE
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