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Bearing fault diagnosis in variable conditions based on transform

component analysis and bag of words
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Abstract: To solve the problem that the data under different working conditions cannot be directly trained
and used for detection, a diagnosis algorithm based on transform component analysis and bag of words was
proposed. For the labeled data to be used for training (called source domain data) and unlabeled data for
test diagnosis (called target domain data), firstly, the two types of data were converted into frequency
domain data using short-time Fourier transform. Then, the spectrum energy of the two types of data was
mapped to the same distribution through transfer component analysis in order to make corresponding bag of
words as a feature of the data. Finally, a suitable classifier was trained on the bag of words of the source
domain data and diagnosed the target domain data with that. The experimental results under the Siemens
SQI-MFS platform experimental data set, Case Western Reserve University public data set and Mechanical

Failure Prevention Technology Association MFPT (machinery failure prevention technology) data set show
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that the algorithm is valuable.

Keywords: transform component analysis;bag of words;variable condition; bearing fault diagnosis

T8 Tl Az 7 v B A e e AL F) S B B 1, el T I 328 8 T A v e A R e R L R U 2 R T
A B9 TEH IS A U 2 3 i R 2 PR B I B ORI A B T DR T R A Al 12 il R
EMAMERA T EENE L,

1B G GE M BL &% 27 21 7 W EAT BORS W T 2 A AR A AR AR LU R 40 2 o T A8 SE B A 7 o il
RIS AT TP AL 1 SE IR S B e AR By IR TORR 4 . [RIIE  fhy Tl R AP 28 B2 BT 0 A AR (AN TR RE R HL A T
VEFRSEE RS0, B (9 73 A1 22 5 B R, DAL AT A9 B B R AR JF AN — 5 3 T 30 30 ™ A 19 a0 A g 1 2 iy
18 4 24 g SR X LA 2 T 0K

Ay 35 ) /N B 3 A 22 S 1 B B B IR A 20T CTCAD  HAE B2 W7 48U O A A D R -
TCA M Pan %7 B B0k K E 2 5 (MMD) ™ 5 32 g 40 43 01 (PCAD T AR 25 &, e 4003 2 ]
o — Pl I B R AR 2 s, 1 P A il B 0 A 2 S B[R] DR A5 J s 0000 1) PN AR R vk . 8 X Rl A B Y %
I AT DU A M AL G000 26 A8 0 B 2R AT B T oL DI 2R Az Ak

TEAEGERY TCA Bl RS2 Wi 7 12 v 3 2o Ak S 7 il R R 28545 S8 A 4R 30 45 5 AT LA DA o 2 B il 7 1 4
UE o LA X Al F8 bR A AT 43 A DT S BT it 2 5 o B 0 OO L R B T AR R OB . A% e 1 T v DA IR e AR
LIt 3 AN T5 I BEAT RRAE SRR . SR AE S PR BL S L A5 S 0 B A R B A T R 2 5 A AR IR B 5
AR LA S AT A 3 L X LAV 8 7 B0 AR RO 0 A A o 2 SR T D) G A R ek 4 — s [ T B i A 0 AR A T
YA A B U B S W s BT A A B T R — R SR L 3 T LA R RO Y AR R
Fo 48 7 RE 20 A1 A X R R A

TEICSEA b 525 4 ) — b B X B 2 2 A A ) B 4SS 2R A9 02 W SR 1 3l e 3 AR 2 0 T R TR T
35 CAARSE) A RSO B CRR 28 WU B[R] — 20 A3 8 L b T8 B s i R e S7 i) G Y, DA 4 9 1 53R
IRASAREAS DU R R AR I 2 1 AR R 20 2K i X B R HEAT 2 I8 . SR A5 AR SR T L 1% 5 ik RE RS RS B i i i T
TN 245 X0 BT AL 7 A= ) Bl AR A R AT 2326, LA BISRas Wiy H i .l 0% 05 125 a8 Fl— Rl 00 R 64 %l
HRBEAE N ZRX 55 — T 00T (3R BEA7 12 W BAT S 25 1.

1 IRiFaE®ER

1.1 EBESSH

TCA B—FiT R 2 07, Fril T #2720, BT B Y1 2 - A0 B A0 CIRUBR0) 30 8% 215 A0 B 80 C H s 1) ok 3%
g AN 2 . FEVR SR SUEL L o TR 2 (8] B A AR E , B DL AT A 4R 2 £l 2 180 > BA Al # k.

HE WL 53 B (PCA) J5 i —FE B RS WL I3 40 BT AS ot b & — P e e 550 12 7 TCA FE 3 B4 43 A BE B
A

H I FH— NI ¢ X >0 (X =X§, X+ >0 (X ) =X, BT LU P B0R B A7 380
WG HE P(XOM P(X)ZEMZET HiS P(X) ~ P(X ), WNT7E R BRI S B AR 35 8 %
AN R AR T 8 R 2 22 () B A /N A B o 2 ) 2 S Ok B AR N AR LR AL TR LR R AR G B BL A A
2oy LU bR 00 PR S SR U1 R B0 X JCAR 2 1Y H AR R SR AT B0
1.2 AaER

TR 1) A (BOW) 3222 F T fff D SCAR 43 B 1) J8E, 40 9 A SCRS 46 L SCRY i im) = F R M B SG &R
PR ZAS S5 00 1 M b A2 SR e AE 42 B, 9 76 3 %48 BT 20 il 7R 32 W vh BURS: T AR R R

H 32 2 SRR Sy W Sl R IR B A5 5 AT e AR 4 S A5 B K R R BOR Dy — > B E] BT LR
AR THV AR w=(0, 1,0, Hhw =0,w=1(v7u),

BEAHRRE T LA A N A0S A B2 A A 24 T i B 2 R SRS L B w= (wyseeew, s w ) R w, AR
n E B

4 T2 W i BT A S Bt 2 B 1 AN SCRS A L e v b A B iE] B R IR 4 1 BL iR B 15 5 B



100 T R K FFHK % 45 &

BT d = (20 whoe 20 wh) Eom.
n=1 n=1

BEAS I PR S B R BE AT R IR w, = (wis wip s s wiy ) AT A RUREBRRE R oR 8 w = (w s
wo et owy) s IR BRI R RSB A S R BRI T

Wi Wit Wim
Wi Wizt Waom

p=| ' 2 (D
Wyi Wy 0 Wyy

1.3 RN

TR AL R AR BT b R AR DA SCAS 3RO, BUAR AT LIAE Ry il R B R AIE L AER B T 1 48 B 22 8] O A B A )
PR SC R T AR K Tl iE e, O 7R B T OO RS2 Wi B Y, 25 A ) AR R 58 4 1l ST 2 R
7R . MO RRAE Y 2R 7 8 2O A58 R 5 20 A1 R0 I B8 & 20 A R e th 2 > o0 A BEA . O B d 4R sh 45
5 25 J I A L AR AT B AN 3 A B R S8 A O B TR N A R O R L R SXORE BN L R AT AR LY
S3 AT AT LA S G K 12 00 1) B S 4 A1 A B RS B D) — AL B E A A T .

PRI 1% 8 43 A M MR 2 3R B s o LB 43 A TR T H bR T il 2K 0 R R 43 A A B L B
FHAE H B AL _EYIZR 00 43 28285 B AR T80T (5l & S5 1732 W7 0T DLERUAS R A 0 .

A A AR R ST SRR AR 1 iR

WA I | At |

| atmen | | amanee | | amnes | | awnen | | smaee | | pawses |
I | l
| smanen | | odenee | | pmres | | pwree | | pwaes | | pampEe |

E1 IREEHEIEEIRE
Fig. 1 TCA-BOW model establishment process
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Table 1 Comparison of accuracy of TCA based on various feature extraction methods with SQI
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Table 3 Comparison of accuracy of TCA based on various feature extraction methods with MFPT
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