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Application of spectral centroid transfer inbearing fault
diagnosis under varying working conditions
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Abstract; There is a limitation existing in classical bearing fault diagnosis thatit is required to build different target models to fitvarying
working conditions. This paper proposes a spectral centroid transfer learning model, which transfers the source working condition
domainto target working condition domain; the modeling cost for target working condition domainis reduced and the universality of bearing
fault diagnosis modelis enhanced.Firstly, the frequency spectrum similarity measure (FSSM) value between the two working conditions
domains is calculated and the source working condition domain with near distance is sorted and selected as the initial training set. Then,
during iteration process, the samples whose spectral centroid meandistances are relatively far from that of the training set are removed,
and the same quantity of label less samples from target working condition domain are added to training set. The iteration finishes when the
spectral centroidme and istances of both the working conditions domainsare equal. Here the fault categories are determined by the outputs
of two sub-classifiers; The support vector machine (SVM) and the logistic regression ( LR)based sub-classifiers. The experiment results
on Spectra Quest geared drive train show that the diagnostic performance of the proposed model is significantly better than that of non-
transfer model when the rotation speed or load changes. Meanwhile, some indexes, including the number of replaced samples, the
diagnostic accuracy, the FSSM index and the time consumption can be utilized to evaluate the quality of the source working condition
domain.Thus, the proposed model possesses a potential valuein solving bearing fault diagnosis issue under varying working conditions.
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Fig.1 Basic transfer model for variable working conditions
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Fig.3  Computational flowchart of domain adaptation
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Table 1 The bearing fault types and its test conditions
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Table 5 Fault diagnosis results with spectral centroid

transfer under varying working condition (%)
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iR 89. 17 93.74 93. 08 94. 28

Hy it — A BRI A2 45 AU ( TrAdaBoost 5534 ) Al
Fr AR PERE , BT BAR 0L T, 3 8 s A i & 1E
FATRZAE T A2 W4 =5, X Lu e 5 T LIS B T 4548,
1) g2 W PERE T 5, FR R P e 05 vk 5 B R T A B A
R _EARIE (LT 0. 54% ) HEA R 25 (C1~ C5)
T, BUAT R Y ) i 56 0 7 SRS 2 IR T 0 0 A 28
FARFEA I B, I P B C2 251 B AR 48 H ARt
AR R e (R S RN GRAE et ), C3 2850 2 s
25 FUARAE A ot A A1 ( R 2 B AU R AR A b ) |, e &
C2 I AT B o 20 SR E (98, 17% ) , €3 HAA K
IR Zr SR BE (91, 47% ) , N b HoA A sk 4% 1, i
JIT B4R R SRS A A0 4B B L B R, S T
SRS T , 12 W 4 R RE o , LG A o3 KNG 2
R T BRI RAR B JC N R e 0 5 2 ) sl S 2 S )
M5, BUARR A FT R 23 B AR 25 19 H bR B, ik s
PEA R $ 07 vk
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%8 TrAdaBoost § T, 2= TR T B FEIS W AT
Table 8 Fault diagnosis details of TrAdaBoost transfer

model invarying working condition for 7', (%)
e §,~T, S,~T,
eSSl Pr Re Pr Re
C1 93.46 96. 07 95.99 94. 05
c2 98.17 97. 89 99.21 97.42
C3 90. 39 91.92 95. 14 88.44
C4 93.15 94. 84 96. 99 92.22
C5 94. 88 95. 08 96. 52 93. 47
JEEEN 94.01 95.16 96. 77 93.12

(2) B A TP RE IS

SR T OUPERE IS, B0 33 B O B 78, 742 2 1 il
LR HIUNPE 7 7 72 B sty 4R T sh 7 107 32 e BB
TOLAUEAN F bR T s, He v i R A iRy 250, 5 2
FEAKCR 9 50, 41Xt SVM, YN Zdsli i A Kz 2 300, 7531 2
25 50 s AR SIS WOk I 2 8] 8 iz di &1 8 W]
WL, TV T RS WA SR AR T RO AT, Y 5 5 1 3 = 5
HAACRBLRALIT (38 s) , B T A0S0 H AR T 004
B2E S v ROR, 5 B A 2 W P RE BRI B8 OE ) R
86. 73% ) 3 21 & £ 17 1 ) 2 4% o A8 A AR AL P AL I (18
48 s) , ML T 00U H AR T 00 TsCRe 1k — 25, 7521 1Y
WERERGE (A2 IERI A 97. 71% (98.66% ) o A i i
OIER AR UL, Al A I T A0S H AR 00
U2 SR/ RS RE A e ELPE RS, 10T Y T
G AR T LTSS S BRI, BT 2BV RE 125 v
TIa# M T IR I e T O B2 W N I

I (18,0.977 1) (48,0.986 6
o5t '
i 7
Eosr 3
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1
g [ T
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Fig.8 The sliding diagnostic accuracy curve for
variable rotation speed
(3) PEREIPAL AT

BG, XS, ~ Ty WA T ORI, ST
BUAN F AR TOUAE A K 20 200, BVl B2 H bRke
A RAEI, R 9 FTR R 3 A VFAG 45 b B 1 AR B A2 AL

O, AL T8 IR G AR AR KL N, AR R P g2
KERE A, IRSURS B AR A AL BE FSSM LK B
IERERT 1o RO FTIL,S, ~ T il i Sk Ak E 48 K,
IEACHT 30 YR, B 8 (4 Y5 T 00 AU A AR Bt gk 3 44,
WITERE QL I 82. 45% 4871 2 94. 88% , 47 ik — ik
AR BRI U AR /D O EE AR T B 2R (RS K
IR [ T R S R IS, SO EEAR B AN [R] A T 2 9 el A
AR B A AR, A5 IR T DL SR U 552/, D
PO HAEA R 2 | 1AL L RE S , B , 3% 0
IR B ELB N
R9 S, ~T, BRI EHITFHEIER

Table 9 Evaluation index tablein S, ~ T, iteration process

R UEL 10 20 30 40 48
N, 23 34 44 52 55
A% 82. 45 90. 27 94. 88 95.32  95.53
FSSM 0.6911 0.5846 0.5623 0.5619 0.560 1
/s 3.71 7.42 11. 13 14.84  18.55

HWRERT S, ~ T, B—28 THUEREIRE, 76 HAR T
BUREANECER S 50 B, 9 4 5 T 50 40058k A AR B30 ol 50 ~
250, 22 VR T8 SR AR Kl 52 Woks B it Ze an &1 9 B
ANGEERE S, BT X 2 AR iR 4R XY TR T30 ST A
Bt /NF 125 B, H AR SUSAE A B 85 2 4, KT 125 A,
B I 50 4~ B AR T OUREAR 3 e 4, th TG vA B 40 I 1000
B R ol [ o NS I A== B/ T (B Y = NN
(250) B}, 2 Wt g o 2 PR CLIE A 2% 76. 1% ) | i S bR b
FHH IR T 00U R AR S0, W22 3 % F BAr TOUAE
AR B e BOIR T RE AR
.

N, =41y 49
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iE
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Fig.9 The curve of diagnostic accuracy vs. the

number of source domain samples
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