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Time transfer model based rotating machine real-time fault diagnosis

Shen Fei', Chen Chao', Xu Jiawen', Yan Rugiang"’

(1.School of Instrument Science and Engineering, Southeast University, Nanjing 210096, China; 2.School of Mechanical
Engineering, Xi'an Jiaotong University, Xi'an 710049, China)

Abstract: A new time transfer model is proposed to enhance the real-time fault diagnosis performance of rotating machine when the
working condition change occurs. Here the source domain is composed of historical data and the target domain is composed of current
measurement data. Firstly, the data domains of the model are determined according to the varying working condition rules, and their
time-domain feature vectors are extracted to construct the five-dimension spaces. Secondly, the source and target domains are mapped
into a two-dimension sub-space using the maximum variance projection ( MVP) and the manifold regularization projection ( MRP),
respectively. Meanwhile, the minimum mean difference (MMD) criterion is used to minimize the distance between source domain and
target domain in two-dimension space. Finally, in the projection space, the BP neural network and support vector machine (SVM)
classifiers are adopted to build the classification models of the source domain, which are applied in target domain. Also, the diagnostic
model is updated through selecting the samples in source domains. Experiments on the gear drive-train system were conducted, the
experiment results prove that the time transfer model can solve the real-time mechanical fault diagnosis problem when the working
condition change occurs. Compared with traditional transfer component analysis ( TCA) model, the proposed time transfer model can
improve the diagnostic performance, the proposed model provides a valuable technical solution for the engineering application of
mechanical fault diagnosis.
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Fig.1 The basic time transfer problem
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Fig.2 Single cycle fault diagnosis model of rotating machine
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Fig.3 Real-time update process of fault diagnosis model
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TR, 0] DB R AR RS LA N TR MABCR LT,
JE R R A B R R KEARULE 11 55 5 R H b 45 22 S 1 [RD e
— B AR A0 55 T () S T AN [ e R R
(] F 22 5 (T C3-1 1 C3-2,C3-2 F €3-3) , i H 52 2 3
i AREAARKS BEAT R . RS 5 R 6 iR A 2R A Y,
F 5 PRFIREAK M43 (4N C5 B I 4 R g & 2 T
C1.C3-2 F1 C4 251) , 3 6 BRFFEART AL T (40 C3-3
W ERR IR K e T C3-2 2850, BRI T iR R 1
TE 4 U5 RN B bR 00k 2 S 1) [ R T 38 2 40 6 AR B 2

T2 5+

x3 METHE IAHRELINSEEE
Table 3 The diagnostic accuracies for the fault classes in

group I with time transfer classifier

LWL/ %

e AR

C2 C3-2 C4 (O8] 1y
Test-T1 515 96.08 98.04 94.12 94.12 92.16 94.90
Test-T2 2525 99.21 98.41 96.82 97.22 98.41 98.01
Test-T3 515 92.16 94.12 98.04 94.12 96.08 94.90
Test-T4 425 88.10 92.85 95.23 90.47 90.47 91.42
Test-TS 42+5 97.61 92.85 95.23 92.85 95.23 94.75
Test-T6 3005 99.00 99.33 98.33 98.00 98.67 98.67

BRJ5 , A WL AL RS AR AL R PR RE S T1RE 7 , A AUAE
ZRrn ) BP A2 2R SVM 432 25433l HTIE 78 L3 23 A
(transfer component analysis, TCA) " | /N~ 3 37 %) &
ML (least squares support vector machines, LSSVM )'*)
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Table 4 The diagnostic accuracies for the fault classes in

group II with time transfer classifier

EE7 WS/ %
RN N

FEA ol 31 C3-2 (33 R
Test-TI 51%4 96.08 92.16 90.19 92.16 92. 65
Test-T2 2524 98.41 97.22 95.63  96.83 97.02
Test-T3 514 98.03 94.12 92,16  90.19 93.63
Test-T4 424  90.47 95.23 88.10  92.85 91. 66
Test-T5 42%4 97.61 88.10 88.10 95.23 92.26
Test-T6 3004 98.33 98.67 96.66 95.66  97.33

RS HF1AMEESR Test-T1 LU EAT
Table 5 Diagnostic accuracy details for fault class
Test-T1 in group I

5 B
5
C1 C2 C3-2 C4 C5
R1 49 3 1
R2 50 1
R3 1 48 1
R4 1 1 48 2
R5 2 47
LWiKSE/%  96.08  98.04 9412 9412 92.16
F6 I AMERT Test-T1 SETIEEMAT
Table 6 Diagnostic accuracy details for fault class Test-T1
in group II
i
el
C1 C3-1 C3-2 C3-3
R1 49
R2 2 47 5
R3 4 46 4
R4 47
WK R/ % 96. 08 92. 16 90. 19 92.16

3838 W 1 ( domain adaptation machine , DAM) 26] Tk 2k £
#L( domain selection machine, DSM ) (27] 0%, Hpik 6 4
PR 2 1) S22 K FEA L] Test-T1 (8.3 :1.7) ;
2) BRG] €1, C2,C3-2,C4 [ C5;3) R A0 18 - Ja il oy
KA « il 4) FROETT AR A — AT A 30 4%
FEAS, 3L 300 J% , AN [RIASEAY Y B2 i 2 LU B4 SR ank
TR, ATLAE i, BAK 4 RN TR 4328 2% N A% 1912 Wk
22 R BIN (HAE BP/SVM NAX R iER B PERE SR A
14.68% 1 8. 14% , K T H A BT L 5L 73 2 g (1 42 T 50CR

[y BP/SVM AZIE R 5% 5 S8 1 AR N e B, A B T4 THEA
EPATHE 725 IR RS Wi §2 T, BT ok B A
B HITER H
®7T FRRBNBIRISEEE LS
Table 7 The fault diagnosis accuracy comparison for

different models

Y W% B ISR % PEREIR TI%
BP 80.22 14. 68
TR (BP/SVM %) 94.90
SVM 86.76 8. 14
TR (TCA %) 95.17 TCA 93.18 1.99
TR (DAM %) 94.98 DAM 92.30 2.68
TR (1% DSM) 95.03 DSM 93.45 1.58

3.5 EBBBTHETHERE

KRS R ST FE A 0 45 201 < 1) P19k B
B K £ 10 LT (O R AT 1 435159 EL A 880 52)
A ECRE :300 4% (270 A IRATIURE 4+ 30 2% H A4k
FEA) 13) AL BRAE 5 AT HE 5 : Inter (R) Core (TM) i5-
4210U CPU @ 1.70 ~ 2.40 GHz, N /£ 4 G, MATLAB
R2018b , 5 BUALHE T AT IR ] 8 2% , AT ]
P SEREIT 3L ) L A MR R 000 P9 BB R 116 s,
1 min W 52 YR, SR R RS

£ WATHHITHIE

Table 8 Average execution time of the models

IR TR AT i)
I A 43 8 B <0.001 s
il RT3 B <0.001 s
1 AR R 300 BEASEH 0. 134 s
ol ST PR RE AR (L Test-T6 451
. — AR 12 K, P4 0. 180 s 3 1% e V5 430

BEEA (LA Test-TS K1) 4% 36 ¥,
4 0. 431 s

e TR ATUBRE A (L Test-T6 Sy i)
AR 22 K, T 0. 426 s {8 B ik R4
BREAR (LA Test-T5 JHyf)) 3248 26 %K,
F450.519 s;

BP/SVM i i Wi
Pt

VI R R — TR F370.248 s

(IR, BT S R A5 AL 0T 15T 6 Jir s i 50 s SRAE T
SR g i gt £ SEIZ I, HE b i TR RS A AT 44 0K,
AR RSN 12 KRG BE 2R AN 181 10 B, i T e AL,
P10 ARzl 1 SVM BRI B 12 W RS B2 it £k, L3k
1 58 Y, IR 70 M (TCA) I B2 Wi b h 2k
HAAT 9 o &1 10 Hp XU AN I AL R AT SVM, 24 i
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Fig.10 The diagnostic accuracies of variable rotation speed curves
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RGBT i W A SRS AR EE B 5 2 i R
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