Ha4% 100 &/ L F O M Vol. 44 No. 10
2023 4F 10 H Chinese Journal of Scientific Instrument Oct. 2023

DOLI: 10. 19650/j. cnki. ¢jsi. J2311658

iR BRARE T B T AR AR 4T Dhin B 1B AR 1 0

PR TR BAR
(1 FPRMEH R et s T AR AR K 400065; 2. FPRMEHL A2 F3hikagpe  HK 400065)

WX SERR TR ARG D, JUHE B IAEARAL 1 PR IR FRARZE o, 90 2 B2 W ik B SR R A B8 ) e R
JE o A ARSCHE H — A T AR D AR AR B ST R B B ie W s i . B, BRI R A HA T AR A A O ik
Ay BSHEREAS ; FOUR 38 Hh 3L T AR R AR 09 DO AR AL R T 1% 38 3 AR X 7T (1 G eh 20 A A 5 1 R (9 PR, S 7138 o e e i o
Y FEIEAI AT OO 8 5 8 S B i S IR R R B ARG s e, R R OO B B AR I R B 2385, 65 S5 o D0 S 00 v o
THRER RIS DA TE R B - SR 4 () SC U0 25 SR 3R W TR e B SR B bR A it o 1 B TR) T 0 AN T S5 A 3
BRI 97% A1 90% , B AR T b T ik,

KR WEISW DR B HE ; F R 4 5] A R AR %

FESES: THI65 .3 TP206%.3 XERFRIRAD: A E HRKirEZREKE: 590. 6530

Fault diagnosis based on the decoupled feature pseudo-label
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Abstract: Faced with the limited labeled sample problem in practical engineering, particularly in extreme labeling scenarios where only
one labeled sample is available for each fault type, the existing semi-supervised diagnosis methods suffer from a significant deficiency in
the fault identification ability. To address this issue, a novel semi-supervised fault diagnosis method based on the decoupled feature
pseudo-label propagation ( DFPP) algorithm is proposed. Firstly, the locally selective combination in the parallel outlier ensembles
(LSCP) method is introduced to separate fault samples. Subsequently, the DFPP method is proposed. In DFPP, the adversarial
decoupled auto-encoder ( ADAE) is applied to exiract the enhanced fault features, and the incorporation of fault feature dimension
reduction, pseudo-centroid calibration of feature distribution, and distance measurement are adopted to efficiently achieve pseudo-label
propagation in situations. Finally, a fault classifier is trained by using pseudo-labeled fault samples, and the combination of anomaly
detection ensures accurate fault diagnosis with high precision. Experimental results conducted on two datasets of rotating components
demonstrate that the proposed method can achieve average diagnostic accuracies exceeding 97% and 90% in the same working condition
and cross working condition with extremely limited labeled samples, respectively, which is significantly superior to the comparison
methods.
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Fig.2 The basic structure of the planetary gearbox test rig
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1 800 r/min T3 F#: CSKM ik 0. 21% 4, Hi4x T F i
B3R S M B S O F A X e 2, S HER R
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86.52% .69. 11% . 44. 44% , FIT $& 7 1 3 35 o 1y R 4
CSKM J5H:7% 2. 06% , HAE 600 r/min 5 1 200 r/min L%
TREER R

®3 RIRESEAELCHAEBENLER

Table 3 Comparison of diagnostic accuracy for different methods in same operating condition tasks

T Ty & HETER /%
DFPP CSKM K-means BiK-means DPC
1 800 r/min 99.31+0. 49 99, 52+0. 35 96. 04+8. 30 71.96+10. 14 49.36+8.22
1 200 r/min 97.36x2. 03 95.31+5. 61 80.92+11. 56 64.08+12. 59 30. 65+7. 86
600 1/min 98.19+1. 42 93.85+10. 19 82.6+3.79 71.27+8. 11 53.30+13. 74
Ty 98.29 96.23 86. 52 69. 11 44. 44

Bl 3 24 600 r/min AR kAR B MR E— %
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Fig.3 Confusion matrixes of different methods in the extreme labeled sample experiment
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Fig.4 Comparison of accuracy for different methods in

cross-operating condition experiments
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Fig.5 Diagnostic results with different numbers of

unlabeled samples
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Fig. 6  Built experiment system for the rolling bearing
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Table 4 Description and components of the rolling

bearing dataset

i i e ERs mikgE
BE Rt S Swe S s E
fi bR 0 200 100 0 100 0
I 0.2 0 100 1 100 1
P 0.2 0 100 1 100 2
R 0.2 0 100 1 100 3
] 0.6 0 100 1 100 4
ARl 0.6 0 100 1 100 5
Rk 0.6 0 100 1 100 6

2) W BRAEASFR S T B 12 e

AHR 43 [ T30 RN 100 BRI I S g AR R 25 4
YNZET7 = Xk S 7 R385 301 S SRR
—5, RTH FiEWig R a5 i, ol Wi 5 B 7e
FIA 00 W2 Wi s R SRt L T oAb i,
o TR SRR %k 97. 87% |, Bkt H e v o 1 R
G CSKM 5k 7. 98% , HZE4% T F e Mt 1
F CSKM J7#: ., K-means BiK-means 5 DPC J7 i BUAS-HY
SR HERT ALK 51. 18% 55. 23% \52. 37%
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Table 5 Comparison of diagnostic accuracy for different methods in same operating condition tasks

ik & HERIR /%
T.H/kN
DFPP CSKM K-means BiK-means DPC
0 95.13+2. 48 84.19+10. 16 47.58+8. 33 51.26+9. 86 52.58+15.51
1 98.96+1. 10 95.51+4. 10 49.93+10. 84 56. 82+8. 20 50. 57+8. 81
2 99. 51+0. 46 89.98+13. 40 56.04+10. 68 57.60+8. 91 53.94+11.97
-1y 97. 87 89. 89 51.18 55.23 52.37
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Fig.7 Comparison of accuracy for different methods in

0

cross-operating condition experiments
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Fig. 8 Diagnostic results with different numbers

of unlabeled samples
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