%41 %% 34 FTRIARFZFZR(AAHAFR) 2024 4F 6 J
Vol.41 No.3 J Chongqing Technol & Business Univ( Nat Sci Ed) Jun. 2024

S8 00 I T BB 5 B A AR i B 15 W 75 13

\

K E#H A
1. 2RI KRF e TARFIR ZH HEd 232001

2. BB IRF HANMFE LRSI, LB #Ed 232001

3. e A B AT S PO KA RAF LI IR E S 548 RESHR PO (RBEIKRF), DM FEd 232001

i OZHM EETEEAPTREGRE SESUGEHRBEBETLZOLERERF TR LG IEXEIIE, TR
) A REABL 25 P 3 B R 00 AF SRR AR AR A S — AN BRIR R 6 B, ik BB T — AR R AR GBS R E
LWk BE T EPHAE RS TEAESESKE TR PHMET ARSI AL R4, FBT b
FRATAAX RO FNRAAE  RGA A B LARE M E T L3 AM AR, 3 il i x KA R B A& )
o948 K e LA BN R TG BBREBA , BR T B AR RGBS SRR S LA EiE 50 T 3k
ACHEERD 64 FRAT A AT BB 45 A TR BIBE S 00 3 LB 7 5 ST 32 5 5 ) o JE ML AF A, 850 15 B ba B 1B 4 K
HAEFE Ao 5B REERIELE LI THS R ER, FHER I FTAE YV EREAAKRA T 40 Bp T3k /F BT
BB R, gk R B R — AR RIS B A MRS T o ik

KBl BB BERE S M AR IR B A 2 M

Bl TP277  SCHRERIRRG : A doi: 10. 16055/j. issn. 1672-058X. 2024. 0003. 015

Discriminant Manifold Sensitivity Cross-Modal Bearing Fault Diagnosis Method

ZHU Yanmin"*, SU Shuzhi*’

1. School of Mechanical and Electrical Engineering, Anhui University of Science & Technology, Anhui Huainan 232001,
China

2. School of Computer Science and Engineering, Anhui University of Science & Technology, Anhui Huainan 232001,
China

3. Joint Research Center for Occupational Medicine and Health of Institute, Health and Medicine, Hefei Comprehensive
National Science Center, Anhui University of Science & Technology, Anhui Huainan 232001, China

Abstract: Objective Raw multi-modal fault data collected in practical applications is usually nonlinear data containing a
large amount of noise and redundant information. How to extract effective nonlinear fault features from different fault
modalities is still a challenging problem. Methods A discriminant manifold sensitivity cross-modal fault diagnosis method

was proposed. In the method, the correlation coefficient between different modalities was first constructed in the cross-
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modal fault space using correlation analysis theory, and the equivalent optimization model of the correlation coefficient was
obtained by theoretical derivation. Then, the discriminant manifold sensitivity scatter was constructed by using local
neighborhood graphs, and a discriminant manifold sensitivity cross-modal fault diagnosis model was constructed by
maximizing the correlation between different modalities and minimizing the discriminant manifold sensitivity scatter. The
analytical solutions of the optimization model were derived theoretically, so that nonlinear fault features with well
discriminant power can be obtained from fault data of different modalities. Results Targeted experiments were designed on
the Germany Paderborn bearing dataset and the multi-modal bearing fault dataset. The experimental results showed that

good diagnosis accuracy can be achieved with a small number of training fault samples. Conclusion The proposed method

is an effective cross-modal fault diagnosis method.

Keywords: fault diagnosis; cross-modal fault feature extraction; discriminant manifold structure
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