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Fig.1 Classification flow chart
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Fig.2 Roller bearing fault simulation test bench
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Tab.1 Experimental parameters of rolling bearings
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Fig.3 Comparison of five indicators of IDSMM in different K

%2 7[E KK IDSMM il 4Bt 8]
Tab.2 IDSMM training time in different K

K UIERNIEES K IS
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Fig.4 IDSMM convergence curve
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Tab.3 Parameters of five methods
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Tab.4 Comparison of classification performance of five

methods

IrRITE Accuracy Kappa Recall Precision

SMM 0.9609 0.9479 0.9609 0.9636 0.9662

RSMM 0.9719 0.9625 0.9719 0.9733 0.9747

SSMM 0.9875 0.9833 0.9875 0.9878 0.9881

MRMLTSMM 0.9922  0.9896 0.9922 0.9923 0.9924

IDSMM 0.9953  0.9938 0.9953 0.9954 0.9954
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Tab.5 Experimental parameters of rolling bearings
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Interactive deviation support matrix machine and its application in
rolling bearing fault diagnosis

XU Haifeng, PAN Hai~yang, ZHENG Jin-de, TONG Jin-yu
(School of Mechanical Engineering, Anhui University of Technology, Ma'anshan 243002, China)

Abstract: Aiming at the problem of feature extraction and classification of weak fault information of the roller bearing, this paper
proposes an Interactive Deviation Support Matrix Machine (IDSMM). In the process of IDSMM modeling, the deviation parame-
ter is added to each objective function. Geometrically, the hyperplane corresponding to each class of samples is deviation from the
original position to construct a pair of interactive hyperplanes with deviation, and each hyperplane is further away from the heteroge-
neous samples, which improves the generalization ability of the model. In addition, IDSMM introduces a multi-rank left and right
projection matrix to construct the objective function, which fully excavates the structural information between rows and columns in
the matrix, and makes the model have better data fitting ability. Two data sets of roller bearings are used for experimental verifica-

tion, the experimental results show that IDSMM has excellent classification performance in the fault diagnosis of the roller bearing.
Key words: fault diagnosis; rolling bearing; interactive deviation support matrix machine; multi-rank left and right projection matrix
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