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Fault Diagnosis of Rolling Bearing based on Improved Variational
Mode Decomposition and Manifold Learning
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Abstract; Early damage of rolling bearing lacks characteristic signals and such signals are drown out eas-
ily by environmental noise. Based on the fractal theory and the grey wolf optimization algorithm( GWO) ,
the improved variational mode decomposition (IVMD )is proposed to solve nonlinear characteristics in dif-
ferent modes. The theory of t-distributed stochastic neighbor embedding(t-SNE ) is applied to carry out di-
mension reduction and classification,in order to achieve fault diagnosis without supervision. Based on the
experimental data of bearing damage , the reliability of the proposed method is verified. The results show
that the eigenmatrix constructed by the modes obtained from IVMD and a variety of nonlinear values are
more representative ,and the proposed method can be used to diagnose weak faults of bearings. Compared

with the existing methods,the proposed method has clearer clustering performance and higher classifica-
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tion accuracy,as well as good robustness.

Key words: variational mode decomposition, greywolf algorithm , bearing, fractal , t-distributed stochastic

neighbor embedding , fault diagnosis
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Tab. 1 Correlation coefficient between component

and original signal ( % )

IMF1 94.19
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IMF6 85.11
IMF7 85.07
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IMF10 88.29
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Fig. 6 Fractal box dimension
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Tab. 2 Parameters of rolling bearing
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Tab. 4 Optimum decomposition parameters
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Tab. 5 Fractal box dimension
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Tab. 6 Linear characteristic matrix
RS A ALK ORI AR A FANH Y (okes] HEZ
RAET 1.624 0.508 0.144 1.287 0.123 1.662 7.369 1.780
1.651 0.538 0.143 1.336 0.148 1.659 7.342 1.776
1.662 0.532 0.134 1.324 0.138 1.659 7.349 1.779
A P B g 1.674 0.539 0.147 1.321 0.134 1.667 7.328 1.781
1.624 0.533 0. 145 1.239 0.147 1.672 7.395 1.784
1. 640 0.492 0.147 1.176 0. 145 1. 664 7.346 1.776
(R 1.560 0.333 0.087 1.221 0.089 1.608 7.151 1.760
1.557 0.357 0.092 1.230 0.089 1.610 7.104 1.747
1.496 0.354 0.089 1.217 0.089 1.579 7.124 1.743
PN 1.601 0.652 0. 150 1.366 0.157 1.678 7.273 1.751
1.647 0.645 0.157 1.362 0. 156 1.688 7.268 1.760
1.616 0.645 0.148 1.321 0.151 1. 686 7.286 1.752
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Tab.9 Accuracy of different methods

IEVIRS HER A/ %
EEMD +t-SNE 85
VMD + t-SNE 90
IVMD + PCA 82.5
IVMD +t-SNE 100
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Fig. 17 Classification accuracy under conditions of

different noises
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