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Abstract

Aiming at the nonlinear and non-stationary vibration signal of the rolling bearing, a method based
on local mean decomposition (Local Mean Decomposition, LMD) and logistic regression is pro-
posed. This method processed collected vibration signals of rolling bearing inner ring and outer
ring by LMD method, then selected the parameter of the model by genetic algorithm (GA) com-
bined with logistic regression, and finally trained and tested the parameter by logistic regression.
The result shows that the method can be effectively applied in roller bearing fault type identifica-
tion.
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Figure 1. LMD decomposition of bearing signal
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Figure 2. The flow chart of genetic algorithm
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Figure 3. Equipment state recognition based on
logistic regression model
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Figure 4. Rolling ball bearing experiment device
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Table 1. Geometric parameter table of 6205-2RS deep groove ball bearing
7= 1. 6205-2RS R ATk A LTS HR

TR T = A% (mm) 4% (mm) Fi4%(mm) Befil £ WERAN L RENRE AR (mm)
6205-2RS 52 25 39 0 9 7.938

Table 2. Logistic regression parameter
2. iBBEIEEH

3 a B B B B.
R P P 1.1363 0.0088 0.0025 -0.0001 0.0004
7R A1 B 2.7765 0.0001 0.0002 -0.0003 -0.2119
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Figure 5. CV graph of normal and outer ring fault
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Figure 6. CV graph of normal and inner ring fault
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