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Abstract: A roller bearing fault diagnosis method was proposed in which Support
V ector M achine (S/M ) and A uto-Regressive (AR) model based on Empirical M ode
D ecomposition” (BMD) were combined BMD method was used to decompose the roller
bearing vibration signal into a finite number of Intrinsic M ode Functions (M Fs), then the
AR model of each M F component w as established, finally, the auto-regressive paraneters
and the variance of rennant w ere regarded as the fault characteristic vectors and served as
input parameters of SYM classifier to classify working condition of the roller bearing The
experimental results show that the proposed approach can classify working condition of roller
bearings accurately and effectively even in the case of snall number of samples and the
atom ization of the roller bearing fault diagnosis can be mplemented
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Fig. 1 Optimal separating line
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Fig 2 The vibration accelerate signal of roller bearingw ith inner-race fault
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Table 1 Theroller bearing fault diagnosisresults based on EMD and SWM

MF
SYM 1 SYM 2
@ @@ @ ot
( ) ( )
c1 0.628 7 0.4465 - 0.0169 2.6435
C2 0.082 5 0.717 8 0.1397 2.448 9 0.024 2(+ 1)
C3 - 06322 0.9696 - 0.2388 1.76089
c1 0.625 4 0.5398 - 0.0840 2.4167
c2 0.0211 0.779 8 0.144 9 2.1830 0.259 0(+ 1)
C3 - 07599 10514 - 0.3648 1.5738
c 0.639 4 0.4697 - 0.0244 2.596 1
c2 0.010 90 0.8450 0.1691 2.000 5 1.106 5(+ 1)
C3 - 0852 1.050 -0.2580 1.1521
c1 0. 366 4 0.4938 - 0.0262 /1.4260
c2 - 0.080 4 0.8714 - 0.0077 '\ 1.997 2 0.7889(+ 1) 1.567 6(+ 1)
C3 - 1.2056 1.4637._ - 0.757.7  0:-7976
c1 0.384 9 0.4732 - 01421 13956
C2 - 0.0991 " 0.8458 -0.0106 1:8936 0.376 4(- 1) 1.703 0(+ 1)
C3 - 1.3541 1\1.4897 ~-0.9030  0.7654
c1 0.405 4 0.368°0 0.1745 1.750 1
C2 - 0.2137 0.8200 0.050 9 1.9057 0.578 3(- 1) 1.411 8(+ 1)
C3 - 11776 1.3888 - 0.6414 0.8298
C1 0.566 4 0.226 5 0.272 3 2.821 2
c2 0.2352 0.3756 0.1771 3.378 7 2.7312(- 1) - 1.4505(- 1)
C3 - 0.1374 0.5020 0.184 4 2.7957
C1 0.616 6 0.234 7 0.108 3 2.6418
c2 0.577 3 0.499 6 0.2017 2.956 6 1.6108(- 1) - 1.2026(- 1)
c3 - 0.3121 0.644 2 0.363 5 2.8525
c1 0.436 4 0.236 9 0.3139 2.844 0
c2 0.1499 0.3591 0.196 7 3.334 4 2.707 1(- 1) - 1.3162(- 1)
C3 - 0.0747 0.4778 0.1925 2.591 2
1 &/M
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