36k H3M HL T 5 AR 2 4R Vol.36  No.3
2022 4F 3 A JOURNAL OF ELECTRONIC MEASUREMENT AND INSTRUMENTATION <175 -

DOLI: 10. 13382/j. jemi. B2104385

mRMR 54 57 3% 0 B AL 7% K B A0 B 35 BF 7 3 5T

=

FEE EZEH O M
(BT R2#EBTRS Ak B 650500)

s

& B AONR S HOKIF IR S5 5 BRI S B BCRTY SR 75 I L I R IR B SR IE TUAR B AR M G BRI A
P B — P LT B KA 5 - B /N TUAY ( max-relevance and min-redundancy , mRMR ) FEAF G158 R B A LARAAR 0 7R shih A i B2 Wit 55
B, B RIAE ST B OE I MR SRR AR i 2 S0 AR S 40 ( CEEMDAN ) 75 81— 251 [ A #5245 40 i (IMFs ) |, 43 H7 IMF Jf- 25 4
R AR P R — B0 A i B A0 it PS5 24T B A I PR B A SRR AL 383 mRMR 22 BR TUA PRI G M 38 e ()RR AIE [n] it 1 07 326
HH BYRAE T2 SAR A S R AR, | e B R AE T A i A B BEDLAR MRS 80 i AT 4028 . SR W], mRMR BA R R AR
RN, BRI SERTAR BIIEHL , ALFT 3 AFAE R REIA B &5 A o0 a2 0 s T H AR IR R RE

KRR RAOEE ; BHURRIE s mRMR ; T4 M  AH DG

E 4SS THI33. 33;TNO6 NEARIRE: A ERREFRSENR: 510. 4010

Research on fault diagnosis method based on mRMR
feature screening and random forest

Chang Mengrong Wang Hairui  Xiao Yang

(College of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China)

Abstract: Aiming at the shortcomings that the important feature information of the original vibration signal of the rolling bearing is
submerged by strong background noise, and the extracted time domain features have high redundancy and strong relevance, this paper
proposes a new rolling bearing fault diagnosis research method based on maximum relevance-minimum redundancy ( mRMR) feature
selection and random forest. First, the original signal is subjected to complete ensemble empirical mode decomposition with adaptive
noise (CEEMDAN) to obtain a series of intrinsic modal functions (IMFs) , analyze IMF and remove high frequency noise and part of
false component, then reconstruct the signal and extract its time domain characteristics, mRMR is used to remove redundant and highly
correlated feature vectors, so that the selected feature subset has the greatest dependence on the label, and finally the feature subset is
input to the random forest classifier for classification. Experiments show that mRMR has an excellent feature search strategy, the
important features are selected first. Only three features are needed to achieve a higher classification accuracy, and the efficiency is
higher than other feature selection algorithms.

Keywords :feature selection; time domain feature; mRMR ; redundancy; relevance
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