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Application of adaptive local iterative filtering in gear fault identification

GUO Dewei"?, PU Yasong'?, JIANG Jie'?, YU Libin"?*, MIN Jie"?*, ZHANG Wenbin'?
(1.College of Engineering, Honghe University, Mengzi 661199, China; 2.Key Laboratory of Mechanical

Performance Analysis and Optimization of Plateau in Yunnan Province, Mengzi 661199, China)

Abstract: In order to solve the problem that the measured signal of gears cannot accurately reflect the
fault characteristics due to noise interference, adaptive local iterative filtering is proposed to be applied to
gear fault identification, which is combined with sample entropy and grey correlation to realize gear fault
identification. By using adaptive local iterative filtering to decompose the gear non-stationary signal into a
finite number of stationary intrinsic mode functions, and calculating the sample entropy of each intrinsic
mode function, it is found that the sample entropy of the first few intrinsic mode functions can represent
different fault types, bounded by the sample entropy of the intrinsic mode function corresponding to the
frequency conversion signal of the gear system. The average value of the sample entropy of multiple
training samples under four working conditions of gear system, including normal, mild tooth surface wear,

moderate tooth surface wear and broken tooth, is calculated and used as the reference value of the standard
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failure mode of the corresponding working condition. The grey correlation between the sample entropy of
the sample to be detected and the average value of the sample entropy of the training samples under each
condition is calculated, and the standard failure mode with the largest grey correlation with the sample to
be identified is considered as the failure type of the sample to be identified. The results of the case analysis
show that the adaptive iterative filtering can suppress the modal aliasing phenomenon effectively and find
obvious gear frequency conversion signals. On the other hand, the modal aliasing phenomenon is more
obvious after the signal decomposition by EEMD method, and the frequency conversion component of the
gear is basically invisible in the decomposition results of EEMD method. The obvious differences in the
shapes of the sample entropy curves of the four working conditions indicate that the sample entropy can
represent the changes of gear fault characteristics effectively. The grey correlation method, which can
classify and identify the four different fault types effectively, has better classification identification

performance than that of BP neural network and has better classification identification ability for small

sample data.

Key words: gear fault identification; adaptive local iterative filtering; sample entropy; grey correlation

degree; frequency conversion signal
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Fig. 1 Experiment platform of gear fault identification
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Fig. 3 EEMD results of mild wear signal of gear
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Table 1 Sample entropy of gear under different working conditions
T F5 SE, SE, SE; SE, SEs SEs SE;
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5 1.359 0 0.899 8 0.597 7 0.560 1 0.418 0 0.174 8 0.068 8
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JE B
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2 1.045 6 0.519 6 0.550 2 0.551 8 0.494 4 0.184 5 0.109 4
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Table 2 Grey incidence between samples to be

tested and standard fault patterns

IR A8, G Ik BE
FEA P
gie - Wmge  hmh . s
FEBEEL BEEE
1 0.966 2 0.647 9 0.6341 0.656 1 IEH
2 0.9214 0.6427 0.6570 0.6447 IEH
3 0.9122 0.6461 0.6617 0.6429 EH
4 0.9294 0.6588 0.6359 0.6538 EH
5 0.928 6 0.6656 0.6542 0.6624 EH
6 0.578 9 0.9344 0.7152 0.6237 {5 W% R
7 0.589 8 0.947 7 0.6863 0.6295 {5 W i% L EE#
8 0.6114 0.9229 0.6919 0.6115 ¥ EEE#
9 0.6007 0.9396 0.7459 0.659 4 1 %% 35 B
10 0.5994 0.9211 0.7195 0.649 4 % %% B B
11 0.6065 0.7401 0.9289 0.6830 {4 M B BE 4
12 0.6340 0.7535 0.9259 0.667 1 {5 B BEEH#
13 0.6233 0.7223 0.9362 0.679 1 150 B BE 4
14 0.6085 0.7388 0.908 1 0.649 4 4 I o7 B 45
15 0.6580 0.7304 0.9121 0.691 0 14 i o & BE 4
16 0.6213 0.6662 0.6387 0.8859 i 14
17 0.7124 0.7506 0.7438 0.8750 i 14
18 0.7228 0.7595 0.7002 0.894 5 i 14
19 0.6427 0.6519 0.6173 0.8725 BT
20 0.6163 0.6441 0.6629 0.8938 7
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comparison of BP network and grey incidence
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