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feature recognition
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Table 1 IMF entropy of the training sample
e
IMF 43
—4H —#H =H [k Fti|
IMF1 0.176 7 0.1629 0.1717 0.1704 0.1707
IMF2 0.1676 0.1736 0.1679 0.1694 0.1690
IMF3 0.1653 0.1736 0.1693 0.1687 0.1657
IMF4 0.1661 0.1650 0.1663 0.1675 0.1687
IMF5 0.1549 0.1653 0.1606 0.1524 0.1618
IMF6 0.1691 0.1596 0.1642 0.1716 0.1641
&2 MAEAFEAS IMF K fE
Table 2 IMF entropy of the test sample
SR fE
IMF 43
—4 —#H = LIS T
IMF1 0.1801 0.1790 0.1834 0.1629 0.1717
IMF2 0.1638 0.1640 0.1758 0.1736 0.1679
IMF3 0.1700 0.1716 0.1766 0.1736  0.169 3
IMF4 0.1650 0.1627 0.1647 0.1650 0.1662
IMF5 0.1678 0.1650 0.1589 0.1653 0.1606
IMF6 0.1532 0.1578 0.1406 0.1596 0.1642
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Table 4 Correlation kurtosis coefficient of IMF's

IMF 734 QEES =SS 8
IMF1 0. 64
IMF2 2.69
IMF3 0.90
IMF4 0.96
IMF5 0.48
IMF6 0.29
IMF7 0.39
IMF8 0.45
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Fig.6 Envelope demodulation spectrum obtained by the
method described in this work and an unoptimized

envelope demodulation spectrum
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Fig.8 Disassembly drawing of the returned gear
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A VMD-SVM algorithm based on genetic algorithm optimization
for angle head fault feature recognition

CHEN Jian""> YAO JianFei'?* ZHAO HongJie’ LIU Zheng® ZHANG SuYan’

(1. Beijing Key Laboratory of Health Monitoring and Self-recovery for High-end Mechanical Equipment, Beijing University of
Chemical Technology, Beijing 100029 ; 2. College of Mechanical and Electrical Engineering, Beijing University of Chemical Technology,
Beijing 100029 ; 3. Capital Aerospace Machinery Co. Ltd. , Beijing 100076, China)

Abstract: This paper presents a variational mode decomposition ( VMD ) -support vector machine (SVM) approach
based on genetic algorithm optimization to identify angle head fault feature. A genetic algorithm is used to optimize
the input parameters of the VMD algorithm, and the optimized VMD algorithm for the decomposition of vibration
signals is then used to obtain the energy of each instrinsic mode function (IMF) and its respective energy entropy.
An SVM algorithm is used to select the effective fault data. The IMF is filtered out, and the signal is reconstructed
according to a combination of kurtosis and correlation coefficient. Spectral analysis is then performed to extract the
relevant feature information and identify the fault. The results of the simulations and tests show that the proposed
method has high accuracy for effective signal selection of the fault angle head, a good effect on noise suppression,
and fast and effective feature extraction. The method proposed in this work can be used in machine tools fault diag-
nosis.

Key words: angle head; variational mode decomposition (VMD) ; support vector machine (SVM) ; genetic algo-

rithm ; feature recognition
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