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Motor Bearing Fault Diagnosis Based on LCD Multi—scale Fusion Features GJO-SVM
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Xiangyang
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Abstract: Objective Aiming at the problem of low diagnostic accuracy caused by difficult extraction of motor rolling
bearing faults, a feature extraction method of local characteristic-scale decomposition (LCD) multi-scale fusion was
proposed. The extracted feature vectors were input into the support vector machine (SVM) optimized by golden jackal
optimization (GJO) for motor bearing fault diagnosis, so as to improve the accuracy of fault diagnosis. Methods Firstly,
the LCD algorithm was used to decompose motor bearing signals collected by the vibration sensor to obtain intrinsic scale
components (ISC) of the signal at the first three scales. Secondly, the energy ratio and energy entropy of each ISC were
calculated to obtain 6 sets of feature vectors. Then, the feature vector matrix was constructed and randomly selected
according to 3 : 2 to generate a training set and test set. Finally, the training set was input into the golden jackal algorithm
optimization support vector machine (GJO-SVM), and the GJO algorithm was used to optimize the penalty parameter C
and kernel parameter g in the support vector machine to establish the GJO-SVM fault diagnosis model. The test set was
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input into the model to realize the fault identification of the bearing. Results Through simulation experiments, it is
verified that the feature extraction method of LCD multi-scale fusion features can effectively extract the fault information of
motor bearings, and the fault diagnosis accuracy of GJO-SVM is 97. 86%. Conclusion Under the same conditions, the
diagnostic accuracy of the LCD multi-scale fusion feature is improved by 1.79% compared with the fusion feature of
variational modal decomposition (VMD). Compared with the particle swarm optimization-support vector machine (PSO-

has a higher fault identification effect for diagnosing motor bearing faults.
1 5l

SVM) method and the fruit fly optimization algorithm-support vector machine (FOA-SVM) method, the GJO-SVM method
=i
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Table 1 Parameters of motor rolling bearing

AL E A #
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AR L42/mm 7. 94

S 42/ mm 52
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Table 2 Prduction of motor bearing samples
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Table 3 Partial sample feature vector display

E E? E H, H, H,

0.8150 0.1134 0.071 6 7.107 2 10.259 3 10.912 0
N 0.7318 0.1570 0.1112 7.553 3 10.182 3 10.343 9
0.7796 0.1505 0.0669 7.1036 9.7942 10.862 9
0.7573 0.1883 0.0544 3.0883 5.0079 6.9517
IR1T 0.766 0 0.1632 0.077 8 3.0201 5.3698 6.5305
0.7508 0.1870 0.0622 3.1581 5.2035 6.7595
0.9349 0.0402 0.0250 5.0413 9.7759 10.1292

BR1 0.8662 0.0808 0.0530 5.5543 8.7899 9.2171
0.9089 0.0559 0.0352 4.8889 8.9813 9.4872

0.9539 0.0357 0.0104 -0.49434.2198 6.4300
OR1 0.9466 0.0420 0.0114 -0.6025 4.0464 5.9373
0.9195 0.068 7 0.011 8 -0.55952.9308 5.8768
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Table 4 Experimental results of identifying bearing
status using different methods

F ik BATH )/ s F3RAF/ %
GJO-SVM 6.237 97. 86
PSO-SVM 10. 393 93.33
FOA-SVM 11. 025 93.33
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SVM HIF# 42 F T 4.53% , A7 it a2 B4 T
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