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Fault diagnosis of motor using RVM

Jin-Hee Park

Department of Mechanical Engineering,
The Graduate School,

Pukyong National University

Abstract

Recently Condition monitoring and fault diagnosis of a motor has been
received considerable attention, which can increase machinery availability and
performance, reduction in consequential damage, increase in machine life, and
reduction in spare parts. manufacturing and less maintenance.” Since engineers
with expert knowledge “and ~experience. are: rare, -intelligent systems are
necessary in the world.

The aim of this study is to address the problem of detecting a motor fault
and to find reliable methods for fault diagnosis

This paper introduces a general Bayesian framework for obtaining sparse
solutions to classify predicting, and a practical model ‘relevance vector
machine’ (RVM) by Michael E. Tipping. In this study, the data is acquired
from motor using accelerometer sensors and current sensors.

RVM algorithm is applied for the intelligent condition classification and fault



diagnosis system of the motor. Also, the feature extraction is employed
using principle component analysis (PCA), independent component analysis
(ICA) and selecting feature value.

The results obtained shows that the RVM model has high accuracy and
much less testing time. Also, results show that multi-class RVM produces

promising results and has the potential for use in fault diagnosis of motor.
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2.4.1 Relevance Vector Machine
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2.4.2 Support Vector Machine
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Fig. 2.8 The concept of SVM
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Fig. 3.1 Test rig

Table. 3.1 Description of fault motor

Fault condition Fault description Others
Normal No fault

Bowed rotor Maximum bowed shaft deflection Air-gap:0.25mm

Faulty bearing A spalling on outer raceway
. o Adjusting the bearing
Eccentricity Parallel and angular misalignments
pedestal

Broken rotor bar No. of broken bar:12 ea Total number of 34 bars
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(d) Parallel misalignment condition
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Fig. 3.3 The time signals from rotor
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Table 3.2 RVM classification result
Component Training Test Total )
. No.of RV Time(s)
analysis accuracy(%) | accuracy(%) | accuracy(%)
Selected
100 100 100 29 4.19
features
PCA 100 100 100 26 5.05
ICA 10 11.11 10.8 16 4.37
Table 3.3 SVM classification result
Component Training Test Total No.of | Parameter .
) Time(s)
analysis accuracy(%) “|-accuracy(%). | accuracy(%) SV C
Selected
100 100 100 43 32 7.98
features
PCA 100 100 100 20 16 5.56
ICA 40 76.66 67.5 78 256 51.0
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(c) ICA
Fig. 3.10 Feature extraction using current data
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Table 3.4 RVM classification result

Component Training Test Total )
. No.of RV Time(s)
analysis accuracy(%) | accuracy(%) | accuracy(%)
Selected
96.6 93.3 94.1 20 3.616
features
PCA 100 98.8 99.1 26 3.84
ICA 3.3 10.0 8.3 20 3.55
Table 3.5 SVM classification result
Component Training Test Total No.of | Parameter .
) Time(s)
analysis accuracy(%) “|-accuracy(%). | accuracy(%) SV C
Selected
90 92.21 91.6 46 128 11.18
features
PCA 96.6 98.8 98.3 33 16 7.53
ICA 36.66 68.88 60.8 89 256 137.3
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(b) axial load (c) torsional load

(a) overhung load

Fig. 3 A typical example of the load acting on the shaft
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