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Online approach for bearing fault detection in induction motor
using stator current monitoring
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(School of Automation and Electrical Engineering, University of Science and Technology Beijing, Beijing 100083, China)

Abstract: Condition monitoring of rolling element bearing faults in induction motors is a fast developing technology
during the past decades. Although many excellent technical approaches have been applied to the bearing fault detection,
there are two drawbacks: 1) The extracted fault signal is not sufficiently accurate; 2) The approaches are not able to meet
the demand of online implementation. This paper proposes a new online bearing fault detection method based on induction
motor current monitoring. In order to extract more accurate information from current spectrum, an improved time domain
average method is employed to isolate the fault signals. On the other hand, extreme learning machine as a classifier plays
an important role in identifying the bearing faults, providing an foundation for online fault detection because of its fast
training speed. The simulation results under three operation conditions clearly illustrate the effectiveness and stability of
this scheme.
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Fig. 3 Stator current spectrum of the experiment

induction motor (fe = 60 Hz)
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Fig. 4 The attenuation coefficients of three TDA
algorithms (M = 20)
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Fig. 5 The model of ELM for bearing fault detection
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Table 2 Simulation results of classification using ELM for bearing fault detection

BT YIRE % RN BE /%
g R s womer it TR & i
B BT AR WlERE Bt
ERTH HRER 96.78 96.22 96.50 99.11 98.89 99.00
SEZ 94.66 94.82 9474  98.04 97.77 9791
L AR 96.41 96.28  96.35  98.22 97.00  97.61
WER 96.40 95.10 95.75 96.12 96.15 96.14
B HNER 93.01 92.54  92.78  97.55 95.47  96.51
2EN 90.94 93.55 9225  94.99 93.45  94.22

%3 EFITIATRAR-TDAF k&4
Table 3 Comparison results of RTDA under the normal operation condition

1EH &% AR %
iR ) 2 ; 5 &
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SN 99.11 99.12  96.73 98.89 98.90 97.00 I3 =10
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Table 4 Comparison results of different classifiers

Wl Zx IIIRES
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BP  91.42 10.8320 92.54 3.8355
SVM  94.21 3.2898 96.38 1.5527
ELM  96.50 0.0334 99.00 0.0086

6 4518 (Conclusions)
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