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ABSTRACT

Industrial processes need to be monitored in real-time based on the input-output data observed

during their operation. Abnormalities in an induction motor should be detected early in order to

avoid costly breakdowns. To early identify induction motor faults, this paper effectively estimates

spectral envelopes of each induction motor fault by utilizing a linear prediction coding (LPC) analy-

sis technique and an expectation maximization (EM) algorithm. Moreover, this paper classifies in-

duction motor faults into their corresponding categories by calculating Mahalanobis distance using the

estimated spectral envelopes and finding the minimum distance. Experimental results shows that the

proposed approach yields higher classification accuracies than the state-of-the-art approach for both

noiseless and noisy environments for identifying the induction motor faults.
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Fig. 1 Self-defined test rig for the experimental setup (a) and faulty induction motors (b)
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Table 1 Description of faults of the induction motor

Type of fault

Fault description

Angular misalignment fault (AMF)
this study

Angular misalignment is the effective angle between the two shaft
centerlines, where the angle between the shaft centerlines is 0.48° in

Broken rotor bar fault (BRBF)
mm in depth

12 of 34 rotor bars are involved in the plastic deformation of the

grinding furrow as depicted in Fig. 2(b): 5 mm in diameter and 15

Normal (NO)

The induction motor is normal (or healthy)

Rotor unbalance fault (RUF)

Unbalanced mass of 15.64 g -cm is added at the right end of the

rotor as shown in Fig. 2(b)

Bearing fault (BF) in Fig. 2(b)
in Fig.

A spalling on the outer race of the bearing is replicated as presented

Bowed shaft fault (BSF)

air-gap eccentricity

The shaft is slack in the middle (0.075 mm), which causes dynamic

Parallel misalignment fault (PMF)

the two shaft centerlines,

Parallel misalignment is the effective perpendicular distance between

where the distance between the shaft

centerlines is 15 mm in this study
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Step 1. Robust spectral envelop estimation
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Fig. 2 Generation of reference signature vectors for multiple induction motor faults
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Fig. 4 The proposed fault classification scheme for identifying multiple induction motor faults

Table 2 Mahalanobis distance using the reference feature vector of the RUF

Sample Type of faults
number AMF BRBF NO RUF BF BSF PMF

16 17.44 34.94 14.16 4.07 274.85 197.91 135.65

19 17.36 35.39 14.68 5.75 274.71 198.01 135.38

20 15.95 36.52 15.89 5.15 276.58 195.32 138.04

27 16.25 36.48 14.82 4.96 275.11 198.31 135.27

38 17.14 35.77 14.10 4.45 275.71 197.13 136.25

39 16.04 36.47 15.40 5.48 275.25 195.41 135.27

40 16.68 36.52 15.62 4.76 274.94 195.66 134.40

44 17.31 34.84 14.16 3.99 274.09 196.34 136.21

54 17.39 36.20 14.39 4.43 274.13 196.37 137.49

56 18.17 35.23 14.57 491 273.30 198.66 137.56
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Fig. 5 Classification accuracy of the proposed approach in both a

environments
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