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Abstract

The use of induction motors has been recently increasing in a variety of industrial sites, and

they play a significant role. This has motivated that many researchers have studied on developing
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fault detection and classification systems of induction motors in order to reduce economical damage

caused by their faults. To early identify induction motor faults, this paper effectively estimates

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

analysis technique and an expectation maximization (EM) algorithm. Moreover, this paper

classifies induction motor faults into their corresponding categories by calculating Mahalanobis

distance using the estimated spectral envelopes and finding the minimum distance. Experimental

results show that the proposed approach yields higher classification accuracies than the

state-of-the-art conventional approach for both noiseless and noisy environments for identifying

the induction motor faults.

» Keywords : Induction motor, Fault classification, LPC Analysis, EM algorithm, Mahalanobis
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Fig. 1. (a) Self-defined test rig for the experimental setup, (b) faulty induction motors
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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 1356.38
20 16.95 36.52 16.89 5.15 276.58 195.32 138.04
27 16.25 36.48 14.82 4.96 275.11 198.31 136.27
33 17.14 36.77 14.10 4.45 275.71 197.13 136.25
39 16.04 36.47 16.40 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
b4 17.39 36.20 14.39 4.43 274.13 196.37 137.49
56 18.17 35.23 14.57 4.91 273.30 198.66 137.56
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Table 3. Classification accuracy in a noiseless environment
Classification accuracy (%)
AMF BRBF NO RUF BF BSF PMF Average
Proposed 100 100 100 100 100 100 100 100
Algorithm 1 (9) 79.42 72.38 46.55 78.45 96.69 98.34 93.92 80.82
Algorithm 2 (10) 95.24 100 90.48 90.48 100 100 100 96.6
Algorithm 3 (11) 100 90 84.67 100 87.33 100 100 94.57
E 4. M 71RAl ES0| ZEHE BoiMe] 2R MEE(SNR=20dB)
Table 4. Classification accuracy in a noisy environment (SNR=20dB)
Classification accuracy (%)
AMF BRBF NO RUF BF BSF PMF Average
Proposed 100 100 100 92.86 100 100 100 98.98
Algorithm 1 (9) 76.8 71.27 40.19 70.72 94.61 98.2 93.65 77.92
Algorithm 2 (10) 85.71 66.67 71.43 33.33 100 100 95.24 78.91
Algorithm 3 (11) 99.33 84 83 83.33 100 78 100 89.67
E 5. WA 7|RAl BZ0| ZEHE BHdoiMe] EF HEE(SNR=156dB)
Table b. Classification accuracy in a noisy environment (SNR=15dB)
Classification accuracy (%)
AMF BRBF NO RUF BF BSF PMF Average
Proposed 100 96 100 91 100 100 99.43 98.06
Algorithm 1 (9) 76.52 63.26 29.01 56.63 93.78 97.65 91.02 72.55
Algorithm 2 (10) 52.38 52.38 54.17 33.33 95 100 76.19 66.21
Algorithm 3 (11) 99.33 84 64.67 74.67 99.33 78 99 85.57
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