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Abstract

Induction motors play a vital role

in aeronautical and automotive

industries so that many

researchers have studied on developing a fault detection and classification system of an induction
motor to minimize economical damage caused by its fault. With this reason, this paper extracts

robust feature vectors from the normal/abnormal vibration signals of the induction motor in noise

circumstance: partial autocorrelation (PARCOR)

coefficients mean (CCM),

coefficient, log

and mel-frequency cepstrum coefficient

(LSP),
Then, we

spectrum  powers
(MFCO).

cepstrum
classified

different types of faults of the induction motor by using the extracted feature vectors as mputs of

a neural network. To find optimal feature vectors, this paper evaluated classification performance
with 2 to 20 different feature vectors. Experimental results showed that five to six features were
good enough to give almost 100% classification accuracy except features by CCM. Furthermore, we

considered that vibration signals could include noise components caused by surroundings. Thus, we

added white Gaussian noise to

original  vibration

signals, and then evaluated classification

performance. The evaluation results yielded that LSP was the most robust in noise circumstance,

then PARCOR and MFCC followed by LSP, respectively.

» Keyword : fault detection and
log  spectrum  powers,
coefficient, neural network
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Table 3. Fault classification performance using PARCOR ooefficients after adding white Gaussian noise

= | [en - = | T e~
g | Bl smn| 2] 3 4] 0 O ems | B emN| 2 3] 45 ¢
ST ST
5B | 205 10 | %2 | 10 | 10 5B | 10 | 10 | 10 | 10 | 10
| 0B | 10 [%2 [ 100 [ 00 | i o |t [0 [0 |0 | 00 | i
5B | 100 | 10 | 10 | 10 | 100 5B | 10 | 10 | 10 | 10 | 10
208 | 10 | 10 | 100 | 10 | 100 208 | 100 | 100 | 100 | 100 | 100
5B | 10 | 10 | 10 | 1o | 1o 58 | 905 | 10 | %2 | 05 | 10
e | e o8 |00 |00 w0 [0 [0 | | o |0 [0 |0 [0 [ioo
5B | 100 | 100 | 100 | 100 | 100 5B | 10 | 100 | 100 | 100 | 10
R 208 | 10 | 10 | 100 | 10 | 10 R 208 | 10 | 10 | 100 | 10 | 10
5B | 7 | 10 | 10| 100 | 10 5B | 10 | 10 | 10 | 10 | 10
B | %2 | 10 | 10 | 10 | 10 B | 100 | 10 | 10 | 10 | 10
BS 5B | 100 | 10 | 10 | 100 | 100 U 5B | 10 | 10 | 10 | 10 | 10
o8 | 100 | 100 | 100 | %2 | 10 208 | 100 | 100 | 100 | 100 | 100
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Table 4. Fault dassification performance using LSP after adding white Gaussian noise

= E[V]=] = 5 = EV]=] = 5
sl | 32 | ow 213 4 5] 5 amp | 32 | oam 2 3] 4 5] ¢
50B 100 | 100 | 100 | 100 | 100 5dB 100 | 100 | 100 | 100 | 100
AM 10dB 100 | 100 | 100 | 100 | 100 NO 10dB 100 | 100 | 100 | 100 | 100
150B 100 | 100 | 100 | 100 | 100 150B 100 | 100 | 100 | 100 | 100
200B 100 | 100 | 100 | 100 | 100 200B 100 | 100 | 100 | 100 | 100
5dB 100 | 100 | 100 | 100 | 100 5B 100 | 100 | 100 | 100 | 100
R 10dB 100 | 100 | 100 | 100 | 100 M 10dB 100 | 100 | 100 | 100 | 100
LSP 150B 100 | 100 | 100 | 100 | 100 LSP 150B 100 | 100 | 100 | 100 | 100
20dB 100 | 100 | 100 | 100 | 100 20dB 100 | 100 | 100 | 100 | 100
50B 100 | 100 | 100 | 100 | 100 50B 100 | 100 | 100 | 100 | 100
10dB 100 | 100 | 100 | 100 | 100 10dB 100 | 100 | 100 | 100 | 100
BS 15dB 100 | 100 | 100 | 100 | 100 PU 15dB 100 | 100 | 100 | 100 | 100
200B 100 | 100 | 100 | 100 | 100 200B 100 | 100 | 100 | 100 | 100
8. TS0| FUI=l #0llM MFCCE 0|88t 18 27 s
Table 5. Fault classification performance using MFCC after adding white Gaussian noise
F= EM=] =+ == E[V=] =+
omeis | z2 | om [ 2] 3 Y S O e | m2 | em | 2] 3 4] 5] 6
50B 523 | 100 | 100 | 100 | 100 50B 05 | 100 | 100 | 905 | 100
AM 10dB 619 | %2 | 100 | 100 | 100 NO 10dB 714 | 100 | 100 | 100 | 100
150B 523 | 100 | 100 | 100 | 100 15dB 571 | 100 | 100 | 100 | 100
20dB 381 | 100 | 100 | 100 | 100 20dB 667 | 100 | 100 | 100 | 100
50B 100 | 100 | 100 | 100 | 100 50B 93 | 100 | 100 | 100 | 100
BR 100B 100 | 100 | 100 | 100 | 100 A 10dB 100 | 100 | 100 | 100 | 100
MFCC 15dB 100 | 100 | 100 | 100 | 100 MFCC 15dB 100 | 100 | 100 | 100 | 100
20dB 100 | 100 | 100 | 100 | 100 20dB 100 | 100 | 100 | 100 | 100
5dB 5 | 762 | 8i 81 81 5dB 100 | 100 | 100 | 100 | 100
10dB &7 | &7 | B | B2 | B2 10dB 100 | 100 | 100 | 100 | 100
BS 150B M4 | B2 | B2 | B2 | H PU 15dB 100 | 100 | 100 | 100 | 100
20dB 100 | 100 | 100 | 100 | 100 200B 100 | 100 | 100 | 100 | 100
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