Journal of Korea Multimedia Society Vol. 20, No. 11, November 2017(pp. 1811-1819)

https://doi.org/10.9717/kmms.2017.20.11.1811

LPC¢} DNN<S ZAghslt
AL, s, 7

+E e haan
At et

(o2 =

TE AR

) B4

5.7]

O] Xé] iéTTTTT

Fault Diagnosis of Induction Motor using Linear Predictive
Coding and Deep Neural Network

Jin Won Ryu', Min Su Park'™,

ABSTRACT

Nam Kyu Kim'"

" Ui Pil Chong™™", Jung Chul Lee™™"

As the induction motor is the core production equipment of the industry, it is necessary to construct
a fault prediction and diagnosis system through continuous monitoring. Many researches have been
conducted on motor fault diagnosis algorithm based on signal processing techniques using Fourier
transform, neural networks, and fuzzy inference techniques. In this paper, we propose a fault diagnosis

method of induction motor using LPC and DNN. To evaluate the performance of the proposed method,

the fault diagnosis was carried out using the vibration data of the induction motor in steady state and

simulated various fault conditions. Experimental results show that the learning time of our proposed

method and the conventional spectrum+DNN method is 139 seconds and 974 seconds each executed on
the experimental PC, and our method reduces execution time by 1/8 compared with conventional method.
And the success rate of the proposed method is 98.08%, which is similar to 99.54% of the conventional

method.
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Fig. 1. Fault Diagnosis System Configuration.
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Fig. 2. (a) The whole appearance of the induction motor, (b) the sensor attached to the motor.
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Fig. 3. FFT spectrum and LPC spectrum. (a) normal state, (b)bearing Fault state, (c) looseness state, (d) unbalance

state, (e) misalignment state.
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Fig. 4. Structure of the neural network, (a) spectrum+DNN training, (b) LPC+DNN training.
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Fig. 5. Diagnosis accuracy according to the number of hidden layers (a) FFT, (b) LPC.

Table 1. Diagnosis accuracy according to the number of hidden layers (%)
number of hidden Spectrum input LPC input
layers
State 2 3 4 5 6 2 3 4 5 6
Normal 100 100 99.89 98.22 99.89 100 100 99.56 99.67 98.33
Unbalance 100 100 100 100 100 100 100 99.89 100 100
Faulty Bearing 100 100 99.44 98.89 99.56 100 100 99.89 99.67 90
Misalignment 100 100 99 98.78 98.67 100 100 99.78 99.89 85.78
Looseness 100 100 99.78 100 99.78 100 100 99.89 99.78 99
Average 100 100 99.62 99.17 99.58 100 100 99.80 99.80 94.62
AT o, 2430l 271, 67 4249 AQARHE 2% < ¢ F UM FEE VA fol e Ad 45
19%9} 74 2122 SAH| Azto] /8 A% @5 E2 100% 77hE AF#E AT 1 zpol= vl A
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Table. 2. Diagnosis accuracy by type of failure according to Alpha (%)
State Alpha 0.01 0.001 0.0001 0.00001
Normal 100 100 100 99.56
Unbalance 100 99.89 100 100
Faulty Bearing 100 100 100 99.11
Misalignment 100 100 100 97.56
Looseness 100 100 100 100
Average 100 99.98 100 99.25
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Table. 3. Diagnosis accuracy by RPM and fault type learned by integrating RPM (%)
RPM Spectrum LPC
State 1000 1200 1500 1000 1200 1500
Normal 96.56 99.2 100 95.44 92.78 99.56
Unbalance 99.78 100 99.44 91.44 98.44 99.89
Faulty Bearing 100 100 100 99.78 100 100
Misalignment 99.67 99.11 99.89 99.67 95.00 99.78
Looseness 99.67 100 99.78 99.78 100 99.67
Average 99.14 99.66 99.82 97.22 97.24 99.78
Global Average 99.54 98.08
100 100
98 98
9 9
04 54
92 92
w w |
* Normal Unbalance  Faulty Bearing ~ Misalignment  Looseness * Normal Unbalance  FaultyBearing  Misalignment  Looseness
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Fig. 6. Diagnosis accuracy according to the induction motor RPM (a) spectrum (b) LPC.
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