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ABSTRACT

As rotating machines play an important role in industrial applications such as aeronautical, naval

and automotive industries, many researchers have developed various condition monitoring system and

fault diagnosis system by applying various techniques such as signal processing and pattern

recognition. Recently, fault diagnosis systems

using artificial neural network have been proposed. For

effective fault diagnosis, this paper used MLP(multi-layer perceptron) network which is widely used

in pattern classification. Since using obtained signals without preprocessing as inputs of neural net-

work can decrease performance of fault classification, it is very important to extract significant fea-

tures of captured signals and to apply suitable features into diagnosis system according to the kinds

of obtained signals. Therefore, this paper proposes the decision method of the proper feature vectors

about each fault signal for neural-network-based fault diagnosis system. We applied LPC coefficients,

maximum magnitudes of each spectral section in FFT and RMS(root mean square) and variance of

wavelet coefficients as feature vectors and selected appropriate feature vectors as comparing error ra-

tios of fault diagnosis for sound, vibration and current fault signals. From experiment results, LPC

coefficients and maximum magnitudes of each spectral section showed 100 % diagnosis ratios for

each fault and the method using wavelet coefficients had noise-robust characteristic.
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Table 1 LPC coefficients of vibration signals

Coeff.
(ak)

1 0.3324 |-0.7790 |-0.1999 | -0.8031 | -1.1967 | -0.7700

Br Brb Fbr Nor Mis Run

2 0.0263 |-0.3104 |-0.5509 |-0.3327|-0.0647 | -0.3303

3 0.1121 | 0.2480 | 0.5640 | 0.2569 | 0.4335 | 0.1056

4 1-0.0842|0.0831 | 0.2362 | 0.0197 | 0.2162 | 0.0499

5 |-0.46381-0.4163 | 0.6905 |-0.4438 |-0.4356|-0.4440

6 |-0.3489|-0.2006|-0.0393|-0.0147| 0.0007 |-0.0051

7 |-0.1860| 0.5903 | 0.4410 | 0.4160 | 0.3673 | 0.4870

8 |-0.0811-0.0696|-0.2843| 0.1406 |-0.1662 | 0.0368

9 0.1716 |-0.1140|-0.1345|-0.1925|-0.1172| 0.0315

10 | 0.1345 | 0.0697 | 0.2487 | 0.0068 | 0.1380 |-0.0610

11 |-0.0491-0.0281|-0.0569 | 0.0207 |-0.6198 |-0.0373

12 |-0.0394| 0.0324 |-0.1318|-0.0140|-0.0080 |-0.0272
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Table 2 Feature vectors for vibration signals using
DWT (unit : 10

Br Brb Fbr Nor Mis Run
Al _rms| 2.10 1.54 2.72 2.26 4.69 3.21
D1 _rms| 0.896 | 0.586 | 1.67 | 0.742 | 3.47 | 0.795
D2 rms| 0.611 | 0.162 1.15 | 0.159 1.59 | 0.168
D3 rms| 1.06 |0.0942| 0.801 | 0.103 | 0.305 | 0.103
Al _var| 0457 | 0.245 | 0.764 | 0.0764 | 2.27 1.06
DI var| 0.0827 | 0.0353 | 0.288
D2 var| 0.0767 {0.00538| 0.271 |0.00522| 0.517 |0.00582
D3 var| 0.0461 {0.00364| 0.264 |0.00434| 0.0381 [0.00437

0.0288 | 1.21 | 0.065

g,

24 F9 7oL gG5s T Ao m Wy
= A4S gohed Fa3% 98s 3] wiE
24 F9f Jieet 2718 AAske wAE AB3E
W] s FAeske v Fasgh Fiolrh EI
oY T w4 A dstazt sk Al wet
i el HASE GepA] 7] witel] Al~gle gt
A A4 29 7 AAFE AR A, o]
wrolAe AR A7l AHstetr] 9l
2y Z9 H¢eE HE A o Z(universal

approximation)°l] &} 17§12 A3ty MLP 4
s TG oA 29 T Y eE
107158 370744 Zoi7baA Adleioia o Ast
oy =9 ¥ 47} 57 olFHEHE B A
o] AH Folex AL stk 1R E o

oM A2 A719] HAskeh g+
A5 SdsE SAld UEATE &Y S

g AeEs ez AAUY g
(learning algorithm)> M4 50| Hojurh
&%l scaled conjugated gradient ¥i1g]EFS ©
a9 Aok dus Adg®). sy Are ©
314 (epochs) Rt} #FQAHF(MSE : mean squared
erron)E TAHOE st <5 AL 1.00E-05% A
SIITE HERE 3000 o)/del ShFelk & eka 4
HabAl SolH Asow By FRE AT 4

of A8 MLP A3 2ol A4 kS Table 33

Md

e

— =

oy *
g o
N )
o o R oAN ¢ durl o

.

sHish HAES S1% doly 44e 54 #%
SmelFonyE FEF 54 WH 0%E G5
GOl 30%E HIAE HlojER rela 4kl

d% w443 8 Igelr] 7] Fekearly

stopping)e 2A3t7] sl k<5 dlolE Ao e

Table 3 Parameters of MLP neural network

Parameters Configuration

Learning algorithm Scaled conjugate gradients

Learning rate 0.05

Transfer function Tangent sigmoid

Training method Batch training

Performance function MSE(mean squared errors)
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