Sl E sty Al21 ¢ Al 11 E, pp. 1020~1028, 2011,

http://dx.doi.org/10.5050/KSNVE.2011.21.11.1020

EIVE 043 A4 25 7]k A2Iek
Neural-network-based Fault Detection
and Diagnosis Method Using EIV(errors-in variables)

W9 grx 4 Asg o Bt

Hyungseob Han, Sangjin Cho and Uipil Chong

0119 89 169 HF ; 2011 10€ 269 AAHSHE)

Key Words : Fault Diagnosis(1L3%1¢}), Feature Extractions(57 %), LPC Coefficients(LPC 7<), EIV,
Neural Network(2! 74 3] 1), Rotating Machines(&] 21 7] A])

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 artificial neural network. Since using obtained signals without pre-

processing as inputs of neural network can decrease performance of fault classification, it is very im-

portant to extract significant features of captured signals and to apply suitable features into diagnosis

system according to the kinds of obtained signals. Therefore, this paper proposes a neural-net-

work-based fault diagnosis system using AR coefficients as feature vectors by LPC(linear predictive

coding) and EIV(errors-in variables) analysis. We extracted feature vectors from sound, vibration and

current faulty signals and evaluated the suitability of feature vectors depending on the classification

results and training error rates by changing AR order and adding noise. From experimental results,

we conclude that classification results using feature vectors by EIV analysis indicate more than 90 %

stably for less than 10 orders and noise effect comparing to LPC.
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Fig. 1 Proposed fault diagnosis system
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Fig. 3 LPC Envelop for each faulty case
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Table 1 LPC coefficients of vibration signals

Coeff
(ak)

1 0.3324 1-0.7790(-0.1999|-0.8031 |-1.1967 | -0.7700
2 0.0263 [-0.3104 |-0.5509|-0.3327 |-0.0647 | -0.3303
3 0.1121
4 -0.0842| 0.0831

5 -0.4638|-0.4163| 0.6905 |-0.4438|-0.4356|-0.4440
6 -0.3489(-0.2006|-0.0393 |-0.0147 | 0.0007 |-0.0051
7

8

9

Br Brb Fbr Nor Mis Run

0.2480 | 0.5640 | 0.2569 | 0.4335 | 0.1056
0.2362 | 0.0197 | 0.2162 | 0.0499

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

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

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 AR coefficients of vibration by EIV analysis

C(ggf Br Brb Fbr Nor Mis Run
1 -0.2756-0.9353 |-1.3912{-1.3949 | 0.6555 [-0.2196
2 -0.8383|-0.5248|-0.0728 | 0.0256 | 0.2697 |-1.0213
3 0.90192|0.70511| 0.8993 | 0.5923 | 0.1249 | 0.0447
4 |0.44512|0.17041| 0.1559 |-0.1418 |-0.2864 | 0.5805
5 -1.2711-0.9465| -1.026 | 0.0884 [-0.8572(-0.6404
6 [0.04160(0.01903| 0.2159 [-0.4607 |-0.8457 |-0.3399
7 1.06286|0.91795| 0.8904 | 0.7790 |-0.5688 | 0.6932
8 -0.5761-0.0602 |-0.5148 |-0.5430|-0.2376 | 0.4363
9 -0.5116-0.6308 -0.4678 | 0.0553 | 0.2463 |-0.4841
10 |0.64575|0.28879| 0.4965 | 0.3185 | 0.4416 |-0.2699
11 ]0.0227210.28945| 0.0425 |-0.5397| 0.3386 | 0.2187
12 |-0.3982|-0.2534|-0.1595| 0.2829 | 0.2118 | 0.0589

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 square errors)
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Table 4 Fault classification rate of changing AR or-
der(unit : %)

AR modeling
LPC EIV

AR
order

Sound [Vibration| Current | Sound |Vibration| Current
20 100 100 100 100 100 100
100 100 100 100 100 100
12 100 100 100 98 100 100
10 87 85 95 95 98 100
8 X X 83 93 94 98
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Table 5 Errors rates of classification after adding
noise(unit : %)

AR modeling
S(g?){ LPC EIV
Sound Vibration Sound Vibration
40 0 0 0 0
30 0 0 0 0
20 1 6 0 0
10 9 12 2 6
5 18 23 6 8
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