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ABSTRACT

This paper presents an on-line modeling method approach for the machine condition. The machine
condition is continuously monitored with a sensor such as, a vibration, a current, an acoustic emission
(AE) sensor. In this study, neural network modeling by radial basis function is designed for analysis a
prediction error.

An on-line learning algorithm is designed using the RLS(recursive least square) estimation and the
existing clustering method of Kohonen neural network. Experimental results show that the proposed
RBNN modeling is suitable for predicting simulated data,
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ZI¥ 2. A Diagram of Machine Condition System
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1% 3.Kohonen self-organizing map
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Table 1. Kohonen Neural Network

1 Measure 7, = (3.3 0~ . %m-n:2), Initialize weights w,; ( 0 < w, < 1)
Cluster®] 4= N 274, Learning rate ¢ (0<o<l) a(+l) =a + a ()

2. Calculation for each j D() = Xw, — Iy°

3. DID7E A&7t e ]9 Update wy;  wylm) = wd®) + a (T - wA0))

4.Update Learning rate

5. Convergence weight matrics

6. return to step 1
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2-2. Radial Basis Neural Network
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1% 4. The Radial Basis Neural Network

T DA BRI Radial FER FYHIL PFEE 5 95 YU G2 e, ety Tt
7159 Node & ¥3ste Ao gea Py
Sy 1)
KD =e e (0

(DHNN ai= F343 node jAAS) FAMEOlsL o= 273 node jolAls) Ramsol AR 3
3ol A A w2 $ 7 wrio] FAWMES EAWMSE Kohonen Aol del A clustering o)
BAAA Aok FHMEE P 2H 2 clusters) FFEE Jehn B4 WaE 7t clusters) #¥8 ubehdic
FolRl fleiwelo) thste] KAS) g b= AW 29 5t 2 $es A@Pce] M¥zfon
A 5 Yok

-~ K
Vw1 = Jg] wj( H f;( D _____________________________ (2)
1A Sgotal F2h59 Node 4, FAML, 24457 492 3 2 43T AdA%8 = 8=

MNBEE of83le] 53 on-line M52 RLS(recursive least square'$H 0 5 gttt RLSO oj§ Shpaay
& g g

S = Bw0HD) = ¢ QWD —-mrmmmmmmeem ®
Wit = W) + GOy — ¢ THHDWH] ——————— —— —— @)
G = POe(t+DL 1 + ¢ T4+DPDe(t+D)] ~—————————— (5)

Pt+D) = [ 1 = GOe "(t+D] KD =~ ——me e (6

e (D) = [ AT ST, o, Fil TH]

-374-



P A% 22 dehis WY = (w, (0, w (), Jwd D)e AzE Ao ARY A4 gy
g vehat. T = (.3 ), LY xR AIRE tel N9 deiwE ol AAY @AY WHE RLSe 9
A 2 wARZ £RAL 2019 P)e [ 0T (H)o ()] = 7an P(DE 4 ©)% gol 84
o2 s Uitk 9 U§-& sl dehlE ofdiel i 28 g

Table 2. RBNN Modeling
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