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Abstract

The ART(Adaptive Resonance Theory) model is self- organized
with nonstationary input patterns in real time, But there is a
multirun problem caused by fault clustering, or pertubated
clustering and confines the advantage of the stationary real-time
processing in ART model. In this paper, we propose the incremental
vigilance threshold approach to decrease the number of multiruns.
The incremental vigilance threshold approach is to learn with
incremental vigilance threshold and competition with clusters.
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AlAn 2o ¥ whdo] mield, SE(target value)& U7l
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2ot Wi 247 49 HWelg) wed jol sEalel 3o, $2iE
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3.2 et why

& =FoldE vigilance ZhE HEAIFIUA mlticund ¥
F71R] whdl, F7b dAX|(incremental vigilance threshold) whdz}
72+A A Xl (decremental vigilance threshoid) W& AAlsts, 7}
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3.2.1. F7tdAA W
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olal= vigilance YAAoIT
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& AMNE o= EHch. UFE gol AVl FeaEe] 4§ FolJ]
#181A, vigilance €AX pold ERY Fe2BEE vIHH UYag
8171 Aol o2 E2e] AW dnelF g AREAM Aol ol 2
2| AE|Goll tfsjAint cheel vigilance UAA] o & T UHE
A7l g & AHgstach
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for all cluster; and j< k

|cIuster,-(*bi+ICIuster,,I*b,, )

{cluster;| +\cluster |
if ( min_ distance; < g N

|cluster;} #b;+\|cluster,| % by

min _ distance; = min{

LA lcluster;| +|cluster)
lelustery) = lcluster;| +cluster )
delete b;)
lcluster] = lcluster| —1

}
o471 bt cluster;e] FAgkol HR, lcluster;le cluster;ol %3Hs
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Ay cjah2 2782 g4k (a), (b} AHgshch g4 bl B2l
7} Bolzt EAJZAM od4tot}. ofzie] FAtelM zY 37 100Xx329]
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Jh 24 vigilance @AR] A4zt BYAHE 7lels] Fol Ayst
=& agycH4l.

Alg Zap= 1. VF2. o] dth EolM uehli: oTE A4UAR
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E R 2714 A 2} SxdAxst Zeh
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& g dolele] chdA sultirung $HsHE Bl YA
X ubd, zhaelAAl whE, ZIlAA WY& AHSA HeolElE
By ANFew 47 FaAHEY ofux BeE Foi 2o
ol AlY WS Se2EENY FAE AEY BoUAA Yol
vigilance Q7xol weld Tha Keolk glon} riyE =2 ofux]

& 1Al Zade] gl

éug‘%}@l% ;’Mg_,q AN W, ZagAX Bd, A
A wwie] vt ThAQ AWuys A@AY BAeLE stn 2o
oe ®7E ¢ gert Aok el BHE H9E ol 8t 948U
U olal Alge EsiA AW 22E 3% "ert ook osld 2E
oA vigilances] 282 ulge] dHol wld Wo] riA Ay X
3, 2Eg MHeg & wwse] clE U4F ALY oo uHE
vzY Best otk £ F& AEE 71X E ARTEE vigilance ¢
AN} multiruns] B4ole] dBMg golr A 3 &7 A
437t "estch
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