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Classif ication and Identif ication
of the Rotor Rub- impactngChaotic Signalswith Noise

REN hui, GU Jial iu, HE Ermin, ZHAN G Zhi-yu
(N orthw est-Polytechnical U-niversity, X iran 710072, China)

Abstract: In thispgper,wew ill try-to_identify the chaotic signalsof the rub-impacting rotor
gystan using learning vector quantization—(LV Q) which is based on competitive learning and
clustering analysis T he theory ‘analysis and resultsof the computation are given W e havemainly
studied the situations of, the different classification w hen the repponse signals are in the different
ratio of signal to noiss Our research show s that the LV Q neural network not only can identify
rub-impacting chaotic signals but alo work well for the signalsw ith noise So the network sup-
plies a direct method for classifying such nonlinear signalsof the rub-impacting rotor systen and
apossibility of practical application for a real rotor system.
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Fig 1 Rub-impacting chaotic signals
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Tab 1 Classification (without noise)

(31 ) (8 ) (21 ) (8. (12 ) )

512 4 1 3 2 1 5

1024 2 1 2 1 1 5

4096 1 0 0 1 0 4

6000 0 0 0 1 0 4
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Fig 2 Sample signalsw ith noise, noise coefficient r= 1
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2 LVQ
Tab 2 Classif ication (noise coefficient r= 1)

(

r=1)

(31 ) (8 ) (21 ) (8 ) (12 ) (8
512 3 2 3 3 1 5
1024 2 1 2 2 1 5
4096 0 0 0 1 0 4
6000 0 0 0 2 0 4
3 LVQ ( r=5)
Tab 3 Classif ication (noise coefficient r= 5)
(31 ) (8 ) (21 ) (8 ) (12 ) (8
512 3 2 2 2 1 5
1024 2 1 2 2 0 5
4096 0 0 0 1 0 4
6000 0 0 0 1 0 4
4 LVQ ( r= 15)
Tab 4 Classification (noise coeff icient r= 15)
(31 ) (8 ) (21 ) (8 ) (12 ) (8
512 3 1 3 2 1 5
1024 2 1 2 1 1 5
4096 0 0 0 1 0 3
6000 0 0 0 2 0 4
5 LVQ ( r=1)
Tab 5 Classif ication (noise coefficient r= 1)
(31 ) (8 ) (21 ) (8 ) (12 ) (8
512 3 1 3 2 1 6
1024 2 1 3 2 1 5
4096 1 1 0 0 0 3
6000 0 0 0 0 0 4
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6 LVQ ( r= 5)
Tab 6 Classif ication (noise coefficient r= 5)

(31 ) (8 ) (21 ) (8 ) (12 ) (8 )
512 3 2 3 3 1 4
1024 2 2 2 3 1 4
4096 1 1 0 1 0 2
6000 0 1 0 1 0 3
7 LVQ ( r= 15)
Tab 7 Classif ication (noise coeff icient r= 15)
(31 ) (8 ) (21 ) (8 ) (12 ) (8 )
512 3 5 3 5 1 5
1024 2 5 2 3 1 5
4096 0 3 0 4 0 4
6000 0 4 0 4 0 4
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