939K M2
2009 4F 9 H

FHRRFFROTFR)

Journal of Jilin University (Engineering and Technology Edition)

Vol. 39 Sup. 2
Sept. 2009

L TR S RF 1] £ HL G 30k T T g% 50 2 R A O 26

FRRBHEE T

(LRRAY NLERFEIRERELELHRE, KRR 430079;2. R WA Z KA K F8, KR 430079)

i BRAEM SRR EN T EHATRT AR RERS £, N AEMRELLET FNH
é’viﬂﬂl%ﬁ%%z\ﬁﬂxx%, T 45 AT T BT o 1 AL B R B R R R B AL R F

N ABET BRABM O X T EREHRATERINGNHR, XA — =" F E#HATXER
AEERPE, BEETHARBFERBE . DIETEMIXFREN T EAERARS > X+ 6
BROBRABERFR N REB 2 ENEFIHNTE.

KBR.XBZMIE, RBRS; 2 X EME, XFHHEN

RESES . U491 X ERFRIRAD . A XEHS:1671-5497(2009) Sup. 2-0131-04

Urban road traffic status classification based on fuzzy support vector machines
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Abstract: This paper uses fuzzy support vector machines (FSVM) algorithm to classify urban road
traffic status. Fuzzy membership handles linguistic expression bias of human perception and
uncertainty in status parameter partition scale. Meanwhile, integrated SVM learning ability can solve
the limitation that pure fuzzy classification method can't train sample data. The one against one
approach in FSVM is applied for multi-class classification. Finally, a microcosmic simulation work is
performed for an experiment data example, and the results indicates that FSVM method can reduce
influence of noise sample data and provide better classification accuracy.
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