28 6 Vol 28, Na 6
2009 12 J Infrared M illim. W aves D ecember, 2009

:1001 - 9014 (2009) 06 - 0450 - 05

Contour let

1,2 1 1 3 1
1 ) H H
(1 , 430079,
2 , 410076;
3 , 430079)
: , — ( Finite Texture
M ixture Pattern, FIMP). FIMP , . , Contourlet
FIMP, .
, . FIMP ,
CFM Psgg,
: Contourlet ; ; ;
TP751 1 A

NBNV ALGORITHM OFM WL TISCALE TEXTURE MAGE
SEGV ENTATION BASED ON CONTOURL ET TRANSFORM

LU Guo-Ying'?, QN QianQing, WANGLei-Guang, MEI Tian-Can’, ZHANG Fei-Yan'
(1 State Key L aboratory of Infomation Engineering in Surveying, M gpping and Remote
Sensing, W uhan University, Wuhan 430079;
2 College of Camputer and Cammunication Engineering, Changsha University of Science & Techrology, Changsha 410076;
3 School of Electronic Infomation, W uhan University, W uhan  430079)

Abstract: A nev feature extraction method, finite texture mixture pattem (FIM P) , wasproposed ingired by the basic i
dea of pattem-based texture analysismethods FTM Pwas a two-tuplet set, which could be obtained by clusteringmethods
Firstly, the multi-scale and multi-direction variationswere calculated based on the Contourlet trandom. Secondly, these
variation infomation at different scale and in different direction were clustered into groups regectively The centers and
their corregponding proportion made up FIM P, which reflected the primary infomation’s variations of different scales and
different directions Such a feature extraction method made full use of the idea of pattem-based method, but awided the
camplicated paraneter estimation and expression camputation Thus a supervised multi-scale texture mage ssgmentation al-
gorittm based on Contourlet transfom-CFTM Psegwas proposed based on FTIM P, and its effectivenesswas proven by quanti-
tative and qualitative experiments
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Table2 The canparison of the ssgnentation performance

1 2 3 4

(a 774 75 3 91 6 91 9
(b) 69 1 91 4 9% 8 9% 8
(o 45 2 47. 9 2 1 91 4
(d) 66 7 72 3 97. 8 97. 0
(e) 85 3 82 6 93 0 91 8
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