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MAGE SEGVM ENTATION BY SPECTRAL CL USTERING
ALGORITHM W ITH SPATIAL COHERENCE CONSTRA INTS

JA Jian-Hua, JKAO Li-Cheng
(Key L aboratory of Intelligent Perception and mage Understanding of M inistry of Education of China, Institute
of Intelligent Infomation Processing, Xidian University, Xi’ an 710071, China)

Abstract: Recently, sectral clustering algoritbm has a wide gpplication in pattem recognition and image segmentation

Campared with traditional clusteringmethods, it can cluster samples in any fom feature gpace and has a global optmal ©-
lution By starting fram the equivalence between the pectral clustering and weighted kemel K-means, a ectral clustering
algoritm with gatial coherence property of mageswas proposed By adding a tem of gatial constraints o the objective
function of weighted kemel K-means, the algoritm made theminimization of objective function be equivalent to the pectral
clustering goproximatly Experimental results shov that our proposed algoritm outperfoms the traditional pectral cluste-
ring in image segnentation
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32 SAR Fig 2 Segmentation of synthesis texture (4-class) (a) o-
riginal image (b) real segmentation (c) FOM (accuracy:
AR , 88.214%) (d) FOM_2 (accuracy: 91 876%) (€) KFQM

_ S (accuracy: 95 432%) (f) original ectral clustering
(Ncut) (accuracy: 93 805%) (g) ectral clustering with
satial constraints(accuracy: 96 400% )
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Fig 1 Segnentation of synthesis texture (2-class) (a) original . AR
image (b) FOM (c) FOM _& (d) KFQM _S2 (e) original spec-
tral clustering(Ncut) (f) proposed algoritm ( 5(a) ), : )
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Fig 3 The sensitivity analysis of paraneters (SC
represents pectral clustering and SC_S represents
gectral clusteringwith spatial constraints) (a) ac-
curacy of segnentation vs penalty factor (b) ac-
curacy of segmentation vs size of neighborhood
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Fig.4 Segmentation of SAR image (SAR1) (a) original image
(b)FCM (c¢)FCM_S2 (d)KFCM_S2 (e)original spectral clus-
tering( Ncut) (f)spectral clustering with spatial constraints
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Fig.5 Segmentation of SAR image (SAR2) (a)original image
(b)FCM (¢)FCM_S2 (d)KFCM_S2 (e)original spectral clus-

tering( Neut) (f)spectral clustering with spatial constraints
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Tablel TheCPU time of the different algorithm o 9

Favi FOM & KFKM & S S S
6 820 108 657 116 414 23 572 119 510
10, 797 123 922 136 594 24. 032 120 313
AR1 9 500 124, 437 135 062 30 860 121 525
AR2 8 820 126. 541 136. 695 20. 047 88 468
4
K- , K-
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