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Textured Image Segmentation
Using Marker Clustering in Watershed Transform
Jin Ho Hwang

Department of Computer Engineering, The Graduate School,

Pukyong National University

Abstract

Image segmentation which-partitions an image “into different regions each having
certain properties is _da principal technology for image analysis in various application
fields. The higher level application demands that it partitions more complex textured
regions. Generally, the solutions consist of  ‘Texture measurement-Segmentation
method’ and the main issue is how to integrate texture having multi-feature. In the
point of view, clustering supplies superior segmentation performance without
complex processing. But  the application is restricted because of its higher
computational complexity and typical errors from partition. In this thesis, marker
clustering for minimizing them 1is considered. In- marker-controlled watershed
transform, it regards a. marker -as a marking about -interest object and a start
region for extending single region. Hence-it-can minimize the complexity with the
clustering to only restricted pixels called marker. And it can reduce typical
errors from partition because the marker clustering is completed by watershed
transform. In proposed method, the markers are taken from Gabor texture
energies and are applied to FCM(fuzzy C-means) clustering. The segmentation
is completed by merging partitioned regions which were generated from all
markers in watershed transform according to cluster membership between

markers. In the experimental result with mosaic images mixture from Brodatz’



album, it improved typical partition errors and shows faster speed than previous

FCM clustering chains in the comparison of performance time.
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O,(w, y) = I, y)*g (@, y) (11)
O.(z,y): Gabor output,Z(z,y): original image,g,(z,y): Gabor filter,

1<i< N N=S5- K,.5: scale number /K : orientation number

O(l‘, y): {01($7 y)a 02($7y)7"" ON(xv y)} (12)

OPT(O($, y)) = {61 ((E, y)7 €y ((E, y)v"-v €k({E, y)} (13)
1 k

C'(.SC, y) = E’;Q‘ (557 y) (14)

k: number of optimal outputs
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4 )
# define WSHED 0 /* value of the pixels belonging to the watersheds #*/
-input: %my,, image of the labeled watersheds;

—-output: im,,e, image of the relabeled watersheds to watershed 'pixels;
-SE /+ structural elements for dilation*/
-temp /* temporary memory space having same size with @my, */
initializes tm,..:
im,, = tmy, DOE; /«first dilation*/
/* find index still being watershed */
idx = find(im,, = WSHED);
repeat dilation until ‘all watersheds are removed:
temp=1im,,;
while(true){
temp = tempDSE
/* if all watersheds are removed, stop */
if( find(im,, = WSHED) = none ){
break;
}

}/* relabels to the pixels were watersheds/

im,, (idx) = temp(idx);

G J

a7 7 geHsts wEe o8 7 MA

Figure 7. Removing watershed with morphological dilation.
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Table 1. Experimental environment.

29 87 R
dE AR 2,5 7, 9tA- A = d 9%
I 271 256(w)x%256(h)
7tR e AA AA gL g6, AA =AY S04, Uy 04, Ui 0.05
FezE 0 AW G4 238 Ao F
FCM 4 A
HAA ZbwA AF m: 2, Al T8 & A 1e-6
CPU: Intel Pentium 4 3GHz RAM: 1GB
718 87
OS: Window XP, Programming Tool: Matlab
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(e) Region merging (sRprocessing

a7 9. 57tx A& ddo et 2f chAE Ant

Figure 9. Stepwise results for the image having 5 textures.
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(b) Features=(scale=4, orientation 3-6), 11x11 mean operation
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(¢c) Features=(scale=4, orientation-3=6), 11x11 mean operation, 7=0.5.

ag jo. 2 2 23 (a) LAWS-FCM (b) GABOR-FCM (c) Ml etst 7| &
Figure 10. Results with (a) LAWS-FCM (b) GABOR-FCM (c) Proposed
method.
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Table 2. Previous chain methods using another clustering.

Used method

Texture measure Clustering
Reference
[6] Moment Square-error
[N N K-means
(Gaussian Markov random fields)
[9] Gabor filter KIF(K-means lterative Fisher)

i
;

PR

[

(a) (b) (c)
ag 11. (a) (618 ME A4k (b) [6]el A" A (¢c) Meotst 7| el Axf
Figure 11. (a) Sample image in [6], (b) Result image in [6], (c) Result image in
proposed.
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X 3 FCM A 7l<= b 3 AZF vl (39 %)
Table 3. Time performance comparison between FCM chains.

Chain method
LAWS-FCM GABOR-FCM Proposed Chain
Image Type
2 Texture Image 5.01 8.09 17.31
5 Texture Image 16.41 15.52 12.06
7 Texture Image 21.07 31.27 16.53
9 Texture Image 45.22 25.28 15.59
Total average time 17.54 16.03 15.37
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