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A Watershed-based Texture Segmentation Method Using Marker Clustering

Jin—Ho Hwang*, Won-Hee Kimﬁ, Kwang-Seok I\/Ioonw, Jong-Nam Kim ™

ABSTRACT

In clustering for image segmentation, large amount of computation and typical segmentation errors
have been important problems. In the paper, we suggest a new method for minimizing these problems.
Markers in marker-controlled watershed transform represent segmented areas because they are
starting-points of extending areas. Thus, clustering restricted by marker pixels can reduce computational
complexity. In our proposed method, the markers are selected by Gabor texture energy, and cluster
information of them are generated by FCM (fuzzy c-mean) clustering. Generated areas from watershed
transform are merged by using cluster information of markers. In the test of Brodatz’' texture images,
we improved typical partition—errors obviously and obtained less computational complexity compared with
previous FCM clustering algorithms. Overall, it also took regular computational time.

Key words: Texture Segmentation(ZA##&), Fuzzy Clustering(H A 8 28 &), Marker-Controlled
Watershed(F}#-#] o] #9#3), Gabor(7}1)
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O,(z,y) = Kz,y)*g;(z,y) 1
O, (z.y): Gabor output, /(z,y): original image
9;(z,9): Gabor filter, 1<i<NN=S§. K

§ © scale number, K : orientation number

O(z,y) = {0, (z,9), G (z,y),..., Oy(z,y)} 2
OPT(O(z,y)) = {e, (T,9). ey (), - e m) } 3
Azy) = %ﬁ]ei (z,9) (4)

k: number of optimal outputs
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9] 91 vAE o3 BFFHY, w7} 2 -output: 47,.., image of the relabeled watersheds
o3k

Brlo] Q252 AAE vl T to watershed pixels;
garo) gutz Al Yot} —;S'E /* structural elements for dllatxonf/ ‘
—temp /* temporary memory space having same
size with imy, */
- initializes im,:

im,, = im,@SE; /«first dilation*/
/* find index still being watershed #/

# define WSHED 0 /* value of the pixels belongmg
to the watersheds */

~input: ¢My, image of the labeled watersheds;

={1<i<c,]l/hx(uij)>T} (10)

¢ BEHE Fe2Y 4 u, MY BE Sad) Ug
s

e o] A FeiHAd g A45F3E idz = find(im,, = WSHED);
- repeat dilation until all watersheds are removed:
temp=1im,_;

while(true){
temp = temp®SE
/* if all watersheds are removed, stop */
if( find(im,, = WSHED) = none ){

Rir+13

s
o

: e - : } break;
(@) 1249 A& fs} [+, }/* relabels to the pixels were watershed#/
(b) f+1Z25E fo] FAdel g AF7A im,, (ide) = temp(idz);
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