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Application of New Local Watershed Model in Image Segmentation

Liu Haitao', Di Lan', Liang Jiuzhen®

(1. College of Digital Media, Jiangnan University, Wuxi, 214122, China; 2. College of IoT Engineering, Jiangnan University,
Wuxi, 214122, China)

Abstract; In order to improve the ability of image segmentation to grasp significant areas, an algorithm
based on grid local watershed method and fuzzy C-means (FCM) is proposed by combing super pixel
thoughts and watershed algorithm. The algorithm first partition an image into non-uniform grids accord-
ing to the variance. For each grid, watershed algorithm is applied with the best gradient threshold to re-
duce the loss of local information in global watershed. In this way, the significant basins of each grid are
extracted. Through regional integration and mean normalization of each area, FCM clustering considering
the size of each region is used to get the final segmentation image. Experimental results show its great
robustness against noise. In addition, the algorithm can effectively eliminate the interference regions and
segment the significant regions of images with a low time complexity.

Key words: super pixel; grid; watershed; regional integration; fuzzy C-means
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Fig.2 Local watershed images
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Fig. 3 Regional integration images
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Fig. 4 The first group of synthetic images with noise
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Fig.5 The second group of synthetic images with noise

rrrrrrirird

(a) 0. 03%};(** H%F' ﬂ (b) FCM " (c) KWFLICM  (d) AXHZ () 0.03 .m,ﬂ;ﬁﬂ%fn (f) FCM ' (2) KWFLICM  (h) A&k
(a) Image with  (b) FCM (¢) KWFLICM (d) Proposed  (e) Image with ) FCM (g) KWFLICM  (h) Proposed
noise algorithm noise algorithm

6 45 3 415 mim g s A

Fig. 6 The third group of synthetic images with noise
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Fig. 7 The first group of natural images without noise
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Fig.8 The second group of natural images without noise

(d) AICH %



266 HIEREEH LA Journal of Data Acquisition and Processing Vol. 33,No. 2, 2018

(a) RE (b) FCM (c) KWFLICM (d) A CHEE
(a) Original image (b) FCM (¢) KWFLICM (d) Proposed algorithm

K9 553 4B R ToME KB

Fig. 9 The third group of natural images without noise
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Fig. 10 The fourth group of natural images without noise
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Fig. 11 The fifth group of natural images without noise
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Fig. 12 The first group of natural images with noise
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Fig. 13 The second group of natural images with noise
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Fig. 14 The third group of natural images with noise
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Fig. 15 The fourth group of natural images with noise
HAA B & IF B HIBCR W B0GE . AU BAREE & 7GR B HLE R RN 1 5] %

I B3 52 % 2 L 9 A R AR 3R AT () I 8 Ja 3 o K e 30 23 3 JRE L AR AR s 22 S P et O B C
PRI I AL 58 FCM 3 12 L H 5 KWEFLICM 533 A0 Lot B2 B2 o5 0 %



268 HIEREEH LA Journal of Data Acquisition and Processing Vol. 33,No. 2, 2018

(a) s (b) FCM (c) KWFLICM (d) A3CHE
(a) Image with noise (b) FCM (c) KWFLICM (d) Proposed algorithm

B 16 45 5 4 @R | 4%

Fig. 16 The fifth group of natural images with noise
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