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A study on image segmentation for depthmap generation
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Abstract The advances in image display devices necessitate display images suitable for the user's purpose. The
display devices should be able to provide object-based image information when a depthmap is required. In this paper,
we representthe algorithm using a histogram-based image segmentation method for depthmap generation. In the
conventional K-means clustering algorithm, the number of centroids is parameterized, so existing K-means algorithms
cannot adaptively determine the number of clusters. Further, the problem of K-means algorithm tends to sink into
the local minima, which causes over-segmentation. On the other hand, the proposed algorithm is adaptively able to
select centroids and can stand on the basis of the histogram-based algorithm considering the amount of computational
complexity. It is designed to show object-based results by preventing the existing algorithm from falling into the local
minimum point. Finally, we remove the over-segmentation components through connected-component labeling
algorithm. The results of proposed algorithm show object-based results and better segmentation results of 0.017 and
0.051, compared to the benchmark method in terms of Probabilistic Rand Index(PRI) and Segmentation Covering(SC),
respectively.

Keywords : 3D display, Depthmap generation, Fast K-means based on hisgoram image segmentation, Image
segmentation, Probabilistic rand index(PRI), Segmentation covering(SC)
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Fig. 1. Example of image segmentation
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Fig. 3. Flow chart of the proposed method
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Table 1. Example result of clustering

Color space Color index Color space Color index
(L.ab) (Ciax) (L.ab) (Ciax)
(L,1,1) 1 (3,1,10) 3
(1.1.2) 1 (4,1,9) 3
(1,2,1) 1 (4,2,10) 3

(5,2,2) 4

(1,9,12) 2
(1,9,13) 2 (10,10,9) k
(10,10,10) k
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