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Image Contrast Enhancement using K-means Algorithm

Dong-Jun, Kim

Dept. of Control & Instrumentation Engineering,

Graduate School, Korea Maritime University

Abstract

Contrast enhancement has an important role in image processing applications.
Conventional contrast enhancement techniques either often fail to produce
satisfactory results for a broad variety of low-contrast images, cannot be
automatically applied to different images. Because their parameters must be
specified manually to produce a satisfactory result for a given image. So, this
paper proposes a new contrast enhancement method based on the K-means
algorithm. This method is to cluster the histogram components of a
low—contrast image using K-means algorithm. And then these -clustering
histogram components are stretching and equalizing. From the experimental
results, the proposed method was more effective than conventional contrast

enhancement techniques.
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comet
36.88
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30.08
52.71

Europa
43.37
47.76
21.17
53.27

Phobos
28.33
28.33
23.37
52.85

City
18.58
20.78
42.66
43.22
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Table 5.1 Average gray-level distance
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