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Digital image clustering based on improved k-means algorithm
GAO Xi, HU Zi-mu”~
(University-Town Hospital of Chongqing Medical University ,Chongqing 401331, China)

Abstract: For the mass image clustering problem, the improved k-means algorithm is proposed and
applied to the color image clustering. The algorithm consists of intraclass-interclass distance weighted
k-means algorithm and nearest neighbor propagation clustering algorithm. In the experiment, the LBP
map of the luminance component of the color image is reconstructed into a row vector and then consti-
tutes a sample set. The improved k-means algorithm proposed in this paper is used to cluster the sam-
ple set. The experimental results show that the proposed method achieves higher clustering accuracy
than the traditional methods in the evaluation indicators commonly used in multiple clustering meth-
ods. At the same time, the method is more efficient than traditional methods.

Key words: digital image; k-means clustering; LBP feature
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