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Error Sampling Based Nystrom Spectral Clustering Image Segmentation
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Abstract Spectral clustering is based on the similarity of data but the similarity matrix is complex and the calculation process of
Laplacian characteristic decomposition is very time-consuming.The Nystrom extension method approximates the original feature space by
sampling which reduces the computational complexity of spectral clustering effectively. A new sampling method is presented in this
paper which is based on the features of image and Nystrém error analysis. First uniform sampling is used to generate a set of cluster
centers; then the error between data and centers is minimized by iteration.Finally experiments verify the feasibility and effectiveness of
the method.
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