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Magnifying Block Diagonal Structure for Spectral Clustering
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ABSTRACT

Traditional clustering methods, like k-means or fuzzy clustering, are prototype-based methods which
are applicable only to convex clusters. On the other hand, spectral clustering tries to find clusters only
using local similarity information. Its ability to handle concave clusters has gained the popularity recent
years together with support vector machine (SVM) which is a kernel-based classification method.
However, as is in SVM, the kernel width plays an important role and has a great impact on the result.
Several methods are proposed to decide it automatically, it is still determined based on heuristics. In
this paper, we proposed an adaptive method deciding the kernel width based on distance histogram.
The proposed method is motivated by the fact that the affinity matrix should be formed into a block
diagonal matrix to generate the best result. We use the tradition Euclidean distance together with the
random walk distance, which make it possible to form a more apparent block diagonal affinity matrix.
Experimental results show that the proposed method generates more clear block structured affinity matrix
than the existing one does.
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