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Adaptive spectral clustering algorithm

BU De-yun, ZHANG Dao-qiang "
(Department of Computer Science and Engineering, Nanjing University of Aeronautics and Astronautics,

Nanjing 210016, China)

Abstract: Spectral clustering has been used to identify clusters that are non-linearly separable in input space, and usually outper-
forms traditional clustering algorithms. However, the performances of spectral clustering are severely dependent on values of the
scaling parameter. In this paper, an adaptive spectral clustering (ASC) algorithm was proposed based on traditional spectral clus-
tering, which can choose the scaling parameter automatically by using techniques similar to kernel selection. The new algorithm
was compared to existing parameter selection based spectral clustering algorithms on both synthetic and UCI data sets, and the ex-
perimental results validate the effectiveness of the proposed algorithm.
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Table 2 Comparisons among different algorithms on Toy datasets
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Table 4 Comparisons among different algorithms on UCI datasets
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