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Abstract

The similarity between the samples based on Euclidean distance measurement can not reflect the
probability distribution characteristics of the samples, especially the sample clustering with mul-
ti-peak distribution, and the Euclidean distance has a large deviation. In addition, the k-means al-
gorithm widely used in the class often produces unstable clustering results due to the randomness
of the initial center. In this paper, a similarity measure method which can reflect the probability
distribution of the sample is proposed for the similarity measure. On this basis, the k-means algo-
rithm in spectral clustering is improved, and a method is proposed for the initial center adaptive
setting method. The experimental results show that the proposed algorithm has better clustering
effect than the traditional spectral clustering in the artificial data set and the UCI real data set.
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Figure 1. The original datasets
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Figure 2. Contrast of four algorithms on synthetic datasets TwoS
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Figure 4. Contrast of four algorithms on synthetic datasets circle data
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