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Clustering algorithm of Gaussian mixture models based on
density peaks
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Abstract: To deal with the problem that Gaussian Mixture Models (GMM) clustering algorithm is sensitive to initial value and
easily fall into local minimum, the advantage of using the Density Peaks (DP) algorithm to have a strong global search capability is
applied to the GMM algorithm. The initial clustering center was optimized, and a Clustering algorithm of Gaussian Mixture Models
based on Density Peaks (DP-GMMC) was proposed. Firstly, the clustering center was searched by the density peaks algorithm to obtain
the initial parameter of mixed model. Then, the Expectation Maximization (EM) algorithm was used to iteratively estimate the
parameter of the hybrid model. Finally, the data points were clustered according to the Bayesian posterior probability. In the Iris data
set, the clustering accuracy of the DP-GMMC algorithm could reach 96.67%, compared with the traditional GMM algorithm to solve
the dependency on the initial clustering center, the accuracy was increased by 33.6%. The experimental results show that DP-GMMC
algorithm has good clustering effect in low-dimensional datasets, and it is of great significance for accurate clustering of data.
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Fig.4 The relation of clustering number and CH/DB
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