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Gaussian Mixture Models Algorithm Based on Density Peaks Clustering
WANG Wei-dong, XU Jin-hui,ZHANG Zhi-feng and YANG Xi-bei

College of Computer Science, Jiangsu University of Science and Technology,Zhenjiang, Jiangsu 212100, China
Abstract Due to the existence of a large number of sample data which obey the Gaussian distribution, GMM (Gaussian mixture
models) is used to cluster these sample data and get more accurate clustering results. In general, EM algorithm(expectation maxi-
mization algorithm) is used to estimate the parameters of GMM iteratively. However, the traditional EM algorithm has two short-
comings:it is sensitive to the initial clustering center; the itera-tive termination condition of iterative parameter estimation is to
judge that the distance between two adjacent estimated parameters is less than a given threshold,which can’t guarantee that the
algorithm converges to the optimal value of the parameters. In order to overcome the above shortcomings,density peaks clustering
(DPC) is proposed to initialize EM algorithm to improve the robustness of the algorithm. The relative entropy is used as the ite-
ration termination condition of the EM algorithm to optimize the parameters of GMM algorithm. The comparative experiments on
artificial datasets and UCI datasets show that the new algorithm not only improves the robustness of EM algorithm, but also out-
performs the traditional clustering algorithm. On the datasets which obey Gaussian distribution, the new algorithm greatly im-

proves the clustering accuracy.
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Table 1 Artificial datasets
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Table 3 Clustering results of our algorithm on iris dataset
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6=0.8 20 13 11 9 5 7 4 3 3 3

Dist ~ 0.009 0.007 0.016 0.006 0.008 0.012 0.013 0.012 0.010 0.010
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Table 4 Comparative experiment on artificial datasets
P 5—0.5 5—0. 6 5=0.7 5—0.8 GMM

B & ARI Ace ARI Ace ARI Ace ARI Acc ARI Acc
flame 0.762 0.863 0.749 0. 854 0.749 0. 854 0. 749 0. 854 0.710 0. 825
Aggregation 0.997 0.996 0.997 0.996 0.997 0.996 0.997 0.996 0.987 0.983
Pathbased 0.720 0. 690 0.720 0.690 0.720 0.690 0.720 0.690 0.712 0.670
Spiral 0.496 0.349 0.496 0. 349 0.496 0. 349 0.496 0. 349 0.331 0.323
Jain 0.771 0. 868 0.771 0. 868 0.759 0. 860 0.759 0. 860 0.751 0. 845
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Table 5 Comparative experiment on UCI datasets
S DPC DF-DPC E-DPC GMM k-means B RS
e ARI Ace ARI Ace ARI Ace ARI Ace ARI Ace ARI Acc

iris 0.720 0. 887 0.561 0.727 0.862 0.933 0.856 0.866 0.660 0.825 0.982 0.986
wine 0.672 0. 882 0.756 0.916 0.672 0. 882 0.941 0.946 0. 830 0.932 0. 954 0. 960
WDBC 0.471 0. 845 0.451 0. 838 0.471 0. 845 0.875 0.933 0. 826 0.928 0. 884 0.938
Waveform 0.268 0.586 0.276 0.492 0.338 0.716 0.453 0.506 0. 254 0.501 0.468 0.533
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