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Similarity measure method of Gaussian mixture model by,
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Abstract: To improve the computation efficiency and effectivendsssof the simildrity measure method between two Gaussian
Mixture Models ( GMM), a new measure method was proposéd/by mefins of integrating symmetrized Kullback-Leibler
Divergence (KLD) and earth mover’s distance. At first, \the\KI divergenee Between Gaussian components of the two GMMs to
be compared was computed and symmetrized for Constru¢ting thegehrth, distance matrix. Then, the earth mover’s distance
between the two GMMs was computed using lineat Progfamming afid it'wés used for GMM similarity measure. The new measure

method was tested in colorful image retrieval J/The €xperimesital Yesults show that the proposed method is more effective and

efficient than the traditional measure methods,
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