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Dynamic cluster algorithm for Gaussian
mixture parameter estimation

WANG Ping-bo, CAI Zhi-ming, LIU Wang-suo
(Electronic Engineering College, Navy Engineering University, Wuhan 430033, China)

Abstract: Probability density of non-Gaussian processes can be well fit by Gaussian mixture model whose
parameters can be estimated through the dynamic clutter algorithm that is a recursion on the principle of
minimum mean-square deviation. All possible boundaries of each clutter are forward-derived. Since the right
boundary of final clutter is determinate, boundaries of previous clutters can be recurred backwards one by
one. Thus the Gaussian mixture parameters are estimated. After descriptions of the model and the estima-
tion problem, dynamic clutter algorithm for Gaussian mixture parameters is obtained. Its essential ideas and
applicability are discussed in detail. A numerical example is presented to study the performance of estim-
ation.
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Table 1 Performance of DC algorithm
(500 experiments) ( ) !
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&1 0.7 0.699 3 1.0308e- 4 ' PDF ‘
& 0.3 0.300 7 1.0308¢- 4 DC
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M1 50 50.004 3 4.1046e- 2 GM
L% 9 8.9755 1.1575€- 1 L . ’
o7 25 24,949 8 2.0452e+0 !
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