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The Gaussian Mixture Model Clustering of Medical Image
Based on Initialization of Approximate Density Function
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Abstract: The performance of EM algorithm heavily depends on the initial values of the parameters in EM. In this paper,
The approximate density function is adopted to initialize EM. The method estimate samples by the approximate density
function and statistics mixturerate, mean value,and covariance. The application of these parameters in analysis of Gaus-
sian Mixture Desity Mode based on real human abdomen medical images and the results of experiments show that it can

achieve better effect than Kmeans and random initialization.
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D read a medical image G;

@ proprocess G;

® p = select samples from G by random sam-
pling;

@ Compute density f Pus(p);

® Compute gradient Af 2, (p);

® Search for attractor p * of p by hill — climb-
ing scheme directed by gradient at p;

@ if FRus(X* >£)>£ do begin

mark p, p * and all points on the way of
searching to cluster attracted by p * ;

@ write z,y andto J Za (X)) cluster feature
database;

@ end

@ else

(2 mark all point fromptop * as no — cluster;

@ for each marked point in G do begin

(% replace related pixel attribute in G by mark
pixel;

@® rebuit image G’ ;

@® end

@ end

(® n= classdata/total samples;

@ compute classmean o

@ compute classdatacovariance 2;

Dif(6>0&&E>0&&nr>0) do EM algo-
rithm;

@ save finalrate finalmean and finalcovariance;

@ clustering medical image by Gaussian mixture
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model;

@ show clustering result.
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