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Step 1. GMM Fitting

(Using K-means Algorithm)
Intialize Random k GMM center M

Do : Compare Distance each M
And Update nearist Center M,
Until : (1M~ D-M™} < )

Compute Covariance Matrix 2
Using 21, M, compute P*(j| X) from(1)

Step 2. Fuzzy Entropy Minimization
(Using Gradient Descendent Method)
Intialize 0;=1/C, oa(Learning rate)
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