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Fig.1 Lip-tracking and conventional intensity normalization.
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Table 1 Recognition rate of conventional approach.
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Fig.2 Log likelihoods of HMMs for training data.
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Table 2 Effects of individual normalization.

mixl | mix2 | mix2(1—2)
initial 75.7 79.2 -
mean 75.6 79.4 79.9
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