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Single Gauss Model Set Based MAP Data Imputation
Method for MeRFrequency Filte2Bank
Vectors of Chinese Speech
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Abstract:  Single Gauss Model set based Data Imputation ( SGMDI) method is developed to recover MeR frequency filte2 bank
vectars of Chinese speech. Experiments are carried aut to study how SGMDI method improves Automatic Speech Recogntion ( ASR)
system s robustness against additive noise. Experimental results show that SGMDI method can improve phoneme comrection of all kind
of phonemes. Especially for unvoiced phanemes, which are easily distorted by addtive noise, phaneme carection will be significantly
mproved. Thus, ASR sysem. s robustness against addtive nose can be greatly mproved by SGMDI methad.
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