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ABSTRACT

This paper is proposed a robust various feature parameters in noise. Feature parameter
MFCC(Mel Frequency Cepstral Coefficient) used in conventional speech recognition shows good
performance. But, parameter transformed feature space that uses PCA(Principal Component
Analysis)and ICA(Independent Component Analysis) that is algorithm transformed parameter
MFCC's feature space that use in old for more robust performance in noise is compared with
the conventional parameter MFCC’s performance. The result shows more superior performance
than parameter and MFCC that feature parameter transformed by the result ICA is transformed
by PCA.
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Fig. 1 Production of MFCC
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IIl. Principal Component Analysis
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IV. Independent Component Analysis
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