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ABSTRACT

Currently, speech recognition systems have many applications such as voice command
applications, documentation by wvoice and real-time translation. Mel Frequency Cepstral
Coefficients and Hidden Markov Model are widely applied to this system. However, Mel
Frequency Cepstral Coefficient features are not robust to different sampling rates of speech signals.

This project focuses on improving feature extraction in order to obtain robust features that
are invariant to sampling rate. Thus, feature extraction method is improved by using fractal code.
The results show that this method archives effective recognition rate and tolerance to different

sampling rates.
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