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Emotion Robust Speech Recognition using Speech Transformation
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Abstract

This paper studied some methods which use frequency warping method that is the one of the speech transformation
method to develope the robust speech recognition system for the emotional variation. For this purpose, the effect of
emotional variations on the speech signal were studied using speech database containing various emotions and it is
observed that speech spectrum is affected by the emotional variation and this effect is one of the reasons that makes
the performance of the speech recognition system worse. In this paper, new training method that uses frequency
warping in training process is presented to reduce the effect of emotional variation and the speech recognition system
based on vocal tract length normalization method is developed to be compared with proposed system. Experimental
results from the isolated word recognition using HMM showed that new training method reduced the error rate of the
conventional recognition system using speech signal containing various emotions.
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Fig. 1. a robust training method for emotional variation
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