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Performance Improvement of Speaker Recognition by MCE-based
Score Combination of Multiple Feature Parameters
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Abstract In this thesis, an enhanced method for the feature extraction of vocal source signals and score
combination using an MCE-Based weight estimation of the score of multiple feature vectors are
proposed for the performance improvement of speaker recognition systems. The proposed feature vector
is composed of perceptual linear predictive cepstral coefficients, skewness, and kurtosis extracted with
lowpass filtered glottal flow signals to eliminate the flat spectrum region, which is a meaningless
information section. The proposed feature was used to improve the conventional speaker recognition
system utilizing the mel-frequency cepstral coefficients and the perceptual linear predictive cepstral
coefficients extracted with the speech signals and Gaussian mixture models. In addition, to increase the
reliability of the estimated scores, instead of estimating the weight using the probability distribution of
the convectional score, the scores evaluated by the conventional vocal tract, and the proposed feature
are fused by the MCE-Based score combination method to find the optimal speaker. The experimental
results showed that the proposed feature vectors contained valid information to recognize the speaker.
In addition, when speaker recognition is performed by combining the MCE-based multiple feature
parameter scores, the recognition system outperformed the conventional one, particularly in low
Gaussian mixture cases.
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Table 1. Different techniques of speaker recognition
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Fig. 1. Block diagram of the proposed speaker recognition system
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