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Abstract: The Gaussian mixture model-universal background model (GMM -UBM ) speaker identification system
uses the features of each frane to model and identify the characteristics of the target gpeaker but has poor
robustness to channel effects The support vector machine (SYM ) seaker identification system uses the mean
vector of each Gaussian mixture of the frame vectors to model and identify the gpeaker w ith much more robust
channel effects but w hile ignoring the characteristics of the target peaker. Testsof a combined strategy integrate
the advantages of these two systamson the N ational Institute of Standards and Technology (N IST) evaluation
oorpus show that a linear combination of the GMM -UBM system w hich had an equal error rate (EER) of 9 30%
and an SYM -EA P systan with an EER of 8 06% gave a final EER of 7 34%.

Key words eaker recognition; Gaussian mixture model-universal background model (GMM -UBM ); support
vector machine (SYM ); channel robustness
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