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<Abstract>

Speaker Identification Using Augmented PCA
in Unknown Environments

Ha-Jin Yu

The goal of our research is to build a text-independent speaker identification system
that can be used in any condition without any additional adaptation process. The
performance of speaker recognition systems can be severely degraded in some unknown
mismatched microphone and noise conditions. In this paper, we show that PCA(principal
component analysis) can improve the performance in the situation. We also propose an
augmented PCA process, which augments class discriminative information to the original
feature vectors before PCA transformation and selects the best direction for each pair of
highly confusable speakers. The proposed method reduced the relative recognition error by
21%.

Keywords: PCA, Augmented PCA, Speaker recognition, Speech recognition.
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