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Global Covariance based Principal Component Analysis for Speaker Identification

R IR
Seo, Changwoo * Lim, Younghwan

ABSTRACT

This paper proposes an efficient global covariance-based principal component analysis (GCPCA) for speaker
identification. Principal component analysis (PCA) is a feature extraction method which reduces the dimension of the
feature vectors and the correlation among the feature vectors by projecting the original feature space into a small
subspace through a transformation. However, it requires a larger amount of training data when performing PCA to find
the eigenvalue and eigenvector matrix using the full covariance matrix by each speaker. The proposed method first
calculates the global covariance matrix using training data of all speakers. It then finds the eigenvalue matrix and the
corresponding eigenvector matrix from the global covariance matrix. Compared to conventional PCA and Gaussian
mixture model (GMM) methods, the proposed method shows better performance while requiring less storage space and

complexity in speaker identification.
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Figure 1. Projection of the global covariance based PCA in 2D space
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