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Geometrical View of Linear Discriminant Analysis and
Its Applications to Instrument Feature Extraction

MizuUki IHARA, ! KazusHi IKEDAT! and SHIN-ICHI MAEDA T2

Extracting only the essential sound attributes from sounds is one of the fundamental is-
sues of music information retrieval. This paper analyzes the discriminant analysis methods
and demonstrates their high applicability to the instrument identification. For monophonic
music instrument identification, various feature extraction and selection methods have been
proposed. Although raw power spectra have enough information for accurate instrument
identification, their dimensionality is too high and redundant. It is important to find non-
redundant instrument specific characteristics that maintain information essential for high-
quality instrument identification to apply them to various instrumental music analyses. As
such a dimensionality reduction method, combinations of linear projection methods is in-
troduced: principal component analysis (PCA) followed by linear discriminant analysis
(LDA) or local Fisher discriminant analysis (LFDA). Additionally, the reason why linear
discriminant analysis algorithms are suitable for instrument identification is explained by
the geometrical analysis of algorithms.
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0O 1 Basis spectrum (A) and its pitch-modulated spectrum (B) of one instrument through the instrument-specific transfer
function (C) resulted in the instrument-specific spectrum (D) and the pitch-modulated instrument-specific spectrum (E)

in the log-frequency scale
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