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Figure 7. Classi�cation accuracy using temporal informa-
tion. Row labels: True class. Column labels: Estimated
class. Average accuracy: 72.9%.

mation using a multiresolution gamma �lterbank which
parameterizes each temporal dictionary atom by its most
prominent attack times and decay rates. Like the cortical
representation, the spectral and temporal dictionary atoms
generated by NMF provide a complete timbral representa-
tion of musical sounds. However, unlike the cortical rep-
resentation, each of these dictionary atoms typically rep-
resent an individual musical note, thus facilitating music
instrument recognition further.

We have already begun an investigation of the proposed
method for both solo melodic excerpts and polyphonic mix-
tures. Also, because the proposed method classi�es each
individual NMF atom by instrument, we are investigating
the use of the proposed method for source separation by
grouping, emphasizing, or removing atoms that correspond
to chosen instruments.
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