
est match value corresponds to the structure of the music at the
given location within the part similarity matrix.

Using chroma at the `set accented tone' locations within the
music signi�cantly reduces the amount of data required to pro-
duce a structural segmentation. This reduced representation of
the music also �lters out musical variation which can affect the
process of determining which parts are equivalent. The approach
presented here was tested on a database of 30 sets of Irish Tra-
ditional tunes. The results of the approach presented here were
compared with a similar approach toward detecting tune change
locations within a set of Irish Traditional tunes by testing on the
same database of Irish Traditional music. When a tolerance of
1 second between automatically detected tune changes and hand
annotated tune changes is used, the approach presented here per-
forms signi�cantly better than a previous approach toward the
same goal. For this approach, increasing the tolerance window
will not result in an increase in performance as tune change lo-
cation times are calculated using part locations and are not cal-
culated on a scale which is sensitive to increments of less than
the length of a part.

The approach presented in this paper relies on correctly calcu-
lating the amount of `set accented tones' per part (SATpp). If this
value is calculated incorrectly, the resulting part similarity ma-
trix will not accurately re�ect the parts which are present within
the set of Irish Traditional tunes. Consequently, it would not
be possible to identify the correct tune change locations or de-
termine the correct semantic part labelling. This approach also
relies on the accuracy of the beat tracker in order to correctly
identify the `set accented tone' locations.

Future work will aim to combine the approach presented here
with the approach presented in [4] to identify tune change loca-
tions within a set. Firstly, the method detailed in [4] would be
used to determine the tune change locations. If there are tunes
present within a set that are not present within the pre-existing
database used in [4] the tune change locations cannot be calcu-
lated using this method. In this case, the approach presented in
Section 4 would be used as an alternative, as there is no pre-
existing knowledge required of the particular tunes within the
set for this approach.
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