Uncovering audio patterns in music with Nonnegative Tucker Decomposition for structural segmentation
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Figure 4. Q1 matrix of “Come Together”, with T = 12 and B’ = 10. Grey lines: segmentation annotation.
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A Hence, Q1 is a barwise representation of the song, with musical patterns as features.

O
|

Figure 1. Chromagram of “Come Together”, by The Beatles.
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