Practical classification method for birdsong with variable note sequences

and its application to the whole day recordings
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Classifying notes in the songs with as little human effort as possible.

Goals Characterizing hour-scale modulation in the note sequence pattern.
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(Ave.xsd over 3 birds)
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Modeling of transition probabilities at branch points
Motif: frequently appearing sequence pattern
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Estimation of the transition probability
by the moving average of the motif frequencies
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w: window width
n: # of occurrence of a motif

Branch points in motif sequences
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Result summary branches branches transitions transitions
Bird A 5 5 12 5
Bird B 2 2 4 0
Bird C 2 1 4 0




