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Most existing work in automatic bird species identification
from audio recordings has assumed a single species Is
present. We explore two approaches to identifying multiple
concurrent bird species from an audio recording .

ldea 1: 1) estimate pitches contours of all birds; 2) separate
sources by harmonic masking; 3) classify separated sources
with a classifier trained on single-species recordings
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Feed a mixture of multiple birds (no source separation) to a
multi-label classifier chain [2] built from binary classifiers
trained on single species recordings.
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797 mixtures were created from individual bird song
recordings of 10 different species [3].
« 111 2-species, 311 3-species, and 375 4-species mixtures;

« contains little noise;
* mixed with equal root-mean-square power.

YIN Pitch-Based Source Separation

For each bird, a time-frequency mask is built by allowing
In energy at the harmonics of the fundamental
frequency returned by the pitch tracker.

Apply this mask to the mixture spectrogram to separate
out an individual bird’s signal.

Example time-
frequency
mask of a
recording of
two birds.
White pixels
Indicate bird 1.
Black pixels
are bird 2.
Gray are
background.
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NOTE: In this study, we wanted to examine the best-
case scenario for recognition from audio using pitch-
track-based separation. Therefore, rather than apply a
multi-pitch tracker to the mixture, pitch contours of
each bird are tracked from the original single-bird
recordings, prior to mixing. This was done with YIN [1].
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