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1. Problem Scope

•The overall problem is to investigate the application of machine listen-
ing techniques to passive acoustic monitoring (PAM), that is, detection,
classification and localisation, of marine mammals.

•Specifically we concentrate on sperm whales (Physeter macrocephalus),
who emit broadband click trains.

•The ultimate future goals of these bioacoustics tasks include

– monitoring population dynamics, abundance and distribution
– understanding individual behaviours and group interactions
– preventing harm to marine life
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Figure 1: (a) Geographical location of the Atlantic Undersea Test and Evalu-
ation Center (AUTEC) in the Tongue of the Ocean (TOTO) in The Bahamas.
(b) Satellite image of the TOTO. (c) Bathymetric chart and locations of hy-
drophones in bottom-mounted array.

2. Estimating TDOA between Hydrophone Channels

•Sparse component analysis (SCA) is interpreted and applied as follows:

1. A click map is formed by thresholding wavelet coefficients relative to the
noise floor. The TDOA between two hydrophone channels—which rep-
resents the mixing structure—of estimated direct-path clicks and their
indirect-path reflections, is estimated using a scanning sieve algorithm,
which is a type of cross-correlation between two click maps (Morrissey et
al, 2006).

2. The direct-path can be considered as one source, and the reflections as
another source, in an anechoic mixing model. Isolation of the direct-path
clicks corresponds to source estimation.
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Figure 2: (a) Typical excerpt of a vocalising sperm whale. The direct-path
clicks have larger amplitude. The indirect-path click reflections are smaller.
(b) Multiresolution reconstruction in time domain of signal shown in Fig. 2 us-
ing discrete wavelet transform (DWT). Denoising has been applied to wavelet
coefficients at each scale individually. The approximation signal (level 9a) still
contains significant low-level noise which is not easily visible at this visual
scaling.
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Figure 3: (a) Output of a scanning sieve algorithm for five minutes of recorded
audio. (b) Histogram for output of scanning sieve. In each case, two tracks
are clearly visible; one corresponds to the direct path clicks, the other to the
indirect-path reflections. Such data can be used for 3-D localisation.

3. Learning Click Structures for Classification

Figure 4: Preliminary results using data-driven, dictionary learning of click
structures are promising for classification of clicks versus background noise
(F = 0.96). In the left column are feature vectors learned on clicks; the right
column has noise atoms. This approach builds on work of Schnass and Van-
dergheynst (2010).

4. Conclusions

•Passive acoustive monitoring (PAM) for sperm whales is well represented
by the SCA framework, even when the data is noisy and voluminous.

•Other future work includes real-time, 3-dimensional localisation; shift-
invariant dictionary learning for classification; and extending this work to
towed rather than bottom-mounted hydrophone arrays.
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