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Abstract

Although many mathematical and signal-process-
ing tools exist, detection of sperm whales based
on their sound recordings proves somewhat dif-
ficult. This paper presents some of the advantages
of the wavelet transform and the spectrogram in
analyzing sperm whale clicks. The coefficients of
the wavelet transform and the short-time Fourier
transform are used to provide a representation of
the intrinsic characteristics of the sound emis-
sions of the sperm whale. For detection, we pro-
pose a new parameter—Short-Time Windowed
Energy—that characterizes the particular shape in
the time-frequency/scale domain of sperm whale
clicks. This paper illustrates the resistance to noise
of this parameter. In addition, thanks to new pro-
cessors, this algorithm, which was once lengthy
in calculation time, can be integrated easily in a
real-time system.
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Introduction

Visual observation is a widely used technique for
analyzing the behavior of marine mammals; how-
ever, this requires that the animals be present at
the water surface—a trait that is not typical of the
behavior of the sperm whale (Physeter macroceph-
alus), which tends to swim in very deep waters (>
2 km), rarely rising to the surface (< 10% of the
duration of a complete dive).

Various methods can be used to track the
sperm whale. Electronic sensors can be fixed on
the animal’s back (Zimmer et al., 2003), and an
active acoustic sonar can be used; however, it is
possible that these approaches could perturb the
animal and consequently alter its behaviour. An
alternative method consists of passively record-
ing the signals emitted by the sperm whale. Much
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information can be attained regarding its detection,
identification, and trajectory. These are some of
the subjects of interest to cetologists (Watkins &
Schevill, 1977; Whitehead & Weilgart, 1990; Goold
& Jones, 1995; Goold, 1996; André & Kamminga,
1999; Jaquet et al., 2001; Zimmer et al., 2003).

One of our research areas focused on time-fre-
quency analysis based on parametric models such
as the generalized Schur algorithm (Zarzycki,
2004). This paper contributes towards further
research regarding detection of the sperm whale.
In it, we introduced the definition of a new param-
eter—Short-Time Windowed Energy (STWE)—
which results from the comparative study of two
different approaches used to deduce the presence
of the animal: (1) the spectrogram and (2) the
wavelet transform (Gordon, 1991; Mellinger &
Clark; 1993, Dougherty, 1999; Lopatka, 2002).
The performances of these approaches are com-
pared (Adam et al., 2005), with special attention
given to their resistance to noise.

Time-Frequency Representation of the Clicks
Emitted by the Sperm Whale

For the purpose of this study, signals were
recorded onboard the CIRCé€ research ship, Elsa,
during the scientific experiment organized in May
2003 by the Centre d’Etudes Biologiques de Chizé
(CEBC-CNRS, France) in the Strait of Gibraltar.
At that time, we observed three sperm whales. We
used HC2000 Vinci-Technology hydrophones,
with a 80Hz — 22 kHz band pass. The data were
sampled at 44.1 kHz and coded by 16 bits. We
used a 2nd order highpass filter (1 kHz) to attenu-
ate the ambient noise coming largely from ships
nearby.

Signals emitted by sperm whales have particu-
lar characteristics (cf. Figure la). They are non-
stationary, brief, transitory, and have a large spec-
tral band (cf. Figure 1b). These characteristics can
obstruct the use of some estimators, particularly
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in the quest to obtain a satisfying time-frequency
representation.

Spectrogram of the Fourier Transform
The advantage of this approach is the ease of
its implementation in software. The short-time
Fourier transform is obtained through fast cal-
culation. In our studies, we used the well-known
split radix method to reduce the calculation time
(Vetterli & Duhamel, 1989). Moreover, its time-
frequency representation is very simple to inter-
pret (cf. Figure 1b). Nevertheless, this technique
has some drawbacks when used with sperm whale
clicks. First, its transitory and brief signal makes
the choice of the weighted time window difficult
(Lopatka, 2002). Fixed a priori, its length will be
systemically suboptimal. The compromise was
to use either temporal resolution or frequency
resolution, but not both simultaneously. For our
purposes of detection, we chose to use temporal
resolution. We used Kaiser’s time window with
length 1.43 ms, 3 =5, and each sample overlap-
ping to obtain the finest time resolution (Haykin,
1994). Increasing the value of parameter 3 widens
the main lobe and decreases the amplitude of side-
lobes (with 3 =5, attenuation = 54 dB).

Please note that for all figures, white represents
minimum and black represents maximum values.

For the detection problem, we selected the
representative frequency range and defined the
parameter, which is calculated as follows:
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with b. the short-time Fourier transform coef-
ficients, f the frequency, f1 and f2 the frequency
range of the click’s spectrum, 7. the sampling
period, and / the time resolution.

Wavelet Transform

The wavelet transform is based on functions lim-
ited both in time and frequency (Mallat, 1988;
Daubechies, 1994; Strang & Nguyen, 1996;
Bialasiewicz, 2000) in place of the complex expo-
nential kernel of the Fourier transform.

For this study, we used the Daubechies15 wave-
lets chosen empirically from our dataset. These
wavelets are orthogonal and without analytic
expression. The continuous wavelet transform of
the signal x(7) is calculated as follows:

X (a,h)= [:x(t)%xp*(’; ”]dt
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with X.. () the wavelet coefficients, a > 0 the dila-
tation coefficient, and b € ‘R the shifting term.

In our particular case, the main advantage of
the wavelet transform was that the length of the
temporal window is adapted to the analysed
frequency.
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Figure 1. (a) Waveform of a typical sperm whale click;
(b) spectogram of this click; and (c) wavelet transform of
this click
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In addition, the wavelet transform provided a
time-scale representation (cf. Figure 1c). This
“fanning out” shape is characteristic of brief rect-
angular signals such as those emitted by the sperm
whale.

Additionally, we can extract pertinent informa-
tion from the coefficients of the wavelet trans-
form. These parameters can be used to substan-
tially reduce noise (Daubechies, 1994). Most
importantly, these parameters can be used for
deciphering the exact time the click emitted by
the sperm whale clicks was recorded. To isolate
this moment in the continuously temporal record-
ing, we defined STWE for the continuous wavelet
transform as

ky
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with ¢. the wavelet transform coefficients, s« the
scale, ki and k- the scale range of the click’s wave-
let transform, 7. the sampling period, and / defin-
ing the time resolution.

Detection Algorithm

STWESsrr and STWEwr were used for detecting the
presence of sperm whale clicks in continuously
recorded signals. For both cases, . . .

e the resulting STWE signal was divided on win-
dows of 4,000 samples (for the frequency sam-
pling 44.1kHz, it is possible to have no more
than several clicks in one window).

» each window was analyzed for searching maxi-
mum relative values bigger than a given thresh-
old or higher than some value proportional to
the mean value of STWE.

e the InterClick Interval (ICI) was the time
between two successive clicks, calculated from
the maximum instantaneous pressure peak of
one click to the next; it characterizes the rhythm.
ICI was used to limit the maximum number of
clicks in each window. This parameter avoids
taking into account direct echoes of the click
(from the sea surface or from the sea bottom).
The apex of the STWE curves (cf: Figure 2b

and 2c) illustrated the exact time when the sperm

whale click was recorded. The width represents
the duration of the click.

Figure 2 shows the relative STWE amplitude
that we used for detecting the sperm whale click
presence. Note that the STWEwr shows close
results (compared with STWEsr) while the two
clicks vary for a constant signal-to-noise ratio.

Results and Discussion

The statistical variability of the clicks is taken into
account by considering the successive clicks in
the recorded signals. Sperm whales emit repetitive
clicks for the duration of their dive (except right
before surfacing); therefore, it is easy to calculate
the ICI during the recorded signal. We should note
that the spectrum of sounds emitted by the sperm
whale varies in relation to the individual whale, its
behavior and sex (different types of clicks), and
its distance from the hydrophone (Gordon, 1991;
Dougherty, 1999; Jaquet et al., 2001; Lopatka,
2002). For this reason, we normalize (in a shift
short-time window) these ranges of scales and
frequencies of successive clicks to minimize the
effect of variability, especially for the detection of
clicks emitted by the same sperm whale.

After presenting the advantages and drawbacks
of these two methods, we will now compare their
resistance to noise. We added white noise to the
recordings, and the SNR varied between 15 dB and
-10 dB. We then compared the deterioration of this
time-frequency representation in both the Fourier
estimator and the wavelet transform when the
SNR diminishes (cf. Table 1). The time frequency
obtained for signals with SNR = 15 dB served as a
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Figure 2. (a) Recorded signal with additional gaussian
white noise (SNR = -10dB), containing two clicks;
(b) detection with STWEwr; and (c) detection with
STWESTFT
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reference. Then, we compared the results obtained
when the SNR decreased.

Table 1. Deterioration (%) of the time-frequency
representation with the SNR

SNR (dB) 15 10 5 0 -5 -10
STFT 100 85 67 48 28 9
WT 100 90 78 69 56 46

The spectrogram based on the Fourier trans-
form is less resistant to noise (c¢f. Table 1); in the
presence of significant noise, it is difficult to ven-
ture conclusions from the results. Because of the
fixed resolution on time-frequency representation,
the detection was more difficult, and the positions
of the apex are less precise. In addition, the use of
a threshold presents some drawbacks, particularly
when the signal-to-noise ratio weakens.

With the wavelet transform, we filtered the
noise contained in this signal by choosing to use
only the first four coefficients (high frequencies),
representing signal information. The STWEwr
gave the same results as obtained without the pres-
ence of noise. The maximum of the STWEwr curve
remains the same, and we can continue to detect
the presence of the sperm whale.

We performed the Receiver Operating Char-
acteristic (ROC) curves for our two detectors to
show their performances (Figure 3). Note that the
STWEwr was more robust, giving the better results
as STWEsrr. The best result obtained was a hit
probability of 97% and the probability of false
alarm of 4.5%.
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Figure 3. ROC curve of the two detectors (STWEw- circles
and STWEsr - squares)

Conclusions

This paper presents two different methods used
to compare the results obtained using the sperm
whale signals recorded in the Strait of Gibraltar.

We present the advantages of each method
using the wavelet transform as the results obtained
prove promising for the detection of the sperm
whale click in a continuous recording. In so doing,
we used two parameters from the coefficients of
the Fourier transform and the wavelet transform.

These results showed that we can choose defini-
tively the STWEwr for contributing to the automatic
sperm whale detection. Wavelet analysis provides
an attractive alternative sperm whale click detec-
tion approach that is more robust to noise than tra-
ditional STFFT detection processing.
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