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Monitoring blue and fin whales summering in the St. Lawrence Estuary with passive acoustics
requires call recognition algorithms that can cope with the heavy shipping noise of the St. Lawrence
Seaway and with multipath propagation characteristics that generate overlapping copies of the calls.
In this paper, the performance of three time-frequency methods aiming at such automatic detection
and classification is tested on more than 2000 calls and compared at several levels of signal-to-noise
ratio using typical recordings collected in this area. For all methods, image processing techniques
are used to reduce the noise in the spectrogram. The first approach consists in matching the
spectrogram with binary time-frequency templates of the calls (coincidence of spectrograms). The
second approach is based on the extraction of the frequency contours of the calls and their
classification using dynamic time warping (DTW) and the vector quantization (VQ) algorithms. The
coincidence of spectrograms was the fastest method and performed better for blue whale A and B
calls. VQ detected more 20 Hz fin whale calls but with a higher false alarm rate. DTW and VQ
outperformed for the more variable blue whale D calls.

© 2009 Acoustical Society of America. [DOI: 10.1121/1.3257588]

PACS number(s): 43.30.Sf, 43.60.Bf [WWA]

l. Introduction

The Atlantic blue whale (Balaenoptera musculus) and
fin whale (Blaenoptera physalus) are listed as endangered
and of special concern, respectively, according to the
Canadian species at risk act (Canada, 2008). The Northwest
Atlantic population sizes are estimated in the low hundreds
for the blue whale and between 3500 and 6300 for the fin
whale (Perry et al., 1999; Sears and Calambokidis, 2002).
Among the threats for the survival of these species are col-
lisions with ships (Laist et al., 2001; Jensen and Silber, 2004)
and the increasing low-frequency anthropogenic noise in the
oceans (Andrew et al., 2002; McDonald et al., 2006), which
is possibly affecting mysticetes, known to produce and prob-
ably perceive low-frequency sounds (Richardson et al.,
1995; Croll et al., 2001; NRC, 2003; Simard et al., 2008; Au
and Hastings, 2008).

The St. Lawrence Estuary is an intensively used habitat
of the North Atlantic fin and blue whale populations. This
traditional feeding ground (Simard and Lavoie, 1999) is an
important whale watching area (Hoyt, 2001). It is also part of
an important North American seaway connecting the Great
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Lakes and the Atlantic. The impact that the anthropogenic
activities might have on the survival of fin and blue whales
summering in this area is not well known. Basic information
on the long-term spatial and temporal distribution of the
whales in the region is lacking but is a matter of concern.
The development of efficient methods to continuously moni-
tor the whales over the whole basin would be a contribution
to fill this gap.

The emergence of passive acoustics monitoring (PAM)
technology offers the possibility of addressing this challeng-
ing time-space distribution of whales over their extensive life
domains in the oceans (Mellinger et al., 2007). The manual
detection of the vocalizations on recordings performed au-
rally and by manual inspection of spectrograms is a long and
laborious task leading to an inconstant bias in the analysis
dependent on the experience and the degree of fatigue of the
operator. Therefore, the development of efficient and robust
automatic detection and classification methods is required.
Their performance is dependent on the complexity and diver-
sity of the sounds to recognize and the acoustic properties of
the environment such as the characteristics of the back-
ground noise and sound propagation in the area. Matched
filters appear to be efficient for detecting stereotypical sig-
nals in low Gaussian noise conditions (Stafford et al., 1998;
Mellinger and Clark, 2000). The correlation of spectrograms
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with a time-frequency kernel representing the call has been
used on right whale (Mellinger, 2004; Munger et al., 2005),
and North Pacific blue whale calls (Mellinger and Clark,
2000; Wiggins et al., 2005). These methods are well adapted
for calls presenting low variability in duration and frequency.
Chirplet transform shows an interesting potential for classi-
fying blue whale calls (Bahoura and Simard, 2008). Artificial
neural networks (ANNs) and hidden Markov modeling
(HMM) show good recognition results on elephants (Clem-
ins et al., 2005), birds (Kogan and Margoliash, 1998), and
whale calls (Potter et al., 1994; Mellinger and Clark, 2000;
Mellinger, 2004). These two methods have been tested using
various attributes for characterizing the calls: Fourier coeffi-
cients (Mellinger, 2004), Mel-frequency cepstral coefficients
(Clemins et al., 2005), and linear predictive coefficients
(Clemins and Johnson, 2006). ANN and HMM can accom-
modate variability within the calls. The time-frequency con-
tour approach extracts the call shape attributes from the spec-
trogram (e.g., maximum frequency, minimum frequency,
duration, etc.) to feed the classification algorithms. The con-
tours can be extracted using an edge detector (Gillespie,
2004) or through instantaneous frequency tracking algo-
rithms (Sturtivant and Datta, 1995a, 1995b; Brown et al.,
2006; Halkias and Ellis, 2006, 2008). Automatic contour ex-
traction by tracking algorithms can be computationally ex-
pensive (Brown and Zhang, 1991). Classification methods
used so far for this approach include discriminant analysis
(Bazda-Durdn and Au, 2004; Gillespie, 2004) and dynamic
time warping (DTW) (Buck and Tyack, 1993; Brown et al.,
2006). Urazghildiiev and Clark (2006, 2007) proposed an-
other approach involving a generalized likelihood ratio test
(GLRT) detector and a finite impulse response (FIR) filter
operating on spectrograms, which outperformed the human
operator for right whale calls.

The blue whale vocal repertoire in the St. Lawrence is
similar to the one found in the North Atlantic. It is composed
of three basic calls, the A, B, and D calls. (Edds, 1982;
Mellinger and Clark, 2003; Berchok e al., 2006). The A call
is an 8-s tonal sound at 18 Hz. The B call is an 11-s down
sweep from 18 to 15 Hz [Fig. 1(a)]. Although these two calls
usually follow each other in AB phrases repeated every 74 s,
it is possible to observe repetitions of A calls or B calls only
(Mellinger and Clark, 2003; Berchok er al. 2006). The two
calls are then separated by an ~5-s gap, but this short silence
is sometimes absent. Berchok et al. (2006) called these calls
the hybrid calls. These latter calls are hereafter referred to as
AB calls. The D call is less stereotyped than the two previous
ones and consists of a down sweep in the ~120-40 Hz
frequency range. It sometimes starts with an upsweep form-
ing an arch in the spectrogram. The duration, and the starting
and ending frequencies are variable [Fig. 1(c)]. The D calls
are not repeated in regular sequences as the A and B calls;
however, some time patterns can be observed. As noticed by
Berchok et al. (2006), the blue whale calls in the St.
Lawrence are more variable than the ones reported in the
North Atlantic. A lot of them are not continuous but seg-
mented into several fragments. Berchok er al. (2006) be-
lieved that this segmentation is not due to propagation effects
but rather a property of the whale call. The other rare blue
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FIG. 1. Blue and fin whales calls. Spectrograms representing (a) 4 blue
whale AB phrases, (b) 2 blue whale AB phrases with strong multipath ech-
oes, (c) 11 very variable blue whale D calls, and (d) 12 fin whale 20 Hz calls
with multipath echoes. (e) Example of a noisy recording containing blue and
fin whale calls.

whale calls such as the 9 Hz sounds reported by Mellinger
and Clark (2003), as well as the blurps and grunts reported
by Berchok er al. (2006), were not considered here because
of their low interest for monitoring applications.

The 20 Hz pulses are the most frequent fin whale calls
recorded in the St. Lawrence (Samaran, 2004). They are
similar to the ones reported in the other areas of the world
(Schevill er al., 1964; Thompson and Friedl, 1982; Edds,
1988; Thompson et al., 1992), except for the occasional lag-
ging lower frequency backbeat in the call bouts (Samaran,
2004; Simard and Roy, 2008). This 20 Hz call consists of a
1-s downsweep from 23 to 18 Hz [Fig. 1(d)]. The 140 Hz
call reported by Edds (1988) and Samaran (2004) and the
backbeat are less frequent and are therefore not considered in
this paper.

Although several methods were already tested to auto-
matically detect and classify fin and blue whale calls, none
were thoroughly tested with the specific calls of the St.
Lawrence Estuary and its particular acoustic conditions
where intense low-frequency shipping noise in the vocaliza-
tion band causes most recorded calls to have low signal-to-
noise ratios (SNRs) [e.g., Fig. 1(e); Simard et al., 2006a,
2008]. The presence of a sound channel in the upper half of
the ~350-m water column, resulting from the summer cold
intermediate layer and steep walls at the head of the deep
Laurentian Channel, favors multipath propagation and the
presence of echoes [e.g., Fig. 1(b); Simard and Roy, 2008].
Consequently, the calls often appear distorted and warped in
time, which hinders the detection and classification algo-
rithms.

Mouy et al.: Automatic whale call recognition 2919



TABLE I. Time-space coordinates of the acoustic recordings.

Hydrophone Bottom

Latitude Longitude mean depth depth
Station Recording period (°N) (°W) (m) (m)
A Aug.—Sept. 2003 48.2683 69.4663 125 130
B Aug.—Sept. 2003 48.2687 69.4636 188 193
C Sept.—Oct. 2003 48.3544 69.1167 54 88
D Sept.—Oct. 2003 48.2504 69.2225 53 55
E Sept.—Oct. 2003 48.1900 69.5925 43 60
F Aug.—Oct. 2004 48.3783 69.3300 155 239
G Aug.—Oct. 2004 48.1233 69.5433 126 135

This paper explores the capability of signal processing
methods that could be implemented in real-time to detect fin
and blue whale calls in an intense shipping noise back-
ground, and to cope with the call duration and frequency
variability observed in the St. Lawrence. Two approaches
based on time-frequency representations are tested. The clas-
sical spectrogram correlation method, previously used for
blue and fin whale call detection, is adapted to the St.
Lawrence acoustic conditions. The second approach, consist-
ing in the extraction and classification of the call’s time-
frequency contours, tries to improve some weaknesses of this
adapted classical approach. This work is part of the real-time
monitoring project “Whale On the Web” (Simard et al.,
2006b).

Il. Materials and Methods

This section describes the acoustic data used for this
work and the various steps involved in the two classification
approaches that were developed. The steps for the first ap-
proach are (a) the calculation of the spectrogram, (b) the
noise removal, and (c) the coincidence of spectrograms. The
steps for the second approach are (a) the calculation of the
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FIG. 2. Map of the study area with bathymetry and locations of the acoustic
recording devices.
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spectrogram, (b) the noise removal, (c) the extraction of the
call contours, and (d) their classification. Two contour clas-
sification methods are investigated, dynamic time warping
and vector quantization (VQ).

A. Data collection and data sets

All the data were collected in summer at seven locations
in the lower St. Lawrence Estuary (Table I). Locations A and
B are part of a hydrophone costal array deployed on the
seabed at Cap-de-Bon-Desir in 2003 (Fig. 2; Simard and
Roy, 2008). Locations C, D, E, F, and G had aural autono-
mous hydrophones (Multi-Electronique Inc., Rimouski, QC,
Canada) moored around the sound channel depth in 2003 and
2004. The recordings were digitized at 16 bits using a sam-
pling rate of 20 kHz for locations A and B and 2 kHz for the
other locations. All recordings were decimated to 2000, 400,
or 200 Hz for blue and fin whale call processing. Different
sampling rates were used to get optimal time-frequency reso-
lutions for each call type.

Among these recordings, 2472 calls were manually
identified, labeled, and time stamped by an experienced ob-
server (XM) through visual inspection of the spectrogram
and aural validation when needed. A total of 2063 calls were
used to test the performance of the algorithms while the
other 409 calls were used for training the algorithms and
adjusting their parameters (Table II). These calls were se-
lected to represent the different noise and multipath echo
conditions encountered in this part of the St. Lawrence. Calls
were carefully chosen to ensure that data for testing and
training were recorded at different locations and different
times. To test the false alarm rate of the algorithms, 14 h of
recordings containing different kinds of typical local noises
but no calls were selected. This noise data set was made up
of 90 wave files lasting 5—10 min each, collected at different
locations of the estuary and containing intense low-
frequency shipping noise. Files were usually selected at the
closest point of approach of the ship (i.e., center of Lloyd’s
mirror “V-pattern,” Urick, 1983). These recordings corre-

TABLE II. Number of calls of the training and test data sets by call type.

A call B call D call 20 Hz call Total

Training 117 91 97 104 409
Test 568 490 510 495 2063

Mouy et al.: Automatic whale call recognition
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FIG. 3. (Color online) Sequence of steps of the noise reduction process. (a)
The original spectrogram representing three blue whale AB phrases, time
resolution=0.64 s, frequency resolution=0.13 Hz; (b) the spectrogram af-
ter equalization; and (c) Gaussian smoothing. (d) Representation of the en-
ergy e (bold line) and the adaptive thresholds T (thin line) and T, (dashed
line). The dots represent the intersections of e with T',. (e) Final spectrogram
after applying the thresholds.

spond to the most problematic conditions for the detection
and classification algorithms.

B. Noise reduction

The time-frequency representation used short-time Fou-
rier transform for both approaches [Fig. 3(a)]. The three
noise reduction steps that were applied to both approaches
consist of spectrogram equalization, Gaussian kernel
smoothing, and adaptive energy thresholding. The spectro-
gram resolutions differed for each call type and method.
First, the equalization consisted of subtracting the time-
averaged spectrogram from the original spectrogram. The
time-averaged spectrogram was calculated by applying a
moving average of the energy values for each frequency
band of the spectrogram matrix (Mellinger, 2004). Length of
the moving average window, At, is reported in Tables III and
IV. This reduced the long constant spectral rays produced by
the fundamental rotational frequencies of the ship propulsion
machinery (Arveson and Vendittis, 2000) and by mooring
vibration [Fig. 3(b)]. Second, the spectrogram was smoothed
using a Gaussian kernel (Gillespie, 2004). The spectrogram
matrix was convolved with a two-dimensional Gaussian
mask [Fig. 3(c)]. The size of the kernel, K, XK, (time
X frequency), varied depending on call type and classifica-
tion method (Tables IIT and IV). Non-square kernels smooth
the spectrogram in a particular direction, improving the con-
tinuity of truncated calls along the time or frequency axis.
Third, an adaptive energy threshold was applied to discard
the parts of the spectrogram with locally non-significant en-
ergy. The energy at each time step n of the spectrogram was
smoothed using a moving average to generate a smoothed
energy curve e(n) [bold line in Fig. 3(d)]. The moving aver-
age was performed with a 5-s window for the A and B calls
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TABLE III. Values of the parameters used in the first approach (i.e., coin-
cidence of spectrograms).

Parameter A call B call D call 20 Hz call
Sample frequency (Hz) 200 200 200 200
Spectrogram
Frame size (points) 512 512 128 64
Overlap (%) 87.5 87.5 75 87.5
FFT size (points) 4608 4608 128 192
Frequency resolution (Hz) 0.04 0.04 1.56 1.04
Time resolution (s) 0.32 0.32 0.16 0.04
Noise reduction
At (s) 55 15 55 15
K, (bins) 9 6 6 5
K, (bins) 3 3 3 3
) -0.06 —0.06 —0.1 —0.06
6, 0.9 0.6 0.6 1.2
8 0.92 0.85 0.92 0.92
N 0.99 0.986 0.97 0.994
Coincidence of spectrograms
f, (Hz) 18.1 17.5 80 26
f> (Hz) 17.8 15.8 40 20
Dcall (S) 7 9 3 1
Af (Hz) 0.3 0.3 4 1
Dok (5) 2 0.7 1 1
Teg (%) 77 75 67 74

and a 1-s window for the D and 20 Hz calls. Then, two
adaptive thresholds 7', and T, are defined, as in Renevey and
Drygajlo, 2001.

T\[n]=E[n] + 6,E[n] (1)
and
To[n]=E[n] + &E[n], (2)

where &, and &, are constants in the range [0,1], and where
E[n] is defined by

E[n]=NE[n—1]+ (1 =N\)e[n]. (3)

In Eq. (3), \ is the adaptive coefficient. The adaptive thresh-
old T, allows detection of events while the crossing points of
the two series T, and e(n) are used to define the start and the
end of these events [dots in Fig. 3(d)]. The spectrogram val-
ues outside the call windows are blanked. Finally, the pixels
exceeding the adaptive threshold T are retained at each time
step

T3[n] = pln] + &0in], (4)

where p and o are the mean and the standard deviation of
the spectrogram energy at the step n and J; is a constant in
the range [0,1]. The final result of this noise reduction pro-
cess is shown in Fig. 3(e). Values of parameters &, &, &,
and N\ were chosen empirically (Tables III and IV).

C. First approach: Coincidence of spectrograms

The coincidence of spectrograms method consists of
finding a specific type of sound represented by a time-
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TABLE IV. Values of the parameters used in the second approach (i.e.,
extraction and classification of call contours).

Parameter A and B calls D call 20 Hz call
Sample frequency (Hz) 2000 400 400
Spectrogram
Frame size (points) 4096 64 128
Overlap (%) 93 75 87.5
FFT size (points) 12 288 192 384
Frequency resolution (Hz) 0.16 2.08 1.04
Time resolution (s) 0.14 0.04 0.04
Minimum frequency (Hz) 15 30 18
Maximum frequency (Hz) 18.5 115 30
Noise reduction
At (s) 30 15 35
K, (bins) 8 11 11
K, (bins) 4 3 3
8 —0.16 —0.16 —0.16
5, 0.7 0.5 0.9
s, 0.25 0.6 0.7
A 0.996 0.992 0.993
Contour extraction
T, 0.2 0.3 0.7
Ty (3) 6.5 2.5 0.5
Toin (5) 35 1 0.5
Trnax (5) 35 9 3
Dynamic time warping classification
Torw 0.2 5 13
Vector quantization classification
Tvo 1 18 4

frequency kernel (Mellinger and Clark, 1997, 2000). Various
operations could be used to match the kernel with the spec-
trogram. Here the logical AND operation is used because of
the very low computational cost of this operation (Tiemann
et al., 2004). The tested spectrogram is first binarized by
setting the high-energy parts that exceed a threshold to 1 and
the rest to 0. Then, the time-frequency kernel representing a
candidate call template is defined by a synthetic binary im-
age generated from the call starting frequency f|, ending
frequency f,, duration D, frequency span Af, and silence
duration before and after the call Dy, (Table III). Finally
the matching of the call kernel with the spectrogram is the
arithmetic sum of the bits resulting from a logical AND be-
tween the binary kernel and spectrogram at each time step. A
perfect match corresponds to a coincidence rate of 100%.
The call is detected when the coincidence rate exceeds the
empirically chosen threshold value T (Table III).

D. Second approach: Extraction and classification of
call contours

This second approach proceeds by extracting the call
contours followed by their classification. Two classification
algorithms are tested: DTW and VQ.

2922 J. Acoust. Soc. Am., Vol. 126, No. 6, December 2009
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FIG. 4. Example of frequency contour extraction for a series of nine blue
whale D calls. (a) Extraction of the local energy maxima, (b) connection of
the maxima by time contiguity and frequency proximity, and (c) contours
retained after connection of the call segments and duration restriction. The
retained contours are approximated by a second-order polynomial.

1. Extraction of the contours

Extraction of time-frequency contours has been used
with musical signals (Brown and Zhang, 1991; Brown,
1992), speech (Rabiner et al., 1976; Rabiner, 1977), and od-
ontocete calls (Sturtivant and Datta, 1995a, 1995b; Datta and
Sturtivant, 2002; Brown er al., 2006; Halkias and Ellis,
2006). Because real-time implementation is one constraint of
the present work, the algorithm has to be optimized for both
accurate contour extraction and short computation time.
Drawing from Halkias and Ellis, 2006, the algorithm is di-
vided into three steps: identification of the local energy
maxima on the spectrogram, the delineation of call segments,
and their conditional connection. First, the local energy
maxima for each time step of the spectrogram are defined as
the spectrum peaks [Fig. 4(a)]. Second, the maxima sepa-
rated by less than four frequency bins in frequency at adja-
cent time steps are connected together to form segments
[Fig. 4(b)]. To remove the irregularities of the extracted con-
tour segments, their frequency time-series were smoothed
with a moving average using a sliding window length of 3 s
for the A and B calls, 1 s for the D call, and 0.1 s for the 20
Hz call. Third, the last step consists of connecting some of
the isolated segments into more complete call contours. This
connection is based on a stochastic model. The probability of
connection is evaluated for each close segment pair. Each x;
pair is defined by its starting and ending slopes, «;; and «;,.
Two frequency continuity distances 3;, and B;; are measured
for each possible linear connection; B, corresponds to the
gap in frequency when the end of the first segment is linearly
extended to the beginning of the second segment, and fS3;
corresponds to the gap in frequency measured when the be-
ginning of the second segment is linearly extended to the end
of the first segment. The distance f3; is the minimum of these
two distances. Two series of observations L, and Lg repre-
senting the parameters o and S calculated on N pairs of
connecting segments are extracted from the training database

Mouy et al.: Automatic whale call recognition
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Two normal distributions 0 ,(x,.%,) and O g(ug, 0 p) are de-
fined to represent the observations L, and Lg, where S M
o and Mg are, respectively, the covariance matrix and mean
vector of L, and the standard deviation and mean of Lg. The
connection of an unknown call segment pair x is evaluated
by the likelihood P(x) defined by

P(x) = P(x|0©,)P(x[®p), (5)

with P(x|®,) and P(x|@p) being, respectively, the likeli-
hood that the connection x can be generated by the models
0, and @4 For convenience, the maximum of each of the
two distributions is individually normalized to 1. Two seg-
ments are connected only if the likelihood P(x) exceeds a
threshold value 7. empirically adjusted by the operator
(Table IV). Among all resulting valid possibilities, the con-
nection proceeds with the segment that maximizes the like-
lihood. Once a connection is accepted, the two segments are
connected by interpolation using an order 2 polynomial [Fig.
4(c)]. Connection is considered only for segments separated
by less than the duration T,,,. Contours shorter than the du-
ration T,;, or longer than the duration 7,,, are not consid-
ered for classification (Table IV).

2. Classification using DTW

The DTW algorithm is used by the speech processing
community for isolated word recognition (Rabiner and
Juang, 1993). It was applied in bioacoustics for the classifi-
cation of dolphin sounds (Buck and Tyack, 1993), orca
sounds (Brown et al., 2006), and bird sounds (Ito et al.,
1996; Anderson et al., 1996). The algorithm consists of clas-
sifying an unknown sound 7" by comparing it to a set R of k
reference sounds from a dictionary, obtained from manually
identified calls of the training data set. The T and R, calls are
represented by a feature vector composed of the instanta-
neous frequency f, the speed f’, and the acceleration f” of
the call contour at each time step (Fig. 5). The feature vec-
tors were not normalized.

T:[Mil;i=1,2,....1],

Re[Rj1:j=1.2, ... .04,

where I and J;, represent the number of time frames of the T
and R, calls, respectively. The comparison of 7" with each
template R, is performed by calculating the dissimilarity (or
distortion) between them based on their feature vectors. Dur-
ing this step, the algorithm has the particularity to take into
consideration the possible compressions or extensions in
time of the calls. A matrix X; of dimension IXJ,, is fitted
with the Euclidean distances, d(T[i],R,[j]) separating all the
vectors 7[i] from R,[j] (Fig. 5). For the DTW algorithm,
calculating the similarity between T and R), consists of find-
ing the shortest monotonic path w, of length C, within the
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FIG. 5. (Color online) Scheme of the DTW comparison process for an
unknown call 7 and call reference templates R;. For each template R, a
matrix X; representing the Euclidian distances between the feature vectors
of T and R, is calculated. The dissimilarity between the two compared calls
is represented by the path w going from the point (1,1) to (/,J;) of the
matrix X, that minimizes the accumulated distance. The path w is found by
calculating recursively the minimum cumulative distance for each point us-
ing local constraints. To avoid exaggerated distortions, the path search area
is restricted by the two lines parallel to the diagonal of Xj.

matrix X, progressing from the point (1,1) to the point
(I’Jk),

w:li(c),j(c)];e=1,2,...,C,

with i(1)=1, j(1)=1, i(C)=I, and j(C)=J,, such that its as-
sociated distance, D,,(T,R;), defined by

> dTiOLRL(OTrg(e)
N(g)

is the minimum. In Eq. (6), g(c) is a weighting function and
N(g) is a normalization factor (Rabiner and Juang, 1993).
Instead of calculating all the possible paths, the DTW algo-
rithm recursively calculates the minimum cumulative dis-
tance for each point using local constraints (Vintsyuk, 1968;
Myers et al., 1980; Ney, 1984). The local constraint used in
this study limits the connections to the right, the top, and the
top right diagonal from the current point. To avoid exagger-
ated distortions and reduce computing time, a global con-
straint is applied by a restriction to the area defined by two
lines parallel to the diagonal of the matrix X;. The positions
of these two lines are defined by a parameter RA such as |i
—j|=RA (Sakoe and Chiba, 1978) (Fig. 5). The parameter
RA was empirically chosen to be 5 for all the whale call
types. The unknown vocalization is classified as the refer-
ence template of the dictionary for which the distance
D,,(T,R,;) is the minimum.

DW(T?R]() = P (6)

T £ arg min, D,(T,R,). (7)

The dictionary is composed of the blue whale A, B, D, and
AB calls and fin whale 20 Hz call. Noise templates were not
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included in the dictionary since noise is highly variable and
cannot be extensively represented by a limited number of
time-frequency contours. Therefore, extracted contours cor-
responding to noise events were classified as such when the
minimum distance D,,(T,R,) exceeded the threshold Ty,
defined empirically (Table IV).

The choice of the reference templates is known to be a
critical phase of this contour classification method. Subjec-
tive choices of the reference templates by an operator usually
do not perform well. Here we used a semi-supervised selec-
tion of the reference templates (Rabiner and Juang, 1993).
For each call type, the operator first randomly assigns a call
from the training data set as the reference template. Then,
each contour of the training data set is compared to the cho-
sen reference templates using the DTW algorithm. If the con-
tour is properly classified it is then properly represented by
the chosen template. If its classification is wrong, the tested
contour is added to the call template dictionary. This routine
is repeated for all calls of the training data set. This proce-
dure removes the subjectivity and minimizes the redundancy
of the dictionary. The final dictionary used in this study was
composed of 12 A calls, 17 B calls, 7 AB phrases, 17 D calls,
and 2 20 Hz pulses.

3. Classification using VQ

VQ is a clustering/classification algorithm that was used
for speaker identification (Pan et al., 1985; Soong er al.,
1985), respiratory sound classification (Bahoura and Pelle-
tier, 2003), and hand writing recognition (Camastra and Vin-
ciarelli, 2001). It is comprised of two steps: the training and
the classification. During the training step, each contour ex-
tracted from the training database is represented by a set of
features. Here, these features are its minimal frequency,
maximum frequency, duration, and frequency shift. Thereby,
all the calls are characterized by a set of four-dimensional
vectors that can be represented in a four-dimensional feature
space. The objective of the training is to represent the cloud
of scattered points for each call class, by a small set, C;, (also
called codebook) of local centroids, c;. To do so, the Linde—
Buzo-Gray (LBG) algorithm is used (Linde et al., 1980). In
contrast to the well known k -means algorithm, the initializa-
tion of the LBG algorithm is not performed randomly. Dur-
ing the classification step, the set of features from an un-
known call contour T is extracted and represented in the
feature space. Then, the distance D(T, C;) separating T from
each codebook C; is calculated by

M
1
D(T’Ck) = Mz d(T,Cki)’ (8)
i=1

where M is the number of centroids in the codebook Cj, and
d(T,cy;) is the Euclidean distance separating T from the cen-
troids c¢;,;. The call T is classified as the class for which the
distance D(T,C}) is minimum.

T £ arg min, D(T,C,). 9)

Codebooks were created using all the vocalizations of the
training data set. The same 5 call classes used for the DTW
method were considered and each codebook was represented
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by 16 centroids (M=16). To avoid classifying noise, the
tested time-frequency contour is discarded if its distance
D(T,C,) exceeds the empirically determined threshold Tyq
(Table IV).

E. Performance evaluation

The false negatives and false positives were counted for
each method by running the algorithms on the test data sets.
The false negatives correspond to the calls in the test data set
that are not detected or that are considered as noise by the
classification process. For a given call class, the false nega-
tive rate is defined as the ratio of the number of missed calls
to the total number of calls in that class. The false positives
correspond to periods of noise classified as calls (false
alarms). It is calculated by testing each method on the noise
data set. The number of false alarms divided by the duration
of the noise data set (14 h) gives an average number of false
positives per hour. The performance results are presented for
several SNR intervals. The SNR calculation is inspired by
Mellinger, 2004 and Mellinger and Clark, 2006. The call
power is defined on the spectrogram by the average power of
the call in the 15-18 Hz frequency range for the A and B
calls, 18-26 Hz for the 20 Hz pulses, and 30—100 Hz for the
D calls. The noise power is calculated by the average power
before and after the call, in the same frequency band for
periods equal to the call durations. This calculation is done
on the original spectrogram (i.e., without noise reduction).
The performances are reported separately for SNR intervals
<0 dB, [0, 5 dB], [5, 10 dB], and >10 dB.

To quantify the relative processing time of each method,
a real-time index /, was defined as

T
I.=-2L, 10
=T (10)

where T), is the duration of the detection and classification
process, and T, is the recording duration. The index 7, is <1
if the processing is faster than the real-time and =1 other-
wise. Processing was done with an Intel Pentium® 4 proces-
sor working at 3.2 GHz with 1 Gbyte of random access
memory (RAM). The computer was running the Microsoft
Windows XP® Professional operating system and the pro-
cessing was performed in MATLAB® (MathWorks, Inc., Nat-
ick, MA). The real-time index was computed for each re-
cording of the test data set and analyzed by call type. The A
and B calls were processed simultaneously on the same spec-
trogram and their computation time could not be separated.

lll. Results
A. Performance of classification

The test data set represents an accumulated recording of
17 h of A calls, 17 h of B calls, 7 h of D calls, and 3 h of 20
Hz calls. Their respective SNR distribution is given in the
first column of Fig. 6. The A and B calls with a SNR between
0 and 10 dB were the most frequent in the data set. The 20
Hz pulses were equally distributed in the SNR intervals
>0 dB. The majority of D calls had a SNR of 0-5 dB.
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FIG. 6. Signal-to-noise ratio distributions of the (a) A calls, (e) B calls, (i) D calls, and (m) 20 Hz calls used to test the performance of the algorithms. False
negative rates for the frequency contour [(b), (f), (j), and (n)] DTW and [(c), (g), (k), and (0)] VQ methods, and [(d), (h), (1), and (p)] the coincidence of
spectrograms method, separately for four signal-to-noise ratio intervals and for all calls (hatched bars).

False negative rates for A and B calls decreased when
the SNR increased for all methods as expected [Figs.
6(b)-6(d) and 6(f)-6(h)]. The coincidence of spectrograms
had the smallest false negative rates with overall values of
8.5% for the A calls and 19% for the B calls. When tested on
the noise data set, the three methods had comparable false
detection rates for these two call types; coincidence of spec-
trograms (3 and 2 false alarms per hour for calls A and B,
respectively) and DTW (4 and 1 false alarms per hour for
calls A and B, respectively) having less false detections than
VQ (Table V). For the D calls, VQ had a lower average false
negative rate (33.5%) than the other methods [Figs.
6(j)-6(1)]. DTW and VQ showed unexpected increases in

TABLE V. Average number of false positives per hour for the three methods
tested with the noise data set.

Method Acall Becall Decall 20 Hzcall
DTW 4 1 11 63
vVQ 4 3 12 74
Coincidence of spectrograms 3 2 22 23

J. Acoust. Soc. Am., Vol. 126, No. 6, December 2009

false negative rates (26.7%) at SNR>10 dB. These two
methods resulted in 11 and 12 false detections per hour, re-
spectively, compared to 22 for the coincidence of spectro-
grams method (Table V). For the 20 Hz pulses all three
methods presented a gradual decrease in false negative rate
with increasing SNR [Figs. 6(n)-6(p)]. Lowest global false
negative rates were obtained by VQ and DTW. These meth-
ods had, however, a very high number of false alarms per
hour (63 with DTW and 74 with VQ, Table V).

B. Processing time

The coincidence of spectrograms method had the lowest
computation time index of the three methods with average
values of 0.0083, 0.0039, and 0.013 for the A and B calls, D
calls, and 20 Hz calls, respectively [Fig. 7(a)]. The process-
ing time of the VQ method was the same as DTW for the AB
and 20 Hz calls with average real-time index value smaller
than 0.1. However, VQ real-time index for the D call (aver-
age of 0.28) was significantly faster than DTW (average of
0.44) [Figs. 7(b) and 7(c)].
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FIG. 7. Box—Whisker plots of the real-time index computation time of the
(a) coincidence of spectrograms, (b) DTW, and (c) VQ methods for each call
type. Note the different scale in (a).

IV. DISCUSSION

The coincidence of spectrogram method showed the best
performance for the A and B calls. For these calls, the dif-
ferent methods differed mainly by their false negative rates.
These missed calls were generally resulting from the contour
extraction step. Some call contours were truncated into sev-
eral non-connecting contour segments. The smallest seg-
ments were ignored because of the time constraint parameter
but the other ones were presented to the classification step
and they were classified as noise because of their excessively
fragmentary representation of the actual call contour. For the
20 Hz calls, the contour approach, especially VQ, performed
better for the false negative criteria, but produced three times
more false alarms than the coincidence of spectrogram
method. The majority of these false alarms were caused by
the low-frequency impulsive noises usually coming from
nearby transiting merchant ships that were not filtered out at
the noise reduction step. The contour extraction approach
best performed for the recognition of D calls. The fixed tem-
plate used by the coincidence of the spectrograms appeared
inappropriate to cope with the variations in duration, fre-
quency sweep rate, and frequency band of the D call. The
coincidence of spectrogram method was also more vulner-
able to false alarms due to occasional strumming noise in
this frequency band from the hydrophone mooring system.
As expected, the false negative rates generally increased with
decreasing SNRs, except for the D call with VQ and DTW
for SNRs> 10 dB. This exception appeared to result from
the distortions of the calls caused by multipath propagation
generating overlapping echoes of the calls that modified the
extracted classification features. The low number of D calls
in this SNR interval (15 calls) does not really allow a defini-
tive conclusion about the performance of the different algo-
rithms at high SNRs.

Computation costs depend on call frequency range (85
Hz for D calls versus 3.5 Hz for A and B calls) for time-
frequency contour extraction, and on spectrogram resolution
for the coincidence of spectrogram. DTW requires more
computation than VQ and its cost is function of the number
of call templates used. Recording sampling frequency differs
according to call types and methods (Tables III and IV) and
therefore also influences the computation times.

The classical method of coincidence of spectrograms
was adapted to the noisy acoustic condition of the St.
Lawrence by adding an initial step of noise reduction that
was critical for successful classification. The simplicity of
the logical AND operation makes this algorithm very fast,
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which fulfills the real-time requirements of this study.
Choosing the optimal call templates empirically can be labo-
rious; thus performing statistical analysis of the acoustic pa-
rameters of the calls to produce the kernel is recommended.
The additional computation time for the contour approach is
variable and depends on the complexity of the recordings’
content. However, the calls considered in this paper have a
fairly simple structure without harmonics, so the computing
time remains relatively small. The training steps to determine
the parameters for connecting the contour segment and
building the dictionary of call models were easy and robust
since they were semi-supervised on a representative call da-
tabase. This study shows that this method has a promising
potential for the recognition of marine mammal calls. Its
performance is still slightly lower than the classical approach
for the stereotyped calls; however, several modifications
could be implemented to improve it. To reduce DTW com-
putation time, some clustering techniques can be used to
minimize the number of reference templates to consider for
the same call type. Representing all calls with the same time-
frequency scheme independently of their duration and fre-
quency band would also improve all methods, which pres-
ently required computing spectrograms with different
resolutions. It may be worth investigating other time-
frequency representation techniques such as the Wigner—
Ville transform (Caimi and Hassan, 2000). The number of
parameters involved in the methods can be cumbersome to
manually tune to optimize the classification results. Statisti-
cal optimization methods such as the design of experiment
(Lochner and Matar, 1990) would be a simpler and more
accurate way of finding the optimal set of parameter to maxi-
mize the algorithm performance. The algorithm could incor-
porate an additional step to identify and filter out or exploit
the frequent delayed copies of the calls from reverberations.
Use of propagation models and matched field techniques
(e.g., Thode et al., 2000) is among possible methods. This
approach is computer intensive and attached to a particular
environment.

What is the effect of the observed detection/
classification results for PAM application in the St. Lawrence
Estuary given fin and blue whale call occurrence frequency?
These animals are known to produce very regular repeated
calls (Mellinger and Clark, 2003; Samaran, 2004; Berchok et
al., 2006), although nonregular patterns are sometimes ob-
served (Oleson er al., 2007). The A and B calls are usually
repeated every ~74 s (Mellinger and Clark, 2003). If a blue
whale is calling for 1 h without interruptions, it would pro-
duce about 51 A and B calls. Referring to Table V and Fig. 6,
the DTW classification method would be expected to detect
48 real A calls with a SNR above 5 dB, and 4 false alarms.
The same reasoning is followed to assess the detections ex-
pected by the different methods and for the other calls (Table
VI). By assuming a swimming speed between 1 and 5 m s~
(Goldbogen et al., 2006), all methods correctly detect
enough calls for accurately tracking the animals producing A
and B calls with a SNR higher than 5 dB. However, for the
20 Hz calls, only the coincidence of spectrograms appears to
be suitable at low SNRs. The false alarms could be rejected
using a tracking algorithm taking advantage of detection at
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TABLE VI. Number of A, B, and 20 Hz calls expected and detected per
recording hour, assuming that the animal calls regularly without interrup-
tions, for the three tested algorithms.

No. of correct detections

No. of No. of
expected SNR (dB) false
Call type Method calls <0 0-5 5-10 >10 alarms
A call DTW 51 17 41 48 48 4
vQ 51 14 32 39 49 4
Coincidence
of spectrograms 51 21 45 49 50 3
B call DTW 51 9 31 42 47 1
vQ 51 9 34 42 47 3
Coincidence
of spectrograms 51 15 38 45 49 2
20 Hz call DTW 360 45 143 253 333 63
vQ 360 135 194 269 322 74
Coincidence

of spectrograms 360 90 154 238 308 23

different locations by several instruments differently affected
by noise from transiting ships (Seebaruth, 2006; Simard et
al., 2008). It is to be noticed that the values in Table V
assume a uniform distribution of the false alarms in time,
which is not the case in the real world. Because the D calls
are not repeated on predictable patterns, it is not possible to
follow the same reasoning for this call type.

For assessing the actual density of calls per unit of time
or trying to assess the whale density from the calls, the per-
formance of the call detection algorithm under different
noise conditions must be taken into account. The relation of
the missed detection rate with the SNR level observed with
the different methods could then serve to correct the “appar-
ent call density” measured.
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