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Abstract

The assessment of the number of active cetacean indi-
viduals in a specified location is essential for the pro-
tection and conservation of the marine ecosystem. Cur-
rent methods for the abundance estimation of cetaceans
use passive acoustic monitoring techniques to identify the
number of active individuals where visual surveys are not
possible. In this work, the echolocation clicks of different
whale species are studied to identify statistical charac-
teristics of the calls which can aid in the estimation of
the number of active individuals in a recording. Signals
are filtered on its occupied bandwidth and harmonic con-
tent of the signals is discarded before extracting the click
segments. Possible reflections and false detections are
identified using a decision tree based on the crest factor
and the spectral flatness of the clicks. Several features in
the time and frequency domains are then extracted from
these click segments so as to find the features which can
identify similarities between consecutive clicks. Differ-
ent click trains are then extracted which help estimate
the number of individuals of a particular species in the
recordings.

Introduction

The underwater soundscape is rich in a diversity of ways.
These acoustic richness is well exemplified by the way
creatures communicate between each other, locate them-
selves and target preys in the underwater ecosystem.
These sounds are very much specialized and animals
have evolved to have particular biological solutions to the
problem of underwater communication and echolocation.
Animals have adapted their calls to engage in echolo-
cation strategies for nourishing and engaging in social
tasks.

Echolocation clicks are used for range detection, are fre-
quency bounded, and follow a time pattern for different
tasks. Marine species use a variety of click types, which
follow a temporal repetitive pattern, and are used for
tasks like signaling and nourishing. Creaks, as shown in
Fig. 1, are a succession of consecutive clicks whose inter-
val is reduced once the animal approaches a target and
are used for hunting. These echolocation clicks could con-
tain particularities which are bounded to the individual.
Hence the number of individuals in a particular region
can be identified by consistently looking at the differ-
ences between successive clicks.

Passive Acoustic Monitoring

To monitor the different sounds in underwater, Passive
Acoustic Monitoring systems are used. These systems
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Figure 1: Creak of a Harbour Porpoise. The close posi-
tions of the transients allow a better detection of underwater
targets

listen to the underwater soundscape and are able to de-
termine location and positions of maritime traffic, under-
water objects, and the underwater fauna. Such systems
are able to emit alerts when a particular sound event is
detected, and are able detect, segment and classify the
signal.

In our study it is of particular importance the study of
underwater echolocation clicks. In this sense, our system
should be able to discriminate noises from the waveform,
segment and capture call events, and classify and analyze
the events.

Deployed System

In order to fulfill the requirements for the detection, the
system shown in Fig.2 is used. At the input, a filter bank
divides the signal in different bands. This would also
reduce the sample rate of the signal, thus diminishing
computational effort so that analysis can be performed
simultaneously in different channels.

After this is performed, a source separation algorithm
is applied to discard signals which could entail to false
detections due to the energy masking of the desired
event signals from anthropogenic noises in underwater.
For our source separation algorithm, a median filtering
approach[1] is used which separates transients (broad
band frequency characteristics), from tonal sounds. After
this is performed, transient signals which could be clicks
are detected using a signal detection algorithm based on
a time domain energy operator as exposed in the next
section.

False detections arising from the scattered frequency na-
ture of some underwater sounds are discarded using a
click encounter classification algorithm also presented in
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Figure 2: Deployed system for passive acoustic monitoring
of clicks.

this paper. For the classification of individual clicks and
finding individual click trains, the signals are then com-
pared one-against-one using a simplified rule-based sce-
nario presented in the last section of this paper.

Signal detection

The discovery of sounds plays an important role, since
most of the signals contain other noises which are
bounded to vessel and underwater noise characteristics.
For the detection, the teager kaiser energy envelope [3]

ψ(x(n)) = x2 − x(n+ 1)x(n− 1) (1)

is used on the sampled waveform x(n).

Due to the abrupt differences in amplitude, and since
we also want to detect signals where the energy is much
lower in comparison, the peak envelope signal of ψ(t)

1
2 is

calculated and the parts of the signal which rise above a
threshold

ΓTK(x(n)) = µ(x(n)) + h · σ(x(n)), (2)

where µ(·) and σ(·) represent the mean and the standard
deviation of the signal, are taken as detections. To per-
form the detection and calculate the end and the start of
the clicks, the signal is bounded between the attack time,
which is the time in which the signal achieves its high-
est peak, and the rest time, which is the time in which
the transient decays. For calculating the attack time, the
method described in [4] is used. The rest time of the click
is set when the signal envelope drops bellow 10% of the
peak energy or until a click length boundary is met.

Encounter detection

Once the signals are noted in the time domain waveform,
the snippets are analyzed for their frequency content in
order to allocate the segments. Whale clicks are broad-
band sounds. Due to the nature of the energy detec-
tor, however, these detected snippets can be composed
of broadband transients or noise. Since some broad spec-
tral content in the frequency domain may contain other
types of sounds, it is important to recognize which of
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Broadband Narrowband Detection

Figure 3: False detections of a down sampled signal. The
spectrogram shows that no clicks are seen in the detected
regions

them are clicks and which of them are wrong detec-
tions. These false detections are induced by the energy
operator, which has a strong sensitivity to highly fre-
quency modulated signals [5]. These signals could orig-
inate from other sound perturbations. Fig.3 show the
false detections for a recording in which a harbour por-
poise is present.

To find true encounters from detected transients, an en-
counter detection algorithm is presented. A decision tree
for extracting correct detections is built on a series of fea-
tures. To provide for a robust analysis, several features
in the temporal and frequency domain for the signal snip-
pets are extracted.

A statistical model based on fixed features for encounter
detection is presented in [6] however these features are
not representative of the physical properties of the clicks.
To account for these, a study on the needed feature set
for detection is presented based on a series of several
features. These features are fed to a complex decision
tree which then is in charge of performing the decision.
The following list show the different features which where
analyzed for the experiment:

Time Domain

• Attack
Time1

• Rest Time

• Duration

• Attack Slope

• Rest Slope

• Centroid

•
Autocorrelation
Coeffs

• Zero-
Crossing

Rate1,2

• RMS
Energy1,2,3

• Crest
Factor1,2

Frequency
Domain

• Centroid1,2

• Spread1,3

• Skewness1

• Kurtosis1

• Flatness1,3

• RMS Power1

• Spectral
Crest1,2,3

• Occupied
Bandwidth

• 3dB Band-
width

• Peak fre-
quency

• Mean Fre-
quency

• Median Fre-
quency
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Broadband Narrowband Detection

Figure 4: Detection and classification of encounters. The
red detections denote false encounters.

In this experiment, 283 hand picked clicks where labeled
as broadband, narrow-band and other sounds. The re-
sults in table show the class accuracy for the given sets.
Some features which where found not representative be-
cause of the small variance in the training set where not
taken in consideration. Used features for the numbered
sets are denoted in the list.

Set no. Broadband Narrowband Other
1 76% 77% 99%
2 79% 79% 99%
3 45% 66% 99%

The result in Table show that most of the non-relevant
sounds get well classified even if only two features are
being used. According to the results, the spectral flatness
and the spectral crest seem to suffice for discarding these
non representative sounds.

Figure 4 show the detections for several encounters: the
blue stripes represent the detections, the red stripes rep-
resent the broadband snippets and the yellow the narrow
band ones. It can be drawn from the result that since
most of the non-relevant detections are correctly classi-
fied with the spectral flatness and spectral crest features,
we can use those features to discriminate between clicks
and false detections.

These results suggest that a common metric for the de-
tection and discarding of underwater transients can be
build up using the spectral flatness. We are thus dis-
carding the noise signals and retaining broadband and
narrow-band transients.

Correspondence Analysis

Individuals can be counted using different techniques like
clustering[7], finding categories[6], match filtering, and
similarity measures[8]. In this work, a rule-based corre-
spondence algorithm is employed that can be capable of

calculating the number of non-similar click segments in
an online manner[2].

To obtain the amount of non-similar clicks and produce
an estimate of the abundance of animals in the signal, a
correspondence analysis is performed in which every sig-
nal segment, or click, is compared to the next one. If the
signal segment corresponds to a set of rules, it is said that
the segment corresponds with the previous one. This is
done in a successive manner. Since channel character-
istics do change along time, the number of maximum
consecutive snippets to be compared with a first click is
set at k = 3 to obtain a consistent click train which will
not abruptly change during time.

In our application, which is considered to be deployed in
an online way, we determine the click allocation for cor-
responding clicks based on a set of cross-dependent fea-
tures. Clicks are grouped together based on an anchor
in a successive way. This anchor, or α-click is updated
every k = 3 step. By changing the anchor the correspon-
dences is performed to mitigate the disturbances that
could be occurring on the channel or possible Doppler
shifts. Rules are applied to determine if the consequent
click has a weak or a strong correspondence to the α-
click. The segments which have a strong correspondence
are grouped together in click groups. Here, a bound can
be set to specify minimal conditions, like setting the al-
lowed inter click interval. If the correspondence is weak,
the click is firstly added to the group but tagged to see
if there exists a strong correspondence to other signals in
the examined time frame.

Decision Rules

Decision rules for the correspondence are based on a set
of features. For robustness the need for a reliable and
simple classification system that focuses on the physical
properties of the clicks. To perform this, a rule-based
classification system is employed to classify the incoming
transients into different click trains. In this context, two
set of correspondences are evaluated: Weak and Strong.

If a weak correspondence is found, the signal is compared
to the previous one. Such correspondence is drawn from
a set of rules shown below. In this work, the rules are
simplified to obtain a simple measure of the similarity be-
tween clicks of different species. In practice, some signals
would contain other types of sounds.

A set of simplified rules for the detection of sounds is
presented. These rules compound to a certain structure
where the strong rules correlate, then the weak dont and
such.

RS = R1 ∧R2 (R3 ∨R4 ∨R5) (3)

RW = R1 ∧ (R2 ∨R3 ∨R4 ∨R5) (4)

Where RS and RW represent a strong or a weak rule
respectively. The rules are:
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R1 Cross-correlation
R2 Spectral distance
R3 Cepstral (LFCC)
R4 Cross-spectrum
R5 Interpulse distance

For extracting the cross correlation rule (R1), the corre-
lation is searched for the ratio of the maximum peak to
the second maximum peak in the cross-correlation func-
tion. The rule is true if the ratio is above 4dB between
both clicks.

The second rule, R2 is simply finding the euclidean dis-
tance and the itakura-saito distance of the spectrum
around a particular range of frequencies, which could be
dependent for a particular species, or characteristically
arbitrarily encompassing all the frequency range.

The third rule R3 is based on the euclidean distance be-
tween vectors formed by calculating the linear frequency
cepstral coefficients. In this implementation, the cepstral
coefficients are not mel-scaled since it is assumed that the
perceptual bias introduced by the frequency scaling is not
necessary for the task.

The fourth rule, R4, is the cross spectrum where bot
frequency spectrums of the clicks are compared to each
other and the maximum value from the autocorrelation
of the first click is taken as the discriminant cue.

Some species produce echolocation clicks by resonating
in the sound producing cavity. Thus the clicks are com-
posed of multiple repetitions which account for the reflec-
tions inside the sound producing organ, or melon. The
distance between the pulses inside the reflections is called
the inter pulse interval. The last rule, R5, will be positive
if at least 3 pulses coincide between consecutive clicks.

Results and Evaluation

To evaluate our results and due to the lack of ground
truth available, a synthesized track composed of three
different beaked whales is presented in Fig. 5. The results
show that the algorithm is clearly able to identify that
there are three different active individuals in the signal.

Conclusion

Rule based decisions for identifying clicks seem to provide
a robust solution for discriminating underwater tran-
sients, in particular whale click sounds. By establishing a
search on cross-dependent features, an estimation on the
number of different signals with different characteristics
can be performed. Analyzing the physical characteristics
of the clicks can give an estimate on the number of active
individuals and also suggest a possible signature between
animals of the same species. A simple decision tree can
be used to discriminate between different spectral char-
acteristics and aids in selecting segments and reducing
the amount of false detections from time-based energy
detectors. A more thorough study on the characteristics
of the different clicks can be conducted looking forward
an algorithm which could estimate abundance of a par-
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Figure 5: Correspondence analysis on a synthesized track

ticular species in scenarios where more than one type of
animal is present.
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