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ABSTRACT

Development of automated detection algorithms for cetacean vocalizations is important to facilitate
marine mammal research. This thesis focuses on click train detection in cases in which sampling
rates are too low to capture the full bandwidth of the clicks, and in which impulsive noise confounds
current detection methods. We develop an algorithm to detect/classify odontocete click trains
based on the regular timing of clicks; the method relies on the slowly- varying nature of Inter-Click
Intervals (ICIs) within a click train. The algorithm is re ned and evaluated using simulated data.
It is motivated and applied to recordings of spinner dolphins collected in Hawaii. Performance is
quanti ed using receiver-operating and precision-recall curves for both simulated and real data.
While the method shows promise (including the ability to separate multiple clicking animals) for
click trains with stable ICI and in relatively low-noise conditions, the performance on the spinner
dolphin dataset is marginal.
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CHAPTER 1
INTRODUCTION

1.1 Passive Acoustic Monitoring for spinner dolphins

Sound propagates much better than light in the ocean. The subject of ocean acoustics has been
well studied and documented [1{3]. There are many marine creatures use sound. Passive Acoustic
Monitoring (PAM) is a noninvasive method to study their behavior by observing and analysing the
sound they produce. PAM application can be divided into three general categories: (1) detection;
(2) classi cation; and (3) localization and tracking. While PAM is promising, it requires an e ective
data mining system because the volume of recorded ocean acoustic data increases with technology's
progress. The development of automatic detection systems for cetacean sounds is important to
facilitate marine biology research. Since the sound characteristics depend on species, behavioral
state, and recording conditions, various algorithms have been developed to detect marine life; there
is no single algorithm that can detect all types of marine creature sounds.

Cetaceans use sounds for echolocation and communication. The vocalizations of dolphins have
been well documented in [4]. A relatively small species, spinner dolphinsStenella longirostris) are
found in Hawaii and warm ocean waters all over the world. Hawaiian spinner dolphins rest from
morning to evening in shallow bays [5{7] and forage cooperatively at night in layers of high-density
mesopelagic organisms for e cient foraging [5, 6, 8]. Previous research [5] reported that social
activity including whistles and burst-pulses typically peaks in early morning just before the resting
time. Whistles are relatively low frequency, time-modulated sounds that are used for communica-
tion [5, 9]. Burst-pulses are relatively high frequency, short-pulsed, repeatedly produced sound that
are considered to be produced to mediate social interactions [5, 9]. Clicks are another relatively
high frequency, short-pulsed, and repeatedly produced sound. Clicks are used for echolocation and
also considered to be produced for communication [4, 6, 9, 10]. According to [10], the normalized
spectrum of the clicks of spinner dolphins reaches up to 200kHz with a peak-to-peak source level
(SL) of 214 dB re. 1 Pa.

Heenehan et al. [7] demonstrated the feasibility of monitoring for spinner dolphin presence using
PAM, nding no signi cant di erence between vessel-based visual survey and PAM. Benoit-Bird et
al. [6] revealed spinner dolphin behavior during foraging using active acoustic methods, and showed
that they change group formation from line to circle depending on foraging stage. Benoit-Bird et
al. [6] reported that clicks were also observed during formation change and suggested a hypothesis
that clicks are used for information exchange during foraging. They also suggested that the shorter
propagation range and the high directivity of clicks may mean that spinner dolphins use clicks for
private communication. Another advantage of the high frequencies may be that most prey cannot
hear clicks. As [7, 11] demonstrated, PAM has a potential to complement visual-based research for



spinner dolphin and other cetaceans. Therefore, developments of detection/classi cation algorithms
for their vocalizations are important.

Click train detection/classi cation can be framed as a pulse train deinterleaving problem. Click
trains consist of regularly repeated impulsive clicks and the goal of a pulse train deinterleaving
problem is to separate overlapped click trains. Starkhammer et al. [12] worked on the separation of
overlapped simulated click trains and real click trains of bottlenose dolphin based on spectral analy-
sis. The separation method was based on sequential matching of the frequency spectra. Baggenstoss
[13] worked on the separation of overlapped sperm whale click trains including reverberant arrivals
using features of individual clicks. The features included re ection coe cient, power spectrum,
SNR, and so on of individual clicks. Zaugg et al. [14] worked on the real time classi cation of
sperm whale clicks from impulsive noise from vessels based on neural-network using spectral and
temporal features. Frasier et al. [15] developed an algorithm to classify delphinids in Gulf of Mexico
by unsupervised network by using spectral shape and inter-click interval distribution.



1.2 Data description

The acoustic data used to motivate our research were collected by Megan McElligott as part
of her MS research project [16]. Data were recorded at two locations: Makua Bay on O'ahu
and Kahekili on Maui (Figure 1.1). An overview of the data is given in Table 1.1. In addition
to anthropogenic and background noise and other vocalizations from dolphins, the data contain
spinner dolphin echolocation clicks and a lot of noise from snapping shrimp. Figure 1.2 shows the
waveform extracted from a data segment which contains dolphin clicks and noise from snapping
shrimp. A snapping shrimp snap is labeled along with spinner dolphin clicks in Figure 1.3.

Figure 1.1: Recording locations: Makua (upper) and Kahekili (lower)



Table 1.1: Data descriptions

Location H Makua Kahekili
Coordinates [16] 21.53210N, 158.23450W | 20.93892N, 156.69470W
Depth[m] [16] 18.0 11.2
October 1, 2016 July 8, 2016

Recording Date [16]

October 13, 2016

August 16, 2016

Duration([s] 30.2:0.06 30.3:0.02
Sampling frequency[Hz] 50000 64000
Number of data les 200 18
format wav wav

Figure 1.2: Raw waveform of click trains and impulsive noise (Location:
00002714.e, Time duration: 5.5-8.0s)

Makua, Filename:



Figure 1.3: Spinner dolphin clicks and snapping shrimp snaps (Location: Makua, Filename:
00000655.e, Time duration: 1.5-2.0s). (top) Waveform. (bottom) Spectrogram (window type:
Hanning, window size: 128).



In the time domain spinner dolphin clicks and snapping shrimp snaps appear very similar since
they are both impulsive. According to [17], the power spectral density of the snap of snapping
shrimp ranges from 600Hz to 200kHz and the peak-to-peak SL is around 185 dB re. Ra. Although
spinner dolphin clicks and the snapping shrimp snaps both have high frequency components up to
200kHz, their spectra are di erent. Unfortunately, the use of spectra to classify a pulse as snap
or click requires su cient sampling rate which is not always available. The sampling rates of our
data are 50000Hz or 64000Hz (Table 1.1), hence not su ciently high to classify by spectral analysis
studied in [12, 13]. Under the limitation of sampling rate, an important di erence between clicks
and snapping shrimp snaps and other impulsive noise is in timing. While dolphin clicks occur at
almost regular interval, impulsive noise often occurs with random timing.

1.3 Rhythmic analysis for odontocete echolocation clicks

Based on the assumption that the shrimp snaps are produced with random timing, our goal is to
develop an algorithm to detect/classify spinner dolphin click trains using solely rhythmic analysis.
Previous research [18{22] developed methods to detect click trains in sound data including other
impulsive sources. [18] developed an algorithm to deinterleave pulse trains focusing on di erences
of Pulse Repetition Interval (PRI) of each pulse train. They introduced the PRI map which is
analogous to a spectrogram in which the dependency on PRI is represented in place of frequency.
[19] improved the algorithm developed in [18] by scaling PRI bin widths on PRI values to make
the algorithm applicable to short pulse trains with long PRIs. They developed the algorithm for
radar and telecommunications and simulated pulse trains with 10% of missing clicks. [20] extended
the algorithm to real odontocete clicks. They used PRI and spectrum to detect sperm whale click
trains automatically. [21] worked on detection and separation for overlapped clear beluga whales
clicks. [22] extended the PRI map method to renewal processes for simulated click trains and clear
click trains of sperm whales.

[18, 19, 21, 22] used rhythmic analysis (i.e. timing information) alone, however they focused
on simulated click trains with no or little noise and real data containing clear (high signal to noise
ratio) click trains. Because our data contains a lot of shrimp snaps (i.e. very noisy data), the
previous methods cannot be used directly to detect spinner dolphin clicks. This MS research aims
to develop a method to detect/classify spinner dolphin click trains in noisy and low sampling rate
data by making use of rhythmic analysis.



CHAPTER 2
METHODOLOGY

2.1 Spinner dolphin echolocation click trains

2.1.1 Description

As mentioned in Section 1.2, our data contain a lot of noise from snapping shrimp. Since sampling
rate is insu cient to capture most of the signal, spectral analysis cannot be used to distinguish
between spinner dolphin echolocation clicks and shrimp snaps. Instead we use time information.
The time interval between clicks in a click train is called the Inter-Click Interval (ICI). We make
the assumption that IClIs within a click train are normally distributed, around some mean value,
and that impulsive noise sources do not have regular intervals. Figure 2.1 shows an example of an
ICI sequence extracted from a clear click train. Notice the decrease in ICI towards the end, which
is common in the click trains analyzed. The variability in ICI sets a limit on the time window
duration for which our assumption of constant ICI is applicable.

Figure 2.1: ICI variation (Location: Makua, Filename: 00002726.e, Time duration: 8.0-9.2s)



We assume ICls uctuate around some mean value over a time window of interest. To empirically
establish a good estimate of ICI variance, reliable click train time data were required. The click
trains should be clear and should not be contaminated by other spinner dolphin clicks, snapping
shrimp snaps, or other noise. Desirably, the start and the end of the click trains should be clear.
Although some click trains beautifully satis ed these requirements, many did not. In total, 19
click trains were used to investigate ICI properties. The data description including the averages
and standard deviations of ICIs and the numbers of clicks oMM is given in Table 2.1. The
corresponding ICI plots are given in the Appendix.

Table 2.1: Data descriptions

Data \ X [s] \ A 8] \ M ‘

No.1, Makua, 00000753.e, 9.9-10.5s || 0:029 | 0:0081| 10
No.2, Makua, 00000755.e, 4.3-6.5s || 0:131 | 0:0406| 15
No.3, Makua, 00000760.e, 3.5-6.3s || 0:128 | 0:0439| 21
No.4, Makua, 00000951.e, 27.7-28.5s|| 0:106 | 0:0043| 6
No.5, Makua, 00000961.e, 26.0-26.9s|| 0:060 | 0:0133| 12
No.6, Makua, 00001355.e, 13.6-15.6s|| 0:077 | 0:0062 | 23
No.7, Makua, 00001357.e, 10.6-11.7s/| 0:086 | 0:0035| 10
No.8, Makua, 00001358.e, 28.6-30.2s/| 0:137 | 0:0127| 10
No.9, Makua, 00001359.e, 27.7-30.2s|| 0:130 | 0:0223| 17
No.10, Makua, 00002124.e, 18.5-19.0§ 0:039 | 0:0042 | 10
No.11, Makua, 00002658.e, 25.6-27.8g 0:362 | 0:0358| 5
No.12, Makua, 00002668.e, 27.9-28.3g 0:025 | 0:0086 | 11
No.13, Makua, 00002714.e, 10.1-11.1§ 0:075| 0:0237| 9
No.14, Makua, 00002726.e, 8.0-9.2s || 0:029 | 0:0089| 39
No.15, Makua, 00002727.e, 16.8-18.2§ 0:077 | 0:0055| 16
No.16, Makua, 00003557.e, 9.5-10.0s|| 0:034 | 0:0076| 9
No.17, Makua, 00003579.e, 27.5-30.2§ 0:210 | 0:0244 | 11
No0.18, Makua, 00003582.e, 0.0-6.0s || 0:196 | 0:0623| 27
No.19, Kahekili, 00007912.e, 18.8-20.0s 0:112 | 0:0146| 8

Mean values ‘ O:lO?‘ O:0184‘ 14:2 ‘

o0




2.1.2 Statistical analysis

We tested the calculated ICls for normality using Lilliefors test. Lilliefors test compares the di er-
ence between empirical distribution function EDF and cumulative distribution function CDF to
determine if a distribution is normally distributed. EDF and CDF are de ned as

1%
EDF (y) = T v, y (2.1)
i=1
Z

y
CDF (y) = . fno (y)dy (2.2)

respectively, wherey; is variables from the distribution which is tested, 1y, y is the indicator
function of event Y; vy, L is the number of elements in the sample vy, fnp is a probability
density function of the normally distributed function generated from the distribution which is
tested. Figure 2.2 shows an example dEDF and CDF .Lilliefors test set a null hypothesis as
variablesY; comes from normally distributed data set. We implemented the Lilliefors test for each
5 click (4 ICI) block with a 1 click sliding window. For each 5 click block, the sample meanXs
and the estimated standard deviation & were calculated. Figure 2.3 shows an example of the
calculated X 5 with a moving 5 click block.

Figure 2.2: EDF and CDF



Figure 2.3: X5 variation with moving 5 click block for the click train shown in Figure 2.1 (Location:
Makua, Filename: 00002726.e, Time duration: 8.0-9.2s)

By comparing the maximum discrepancy betweerEDF and CDF , max (JEDF  CDFj), with
the Lilliefors test statistic critval , each 5 click block was tested for normality. At a signi cance
level of =0:05, only 7 click blocks out of a total of 212 were not normally distributed. The
percentage of normally distributed data was 967%. Figure 2.4 shows the relationship betweerX 5
and .
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Figure 2.4: X5 vs % for the 212 5 click blocks analyzed

Figure 2.4 shows most data clustering below arouncKs 0:1s. To avoid classi cation

performance degradation by using an unnecessarily large, we focused on the data with

X5 0:1s. The practical consequence of this decision to cut o at fls means that click sequences

with longer ICls (and more variance) may not be detected/classi ed by our technique. Since we

expect that a dolphin encounter will (mostly) include shorter ICls in addition to possibly longer

ICIs [23], and as we are not concerned about missing some click sequences, we consider this

tradeo acceptable for our application. Only the data points corresponding to normally

distributed 5 click blocks and with X5 0:1s were kept. The mean of the all remaining £was
=0:004s.
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2.2 Data pre-processing

Algorithm for detection/classi cation requires sound data to detect impulsive signals including
spinner dolphin clicks and snapping shrimp snaps. Firstly, raw wav data were pre-processed by a
high-pass lter, scaling-factors, and Teager-Kaiser algorithm. Then, pre-processed data were input
into Page test detector to detect the impulsive signals.

2.2.1 Highpass lItering and scaling
2.2.1.1 Highpass lter

Frequencies of up to 25kHz and 32kHz are sampled by the Makua and Kahekili datasets, respec-
tively. Since spinner dolphin echolocation clicks have high frequency components up to 200kHz, we
can focus on the high frequency components in the data to reduce low frequency noise. Therefore,
a second-order Butterworth high-pass Iter was introduced to remove low frequency components.
The cut-o frequency was 18kHz and the transition band was 1% of the cut-o frequency.

2.2.1.2 scaling-factors

The recording environment such as location and equipment changes for each recording. Conse-
qguently, the signal amplitude in the di erent data sets is not consistent. Since we want consistency,
scaling is required. First, the DC o set was removed as

X
xac ()= x(n) o x(n) (2.3)

n=1
Second, for the Makua data and the Kahekili data, the maximum amplitude was identi ed over all
data for the location. The inverse values of the maximum amplitude was used as a scaling-factor
A. Apm was 138836 for the Makua data set andAx was Q95098 for the Kahekili data set.

2.2.2 Teager-Kaiser algorithm

The Teager-Kaiser (TK) algorithm [24] was used to enhance signal detection. The TK energy
operator Etk is de ned as

Etk(n) = P x2(n) x(n+1)x(n 1) (2.4)

for a discrete-time signal [25]. In the case that the di erences betweex(n +1) and x(n 1) are
small, Etk (n) becomes small value. On the other hand, in the case that the di erence between
x(n+1) and x(n 1) is large, Evk (n) becomes large value. Therefore, the ternx(n +1)x(n 1)
works to extract high energy signals. Figure 2.5 shows the highpass Itered waveform (blue), the
TK energy operator (red), and the squared highpass Itered waveform(green). Figure 2.6 shows
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the di erence of the signal detection results between cases for which the TK algorithm was
applied and not applied. The TK algorithm reduces the number of noisy detections.

Figure 2.5: TK energy operator output (Location: Makua, Filename: 00000753.e)

Figure 2.6: Signal detections without TK algorithm (upper) and with TK algorithm (lower) (Lo-
cation: Makua, Filename: 00000753.e, Time duration: 9.9-10.5s))
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2.2.3 Page test detector

The Page test detector [24] was used for signal detection instead of a simple threshold detector
[24]. The advantage of using the Page test is that a threshold does not need to be set or modi ed
for signal detection. This makes the Page test detector more robust than the simple threshold
detector, especially in situations where the noise level is not stable. It requires four parametersty
as the threshold for signal detection,T; as the threshold for noise detection if previous sample was
classi ed as signal, T, as the threshold for the noise detection if previous sample was classi ed as
noise, and as the coe cient of noise level N (n) calculation. The noise level is calculated as

N(n)= N(n 1) @ )+ x3n) ; (2.5)

where x(n) is the current sample. The initial value N (0) is calculated asN (0) = x2(all), where
x2(all) is the mean square over all samples in the current data setN (0) is not necessarily
reasonable. IfN (0) is much higher than the actual noise level, the Page test will not detect any
signals until N (n) stabilizes to the noise level. The smaller is, the longer it will take for N (n) to
stabilize. To ensureN (n) has stabilized before the actual detection process starts, the Page test is
iterated four times before the actual detection session starts. Figure 2.7 shows an example of how
N (n) stabilizes after 5 iterations of the Page test (in fact, N (n) has stabilized after only one
iteration here).
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Figure 2.7: An example of the noise leveN (n) transition (= 0:0001, Location: Makua, Filename:
00000753.e, Time duration: 9.9-10.5s)

The Page test calculatesV (n) to decide if the current sample x(n) is signal, noise, or neither.

2

V() = 1og 1o( 3 ) (2.6)
If V(n) > Ty, x(n) is labeled as signal. I1fV(n) < T, x(n) is labeled as noise. HereTy is T1 or Ty,
depending on the previous decision. It is possible that data points are labeled as neither signal
nor noise. For these unlabeled data points, if the previous or the following data point has been
labeled as a signal, the current data point is also labeled as a signal. The remaining unlabeled
samples are labeled as noise. The resulting Page test detections span multiple samples. To narrow
the detection time down to a single sampletime, a time window is used to de ne the detection as
the maximum signal in the time window. The time windows length was set to 001s. For Makua
data, the Page test parameters were chosen ag = 0:9dB, T, = 0:85dB, T, =0:8dB, =0:01.
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2.3 Click detection using the complex autocorrelation

2.3.1 Complex autocorrelation function

The complex autocorrelation function was developed to estimate ICI without contamination by
sub-harmonics as occurs with autocorrelation and histogram methods [18, 19, 21, 22]. The regular
autocorrelation (RAC) of function f (t) is de ned as

y
rs)=  f@Of( s)dt 2.7)

where s is the ICI. Incorporating the exponential coe cient, the complex autocorrelation (CAC)
is de ned as Z .
()= fF@Wf(t s)exp 2] s dt; (2.8)

wherej = P ~ 1. Since Eq. (2.8) is the continuous form, it needs to be rewritten in the discrete
form for digital data and Matlab coding. To derive the discrete form, we represent the signal
function f (t) as

X
f ()= t i) (2.9)

where is the discretized time of signal and is the Kronecker delta function, which is de ned as

8
<1 k=0
(k) =, (2.10)
-0 k60:
Using Eqg. (2.9), the continuous form of the CAC function Eq. (2.8) is transformed into
Z x X ¢
(s) = t ) (t s j)exp 2] S dt: (2.11)
i j
The integrand is only non-zero when
t =0\t s ;=0 (2.12)
s= i (2.13)



Therefore, Eq. (2.11) is transformed into

X X .
(s) = (s (i Dexp 2j < (2.14)
i

without the integral symbol. Although the theoretical limitation of the neness of s or ssep Was
de ned by the sampling frequency assstep = 1=fs, in practice, it was set to Ssiep = 0:0001s to
reduce computation cost. Since it is unlikely that Eq. (2.13) will be satis ed due to the numerical
calculation, we also incorporated an absolute tolerancéol = 0:004s in the implementation of Eq.
(213). Ifs tol j  jj s+tol,weset (s (i j)) =1 The larger the tolerance tol, the
higher the peaks of (s) will be at the correct ICIls. However, a larger tol will also include more
noise. In other words, there is a tradeo between the height of the peaks and robustness to noise
and tol should be chosen to capture as many correct ICls as possible without introducing too
much noise. The minimum limit of s was set totol = 0:004s since it is the smallest value to
satisfys tol 0.

The time windows sizet,, is duration of one autocorrelation calculation and was studied in
Section 2.3.2.2. For now, it was set to 1 so that all dolphin click trains can be detected. Figure
2.8 (left) shows the ICI uctuation of a simulated dolphin click train with is =0:1s, =0:005s,
and the number of clicksM = 10. Figure 2.8 (middle) shows the RAC output and Figure 2.8
(right) shows the CAC output. The highest peak at ICI = 0:1s is evident, however, sub-harmonic
peaks also exist in Figure 2.8 (middle). The sub-harmonics are suppressed by the complex
autocorrelation, although the suppression is not perfect because of ICI uctuation and the nature
of the complex autocorrelation. The amplitude of the noisy peaks depends on and M .

Figure 2.8: ICI (left), RAC output (middle), and CAC output (right) of a click train ( = 0:1s,
=0:005s,M =10, tol = 0:004s,Sstep = 0:0001s,ty, = 1)
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2.3.2 Study of the appropriate time window size
2.3.2.1 The relationship between and M

The objective of introducing the complex autocorrelation is to obtain a clear peak at the correct
ICI. Therefore, we are interested in the primary peak to secondary peak ratioR which can be
used to quantify the prominence of the primary peak. For example, for Figure 2.8 (right),R =
erf;’;’)iaa'l‘( = 5282 = 2:29. Figure 2.9 shows the results of a simulation where complex autocorrelation
was calculated for various combinations of = 0:01; 0:02;:::; 0:2s, =0; 0:0002:::; 0:02s,M =
10; 40; 70; 100. Then, primary peak height and secondary peak height are picked for each parameter
combination. Figure 2.9 (left) shows vs primary peak height, Figure 2.9 (middle) shows vs

secondary peak height, and Figure 2.9 (right) shows vsR for number of clicksM = 10; 40; 70; 100.

Figure 2.9: vs primary peak height (left), vs secondary peak height (middle), vs primary peak
height to secondary peak height ratioR (right) ( =0:01; 0:02:::; 0:2s, =0; 0:0002:::; 0:02s,
tol = 0:004s,sstep = 0:0001s,ty, =10 s)

Although Figure 2.9 (left) shows a clear relationship betweenM at < 0:005s, we are interested
in the detail at higher and the lower peak ratio region. For eachM , there will be a sigma below
which the main peak is no longer unambiguous; we wish to explore and quantify this limit. We
want to establish a criterion that de nes the maximum  for click train detection and we focus on
the lowest primary peak height to secondary peak height ratioR.. Figures 2.10 and 2.11 show the
results of a simulation where dolphin click trains and noise are generated foM = 10; 40; 70; 100
and the noise to signal ratioNSR = 0; 0:25; 0:5. NSR is the inverse of the usual signal to noise
ratio SNR. Here, NSR de nes the number of pseudo clicks (or false positives) as

Mnoise M NSR. For example, if M =10 and NSR =0:25, then Mgise =10 0:25 3. In
this case, 3 noise samples contaminate 10 clicks and the rst 10 signals are used for the further
calculation. The red circles represent the lowesR for every 10 data points represented by the
blue dots. Fitting curves were determined for everyM and NSR. We useR; = 1:5 as our limit
and nd the intersections with the tting curves to obtain the theoretical limit of , OF  jimit -
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