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Abstract

This dissertation focuses on two vital challenges in relation to whale acoustic
signals: detection and classification.

In detection, we evaluated the influence of the uncertain ocean environment on the
spectrogram-based detector, and derived the likelihood ratio of the proposed Short
Time Fourier Transform detector. Experimental results showed that the proposed
detector outperforms detectors based on the spectrogram. The proposed detector is
more sensitive to environmental changes because it includes phase information.

In classification, our focus is on finding a robust and sparse representation of whale
vocalizations. Because whale vocalizations can be modeled as polynomial phase sig-
nals, we can represent the whale calls by their polynomial phase coefficients. In this
dissertation, we used the Weyl transform to capture chirp rate information, and used
a two dimensional feature set to represent whale vocalizations globally. Experimental
results showed that our Weyl feature set outperforms chirplet coefficients and MFCC
(Mel Frequency Cepstral Coefficients) when applied to our collected data.

Since whale vocalizations can be represented by polynomial phase coefficients, it
is plausible that the signals lie on a manifold parameterized by these coefficients.
We also studied the intrinsic structure of high dimensional whale data by exploiting
its geometry. Experimental results showed that nonlinear mappings such as Lapla-
cian Eigenmap and ISOMAP outperform linear mappings such as PCA and MDS,

suggesting that the whale acoustic data is nonlinear.
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We also explored deep learning algorithms on whale acoustic data. We built each
layer as convolutions with either a PCA filter bank (PCANet) or a DCT filter bank
(DCTNet). With the DCT filter bank, each layer has different a time-frequency scale
representation, and from this, one can extract different physical information. FEx-
perimental results showed that our PCANet and DCTNet achieve high classification
rate on the whale vocalization data set. The word error rate of the DCTNet feature
is similar to the MFSC in speech recognition tasks, suggesting that the convolutional

network is able to reveal acoustic content of speech signals.
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Introduction

This dissertation focuses on detection and classification of whale vocalizations in
the time-frequency plane. We will first introduce the background and motivation to
study whales in Section[I.1] and basic knowledge of whale vocalizations in Section[I.2]
We will then briefly go through the time-frequency representations on signals in
Section [1.3] The review of current works on whale acoustic signals detection and
classification will be in Section [1.4] and Section [I.5] respectively. We present the
outline and contributions of the dissertation in Section [[.6l The contributions of the
dissertation, in short, are using linear and nonlinear methods to analyze the time-
frequency characteristics and acoustic structures of whale vocalizations in order to

improve detection and classification.
1.1 Background and Motivation

There are 129 species of marine mammals [I], all of which rely on the aquatic
environment for feeding [2]. Marine mammals can be divided into four recognized
groups; cetaceans, pinnipeds, sirenians, and fissipeds [3]. Whales, dolphins, and por-

poises belong to the group of cetaceans. There are two suborders of them: mysticetes
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and odontocetes. Mysticetes, or baleen whales, do not have teeth, and use baleen
to filter small prey from sea water. Odontocetes, or toothed whales, have teeth and
feed largely on fish and squid [4].

Studies of whales can help understand the ocean and better protect the environ-
ment. Human activities have heavily affected the ocean environment. Many whales
have been killed because of vessel collision, hunting, and fishing. Sound pollution-
such as military sonar, commercial vessel traffic noise, and seismic exploration from
oil industry can have a significant impact on whales. Sadly, some cetaceans have
even become extinct, and it is thought that sound pollution could be a contributing
factor [5].

Whales have made contributions to national security and economic development.
Their sense of hearing is more well-developed than that of humans. Research has
shown that whales can translate sounds into mental images, and distinguish brass,
aluminum and stainless steel in the mud. They have been trained to hunt for mines
so that the acoustic transponders can be dropped nearby [6]. They have also been
used by the US Navy to patrol and lookout for the enemy who try to infiltrate the
submarine base. During the Vietnam War, dolphins patrolled Cam Ranh Bay to

prevent attack from the Vietnam army [0].

1.2  Whales Vocalizations

1.2.1 Sound Production

The sound production of whales is different from that of humans. Humans pro-
duce sound by the vibration of vocal cords in the larynx. The sound is also affected
by the shape changes of tongue, lips and oral cavity (mouth) [7]. The sound pro-
ductions of toothed whales and baleen whales are different. Toothed whales produce

sound through the phonic lips, which function like the human nasal cavity. The
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vibration of phonic lips produces clicks, whistles and burst pulses [§].

Baleen whales use the larynx for sound production. By contracting muscles in
the chest and the laryngeal sac in the throat, the whales can change the frequency
and amplitude of sound [9, [10].

Whales can produce sounds by slapping the water with their body. For example,
humpback whale and bottlenose dolphins can slap their tail to produce a broadband
sound (30-12kHz) [11].

1.2.2  Types and Purposes

Toothed whales are able to produce echolocation clicks at frequency ranged from
0.2 to 150kHz for navigation and food hunting. The higher frequencies can reveal
detail information of the target, while the lower frequencies are likely used for distance
communication. Echoes from clicks can convey the size, shape, speed, texture and
direction of the target [12].

In addition to clicks, most toothed whales can produce whistle type sound, which
are used for communication. Bottlenose dolphins, for example, make a wide variety
of whistles to distinguish and recognize each other. Each dolphin also makes its own
unique sound called a “signature whistle”. Scientists believe that these signature
whistles may be used to identify itself to pod mates [13].

Baleen whales produce primarily low frequency sounds - mostly below 5000 Hz.
The low frequency sounds, which range from 20 to 200 Hz, are moans, grunts, thumps
and knocks. The high frequency sounds, which are above 1000 Hz, are whistles, cries
and songs. Humpback whales are able to generate a series of complex repeated units
of sounds, which together is called a song. The song can last for up to 20 minutes.

It is produced by the male during the mating season to attract females [14].
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1.2.3  Signal Model

We now turn to the crucial question of how to model whale vocalizations math-
ematically. The whale sounds can be considered to carry information, therefore
they can be modeled as amplitude modulated (AM) and frequency modulated (FM)

signals [4, [I5]. They can be simply represented as [4, [16]:

N
s(t) = A(t) cos(2m Y- apmt™) (1.1)
m=0
N
where A(t) is the amplitude, Y a,,t™ is a polynomial phase, and {a,}Y_, are
m=0

the polynomial coefficients. Signals that has the form like eq. are known as
polynomial phase signals. For quadratic phase signals (m = 2), ay is the start
frequency, a; is the slope, and ay is the curvature [16].

For complex whale vocalizations, such as humpback whale song, we can use piece-
wise polynomial phase model like the music signals [17]:

N

s(t) = Y sit) = ZZ Ajg(t) cos(2m Y aigmtly) (1.2)

i m=0

where A,(t) cos(2m Y, agmty’) is the g-th sinusoid or harmonic at time ¢, and s; =

0

T M=

D A 4(t) cos(2m

q

tion and classification studies are based on formula eq. (1.1)) and eq. (1.2).

e

Qi qmtiy) is the signal at time frame i. Many bioacoustics detec-
0

1.3 Time-Frequency Representations

Many whale vocalizations are non-stationary signals, in order to study frequency
properties at a particular time, or to study time properties at a particular frequency,

we need the time-frequency techniques to analyze such signals [I8]. Methods such

4
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as the short time Fourier Transform (STFT) [19], the wavelet transform [20], 21, 22],
the ambiguity function [23, 24] and the Wigner-Ville distribution (WVD) [25] 26],
the chirplet transform [27] and the Empirical Mode Decomposition (EMD) [28] have
been used in this field [4, 29, B0, B1]. We present briefly the STFT, the wavelet
transform, the ambiguity function and the WVD in the following paragraphs.

The STFT has been used extensively for analyzing speech, music and other non-
stationary signals. The STFT is to take the Fourier transform of a window segment
of a signal, as the window slides in time. From the STFT, we can generate a spectro-
gram to examine the energy distribution of the signal in the time frequency plane.
Spectrograms are among the simplest and natural tools to analyze AM-FM types
signals [I8, [32]. It can sparsely represent signals’ energy ribbons localized along
time-frequency trajectories [33]. Examples of spectrograms of whale vocalizations

from Mobysound [34] are shown in Figure and Figure [1.2]

1500
1400
1300

quency [Hz]

Fre

0.5 1
Time [s]

FIGURE 1.1:

0.2 0.4 0.6 0.5 1 0.2 0.4 0.6 0.3 1
Time [s] Time [s] Time [s]

1 15 2

FIGURE 1.2: Spectrogram of humpback whale signals

The wavelet transform is another time-frequency representation, or more appro-
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priately, time-scale representation. The wavelet transform can be expressed as an
inner product of signals with a family of translates and dilates of a mother wavelet,
or a wavelet function. The difference between the wavelet transform and the STFT is
that the STFT uses a single analysis window, while the wavelet uses short windows at
high frequencies and long windows at low frequencies. Therefore, the wavelet trans-
form has a coarser frequency resolution at high frequencies, and a finer frequency
resolution at low frequencies; while the STFT has the same frequency resolution at
all frequencies. We can generate a scalogram to examine the energy distribution of
signals by using the wavelet transform.

The WVD and the ambiguity function are among the Cohen’s class of bilinear
time-frequency energy distribution [I8]. The WVD and the ambiguity function have
a better energy localization in the time-frequency plane compared with spectrograms,
but they have confusing artifacts for multicomponent signals [I8, 32]. To attenuate
the artifacts, we can apply a kernel function to the ambiguity function and the
WVD. Distributions such as the pseudo Wigner Ville distribution, the Born-Jordan
distribution and the Choi-Williams distributions are techniques which incorporate
kernel functions into the ambiguity functions and the WVD [18 [35].

We perform detection and classification on whale vocalizations based on these

time frequency representations.

1.4 Detection

By detection, we refer to monitoring, tracking and identifying whales. Detecting
the occurrence of whales can give us a better understanding of their living pattern, the
ocean environment and underwater sound propagation. Passive Acoustic Monitoring
(PAM) is essential to detect marine mammals. PAM is based on listening to whale

vocalizations without interfering with their behaviors. With the use of PAM, marine
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biologists have been able to listen to the sounds of marine mammals, and track and
locate them [306] [37, [38].

In order to successfully identify whale vocalizations, we have to understand the
ocean acoustics propagation and some important relevant signal processing tech-

niques. The following constitutes a brief review on these topic.

1.4.1  Ocean Acoustics Propagation

Information transmission in the ocean occurs primarily via acoustic waves. Sound
speed is the major physical characteristic affecting acoustic propagation through
the ocean. Sound speed in the ocean is influenced by temperature, salinity and
pressure of the sea water [39, [40] 41]. Because temperature, salinity and pressure vary
temporally and spatial, the sound speed also varies. The speed of sound changes with
depth, yielding what is known as a sound speed profile [40]. The spatial variability
gives rise to refraction of the sound. Refraction and reflection from the sea surface
and bottom contribute to multipath propagation [40]. Multipath ocean propagation
leads to dispersion and time spread of transmitted signals [42], which is a particular
challenge for whale acoustic detection.

Propagation of sound through water is described by the wave equations, with ap-
propriate boundary conditions. A number of models, such as the ray theory model
and the normal mode model have been developed to simplify propagation calcula-
tions 39, [43]. The ray theory model assumes the potential function, or the prop-
agated signal, to be the product of a phase function and a amplitude function. In
simulation, we can use the Bellhop ray tracing model [44] to obtain the amplitude
and phase, and from which we obtain the propagated signal. The normal mode model
assumes the potential function to be the product of a depth function and a range
function. In simulation, we use KRAKEN [45] to obtain the potential function.

In this dissertation, we evaluate the multipath propagation environment effect on
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detection in the time-frequency plane. To make the problem trackable, we use the
Bellhop ray tracing model to obtain transmitted signals. Experimental results show
that when the signal to noise ratio (SNR) is low, detection based simply on cross
correlation coefficients between the target signal’s spectrograms and the predefined
signal template is not desirable, because of multipath dispersion effect. To improve
the detection performance, we need to have a probability distribution of transmitted
signals’ spectrograms. Section [1.6| and Chapter |3| have more details on improving

multipath signal detection.

1.4.2 Detection Techniques in the Time Frequency Plane

Time-frequency techniques are widely applied in whale vocalizations detection.
Lopatka et al, Adam, and Adam et al used the STFT, the wavelet transform, the
chirplet transform and the EMD transform to analyze whale vocalizations and per-
form detection [31), 46}, 47).

Many detection methods have been proposed to detect marine mammals based
on spectrograms, Mellinger and Clark proposed the spectrogram correlation [48, 49],
Gillespie proposed frequency contour edge detection method [50], and Mellinger et al,
Buck and Tyack, Madhusuhana et al, Mallawaarachchi et al used extracted contours
from whale calls’ spectrograms for detection [51) 52, (53], [54]. The idea behind these
methods is to form a template of the target whale vocalization in the time-frequency
plane, and cross correlate received signals with the predefined template.

However, as stated above, multipath propagation environment will give rise to
dispersion to transmitted signals. Detectors based on cross correlation coefficients
of signals and a fixed template, without considering multipath dispersion effect, are
likely having false alarms or miss detections. When the SNR is low, or the source of
whale vocalizations is far from receivers, performance of detectors based simply on

spectrograms is far from desirable.
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In addition, spectrograms neglect phase information. Phase information is partic-
ularly useful for signal reconstruction and source localization [55]. Studies have found
that the phase spectrum is more sensitive than the magnitude spectrum for signal
recognition when the window function of the STFT is appropriately chosen [56], 57].
By incorporating phase information and magnitude information, we can improve
detection performance.

In this dissertation, we quantify the loss of detection performance of the spectro-

gram based detectors, as well as detectors’ sensitivity on uncertain ocean environment

in different SNR.

1.5 Classification

After signals are detected, the next step is often to perform a classification process
on the signals. By classification, we refer to the problem of identifying the category
to which a new observation belongs; that is mapping the input data to a category.
Signal representation, or feature extraction, is an important aspect in classification.
Effective signal representation can reduce data dimension, and reduce computational
complexity, and consequently avoid “curse of dimensionality” [58]. We can use para-
metric models and non-parametric models for signal representation. We first talk
about parametric models, then non-parametric models.

Given a signal s(x), where x € R™, a parametric model represents s(x) as:

s(x) = f(x|0;,i=1,--- | K)

where {0}X | are the parameters to be fitted, and where f() is the mapping from the
K-dimensional parameter space to the signal manifold. Broadly speaking, the aim

is to find the best possible parameter fit for {#}X,, that is:

min||s(x) — £ (x/6)|. (1.3)
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We can also map the signal s(x) to another space T'(s(x)), where T'(-) is the
transformation chosen to highlight certain patterns or structure in the data. The

transformation 7'(-) can be linear or nonlinear. We then compute

i [7(s(x)) ~ g (18 (14)

where ¢ is a function, and y are the points defined in the space of T'(s(x)). Many
time-frequency representation techniques such as the STEF'T, the wavelet transform,
the WVD and the chirplet transform are examples of the transformation.

Non-parametric models do not seek to fit for {#}X  instead, they exploit signal
geometric and topological information for representation. Manifold mapping is one
of the examples. It computes a low dimensional embedding of high dimension data
from an underlying manifold for decision making [59]. Manifold mappings can be
linear and nonlinear. The principal component analysis (PCA) [60} [61] and multidi-
mensional scaling (MDS) [62] are linear mapping methods. For nonlinear mappings,
the low dimensional embedding lets the nearby points in the high dimensional space
remain nearby [59]. Therefore, the nonlinear mappings can preserve geometric prop-
erties of nearest neighbors. Popular nonlinear manifold mappings includes Local
linear Embedding (LLE) [63], Laplacian Eigenmap [64], ISOMAP [65] and diffusion
map [66].

The following gives a brief review on signal representation techniques in whale

vocalizations classification.

1.5.1 Classification using the Time Frequency Analysis Techniques

In whale acoustic classification, many time-frequency representation techniques
have been applied to perform feature extraction. O’Neil et al used chirplet transform
for whale acoustic signals representation [67], then Bahoura and Simard, Bahoura et

al used the STF'T, the wavelet transform and the chirplet transform for whale vo-
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calizations classifications [29, [30].

In acoustic signal processing, the MFCC (Mel Frequency Cesptral Coefficients) is
one of the most popular features for speech recognition and music classification [68].
The process of MFCC is to project and bin the spectrogram of a signal according to
a log frequency (Mel) scale. MFCC has been applied as a feature to whale vocaliza-
tions classification. Pace et al and Roch et al used MFCC as features then applied
Gaussian Mixture Model (GMM) or Hidden Markov Model (HMM) for classifica-
tion [69] [70] [71]

The MFCC involves first order frequency information alone, and therefore gives
no direct information about the higher order coefficients of polynomial phase signals.
Therefore, it should be possible to design a better feature set for whale vocalizations.

Because whale sounds can be modeled as polynomial phase signals, we can use
the estimated polynomial coefficients in the time-frequency plane for representation.
We can also exploit the geometry of the data and perform nonlinear mapping to the
manifold parameterized by polynomial coefficients {a,,}Y_,. By doing this, we can
use fewer parameters for data representation. Details on whale data representation
can be found in Section [I.6] and Chapters [4] - [6]

Deep learning, a current popular topic in machine learning community, has been
applied in whale vocalizations classification recently [72, [73]. The effectiveness of
multi-layer convolutional networks for learning features has been established in audio
signal processing, such as speech recognition and music classification [74], [75] [76] [77].
The idea of a convolutional network is to convolve signals with filters, and use the
obtained features for classification. In order to explore the time-frequency content
of audio signals, Andén and Mallat have proposed the scattering transform [78] for
audio signal. Although it demonstrated some success upon a music genre dataset
and some speech datasets, more testing or more improvement are needed for this
algorithm.

11
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1.5.2  Manifold Mapping

The manifold mapping approach involves exploiting the geometrical information
of the signal for representation. It is based on the assumption that the high dimen-
sional natural data actually resides on a low dimensional manifold, so fewer degrees
of freedom are required to understand such data. The manifold structure of speech
sounds stresses the nonlinear relation between articulatory and acoustic space [79].
We can apply alternative distance metrics such as geodesic distance and diffusion
distance along these manifold to represent the acoustic signals. Algorithms such
as LLE, ISOMAP, Laplacian Eigenmap and diffusion maps have been shown to be
successful in the context of speech signal processing [64], 79, 80, 81]. By applying
nonlinear manifold mapping methods to whale vocalization data and examining the
eigenvalue distributions, we can estimate the intrinsic dimension of the data, which
relates to the number of polynomial phase coefficients of eq. and eq. . The
nonlinearity of the data structure can be justified by comparing classification accu-
racy of the nonlinear manifold mapping methods with the linear mapping methods,
such as PCA and MDS, on the whale data. Manifold mapping methods can be

viewed as an alternative to parametric methods.

1.6 Outline and Contribution

The remaining chapters are organized as follows:

Chapter 2 presents detailed background knowledge on time-frequency methods,
such as the STF'T, the ambiguity function and the WVD. The interpretations and
characteristics of these methods are essential for the contributions of this disserta-
tion. We also present basic formula and concepts on hypothesis testing and ocean
propagation models.

Chapter 3 is about underwater passive acoustic detection. It gives the probability

12
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distribution, likelihood ratio and acoustic detection bound based on spectrograms
and the STFT under the multipath propagation ocean environment. We found that
by retaining the phase information in detection, the detection performance will be
improved, while being sensitive to environmental changes, compared with detectors
based on spectrograms. Detailed derivations and proof of probability distribution of
detection based on the STFT can be found in Appendix [A]

Chapters 4 - 6 are about whale vocalizations classification. In Chapter 4, we
apply the Weyl transform to whale vocalizations, and obtained from it global features
which capture chirp rate information of signals. Experimental results show that our
proposed feature sets outperform both the MFCC and the chirplet transform in the
Duke marine lab vocalization dataset.

We study the intrinsic structure of whale vocalizations in Chapter 5. We apply
manifold mapping techniques of PCA, MDS, ISOMAP and Laplacian Eigenmap on
whale data. The nonlinear methods can well represent the data in a lower dimension,
and well capture the physical information of whale calls. This observation strongly
suggests that the structure of whale vocalization is nonlinear rather than linear. This
chapter gives a geometric interpretation to the Weyl feature set in Chapter 4.

We explore deep learning algorithms on whale vocalizations in Chapter 6. We
associate convolutional network with filterbanks in the STFT, and apply multilayer
PCA filterbanks (PCANet) and propose multilayer DCT filterbanks (DCTNet) for
acoustic signals feature extraction. For the DCTNet, each layer has different time-
frequency scale representation, and can reveal different physical content of signals.
The PCANet, on the other hand, can filtered out noise in each layer. Experimen-
tal results show that using both PCANet and DCTNet features can achieve high
classification rate in the whale vocalization data, and the DCTNet feature achieves
state-of-art performance. The word error rate of the DCTNet feature is similar to
the MFSC in speech recognition tasks, suggesting that the convolutional network is

13
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able to reveal acoustic content of speech signals.
Chapter 7 gives conclusion of this dissertation and future research direction.

To summarize, the contributions of this dissertation are as follows:

o We quantify the loss of detection performance of spectrograms based detectors,
and evaluate their sensitivity on uncertain ocean environment in different SNR.
We also theoretically and experimentally evaluate the detection performance
and the environmental sensitivity in the time-frequency plane of detector with
phase information (the STFT detector), which can achieve optimal detection
performance when noise is additive white gaussian, and the environmental

parameters and signals are known exactly (Chapter [3)).

e We apply Weyl transform for acoustic feature extraction, and represent the
whale vocalizations with two-dimensional feature set, which has the chirp rate
and base frequency information (Chapter [4)). The fact that we can use two
dimensional feature set to represent whale vocalizations is related to its intrinsic
structure and intrinsic dimension. We apply linear mappings such as PCA
and MDS, and nonlinear mappings such as Laplacian Eigenmap and ISOMAP
to the data, and examine their eigenvalue distributions, the clustering effect,
and classification accuracy. The results suggests the nonlinearity of whale

vocalizations (Chapter [5)).

e We use PCANet and propose DCTNet for acoustic feature extraction. We
associate filterbanks for convolutions in deep learning with filterbanks in the
STFT, and show that DCTNet are essentially multi-level time-frequency rep-

resentations, revealing different physical acoustic content. (Chapter @
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Background

2.1 Time-Frequency Representations

In this sections, we will go through the definitions of the Short Time Fourier
Transform, the spectrogram, the wavelet transform, the chirplet transform, the am-
biguity function and the Wigner-Ville distribution. The Short Time Fourier Trans-
form, the wavelet transform and the chirplet transform are linear. The spectrogram,
the ambiguity function and the Wigner-Ville distribution are among the Cohen’s

class bilinear or quadratic representations.

2.1.1 Short Time Fourier Transform

1. Definition and Interpretations

The Short Time Fourier Transform (STFT) of a function s with respect to g is
defined as [82]:

Vys(z,w) = JRd s(t)g(t — x) exp(—jtw)dt, for z,weR (2.1)
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The discrete time STFT is defined as [83]:

0

Sn,w) = > s(k)g(n — k) exp(—jwk). (2.2)

k=—o0

where s(n) in this case is an acoustic sequence. It represents the Fourier transform

of a window segment of the acoustic waveform as the window g(n) slides in time.

Eq. (2.2) can be written as:
S(n.w) = [s(n) exp(—jwn)] * g(n) (2.3)
where = denotes convolution. In this case, the STFT can be interpreted as mod-

ulating the signal s(n) with exp(—jwn), and convolving it with the window g(n).

The modulated signal passes through a low pass filter. The process is shown in

Figure [83].

s(n) —» x —>» g(nh) — S(n,w)

!

exp(—jwn)
FIGURE 2.1: System evaluating Short Time Fourier Transform
Eq. (2.2)) can also be written as:
S(n,w) = exp(—jwn){s(n) = (g(n) exp(—jwn))} (2.4)

In this case, the STFT can be interpreted as the signal passes through a bandpass
filter. The process is shown in Figure [83].

s(n) = g(n)exp(jon) = x )—=>S(n, w)

f
exp(—jan)

FIGURE 2.2: Alternative system evaluating Short Time Fourier Transform
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When we sample the angular frequency w, that isw = 27r/N, r=0,1,--- , N—1,

we can interpret the STFT as the signal pass through the filterbank, as shown in

Figure [83], and eq. (2.4) becomes:

S0, 1) = exp(—j 2 m)s(n) » (g(n) exp(~j )} (25)

exp(—j2nn(N — 1)/N)

>l gmespemN —1)/N) x> s, 1)
exp(—j2nn/N)
v
s(n) 4> g(m)exp(j2rn/N) —» X —>» S(n,1)
-> g(n) —> 5(n,0)

FIGURE 2.3: Filterbank interpretation of Short Time Fourier Transform

2. Matriz Form

Suppose the length of the signal is N, the discrete Fourier transform (DFT) can

be written as:

S(r) = 2 s(n) exp(—j2mrn/N) (2.6)

In matrix form, it can be written as:

S(0) 11 P 1 s(0)
S(1 1 w w? whN-1 s(1
v - : : . : ( ) (2.7)
S(N 1) 1wV D ey | v — )

where w is as defined before: w = exp(—j2mrn/N). We can write eq. (2.7]) simply:
S="Fs (2.8)
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where, F is the Fourier matrix, and

s =[5(0),5(1),,s(N = )]

For the STFT, supposed that the window size is M, and we take M point DFT,

Eq. can be written as [84]:
M—1
S(n,r) = Z s(m + n)g(m) exp(—j2mrm/M) (2.9)
m=0
Let z(m) = s(m + n)g(m), Eq. (2.9) becomes [84]:
-1

S(n,r) = Z x(m) exp(—j2mrm/M) (2.10)

In matrix form, it can be written as:

5(0,0) S(1,0) S(N = M,0)
o_| s S(1.1) S(N — M. 1)
| S(0.M—1) S(1,M—1) S(N — M, M — 1)
11 1 2(0)  z(1) - z(N-M)
I w e whN-t z(1) z(2) - (N-M+1)
-1. . : : L : (2.11)
|1 et ey || 1) e(M) - a(N=1)

The STFT is invertible, that is, the original signal can be recovered from the

inverse STFT. We can apply the overlap-add method to do the inversion.

3. Spectrogram

We can generate the spectrogram to examine the power spectrum of the short

time fourier transform. Using formula eq. we have [82]:
SPEC,s(z,w) = |V,s(z,w)|? (2.12)

Examples of spectrograms can be found in Figure and Figure in chapter
one.
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2.1.2 Wavelet Transform

The continuous wavelet transform (CWT) projects a signal s(¢) on a family of
zero-mean functions (the wavelets) [35] 85]:

1 t—=x

= — S
ﬁRd a

WT(z,a) )dt (2.13)
where 9(t) is called the “mother” wavelet, and «a is a scale factor.

The difference between the wavelet transform and the STFT is that the band-

width and duration of the wavelet change when the scale factor a is changed, while
the STFT uses the same window function. The CWT uses short windows at high
frequencies and long windows at low frequencies.

From the wavelet transform one can obtain a energy density in the time-scale

plane, which is the scalogram [85]:

1
21Ca?

Pyr(z,a) = \WT(x,a)|* (2.14)

where C'is chosen so that the energy of the scalogram is identical to the signal energy.

2.1.8  Chirplet Transform

The chirplet transform can be viewed as a generalization of the wavelet transform.
While modulated windows of the STFT and wavelets of the wavelet transform can be
regarded as ”"portions of waves”, chirplets can be regarded as " portions of chirps” [86].
Wavelets provides a tiling of the time-frequency plane with tiles that lined up with
the time-frequency axis. Chirplets have a more general tiling of the time-frequency
plane because the tiles can be rotate and shear. For the Gaussian chirplet, it is

defined as [80]:

1 L2y exp(iam(e(t — t.)° + fult — 1))

0g(A).cll) = ———=exp(—=
Gte,fel Q(A)v() m p( Q(At

where t. is the time-center, f. is the frequency center, A, is the duration, and c is

the chirp rate.
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2.1.4 Ambiguity Function

The ambiguity function is an analytical tool for waveform design and analysis.

The ambiguity a function of s (s € L%(R%)) is defined as [82]:

As(x,w) = fRd s(t + g)s(t — g) exp(—jtw)dt

= exp(jrw/2) - Vis(z,w). (2.15)
We can see that it is symmetry:

(As)*(z,w) = As(—x, —w) = As(z,w) (2.16)

so it is always real valued.

Some books in engineering define it as [87]:

As(z,w) = f s(t)s(t — x) exp(—jtw)dt = Vis(z,w). (2.17)

Rd

The cross ambiguity function of s and g € L*(R?) is:

As, g)(,w) = f st + gt — 2) exp(—jt)ds

= exp(jaw/2) - Vys(z,w). (2.18)

Most properties of STF'T carry over to the ambiguity function. For more informa-
tion of ambiguity function and its application, we can refer to Richards’ Fundamental

of Radar signal processing [87).

2.1.5 Wigner-Ville Distribution

The Wigner-Ville Distribution (WVD) of a function s € L*(R?) is defined as [82]:
1 t t

Ws(z,w) = o JRd s(x + i)s(x — 5) exp(—jwt)dt (2.19)

The cross WVD of function s and g € L*(R?) is defined as:
t t

W(s, g)(x,w) = % JRd s(a+ D)gle — ) exp(—juot)dt (2.20)
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The relation of the WVD and the ambiguity function can be established though
the characteristic function of the WVD [I8§]:

M9,T1) = J J exp(jhx + jTw)Ws(z,w)drdw
Ré JRd
1 . . t 7 ‘
=5 J ) f ) J , exp(jlz + jTw)s(x + 5)5(3: - 5) exp(—jwt)dtdrdw
Ré Jrd JR

= JRd fRd exp(j0z)d(T —t)s(z + %)s(w - %)dtd&?

7

— JRd s(z + %)s(a: — 5) exp(jbz)dx

= As(0,71)

1. Pseudo Wigner Ville Distribution

When we want to emphasize the properties near the time of interest compared
to the far away time, we can apply a function A(t) to the WVD. ¢ is called the
lag variable. The WVD is the Fourier transform with respect to ¢ of the quantity
s(x + %)s(az——%) The pseudo Wigner Ville Distribution, which emphasize the signal

around time z, is defined as:

Ws (e, w) = J A(t)s(a + sl — o) exp(—jwt)it (2.21)
R4
2. Modified Wigner Ville Distribution

In order to have positive distribution (the WVD can be negative), we can smooth

the WVD by convolving with a smoothing function L(x,w), that is:

Wys(z,w) = J Lz — 2, w— ") Ws(z', w")da'du' (2.22)

Rd
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2.1.6 Cohen’s Class

The Cohen’s class is the family of time-frequency energy distributions covariant
by translations in time and frequency [18| 135]. All time frequency representations

can be obtain from the following formula [I8]:

C(r,w) = if f o0, 7)s(x + E)s(a: — E) exp(jlzr — jTw — jwt)dtdzdo
47 Rd JRA JRdE 2 2
(2.23)

where ¢(6,7) is a two dimensional function called the kernel. Common bilinear sig-
nal representations such as the spectrogram, the WVD, the Choi-Williams distribu-
tion [88] and the Born-Jordan distribution [89] can be expressed through eq. (2.23)) [1§].

2.2 Hypothesis Testing

The two complementary hypotheses in a hypothesis testing problem are called the
null hypothesis Hy and the alternative hypothesis H;. Let ©y be some subset of the
parameter space and ©f be its complement. If § denotes a population parameter,
the general format of the null and alternative hypotheses is: Hy : 6 € ©q verses
Hy : 0 € ©j. A hypothesis testing is a rule that determine the sample values
that accept Hy as true, and the samples values that reject Hy and accept H;. The
subset that reject Hy is called the rejection region or critical region [90]. Typically,
a hypothesis test is specified in terms of test statistic, which is a function of sample.

The likelihood ratio method is related to the maximum likelihood estimators.

Let Xi,---, X, be a random sample from a population, and let the probability of
accepting Ho be pym,(X|Hy), and the probability of accepting Hy be py g, (X|Hy).
The likelihood ratio A(X) is defined as [91]:

 Pxm (X[ Hy)

AX) = x| (X[ Ho)

(2.24)

The likelihood ratio test (LRT) is any test that has a rejection region of the form
{X : A(X) < ¢}, where 0 < ¢ < 1.
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For Hy: 0 € ©y and Hy : 0 € ©F, the probability of false alarm Pg (we say the
target is present when it is not), and the probability of detection Pp (we say the

target is present when it is) are defined as:

Pr = | by (X|Ho)dX (2.25)
5
Sh

The probability of a miss Py, (miss the target when it is present) is:

Pur = | pum (XIH)dX (2.27)
Oo

To evaluate the likelihood ratio test, we examine the relation of Pr versus Pp,

and generate receiver operating characteristic (ROC) curve. The area under the

ROC curve is called the AUC.

2.3 Ocean Propagation Models

The propagation of sound through water is generally described by the three di-
mensional time dependent wave equation. For most application, a simplified hyper-

bolic second order time dependent partial differential equation is used [39]:

1 0*®

2
d— - =
v c? ot?

(2.28)

where ® is the potential function; ¢t is time; c is the sound speed; and where V? is
the Laplacian operator (V? = % + % + %). By assuming ® = ¢ exp(—jwt), where
¢ is the time dependent potential function, and where w is the source frequency, the

wave equation reduces to the Helmholtz equation:

V26 + k*¢ = 0, (2.29)

where k = 2 is the wavenumber.
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A number of models, such as the ray theory model and the normal mode model
have been developed to simplify propagation calculations [39]. The idea of the ray
theory model is to assume ¢ be the product of a pressure amplitude function A and

a phase function P, that is ¢ = Aexp(jP). Then eq. (2.29) becomes [39] 43]:

1
ZVQA — (VP +k* =0 (2.30)
2(VA-VP) + AV*P =0 (2.31)

In simulation, we can obtain A and P through the Bellhop ray tracing model [44],
from which we can obtain in turn the solution ¢. The ray theory model is widely
used for modeling deep ocean environments.

The normal mode model is derived from an integral representation of the wave

equation, and assumes ¢ be the product of a depth function F(z) and a range function

S(r), that is ¢ = F'(2) - S(r). Then eq. (2.29) becomes:

d’F

—= (K> —K)F =0 (2.32)
d?S 1dS

—+—-——+4+kS5S=0 2.33
dr? + rdr + ( )

where k, is separation constant. Eq. (2.32)) is the depth equation, or normal mode
equation, describing the standing wave portion of the solution. Eq. is the
range equation, describing the traveling wave portion of the solution. The solution
of the normal mode equation is known as the Green’s function. Assuming a single

frequency source, the solution ¢ can be represented as:

0

= ] Unp\Zs)Up\Z (1) r
0= Tp(any 2 tn (o) un (VG ) (2:34)

where u,, is the normal mode function; z, is the source depth; z is the receiver depth;

p is the water density; k., is the eigenvalue of the separation constant, and where

H(()l) is the zero order Hankel function of the first kind. In simulation, we can use
KRAKEN [45] to obtain the solution ¢. The normal mode model is frequently used

in the shallow water case because it can better model the boundary conditions.
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On Marine Mammal Acoustic Detection
Performance Bounds

Since the spectrogram does not preserve phase information contained in the orig-
inal data, any algorithm based on the spectrogram is not likely to be optimal for
detection. In this chapter, we present the Short Time Fourier Transform detector
to detect marine mammals in the time-frequency plane. The detector uses phase
information for detection. We evaluate this detector by comparing it to the existing
spectrogram based detectors for different SNRs and various environments including a
known ocean, uncertain ocean, and mean ocean. The results show that this detector
outperforms the spectrogram based detector. Simulations are presented using the
polynomial phase signal model of the North Atlantic Right Whale (NARW) and the

BELLHOP ray tracing propagation model.
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3.1 Introduction

Many marine mammal vocalizations are non-periodic and frequency modulated
signals [15], [16]. For this reason, the time-frequency analysis techniques are widely
applied in analyzing such signals. Many time-frequency representation methods,
such as the Short Time Fourier Transform (STFT), the Wigner Ville distribution
and the wavelet transform have been used in this field. When we use the STFT,
we can generate the spectrogram to examine the energy distribution of the signal in
the time-frequency plane. Spectrograms are among the simplest and natural tools to
analyze the AM-FM type signals [32]. It can sparsely represent the signals’ energy
ribbons localized along the time-frequency trajectories [33]. Many detection methods
have been proposed to detect marine mammals based on the spectrogram, such as
spectrogram correlation [48, [49], frequency contour edge detection method [50] and
contour extraction [51], 52, 53 54]. In order to obtain the optimal detection perfor-
mance based on the spectrogram, it is natural to examine the probability distribution
of the spectrogram data, and obtain the likelihood ratio for detection. Analysis of
the probability distribution of the spectrogram elements has been performed to ap-
proximate the likelihood ratio of the spectrogram by assuming that the spectrogram
elements are statistically independent [92]. Huillery et al [93, 4] had performed
detection based on the likelihood ratio of a single spectrogram element.

However, the phase information is neglected when we do detection based on the
spectrogram. The phase information is particularly useful for signal reconstruction
and source localization [55]. Studies have found that the phase spectrum is more sen-
sitive than the magnitude spectrum for signal recognition when the window function
of the STFT is appropriately chosen [56, [57]. By incorporating the phase information
and the magnitude information, we can improve the detection performance. In this

chapter, we propose the STFT detector. Instead of extracting the phase information
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from the source signal separately for detection, we incorporate the magnitude and
phase information during the STFT. Results show that the STFT detector outper-
forms detectors based on the spectrogram, and can achieve optimal detection result
when the environmental parameters and source signal are known exactly, and the
noise is additive white Gaussian. Technical details of the detector can be found in
Section [3.3] and the Appendix.

The sound speed in the ocean is influenced by temperature, salinity, and pressure
of the sea water, so it varies spatially [40, 95]. The speed of sound changes with
depth, yielding what is known as a sound speed profile. This spatial variability
gives rise to refraction of the sound. Refraction and reflection from the sea surface
and bottom contribute to multipath propagation [40]. Multipath ocean propagation
environment will lead to dispersion and time spread for the transmitted signal [42].
This is a challenge for underwater acoustic communication systems. Shorey, Book,
Tantum, Sha, Nolte, and Wazenski and Alexandrou [96], 97, 08, 99, 100] had evaluated
the uncertainty of environmental parameters to source localization, and detection in
the time domain. In this chapter, we will evaluate the influence of the uncertainty
of the sound speed profile on detection in the time-frequency plane. The ROC of
the time domain matched filter assuming the signal is known exactly is used to
benchmark the detection performance of our proposed detector.

The organization of the chapter is as follows. Section|3.1|gives an introduction and
background for this chapter. Section presents the ocean acoustics propagation
model, environmental parameter settings and propagated signal model. Overviews
of the characteristics of the current detection model, and statistics of our proposed
STFT detector are presented in Section [3.3] Section gives detection performance
results using the STFT detector in the matched ocean, uncertain ocean and mean

ocean cases. Section |3.5| concludes the chapter.
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3.2 Ocean Acoustics Propagation Model

3.2.1 Environment Configuration

We use the Hudson Canyon as the ocean propagation environment. The Hudson
Canyon’s typical sound speed profile is shown in Figure [3.1 The Hudson Canyon

has a sandy bottom. The environmental parameters and uncertainties of the canyon

are shown in Table [3.1] [96].
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Table 3.1: Hudson Canyon Environment Parameters and Uncertainties
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FI1GURE 3.1: Hudson Canyon Typical Sound Speed Profile

1550 1600

Basis Uniform
Description Depth  sound speed uncertainty
Water column sound speed 0+ m 1522 m/s + 2m/s
15 m 1522 m/s + 2m/s
20 m 1503 m/s + 2m/s
30 m 1490 m/s + 2m/s
40 m 1486 m/s + 2m/s
50 m 1484 m/s + 2m/s
60 m 1486 m/s + 2m/s
73- m 1486 m/s + 2m/s
Bottom half-space sound speed 73+ m 1550 m/s + 50m/s

3.2.2  Signal Model

Many marine mammal vocalizations are frequency modulated, and can be mod-
elled as polynomial-phase signals [16]. Take the North Atlantic Right Whale (NARW)
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as an example. It is found that there are nine types of sound for the NARW according

to its time-frequency characteristics [I01], and the upsweep call is commonly found

when the whales greet each other.

Assume that s(t) is the source signal of the whale, 0(t) is the phase of the signal,
and A(t) is the amplitude[4]:

s(t) = A(t) cos(0(t)) = A(t) cos(27r 2 fmtm), t=1,2,---,N, (3.1

M-1
where {f,,}¥_, are polynomial coefficient parameters for the signal model.

By inspecting the shape of the whales’ sound contour, and fitting the polynomial

coefficients, we can synthesize the right whale signal (Figure . We will use the

synthetic NARW signal to evaluate the effect of propagation environment on acoustic

detection performance.
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(b) Synthetic NARW Contact Call

(a) Real NARW Contact Call

FiGURE 3.2: North Atlantic Right Whale Signal

3.2.8  Signal Propagation

Supposed that the whale is z, meters below the sea surface. We want to determine

whether there is a signal present at the receiver, which is » meters from the source
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and z, meters below the sea surface. The environment setting can be characterized

as in Figure [3.3]

N
-
v

|
T A I
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s | Iz,
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[
e .
y(t)
source receiver
Sea bottom
F1GURE 3.3: Ocean Acoustic Propagation Model
zs: source depth; zr: receiver depth;
s(t): source signal; y(t): propagated signal;
r: range of propagation; d: depth of shallow water;
71: delay of the first path; Ty delay of the n-th path.

We use the Bellhop Model [44] to calculate the arrival amplitudes and delays of
all possible signal paths in the ocean. Supposing there are K arrivals, the propagated

signal y(t) can be represented as the sum of K arrival signals. That is:

t — Tk (32)

HMN

where s(t) is the source signal, and ¢; and 73 are amplitude and delay of each arrived
signal respectively. When the amplitudes are complex numbers, which is due, for
example, to bottom reflections that introduce a phase shift, the propagated signal
s [102],

i [Re crls(t — ) — Imley]s™ (t — Tk)] (3.3)

k=1

30



Acoustic Detection Performance Bounds

where sT = H(s) is the Hilbert transform of s(¢). The Hilbert transform is a 90

degrees phase shift of s(t) and accounts for the imaginary part of ¢;. In this case,

s(t) =A(t) cos (27r le fmtm) (3.4)

sT(t) =A(t) sin(27TM 1

> fmtm). (3.5)

0

3.3 Detection Models and Statistics

It is known that when the noise is additive white Gaussian, the time domain
matched filter can achieve optimal detection when the source signal and the prop-
agation environment are known exactly [40]. When examining the time-frequency
performance of a given signal, we can apply the Short Time Fourier Transform to the

signal, and generate the spectrogram to analyze it. The detection process is shown

in Figure

Time Domain ) Short Time
Whale Signals | Fourier
Transform (STFT)

¥

Spectrogram -’|Algorithms +ROC

FIGURE 3.4: Detection in time-frequency domain

In this section, we will apply the likelihood ratio of the approximated probability
distribution of the spectrogram [92] and present our STFT detector in the matched
ocean, uncertain ocean and mean ocean cases. Simulations of detection performance

comparison can be found in Section [3.4]
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3.3.1 Spectrogram Distribution Detector

1. Matched ocean

We first examine the matched ocean case, that is, the source signal and sound
speed profile is known exactly. Our analysis for the matched ocean case is similar to
the work of Altes [92].

Let z(t), t = 0,1,--- ;N — 1 be the data recorded at the receiver. We want to
know whether the data contains the propagated NARW signal. We can form the

binary hypothesis test as follows [103]
Hy: x(t) = n(t), (3.6)

Hy:  z(t) =n(t) + y(t), (3.7)

where n(t) is Gaussian additive noise, n(t) ~ N'(0,02), and where y(t) is the propa-
gated NARW signal. We apply the STFT to the data and generate the spectrogram.
That is [32]

M- 2
z|aD + i|w|i] exp(—2mjbi/M)| , (3.8)

where w|i] is the window function, M is the length of the window, D is the step of
the sliding window, and a is the window shift, b is the frequency shift.
The binary hypothesis test based on the spectrogram is
Hy: Sx =85S, (3.9)
Hy: Sx=Sniy, (3.10)
where Sy is the spectrogram vector of the data at the receiver, S, is the spectrogram
vector of pure noise, and where S, ., is the spectrogram vector of the propagated

signal plus noise. Let J = (|(N —M)/D|+1), and B = |M /2| +1, where |k| denotes

the greatest integer less than or equal to k, the spectrogram vector at the receiver is
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Sx = [5.[0,0],---,S.[J, B]]*. For each spectrogram element S,|a,b] in S, under
the Hy hypothesis, we have [90], 02, 03]

p(Sa[a, b]) = M102 exp(_%ﬁzﬂ)'

Under the H; hypothesis, we have [90, 02, 93]

1 S.la,b] + mi[a,b] + mi[a,b]
exp (— Mo?

« Iy (2\/(77%%[&, b] + m3[a, b])S:[a, b])
Moao? )

where
M—1
mala,b] = Z ylaD + i] cos(2mbi/M),
i=0

M-1

Z [aD + i] sin(27bi/ M),

and where Iy(z) is the zero order modified Bessel function of the first kind. Therefore,

for each spectrogram element, the likelihood ratio is [90, 92} 93]

p(S.[a,5]| )
Ma- ) =S . 6] Ho)

- (_mﬂa,b] +m3[a, b]) I <2\/(m%[a,b] + m3]a, b])Sx[a,b]> 611

2 2
Mo? Moz

Assuming that each element in the spectrogram matrix is statistically indepen-

dent, the likelihood ratio is

B J B
T ;w ~TTTT bl (3.12)
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2. Uncertain ocean

In reality, we may not know the environment and sound speed profile of the ocean
exactly. If we know the prior distribution of the sound speed profile, we can apply
the Bayes rule, and incorporate the prior information in the detector. Suppose the
sound speed profile is uniformly distributed over P possible cases, the likelihood
ratio, based on eq. , in this case is

(e

=1 a=0b=0

o

P B
5B ([t .

a=0

. (W e e )l b]>>>’ -

where ) is the likelihood ratio of the spectrogram of the k' possible propagated
signal, S.[a,b] is the spectrogram element of the k' possible propagated signal,
and where my[a,b] and mgs|a,b] are the mean of the real and imaginary parts

respectively of the k™ possible propagated signal.

3. Mean ocean

When the sound speed profile is uncertain, and we only have the knowledge of the
mean value of the possible sound speed profiles, which is mismatched with the true

sound speed profile. Based on eq. (3.12)), the likelihood ratio in this case becomes [97]
J B ~ 9
_ _ifa,b] + m3[a, b] 2\/ | + m3|a, b])Sz|a, b]
=11 Do <exp( T MJ% (3.14)

where S,[a,b] is the spectrogram element of the received signal, and m;[a,b] and

mafa,b] are the mean value of the real part and imaginary part respectively of the
Short Time Fourier Transform of the signal in the mean ocean environment, and

where the sound speed profile is assumed to take average values.
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3.3.2 STFT Detector

The detection algorithms based on spectrogram data neglect phase information,
and therefore their detection performances are not likely to be optimal. In this section
we derive the probability distribution and likelihood ratio for detection for the STFT
detector. The STF'T detector preserves the phase information of the detected signal,

and achieves optimal detection performance in the matched ocean case.

1. Matched ocean

The binary hypothesis test based on the STFT in this case is [103]

Hy: X=X, (3.15)

H: X=X,+X, (3.16)

where X is the vectorized STFT matrix of the received data, X, is the vectorized
STFEFT matrix of pure noise, and X, is the vectorized STFT matrix of the propagated
signal. X = [X][0,0],---,X[J,B]]*. For each STFT element X|[a,b] in X, we
have [32]

Xla,b] = 2 z[aD + i|w[i] exp(—27mjbi/ M), (3.17)

1=0

where a = 0,---,J and b =0,--- , B. Since X|a,b| is a complex value, letting
Ula,b] = Re{X|a,b]}, (3.18)

Vla,b] = Im{X|a,b]}, (3.19)

we have X[a,b] = Ula,b] + jV]a, b].
Concatenating the elements in the STFT matrix of the received data, and sepa-

rating the real and imaginary part of each element, we can obtain

X = (U[0,0],---,U[J,B],V[0,0],---,V[J,B])". (3.20)

Because we use the Gaussian distribution as our noise model, X follows a mul-

tivariate normal distribution under both Hy and H; hypotheses. It can be proved
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that the signal covariance matrix Cy is the same under both Hy and H; hypotheses.
The expression for Cy is derived in Appendix [A]

When Cy is singular, the probability density function for X does not exist. Ac-
cording to the derivation in Appendix [A] mapping X into a subspace formed by
(1, where ()1 is the eigenvector of the non-zero singular values’ component, we can

obtain the probability density function for Q¥ X under Hy and H; hypotheses

1 1
T _ AT —1AT
P(Q X[ Ho) (2 B0 det (M) eXp( % Qi QlX)’ (3:21)
P(QTX|H,) - ! exp(—2(X — )T QuATIQT(X — 1) ).
! (2m)BHDUHD) det V2 (Ay) 2 Ll

(3.22)

where A; is the diagonal matrix of eigenvalues corresponding to ()1, and pu is the
expected value of X.
The likelihood ratio based on the STFT is then

:p(Q1TX|H1)
p(Q1TX|H0)

1 _ _
= exp(—5 (1 QAT QT — 2XTQuAT QT ) ). (3.23)

We can calculate the analytic solution for the ROC plot based on eq. (3.23)).
According to the derivation in Appendix [A] the square of separation parameter, or

the detection index is
d* = T QIATTQT . (3.24)
2. Uncertain ocean

When the sound speed profile is uncertain, and is uniformly distributed over P

possible cases. Applying the Bays rule, the likelihood ratio can be calculated as

1 & B 1 B
A= ) exp (XTQlAl QT — e QA QT uk), (3.25)
k=1

where ju is the expected value of the k' possible propagated signal’'s STFT vector.

36



Acoustic Detection Performance Bounds

3. Mean ocean

When the sound speed profile is uncertain, and the prior information of the sound
speed profile is unknown, but we know the mean sound speed profile, we can cross-
correlate the possible propagated signals with the signal corresponding to the mean
sound speed profile environment. The likelihood ratio can be computed as [97]

Am = exp(—% (uinAfl T — 2XTQ AT 1Tum)>, (3.26)
where iy, is the expected value of the mean sound speed profile with respect to X.
We can mathematically prove that when the uncertainty of the sound speed profile
is small, given that the mapping of sound speed profile to the propagated signal
is linear, according to eq. , eq. (3.20) is actually the geometric mean of the
likelihood ratio. A detailed proof can be found in Appendix [A]

3.4 Results

Based on recordings of NARW from the years 2001 to 2003 in the Cape Cod
Bay region, using bottom-mounted hydrophones with 2000Hz sampling rate, the
polynomial coefficient set (fo, f1, f2) was found most frequently to take the value of
(100,0,48) [16]. Because the NARW upsweep call usually lasts for about 1 second, we
let the duration of the signal be 1.024s. Substituting these values into eq. , and
letting A(t) = 1, the source signal’s waveform and spectrogram can be determined
and are illustrated in Figure |3.5]

We placed the source signal 15 meters below the sea surface, and placed the

receiver 35 meters below. The horizontal distance between the receiver and source

signal is 1000 meters. Considering the uncertainty of the sound speed profile, we
supposed that the sound speed profile has 50 possible cases. When the sound speed
profile changes, the propagated signal will also change. Figure 6 illustrates an exam-
ple that a source under two distinct sound speed profiles will produce two different

propagated signals.
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FI1GURE 3.5: Synthetic NARW source signal
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FiGURE 3.6: Example plots of time domain waveform and spectrogram of NARW
propagated signal under two different sound speed profiles.

According to the spectrogram plots, we can see that there is a dispersion effect
during signal propagation. Some frequency components in the source signal have
been lost due to phase cancelation effects of multipath propagation environment.
However, the overall shapes of 50 possible propagated signal spectrograms are similar

to the source signal spectrogram; this is because the time shift will not change the
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frequency content of the signal, due to the basic property of the Fourier Transform.

3.4.1 Detectors Tested

We compared the detection performance of the STFT detector, the spectrogram
distribution detector, and the spectrogram correlation detector in the matched ocean,
uncertain ocean and mean ocean cases. We benchmarked the results with the optimal
detection performance given by the time domain matched filtering assuming that the
source signal and propagation environment are known exactly.

The spectrogram correlation detector is a well known work in marine mammal
acoustic detection field. Review of the spectrogram correlation detector [48] proposed
by Mellinger and Clark is as follows. The spectrogram correlation constructs a kernel
function for the vocalization signal, then cross correlates it with the target signal’s
spectrogram to calculate the recognition score, and makes detection decisions based
on the recognition score. The kernel function for the signal is made up of several
segments: one per FM section in the target vocalization type. The kernel value ke

at a given time and frequency point (¢, f) is specified by:

o=t (o th- 1)

LL’Q $2
ke(t, f) = (1 — ;) exp (-r‘a)

where z is the distance of the point (¢, f) from the central axis of the segment at time
t, fo is the start frequency of the segment, f; is the end frequency of the segment, d
is the duration of the segment, and ¢ is the instantaneous bandwidth of the segment
at time ¢. The recognition score is calculated by cross correlating the kernel ke(t, f)

with the spectrogram of the signal:

alt) = 1> ke(to, )S(t — to, f)
to f

We used a rectangular window function with length 256, and overlap size 128 to
generate the spectrogram of the signal. We applied these parameters to the spectro-

gram correlation detector and spectrogram distribution detector. We set a threshold
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Ficure 3.7: ROC plots for the detectors in various ocean environments and SNRs.
(a), (b) and (c) show the detectors performances of the matched ocean, uncertain
ocean and mean ocean environment case when SNR=4; (d), (e) and (f) show the
matched ocean, uncertain ocean and mean ocean environment case when SNR=16.

for the recognition score and generated the Receiver Operating Characteristic (ROC)
curve.

The comparison of detection performance of the STEFT detector, the spectro-
gram distribution detector and the spectrogram correlation detector are shown in
Figure [3.7 We used a Monte Carlo method to perform a numerical simulation. We

analyzed the detection performance in the matched ocean, uncertain ocean and mean

ocean cases.

3.4.2  Matched Ocean

We first examined the special case of detection in a matched ocean propagation

environment. We can see that in this case the STFT detector achieves identical

detection performance to the time domain matched filter case, which is the optimal
detection performance. We used different window lengths and amounts of overlap,

and the STFT detector performs identically in all situations. Figure [3.8 shows the
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analytic ROC plots in different SNRs for the STFT detector, based on the separation
index in eq. (3.24) and the analysis in Appendix [A} along with the corresponding
analytic time domain matched filtered ROC curves as a comparison. We can see the

analytic derivation and the numerical simulation are a good match.

—4— Analytical STFT SNR=1
—+— Analytical STFT SNR=2
Analytical STFT SNR=4
—&— Analytical STFT SNR=16
"""" Analytical Time domain SKE

0 0.2 0.4 0.6 0.8 1
PF

FiGure 3.8: ROC plot based on analytical derivation when the environmental pa-
rameters are known exactly in different SNRs

Examining Figure 3.7, the STFT detector performs better than both the spectro-
gram distribution detector and the spectrogram correlation detector under different
SNRs since it preserves the phase information. The spectrogram distribution detec-
tor performs better than the spectrogram correlation detector, and the spectrogram
correlation detector does not perform well especially at low SNR. This is because the
multipath effect will lead to dispersion of the signal, and some energy of the signal
will be lost due to phase cancelation. When such a propagated signal is corrupted
by noise, the performance of the spectrogram correlation detector suffers further,
because it doesn’t exploit the probability distribution of the spectrogram elements

and noise.

3.4.3  Uncertain Ocean

For the uncertain ocean case, we assume there are 50 possible sets of sound speed

profiles. The values of the sound speed profile are given in Table I. From the ROC
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F1GURE 3.9: Kernel density function of propagated signals’ correlation coefficients
of different sound speed profiles

plots, we can see that the STFT detector performs close to the optimal case given
by the time domain matched filter; and its detection performance is much better
than the spectrogram distribution detector and spectrogram correlation detector.
The kernel density function of correlation coefficients of the propagated signals of
each possible sound speed profile is shown in Figure 3.9 We can see that most
of the correlation coefficients are above 0.5; therefore, when we assume a uniform
distribution over the possible sound speed profiles, the STF'T detector performs close

to the optimum.

3.4.4  Mean Ocean

For the mean ocean case, we can see that the overall detection performance
deteriorates. Comparing the figures for the matched ocean case, the uncertain ocean
case and the mean ocean case, we can see that the detection performance for the
matched ocean case is the best, and the uncertain ocean is better than the mean

ocean case. This is because the matched ocean has the most information while

the mean ocean has the least. The performance of the spectrogram distribution
detector does not change as much as the STF'T detector, and there is little change

in the performance of the spectrogram correlation detector for the three different
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environment cases. This implies that, by neglecting phase information, the detector

will be less sensitive to environmental uncertainty.

3.5 Conclusion

In this chapter, we have presented the STFT detector, which preserves the phase
information of the signal. We have also determined the likelihood ratio of the STF'T
detector and the spectrogram distribution detector in the matched ocean, uncertain
ocean and mean ocean cases. Experiments show that the STFT detector performs
better than the spectrogram distribution detector and spectrogram correlation de-
tector. The STFT detector is more sensitive to environmental changes, because it
includes the phase information, while the spectrogram based detectors are less sensi-
tive. By exploiting the probability distribution of noise and spectrogram element, the

detector can be improved to be more robust in multipath propagation environments.
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Classification of Whale Vocalizations using the
Weyl Transform

In this chapter, we apply the Weyl transform to obtain the representation of
whale vocalizations. In contrast to other popular representations, such as the MFCC
and the chirplet transform coefficients, the Weyl transform coefficients capture the
global information of signals. This is especially useful when the signal has low order
polynomial phase. We can reconstruct the signal from the coefficients, and perform
classification based on them. Experimental results show that classification using
features extracted from the Weyl transform outperforms the MFCC and the chirplet

transform coefficients on our collected whales data.
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4.1 Introduction

There is a great deal of current research interest on better representing and clas-
sifying the vocalizations of marine mammals. However, the best feature extraction
method for marine mammals classification is unknown. The variation of whale vo-
calizations and the uncertainty of the ocean environment can decrease the accuracy
of classification and more work needs to be done in this area. A distinctive feature of
many marine mammal calls is that they are frequency modulated. For this reason, it
is natural to model such signals as polynomial phase signals [15, [16]. In this paper,
our interest is in the task of classifying the chirp-like signals of marine mammals. Tt
therefore becomes natural to ask that the features for classification of such signals
should detect frequency modulation, also known as chirp rates.

One of the most popular features for classification of acoustic signals (including
marine mammals) is the MFCC (Mel Frequency Cepstral Coefficients) [69], [104]. The
MFCCs are short term spectral based features [6§]. Despite being a powerful repre-
sentation, the MFCC involves first order frequency information alone, and therefore
gives no direct information about the chirp rates.

A recent attempt to capture chirp rate information more explicitly is using the
discrete chirplet transform [86, [105], which was proposed for classification in [29] [30].
Chirplets are excellent for capturing localized chirp-like behaviour.

In this chapter, we propose a more global approach to obtain chirp rate informa-
tion by using features based upon a second-order discrete time-frequency represen-
tation which we will refer to as the Weyl transform [106], 107, [108]. More technical
details on the Weyl transform can be found in Section [£.4]

The features obtained from the Weyl transform is invariant to any shifts in both
time and frequency. Furthermore, we show in Section [d.4]that, by pooling coefficients

of the features obtained from the Weyl transform in an appropriate way, a feature
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vector can be obtained which is essentially a chirp rate predictor. We will support
our claims with numerical experiments in the context of the two-class NOAA test
data set consisting of right whales and humpback whales. We propose two different
sets of features which can be extracted from the Weyl transform, and compare them
with MFCC and chirplets. We observe that both sets of features outperform the

other two choices of features.

4.2 Background

Many different signal representation methods have been applied to whale signal
representation, such as the chirplet transform [29, [30], the EMD transform [31],
sparse coding [109], and MFCC [69]. Among them, the MFCC is one of the most
popular. The chirplet transform is well known for its ability to detect a signal in a
noisy environment [I10]. In this section, we will briefly present these two methods

and they will be the subject of our numerical experiments in Section

4.2.1 MFCC

The MFCC is widely used in speech signal processing. The process of MFCC
is to project and bin the short time Fourier transform of a signal according to a
log-frequency (Mel) scaleE] The short time Fourier transform of the signal s(t) with
length N is given by [111]:

N—
X (k) = le(t)s(t) exp(—j2nkt/N), k=0,1,--- ,N—1
t=0

where w(t) is the window function. We apply the Mel filter bank H (k, m) to X (k):

X'(m) = m(j |X(k:)|H(k,m)>, m=1,2--,M

1 Or sometimes a part-linear, part-logarithmic frequency scale.
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where M is the number of filter banks and M « N. The Mel filter bank is a collection
of triangular filters defined by the center frequency f.(m):

0, f(k) < fe(lm—1)

(k) —fe(m—1)
Hkm) = | T o1y Jelm = 1) < J(k) < fem)

_ 1)
FBSln) - (m) < f(k) < fo(m + 1)

0, f(k) = fo(m+1)

where f(k) = kfs/N, fs is the sampling frequency. The MFCCs are obtained by
computing the DCT of X'(m) using:

c(l) = nﬁlX'(m) cos(l%(m = 1)), l=1,2,--- M (4.1)

The above process is usually repeated over a sliding window, and the MFCC coeffi-

cients from each window are then concatenated.

4.2.2  Charplet Transform

Given a signal s(t), we can represent the signal as a weighted sum of chirplet

functions [105] 112]:

M
s(t) = Z A exp(jdi)k(ni, ti, wi, i, dy) (4.2)

i—1
where k(n;,t;,w;, ¢;, d;) is the Gaussian chirplet function, and

k(n,t,w,c,d) = (\/%d)fé X exp{—(nT:lt)z +jg(n — 1) + jw(n — t)} (4.3)

The t,w, c and d represents the location of time, frequency, chirp rate, duration of the
Gaussian chirplet. We can represent and reconstruct the signal base on the chirplet

coefficients.

4.3 Description of Signals

The marine mammal vocalizations can be represented by a family of polynomial-

phase signals. The upsweep call is commonly found in right whale vocalizations,
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which are typically in the 50-400 Hz frequency band and last for 1 second [16]. The
humpback whale can also generate sounds like the right whale upsweep call. In this
paper, we use right whale and humpback whale data, which were collected in the
continental shelf off Cape Hatteras in North Carolina by NOAA and Duke Marine
Lab, for experimental validations. The data was collected by using a linear array of
marine autonomous recording units (MARUSs) underwater, between December 2013
and February 2014. The MARUSs are programmed to collect continuous acoustic
recordings at a sample rate of 2 kHz. The data was collected from four different
locations in Cape Hatteras. In this paper, we use the data file that was collected in
the location which contains both right whales and humpback whales calls. The data
is not publicly available at the moment.

The data file we use contains 24 vocalizations of right whales and 24 vocalizations
of humpback whales. Example time-frequency representations using the right whale

signals are shown in Figure [4.1} and the humpback whale signals in Figure [4.2]

Frequency [Hz]
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FIGURE 4.1: Examples of right whale signals
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FIGURE 4.2: Examples of humpback whale signals
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4.4  Using Weyl Transform to Chirp Signals

The Weyl transform in the Fourier domain is closely related to the Wigner Ville
distribution [I8] [113], the discrete polynomial phase transform [114] [115], and the
ambiguity function, which is central in radar signal processing [116]. For a discretized
signal s of length K, the Weyl transform coefficients has length K2, and consists of
the Fourier spectrum of diagonal bands of the covariance matrix ssT. It can be
computed efficiently by means of K applications of the Fourier transform.

The representation of a signal obtain from the Weyl transform is as follows [107]:
consider a real signal s(I) over a time interval [0, 1), discretized into K samples s(t),
where t € Zg = {0,1,--- , K — 1}. Define the Weyl transform coefficients {w},

where a,b € Zg, as:

K-1

= exp(—j Q;bt)s(t)s(t +a). (4.4)

t=0

Letting (Z,); = s(t)s(t + a), Z, is in fact a diagonal band of the correlation

T

matrix ss’, capturing periodicity. The Weyl transform coefficients consist of the

Fourier transform of each correlation band wy, = F{Z.} .

Now consider a linear chirp signal of the form:

s(l) = cos(2m(ml + rl?)), m,r >0

where m is the base frequency, and r is the chirp rate. Discretizing s(l), we have:

s(t) = COS(27T(%t + %Z)) (4.5)

We define two sets of features of using the Weyl transform for the signal.
Feature set 1: We use V, as our feature set.

Ve = Z |wab|2 (4.6)

(a,b):
2ar/K=b,r€Zn
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V, is a chirp rate detector, because

= 3 exn(~L2 cos(an (gt + 1) Yoo 1 T

3 5 o) (enlor (G + )

m(a +2t)  r(2t% + 2at + a?)
s )]

(4.7)

+ cos (27r (

The term cos (QW(m(a;Zt) + r(2t2+]?§t+a2))) is a chirp, and the sum of chirps is of

lower order in V,. [106]. Therefore,

1 K=t ma 2 2ra

Wab =7 t;) (eXp<327T(K K2>>6Xp<72”(<?_b>f(>>
e C o B C (G )
+ lower order terms) . (4.8)

We can see that wge, has two sharp peaks when —2 ~ b and %2 ~ b. Since the
signals of interest in the current data set always have positive chirp rate, we discount

the negative chirp rates, and the peak at m ~ b indicates a chirp rate:
bK

ra o (4.9)

We can use V, as the feature vector, or we can instead use it to fit a quadratic
polynomial to the frequency, the coefficients of which will be our second set of fea-
tures.

Feature set 2: We use (1, 7) as our feature set.

7 = arg max V. (4.10)

€L,
having estimated 7, we de-chirp:

—j2mrt?
2T ) (4.11)

i) = s(t) exp(T
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and take the Fourier transform of 5(¢), F($), and record the location 7 of the largest
entry as the estimate of m. We thus obtain the second feature set (m, 7). The chirp

is characterized by (m, ) as:

s(t) ~ cos(2m(mt + 7t?)). (4.12)

Note that this is an extremely compact feature set, where each signal has just
two features. An example of signal estimation is illustrated in Figure 4.3} The right
whale and humpback whale can generate upsweep calls, which can be expressed using
the linear chirp model. The original right whale signal is shown in Figure (a), and
Figure (C) is the plot of the features V, and the location of the peak corresponding
to the value of the estimated chirp rate #. The plot of the Fourier transform of §(¢) is
shown in Figure[£.3|d), with the location of the peak corresponding to the estimated

base frequency m. Figure (b) is the estimated signal using m and 7.
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F1GURE 4.3: Example of signal reconstruction

The technique to obtain feature set 2 is closely related to existing methods of
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detecting polynomial phase signals, such as the discrete polynomial phase trans-
form [114) 115] or the higher order ambiguity function [117], and also to the Weyl

time-frequency strip filters described in [118].

4.5 Classification Results

We apply the Weyl transform, the chirplet transform and MFCC to obtain signal
features, and apply the KNN classifier (k = 3) to classify the NOAA data. For
the MFCCs, we form the spectrogram using the Hamming window of length 128,
and the step size 64, then compute the coefficients by multiplying the filter bank
function [I119] with the spectrogram. We extracted 12 coefficients from each time
frame, and concatenate the coefficients along the time axis. Suppose the length of
the signal is 1 second in length, and the sampling frequency is 2000 Hz, then for
each signal the length of MFCC features is 384. For the chirplet part, we use the
Gaussian chirplet atom, and use 15 chirplet atoms to represent each signal. We
use maximum likelihood estimate and the EM algorithm [67, [105] to estimate the
chirplet coefficients and use the base frequency and chirp rate as features for each
signal, giving a feature vector of length 30.

The ROC plot is shown in Fig |4.4f The AUCs (Area under the curves) under
the ROC plots are given in Table f.T]We use six fold cross-validation to generate
the plots. We use 83% right whale and humpback whale data to do the training,
and the remaining whale data to do the testing. We calculate the distance of each
testing data points to the training data points, and make a decision for each testing
data based on its three nearest neighbor points, and compare it with the ground
truth, to obtain the value of true positive rate and false positive rate. We know that
the probability of false alarm (Pr) and the probability of detection (Pp) are both
from O to 1. In order to generate the ROC curve, we vary the value of Pp over the
range 0 : 1/6 : 1, and obtain the corresponding threshold for Pp based upon the
obtained true positive and false positive rate. Since the number of vocalizations of

right whales and humpback whales available for the classification results were small,
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—Weyl Feature Set 2 |
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FIGURE 4.4: The ROC of classifying whales using signal representation methods

the classification results are promising but preliminary.

Table 4.1: Area Under the Curves (AUCs) of Duke Marine Data Classification

Weyl transform  Weyl transform
feature Set 2 feature Set 1 MFCC Chirplet transform

0.9514 0.9410 0.8472 0.8646

With the KNN classifier, the classification accuracy of using Weyl transform fea-
ture set 1 and Weyl transform feature set 2 outperform the MFCC and chirplet
coefficients. For this data set, the frequency ranges of right whale and humpback
whale vocalization are both in the 50-250 Hz frequency band, and their base fre-
quency is uniformly distributed in the range of 40 to 160 Hz, but the length of their
vocalization and energy distribution are different, which means that the chirp rate
information can better represent the whale calls. In addition, some of the hump-
back whale data have several harmonics, while all the right whale data just have one
harmonic, the Weyl transform coefficients can distinguish one harmonic case and
several harmonic case. The MFCC can represent the local frequency information of
the signal over time, but neglect the higher order chirp rate information. Moreover,
the MFCC applies the filter-bank function to the spectrogram, and it may not be
able to distinguish the several harmonic and one harmonic case.

For the chirplet coefficients, the computational cost to obtain the coefficients is
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high in our approach, so the limited numbers of chirplet atoms may not perfectly
represent the whole signal, especially when the length of the signal is long. Like
the MFCC, chirplet atoms can only represent local information of the signal, so in
this data set, it does not perform as well as the features obtained from the Weyl

transform.

4.6 Conclusion

In this chapter we have shown that the features obtained from the Weyl transform
can well represent polynomial phase signals. We can obtain a chirp rate predictor by
pooling Weyl transform coefficients appropriately. The chirp rate feature vectors and
chirp coefficients have been shown to outperform the MFCC and chirplets for right
whale and humpback whale data. Similar results are to be expected in classifying
other marine mammal calls which have similar frequency range, but whose chirp

rates can be distinguished.
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5

Intrinsic Structure Study of Whale Vocalizations

By understanding the inherent low dimensional structure of whale vocalizations,
we can effectively address high dimensional classification problems. A distinctive
feature of many marine mammal calls lies in the fact that they are frequency modu-
lated and can be modeled as polynomial phase signals. This implies that the intrinsic
dimension of whale vocalizations can be described and estimated by the number of
polynomial phase parameters. Traditional dimensional reduction methods, such as
PCA and MDS, assume that the data lies on a low-dimensional plane. In this study
we explore nonlinear manifold mapping methods, in particular Laplacian Eigenmap
and ISOMAP, to examine the underlying manifold structure of the whale vocaliza-
tion in the time-frequency plane. Experimental results show that nonlinear manifold
methods outperform PCA and MDS in classification on the DCLDE whale vocal-
ization data and Mobysound data, suggesting that the intrinsic structure of whale

acoustic data is nonlinear rather than linear.
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5.1 Introduction

Many geometrically motivated approaches for data analysis are based on the
assumption that high dimensional natural data actually reside on a low dimensional
manifold, so that much fewer degrees of freedom are required to understand such
data. The manifold structure of speech sounds stresses the nonlinear relation between
articulatory and acoustic space [79], and many algorithms exploiting this manifold
structure have demonstrated success on speech signal processing problems [64, [79,
80, [’1].

In this chapter we study the classification of whale vocalizations. Many marine
mammal calls are frequency modulated, and can be modeled as polynomial phase

signals [15, [16]:

s(t) = A(t) cos(2m Y apt™). (5.1)

where A(t) is the amplitude, and {a,,})_, are the polynomial coefficients. When the
time-frequency contour is adequate to describe the signal, we can use the polynomial
coefficients {a,,}’_, to represent the signal. Therefore, it is plausible that such signal

lies on an m dimensional manifold parameterized by {a,,}_,. Moreover, since s(t) is

N

o, it suggests that the signal lies on a nonlinear manifold instead

nonlinear in {t™}
of an m dimensional plane.

We explore various dimension reduction methods on the DCLDE conference [120]
and MobySound [34] whale vocalization data, and perform classification after the di-
mension reduction. Experimental results show that the nonlinear methods such as
ISOMAP and Laplacian Eigenmap outperform linear methods such as PCA (Princi-
pal Component Analysis) and MDS (Multi-Dimensional Scaling). This is consistent

with the signal model in eq. (5.1), which shows that s(t) is nonlinear in {t™}~_.

56



Intrinsic Structure Study of Whale Vocalization

5.2 Dimension Reduction Methods

The process of linear and nonlinear models for dimension reduction is illustrated

in Fig. 5.1}
’—-)E-
N  [———
‘A
Linear model Non-linear model
PCA MDS ISOMAP Laplacian-Eigenmap
XXT XTR [|lz; — xj|\2 1, j neighbors L = exp(D,t
n—1 K= mngHz;—IjH otherwise p(D. 1)
path
1 J
Y
G = UXUT, then spectral embedding to k dimensions
¥
Classifier
FIGURE 5.1: Methods of dimension reduction
In the figure, X = [xq, -+, x,] € RP*" is the data matrix, where p is the dimen-

sion of the signal, and n is the number of signals.
PCA [60] 6] is a ubiquitous method for dimension reduction for high dimensional

Euclidean data. Given the centralized data X = X — %X eel’, we compute the

sample covariance matrix X, = %f( XT. The top k eigenvectors are called the
principal components, and the data projected onto those principal components forms
the feature set.

In MDS [62], given the pairwise Euclidean distance matrix D, we compute B =
—%HDHT, where H is the centering matrix. The data projected onto the top k
eigenvectors of B forms the feature set.

MDS and PCA are related in that the top left singular vectors of X are computed

in MDS, while the top right singular vectors of X are computed in PCA [121].
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PCA and MDS rely on the assumption that the data points are near a low di-
mensional plane. However, when the data is sampled from a highly nonlinear curved
surface, PCA and MDS will fail, while ISOMAP and Laplacian Eigenmap, the two
classical spectral kernel embedding methods, succeed in capturing features of non-

linear structured data.

5.2.1 ISOMAP

ISOMAP [65] is an extension of MDS. Since the Euclidean distance in high-
dimensional space usually fails to capture the intrinsic similarity between data points.
ISOMAP exploits the geodesic distance along the low dimensional manifold.

ISOMAP constructs a neighborhood graph G = (X, E, D) based on k nearest
neighbors, or a e-neighborhood, where X is the data, F is the edge and D is the
distance matrix. When ¢ and j are neighbors, the geodesic distance can be approxi-

mated by the Euclidian distance such that

Dy; = ||lzi — z4||?, if i and j are neighbors (5.2)

and when ¢ and j are not neighbors, ISOMAP uses the shortest path distance such
that

Dy= min o (llen =i+ -+ e, = 2l (5.3
is a path between i, j

Let H = I — ee?/n be the centering matrix, and K = —%HDHT, the top k
eigenvectors of K give us the feature sets.

The drawback of ISOMAP is that the geodesic distance can only be accurately
approximated when the data is densely sampled with high SNR. Therefore, obtaining
the geodesic distance is computationally expensive. Meanwhile, when the data is
noisy, according to eq. , the errors can accumulate along the path and affect data
representation. The noise sensitivity of ISOMAP is illustrated in the experimental

results in Section [5.3.2]
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5.2.2  Laplacian Figenmap

Laplacian Eigenmap [64] is a main tool used in spectral clustering. It constructs
an undirected, weighted graph represented as a weighted matrix based on the nearest
neighbors. The eigenvalues and eigenvectors of the weighted matrix are calculated
to form the feature set. The goal of this method is to find a partition of the graph
such that the edges between different groups have low weight, and the edges within
a group have high weight. This implies that points in different clusters are dissimilar
to each other, whereas points within the same cluster are similar to each other [122].

In Laplacian Eigenmap, the weighted matrix W = (w;;) € R"*" is defined using
a heat kernel such that

loimail?y  ie o -
exp(——=—L1)  if i and j are neighbors
ij = { ' (5.4)

0, otherwise

for a fixed t. Letting D be the diagonal matrix such that D;; = (3., w;;), and defining

the unnormalized graph Laplacian as

L=D-—W. (5.5)

The symmetric normalized graph Laplacian is given by:

L=D2LD™V? = [ - D72 D12, (5.6)

We compute the eigenvalues and eigenvectors of L or £, and drop the zero eigen-
values and the corresponding eigenvectors. The bottom k eigenvectors, which corre-
spond to the smallest k eigenvalues, are the feature set.

The first non-zero eigenvalue is called the Fielder value, and the corresponding
eigenvector is called the Fielder vector. The Fielder value is the algebraic connectivity
of a graph; the further from 0, the more connected the graph. We can use the Fielder
value to do spectral bi-partitioning, as illustrated in Section [5.3.2]
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5.3 Experimental Results

5.3.1 Dataset

We used two sets of data. One is the DCLDE 2015 conference blue whale D
call data and fin whale 40Hz call data [120], the other is the bowhead whale and

humpback whale vocalizations from the Mobysound mysticetes database [34]. For
the DCLDE data, there are 851 blue whale calls and 244 fin whale calls at the same
sampling frequency 2000Hz. Spectrograms of the data are shown in Fig. and

Fig. 5.3
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FI1GURE 5.3: Fin whale signals’ spectrogram

In the Mobysound data, the bowhead whale and humpback whale have the same
sampling frequency 4000Hz. We used 446 bowhead whale calls and 2310 humpback

whale calls. The humpback whale calls have much more variety than the bowhead

whale calls. Example plots are shown in Fig. 5.4 and Fig. [5.5]
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FIGURE 5.4: Example of bowhead whale signals
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FIGURE 5.5: Example of humpback whale signals

5.5.2 FEwvaluation

We applied PCA, MDS, ISOMAP and Normalized Laplacian Eigenmap to the
datasets. The projections of the data in the top three principle directions are shown
in Fig. and Fig.[5.7] Seven nearest neighbors are used to implement the ISOMAP
and Normalized Laplacian Eigenmap. We used the spectrogram features as inputs
for the DCLDE conference data and the MFCC features as inputs for the Mobysound
data. Looking at the plots, we can visually separate whales from different classes by
using Laplacian Eigenmap after the data projections.

Since the whale vocalizations studied here are polynomial phase signals, the in-
trinsic dimension of the data can be described by the number of polynomial phase
parameters. We can observe that the blue whale and fin whale vocalizations in
the DCLDE conference data are both downsweep chirps. Thus we can use three
parameters: phase, start frequency and slope to describe such signals. The eigen-
value distributions of the DCLDE conference data using PCA, MDS, ISOMAP and
Normalized Laplacian Eigenmap are shown in Fig.
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In Fig. 5.8 there is a gap between the third and the fourth eigenvalue in the
Laplacian Eigenmap. This means that the Laplacian Figenmap captures the intrinsic
dimension of the signal information well. This is also illustrated from the plots of
AUC (Area Under the Curve) versus dimensions in Fig. [5.9] We used PCA, MDS,
ISOMAP, and Laplacian Eigenmap to compress the data to 2 to 20 dimensions. We
used five-fold cross validation to generate the plots. In other word we used 681 blue
whale calls and 196 fin whale calls for training, and 170 blue whale and 48 fin whale
calls for testing. According to Fig. .9 the Laplacian Eigenmap outperforms all
other methods. ISOMAP does not work as well as the Laplacian Eigenmap, because
as stated in Section [5.2.1] the DCLDE datasets are noisy. Thus, the algorithm is
affected by noise when the shortest path distance is computed, as shown in eq. .

For the Mobysound dataset, the AUC plot is shown in Fig. [5.10] In this case,
because the signal to noise ratio is high, both ISOMAP and Normalized Laplacian
Eigenmap outperform PCA and MDS. The ISOMAP and Normalized Laplacian

Eigenmap can represent the data efficiently with much lower dimensions than PCA
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and MDS. This means that the nonlinear mapping can capture the intrinsic structure

of the signal, and that the whale vocalization reside on a low dimensional nonlinear

manifold.
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Reordering the signal based on the sign of the Fielder vector, the corresponding

adjacency matrix created by the Laplacian Eigenmap is shown in Fig. |5.11]
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F1GURE 5.11: Adjacency matrix of Laplacian Eigenmap
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We can see that if two clusters are determined through the sign of the Fielder
vector, the overall weight between data within the same cluster is larger than the

weight between data from different clusters.
5.4 Conclusion

In this chapter we apply PCA, MDS, ISOMAP and Laplacian Eigenmap to per-
form dimension reduction on whale data. The nonlinear methods can efficiently
represent the data with lower dimensions and capture the intrinsic physical infor-
mation of the whale data. The fact that the nonlinear methods outperform the

linear methods is consistent with the low dimensional nonlinear structure of whale

vocalizations’ signal model.
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6

PCANet and DCTNet for Acoustic Signals Feature

Extraction

We introduce the use of PCANet for acoustic signal classification, and propose
DCTNet as an efficient alternative. The eigenfunctions of the local sample covariance
matrix are used as filterbanks for convolution and feature extraction. For acoustic
signals, these functions are well approximated by the Discrete Cosine Transform
(DCT), and the convolutions become a short time DCT. This connection means that
the output of the first layer of PCANet and DCTNet are essentially time-frequency
representations. The second layer of DCTNet will give us features similar to linear
frequency spectral coefficients (LFSC). Experimental results show that the whale
vocalizations are well separated by using the features produced by both PCANet
and DCTNet, and the word error rate of DCTNet in speech recognition tasks is
similar to Mel-frequency spectral coefficients (MFSC), suggesting that PCANet and

DCTNet can well represent the acoustic signal information.
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6.1 Introduction

The power of multi-layer convolutional networks for learning features has been
established in audio signal processing, such as speech recognition and music classi-
fication [74, [75], [76], [77]. The idea of a convolutional network is to convolve signals
with filters, and use the obtained features for classification. The scattering trans-
form, proposed by Andén and Mallat [78] showed that the Mel-Frequency Spectral
Coefficients (MFSC) can be viewed as time-averaged wavelet convolutions, and the
use of a two layer scattering transform led to improvements in classification accuracy
over a single layer.

PCANet [123] was recently proposed for image classification. In this framework,
filters are learned from the data as principal components at the local ”image patch”
level. Despite its simplicity, PCANet was shown to match and in some cases improve
upon state of the art performance in a variety of image classification benchmarks.

In this chapter, we translate the PCANet framework into the world of acous-
tic signal processing. We present experimental evidence that the obtained PCANet
filters are well approximated by the Discrete Cosine Transform (DCT) basis func-
tions [124], [125]. We thus propose DCTNet as an efficient extension, in which PCA
filters are simply replaced with fixed DCT filters. The process of our PCANet and
DCTNet is shown in Fig. [6.1

We relate PCANet and DCTNet to spectral feature representation methods for
acoustic signals, such as the short time Fourier transform (STFT), spectrogram and
MFSCs. In particular, each DCTNet layer is essentially a short time DCT. Just as
the scattering transform cascades log-scale (Mel-scale) spectral coefficients, DCTNet
cascades linear scale spectral coefficients. More technical details can be found in
Section [6.2] to Section

We use the DCLDE whale vocalization data [120] and Aurora 4 speech cor-
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pus [126] for experiments. Results show that using the two-layer DCTNet and
PCANet features can well separate the whale vocalizations, and the DCTNet achieves
state-of-the-art performance in the whale vocalization classification task. The word
error rate of using the two-layer DCTNet is similar to the MFSC in speech recognition

tasks, suggesting that the DCTNet can represent the acoustic feature well.

0.05¢
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\ pXL )
|
G = UXUT, then spectral embedding to k dimensions —> (lassifier

FIGURE 6.1: PCANet and DCTNet Process. The input is the time series of an acoustic
signal. After convolving with DCT and PCA filterbanks, we have the short time PCA and
short time DCT of the signal. After the second convolution, we have linear scale spectral
coefficients. We then use them for spectral clustering and classification.

6.2 Eigenfunctions of Toeplitz Matrix

Suppose a signal x = (x(1),z(2),--- ,x(N)), we construct a Hankel matrix:
x(1) x(2) e x(N—-M+1)
x(2) x(3) e x(N—=M+2)
X = . : , : ;
(M) x(M+1) z(N)
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where M < N. When the first column z(1),--- ,2(M) and the last column z(N —

M +1),--- ,x(N) are zeros, let p; = > x(i)z(i + j), the sample covariance matrix:
! P1 P2 Tt PM-1 |
P1 1 P1 Tt PM-2
XXT=| P2 m Lo pars
| Pv—1 pu—2 pu-s o 1]

is a Toeplitz matrix.

When the autocorrelation of the signal decays fast, the discrete cosine transform
(DCT) basis function can well approximate the eigen-functions of the Toeplitz ma-
trix [124) 125]. The comparisons of top eight eigenfunctions of DCT and PCA of
whale vocalization data is shown in Fig. [6.2]
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FI1GURE 6.2: Comparisons of top eight DCT eigenfunctions and PCA eigenfunctions
of whale vocalization data

The autocorrelation of signal and the correlation of DCT eigenfunctions and PCA
eigenfunctions are shown in Fig. [6.3] We can see that the approximation of DCT

to PCA eigenfunctions in terms of autocorrelation depends on the structure of data.
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The error bound of using DCT eigenfunctions to diagonalize the Toeplitz matrix is

determined by the autocorrelation coefficients of the signal [125].

0.5+
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Correlation coefficient
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Time step
(a) Autocorrelation of signal (b) Eigenfunctions correlation

5 10 15 20

FIGURE 6.3: Signal autocorrelation and eigenfunctions correlation

We can also interpret the DCT eigenfunctions in the Toeplitz-Fourier framework.
Since the Toeplitz matrix 7" can be represented as the sum of circulant matrix C' and
skew circulant matrix S, that is 7' = C + S. The eigenfunctions of circulant matrix
is Fourier eigenfunctions. We can view the skew circulant matrix as an error, and
optimized energy of the circulant matrix within the given Toeplitz matrix. Applying

the Chan’s optimal circulant preconditioner [127] for the Toeplitz matrix, that is

C = arg Héi,n ||C"—T||%. By doing this, we can optimize the energy of circulant matrix

within the the Toeplitz matrix, and use the DCT eigenfunctions as a approximation

of the Toeplitz matrix.

6.3 Short Time PCA and Short Time DCT

The discrete time STFT can be written as [83]:

X(m,w) = Z x(m — n)w(n) exp(—jw(m —n))
— exp(—jom) Y] (w(n) exp(jwn))z(m — n)

= exp(—jwm)[(w(m) exp(jwm)) + z(m)]
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where w is the window function, w is the angular frequency. It can be viewed as
the modulation of band-pass filter. For the PCANet and DCTNet, we replace the
fourier basis function {exp(jwm)} with PCA eigenfunctions and DCT eigenfunctions,
obtaining a short time PCA and short time DCT of the signal respectively.

Plots of short time PCA and DCT (output of the first layer) are shown in Fig.
for different window lengths. We use the DCLDE blue whale vocalization data as an
example. DCT filterbanks are a natural choice since they are time-frequency repre-
sentations, whereas time-frequency representation and resolution may be lost when
using PCA filterbans, especially when the PCA eigenfunctions cannot be approxi-
mated by the DCT. We can see the comparison of Fig. [6.4(a) and Fig. [6.4]c), PCA

fail to represent the time-frequency content of the signal.
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FIGURE 6.4: Plots of the first layer output
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6.4 Linear Frequency Spectrogram

After obtaining the first layer, we view each row of output as a separate signal,
and convolve it with a new PCA filterbank, or DCT filterbank. We thus end up with
multiple new short time PCA and short time DCT, which can capture the dynamic
structure of the signal. We choose a smaller window compared with the first layer
window size for the filterbanks, so we have a finer scale representation (second layer)

inside coarser scale representation (first layer). Plots of second layer short time DCT

are shown in Fig.
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FIGURE 6.5: Comparisons of the first layer and the second layer outputs. (a) shows
DCTNet first layer output with window size 256; (b) shows DCTNet first layer output
with window size 20; (c) and (d) show DCTNet second layer output with window
size 256 at the first layer, and window size 20 at the second layer. (c) shows the
signal component at frequency step 14 of (a), while (d) shows the signal component
at frequency step 12 of (a).

Comparing Fig. [6.5(b), and Fig. [6.5]c) and (d), we can see that the second layer
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DCTNet outputs can reveal more detailed and dynamic signal components then just
using first layer output as Fig. [6.5(b). We choose first layer window size be 256, in
order to have a good time-frequency resolution to visualize the whale sounds, while
the second layer window size be 20, in order to have a finer time resolution of the
first layer output.

Taking an average to the second layer outputs, we arrive at linear frequency
spectrogram like features, which have the stability to time-warping deformation.
The features are similar to MFSC, which extract 12 to 20 coefficients after binning

the spectrogram acoustic feature.
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FIGURE 6.6: MFSC and the second layer of DCTNet

As Fig shows, we use whale vocalization data and Handel’s ” Messiah” music
data to illustrate the similarity of the obtained feature to MFSC coefficients. The
frequency range of this whale data is below 200Hz, and the Mel-scale in low frequency
can be viewed as a linear scale, so we can see the similarity with the MFSC plot and

the average of the DCTNet second layer coefficients. For the music data, its frequency
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range is from 0 Hz to 1500 Hz, so there is a difference in Mel-scale and linear scale,
leading to a shift in scale in the MFSC features compared to the average of the
DCTNet second layer coefficients.

6.5 Experimental Results

6.5.1 Dataset

We use whale vocalization data and speech data to examine the performance of
PCANet and DCTNet. For whale vocalization test, we use the 2015 DCLDE blue
whale D call data and fin whale 40Hz call data [120] for experiments. There are
851 blue whale calls and 244 fin whale calls of the same sampling frequency 2000Hz.
The results are shown and analyzed in Section [6.5.2] For speech recognition test,
we use the Aurora 4 corpus [126], which is derived from the Wall Street Journal
5000-word closed vocabulary transcription task. The training set contains 15 hours
of speech, and it contains clean speech and speech corrupted by one of six different
noises (street traffic, train station, car, babble, restaurant, airport) at 5-15 dB SNR.
The test set has 300 utterances from 8 speakers. The sampling rate of this dataset

is 16 kHz. The preliminary result is shown in Section [6.5.3]

6.5.2  Spectral Clustering

We use the MATLAB toolbox for the scattering transform [128] with two layers,
and Q1 = 8, ()2 = 1, and T = 120ms for the experiments. And for both the
DCTNet and PCANet, we use window size 256 for the first layer, and window size
20 for the second layer. The size of the window for the first layer does not have much
influence on spectral clustering and classification results for DCTNet and PCANet
in the experiments. In order to have a better time-frequency resolution for DCTNet,
we choose the window length to be 256 for the first layer. The window size for second
layer should be smaller than the first layer, in order to have a finer time scale, and

in order to bin frequency to obtain the linear frequency spectrogram like features.

We choose a window size of 20 for the second layer of both DCTNet and PCANet.
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We use the Laplacian Eigenmap to visualize the three dimensional distribution
of features obtained from two-layer DCTNet, PCANet and the scattering transform.
The plots are shown in Fig. [6.7 We use 3 nearest neighbors to create the kernel of
the Laplacian Eigenmap. We can see that the two-layer DCTNet and PCANet can
well separate the blue whale and fin whale data, while the scattering transform fails

to separate the data in three dimensions.
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F1GURE 6.7: Whale vocalizations data three dimensional mapping

We can examine the adjacency matrices created by the Laplacian Eigenmap.
Since it is a binary classification, we use the Fielder value [122] for spectral re-
ordering. We can see that there are two blocks in the adjacency matrices for DCTNet
and PCANet, and the blue whale and fin whale data are well separated.

Based on the features obtained from PCANet, DCTNet and the scattering trans-
form, the Laplacian Eigenmap is used for dimensional reduction, to compress the

features to dimension 1 to 20. We use the kNN classifier (k = 3) to evaluate the
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FI1GURE 6.8: Comparison of Adjacency matrices

separation of the data. The AUC (area under the curve) versus dimension (1 to
20) plot is shown in Fig. and the AUC values for dimension 20 are shown in
Table [6.1] We use 5-fold cross validation to generate the plot, that is 681 blue whale
vocalizations and 196 fin whale vocalizations for training, and 170 blue whale calls
and 48 fin whale calls for testing. We can see that using both DCTNet and PCANet

features can achieve high classification rate on the whale vocalization data.
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Table 6.1: Area Under the Curves (AUCs) of DCLDE Data Classification

DCTNet PCANet DCTNet PCANet Scattering
27d Jayer 27 layer 1% layer 1% layer Transform

0.9513 0.9404 0.9200 0.9079 0.8500
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6.5.3 Speech Recognition Test

For speech recognition task, we use window size 256 and keep 160 components on
the first layer, and use window size 40 and keep all the components on the second layer
for DCTNet. We take a log for the second layer DCTNet features and apply them
to the 7-layer DNN-HMM system [75]. We compare the DCTNet feature with the
MFCC feature and MFSC feature. For the MFCC and MFSC feature, we use 12th
ordered mel-frequency cepstral coefficients and spectral coefficients, plus differential
(delta) and acceleration (delta-delta) features. The preliminary results are shown in
Table 6.2

Table 6.2: Word Error Rate (WER) of Aurora 4 Speech Corpus

Methods [log-DCTNet log-MFSC MFCC
WER 14.9% 13.5% 15.3%

Compared with the whale vocalization data above, speech signals are more dy-
namic and have more variation. Taking a log on the DCTNet output can better
represent mel-scale human listening acoustic feature. The MFCC takes DCT for the
log-MFSC feature. The DCT step can be view as a compression step, and will result
in information loss. Therefore, the MFCC features are not as good as the log-MFSC
features in this task. We have downsampled the log-DCTNet output to reduce the
feature dimension, therefore, there is a loss of information. Table shows that the
DCTNet feature is similar to the MFSC, and muti-layer convolution network is able

to reveal acoustic content of speech.

6.6 Conclusion

In this chapter, we use the PCANet and propose the DCTNet for acoustic signal
classification. We have shown that each layer of the DCTNet and the PCANet is
essentially a short time DCT or a short time PCA, respectively, and can reveal
different time-frequency content of the signal. Using both the PCANet and the

DCTNet as features can achieve high classification rate in the whale vocalization
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data, and the DCTNet feature achieves state-of-art performance. The word error
rate of the DCTNet is similar to the MFSC in the speech recognition task, suggesting

that the convolutional network is able to reveal acoustic content of speech signals.
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Conclusion and Future Research

Conclusion

This dissertation focuses on the detection and classification of whale vocaliza-
tions in the time-frequency plane. In detection (Chapter [3]), we have derived and
evaluated the probability distributions of a signal’s spectrogram, and the Short Time
Fourier Transform (STFT) of the signal. We proceed to obtain the corresponding
likelihood ratio for detection in the ocean environment both in the case in which the
sound speed profile is known exactly, and also when it is uncertain. With the phase
information retained, the detector based on the STFT outperforms detectors based
on the spectrogram, but it is more sensitive to environmental uncertainty.

In classification, we aim to find a good representation for whale vocalizations.
We can extract polynomial phase coefficients of whale vocalizations in the energy
spectrogram of the STFT, or the energy distribution of a bilinear time-frequency
transform. In this dissertation, we use the Weyl transform (Chapter [4)), a trans-
form closely related to the Wigner Ville distribution and the ambiguity function, for
feature extraction. The Weyl transform is able to capture chirp rate information.

Therefore, with a two dimensional feature set, we are able to represent linear chirp
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like whale vocalizations globally. Experimental results show that, on our collected
data set, the feature set obtained from the Weyl transform outperforms both the
MFCC and the chirplet transform in whale acoustic classification.

The fact that we can represent whale vocalizations based on their polynomial
coefficients can be well explained by examining the geometry of the data, that the
signal lies on a manifold parameterized by polynomial coefficients. In this disser-
tation, we use ISOMAP and Laplacian Eigenmap for nonlinear mapping of high
dimensional whale acoustic data (Chapter [5)), to examine its intrinsic dimension and
intrinsic structure. Experimental results show that the nonlinear manifold mapping
methods outperform the linear mapping methods, such as PCA and MDS, pointing
to the nonlinearity of whale vocalizations.

Since the STFT can be interpreted as passing the signal into a set of filterbanks,
we make the connection with convolutional networks, which are fundamental build-
ing blocks in the current hot topic of deep learning. We build each layer with either a
PCA filter bank (PCANet), and a DCT filter bank (DCTNet) for acoustic feature ex-
traction (Chapter [6)). With DCTNet, each layer has a different time-frequency scale
representation, and from this, one can extract different physical information. Ex-
perimental results show that using both PCANet and DCTNet features can achieve
high classification rate in the whale vocalization data, and using the DCTNet fea-
ture achieves state-of-art performance. The word error rate of the DCTNet feature
is similar to the MFSC in speech recognition tasks, suggesting that the convolutional

network is able to reveal acoustic content of speech signals.

Future research

One of the most important challenges related to whale acoustics classification
is to find the best features for capturing their information content. Compared with

complex human vocalizations, whale calls are relatively simple, so the study of whale
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vocalization enables us to have a better understanding for acoustic signal represen-
tation in general. By exploiting the data geometry, we can have a better nonlinear
mapping for the acoustic signal. Note that for ISOMAP, we have to sample densely
to approximate the geodesic distance. This is computationally expensive and the
convergence criteria is not necessarily guaranteed (Chapter . Finding a better way
to represent the geodesic distance is an open area for investigation.

To enhance the computational efficiency of manifold mapping is also of research
interest. The computational cost of sampling in ISOMAP is expensive, as stated
above. The computational cost of Laplacian Eigenmap is also expensive when the
dataset is large. The eigenvalues and eigenvectors of the graph Laplacian have to
be computed in order to perform the mapping, which is computationally expensive
when the number of data points is large. These factors prohibit the application of
nonlinear manifold mapping methods to big data.

For multilayer feature extraction (Chapter@, we have already discovered that the
first layer of DCTNet is actually a short time DCT, and the second layer output can
generate features similar to linear frequency spectrogram coefficients (LFSC). The
third and fourth layer output are delta LFSC and delta-delta LFSC. The approach
for higher order layers and the physical meaning behind them remain to be explored.

Besides signal representation, interpreting the underwater acoustic propagation
model using differential geometry is also an extremely interesting direction for fu-
ture exploration. By studying that, we can have a better understanding of sound
propagation and better track the whales and other underwater objects.

We use the ray theory model as an approximation to the sound propagation
model [39] 129]. The geodesic structure that determines the eigenray in the high-
frequency limit in ray theory is identical to field equations, which is related to the
Jacobi field [129]. The convergence of geodesic is equivalent to caustic formation

in the acoustic field. With the tools and methods in differential geometry, we can
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measure the geometric transmission loss and caustic location without repeatedly

solving the ray equation.
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Appendix A

Derivation of the Short Time Fourier Transform
Detector

A.1 Matched Ocean

According to eq. (3.20]), we can see that X is of dimension (2(B+1) x (J+1)) x 1.
Because we use the Gaussian distribution as our noise model, X follows a multivariate

normal distribution under both Hy and H; hypotheses.
Under the Hy hypothesis, we have
E(X) = 0B+ 1)x(J+1))x1- (A1)

The covariance matrix Cy of X can be represented as [130]

o= | Gv o | (#2
where,

[ Var(UJ0,0]) < Cov(UJ0,0],U[J,B]) |

Cuyu = : : ’
| Coo(U[J,BLU[0O) -+ Var(U[LB]) |
Var(V10,0]) < Cov(V]0,0],V[J,B]) |

Cvv = : : )
| Coo(VIJ,BLVIO,0) -+ Var(V[JB]) |
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Cov(U[0,0],V[0,0]) --- Cov(UJ[0,0],V]J,B])
Cuv = : : ;
Cov(U[J, B],V[0,0]) --- Cou(U[J,B],V[J,B])
Cov(V[0,0],U[0,0]) --- Cou(V[0,0],U[J, B])
Cvu = : :
Cov(V[J,B],U[0,0]) --- Cov(V[J,B],U[J,B])

For ay,a, =0,1,--- ,J and by,by =0,1,--- , B, applying the rectangular window
function w(i] =1, for i =0,--- , M — 1, we have
COU(U[al,bl],U[ag,bg])

B 2M—1M—15 D . D . 27Tb1i1 27[‘()21'2
—UnZ Z [a1D + i1 — asD — ia] cos % cos| —-

11=0 i2=0

Cov(V]ay,b1], V]az, b2])

2 MoLM-1 . . . 27Tb1’L'1 . 27Tb2’i2
=0 dla1D + i1 — aeD — ig]sin I sin i

) . 27by1 . [ 27bot
:—0721' 5[a1D+z1—a2D—zg]cos< ]\411)5111( ]\422)

Cov(V]a1,bi],Ulasg, b2])

NN S D D i (20 2 7boi
=—0n E E [a1D + i1 — agD — ig] sin i cos 7 )
i1=0 i3=0

When the covariance matrix is singular, we apply spectral decomposition to the

covariance matrix

Cx = QAQ"

where () is a unitary orthogonal matrix, and A is a diagonal matrix. The diagonal

elements in A are all real-valued. Suppose there are k non-zero eigenvalues in A,
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then the covariance matrix Cy is:

Cx :QAQT
Ay O QT
I ERalk]
=Q1MQT + Q2MQ5

where A and Q1 corresponds to the k£ non-zero eigenvalues components, and Ay and
()2 corresponds to the zero components.

When Cy is singular, the probability density function for X does not exist. Map-
ping X into a subspace formed by @i, the probability density function for QTX
is
1

T
X =
p(Q; X) (27)(B+D(+1) detI/Q(Al) e

Xp (—%XTQlAllQlTX). (A.3)

Under the H; hypothesis, letting

pn =E(X),
we know that
M-1 M—1
M:[Z yl0- D + i]cos(2w0-i/M), ..., ylJ - D +i]cos(2n(M — 1) -i/M),
i=0 i=0
M-1 M-1
Z y[0 - D + i] sin(—270 - i/M), . .., Z y[J - D +i]sin(=27(M — 1) -i/M)]*
1=0 i=0

and,
E(Q{X) = QT .

It can be proved that the covariance matrix C, under the H; hypothesis is the

same as the one under the Hy hypothesis. Therefore, the probability density function
under the H; hypothesis for QT X is

1

T
X —
P(@1X) (27) B+ D) det /2

1 T —-1NT
(g e e - ).
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Based on eq. (A.3) and eq. (A.4)), we find the likelihood ratio based on STFT

data, when the environmental parameters and source signal is known exactly, to be

A _p(Q1TX|H1)

_p(Q1TX|H0)
(A.5)
1 _ _
— exp (—§(MTQ1A1 'QFn = 2XTQIATQT u)) .
Therefore, the log likelihood ratio is
1 _ _
A =—2 <MTQ1A1 QT — 2XT Q1A 1C21Tu> : (A.6)

Because X follows a multivariate normal distribution under both hypotheses,
QTX also follows a multivariate normal distribution. We can derive the log likelihood

distribution under both hypothesis, and derive the analytic solution for the ROC

plots:
1

i =E(ln A[H;) = §(MTQ1A1_1Q1TM)
ot =Var(ln A\ H;)

=(QIA' QT ) Cou(X)QuA QT e

=(@QATIQT ) (Q1MQT + Q2MaQ3) QAT Q1

=uT QIAT' Q1

1
Ho =E(mA|Ho) = = (" QAT Q1 p)
02 =Var(In \|Hy) = Var(In A\ Hy) = pT Q1A 'QT p.
Therefore,
1 T -1 T T -1 T
In A[H; ~N(§(/~t QAT Q). 1 Qi Qlu) (A7)
1 _

In \|Hy ~ N(—Q(MTQlAfl 1), 1T Q1A lQlTu)' (A.8)
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Derivation of the Short Time Fourier Fourier Transform Detector

The probability of correct detection Pp and the probability of false alarm P in
this case are [103]:

a0 _(nx- m)z

Py :flnﬁp(mml) (In)\) = \/ﬁ " iy
0 _ (na—pg)?

Pp = flnﬁp(ln A Hp)d(In \) = \/ﬁ 1n5 ~ 28 d(In ).

Since 0% = o2, the standard deviation in this case is positive, so 01 = 0. Letting

o =0, =0y, 2 = W) o WA) o (In 3 — ) /o, so dz = od(In ),

dz' = od(In \), we have

’*dz A9
P ), 49
P 7d A
= — e 2dz, 10
o= —— | (A.10)
and the separation parameter, or detection index, d in this case is
d— H1— M07
o
where,
&2 — (1 — po)?
(0)?
T —1T,\2
QA 7 _
= WCOACCUT g, a0 (A1)

pTQIAT QT

A.2 Mean Ocean

The following is a proof that when the uncertainty of the sound speed profile is
small, we can theoretically approximate the likelihood ratio using eq. (3.26]). Suppose
pi is the probability of the sound speed profile of the k" path; py is the propagated

signal corresponding to the k" sound speed profile, and iy is the propagated signal of
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Derivation of the Short Time Fourier Fourier Transform Detector

the mean sound speed profile. According to eq. (3.3), we can see that the mapping of
P
the sound speed and propagated signal is linear, so we have fi, = > prp. According
k=1

to eq. (3.23)), the geometric mean of the likelihood ratio is
P 1/
[ [ =exp (‘5 (Z Pk (MEQ1AIIQ1TM< - 2XTQ1A1_1Q1TNk) ))
k=1 k=1

1 & . .
- eXp((—§ D et Qi 1Q1T,Uk> +XTQuA ipum>
k=1

P
For the term —% S pepf QAT QT e, notice that:
k=1

P
Z Prtie Q1AL Q7 i
k=1

Pt QAT QT (1 — fim)

M~

k

Il
—

|
]~

P
e = ) QAT QT (e — ) + ) it @A Q7 (s — fimm)
k=1

k=1

pe(py — pE)QIAT QT (1 — fiem)

|
M

k

1

P

<C Y pelline — pml* = CVar (me)
i=1

where C' is the largest eigenvalue of A;*. When the variance of p, is small, we can

P P
approximate . prut Q1AT QT e with > prut QAT QT . Therefore,
k=1 k=1
r 1
[ [\~ exp (—5 (uﬁQlAll T hm = 2XTQ1A ffm)) :
k=1

We can see that piy, in eq. (3.26) is the geometric mean of the likelihood ratio.
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