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Abstract

The goal of this thesis is to introduce new matched field processors (MFPs) for estimating the
source location and the environmental parameters of a shallow water waveguide in which the
source transmits either broadband or narrowband random signals. The processors provide higher
resolution in localizing sources in a noisy environment, and have lower side lobe levels
compared to conventional MFPs. MFPs are developed for non-stationary (NS), and wide sense
stationary (WSS) random sources. For time varying sources, formulations based on an evolutive
spectrum concept are proposed to obtain the advantages of time-frequency analysis. For each of
the above formulations, two estimation methods are proposed, a self-CR (cross relation) or a
cross-CR according to which output signal channel is used to construct the estimator. In addition,
the new high resolution MFPs are also formulated for use with deterministic sources. All the
above formulations derive second order MFPs. We extend the second-order cross-relation
concept to higher order MFPs.

The MFPs developed in this thesis are applied for source localization and estimation of
waveguide model parameters. We propose an adaptive matched field processing system for
estimating geoacoustic parameters of the ocean bottom. The method makes use of ambient noise
from signals of opportunity such as broadband random signals radiated by passing ships to
estimate the geoacoustic properties of a new environment. We also propose a novel phase-
regulated back wave propagation (BWP) technique to increase the sensitivity of MFP for
geoacoustic model parameters having low sensitivity. We show theoretically that we can
increase the sensitivity by a factor using the phase regulation procedure. We also show that the
spatial resolution of signal energy that is focused by the BWP algorithm is increased when the
sensitivity factor increases. This leads us to define a criterion based on the spatial distribution of
signal energy around the true source location. We also propose a multi-step search process to
avoid using a complicated multi-dimensional search process. We present an evaluation of new
matched field processors for source localization and geoacoustic parameter estimation with other
MFPs. The evaluation is conducted using results obtained from both simulation and the Pacific

Shelf experiment.
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Chapter One

Introduction, Thesis outline

Advanced signal processing techniques for detecting and localizing underwater targets in
shallow water make use of environmental information about the ocean waveguide in order to
achieve improved performance over conventional array processing techniques. Model-based
methods such as matched field processing provide this capability. Matched field processing is a
full-field signal processing method in which measured acoustic fields from a sound source are
compared to modeled fields calculated for a specific source-receiver geometry and ocean
waveguide environment. The matching is carried out for many candidate target locations within a
specific search region (range and depth) to form ambiguity surface whose values indicate the
likelihood that a source is present. Optimum performance (i.e. localization) is achieved for the
condition that the modeled ocean environment and experimental geometry match the true
conditions. Initially, matched field processing methods were formulated for narrow band,
deterministic sources; however an extension to wideband sources has been proposed and applied
for localization with multiple-frequency continuous wave (CW) data by averaging matched field
processor (MFP) results for single frequencies over a band of CW tones.

The goal of this thesis is to introduce new matched field processors (MFPs) for
estimating the source location and the environmental parameters of a shallow water waveguide
in which the source transmits either broadband or narrowband random signals. The processors
provide higher resolution in localizing sources in a noisy environment, and have lower side lobe
levels compared to conventional MFPs. In addition, the new high resolution MFPs are also
formulated for use with deterministic signals.

In parallel to the applications for target localization, matched field processing has been
applied to estimate ocean bottom properties. In the thesis, we propose an adaptive matched field
processing system for estimating geoacoustic parameters of the ocean bottom. The method
makes use of ambient noise from signals of opportunity as sound sources to estimate the

geoacoustic properties of a new environment. Such information is available by processing
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broadband noise radiated by passing ships. Ships are strong sources of underwater sound, the
signal generally consisting of a combination of machinery tonal signals along with propeller and
hydrodynamic noise. The ships signal is random and broadband, with a complicated probability
distribution function which characteristically produces both continuous spectrum components
and a set of line components. We also propose a novel phase-regulated back wave propagation
technique to increase the sensitivity of MFP for geoacoustic model parameters having low
sensitivity.

Matched field processing can be considered as a sub-category of a more general approach
known as blind system identification (BSI). Blind system identification is a fundamental signal
processing technique for estimating both unknown source and unknown system parameters when
only the system output data are known. The technique has widespread application in a number of
different areas, such as speech recognition, cancellation of reverberation, image restoration, data
communication, and seismic and underwater acoustic signal processing. In many instances,
especially in sonar and seismic applications, the transfer function, or signal propagation model, is
nearly known, and the desired result is not the transfer function itself, but the unknown
parameters of the signal propagation model. In underwater acoustics numerical methods based
on ray theory, wave-number integration, parabolic equation and normal modes are available for
calculating the acoustic field in an arbitrary waveguide to very high accuracy. The task is instead
to find the unknown parameters of the waveguide by modeling the acoustic field. In chapter two,
we derive methods that can be used to determine the unknown parameters of the transfer
function from the basic formalism of BSI. We show that the widely used Bartlett family of
matched field processors can be obtained from this formalism. Section 2.1 considers the
formulation for acoustic wave propagation in the ocean environment. After a brief explanation of
practical methods for the solution of the wave equation we discuss in more detail the normal
modes method in section 2.2. The normal mode code ORCA (see section 2.3) is our primary
model because of its ease of use, versatility and computational speed. In section 2.4 the
theoretical background of the currently-used matched field processors is considered.

Chapter three introduces a cross-relation (CR) based matched field processing technique
for estimating the source location and environmental parameters in shallow water (section 3.1).

The source is assumed to be broadband or narrow-band random noise. However the processor is
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applicable for broadband and narrow-band deterministic sources. The estimation formulas are
derived for deterministic (section 3.2) and random sources (section 3.3) including non-stationary
(NS) (sections 3.3.1), and wide sense stationary (WSS) (section 3.3.2) random sources. For time
varying sources, formulations based on an evolutive spectrum concept are proposed to obtain the
advantages of time-frequency analysis (section 3.4). For each of the above formulations, two
estimation methods are proposed, a self-CR or a cross-CR according to which output signal
channel is used to construct the estimator.

All the above formulations derive second order MFPs. We extend the second-order cross-
relation concept to higher order MFPs (section 3.5). The higher order characteristic of this kind
of processor provides the ability of canceling the effect of Gaussian random sources (either white
or non-white) since the third and some higher odd moments of Gaussian random signals are zero.

In chapter four we consider the concept of back wave propagation (BWP) as an inversion
method to estimate ocean bottom geoacoustic parameters for which the source location is known.
A phase-regulation technique is introduced to increase the sensitivity of the method for
geoacoustic model parameters having low sensitivity. We address the case of data consisting of
signal plus additive noise. We show theoretically that we can increase the sensitivity by a factor
using the phase regulation procedure. We also show that the spatial resolution of signal energy
that is concentrated is increased when the sensitivity factor increases. This leads us to define a
criterion based on the spatial distribution of signal energy around the true source location. This
criterion is formulated based on the spatial variance of the back-propagated pressure field in a
window around the known source location. We also propose a multi-step search process to avoid
using a complicated multi-dimensional search process.

Chapter five presents an evaluation of cross-relation matched field processors for source
localization, and compares their performance with other MFPs. The evaluation is conducted
using results obtained from both simulation and experiment. The waveguide model used for the
simulations is based on the environment at the site of the Pacific Shelf experiment. The replica or
modeled fields are calculated using the normal mode model, ORCA [15]. Environmental
parameters are assumed known in the simulation, and for the real data we rely on values obtained
from seismic ground truth data in the region of experiment. At first we consider a random source

generator to simulate ship noise. After adding measurement noise to the simulated data, the
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performance of two different kinds of cross-relation MFPs (self and cross) is compared with the
representatives of major MFP classes, i.e. Bartlett, minimum variance, and Westwood matched
field processors. The comparison is based on both resolution and side-lobe level. In another
subsection, we apply the time-frequency MFP to synthetic chirp signal for an environment that
contains other random sources (such as wind noise, ocean waves, ship noises, and etc.). We show
the performance of time-frequency MFP in recovering the chirp source location from only one
pulse, and compare with the performance of other MFPs. We then apply higher order MFP data
to evaluate the information content of higher order statistics of the ship noise in localization. This
processor is helpful for environments in which there are Gaussian interference signals, either
coherent in the form of a source or non-coherent in the form of measurement noise. The regular
MFPs are insensitive to the higher order statistical content of ship noise, so can not use the
complete information embedded in the ship noise.

Inversion results for estimating geoacoustic parameters from both simulated and
experimental data from Pacific Shelf are given in chapter six. The components of the matched
field inversion method include a geoacoustic model, a propagation model for calculating the
acoustic field at the receiver, a cost function based on a matched field processor for assessing
specific models, and an efficient search algorithm for searching the model parameter space. The
practical application of the inversion depends in part on having an efficient method for searching
the space of ocean bottom models. In the back wave propagation technique, we present a
successive search algorithm in which the most sensitive environmental parameters are first
estimated and then less sensitive parameters are estimated. For the case where broadband sources
are considered as the inversion source, we can significantly reduce the search space by
classifying the geoacoustic parameters based on the depth of acoustic wave penetration in the
ocean bottom with respect to frequency. In this procedure we first estimate environmental
parameters of upper layers near the sea floor using high frequencies, and then estimate
parameters of deeper layers using lower frequencies. In section 6.1 we consider simulation and
experimental results for an inversion using the back wave propagation technique. We estimate
values for three model parameters, including water depth, compressional speed at the base of
sediment (second) layer and the density of the sediment layer. These parameters can be classed

as examples of high, medium and weak sensitivity to the ocean field. A broadband inversion
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using the cross relation matched field processor (see section 3.3.2) is then considered in section
6.2. The inversion uses the ship radiated noise as a sound source to estimate the water depth,

upper compressional speed of the first layer, and first layer thickness.
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Chapter Two

Matched Field Processing Techniques, An Overview

Acoustic sensing continues to be the most practical form of remote sensing in the ocean since
electromagnetic waves are significantly attenuated after a short range. In shallow water the
geoacoustic properties of the sea bottom are required in order to accurately model acoustic wave
propagation. In section 2.1 the formulation for acoustic wave propagation in the ocean
environment is considered. There are a number of different methods for the practical solution of
the wave equation. After a brief explanation of each method we discuss the normal modes
method in section 2.2. The normal mode code ORCA is our primary model because of its ease of
use, versatility and computational speed. ORCA allows us to use model-based methods to
accurately estimate source location or environmental parameters.

Over the last decade the underwater acoustic community has shown an increasing strong
interest in a model-based technique called matched field processing. This interest stems from its
successful application to the localization of passive sources and the estimation of environmental
parameters needed for accurate prediction of acoustic propagation in shallow water.

Matched field processing may be interpreted as an inversion process to estimate both target
geometry (source localization) and geoacoustic parameters. Both types of inversion are generally
cast as optimization processes in which a global search process is carried out over candidate
model parameters or possible source locations. For geoacoustic inversion the components of the
method are: a cost function based on a MF processor; an acoustic propagation model for
calculating replica fields a form for the geoacoustic bottom model; and an efficient global search
method. The geoacoustic model generally consists of profiles of the sound speed, density and
attenuation in the bottom. These processes, applied primarily to continuous wave (CW) data, are
described in Tolstoy [1]. Some researchers have recognized the potential improvement in
performance available from broadband sources. Booth et al [2] reported improved detection and

target localization by averaging MFP results for single frequencies over a band of CW tones.
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Westwood [3] designed an efficient algorithm based on ray theory for target localization using
pseudo-random broadband noise data received by a vertical array of hydrophones. Westwood’s
approach was extended for acoustic fields modeled by normal modes by Knobles and Mitchell
[4]. Both these methods provided improved performance over incoherent frequency averages. A
coherent MFP over frequency was developed by Porter and Michalopolou [5] and applied to
source tracking.

In parallel to the development of algorithms for target localization, MFP has been applied
to estimate ocean bottom properties. Although target localization can be carried out for an
arbitrary array geometry, geoacoustic inversions have generally been done using vertical line
arrays that provide a measure of the depth profile of the field in the water. The first
investigations were carried out using CW signals [6,7]. However, the use of broadband signals
has been considered. Hermand and Gerstoft [8] analyzed multi-tone CW data and observed that
the inversion results at single frequencies were inconsistent across the band. An incoherent
average over the band was essential for producing stable geoacoustic estimates that were in
agreement with ground truth data. The same erratic behavior of estimates from single frequency
inversion was observed by Tolstoy [1] in her analysis of spectral components of explosive charge
data, using a high resolution MFP. In light of these difficulties, Hannay and Chapman [9] applied
a fully coherent (in frequency and space) MFP to the analysis of their experimental data from
explosive charges. This procedure is similar to the waveform matching approach used in
seismology. The result indicated improved performance for the coherent processor over single
frequency estimates.

In a related study Deane and Buckingham [10] have investigated the use of broadband
noise from the sea surface in geoacoustic estimation. In this method the coherence of sea surface
ambient noise measured at vertically separated sensors is used to invert the properties of the
sediment in shallow water. Although these studies are primarily at high frequencies (1-20 kHz),
the use of background noise as sound sources is a significant result.

The theoretical background of the currently-used matched field processors is considered

in section 2.4.
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2.1. Acoustic modeling

In the classical way of deriving the pressure field equation we assume a linear and stationary
environment; i.e., the speed of sound and the quiescent density are independent of time, and only
the first term of the adiabatic equation of state is involved in the wave equation. In this case the
adiabatic relation between pressure and density [11,81] is

1 1 9%p
V.| =Vp|-—==>=0 2.1
P (p pJ JEREY 2.1)

where p is the pressure, pis the density and c is the sound speed (in an ideal fluid). It is assumed
in (2.1) that the acoustic disturbance is propagated without transporting mass and the
gravitational effects are negligible [12]. In an ideal fluid the assumption is made that that density
is constant in space, and then the standard form of the wave equation becomes

19°p
=X

In an ocean environment, underwater sound is produced by a forcing mechanism, either natural

Vzp

0 (2.2)

or artificial. In the presence of a sound source we include a forcing function f{r,7) to obtain the
inhomogeneous equation

1 9’p(r,t)
(r)> or’

Vip(r,t) - - = f(r,1) (2.3)

where r in cylindrical coordinates is the location of the source in range, depth, and bearing. By

taking the Fourier transforms of both sides of equation (2.3) we have the Helmholtz equation

[VZ + &2 (r)|p(r. @) = £ (r,0) (2.4)
where @ =27zf and k(r)= % is the wavenumber at the frequency@ and c(r) is the sound
c(r
speed function.
Five methods that are in widespread use for practical solution of the wave equation are:
Ray theory
Wave-number integration
Parabolic equation

Finite differences/ finite elements

A S

Normal modes



2. Matched Field Processing Techniques, An Overview 9

Ray theory is derived as the asymptotic limit (infinite frequency) solution to the wave equation
assuming that the sound speed varies gradually on scales relative to actual source wave length.
The limit is approached by dividing the medium into arbitrarily small layers and effectively
results in ray refraction according to Snell’s law. Advantages of ray theoretic solutions are that
they can be rapidly computed, are highly intuitive, and are easily visualized. However, low
frequency behavior such as diffraction effects are not intrinsically included. Since MFP is
recommended for low frequency applications, the ray theoretic approach is very rarely used [1].
GAMARAY is an example of an available ray tracing code [13].

Wave-number integration is a direct numerical solution of the Green’s function for the
Helmholtz equation. It utilizes a fast Fourier transform to approximate the horizontal
wavenumber spectrum, and is generally acknowledged to provide an exact solution for all
frequencies. Important features of this approach include accurate near-field descriptions and the
capability to accurately include the effect of elastic boundaries. However, the method is
restricted to a range-independent environment, and the usage requires considerable experience.
Range dependent solutions are available, but are extremely slow computationally. SAFARI and
OASES are examples of available wave-number integration codes [14].

The parabolic equation method solves a parabolic equation which approximates the
Helmholtz equation and assumes that the received field results from only a restricted cone of
(shallow) source launch angles. Such an assumption is often justified for long range propagation
where steep angles initially present in the source field are stripped off by repeated interactions
with an absorbing or attenuating bottom. This method is gaining in popularity because it can
more easily accommodate range-dependent environments, and is computationally efficient. The
main disadvantage of the parabolic equation method is that it requires significant expertise on the
part of the user [1,81].

Finite differences and finite elements are most often used when back-scattering from
rough surfaces needs to be taken into account. They are also useful for environments with
complex geometry. However, these methods are computationally expensive [1,81].

The normal mode methods are derived from the Helmholtz equation by first assuming a
separable coordinate system (usually cylindrical) and subsequently expressing the solution as a

finite sum of depth-dependent eigen-functions or resonant modes. These modes satisfy the local
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boundary conditions and are analogous to the vibration modes of a string. Normal modes are
relatively fast to compute and can be adapted to accommodate both compressional and shear
waves. This method is essentially range independent, however it has been extended to include a
range-dependent environment by allowing for either full mode coupling (where the modes can
exchange energy) or the simpler adiabatic approach. The main advantage of the normal mode
methods is the capability to provide highly accurate and rapidly computed low frequency fields.

Moreover, these methods are more easily automated than other methods [1,11,81].

2.2. Normal mode solution

Assuming cylindrical symmetry of the propagating sound wave within a shallow water wave-

guide, let us use a cylindrical coordinate system, r = (r,¢,z) and define the source located on
the z-axis, r, =(0,0,z,). The Laplacian operator for the Helmholtz equation satisfies the

following

V2188 1 9 0o°

rarrar—i_rzw-i_?

(2.5)

Assuming that sound speed c(z) and density p(z) depend only on depth z, we have for the
Helmholtz equation (2.4) in cylindrical coordinates

10,6 op o 1 op ’ o(r)
LA g ) - 2.
e (r ar)"'P(Z) az(p(z) 32 + JEP ; 6(z-z,) (2.6)

Using the method of separation of variables let us substitute p(r,z) = @(r) X ¥(z)in the above
equation to obtain two separate equations for range and depth. By including the boundary
conditions for a pressure release interface at the sea surface and appropriate conditions for the
sea bottom (for instance rigid bottom, penetrable bottom), we obtain a modal equation in the
form of a Sturm-Liouville eigenvalue problem with homogeneous boundary conditions. The
modal equation has an infinite number of eigenfunctions, generally called modes, ¥, (z). Each
eigenfunction has a distinct eigenvalue in the form of horizontal propagation constant k. An

important feature of the modes is that they are orthogonal and form a complete set; i.e., any
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continuous function can be represented as an infinite sum of normal modes. At large range from

the source it can be shown that the solution of equation (2.6) has the form

p(r.2) = pi—f)Z v, )y, @HY (k. r) 27

where H\"(r) is the Hankel function of the first kind.

2.3. ORCA

The normal mode code ORCA [15] is our primary numerical model because of its ease of use,
versatility and computational speed. ORCA considers the compressional wave attenuation by
making the wavenumber complex. It includes viscoelastic (lossy solid) media, thus shear speed
and shear attenuation are considered. ORCA is designed such that the wave equation can be
solved in an arbitrary number of layers with variations in compressional speed, density, shear
speed, and attenuation for each layer. In this thesis, it is applied to range-independent shallow

water environments.

2.4. Theoretical background of the Matched Field Processor

In this section the theoretical framework of popular classes of matched field processors is

discussed. These classes are

1. Bartlett matched field processor family

2. Maximum likelihood based matched field processors

3. Bilinear matched field processors

Formulations are given for either deterministic or random sources that radiate either narrow band
or wide band signals.

We are interested in theorems that specify conditions that guarantee a unique solution for source
location or for environmental parameters. These conditions are highly dependent on the ocean
modeling method and the specific model parameter. Since the ocean environment is very
complicated and the role of ocean model parameters can not be fully incorporated in the model

(there is no analytic form), we usually prove only the necessary part of the uniqueness. In order
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to satisfy the sufficient part we should carefully set the bounds of parameter variations. The
bounds are usually obtained from complementary information provided by other sources such as

ground truth data for environmental parameter estimation. w
1
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(a) (b)
Fig.2.1 (a) The geometry of an experiment for source localization or environmental parameter

estimation using matched field processing (b) The multi-channel model of the experiment

The environment is modeled as a parallel set of linear transfer functions as shown in Fig. 2.1(b).
The multi-channel system in the figure includes N linear transfer functions. The transfer
function, h;, corresponds to the paths traveled by acoustic waves from the ship to the i™ sensor
(see Fig. 2.1 (a)), including interactions with ocean bottom and surface. It is assumed that the
noise is additive and is spatially and temporally white, Gaussian and uncorrelated with the input
signal.

We refer to X, ¥, W and u as the measured, received, noise and source signal vectors,

respectively, in the frequency domain. H,(f;A),i=12,...,N are the Fourier transforms of transfer

functions h; , i=1,2,...,N. The source generates either a deterministic or a random signal that can

be narrow band or wide band (with M frequency components f, ,p=1,...,M). The vector ‘A’

corresponds to the set of source location or environmental parameters.
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Based on the system block diagram shown in the Fig.2.1 the following equations are

given:

DG G A (2.8)

yvM = g pitt (2.9)
where

X=[X, X, ..X, L Y=[Y, Y, .Y, s W=[W W .W/I
D, =diag(u, u, ...u, ),H=[H, , H; , ... H; ,]
NEE L

M

X, =[x,(f) (£ xy (] Y, = [0 3 ()]
W, =[w,(f) wy(f)cowy (] H, =[H (f:A) Hy(f;:A)....Hy (f:4)]

(.)Hrepresents the Hermitian operator. The columns of the matrix H are linearly independent

since each of them corresponds to a distinct frequency.
The measurement noise is assumed to be spatially and spectrally independent, circular
Gaussian noise with zero mean having covariance matrix for each frequency component

NxN 2 yNxXN .
Cy M=o’ ™M =12, N.
'

2.4.1. Bartlett matched field processor family

The Bartlett matched field processor family is the most popular family used in the source
localization and environmental parameters estimation. Some well-known MFPs like minimum
variance, multiple constraint and matched mode processors are members of this family [1,16,17].

From equation (2.8), the covariance matrix of the measured signal for a deterministic
source is

Cy =Cy+C, =HD,D/H" +C, = HD ,H" +C,

u u

. 2 2 2 (2.10)
DM2 :dlag(‘ufl sl | ooy, )
In the case of a random source, equation (2.10) becomes
C,=C,+C, = HE(D,D/')H" +C,, = HD; H" +C,
' (2.11)

Dy, =diag($,(£).S,(£).S.(fr))
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where Su( f ), i=12,..., M is the power spectral density of the source at the i" frequency.
Equations (2.10) and (2.11) represent a relationship between the signal and noise
subspaces of C, and the column vectors of H based on the following theorem.

Theorem: There is a linear relationship between the eigenvectors of the received signal

covariance matrix C, (which spans the signal subspace of C, ) and the non-zero columns of the
transfer function matrix H if and only if D‘u‘2 is full rank.
Proof [18]: Let us form the singular value decomposition (SVD) of C, and use equation (2.11) to
write

C, =U,A U, = HD; H" (2.12)
Let us define K as below

K = Al;ZQ HDS—ullz (2.13)

where Q can be any M X M unitary matrix given thatDWis full rank. Substituting (2.13) in (2.12)

we obtain following equation

C, =U,AUY =U, AV (AY)'UY =U,KD"*QQ" (D) K"UY
) ) (2.14)

=U,KD; K"U;' = HD; H"

Equation (2.14) implies the following linear relationship between the eigenvectors of C, (which
span the signal subspace of C, ) and the columns of the transfer function matrix H:

UK=H (2.15) The
above theorem provides transfer functions with both sufficient and necessary conditions.
However, for source localization and environmental parameter estimation, it only provides the

necessary side of the proof for the parameter uniqueness.

The above theorem implies that:

1. The source signal should have non-zero components at all frequencies in the band in the
sense that D‘u‘zbe full rank.

2. H(f),i=12,...,N should not share common zeros at all frequencies in order to have a non-

zero matrix U, .
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The uniqueness conditions for random sources are the same as those conditions mentioned for
the deterministic sources except that we have an expectation rather than a deterministic measure.

For the random source case, the theorem implies that Dy should be full rank, so that the power

spectral density (PSD) of the source should be non-zero over the frequency band. In reality, there

is no way to measure C,, so that replacing it with C, is inevitable. C, is full rank with ordered

eigenvalues as below:

A, 2 A 2 A 24, 24, =.=4, =1 (2.16)

TN-T)

T: # of sources
. . . o . . A,
Replacing C, with C, gives an acceptable estimation result if the rat107‘ is large enough for all

1<i<T.

We will describe two formulations derived from theorem 1 to estimate transfer functions
based on the multiple signal classification (MUSIC) concept [19]. They are categorized as
channel subspace (CS) methods in the blind system identification literature. In the first
formulation we consider the fact that the space spanned by the columns of matrix H is orthogonal

to the noise subspace of C,. Therefore we have

'y MUSIC
H fiiA

P =12, M 2.17)

=arg minHHg;AEn
| Hjpall=1

where E, is a matrix with columns from eigenvectors of the noise subspace of C, .

In the above formulation it is assumed that the minimizing procedure results in the global
minimum point. In the MFP literature, the inverse of equation (2.17) is known as the eigenvector
processor [20]. Tolstoy [1] has commented that the eigenvector processor is not appropriate for
estimating source or spectral intensities since it is seeking the zeros of (2.17), whereas we have
shown theoretically that the processor gives us a unique answer if the conditions of theorem 1 are
satisfied. The MUSIC algorithm has shown its power in the source localization for horizontal
arrays, and there is a large body of work published on this technique, most of which has assumed
plane wave fields and mutually uncorrelated sources [19,21]. The plane wave assumption is to
assure that the sufficient part of the theorem is satisfied for source localization. Another

processor using the same concept as MUSIC is called the approximate orthogonal processor

(AOP) [22]. Fizell [22] has commented that the disadvantages of the AOP include its high false
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alarm rate and its instability in the presence of noise. The instability comes from the inability to
truly separate the signal subspace from the noise subspace when signal-to-noise ratio (SNR) is
low. In this case, we can use model order estimators such as Akaike [23] or minimum description
length (MDL) [24] to overcome this problem.

In the second formulation the projection of the column vectors of H onto the signal

subspace of C, is maximized. Thus we have

A = i max[H JE| =120 M (2.18)
H

where E| is a matrix with columns from eigenvectors of the signal subspace of C,.

fizA

The above formulation is applicable to any vector located on the signal subspace of C,

including the received signal vector, i.e.Y, ., ,i =1,2,..., M so that

S0

ﬁBan‘lett H 2z, _ 1 M 2 19

oA —aHrgrrﬁax ﬁ Jg=1,..., (2.19)
fA’

where Y, is the received signal vector at the frequency f,

The equation (2.19) is known as the narrow band Bartlett matched field processor, for
which the source location or environmental parameters are estimated from the transfer functions.
In this case theorem 1 provides only the necessary part of the proof. The formulation can be

extended to multiple frequencies using either a coherent estimation of frequencies [5],

2
A" =argmax» H i=1..,M (2.20)
‘H./}':A =1 | f
or a non-coherent form [2],
A = arg max Z\ n v, [ 2.21)
[l

For the Bartlett processor family, equations (2.20) and (2.21) are updated to the following

equations to include random sources. For the coherent formulation we have

Hf“”l“”—argmaXZZ(HfAE(YY JH,.\)= argmaxZZ(H Gy, Hyn)oirj=12,. M, (222)

|7l #iH

and for the non-coherent formulation,
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HPm"" = arg max Z(H;’AE(Yf YffI)Hﬁ;A) = arg max Z(HH C, H

TAT Y R fA
il b=

),i=1,2,...,M, (2.23)

where

Gy, = [Sypsyq (7 )] » and Cqufj - [Syl”yq (f"f])]

p.q=L...N p.q=1,...N ’

Sy, 3, ( f;) and Sy, 5, ( fis fj) are the power spectral density and cross power spectral density of y,(f;)

and y,(f), respectively. In practice Cyf_ and CYH ,i,j=1.2,...,M are obtained using the

periodogram technique [25].

As mentioned before, we have no access to the received signals experimentally, so use of
the measured signals is inevitable. This suggests a sub-optimum formulation. In this case,
assuming that the SNR is high enough, we find the maximum likelihood measure of the

estimated transfer functions to be

I:IBartlett ~arg maX(H;:I;ACX/ Hf,;A) ’i = 1’.”’ M (224)

fi3A
[#a]=1
where ¢, = E(x, X/') and X, is the measured signal vector at the frequency f;

The non-coherent formulation of the processor for a broadband signal is

M
A = argmax Y (H{,Cy Hy,)i=1. M 225)

HH_/;-;AH=1J=1 ..... M =1

Although the above processor is quite advanced over conventional plane wave processors, it is
not perfect because of its side-lobes and lack of resolution at the source location. This kind of
processor (linear processor) has the least sensitivity to the mismatch between the model and the
real environment.

In an effort to improve the Bartlett processor performance, the Minimum Variance (MV)
processor has been developed. It has been designed to be optimum in the sense that the output
noise power is minimized subject to the constraint that the signal be undistorted by the filter. The

processor is defined as

A

1
H", = arg max — g=1....M (2.26)
[ =1 (Hﬁ;ACXfI Hf;;A)

There are two possible non-coherent formulations for wide-band MV processors. One adds up

the denominator terms for different frequencies, giving the reciprocal of sums
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I:If‘W = argmax — ! (2.27)

HH/;:AHzU:LZ """ M Z(H;r];A C)_(lfi Hf,;A)

i=1

The other formulation adds a term for each frequency, giving the sum of reciprocals

MV i 1

H," = argmax (2.28) The
|H o a=ri=120 0 (H;I;AC;;_ Hﬁ;A)

reciprocal of sum formulation is closer to the non-coherent concept than is the second one. The
reason is that in the reciprocal sum formulation the maximum point is obtained only if all
denominator values corresponding to different frequencies have small values, while in the sum of
reciprocal formulation the maximum point can be obtained if only one denominator
(corresponding to one frequency) is small. We would expect the reciprocal of sum formulation to
be more stable and accurate.

The covariance matrix of the received signal should be full rank, given that all conditions
mentioned for the Bartlett processor are satisfied. Sometimes it may be necessary to diagonally
load the matrix, i.e. add some small quantity to the diagonal. The performance of the MV
processor degrades rapidly in the presence of error in the model estimates of the field as well as
under mismatch conditions. This sensitivity requires that quantitative knowledge of the
environmental parameters must be extraordinarily accurate. In addition, the propagation model
used must also be highly accurate, a condition that is difficult to achieve if range and depth
change rapidly [1]. The MV performance mimics that of the Bartlett processor in low signal-to-
noise conditions if noise is temporally and spatially white Gaussian.

Daugherty and Lynch [26] have introduced a variable order processor similar in concept

to the MV processor,

n 1
Y97 = argmax i= LM (2.29)

la
=1 (HJZAC)}ZHﬁ;A)

where ¢ is a variable coefficient. For & =1 we have the MV processor. The selection of & can
change the sensitivity of the processor. A small value of & (smaller than one) gives a more

robust processor to model mismatch.
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In order to overcome the high sensitivity of the MV processor, Schmidt et al. [27] have
introduced a multiple constraint (MC) processor. The principle behind the approach is to design
a neighborhood response rather than a single point response, e.g. near the precise source range
and depth, for which the signal is passed without distortion. The derivation of the MC processor
is very similar to that of the MV processor, except that the constraint condition which optimized
the response only at a single point is extended by a system of constraints imposed at L
neighborhood points. Letting the vector d with L entries corresponding to constraints at L points,

the processor is given by

d"(H[,C H )_ld

5o A

S i=l..M (2.30)
lgalr d"(H[H, ) d

For wide-band MC processors, the non-coherent formulation is given by

-1
wd"(Hf,C H, L) d
H} = argmax - (2.31)
[t alrim2m 5 " (HY L H, ) d

Schmidt el al. suggest that the number of constraints be L=2Ny;,, +1, where N, is the number of
dimensions or parameters in the problem [27].

The matched mode processor (MMP) proposed by Shang [28] operates in mode space in
contrast to the Bartlett processor that operates based on signals recorded by hydrophones. The
key advantage of this processor is that prior to processing, the data can be filtered to eliminate
modes that degrade the localization, e.g., poorly modeled or noise dominated modes. The
technique requires that the number of hydrophones N be greater than or equal to the number of

effective modes L at the array range. The non-coherent wide-band MMP is given by

H e = arg max (2.32)

HHf’,:AH:I,i:l,Z ..... M =1

ll‘ h

where a; is the modal  excitation deduced from the data; i.e.,

L
Xk(ﬁ)zz%(ﬁ)l//l(zk,ﬁ), i=12,...,M;k=12,..,N andd, is the model prediction for the /" modal
=1
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L
excitation, Hk(fi)Zzﬁl(fi)l//l(Zk,ﬁ), i=12,...,M;k=12,...N where N and M are the number of
=1

sensors in the array, and the number of frequency components, respectively. The performance of
the processor is highly dependent upon the accuracy with which the mode excitation a,, can be
inferred from the data, particularly for finite aperture vertical arrays that discretely sample the
field. MMP and Bartlett processors are equivalent if the vertical array fully samples the effective
modes composing the field at the array range, i.e. if all modes are used.

Resolution of the MMP is usually limited by the number of effective modes L seen at the
array. An attractive feature of MMP is its potential for increased tolerance of modal errors
relative to the Bartlett processor, especially for noise and interfering sources which often affect a
different set of modes from those most strongly excited by the source. The performance can be
improved by filtering out such degrading modes from the processor.

Richardson and Nolte [29] have proposed the optimum uncertain field processor (OUFP)
as a generalization of MFP to address the problem of localizing an unknown source in an
unknown or erroneously modeled environment. They incorporated a priori probabilistic
environmental uncertainty to account for an unknown ocean parameter and subsequently
compute the maximum a posteriori estimate of source position. They have shown that if the SNR
is high and ocean parameterization is known, their processor reduces to the Bartlett MFP.

It is understood from the Bartlett MFP family that the covariance matrices involved in the
formulations have both self (diagonal) and cross (off diagonal) terms. The diagonal terms do not
contain phase information and consequently are not as sensitive as are the off diagonal terms.
Performance degradation of the MFP is expected in the presence of noise.

Baggeroer et al. [16] incorporated a correlated ambient noise model into the source

localization problem for the Bartlett and MV processors. Let us consider equation (2.10) in
which C,, is now composed of ambient and either white or colored noise. Let o}, denote the
mean-square noise level (at frequency f;), so that C,, = o,Q . Assuming that Q can be computed,

we have

ﬁBarﬂen‘ = arg max(Hf;ACy Hf,;A + O-‘zivH;(.{;AQHf,.;A)’i =1,....M . (2.35)

fisA fi




2. Matched Field Processing Techniques, An Overview 21

For white noise we have C, =01, a constant that does not affect the estimator. In this case

equation (2.35) obtains the simple form

I:Iﬁilxleﬂ = aHrg max(Hﬁ;ACyﬁ H, , + 0'5‘,[) Jgd=1...,M . (2.36)
Hpal=1
For the MV estimator we have
)Y =HM %,i =L, M, (2.37)

where I-AI;N MV can be interpreted as the MV noise level at the estimated source location [1] and

G(y)=1+ () (1=]7f) (2.38)

(N),MV
firA

In this experiment H}"}"" is the MV noise level at the true source location and y is a measure

of the similarity between the replica and data fields with respect to the metric of the noise

covariance. For Q =1, at the condition of best match between the replica and measured fields,
=1 and it follows from equation (2.37) we obtain A"\ <H{"}™ +E(v*). H{}" is the MV
noise level so it is smaller than the Bartlett noise level at the source location; i.e.,
HM < HYP = o3, so Ay < B = B(|Y]*)+ o3, i.e. the MV processor performance reaches

Bartlett processor in the presence of noise.
2.4.2. Maximum Likelihood Matched field processor

The maximum likelihood matched field processor (MLMFP) is a classic estimator that is widely
used in different parameter estimation problems where the probability density function (PDF) of
the measured signal is known [30]. The concept of the MLMFP is to estimate source or
environmental parameters such that a posteriori PDF of the measured signal is maximized. With
Gaussian noise, maximum likelihood estimation is obtained by minimizing the difference
between the received and the measured signals (least square criterion). In the coherent case the

MLMEFP has the following form:

(A.4) =arg_ o (2.39)

H

u

zero HYNxM _HYMp
u
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By substituting the measured signal instead of the received signal, the above formulation can be

rewritten

(H,ﬁ) =arg min E(HXNXM _ M py Mx
H.,u

u

\2) . (2.40)

ML

After solving equations (2.39) and (2.40), equations (2.41) and (2.42) are obtained:

HY =arg_zero (INXN - H(HHH)_lH)Y 2 (2.41)
H
)" = arg min| (1" - H(HHH)_IH)E(XXH)(INXN - H(HHH)_lH)H (2.42)
H T

The corresponding theorems for uniqueness conditions are given in [30]. The MLMFP is an

unstable when the condition number of the matrix H" H is large.

2.4.3. Bilinear matched field processor

The Bilinear processor (BMF) is formulated based on the mutual interaction of output signals,

XI’XM — YI’XM +Wr><M

Bilinear Bilinear
(2.43)
Vi, = Hy, o =D (2.44)

XM % % H
Xg‘(linear = [XBilineLlr',ji XBilinear,fz oo XBilinear,fM ] ’ XBilinear,f} = [xl (fl )x2 (fl ) ce 'xp (f; )xq (f;) oo ] ’
rxM _ * * H
YBilinear - [YBilinear,f] YBilinear,fz o YBilinmr,fM :I’ YBilinear,f, - [yl (fl )yZ (fl ) oo yp (f; )yq (f; ) o ] >

rxM * % H
HBZinear = [HBilinear,ﬁ HBilinmr,fz o HBilinear,fM ]’ HBilinear,f,- = [Hl (j; )HZ (j;) . Hp (j; )Hq (j;) . ] ’

DM><M
uf?

2 2
=diag(‘uﬁ‘ ,...,‘ufM‘ ); p=L...N;gq=p+1,....N
where W =[w,,,l,m=1,....,M;n=1,...,r and w,, is white, zero mean circular Gaussian noise.
Theorem 1 is also applicable to the BMF case, except that the noise and signal subspaces belong

to the covariance matrix having a bilinear form for the measured signal; i.e.,
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X Bilinear Y Bilinear

H H H
= C + CW = HBilinearl)‘ ‘ l)‘ ‘ HBllmear (jW llmearl)‘ ‘ HBllmear + CW . (245)

The theorem implies that D, should be full rank, i.e. the source signal should have non-zero

Jul
elements at each frequency in the signal bandwidth. It also assumes that the columns of

H do not share common zeros so that the linear relationship between the columns of

Bilinear
Hppeorand Cy is preserved. The MUSIC concept gives the following estimation equation
2
/yMUSIC H
HBllmearf = arg_czero HHBilinear,fi En (246)

‘ Bilinear fz

where E, is a matrix with columns from eigenvectors of the noise subspace of C .

Another formulation, obtained by maximizing the projection of Hy,,,,. . onto the signal

ilinear

subspace of Cy is

,Bilinear

2
MUSIC H
HBllmear i T = argmax HHBilinear,f,'- EyH (247)

‘ Bilinear.f; |~

where £, is a matrix with columns from eigenvectors of the signal subspace of C .

Because Yy, ; 1s located on the signal subspace, we can write

2
H
Hpiinear, £ = argmax ‘HBilinear, f Ysitinear, f (2.48)
=1

A

H Bilinear, f;

Yitinear. 1. 1s the bilinear form of the received signal at the frequency f:.

The above narrow band formulation can be extended to the wide band form, and the
coherent form based on the MUSIC concept is given by following equation

2

FyWestwood __ "
HBilinear - al'g max Z(HBtlmear fi YB’ilinear,fi ) (249)
Zf‘.HHBilineanfi =1 f;

For a random source, Westwood [3] substitutes Y,

Bilinear

s, with the cross spectral density of the

received signals (the expected value of Yy, ... )

The formulation for the non-coherent processor based on the least square concept is given
by

ﬁNon—coherent 2
Bilinear Bllmear fi Bllmear fi . (250)

z H Bilinear f; |~

I
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In practice we only have access to the received signals in the presence of added noise. In this
case if the SNR is high the maximum likelihood measure of system transfer function is as

follows

A

_ H
HBilinear,f;- = argmax (HBilinear,f;- CXB[H,,mnﬁ HBilinear,f,- )

=1
(2.51)
H
CXBi/imr.ﬁ = Ef (XBi/inear,ﬁ XBi/inear,ﬁ )a

‘HBi/inear.ﬁ

and Xpjinear, 1. 1s the bilinear form of the received signal at the frequency f;.

For the uniqueness conditions, the BMF has higher risk of having more than one solution
for H , because of the bilinear structure of the processor having a non-linear relationship between

H and the system transfer functions. This is the case also from the necessary side of the

Bilinear

theorem. The BMF has the advantage of being more sensitive to source or environmental
parameters than is the Bartlett processor family since the self terms in the bilinear covariance
matrix are removed. The BMF has a more complex formulation requiring more computation in
comparison to the Bartlett processor family. In the derivation of the bilinear processors, we

assumew, is white and Gaussian, but this assumption is generally not true in practice.

Consequently the BMF is a sub-optimum estimation in comparison to the Bartlett processor

family.



3. Cross-relation Matched Field Processors, Theory and Formulation 25

Chapter Three

Cross-relation Matched Field Processors,

Theory and Formulation

In recent years methods based on second-order signal statistics have been considered extensively
for blind system identification [18,31-36]. One of those methods is based on the cross-relation
concept, a well-known characteristic of single-input multiple-output systems [37]. In blind
system identification, the system parameter estimates are derived from output data only. The
output data are generated from a system with known model architecture having unknown inputs.
The model parameters are unknown and vary spatially in the environment. Applications can be
found in various topics of signal processing including seismic [38,39], telecommunications [37],
and image processing [40,41].

Different classes of blind identification techniques have been proposed to estimate either the
system, the input source location parameters (inversion) or the source signal itself
(communication). Extensions to the multiple-input multiple-output case based on second-order

signal statistics are given in [42-44]. These techniques usually assume that

Channels have finite impulse response (FIR) structure
The number of channels and size of FIR transfer functions are known a priori
A sufficient number of output samples exist to obtain good channel parameter estimates

The input sequence is sufficiently complex

A S

The channels are sufficiently distinct such that the channel Sylvester matrix [30] meets the

full column rank condition.

The latter three assumptions belong to the set of identifiability conditions based on the

assumption that a FIR structure is used. In practice, we often know the sinusoidal model of signal
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propagation (provided by acoustic propagation modeling software such as ORCA), and the
problem is to estimate the parameters that are unknown.

Adaptive matched field processing systems make use of ambient noise or signals of
opportunity to learn the geoacoustic properties of a new environment. Such information is
available by processing broadband noise radiated by passing ships. Ships are strong sources of
underwater sound, the signal generally consisting of a combination of machinery noise along
with propeller and hydrodynamic noise [45]. This kind of noise is a random signal, non-
stationary with a complicated probability distribution function which characteristically produces
continuous spectrum components and a set of line components [46,47]. The main part of
propagated ship noise in water is the propeller noise, bursts of cavitation noise when the
propeller blades move through the cavitation zone behind the vessel [18]. In chapter 5 we specify
the characteristics of ship noise in more detail.

This chapter introduces a cross-relation (CR) based matched field processor technique for
estimating the source location and environmental parameters in shallow water (section 3.1). The
source is assumed to be broadband or narrow-band random noise. However the processor is
applicable for broadband and narrow-band deterministic sources. The estimation formulas are
derived for deterministic (section 3.2) and random sources (section 3.3) including non-stationary
(NS) (sections 3.3.1), and wide sense stationary (WSS) (section 3.3.2) random sources. For time
varying sources, formulations based on an evolutive spectrum concept are proposed to obtain the
advantages of time-frequency analysis (section 3.4). For each of the above formulations, two
estimation methods are proposed, a self-CR or a cross-CR, according to which channel output
signal is used to construct the estimator. All the above formulations derive second order MFP.

We can extend the second-order cross-relation concept to higher order MFPs. It is known
that the second order probability density function (PDF) cannot completely model the ship noise
source, so it is believed that the ship noise has higher order (higher than 2) statistics. We propose
a matched field processor based on the higher order cross-relation concept (section 3.5). The
higher order characteristic of this kind of processor provides the ability of canceling the effect of
Gaussian random sources (either white or non-white) since the third and some higher odd

moments of Gaussian random signals are zero.
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3.1 Cross-relation Concept

Let us consider the geometry of the measurement system in shallow water using a vertical linear
array with N sensors. This system can be modeled by a multi-channel system consisting of N
parallel linear transfer functions shown in Fig. 3.1. The transfer function A; corresponds to the
paths traveled by acoustic waves from the source to the i sensor, including interactions with
ocean bottom and surface. It is assumed that the noise is additive and is spatially and temporally
white, Gaussian and uncorrelated with the input signal. The cross-relation in equation (3.1)
between the transfer function and measured signal at pairs of sensors follows from the linearity
of the transfer functions:
{y”(n) IR =h,(n;a)*y, (n) =h,(n;x)*y,(n)
y,(m)=h,(m;a)xSn) " ! ! ! (3.1)
p.gq=12,....N;p#q ,n=12,...,L

M # "

uornewI)sd
RESETII(ALE

4wy
Fig. 3.1. The single-input multiple-output channel estimation
The above equation shows that the outputs of each channel pair are related by their channel
responses. It gives a relationship such that, under certain identifiability conditions, we can
identify multi-channel systems based on only channel outputs. This is why the method is referred
as a blind identification technique. In this chapter we present a new derivation of this concept for
random sources. The corresponding theorems and discussions are given for the deterministic

sources in section 3.2 and for random sources in section 3.3.
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3.2 Deterministic Sources

For the deterministic source, equation (3.1) can be rewritten in the following matrix form to

solve for all channel responses simultaneously.
Yh=0 (3.2)

where

h = [th,h{,...,h{,]T, hy, = [h,(L=1h, (0] . p=12,....N

_ T T T
Y = | V¥, g Yoy
N(N-1) blocks
2
y " 0 Y 0 Y 0
P.q,p*q N J N —— q
Zx(p-nHL M Zxg-p-nr M,y
L L L L
y,(0) y,(L-1)
Y =

y,(M—L-1) ... y,(M-1)

The above multi-channel system can be identified uniquely (to within a scalar) if and only if the
null space dimension of the data matrix Y is one. This is a general necessary and sufficient
condition for channel identification. Theorems have been presented in [37] that give explicit
expressions and provide insight into the characteristics of the channels and input signal. These

theorems imply that the blind identification problem has a unique solution if and only if:

1. The transfer functions{h,, (Z)}, p=1,...,Nare coprime; i.e., they do not share any common
roots
2. The linear complexity (a measurement of the diversity of a finite sequence [37]) of the source

signal is greater than 2L+ (for sufficient condition) and not less than L+/ (for necessary

condition)

The linear complexity can be described in the following way. Given finite input data

{s(m)},n =1,..., M , we define the rth-order Hankel matrix S(r) as follows:
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[5(0) s(r=1)
s(1) s(r)
S(ry=| . . ) . (3.3)

| s(M —r—1) ... s(M-1)]
Let p be the highest rank of the Hankel matrices S(r),r=1,2,...,M, then the null space of a rank
deficient Hankel matrix S(r),(r>p) can be uniquely characterized by a pth-order polynomial:
a(z)=a(0)+a(l)z+...+a(p)z’. (3.4)
The above equation has p roots, usually called modes. The number of modes is often referred to
as the linear complexity of the sequence s(r), a measurement of diversity of a finite sequence s(.).
The proof of the uniqueness theorem is given in the time domain [37], however it is

easier to prove it in the frequency domain. We begin by writing equation (3.1) in frequency

domain:
{Yp(ﬁ):HI’(ﬁ;A)Sn = H,(f;; DY, () = H,(f: DY, (f)
Y,(f)=H,(f;A)S, PR (3.5)
p.q=12,....N p#q ;i=1,.,L; L# of frequencies

Let us rewrite (3.5) for all channels:

_ NLxL

Y,H,=0 (3.6)

T T

2LrxL _ | yT T T 2LrxL _
Yt =YY e Yy | s HE = H s H e Hy
N(N-1) N(N-1)
r= r=
2 2

p: 1’29'--’N q:p+1,,N

where

rih) -xri 0 0 0 0
0 0 Xﬂ(fz) _Yq(fz) 0 0
Y;;QL: 0 0 0 0 . 0 0
0 0 0 0 0 0
0 0 0 0 ATl
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H(f.A H(f,A 0 0 0 0
0 0 H(f.A  H(fA 0 0
H*= 0 0 0 0 ... 0 0
0 0 0 0 ... 0 0
0 0 0 0 .. H(f.A H{f.A

We first state the following lemma.

Lemma: The matrix H, is full column rank if and only if for all the frequency

band f;,i =1,2,..., L the transfer functions Hp(fi;A),p =1,..., N are not zero.
Proof: The proof of Lemma is straightforward since H p( fi3sA),p=1,...,N are columns of H, .

The above lemma gives the same result that we had in the first condition given by [37]. Now we
state the following theorem that gives the identifiability condition.

Theorem: The multi channel system (in frequency domain) is uniquely identified (up to a scalar)
if and only if the null space dimension of Y, is L while H, is assumed to be full column rank
(i.e., lemma is satisfied).

Proof: The proof of above theorem is straightforward and can be found in [49].

In order to have the null space dimension of Y, equal to L, assuming the condition in the
lemma is satisfied, Sﬁ ,i=12,..., L should be non-zero (see equation (3.1)). This implies that the
source signal should be complex enough, another form of condition 2 given in [37]. The source
can not be zero, a constant, or a single sinusoid if we are looking for transfer functions in a wide
band frequency, for example.

The equation (3.6) is for the noise free case. For the case where channels are corrupted by

noise the following matched field processor is proposed based on the least square criterion:

AF = argmin  E(|X,H,[) 3.7)

Here X ., is matrix of the measured signal (see Fig. 3.1 or equation 2.9) and

T

X;erL: sz’__.’XT -,XAT/,N—l p=12,...,.N g=p+1,....N

Pq.p#q°""

N(N-1)
r=——"
2
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X X)) 0 0 0 0 ]

0 0 XU XK 0 0
X2t =l 0 0 0 0 0 0

0 0 0 0 0 0

|0 0 0 0 . X)) -X()|

In matched field inversion, ensuring identifiability conditions for the transfer functions 4 does
not guarantee (from sufficient side) a unique solution for the system or source parameters that we
are seeking. As we mentioned in chapter 2, the sufficient conditions are highly dependent on the
particular model for the ocean waveguide and the specific parameter. Since the ocean
environment is very complicated and there is generally no exact analytic relationship between
the model parameters and the acoustic field, ocean parameters can not be fully interpreted by the
model (there is no analytic form), it is not practical to analytically determine the sufficiency. In
order to reduce the non-uniqueness as much as possible we should carefully set the bounds of
parameter variations. The bounds are usually obtained from complementary information

provided by other sources such as ground truth data for environmental parameter estimation.

3.3 Random Sources

The estimation formulas are given for non-stationary (NS), and wide sense stationary (WSS)
random sources. For each formulations two estimation methods are proposed, a self-CR or a

cross-CR according to which channel output signal pair is used to construct the estimator.

3.3.1. Non-stationary Sources

Let us multiply both sides of equation (3.1) by the conjugate of ¥,(1;) or ¥,(n) to produce the
self-CR equation, or by y,(n),k=1....,N,k#p,q to produce the cross-CR equation, and then
apply the expectation operator to this product. Here, n; is the time index; independent of n. The
results are given in equation (3.8) for the self-CR estimator and equation (3.9) for the cross-CR

estimator.
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h, (@) E(y, (m)y, (n))) = hy (n:a) E(y, (m)y, (n))

hp (n;a)* qu,yp (n,nl) = hq (n;a)* Ryp (n,nl)

(3.8)
p.q=12,....N;p+#gq
h, (n;0)% E(y, (n)y; (n)) = by (n;@)% E(y,, (n)y; (n)))
h,(n;a)* qu,yk (n,nl) = h,(n;0)* Ry,,’yk (n,nl) (3.9)

p.gq=12,....,N; k=1,....N , k # p,q

For the non-stationary source, the above equations can be rewritten in the following matrix form
to solve for all channel responses simultaneously.

Ry,self_CR(nl) h=0 Ry,ams_ae(nl) h=0 (3.10)
where

=l hd e hE ] by = [, (L= Db, )] L p =12, N

T

T T T
Ry,selfiCR (nl) = R1,2 (nl )a cees Rp’q;p;tq (nl )a cees RN,N—I (”1)

N(N-1)

blocks

_ T T T
Ry cross_cr ("1) = | Ri23(n)s s Ry kikzpg (M) s Ry noy v—2 (1)

N(N-1)(N-2)

blocks
3
%XNL
Ry gipeq (M) = 0 qu,yp (ny) & -R, (m) 0
M><( -1)L M Mx -p-1L M
. M, 3 (g=p M .
L L
%XNL
Rp,q,k;kip,q(nl): \_(L qu’yk (n,) 0 _Ryp’yk (n) 0
M M
Tx(p—l)L M. Tx(q—p—l)L M.
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y, On) o Ry (L-Lny)
qu,y,,(”l):
y,M=L=Ln) .. R, (M~1n)
_Ryp (0,n,) Ry (L—1n)
Ryp(nl):
R, (M=L-1n)... R, (M~1n)

The identifiability condition requires that the null space dimension of matrices R, « and
R, ;uss cr should be one, while the vector /& should be non-zero, implying that the 7,i=12...,.N
should not share common zeros. To give more explicit expressions and provide more insight into

the characteristics of the channels and the source signal (similar to what we had for deterministic

sources but here we have a statistical sense), the following conditions are given:

1. The polynomials {hp (Z)}, p=1,..., Nare coprime or they do not share any common roots

2. The linear complexity of the expected value of the non-stationary source signal is greater
than 2L+ (for sufficient condition) and not less than L+ (for necessary condition)
As shown above, the cross-CR estimator only has signal cross-correlation components so in the
presence of spatially white noises, this kind of estimator gives better performance than self-CR
estimator which has both auto-correlation and cross-correlation terms.
For the case where channels are corrupted by noise, the following least-square estimators

are proposed for the measured signal x:

Rx,self_CR(nl }4‘ PCI’OSS * Z]‘Rxmm R nl hﬂ_l (311)

self _CR __
F =]

n

3.3.2 Wide Sense Stationary Sources

For wide sense stationary sources, equations (3.8) and (3.9) become

h, (n;a)* qu,y,, (n - nl) = h, (n; @)% Ryp (n - nl) (3.12)

H,(mF;a)S,

Yg:Yp

(mF)=H,(mF;a)S, (mF)
p.q=12,....N;p#gq
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hy (@R, | (n=ny)=h, (@R, (n=n) (3.13)
H,(mF;0)S, | (mF)= H, (mF;a)S, (mF)
p.q=12,...N; k=1,...,.N,k+#p,q

where S, (f)is the power spectral density of y , and Sy , (f) is the cross power spectral density

of y , and y , . The above equations can be written in the following matrix form to solve for all
channel responses simultaneously:
Sy,self_CRH =0 > Sy,cross_CRH =0 (3.14)

where

T T
H=|H,H}...Hy| , H, =[H,O), H,(F),...H,(L-DF)] , p=12....N

T
_ T T T
Sy,self_CR - Sl,2""’Sp,q;piq""’SN,N—l
;____w______/
N (N -1
( ) blocks
2
T
_ T T T
Sy,cross?CR - S1,2,3""’Sp,q,k;k¢p,q""’SN,N—I,N—2
;_—_—_\f_______/
NIN-DWN=2) 10 ks
3
IXNL _
Sp,q;pvﬁq - 0 Syq’yp _O_J Syf’ 0
Ix(p-1)L Ix(g—p-1)L
r Ix L q9-r Ix L
IXNL
SNt =10 S 0 - 0
P.q.k;k#p.q Yq Yk Yq Yk
N— S—
Ix(p-1)L N Ix(g-p-1)L N

S, = [S}M ©0)...s, , (L= 1)F)] .S, = [S),p 0)...s, ((L- 1)F)]
The identifiability condition is that the null space dimension of matrices S .y cg and S, o5 cr
should be one and that H;,i=12,...,N should not be zero. To give more explicit expressions and

provide more insights into the characteristics of the channels and the source signal, the following

conditions are given:



3. Cross-relation Matched Field Processors, Theory and Formulation 35

1. For all the frequency band f; ,i =1,2,..., M , the transfer functions H,,p=12,...,N should not

be zero.

2. In order to have the null space dimension of S, ;-  or S, . = . equal to one, assuming the

condition mentioned in the item one is satisfied, the source spectral density function should

be non-zero for all frequencies.

As shown above, the cross-CR estimator only has signal cross-spectrum density components, so
in the presence of spatially white noise this kind of estimator performs better than the self-CR
estimator which has both power spectral density and cross spectral density terms.

The unknown parameters are estimated by maximizing the following equations when the

channels are corrupted by noise:

Sx,self_CRHH_l ’ P.S?,'gss_CR = Sx,cmss_CRHH_l (315)

The above equations can be rewritten in the following form to give a more explicit expression of

self _CR __
P, S.a -

the processors:

P().[S'elf _CR,Linear _

= N N 5 (3.16)
DX DS U H ) = Sy, (FH pia (1)
Ji p

; p=lg=l,q%#

j 1
Cross_CR,Linear _
Fa - 5 (3.17)

N
S S NS D Ha = S U H ()]
7,

; q=l,q#pr=1,r#p,q

M=

=
I
—_

3.4. Time-Frequency Matched Field Processor

Time-frequency representations (TFR) of signals map a one-dimensional signal of time, x(7), into
a two-dimensional function of time and frequency,7 (¢, f). The values of the TFR surface

above the time-frequency plane give an indication as to which spectral components are present at

specific times.
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TFRs have been applied to analyze, modify, and synthesize time-varying signals. Three-
dimensional plots of TFR surfaces have been used as pictorial representations enabling a signal
processor to analyze how spectral components of a signal or system vary with time [50-52].
TFRs are divided into two major groups, linear and quadratic (bilinear). The short-time Fourier
transform (STFT), Gabor transform, and the time-frequency version of the wavelet transform
(WT) are members of linear TFR group. All linear TFRs satisfy the superposition or linearity
principle which states that if x(z) is a linear combination of some signal components, then the
TFR of x(t) is the same linear combination of the TFRs of each of the signal components. The
Wigner distribution and ambiguity function are the most important members of the energetic and
correlative interpretations of the quadratic group, respectively [50]. The Wigner distribution

(equation (3.18)) and ambiguity function (equation (3.19)) are given respectively as

W, (t,f)= J'x(r +§)y* (1 —g)e‘fz’f “dr= JX(f +§)Y* (f —%)ej 2 dy (3.18)

Ay (en) =[xt D0 =20 ar = [ X+ DX (=DM 3.19)

The Wigner distribution and ambiguity function are dual in the sense that they are a Fourier
transform pair:
A (mv) = [[W, @ fre > drdf (3.20)
tf
For random signals, the expectation of the above formula is considered. In this case, the Wigner

distribution 1is called an evolutive spectrum. For the energetic TFR, we seek to combine the
. 2
concepts of the instantaneous power p ()= |x(t)| and the spectral energy

density P (f) = |X (f) *, while in the correlative TFR representation, we seek to combine the

temporal correlation r (7) = Ix(t +7)x (t)dr and the spectral correlation R, (v) :JX(f WX (f)df .
t f

Two prominent examples of the energetic form are the spectrogram and the scalogram, defined
as the squared magnitudes of the STFT and WT, respectively. Two fundamental classes of
energetic TFRs, are the classical Cohen class and affine class [50]. The Cohen class includes all
time-frequency shift-invariant, quadratic TFRs in which the shift of a signal in time and/or

frequency results in a corresponding shift in the TFR by the same time delay and /or modulation
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frequency. Every member of the Cohen class is interpreted as a 2-D filtered Wigner distribution

(an evolutive power spectrum for a random signal) [50]; i.e.,

T, € Cohen class < T,(t, f) = [[y,(t=1', f = fOW,(¢', f ) df (3.21)
tf'

where W (¢, f) is the Wigner distribution of x(#). Each member of Cohen’s class is associated
with a unique, signal-independent kernel functiony (¢, f) .

The affine class includes all energetic, quadratic TFRs which preserve time scaling and
time shift. Any TFR which is an element of the affine class can be derived from the Wigner
transform by means of an affine transformation [50]; i.e.,

T e Affine class < T.(t,f) = jj;gr(f(t—t'),?)m(f,f')dfdf' (3.22)
t'f'
where y, (e, ) is a two-dimensional kernel function. The scalogram is the most famous member
of this group.
Let us now derive a time-frequency based matched field processor. We multiply both

i27mmTF * i2 TF
7T or y, (ny T)e! ™™ for the

sides of the Fourier transform of equation (3.1) by y: (mT)e
self-CR case, and by yZ (an)ej 22mmlE b =1, N,k # p-q, for the cross-CR case and then apply
the expectation operator to produce

H, (mF;a)E(Yq (mF)y; (an)ejzmlmTF) =H, (mF;a')E(Yp (mF)y; (an)ejZﬂnlmTF)

RD, ., (mF.nT) RD, (mF.nT) (3.23)

p.gq=12,....N;p+q

H,(mF;a)E(Y, (mF)y; (m T)e’>™ "™ ) = H (mF;@)E(Y, (mF)y; (n,T)e’>™"™")

RD, , (mF.nT) RD,, , (mF.nT) (3.24)

Yk Vg Yk-Yp

p,q,k=12,....N;p#qandk # p,q

where, RD is self-Rihaczek distribution of y,and RDyk’ , 18 cross-Rihaczek distribution of

y
Ypand y, [50,53]. This distribution is a bilinear time-frequency distribution and a member of the

Cohen class [50]. The self-Rihaczek distribution and cross-Rihaczek distribution have the

following relationship with the ambiguity function [50]:
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RD (t,f)= _[_[[ej’””Ax(f,v)]e””““‘f”drdv

v

25
RD, (t,f)=[[[e”™ A, (z.0)]e** " drdv G2

where A, (7,0) is the ambiguity function of x(#) and A, ,(7,V) is the cross-ambiguity

function of x(¢) and y(z).

The relationship between the ambiguity function and the evolutive spectrum is given in

(3.20). The Rihaczek distribution has the following properties of bilinear time-frequency

representation:

10.

11.

12.

13.

Time shift: RD_(¢, f)= RD (t —t,, f) for X(t) = x(t—1t,)
Frequency shift: RD. (¢, f) = RD_(t, f — f,) for %(t) = x(t)e’*™"

Time marginal: J.RDX (t, fHdf = |x(t)|2
!
Frequency marginal: J‘RDX (t, FHde =|X (f)|

x(0)| dt

t

Time moments: th”RDx(t,f)dtdf = Jt"
f t

X (f)| df

Frequency moments: JJf”RDX (t, fHdedf = Jf"
t f f

Time-frequency scaling: RD_(¢t, f) = RDx(at,i) for X(t) = \/m)c(at)
a

Finite time support: RD (¢, f) = 0 for t outside [7,,¢,] if x(z)=0 outside [z7,,1,]
Finite frequency support: RD (¢, f) = 0 for foutside [ f,, f,] if X(f)=0 outside [ f,, f, ]

Moyal’s formula (unitarity):(RDw1 (t,f)RD, (t,f)) = (X, %)Y ,)

Convolution: RD. (1, f) = [ RD, (t=1', f)RD (', f)dt' for F(1)=[h(r—1")x(1')dr
Multiplication: RD. (¢, f) = [ RD, (t, f = f)RD, (¢, f )df ' for (1) =h(1)x()
),

Equations (3.23) and (3.24) can be rewritten in the following matrix forms to solve for all

channel responses simultaneously:

RD ,self_CR(nl )H =0, RD,

Y ,cross_CR (nl )H =0 (326)
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where

T T
H=[H{ ,H},...H\| . H,=[H,0),H,(F),....H,(M=1)F)] , p=12,....N

T T T
RD, i cr (n)=| RD{,(ny),. RD, (), . RDy (1))

N(N-T) blocks
: s
T
_ T T T
RDy,cross_CR (nl ) - RD1,2,3 (nl )’ tee RDp,q,k;k:tp,q (nl )’ R RDN,N—LN—Z (nl )
7N(N_1)(N_2) blocks
IXNM
RDI:,(CI;I’#I ()= _9_, RDy,,,yp (n,) i _RDyp (n,) O
IX(p—1) M ey Ix(g-p-DM T
RD;X;\% ra (n)= H(,)_J Rqu " (n,) H(,)_J —RDy]”yk (n,) 0
IX(p-D) M T IX(g-p-DM T
RD, . (n)=[RD, , O.nT) .. RD,  ((M-1)FnT)]
RD, (n)=[RD, O.n,T) ..  RD, ((M-1)F,nT)|

The identifiability condition requires that the null space dimension of matrices RD, ., ¢ and

RD, 055 cr should be one and that the vector H be non-zero, i.e. H,,p=L2,...,N should not be

zero for all frequencies. To give more explicit expressions and provide more insights into the

characteristics of the channels and the source signal (similar to what we had for deterministic

sources but here we have a time-frequency sense of input signal), the following conditions are

given:

1. For all the frequency band f;,i =1,2,..., M, the transfer functions H D= 1,2,...,N should not
be zero.

2. In order to have the null space dimension of RD, ., g or RD, . cg €qual to one, assuming
the condition mentioned in the item one is satisfied, the Rihaczek distribution of the source
RD (n,, f;),i=12,...,L should be non-zero for all time indices n,. This implies that the

source signal should be complex enough in the time-frequency sense.
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As shown above, the cross-CR estimator only has signal cross-correlation components so, in the
presence of spatially white noises, this kind of estimator performs better than the self-CR
estimator which has both auto-correlation and cross-correlation terms.

For channels corrupted by noise, the following least square estimators are proposed:

PIgeDl{c&CR = Z ” RDx,selffCR (nl)H H71’ Plsg),;_CR == Z || RDx,cross_CR (nl)H ||71 (327)

m n

3.5. Higher Order Matched Field Processors

The higher-order statistics have been applied in many diverse fields such as sonar, radar, and
seismic signal processing in data analysis and system identification [54-56]. Specific higher
order statistics, known as cumulants, and their associated Fourier transforms, known as
polyspectra, reveal not only amplitude information but also phase information. This is important
because, as is well known, second-order statistics (such as auto-correlation) are phase blind.
Cumulants, on the other hand, are blind to any kind of Gaussian process; thus they can
handle colored Gaussian measurement noise automatically, whereas correlation-based methods
can not. Cumulant-based methods boost the signal-to-noise ratio when signals are corrupted by
Gaussian measurement noise. Regarding the process distribution we can choose the appropriate
cumulant to reach our goals. For example, if a random process is symmetrically distributed as are
Laplace, uniform, Gaussian, and Bernoulli-Gaussian distributions, then its third-order cumulant
equals zero. Thus in order to obtain a non-zero process we should use a fourth-order cumulant.
For non-symmetric distributions such as exponential, Rayleigh, and k-distributions, the third
order cumulant is not zero. Ship noise has a complex distribution with statistics higher than
second order, so a matched field processor based on higher order statistics will let us use more
information in the data. This matter will be discussed further in chapter 5.
Higher-order statistics are applicable when we are dealing with non-Gaussian processes. Many
real world applications are truly non-Gaussian. The greatest drawbacks to the use of higher-order
statistics are that they require longer data records and much more computation than do
correlation-based methods. Longer data lengths are needed in order to reduce the variance
associated with estimating the higher-order statistics from real data using sample averaging

techniques.
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Let v=[v,,v,,...,v,]" and x=[x,,X,,...,x,]" where x denotes a collection of random variables.
The kth-order cumulant of these random variables is defined as the coefficient of (v,,v,,...,v,)in
the Taylor series expansion of the cumulant-generating function [54]; i.e.,

K(v)=InE(e"™) (3.28)
The kth-order cumulant is defined in terms of its joint moments of orders up to k and vice versa.

The moment-to-cumulant formula is
q
C.(h= Y D g-D']m.U,) (3.29)
Ui 1,=1 p=1
whereJ?_, I, = I denotes summation over all partitions of set /. Set I contains the indices of the

components of vector x. The partition of the set [ is the unordered collection of nonintersecting

nonempty sets /,such that Uf,:l I, =1 where g is the number of partitions sets /,. The term

m.(I,) represents the moment of the partition x corresponding to set [/,

re.m (I p) =F (xlxz...xp) . As examples, for zero-mean real random variables, the second-, third-,
and fourth-order cumulants are given by
cum(x,,x,) = E(xlxz) , CUM(X), Xy, X5) = E(x1x2x3) (3.30)
cum(x,, x,,x,%,) = E(x,%,x,x,) — E(x,x, ) E(x;x, ) — E(x,x3) E(x,x, ) — E(x,x,)E(x,x;) (3.31)
The cumulant-to-moment formula is:

m(H= Y C.,) (3.32)

Ui 1,=1

The most important properties of cumulants are:

1. If A,,i=1.2,....k, are constants, and x, ,i = 1,2,...,k are random variables, then

k
cum(A,x,,...,A,x,) = (Hﬂi qum(xl,...,xk) (3.33)
i=1

2. Cumulants are symmetric in their arguments
3. Cumulants are additive in their arguments, i.e.
cum(Xxy + Yy»Zys---» 2 ) = CUN Xy, Zy5-- -5 2, ) FCUN(Y, 2552, ) (3.34)

4. Ifais aconstant, then cum(a+z,,2,,...,2,) = cum(z,,...,z; )



3. Cross-relation Matched Field Processors, Theory and Formulation 42

5. If the random variables {x;}, i=1....k are independent of the random variables {y,},i=1....k
then cum(x; +y,,....,x, +y,) = cum(x,,...,x, ) +cum(y,,..., y, ) (3.35)
If{yl.},i =1,...,k is taken from Gaussian (colored or white) and k = 3 then cum(y,,...,y,)=0.

This makes the higher-order statistics more robust to additive measurement noise than

correlation, even if the noise is colored.

6. If a subset of the k£ random variables{xi},i:1,...,kis independent of the rest, then
cum(x,...,x;,) =0

7. Cumulants of an independent, identically distributed random sequences are delta functions

In many practical applications we are given data and want to calculate cumulants from the data.
Cumulants involve expectations, and as in the case of correlation they can not be computed in an
exact manner from real data; they must be approximated in much the same way that the
correlation is approximated. Cumulants are approximated by replacing expectations by sample
averages.

Now, we derive a matched field processor based on higher-order statistics by multiplying
both sides of equation (3.1) by a subset of Y, (F),k=1,...,N,k# p,q, and then apply the
expectation operator to this product to produce a 7-order cross-relation equation (7< N ):

H,(F:a)E(Y,(F)Y, (F)...Y,,; ,(F))= H, (F:@)E(Y,(F)Y,(F)...Y, ,_,(F))

H,(Fia)m,(I,)=H, (F;a)m,(I,)
p,q,r=12,.... N;p#q ,MFP order : T
I, = {q,r,r+ ,...,r+T — 2}, I, = {p,r,r+ 1,...,r+ T—2}

(3.36)

If we replace moments by cumulants in equation (3.32) we obtain
H,(F; a)[ > Cyr, (1,)} =H (F; a)[ > Cor, (1,)} (3.37)
Ui d,=1, U =1,
The above equations can be written in the following matrix form to solve for all channel
responses simultaneously:
CUM,H =0 (3.38)

where
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T T
H= HlT,HzT,...,HJ{,]  H, =[Hp(0),Hp(F),...,Hp((L—l)F)] . p=12,...N

cuUM, = c1,tmlT_2 """ T,...,cumi_q_,(l """ P
2T [_N TPk
T ) blocks
1xNL
cum = 0 cu 0 —cu 0

.k sk My ¥ty My ¥y tiys

%/—/
Ix(p-1)L NG Ix(g—p-1D)L N

The identifiability condition is that the null space dimension of matrix CUM, should be one and
H,,p=12..,N, should not be zero. To give more explicit expressions and provide more

insights into the characteristics of the channels and the source signal, the following conditions

are given (based on theorem (page 30)):

1. For all the frequency band f, ,i =1,2,..., M , the transfer functions H,,p=12,...,N, should not

Z€ro.

2. In order to have the null space dimension of C UM , equal to one, and, assuming the condition

mentioned above is satisfied, the source T-order moment should be non-zero for all

frequencies.

For the case where channels are corrupted by noise, the least-square estimator, referred to as

high-order cross-relation based MFP, is
PCF =|lcum H (3.39)

The above equations can be rewritten in the following form to give a more explicit expression of

the processors:
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H_CR= 1
Ya zz,”ﬂHP(F;a)E(x{(F)xn(F)...XM,Z(F))—Ig(F;a)E(Yp(F)Ym(F)”xﬁH(F))‘z
) I _ I (3.40)
SV (F:amy (1)~ H, (F:aym (1) ’
232, (Fieom ) S-S F® 3G -H(F:a) Y G (D)
PRE—— Ul =1, Ul =1,

1, ={gmm+1,..m+T=2}, I, ={p.mm+1,...m+T-2}

where p, ¢, m, r are not equal numbers chosen from set {/,2,...,N}. The MFP’s order is 7. Let us
consider the third order case as follows:

H_CR _ 1

S S H, (B (Y, (W, (), ()~ H,(Fa)B(Y, (P, ()Y, ()
p q

m r

| (3.41)

S S| Farcun{Y, (P, (P, ()~ H (F:ceum{Y, ()Y, (FYY, (F)
P4

m r

‘2

In the case of a true match, we write the output signals in terms of transfer function and source
signal (as given in equation (3.1)),

1
B = p (3.42)
an(s (D) Y53 |H,(FoyH,(F)H,(F)H,(F)~H,(F:)H,(F)H,(F)H, (P

P q m r

For zero-mean Gaussian random  sources (white or non-white) we have

cum(s3 (F )) = 2025 = 0. The Gaussian source cannot be localized since its 3™ order cumulant is

zero and does not satisfy the second part of identifiability condition. This provides MFP the
ability of concentrating on non-Gaussian sources such as radiated noise from passing ships.

The effect of zero mean spatially white non-Gaussian interference is canceled since each
output signal does not appear more than once in the cumulants.

For the mismatch case, we consider the following. Let us assume that a mismatch exists
in the true source location or an environmental parameter has occurred. The cross-relation term

(equation (3.36)) takes the form

CR,, = E(s")H,(F)...H,.,,(F)| H (F;e)H,(F)~H (F;)H,(F) (3.43)

’uﬁ‘l
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For parameters with low sensitivity to the pressure field, there is no significant change in the

amplitude of the transfer function. In this case we mainly focus on the transfer function phase.
Moreover, let us assume that the array length is small enough in comparison to the water

depth so with good approximation we can assume that the amplitudes of the transfer functions

appearing in the formulation are the same. Equation (3.43) can be simplified to
CR,,|=|E" (F)|HF)|u,,| (3.44)
By substituting equation (3.44) in the MFP formulation (equation (3.40)) we have:

ik _ ! i i (3.45)
’ M(T\HE) " EG"FY T |u,,]

where M(T) is a constant multiplier that shows the number of CR terms in the MFP formulation.

N-2
For an array with N sensors we have M(T) :( T 1).

To obtain a simpler equation, let us assume that the deviation due to the mismatch is

independent of the sensors p and g:

B = 1 v (3.46)
_ 2
M(T)HEF)""|Es" (F)) [ ) ]| U
Now, let us define the MFP sensitivity. The sensitivity function S is defined as
S=[5.8,.....8,] (3.47)
where
&P H_CR
S, =|—2—|ii=1,...,q (3.48)
da,
The sensitivity function from equation (3.46) becomes
o7 - 2 oH (3.49)

i

2(T-1 T N 3 0a;
M(T)\HE " |Es (F))‘2(2)|,U| a

To see how the MFP sensitivity changes with increasing the order from 7 to 7+ we obtain

2

M(T)E(s" (F)) . T|E(s"(F))|
M(T+)HE|EGCE  [HE|EG F)[ (N -T-1)

T+l _
L=

st (3.50)

1
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The transfer functions norms represent the transmission loss from the source to the vertical array
sensors. The loss is generally high because of the high ocean attenuation, so the transfer
functions are small. This fact increases the sensitivity function to larger values for higher order
MFP; however in order to calculate the sensitivity function we need to know the relative value of

moments.
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Chapter Four

Phase Regulated Back Wave Propagation Technique,

Concept and Formulation

In this chapter we consider the concept of back wave propagation (BWP) as an inversion method
to estimate ocean geoacoustic parameters in experiments for which the source location is known.
A phase-regulation technique is introduced to increase the sensitivity of the method for
geoacoustic model parameters having low sensitivity. We also address the case of data consisting
of signal plus additive noise. We show theoretically that we can increase the sensitivity by a
factor a using the phase regulation procedure. We also show that the spatial resolution of signal
energy that is concentrated by BWP at the known source position is increased when ¢ increases.
This leads us to define a criterion based on the spatial distribution of signal energy around the
true source location. The criterion is formulated based on the spatial variance of the back-
propagated pressure field in a window around the known source location. We also propose a
multi-step search process to avoid using a complicated multi-dimensional search process.
Inversion results from both simulations and experimental data are given in chapter 6. The
real data were taken from the Pacific Shelf experiment carried out in shallow water off the West
Coast of Vancouver Island in the Northeast Pacific Ocean. That experiment is described in

chapter 5.

4.1 Back wave propagation concept

Matched field inversion (MFI) techniques have been used in ocean acoustic tomography to
estimate model parameters of the real ocean environment. These techniques maximize or
minimize objective functions when the measured acoustic pressure field is optimally matched

with the modeled field (replica). Matched field processors are members of the blind system
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identification class (see chapter 3), and well-known processors such as the Bartlett, Matched
Mode, Minimum Variance, and Multiple Constraints processors have been applied to data
obtained using multi-sensor arrays in the ocean (see chapter 2).

The back wave propagation (BWP) concept is based on the reciprocity and superposition
properties of the ocean wave-guide which state that the measured pressure fields can be
considered as sources for an array of transmitters; i.e., the conjugate of the measured field at the
array is weighted by the range and back propagated by the array. Because the ocean field is a
passive environment and if the geometry of the transmit array is the same as the experimental
geometry, then it can be shown that only for the true ocean environmental parameters does the

back-propagated wave field converge to the location of the source. In Fig.4.1 the scheme of

forward and backward propagation is given.

<
Forward wave propagation

>
Backward wave propagation

Tmig\/‘

ag I —
L
L

C55 WE Ricker

towed source

Vartical Lina Array

AEm

bottam

-
l

i

Fig.4.1. Forward and backward propagation scheme

A parabolic equation (PE) based back wave propagation model was originally suggested by
Tappert et al. [S7]. However, since then the technique has received relatively little attention.

Collins et al. [58] and Thomson et al. [59] have shown the use of BWP for source localization in



4. Phase Regulated Back Wave Propagation Technique, Concept and Formulation 49

range dependent environments. In this chapter we develop an inversion method based on BWP
for estimating the properties of the waveguide. A post processing phase regulation technique is
derived to improve the performance of the method for estimating low sensitivity parameters.

For some inversion problems it is known that with conventional estimation methods there
is weak sensitivity of the pressure field measurements to environmental parameters such as shear
speed, shear attenuation, and density. In contrast the phase regulated BWP technique has the
advantage of being adapted to the environmental conditions. In this procedure we vary a
sensitivity factor & that enhances the phase changes due to model and environmental mismatch.
By appropriately choosing values of @ we can estimate environmental parameters to a required
accuracy. The theory of this concept is presented in section 4.2. In practice, however, we are
limited in choosing arbitrarily high values for & because of noise effects. In section 4.3 we
discuss the effects of noise on the sensitivity value and source location estimation.

In section 4.4 we introduce a criterion for estimating the best match of model parameters
with those of the real ocean environment. The criterion minimizes the spatial variance of the
back- propagated signal energy in the vicinity of the source location.

A significant disadvantage of MFI methods is the computationally complex search
method which are difficult to realize in practice. To overcome this difficulty, we propose a
procedure based on appropriate choice of sensitivity factor and environmental parameters in a
multi-step search process that approximates a D-dimensional searching process with a T d-
dimensional searching processes where D=Td and T<D. This approximation is usually achieved
by classifying environmental parameters into three sets high, medium and low sensitivity with
respect to the sensitivity of the pressure field to them and choosing an appropriate value of & for

each set. This procedure is discussed in section 4.5.

4.2 Phase regulated back wave propagation

The BWP concept implies that the fields received at an array of N sensors can be used as

sources. The pressure field used as the source in the back propagation step is the conjugate of the

measured field P'(r,,z,), k=1,...,N obtained in the forward propagation step but weighted by
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the range. The back-propagated field at location (r,z) for a range independent environment can

be expressed using normal modes [11,81]

N i(y — %p‘f 70, M
Pb(r,z,7)=21(r" rip(fz (;" i y)Z‘Pm(Zk)‘Pm(z)Hé”(krm(};—r)) 4.1

¥y =17,73.---,7,]1 1s a vector which contains both the environmental and the source parameters,

p(2) is the depth dependent density function, H"(r) is Hankel function (type 1, order 0), ¥, (z)
is the m™ eigenfunction (mode) and k. is m"™ eigenvalue of the m™ mode. Let us define the
function R,(r,z,¥), the pressure signal measured at a point (r,z) weighted by the range

parameter,

1

j(r. - r)EP;(rC
4p(z,)
If we substitute (4.2) into (4.1) then we can write the back-propagated field as

R (r,z,y)= % 7) W ()Y, (DH (k,, (r.— 1)  (4.2)

N

Py(r.z,y) =2, |[R.(r.z,y)|e’?"50 4.3)

k=1
It can be shown that the maximum values of B(r,z,7) occur whenever ¢, (r,z,¥)=0;k=1,...,N.
To evaluate how the pressure signal changes with changes in the parameters; we

introduce the sensitivity vector,

S =[5,.5,....8, ] (4.4)

IP, (roz.p)| .. _

S =
ay .

1

l,....q 4.5)

Substituting (4.3) into (4.5), we obtain

L(IRLY| o IB(ri2.Y) Jo ()
Z;(—&V e +]—&}/' |Rk(r,z, }/)|e

1 1

S, =

1

(4.6)

It has been shown that in some cases the changes in the signal pressure relative to changes in a
particular environmental parameter are small [60]. In order to overcome this problem we
introduce a phase enhanced technique wherein we amplify the phase changes arising from

environmental mismatch by the sensitivity factor a. By multiplying the phase function ¢, (r,z,7)

in (4.3) by a we obtain
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N
Pi(r.zy) =2, [Ru(r.z,y)[e’ 77 4.7)
k=1
For this new expression we calculate the sensitivity

N (IR . .
Z[ | kg;,-z’ P nie +J'“—07¢k(a’;f_’ DR, (7, y)wu,mj

In the case of low sensitivity to an environmental parameter, the expressions in (4.6) and (4.8)

St =

1

(4.8)

k=1

are close to zero. We can approximate them by

z[ é)¢ (7' Z, 7/)|R (r Z, 7)|ej¢k(rz}/)j‘ (4.9)

dy

i

N
Z( é)¢k(r Z,7)‘R (r,z, },)‘ejam(rsz (4.10)

k=1 z

In the BWP technique the mismatch between the selected model parameters and their actual
values can be evaluated by assessing the spatial resolution of the back-propagated signal that is
focused near the source. Actually these points refer to the places where

¢,(r,z,y)=0;k=1,...,N. At these points S, and S/ take the form

S’.z Z [quek(r’z,y”]‘ (411)
k=1 0771'
z|a|z(j%};&ﬂ|1ak(r,z,y)|”=|a|si (4.12)

The sensitivity of BWP is increased by the sensitivity factor . In principle by appropriately
choosing @ we can estimate environmental parameters to a required resolution.

Applying the phase factor also changes the spatial resolution of the focused energy
points; i.e., it concentrates the back-propagated signal that is focused near the source. We can

show this by calculating the derivative of P (r,z,y) with respect to the displacement vector

N

u = (r, z) at the focused energy points:

o R (1, . > :
F’ (u, 7):i d‘ (17 AR +jaM Rk(;; y)e (4.13)
au k=1 0_)14 0_)1"
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The fact that the signal pressure norm changes little with changes in location relative to the effect

of the phase changes allow us to rewrite equation (4.13) as

a - N
IP; (Z,y) Z 20V \p (4 |eiaes i (4.14)
du 0"u
At focused points (@,(r,z,7)=0 ;k=1,...,N) we obtain
N -
JP” (u 7) z é’¢k (u,}’)‘ :a—é)P”(bi’y) (4.15)
0714 k=1 &u du

The effect of noise on these relations is considered next.

4.3 Noise effects

Because of background noise, we are limited in choosing arbitrarily high values for «. Let us
assume that the noise effect appears in the form of an additive random phase with a uniform

distribution having a depth dependent mean equal to ¢, , and variance d, . The total field with
noise is then
P (1,2, 7) = P, (r.,z,, )™ (4.16)

sm(d )

If we substitute (4.16) into (4.3) and using the fact that E{Wk} 2 2Tk Li%s  we can write the

k

back-propagated field as

N
E{P,(r,z.7)} = Z IR (r.z,7)]e’® = Efe’*n ]

, in(d,) (4.17)

=22 |R (r,z, }/)| 7
k=1 k

e J®o.x e Pk (r,z,7)

The maximum value of E{B(r,z,7)} occurs whenever

(¢k(r9z97)+¢0,k)z0;kzl’“"N (418)

The meaning of (4.18) is that noise causes a distortion in the phase function that results in a bias

in the source location estimation. When incorporating the phase factor @ we have
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sin ad . ,
E{P"(r.z,y)} = 22 IR, (r.z, ;/)|—) e 00 M (naT)(4.19)
k
The sensitivity factor & does not have a significant effect on the source localization estimate
since the zeros of equation (4.18) are not affected by«.

Following the procedure used to obtain equation (4.11), the sensitivity function (equation
(4.17)) in the presence of noise becomes (a=1)
ZN: ja¢k(raz’}/) Sin(d

%, d,

k=1

S =2 (4.20)

) |Rk (ra <, 7)|j

Assuming that ¢, ;is small enough that the bias imposed on the source location is negligible.

Equation (4.20) indicates that the phase variation due to the background noise has considerable

effect on the sensitivity function. The sensitivity nulls occur for d, =nx, n=integer for all k.

Fora # 1, equations (4.12) and (4.19) show that the sensitivity for ¢, , small is

N 20,.(r,z,¥) s1n(ad
Z[ 7, od,

1

IR, (r,z, ;/)|j 4.21)

1

From equation (4.21) we see that for the a-enhanced phase the sensitivity amplification is

sin(ad, )
od,

modified by the phase variation. For very small phase variance d, we have ~1 and

obtain the same results as for the noiseless case.

4.4 A spatial variance measure for BWP best match

The essence of the BWP technique is the convergence of back propagated waves at the true
source location if the environmental model parameters are exactly matched. There is an energy
distribution around the source when a mismatch occurs. This fact leads us to consider the energy
distribution of the back-propagated field near the source as a criterion to determine the best
match. A measure of field distribution is obtained by calculating the field spatial variance with
respect to true source location in a window around the source. Its value is minimized when most

of signal energy concentrates at the source point, i.e., where a true match occurs.
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Let us define f(r,z) ,

r— Fo\ < % e Zo‘ < % as the energy in an M X N window around the true

source location S(r,z,) where || f| = 1(see Fig.4.2).

{r0,z0)
()

(@) (b)

Fig.4.2. (a) The convergence of back propagated wave energy for true environmental parameter

(high spatial variance) and (b) in the case of mismatch (low spatial variance)

The criterion is to minimize the spatial variance of the back-propagated field energy with respect

‘Pha("»z’ 7)‘,5

to the true source location. If we denote f(r,z) = 7
”Pba(V,ZJ)HF

as the distance probability

density function, the criterion can be interpreted as the mean square distance from the true source
location. |||, denotes the Frobenius norm.
1 M2 N/2

BWPcriterion = M z z dz(’”sz)f(’”,z)

N m=—M/2n==N/2

where (4.16)

d(r.2)=~(r—1)* +(z-2z,)’
We refer to the above criterion as the BWP focal function.

4.5 An efficient multi-step search procedure

A direct way to find the best estimates of D unknown environmental parameters is to use a D-
dimensional grid search among possible parameter values. This search is computationally

expensive. We can reduce the D-dimensional search space to the T successive d-dimensional
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search space (D=Td where T<D) by exploiting the fact that the pressure field has different
sensitivity with respect to these parameters. For example, the pressure field is most sensitive to
the water depth even for small sensitivity factors while for a small sensitivity factor &, the field
is only weakly sensitive to changes with respect to other environmental parameters such as
compressional speed and density changes. A block diagram of the search procedure is shown in

Fig. 4.3.

Classify the model parameters into 7 classes with respect to the sensitivity of
pressure field and arrange them in a hierarchy of sensitivity.

v

Start the search for the best estimate of environmental parameters from the most sensitive
set and moving toward the least sensitive set.

>l

Start with the highest sensitive set of unknown parameters and increase the sensitivity
factor & such that only deviations of parameters inside that set affect the pressure field,
assuming parameters in more sensitive sets have been determined.

[

v

The estimated parameters

Fig.4.3. A block diagram of multi-steps search process

In summary we first adjust the high sensitivity parameters such as water depth. In the next step
we search among potential values of medium sensitivity parameters such as compressional speed
using a higher value of «. For this value of & the sensitivity to very low sensitivity parameters
such as density remains low. At the last step we increase the sensitivity factor to a higher value
to adjust the low sensitivity parameters. This gives a three-step technique. We can increase the
steps by more precisely categorizing the environmental parameters. The simulation and

experimental results are given in chapter 4.6.
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Chapter Five

Source Localization, Simulation and Experiment

This chapter presents an evaluation of cross-relation matched field processors for source
localization and compares their performance with that for other MFPs. The evaluation is
conducted using both simulations and experimental data. Environmental parameters are assumed
known in the simulations, and for the real data we rely on values obtained from seismic ground
truth data in the region of experiment. The simulation environment described in section 5.1 is
designed to approximate the conditions at the experimental site of the Pacific Shelf sea trial
conducted on September 1993 in a region close to Vancouver Island, BC, Canada. We make use
of data from a deterministic source (in the form of CW tones) and a random source (ship signal)
received by a vertical linear array. An overview of ship signal specifications is given in this
section.

The simulation results are given in section 5.2 for two types of broadband sources. At first
we consider a random source generator to simulate a ship signal. After adding measurement
noise to data, the performance of two different kinds of cross-relation MFP (self and cross) is
compared with that for the representatives of major MFP classes, i.e. Bartlett, MV, and
Westwood matched field processors. In a subsection (5.2.2), we apply a novel time-frequency
MFP (section 3.4) to data generated by a known broadband chirp signal in an environment that
contains other random sources (such as wind noise, ocean waves, ship noises, and etc.). We use
the signature of the chirp signal in a preprocessing step to restore the chirp content of the
received signal. This approach does not preclude the idea of using blind system identification
techniques because we are blind with respect to the other random sources. We show the
performance of time-frequency MFP in recovering the chirp source location from only a single
pulse, and compare the performance with that of other MFPs. Conventional MFPs have
overlooked the use of the chirp source in the presence of strong correlated noises. Because the

chirp signal is a wide-band signal, it overlaps in frequency with other correlated noises; the
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overlap normally precludes recovering of the chirp signal using processors formulated in the
frequency domain.

Time-frequency MFPs (TF-MFP) are used in seismic, sonar and radar applications where the
chirp signal is an essential part of wide band inversion experiments.

The last section of this chapter provides the results obtained from processing the data from
the experiment. We evaluate the performance of cross-relation MFPs for source localization
using the ship data and compare both resolution of the main peak and side-lobe level with those
of other processors. We then apply a higher-order MFP and compare its source localization
performance with that obtained from conventional MFPs. The higher-order MFP is helpful for
environments where there is Gaussian interference, either coherent (or colored) that may come
from a single source, or white such as measurement noise. Conventional MFPs are insensitive to
the higher order statistical content of the ship signal, so cannot use the complete information
embedded in the data. Although the analysis is conducted for a surface ship, the results can be

extended to other kind of vessels such as submarines and other random point sources.

5.1. Pacific Shelf Experiment

The ship noise and continuous-wave (CW) data were obtained using a multi-element vertical
array (MEVA) that was deployed on September 1993 in shallow water off the West coast of
Vancouver Island in the Northeast Pacific Ocean. Fig.5.1 shows the location of the experiment.
This location was selected in order to take advantage of drilling results obtained during the ocean

drilling program (ODP), Cascadia Margin Leg 146 [61].

British Columbia

' '
o 50 100
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____________
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Fig.5.1 The location of the experiment is shown with respect to the south-western coastline of

British Columbia, Canada
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The CSS W.E. RICKER, a medium size merchant ship, was the source ship that transmitted a
multi-frequency continuous-wave (CW) towed source. The CFAV ENDEAVOUR, another
medium size merchant ship, collected acoustical data from the vertical linear array (VLA). The
source and receiver positions were obtained from GPS (global positioning system) data that were
recorded every two minutes at the source ship and the array. The source to receiver ranges were
determined with maximum error of 200 m. These range estimates were within 100 m of the
ranges determined from the CFAV ENDEVOUR’s radar data for the array surface buoy and
source ship. The source ship’s track and receiver’s position from 905 hrs to 1242 hrs on

September 13, 1993 is shown in Fig. 5.2. The array system is shown in Fig. 5.3.

MEVA Run 3 CW

- Ricker position at 1 min intervals
O Endeavour position at 1 min interval
* MEVA position at 1 minute intervals

49.13 -
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Fig. 5.2 Towed track from 905 hrs to 1240 hrs with indicated target (MEVA run 3 trial)
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Fig. 5.3 MEVA 3 — Vertical line array configuration

The VLA was suspended from a surface float that was anchored by a line to the bottom and
restricted its motion to a radius of about 1 km. Mechanical isolation from the sea surface motion
was achieved by a two-stage suspension system consisting of the distributed buoyancy and a
damper plate, and a subsurface float that was connected by a neutrally buoyant cable of about
20-m in length. The natural frequency of the first stage was designed to be well below the sea
surface swell and wave frequencies. The VLA consists of a 16-element filled array with 15 m
spacing. The top hydrophone was at a depth of 90 m and the bottom at 315 m, with a total
aperture of 225 m. According to Tolstoy [1], optimal MFP results using a linear processor are

obtained for hydrophone spacing A, <A, and for an array that spans as much of the water

column as possible. This will provide a more complete sample of the spatial variation of the
acoustic field and thus improve the MFP localization [1].

The hydrophones, which had a sensitivity of —191 dB re: 1V / uPa, were enclosed with
pre-amplifiers in 0.5-m sections of 7.6-cm-diam oil filled PVC hose. Modules consisting of the

hydrophone enclosure and a selected length of cable were connected to construct a desired array
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aperture. The hydrophone data were filtered, amplified, and digitized at 1500 samples/s with a
12-bit A/D at an underwater electronic unit located at the top of the VLA. The digital data were
also transmitted over the RF link from the surface float to the ship, and subsequently recorded on
exabyte tape. Power for the system was supplied by wet and dry cell batteries which were
contained in a sealed box at the base of the surface float. The system could operate for a period
of 5 days before recharging was necessary.

The position of the VLA in Fig. 5.2 was intended to remain at a fixed location but strong
currents in the region caused it to drift. This drifting may have been due to tidal currents and was
at most ~25m for the data analyzed here, based on the recorded GPS position. There was also
some evidence from data collected at a nearby site, that upwelling occurred near the time of the
experiment [62]. Commonly associated with upwelling are coastal currents and a water column
with greater range-dependent sound-speed characteristics.

Three CW tones at 45, 70, and 72 Hz were transmitted from a source towed by CSS
Ricker along the track shown in Fig. 5.2. The source depth was approximately 30m, but the exact
depth was not known due to a failure of a depth sensor on the source. The tones served as

beacons to calibrate the methods for source localization developed in this thesis.

5.1.1. Oceanographic conditions

5.1.1.1. Bathymetric Database

Erroneous bathymetry data have a significant impact on matched field source localization.
Bathymetric data off the coast of Vancouver Island were found to be quite limited for the
experimental site. A "Geological Survey of Canada” chart, Davis et al. [63], shows well-defined
contours, but digitized information is not available. Therefore, a bathymetric database, specific to
the MEV A experiment was constructed using various sources of echo-sounding data [64]. The
final result is shown in Fig. 5.4. The area in which MEV A 3 was conducted is shown by a dotted

box.
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Fig. 5.4 Contour chart for experimental region. The dotted box shows the region in which

MEVA 3 was conducted

5.1.1.2. Geoacoustic data

The determination of the geoacoustic properties of the experimental region was accomplished
using various inversion methods described in reports by Hannay [65], Hanny and Chapman [9],
and Chapman et al. [66], and by refining model parameters via a simple grid-search in matched
field localization [64]. We apply our inversion method to a portion of data for which the
propagation was approximately range independent. The layered structure of the ocean bottom
along the selected ship track along the 400m contour is shown in Fig. 5.5. The detailed

geoacoustic information is given in Table 5.1 [64].
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Fig 5. The sound speed profiles used in the environmental model. The shear speed, C; (dot-
dashed) and the compressional speed, C,, (dark and solid) are shown on the three lower abscissa
scales

Table 1. Geoacoustic properties based on [64]

Sediment | Depth (m) | C, (m/s) C; (m/s) 1 1

P P a,(dB/X") | o @dBIX") | p(glcnt)
Sand-silt 0-150 1550-1700 | 100-350 0.2 0.5 1.6
Layer 2 150-300 | 1800-1950 | 350-500 0.2 0.5 1.8
Basement (350+) 2100 550 0.2-10 0.5-10 2.1

5.1.1.3. Sound speed profile

Changes in sound speed profile can have a profound effect on sound transmission, particularly
the changes that occur within the surface layer. The speed is susceptible to daily and local
changes such as solar heating, wind and currents. Urick [45] showed that the changes of
temperature over a 24 hour period can range up to 5 degree Celcius. Such a variation can

contribute up to 10 m/s variability in the sound speed profile. In addition there are factors other
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than temperature that contribute to sound speed profile variation such as currents, wind mixing,
and geographical location.

Over the entire period of the experiment (from 10 Sept to 18 Sept 93) 19 sound speed
profiles were collected. For the data considered here, the sound speed profile measured

immediately before the experiment is shown in Fig. 5.6.
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Fig. 5.6 Sound speed profile for MEVA 3 trial

5.1.2 Vessel noise specification

Average ambient ocean noise power spectra are given in Fig. 5.7 for different conditions of
shipping and wind speed [45]. In the infrasonic region below 20 Hz, only a single line is drawn,
since the wind speed dependence is slight and uncertain. The “heavy shipping” curve is used for
locations near the shipping lanes while the “light shipping” curve is appropriate for locations
remote from ship traffic. The “shipping” curves show dominant power in the band between 20

Hz and 300 Hz.
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Fig. 5.7 Average ocean ambient noise spectra [45]

The radiated signal of ships and submarines consisting of a mixture of tones and a continuous
spectra that is due to different sources of signal, and can be categorized into three groups [45]:
machinery signals, propeller signals, and hydrodynamic signals that originates in the irregular
flow of water past the vessel.

Machinery signal comes from mechanical vibration of the many and diverse parts of a
moving vessel. This vibration is coupled to the sea via the hull of the vessel. These vibrations
originate with 1) unbalanced rotating parts such as out-of-round shafts or motor armatures, 2)
repetitive discontinuous parts such as gear teeth, armature slots, and turbine blades, 3)
reciprocating parts such as the explosion in cylinders of reciprocating engines, 4) cavitation and
turbulence in the fluid flow in pumps, pipes, valves, and condenser and discharges, and 5)
mechanical friction. The first three sources produce a line-component spectrum in which the
signal is dominated by tonal components at the fundamental frequency and harmonics of the

vibration-producing process, and the other two give a continuous spectrum. Because of the
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various machinery components in the vessel, the harmonic structure of the radiated signal is
complex. The line component of the spectrum is irregular and variable, giving rise to a non-
stationary, broadband signal.

Although the propeller is a part of the propulsion machinery of a vessel, the propeller
signal is different from the machinery signal with respect to both its origin and frequency
spectrum. The machinery signal originates inside the vessel and transmits to the water through
the hull at various sites along the hull, whereas the propeller signal originates outside the hull.
The source of the propeller signal is principally the signal of cavitation induced by the rotating
propellers. When a propeller rotates in water, regions of low or negative pressure are created at
the tips and on the surface of the propeller blades. If these negative pressures become high
enough, physical rupture of the water takes place and cavities in the form of minute bubbles
begin to appear. These bubbles collapse a short time later, either in the turbulent stream or up
against the propeller itself and in so doing emit a sharp pulse of sound. The sound produced by a
great many of such collapsing bubbles is a loud “hiss” that dominates the high frequency end of
the ship signal spectrum. Since the cavitation signal consists of a large number of random small
bursts caused by bubbles collapsing, it has a continuous spectrum. At high frequency its spectral
level decreases with frequency at the rate of 6 dB/octave. There is a peak in the spectrum of
cavitation signal which, for ships and submarines, usually occurs within the frequency decade
100 to 1000 Hz. The location of the peak in the spectrum shifts to lower frequencies at higher
speed and at lesser depths. There are many factors other than speed and depth that affect the
propeller signal [45]. A damaged propeller generates stronger signal than an undamaged one.
The signal is stronger during turns and acceleration than during uniform cruising. “Singing”
propellers generate strong tones between 100 and 1000 Hz as a result of resonant excitation of
the propeller by vortex shedding. The sound made by a singing propeller is very intense and can
be heard at long distance. The propeller signal is not radiated uniformly in all directions. Signal
intensity is weaker in the fore-and-aft directions than abeam, probably because of screening by
the hull in the forward direction and by the wake at the rear. The propeller signal is known to be
amplitude-modulated and to contain propeller beats, or periodic increase of amplitude, occurring
at the rotation speed of the propeller shaft, or at the propeller blade frequency equal to the shaft

frequency multiplied by the number of blades. The propellers of surface ships cavitate strongly at
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normal operating speeds. Their low-frequency radiated signal spectrum is dominated by the
blade-rate series of line components at the propeller blade frequency and its harmonics.

The hydrodynamic signal originates in the irregular and fluctuating flow of fluid past the
moving vessel. The pressure fluctuations called flow signal are associated with the irregular flow
and may be radiated directly as sound to a distance, or may excite some portions of the vessel
into vibration. This kind of signal is a normal characteristic of flow of a viscous fluid and occurs
in connection with smooth bodies without protuberances or cavities. Like Helmholtz resonators,
cavities may be excited by the fluid flow across their openings, in the manner that a bottle can be
made to sing by blowing over its opening. Other kinds of hydrodynamic signals are the roar of
the breaking bow and stern waves of a moving vessel, and the signal originating at the intake and
exhaust of the main circulating water system. Under normal circumstances the hydrodynamic
signal is likely to be only a minor contributor to radiated signal, however under some exceptional
conditions where a structural member is excited into a resonance, the hydrodynamic signal
becomes a dominant source.

In our research, we consider medium size merchant ships, such as the CSS W. E. Ricker,
as the sound source in matched field localization and inversion. The major acoustic source on
merchant vessels is propeller cavitation, whose spectrum is a combination of continuous and line
components [46]. The line components consist of a set of harmonically related tones having
fundamental frequency equal to the propeller blade rate.

A report given in [47] assigns 50 merchant ships’ signals into three ship classes:
passenger/ferries, cargo ships, and tankers. The data show considerable variations in spectra for
different ships even within one class. The aggregate of 50 ship spectra along with their mean is
given in Fig. 5.8. Ross [48] has proposed a formulation to estimate the mean spectral level from
the rate and number of ship’s propeller blades. The estimated mean is shown by the dashed line.
The means and variances of three different ship classes are shown in Fig. 5.9 and 5.10,
respectively. The data show considerable variations in the ships’ spectra from either frequency
content or ship class. This fact generally favors the use of broadband MFP in processing ship

radiated signals.
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Fig. 5.8 An aggregate of 50 individual sources spectra, the aggregate mean source
spectrum and a predicted source spectrum (dotted curve) [47]
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Fig. 5.10 The standard deviation curves for three different ship classes [47]

It has not entirely established if the second order statistics of a ship signal are adequate to
completely represent the signal. In section 5.3 higher order statistics of ship signals will be
examined for source localization information content. For that case we use a higher order
matched field processor for source localization. In order to use the non-stationary form of a
matched field processor, we need to know the probability density function (PDF) of the ship

signal. However, the PDF of ship signal has not been reported in the literature

5.2. Simulation results

In this section two simulations are conducted to evaluate the performance of CR based matched
field processors for source localization in comparison with other processors. The replica or
modeled fields used in the simulation are calculated using the Westwood normal mode model,
ORCA [15]. The simulation conditions including array specifications and environmental
properties that are the same as those mentioned for the experiment (see section 5.1).

In the first simulation the CR-MFP formulation for wide sense stationary sources is
compared with other processors in the presence of measurement noise. The second simulation is

devoted to time-frequency (TF) CR-MFP. We demonstrate localization for a frequency varied
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pulse generator (such as chirp signal) in the presence of other correlated random sources such as
ship, ocean waves, and wind noise. We introduce a novel TF filtering procedure that
concentrates on a chirp pulse source.

In both simulations we consider a broadband processing scheme. The transmission loss

for the simulated environment is shown in Fig. 5.11 for 10 Hz, 70 Hz, 130 Hz, 190 Hz, and
250Hz.
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Fig. 5.11 Transmission loss at frequencies: (a)10 Hz (b)70 Hz (c)130 Hz (d)190 Hz (e)250 Hz
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5.2.1. Wide sense stationary (WSS) sources

The simulated source propagates a colored wide band, WSS, Gaussian random signal sampled at
the rate of 240 Hz. A slice of the signal in the time domain and its spectrum are shown in Fig.

5.12.
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Fig. 5.12. (a) A slice of source signal in time domain and (b) in frequency domain
The source depth is 106 m and its distance from the array is 3.6 km. The frequency range is

between 40 Hz and 100 Hz with resolution 3 Hz. Transfer functions in time domain that
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correspond to paths traveled by the acoustic waves from the source to the sensors on the array
are shown in Fig. 5.13. The frequency domain transfer function from the source to the first

sensor is shown in Fig. 5.14.
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In the first step spatially and temporally white Gaussian random measurement noise is added to
the signals at the receivers to obtain a signal-to-noise ratio (SNR) of 20 dB. The noise is
uncorrelated with the source signal. The performance analysis is carried out by comparing the
source location resolution and side lobe level for the following MFPs: the Bartlett and MV
version one (2.27) and two (2.28) processors as representatives of the linear MFP family; the
Westwood MFP as the representative of bilinear MFP; and the CR-based MFPs (self-CR and
cross-CR). In order to estimate the covariance matrix components (spectra and cross spectra) of
data at the receivers, we use the periodogram technique [25] with FFT size points of 80, obtained
from averaging 2 minutes data. The periodogram is a biased estimator whose estimation error
variance approaches zero when the number of data averages approaches infinity for either the
spectrum or cross spectrum. For 20 dB SNR, averaging over 2 minutes of data will give adequate

data spectrum estimation. A block diagram of the procedure is shown in Fig. 5.15.

Gaussian > Ocean > Vertical linear Measurement
sonree Environment array noise
Periodogram
for data
spectral
estimation
> Source
> MFP L ! ocation
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Fig. 5.15 The block diagram of simulation procedure

The ambiguity functions of different processors are shown in Figs 5.16 through 5.21. The grid
search spans the range from 50 m to 10 km with a resolution of 110 m, and the depth spans 1 m

to 400 m with a resolution of 20 m.
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The figures demonstrate that all estimators except the Westwood MFP have detected the true
source location. The reason for the poor performance of Westwood processor may be that the
spectrum of the source noise is not flat as required for the Westwood MFP. The cross-CR, self-
CR, and MV (both versions) give superior performance with respect to resolution and side lobe
levels.

Cross sections of the ambiguity surface in range for a depth of 106 m, and in depth for a
range of 3.6 km are shown in Figs 5.22 and 5.23, respectively. We can see lower side lobe levels
and sharper main lobes around the source location for CR-based and MV MFPs in comparison to
that for the Bartlett processor. MV-MFPs give lower side-lobe level and narrower main lobe
beam in comparison with those for CR-MFPs. Both versions of MV-MFP give nearly identical
results since the processing is conducted in a controlled simulation benchmark. At the first
glance this result may suggest superior performance for the MV processor in comparison with
that of other MFPs. However it is well known that the MV processor is highly sensitive to

mismatch [1], and its performance with real data is limited, unless great care is taken.
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Fig. 5.22 Performance of the different MFPs in range for a depth of 106 m
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Fig. 5.23 Performance of the different MFPs in depth for a range of 3.6km

In the second step, we evaluate the localization performance for a SNR of -20dB. In this case, we
use a periodogram with 80 FFT points and averaging on 5.5 minutes of the received data. This
increase up to a factor of two compared to the previous time frame is necessary for proper
estimation of covariance matrix elements. The ambiguity functions of the different processors

are shown in Figs 5.24 through 5.29.
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Fig. 5.24 Ambiguity surface for Bartlett processor (SNR=-20dB)
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Fig. 5.25 Ambiguity surface for MV processor, version one (SNR=-20dB)
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Fig. 5.29 Ambiguity surface for cross-CR processor (SNR=-20dB)

The figures demonstrate that all estimators except the Westwood MFP have detected the true
source location. The cross-CR gives superior performance with respect to resolution and side
lobe levels since it makes use of only cross-spectrum components and consequently the
measurement white noise is canceled. The Bartlett and MV estimators (both versions) show
nearly the same performance as each other. This result was discussed in the chapter 2 in the
context of received random data that are contaminated by white measurement noise. For this case
the MV-MFP performance is degraded sharply and approaches the Bartlett performance. Self-CR
gives a performance close to that of the Bartlett because of the effect of white noise that
contaminates the self-spectrum elements.

Cross sections of the ambiguity surface in range for a depth of 106 m, and in depth for a range of
3.6 km are shown in Figs 5.30 and 5.31, respectively. We can see lower side lobe levels and
sharper main lobes around the source location for cross-CR MFP in comparison to that for other
processors. Both versions of MV-MFP give results nearly identical to those of the Bartlett

processor since the processing is conducted in a controlled simulation benchmark.
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5.2.2. Time-Frequency MFP for time varying sources

Broadband time-varying pulses such as chirp signals are widely used in seismic applications to
determine the layered earth structure, and in radar to achieve high range resolution. The various
MFPs which have been developed rely on arbitrary frequency components of source signals.
However, chirp and other time-varying source signals posses a specific signature in time-
frequency space. In chapter 3 we introduced a novel MFP based on the time-frequency
distribution (TFD). The known signature of a time-varying source can be evaluated in TFD space
for MF localization in an environment that contains correlated interference such as ship noise,
ocean waves, and wind sound. We describe an approach for designing a signal dependent TF
filter that preferentially passes only the known chirp signal. The filter is constructed in ambiguity
function (AF) space for convenience. The time-frequency MFP is categorized as a “blind”
processor since we have no information regarding the interference that may appear as correlated
noise at the receiver. Recall that white noise can be removed by using the cross-CR formulation
that contains only cross spectrum of the measured signals in its structure (see equation 3.8). In
this section, we demonstrate the performance of the TF processor using a simulation.

In the simulation two sources are considered. The first one propagates a chirp pulse
sampled at 120 Hz. The chirp source depth is 93 m and its distance to the array is 1.42 km.
Another source generates Gaussian noise with nearly the same power as the chirp source (its
standard deviation is 0.8). The noise source depth is 298 m and its distance to the array is 7.5 km.
The frequency range is between 1 Hz and 60 Hz with resolution 3 Hz. The grid search for source
localization spans the range from 50 m to 9 km with resolution of 150 m, and depth from 1 m to
400 m with the resolution of 10 m. The schematic form of the simulated experiment is given in

Fig. 5.32.

Buoy {GPS)

Gaussian
interference

Fig.5.32 The schematic form of simulation for time-frequency MFP
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The chirp signal in the time domain and its spectrum are shown in Figs 5.33 and 5.34,

respectively. The Rihaczek distribution of the chirp pulse for the TFD and AF spaces are given

in Figs 5.35 and 5.36, respectively. The figures show the linear variation of the signal in both

spaces and imply an important signature with which to build the appropriate filter.
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Fig. 5.33 Chirp pulse in time domain
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A time sample of noise generated by a Gaussian interference and its spectrum are shown in Figs
5.37 and 5.38, respectively. There is no structured signature in the Rihaczek distribution of the
Gaussian interfering noise in either of the TFD or AF spaces (see Figs 5.39 and 5.40). In fact we
can see that the noise energy is distributed uniformly throughout the TFD and AF spaces (except
at the origin for the AF display where the white Gaussian interference is maximally correlated
with itself at zero lag).
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At the receiver we have the correlated form of Gaussian interference. However, it is evident that
in the TFD space the correlated form of Gaussian interference does not possess a specific
signature that is related to the chirp signature. This fact gives us the opportunity of filtering out
the correlated interference by using an appropriate TFD filter. There is no way to separate the
chirp signal from the correlated interference using either the time or the frequency domain alone,
since both signals have overlapped components. In order to use the straightforward singular
value decomposition (SVD) based techniques such as MUSIC (multi signal classification) [19],
it is required that the sources be uncorrelated (although resolution reducing methods have been
developed for the correlated sources [67]). This assumption is not generally satisfied. For this
reason, TF filtering is an alternative way to extract a chirp signal from a received data sample
that is contaminated by correlated noise.

Several techniques have been proposed for the time-frequency kernel (filter) design. Most
of them rely on a constant filter shape such as Bessel, Butterworth, exponential, and cone kernels
with parameters adapted to the signal of interest [68,69,70,71,72]. These constant kernels are
applicable for a limited class of signals. In order to overcome this limitation, Baraniuk and Jones
proposed an optimal kernel based on the Cohen’ class. This filter adapts to each signal, and so
offers good performance for a large class of signals [73]. A fast algorithm has been developed
for finding the optimum kernel, allowing the computation of the signal-dependent TFD with a
time complexity on the same order as for a fixed kernel distribution [74]. An adaptive form of
the above optimum kernel has been given in [75].

In this section we consider a simple form of the above optimum kernel design to shape a
mask in AF space which can pass the chirp signal while excluding the major part of the
correlated interference. We propose the design in AF space for three reasons. First, the
multiplicative operation of the kernel in the AF space is conceptually and mathematically simple.
Second, signals with known signatures such as chirps, can be separated in AF space from other
interferences that have no special signature. Moreover it is appropriate for removing cross-
component elements (due to the bilinear form of Rihaczek distribution [50]) Third, computation
of the signal-dependent TFD is efficient in AF space (see equation (3.20) in chapter 3).

The mask has a simple structure with abrupt amplitude change from one to zero, causing

the TFD result to show ringing. The mask is designed such that it passes more than 90% of the
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chirp signal energy. The shape of the mask in AF space is shown in Fig. 5.41. Another distortion
comes from the sub-sampling of the TFD space for use in TF-MFP (to decrease the complexity
of computation). This will help us to evaluate the performance of different MFPs in the presence

of distortion. A block diagram of the simulation procedure is shown in Fig. 5.42.

Rihaczek AF of Filter

&=
o m =

Armplitude

100

120 .
140 70 Frequency lag index

160 80

Tirne lag index

Fig. 5.41 Rihaczek AF of mask

Chirp source Vertical _=> AF transform
linear array

> * Ocean
Ocean $ waveguide

environment Masking parameter
Gaussian * ?
source AF inverse ==> TF-MFP
transform

Preprocessing step

Fig. 5.42 A block diagram of simulation procedure
In the next step we apply the above mask to the received signals. To show how the mask works
we examine the received signals at sensors 1 and 15, shown in Fig. 5.43. The self-Rihaczek

distributions of sensor 1 data in the TFD and AF spaces are shown in Figs 5.44 and 5.45,
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respectively. The figures clearly show how the chirp signal is evident in a signal contaminated by

a powerful correlated noise.
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Fig. 5.43 The received signals at the (a) sensor 1 and (b) sensor 15
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Fig. 5.44 Self-Rihaczek TFD of data at sensor 1



5. Source localization, simulation and experiment 90

Rihaczek AF(sensar 1)

Armplitude

10

40

a0

a0
B0

100

120 7

140 Frequency lag index

160 80
Tirne lag index

Fig. 5.45 Self-Rihaczek AF of data at sensor 1
Now, we apply the mask to the above AF space. The results in AF and TFD spaces are shown in
Figs 5.46 and 5.47, respectively. Fig. 5.47 shows that the chirp signature emerges from noisy

signal in TFD space after applying the mask.
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Fig. 5.46. Self-Rihaczek AF of data at sensor 1 after applying mask
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Fig. 5.47 Self-Rihaczek TFD of data at sensor 1 after applying mask
To see the effect on TF-MFP we repeat the above procedure but this time for the cross-Rihaczek
case where two signals, from sensor one and fifteen, are involved in the process. The cross-

Rihaczek distribution of sensors one and fifteen in TFD and AF spaces are shown in Figs 5.48

and 5.49, respectively.
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Fig. 5.48 Cross-Rihaczek TFD of signals at sensors 1 and 15
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Fig. 5.49 Cross-Rihaczek AF of signal at sensors 1 and 15

The figures clearly show that the chirp signal is evident in a signal contaminated by a powerful
correlated noise. There are more peaks in the AF space due to the effect of multiple transfer
functions in the cross-Rihaczek formulation. Now, we preprocess by applying the mask in the
AF space. The results in AF and TFD spaces are shown in Figs 5.50 and 5.51, respectively. Fig.
5.51 shows that the chirp signature emerges from the noisy data in TFD space after applying the

mask.
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Fig. 5.50 Cross-Rihaczek AF of signal at sensors 1 and 15 after masking
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Fig. 5.51 Cross-Rihaczek TFD of signals at sensors 1 and 15 after masking

Now we use the preprocessed data in TF-MFP, and compare the performance of TF-MFP with
other MFPs. In order to decrease the computational complexity, we sub-sample by a factor of 4
in both frequency and time. For conventional MFPs we use sub-sampling of 4. The ambiguity
surfaces of the Bartlett processor for Gaussian noise sources with standard deviations (STD) of
0.8 and 0.95 are shown in Figs 5.52 and 5.53, respectively. The ambiguity surfaces of MV
(version one and two) are given in Figs 5.54, and 5.55, respectively.
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Fig. 5.52 Ambiguity surface for Bartlett processor (Gaussian interference STD=0.8)
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Fig. 5.53 Ambiguity surface for Bartlett processor (Gaussian interference STD=0.95)
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Fig. 5.54 Ambiguity surface for MV processor (version one, Gaussian interference STD=0.8)
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Fig. 5.55 Ambiguity surface for MV processor (version two, Gaussian interference STD=0.8)

For a Gaussian noise source with standard deviation of 0.85 the Bartlett processor has localized

both the chirp source and Gaussian interference. However there are several false detections in the

ambiguity surface. Moreover, the Bartlett processor fails to show a focused point at the true chirp

source location. For a standard deviation of 0.95, the Bartlett processor fails to localize the chirp

source. Due to the high sensitivity to mismatch for the MV processors, and to the distortion that

come from sub-sampling both versions of MV have failed to localize both sources and show

false sources.

Westwood’s ambiguity surface is given in Fig. 5.56 for a standard deviation of 0.8. It

shows a source that is close to the chirp source range but at a depth around 60m, far from the true

chirp source depth. For a Gaussian interference with standard deviation of 0.95 (see Fig. 5.57),

the Westwood processor fails to localize either sources.
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Fig. 5.56 Ambiguity surface for Westwood processor (Gaussian interference STD=0.8)
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Fig. 5.57 Ambiguity surface for Westwood processor (Gaussian interference STD=0.95)

Because they do not utilize TF features, both the self-CR and cross-CR processors fail to localize
the chirp source, as shown in Figs 5.58 and 5.59, respectively. They show a few false sources,
while the Gaussian interference is successfully localized.
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Fig. 5.58 Ambiguity surface for self-CR processor (Gaussian interference STD=0.8)
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Fig. 5.59 Ambiguity surface for cross-CR processor (Gaussian interfernce STD=0.8)

The result is significantly different for TF-MFP. With the pre-process masking, both versions of
TF-MFP (self-CR and cross-CR) successfully localized the chirp source (Gaussian interference
with STD=0.8). The effect of the Gaussian interference is cancelled by the preprocessing
masking step described above. The ambiguity surfaces for the self TF-MFP and cross TF-MFP
are shown in Figs 5.60 and 5.61, respectively.
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Fig. 5.60 Ambiguity surface for self-CR TF-MFP (Gaussian interference STD=0.8)
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Fig. 5.61 Ambiguity surface for cross-CR TF-MFP (Gaussian interference STD=0.8)

With a more powerful Gaussian interference (STD=0.95), the cross-CR TF-MFP (Fig. 5.63)
shows greater canceling of the effect of correlated noise than does self-CR TF-MFP (Fig. 5.62).
Moreover, because the cross-CR TF-MFP is constructed with only cross terms it also has the
advantage of canceling the white measurement noise.
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Fig. 5.62 Ambiguity surface for self-CR TF-MFP (Gaussian interference STD=0.95)
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Fig. 5.63 Ambiguity surface for cross-CR TF-MFP (Gaussian interference STD=0.95)

5.3. Experimental results

In this section we consider source localization using both the tonal data and radiated ship data
from the MEVA3 track. The tonal signals and the ship data are considered separately to
demonstrate the performance of the MFPs for narrow band and broadband signals. In the first
part of the section, we evaluate the performance of the second order CR-MFPs and compare it
with that for the other MFPs. In the second part the higher order MFP is considered in order to
examine the use of higher order information content of ship data in source localization. The
replica or modeled fields used in experiments are calculated using the Westwood normal mode
model, ORCA [15]. The experimental conditions including array specifications and
environmental properties were described in section 5.1.

We consider a section of the track where the bathymetry between the source ship and the

array satisfies the range independence assumption. At this point, the recorded range between the
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array and the ship is 3.33 km with a bearing of 153.30 degrees. The positions of the ship and the

array are shown in Fig. 5.64.
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Fig. 5.64 The position of Ricker and array on the MEV A3 trial track at 9:49pm

5.3.1 Second order based MFPs

The source signals include the tonal signals at 45 and 70 Hz transmitted from the towed source
and ship data generated by CSS. Ricker. The sampling frequency is 1500 Hz and since the
bandwidth of the anti-aliasing filter is around 750 Hz, the original discrete data were sub-
sampled by a factor of 2. For both the tonal signals and ship data, we use the periodogram
technique averaging over 40 time samples to estimate signal spectra and cross-spectra. A time

slice of sensor 16’s data is shown in Fig. 5.65(a), and the corresponding spectrum is shown in

Fig. 5.65(b).
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Fig. 5.65 A slice of sensor 16’s data in (a) time and its (b) spectrum

5.3.1.1 Continuous wave (CW) sources

For the 45 Hz CW data, the ambiguity surfaces of the Bartlett, MV, CR-MFPs, and Westwood
processors are given in Figs 5.66, 5.67, 5.68, 5.69, and 5.70, respectively. The grid search spans
a range from 50 m to 10 km with resolution of 110 m, and depth from 1 m to 400 m with a
resolution of 10 m.

The figures demonstrate that MFPs other than MV and Westwood have detected the true
source location. The cross-CR and self-CR give superior performance in comparison with the
Bartlett processor with respect to resolution and side lobe levels. Ambiguity surfaces localize the
source at a range of 3.63 km and a depth of 31 m. The range is about 300 m different from the
range indicated by GPS. However, for a range grid resolution of 110 m, this difference is within
the range error due to the GPS uncertainties for the position of the ship and the array (200 m),
and the uncertainty of the distance of the source from the ship (50-70 m). Mismatch in the
geoacoustic model may also be a source of error, since at 45Hz acoustic waves can penetrate

relatively deep into the bottom. The depth value (31 m) for the towed source is reasonable
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according to the experimental design, however there is no value documented for the source depth

in the MEV A3 report.
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Fig. 5.66 Ambiguity surface for Bartlett processor (45Hz data)
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Fig. 5.67 Ambiguity surface for MV processor (45Hz data)
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Fig. 5.68 Ambiguity surface for self-CR processor (45Hz data)
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Fig. 5.69 Ambiguity surface for cross-CR processor (45Hz data)
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Fig. 5.70 Ambiguity surface for Westwood processor (45Hz data)

Cross sections of the ambiguity surface in range for a depth of 31 m, and in depth for a range of
3.63 km are shown in Figs 5.71 and 5.72, respectively. We can see lower side lobe levels and
sharper main lobes at the source location for CR-based MFPs in comparison to that for the
Bartlett processor. To discuss this behavior, we first consider the self-CR and Bartlett processors.
Both contain self-term components. The result that the side lobe levels for the self-CR (Fig. 5.68)
are significantly low shows that the level of spatially white noise is not strong at 45Hz. Referring
to Fig. 5.66 the side lobe levels are significantly higher for the Bartlett processor. Since spatially
white noise is not strong, the higher side lobe levels are due to model mismatch. Comparison of
the two figures indicates that the self-CR is significantly more robust than the Bartlett to model
mismatch. The self-CR MFP shows better performance in main lobe width and side lobe level
than that for the cross-CR MFP (Fig. 5.69) in this environment with low spatially white noise.
The reason is likely due to the phase distortion due to mismatch between the model and the
environment. The cross-CR MFP is more sensitive to phase distortion than is the self-CR
because of its formulation that only includes cross-term components whereas the self-CR

includes both self-term (spectral magnitudes) and cross-term components.
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For the 70Hz CW data the ambiguity surfaces for the Bartlett, MV, CR-MFPs, and Westwood
processor are shown in figures 5.73, 5.74, 5.75, 5.76, and 5.77, respectively. The grid search

dimension is the same as that for the 45 Hz experiment.
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Fig. 5.73 Ambiguity surface for Bartlett processor (70 Hz data)
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Fig. 5.74 Ambiguity surface for MV processor (70 Hz data)
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Fig. 5.75 Ambiguity surface for self-CR processor (70 Hz data)
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Fig. 5.76 Ambiguity surface for cross-CR processor (70 Hz data)
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Fig. 5.77 Ambiguity surface for Westwood processor (70 Hz data)

The figures demonstrate that except for the MV and Westwood processors, the other MFPs have
detected the true source location. The cross-CR and self-CR give superior performance in
comparison to the Bartlett processor with respect to resolution and side lobe levels. Ambiguity
surfaces localize the source at a range of 3.52 km and depth of 31 m. The estimated source range
is closer to the GPS value than the estimate for the 45 Hz data. This may be due in part to a
lesser impact of environmental mismatch in the geoacoustic model. At 70 Hz, the penetration
into the ocean bottom is relatively shallow compared to that for 45 Hz.

Cross sections of the ambiguity surface in range for a depth of 31 m, and in depth for a
range of 3.52 km are shown in Figs 5.78 and 5.79, respectively. We can see lower side lobe
levels and sharper main lobes around the source location for CR-based MFPs in comparison to
those for the Bartlett processor. To discuss this behavior, we first consider the self-CR and
Bartlett processors. Both contain self-term components. The result that the side lobe levels for
the self-CR (Fig. 5.75) are significantly low shows that the level of spatially white noise is not
strong at 70 Hz. Referring to Fig. 5.73 the side lobe levels are significantly higher for the Bartlett
processor. Since spatially white noise is not strong, the higher side lobe levels are due to model
mismatch. Comparison of the two figures indicates that the self-CR is significantly more robust

than the Bartlett to model mismatch. The self-CR MFP shows better performance in main lobe
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width and side lobe level than that for the cross-CR MFP (Fig. 5.76) in this environment with
low spatially white noise. The reason is likely due to the phase distortion from mismatch

between the model and the environment, similar to the results from the 45-Hz data.
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Fig. 5.78 Performance of the different MFPs in range for a depth of 31m (70 Hz data)
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5.3.1.2 Ship noise

For localization with the radiated ship signal, the signal spectrum is divided into three bands, 1-
40 Hz, 73-133 Hz, and 150-270 Hz in order to eliminate the CW tones at 45 Hz and 70 Hz. We
also null the spectral components at and around the tonal harmonics; i.e., at 90 Hz, 135 Hz, 140-
Hz, 180 Hz, 210 Hz, 225 Hz, and 270 Hz before MF processing. However, the effect of the
transmitted tones can not be fully cancelled especially in the second band (73-133 Hz) since the
source generator is not an ideal source and does not give pure sine waveforms at specified
frequencies. The analysis is carried out using the second band, 73-133 Hz, and the third band,
150-270 Hz, to decrease the effect of low frequency interfering noise from other ships in the
transportation route near the experimental area.

In order to reduce the complexity of computation, we consider a resolution of 2 Hz for
the second band and 4 Hz for the third band to obtain 30 spectral components in each band.

For the second band (73-133 Hz) highlighted in Fig. 5.80, the ambiguity surface of the
Bartlett, MV (versions one and two), CR-MFPs, and Westwood processor are given in Figs 5.81,
5.83, 5.84, 5.85, 5.87, and 5.89, respectively. In order to give a precise understanding of
localized sources, we enlarge the neighborhood region around the identified sources for the
Bartlett, self-CR, and cross-CR MFPs as shown in Figs 5.82, 5.86, and 5.88, respectively. The

grid search dimensions are the same as for the 45 Hz and the 70 Hz tones.
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Fig. 5.80 The second band of ship data, 73-133Hz, highlighted by red color
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Fig. 5.85 Ambiguity surface for self-CR processor (73-133 Hz)
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The cross-CR has clearly localized both the ship and the towed source. The appearance of the
CW source in the ambiguity surface is due to incomplete cancellation of the harmonics of the
towed source in the second band. The Bartlett processor has localized the source, but with poor
resolution. The main peak includes both the towed source and ship. The CR based MFPs give
considerable improvement in side-lobe level reduction and sharpness of the main lobe width in
comparison with that for the Bartlett MFP. The self-CR shows both CW and ship locations, but
with a weak value at the ship location. The cross-CR successfully shows both ship and CW
locations with strong ambiguity values. It localizes the ship at a range of 3.35km, very close to
that indicated by GPS. The ship depth is estimated around 10m while we expect to have it
exactly on the ocean surface. The error can be due to the poor depth resolution of the ambiguity
surface and possible mismatches in the geoacoustic model. The MV-MFPs (both versions) give
poor side-lobe levels. The ambiguity surfaces indicate strong levels at various locations other
than the ship or CW source locations. The reason is due to the high sensitivity of MV processors
to model mismatch [1]. However, the version two MV gives better performance regarding side-

lobe-level than that for version one MV. The Westwood MFP has failed to localize both sources.
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The reason may the non-flat spectrum of ship data, failing the requirement for the Westwood
MFP.

For the third band, 150-270 Hz, highlighted in Fig. 5.90, the ambiguity surfaces of the
Bartlett, MV (both versions), CR-MFPs, and the Westwood processor are given in Figs 5.91,
5.93, 5.95, 5.97, 5.99, and 5.101, respectively. In order to give better visualization of source
localization, we enlarge the neighborhood around the identified sources for Bartlett, MV (both
versions), self-CR, and cross-CR MFPs as shown in Figs 5.92, 5.94, 5.96, 5.98 and 5.100,

respectively. The grid search dimensions are the same as for the 45 Hz and 70 Hz data.
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Fig. 5.90. The third band of ship data, 150-270 Hz, highlighted by red color
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Fig. 5.91 Ambiguity surface for Bartlett processor (150-270 Hz)
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Fig. 5.95 Ambiguity surface for MV processor, version two (150-270 Hz)
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All processors except the Westwood processor have found the true source location, at a range of
3.35km, almost the same as by GPS, and on the ocean surface. The Bartlett and CR-MFPs give
lower side-lobe-levels than those for MV-MFPs. The reason for better performance by Bartlett
and MV processors in comparison to their results for the lower frequency band is likely due to
the limited penetration depth in the ocean bottom at the higher frequencies in the 150-270 Hz
band, where the interaction with the ocean bottom is restricted within a few wavelengths at the
seafloor. Since the water depth is accurately known, the higher frequency data are less sensitive
to the model mismatch. The second version of MV gives higher side-lobe-level than that for the
first version of MV. The cross-CR shows slightly better performance than that for other
processors with respect to the side-lobe-level and main lobe width. Again, the Westwood MFP

has failed to localize sources.

5.3.2. Higher-order matched field processor

In this section we apply the higher order cross relation based MFP to localize the ship using the
radiated ship data from the MEV A3 track (Fig. 5.64). The ship position from GPS data was at a
range of 3.33km with a bearing of 153.27 degree to the VLA location. The analysis is carried out
over 73-133 Hz with resolution 2 Hz and 150-270 Hz with resolution of 4 Hz. The replica or
modeled fields used in the analysis is calculated using ORCA.

For frequency band 73-133 Hz, the 3" and 4™ order cross-CR MFPs are shown in Figs
5.102 and 5.103, respectively. The 3" order MFP shows a strong peak at the ship position with
sidelobes around the CW source position. The 4™ order MFP shows a weak value at the ship
position. This fact suggests that the 4™ order component of ship noise is not as strong as its o
order (see Figs 5.82, 5.86, and 5.88 for Bartlett, self-CR, and cross-CR MFPs, respectively) and
3 order components in the frequency band 73-133 Hz for the MEV A3 trial. .
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Fig. 5.103. Ambiguity surface for 4™ order cross-CR processor (73-133 Hz)

For the higher frequency band of 150-270Hz, the 3" and 4™ order cross-CR MFPs are shown in
Figs 5.104 and 5.105, respectively. Both figures show strong peaks at the ship position. This fact
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indicates that the ship has strong component for not only second order but also third and fourth

order in frequency band 150-270 Hz in comparison with other sources in the environment.
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Fig. 5.104. Ambiguity surface for 3™ order cross-CR processor (150-270 Hz)
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Chapter Six

Geoacoustic parameter estimation,

Simulation and experiment

Matched field processing has been applied to a wide variety of inverse problems in underwater
acoustics [1,76]. Geoacoustic properties of the ocean bottom have been estimated by matched
field inversion using acoustic field data for specific experimental geometries [77,78]. Although
target localization can be carried out for an arbitrary array geometry, geoacoustic inversions have
generally been done using vertical line arrays that provide a measure of the depth profile of the
field in the water.

The components of the matched field inversion method include a geoacoustic model, a
propagation model for calculating the acoustic field at the receiver, a cost function based on a
matched field processor for asserting specific models, and an efficient search algorithm for
searching the model parameter space. The inversion proceeds by specifying a set of geoacoustic
models, and then searching the model parameter space to obtain the best correlation between
measured and modeled acoustic fields. The practical application of the inversion depends in part
on having an efficient method for searching the space of ocean bottom models.

The first investigations were carried out using continuous wave (CW) signals [6,7].
However, the use of broadband signals has been considered. Hermand and Gerstoft [8] analyzed
multi-tone CW data and observed that the inversion results at single frequencies were
inconsistent across the band. An incoherent average over the band was essential for producing
stable geoacoustic estimates that were in agreement with ground truth data. The same erratic
behavior of estimates from single frequency inversion was observed by Tolstoy [1] in her
analysis of spectral components of explosive charge data, using a high resolution matched field
processor. In light of these difficulties, Hannay and Chapman [9] applied a fully coherent (in
frequency and space) matched field processor to the analysis of their experiment data from

explosive charges. This procedure is similar to the waveform matching approach used in
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seismology. The results indicated improved performance for the coherent processor over single
frequency estimates. In a related study, Deane and Buckingham [10] have investigated the use of
broadband noise from the sea surface in geoacoustic estimation. In this method the coherence of
sea surface ambient noise measured at vertically separated sensors is used to invert properties of
the sediment in shallow water. Although these studies are primarily at high frequencies (1-20
kHz), the use of background noise as the sound source is a significant result.

Successful inversion requires that the experimental geometry be accurately known.
However, there is usually some degree of uncertainty in the measurement of the variables that
define the experimental arrangement. In general, the inversion performance is more sensitive to
mismatch in some parameters such as water depth, water sound speed, array tilt, but is relatively
insensitive to parameters such as shear wave speed in ocean layers and density.

A central issue in broadband matched field inversion is the speed and efficiency of the
algorithm, since replica fields must be calculated at many frequencies in the band. The search
algorithm plays an important role in this issue. A straight forward way to find the best estimates
of the unknown environmental parameters is to use a multidimensional grid search among
possible parameter values. This search is computationally expensive, and more efficient
nonlinear methods such as simulated annealing or genetic algorithms are favored. In simulated
annealing the search is initiated with random values for the parameters chosen from the imposed
parameter bounds; the inversion then proceeds through a series of iterations involving random
perturbations of the model parameters, as a control parameter analogous to the temperature is
reduced. Perturbations that decrease the cost function are accepted unconditionally. Those that
increase the cost function are accepted conditionally; with probability of acceptance given by the
Boltzmann distribution [79]. Genetic algorithms are based on an analogy with biological
evolution. An initial population is selected randomly from all possible model parameter vectors,
and the fitness of each member is computed. Through a set of evolutionary steps the initial
population evolves in order to become more fit. An evolutionary step consists of selecting a
parental distribution from the initial population, based on the individual’s fitness. The parents are
then combined in pairs; operators are applied to these pairs to form a set of children.

Traditionally crossover and mutation operators have been used. Finally the children replace a
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fraction of the initial population to obtain a more fit population. A description of genetic
algorithm applied to the seismoacoustic parameter estimation problem is given in [6,80].

All above mentioned algorithms require a multidimensional search among the
environmental parameters. We can reduce a multidimensional search to successive searches with
lower dimensions by exploiting the fact that the pressure field has different sensitivities with
respect to different environmental parameters. In the back wave propagation technique, we
accomplish the successive search by changing the sensitivity factor in which the most sensitive
environmental parameters are first estimated and then less sensitive parameters are estimated
(see chapter 4). For the case where broadband sources are considered as the sound source, we
can significantly reduce the search space by classifying geoacoustic parameters based on
acoustic wave penetration in the ocean bottom with respect to frequency. In this procedure we
first estimate environmental parameters of upper layers using high frequencies that primarily
sample the sea floor environment, and then estimate parameters of deeper layers using lower
frequencies.

For simplicity we use a grid search to show the efficiency of the successive search
process compared to the multidimensional search process. The more sophisticated search
processes such as simulated annealing and genetic algorithm can be used in the reduced
dimension spaces to improve search efficiency.

In section 6.1 we consider simulation and experimental results for inversion using the
back wave propagation technique. We estimate values for three model parameters, including
water depth, compressional speed at the base of sediment (second) layer and the density of the
sediment layer. These parameters can be classed as examples of high, medium and weak
sensitivity to the ocean field.

A broadband inversion using the cross relation matched field processor (see section 3.3.2)
is then considered in section 6.2. The inversion uses the ship radiated noise as a sound source to
estimate the water depth, upper compressional speed of the first layer, and first layer thickness.

For both simulations and experimental results the waveguide used for the inversions
presented in this chapter is that of the Pacific Shelf experiment described in chapter 5. The

replica or modeled fields are calculated using the normal mode model, ORCA [15].
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6.2. Back wave propagation, simulation and experiment results
6.1.1 Simulation results

In this section we present results of the analysis of data from a continuous wave (CW) source
which was at a depth of 25 m and towed along an arc of a distance of 5.6 km from the vertical
array, the same position of the true source in real data that will be used in section 6.1.2. The

geoacoustic model is shown in Fig. 6.1.
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Fig 6.1 The sound speed profiles used in the environmental model. The shear speed, C; (dot-
dashed) and the compressional speed, C, (dark and solid) are shown on the three lower abscissa
scales
We estimate values for three of the model parameters including water depth (its uncertainty is
shown with dashed red line), compressional speed at the base of the first sediment layer (shown
with dashed blue line) and the density of the sediment layer. The bounds for the values of these
parameters and the nominal values of the other fixed parameters were obtained from the
literature [60]. These parameters can be classed in terms of high, medium and weak sensitivity to
the ocean field. The true values for the water depth was 395 m, for the sediment compressional
speed, 1692 m/s, and for the density, 1.5 gm/cm'3. The SNR=20dB and the source emitted a tone

at 45 Hz.
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In Fig. 6.2 the 45-Hz ambiguity surface obtained using the BWP technique with nominal values
of the adjustable environmental parameters is shown over the full range-depth search space. The
value of & is equal to one. The peak of the ambiguity surface is located at the true source

position.
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Fig.6.2 The 45-Hz ambiguity surface obtained from BWP technique on full range-depth space
with a=1

A direct way to find the best estimates of the three unknown environmental parameters is to use
a 3-dimensional grid search among possible parameter values. This search is computationally
expensive. If the parameters are not strongly correlated, we can reduce the 3-dimensional search
to three 1-dimensional searches by exploiting the fact that the pressure field has different
sensitivity with respect to the parameters. The pressure field is most sensitive to the water depth,
while for =1 the field is only weakly sensitive to changes with respect to compressional speed
and density changes. We first estimate the water depth and then search among potential values of
compressional speed, using a value of @=2. For this value of & the sensitivity to density remains
low. At the last step we increase the sensitivity factor to =4 to estimate the density. This three-
step technique is efficient computationally and effective in providing realistic estimates. We use
the focal function as the best match criterion (see chapter 4).

We start the procedure by defining a window around the source location from ranges between
4.5 km and 7 km and depths between 1 m and 100 m. The search over water depth values
between 350 m and 440 m with a resolution of 5 m is shown in Fig. 6.3. The sharpest focus of

the main peak is obtained for a depth of 395 m, as indicated by the minimum in the normalized



BWP focal function curve. The BWP ambiguity surface with the adjusted water depth (395m) is

shown in Fig. 6.4.

BWP Focal Function

Fig. 6.3 The BWP focal function for different water depth values between 350 m and 440 m with

Depth(m)

Fig.6.4 The 45-Hz ambiguity surface obtained from BWP technique on a window around the

In the next step, we change compressional speed from 1680 m/s to 1715 m/s with 2 m/s

resolution, using &=2. The normalized BWP focal function shows a minimum value at 1692-

6. Geoacoustic parameter estimation, simulation and experiment 130

350 360 370 380 390 400 410 420 430 440 450
Water depth (m)

resolution 5 m (a=1)

Back Wawve Propagation
1D'
20
30
40

a0

[=0]

7o

j=u]

a0

100
4500 5000 5500 BO00 B500

Range(m)

source location with =1 after adjusting water depth



6. Geoacoustic parameter estimation, simulation and experiment 131

m/s. The curve (solid line) is shown in Fig. 6.5, where we also have shown the result for a=1.
This curve shows small change with respect to speed, and justifies our assumption in using the
sequential search procedure. The BWP ambiguity surface with the adjusted water depth and
compressional speed is shown in Fig. 6.6. It shows a more concentrated energy point around true

source location, a result that we showed in the chapter 4

BWP Focal Function

0.3 .
1680 1685 1690 1695 1700 1705 1710 1715 1720
Compressional speed of the second layer (m/s)

Fig. 6.5 The BWP focal function for different compressional speed values between 1680 m/s and
1715 m/s with resoution 2 m/s with =2 (solid) and a=1 (dashed)
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Fig. 6.6 The 45-Hz ambiguity surface obtained from BWP technique on a window around the

source location with =2 after adjusting water depth and compressional speed
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In the final step we change the density value from 1.15 g/cm'3 to 2.1 g/cm'3 with 0.05 g/cm'3
resolution with &=4. The normalized BWP focal function shows a minimum value at 1.5 g/cm'3.
This result (solid line) is shown in Fig. 6.7, where we also have shown BWP focal function
changes for a=2 (dash-dot line) and =1 (dotted line). These curves show small changes with
respect to density changes, as required for the sequential search procedure. The inversion was
successful in recovering the true values for each of the parameters that were searched and the
BWP ambiguity surface with the adjusted water depth and compressional speed and density
values is shown in Fig. 6.8. It shows a highly concentrated energy point around true source

location.
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Fig. 6.7. The BWP criterion for different density values between 1.15 g/cm'3 to 2.1 g/cm'3 with
0.05 g/cm'3 resolution &=4 (solid) and a=1 (dotted) and =2 (dash-dot line)
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Fig. 6.8 The 45-Hz ambiguity surface obtained from BWP technique on a window around the
source with =4 with adjusted water depth and compression speed and density.



6. Geoacoustic parameter estimation, simulation and experiment 133

6.1.2 Experimental results

In this section we apply the phase regulated BWP to data collected in shallow water off
Vancouver Island, BC, Canada, well known as trial MEV A3 (see chapter 5).

We present results of the analysis of real data from a continuous wave (CW) source
which was towed at a depth of 25 m along an arc of a distance 5.6 km from the array. The source
and receiver positions were recorded by GPS (global position system), which has an error of
~100 m. The CW source emitted a tone at 45 Hz and the data were collected at a sampling rate of
1500 Hz. The geoacoustic model is shown in Fig. 6.1. We follow the same procedure as we did
in simulation to estimate the unknown environmental parameters including water depth,
compressional speed at the base of the second layer and the density of the sediment layer. These
parameters are the same parameters as we investigated in the simulation. In Fig. 6.9 the 45-Hz
ambiguity surface with nominal values of the adjustable environmental parameters is shown. The
value of & is equal to one. The peak of the ambiguity surface is located close to the true source
position. However, the ambiguity surface shows higher side-lobe level than that in the simulation

due to mismatch between model and environmental parameters.
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Fig.6.9. The 45-Hz ambiguity surface obtained from BWP technique on full range-depth space
with =1
We start the procedure by searching over water depth values between 350 m and 440 m with a

resolution of 5 m is shown in Fig. 6.10. We use the focal function as the best match criterion (see
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chapter 4). The sharpest focus of the main peak is obtained for a depth of 395 m, as indicated by
the minimum in the normalized BWP focal function curve. The minimum point is higher than the
corresponding minimum point for the simulation (see Fig. 6.3) due to mismatch between model
and environmental parameters for the MEV A3 trial site. The BWP ambiguity surface with the
adjusted water depth (395 m) is shown in Fig. 6.11, with higher side-lobe level than that in

simulation (see Fig. 6.4).
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Fig. 6.10 The BWP focal function for different water depth values between 350 m and 440 m
with resolution 5 m (a=1)
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Fig. 6.11 The 45-Hz ambiguity surface obtained from BWP technique on a window around the
source location with =1 after adjusting water depth
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Now, we change compressional speed from 1680 m/s to 1710 m/s with 2 m/s resolution, using
a=2. The normalized BWP focal function shows a minimum value at 1692 m/s. The curves are
shown in Fig. 6.12 for ¢=2 (solid line) and &x=1 (dotted line). The BWP ambiguity surface with
the adjusted water depth and compressional speed is shown in Fig. 6.13 with higher side-lobe

level than that from the simulation.
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Fig. 6.12. The BWP focal function for different compressional speed values between 1680 m/s
and 1710 m/s with resoution 2 m/s with =2 (solid) and a=1 (dotted)
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Fig. 6.13. The ambiguity surface with =2 after adjusting water depth and compressional speed



6. Geoacoustic parameter estimation, simulation and experiment 136

We change the density value from 1.35 g/em™ to 1.9 g/em™ with 0.05 g/cm™ resolution with
a=4. The normalized BWP focal function shows a minimum value at 1.5 g/cm™. The curves for
a=4 (solid line), a=2 (dashed line), and a=1 (dotted line) are shown in Fig. 6.14. The

ambiguity surface with the adjusted parameters is shown in Fig. 6.15.
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Fig. 6.14 The BWP criterion for different density values between 1.35 g/cm™to 1.9 g/em™ with
0.05 g/cm'3 resolution &=4 (solid) and =1 (dotted) and =2 (dash-dot line)
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Fig. 6.15 The 45-Hz ambiguity surface obtained from BWP technique on a window around the
source with =4 with adjusted water depth and compression speed and density.
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6.3 Broadband inversion using the cross-relation based matched field

processor

In this section we apply a broadband inversion procedure to data collected in shallow water off
Vancouver Island, BC, Canada (MEV A3 trial), using the cross relation MFP. We present results
of the analysis of real data from a ship that was located at an arc of a distance 3.3 km from the

array. The geoacoustic model is shown in Fig. 6.16.
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Fig. 6.16. The sound speed profile used in the environmental model. The shear speed Cs (dot-

dashed) and the compressional speed C, (solid) are shown on the three lower abscissa scales

We estimate values for three of the model parameters including water depth (its uncertainty is
shown with dashed red line), compressional speed at the top of the first layer of sediment (shown
by the bold dashed red line) and the first layer thickness (shown with the dashed blue line). The
bounds for the values of these parameters and the values of the other fixed parameters were
obtained from the literature [60]. The inversion uses the broadband ship noise as the sound
source. We can reduce the dimension of the search space by classifying the unknown

geoacoustic parameters based on the acoustic wave penetration in the ocean bottom with respect
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to frequency. We first estimate the water depth and upper compressional speed of the first layer
using the frequency band 190-270 Hz and then estimate the first layer thickness using the
frequency band 73-133 Hz in a two-step process. We compare results obtained using the focal
function criterion for the best match with those obtained using a criterion which searches for the
maximum value of the ambiguity function at the source location.

In Fig. 6.17 the ambiguity surface for the 190-270 Hz band with nominal values of the

adjustable environmental parameters is shown.
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Fig.6.17 The 190-270-Hz ambiguity surface obtained from cross CR-MFP n full range-depth
space with nominal parameter values
We search the values for the water depth and upper compressional speed of the first layer among
30 possible search points. The two-dimensional search ranges are 370-420 m with resolution of
10m for the water depth, and 1510-1590 m/s with resolution of 20 m/s for the compressional
speed. For a window around the source location from ranges between 3 km and 4 km and depths

between 1 m and 60 m, the result is shown in Fig. 6.18.
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Fig.6.18. The 190-270-Hz ambiguity surface at a window around true source location for 30

search points for water depth and upper compressional speed of the first layer of sediment
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The focal function and ambiguity values at the source position are shown in Figs 6.19 and 6.20,
respectively for 30 search points. Both criteria show the minimum at point 18 that corresponds to
water depth of 400 m and compressional speed of 1550 m/s. The estimated water depth is close
to the value obtained from BWP technique, i.e. 395 m, that was obtained using a different data
set corresponding to a greater range of 5.6 km along the experimental track. The estimated
compressional speed is close to the value obtained by ground truth data that is 1550 m/s from a
seismic experiment in the region [60].
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Fig. 6.19 The focal function with respect to search index for water depth and the upper

compressional speed of the first layer
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Fig. 6.20 The ambiguity value at the source location with respect to search index for water depth
and the upper compressional speed of the first layer
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The variation of the first layer thickness has little effect on the pressure field in the frequency
band 190-270 Hz and consequently on matched field processor. In order to show this fact, we
search the first layer thickness from 50 m to 250 m with a resolution of 10 m in frequency band
of 190-270 Hz. For a window around the source location from ranges between 3 km and 4 km

and depths between 1 m and 60 m, the result is shown in Fig. 6.21.
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Fig.6.21. The 190-270-Hz ambiguity surface at a window around true source location for 21
search points for the first layer thickness
The focal function and ambiguity value at source location for 21 search points are shown in Figs

6.22 and 6.23, respectively. The focal function varies from 0.2 to 0.6, indicating that the
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ambiguity surface changes insignificantly with respect to first layer thickness at higher

frequency. Neither is there a significant change in the ambiguity value at the source location.
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Fig. 6.22 The focal function for the first layer thickness
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Fig. 6.23 The ambiguity value at the source location for the first layer thickness
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After adjusting water depth and the upper compressional speed of the first layer we estimate the
first layer thickness using the lower band data, i.e. 73-113 Hz. In Fig. 6.24 the ambiguity surface
is shown for the 73-113 Hz band using the estimated values of the adjustable environmental

parameters from the step one inversion.
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Fig.6.24 The 73-113Hz ambiguity surface obtained from cross CR-MFP in full range-depth
space

We estimate value for the first layer thickness using a one-dimensional search over 21 possible
parameter values. The search range is 50-250 m with a resolution of 10 m. For a window around
the source location from ranges between 3 km and 4km and depths between 1 m and 60 m, the
ambiguity surface is shown in Fig. 6.25.

The focal function and the ambiguity surface value at the source location are shown in
Figs 6.26 and 6.27, respectively. The focal function shows a significant variation, indicating that
the ambiguity surface varies considerably with respect to changes in the first layer thickness

parameter. However, the ambiguity surface value at the source location is not as useful for the
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layer thickness estimation, since the changes are very small. The focal function minimizes at

search indices 6 and 9 corresponding respectively to the layer thickness of 100 m and 130 m.

sl b

2
g ' A

120-180m )
sl
9

190-250m ‘

e b

Fig.6.25. The 73-113 Hz ambiguity surface at a window around true source location for 21
search points for the first layer thickness

Focal function measure

Focal function value

60 80 100 120 140 160 180 200 220 240
First layer thickness (m)

Fig. 6.26 The focal function with respect to the first layer thickness
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Fig. 6.27 The ambiguity value at the source location with respect to search index for the first
layer thickness

This two-step technique is efficient computationally since the search grid decreases from
21*30=630 points to 21+30=51 points using the multi-step process, and is effective in providing
realistic estimates. The estimates are consistent with the known bathymetry, and the results of an

inversion of broadband shot data [9].
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Chapter Seven

Conclusion, future work

The goal of this thesis has been to introduce MFPs for estimating the source location and the
environmental parameters of a shallow water waveguide in which source transmits either
broadband or narrowband random signals. We introduced a high resolution adaptive matched
field processing algorithm for ocean parameter estimation. The algorithm makes use of ship
noise as the sound source to estimate the geoacoustic properties of the signal path. We have also
proposed a novel phase-regulated back wave propagation technique to increase the sensitivity of
the MF inversion for geoacoustic model parameters having low sensitivity.
In chapter two we focused on the relationship between matched field processing and
blind system identification (BSI). Blind system identification is a fundamental signal processing
technique for estimating both unknown source and unknown system parameters when only the
system output data are known. Three popular classes of matched field processors have been
considered: 1) Bartlett matched field processor family, 2) maximum likelihood based matched
field processors, and 3) bilinear matched field processors. We have shown that the widely used
Bartlett family of matched field processors belongs to the class of channel subspace methods
within BSL
We showed that the necessary and sufficient conditions for identifiability of system transfer

functions ensure the following intuitive requirements for single-input multiple-output systems:

6. All channels in the system must be sufficiently different from each other. For example,
measured outputs can not be the same for any two channels.

7. The number of channels and size of the FIR transfer functions are known a priori

8. There must be a sufficient number of output data samples; the number of data samples can
not be less than the number of unknown system parameters.

9. The input source must be sufficiently complex. For example, it can not be a constant or a
single sinusoidal.

In practice, especially in underwater acoustics, we often know the sinusoidal model of signal

propagation, and the task is to estimate unknown parameters of the model. For the specific

problem of estimating the unknown parameters of the transfer function the necessary conditions
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are satisfied, but the sufficient conditions are generally not satisfied. In order to reduce the non-
uniqueness as much as possible we should carefully set the bounds of parameter variations. In
general, the problem of non-uniqueness is greater for the bilinear matched field processors
(BMF) due to the bilinear structure of the processor. More research is required to analyze the
identifiability conditions and sensitivity, particularly for the BMFP.

We have introduced a cross-relation (CR) based matched field processor technique. The
source is assumed to be a broadband or narrow-band random signal. The estimation formulas
have been developed for deterministic and random sources, including non-stationary (NS) and
wide sense stationary (WSS) random sources. For time varying sources, formulations based on
an evolutive spectrum concept have been proposed to obtain the advantages of time-frequency
analysis. The known signature of a time-varying source has been used for source localization in
an environment that contains correlated interference. We have proposed an approach for
designing a signal dependent time-frequency filter that preferentially passes only the known
signal. The time-frequency MFP has been categorized as a “blind” processor since we have no
information regarding the interference that may appear as correlated noise at the receiver. For
each of above formulations, two estimation methods have been proposed, a self-CR or a cross-
CR according to which channel output signal is used to construct the estimator. All the above
formulations derive second order MFPs. We have extended the second-order cross-relation
concept to higher order MFPs.

We have presented an evaluation of cross-relation matched field processors for source
localization and estimation of environmental parameters and have compared their performances
with those for other MFPs. The evaluation was conducted using both simulations and Pacific
Shelf experimental data. In our experiment we considered a medium size merchant ship as the
sound source in matched field localization and inversion.

In order to use the non-stationary form of a matched field processor, we must know the
probability density function (PDF) of the ship signal. However, the PDF of the ship signal has
not been reported in the literature. Further research is required to determine the ship PDF for use

in the MFP developed for non-stationary sources.
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7.1 Source localization

In the simulations, spatially and temporally white Gaussian random measurement noise with
SNR of 20 dB was added to signals at receivers. The performance analysis was carried out by
comparing the source location resolution and side lobe level for the Bartlett, MV, Westwood,
and the CR-based MFPs (self-CR and cross-CR). The results have demonstrated that all
estimators except the Westwood MFP detected the true source location. The cross-CR, self-CR,
and MV give superior performance with respect to resolution and side lobe levels than that for
the Bartlett. At SNR=-20 dB the results demonstrated that all estimators except the Westwood
MFP detected the true source location. The cross-CR gave the best performance with respect to
resolution and side lobe levels since it contains no self-spectrum noise components in its
structure. The Bartlett and MV estimators show nearly identical performance. The self-CR gives
a performance close to that of the Bartlett because of the effect of white noise that contaminates
the self-spectrum elements.

In the analysis of the Pacific Shelf experimental data, both the tonal data and radiated
ship data were considered. The tonal signals and the ship data were considered separately to
demonstrate the performance of the MFPs for narrow band and broadband signals. The normal
mode channel simulation code ORCA was used to generate the replica fields because of its
versatility to accommodate both compressional and shear waves, its capability to produce
accurate low frequency fields and its computational speed. For the 45 Hz and 70 Hz continuous
wave (CW) data, the localization results have demonstrated that all MFPs other than MV and
Westwood are successful at detecting of the true source location. The cross-CR and self-CR give
resolution and side lobe levels performance superior to that of the Bartlett processor. For
localization using the radiated ship signal, the signal spectrum was divided into three bands, 1-40
Hz, 73-133 Hz, and 150-270 Hz. The analysis was carried out using the second band, 73-133 Hz,
and the third band, 150-270 Hz, to minimize the effect of interfering low frequency noise from
other ships in the transportation route near the experimental area. For the band 73-133 Hz, the
CR based MFPs gave considerable improvement in side-lobe level reduction and sharpness of
the main lobe width in comparison with the Bartlett MFP. The MV MFPs gave poor side-lobe
levels, and the Westwood MFP failed to localize the sources. For the third band, 150-270 Hz, all

processors except the Westwood processor found the true source location. The reason for better
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performance by the Bartlett processor in comparison to its result for the lower frequency band is
likely due to the limited penetration depth in the ocean bottom at the higher frequencies in the
150-270 Hz band where the interaction with the ocean bottom is restricted within a few
wavelengths at the seafloor. Consequently the localization performance is less sensitive to
mismatch in the acoustic model of the bottom.

A simulation was also conducted to evaluate a time-frequency MFP. The source
propagates a chirp pulse (unknown to the receiver) in an environment in the presence of an
interfering source. The Bartlett processor localized both the chirp source and the interfering
signal, but there were several false detections indicated by the ambiguity surface. Because the
CR based MFPs do not utilize TF features, they failed to localize the chirp source. Application of
the pre-process masking cancelled the interfering sources, and both versions of TF-MFP (self-
CR and cross-CR) successfully localized the chirp source. The next step in research is to evaluate
TF-MFP with real data.

In another experiment we applied a higher order CR-MFP to localize the ship using the
bands 73-133 Hz and 150-270 Hz bands. For the 73-133 Hz frequency band, the 3" order cross-
CR MFP showed a strong peak at the ship position. However the 4™ order MFP showed a weak
value at the ship position. For the higher frequency band of 150-270 Hz, both 3" and 4™ order
CR-MFP showed strong peaks at the ship position. The results suggested weak Gaussian
interference in the Pacific Shelf trial. Further research is required in applying the higher order

MFPs to data in an environment with strong Gaussian interference.

7.2 Inversion

For the inversion of geoacoustic parameters we have significantly reduced the search space by
classifying the geoacoustic parameters based on the acoustic penetration depth in the ocean
bottom for different frequencies. We first estimated the environmental parameters of upper
sediment layers using high frequency ship noise that effectively samples the sea floor
environment and then estimated parameters of deeper layers using lower frequency noise data.
We first estimated the water depth and upper compressional speed of the first layer using the

frequency band 190-270 Hz. Next we estimated the first layer thickness using the frequency
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band 73-133 Hz. This two-step technique was computaionally efficient since the search grid
decreased from 630 points to 51 points, and effective in providing realistic estimates,

We have also proposed the back wave propagation (BWP) concept based on the
reciprocity and superposition properties of the ocean wave-guide. The concept states that the
measured pressure fields can be considered as sources for an array of transmitters; in practice,
the conjugate of the measured field at the array is weighted by the range and back propagated
from the array. We have shown, given that the ocean field is a passive environment and the
geometry of the transmit array is the same as the experimental geometry, that only for the true
ocean environmental parameters does the back-propagated wave field converge to the location of
the source. The phase regulated BWP technique allows the advantage of adapting to the
environmental conditions through variation of the sensitivity factor ¢, which enhances the phase
changes due to model and environmental mismatch. The value of & is limited by the SNR. There
is an energy distribution around the source when a mismatch occurs. This fact suggests that the
energy distribution of the back-propagated field near the source could be used as a new criterion
to assess the best match in searching candidate geoacoustic models.

In order to reduce the D-dimensional search space to the T successive d-dimensional
search spaces (D=Td where T<D), we have used the fact that the pressure field has different
sensitivities with respect to different ocean waveguide parameters that are not strongly
correlated. We first adjust the high sensitivity parameters such as water depth, then we search
among potential values of medium sensitivity parameters such as compressional speed using a
higher value of &, and at the last step we increase the sensitivity factor to a successively higher
value to adjust the low sensitivity parameters. This gives a three-step process. The method has
been tested in a simulation, and then applied to invert experimental data from the Pacific Shelf
experiment. We have estimated values for water depth, compressional speed at the base of
sediment (second) layer and the density of the sediment layer. The results show that the BWP is
successful for estimating ocean parameters with different sensitivities, however, the inversion

results of both methods (BWP and CR-MFP) are self consistent.
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