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ABSTRACT

Efforts to extract information regarding the surficial composition of the ocean bottom
have increased as acoustic echosounders have developed and the availability of
computing power has corresponded with advances in signal processing techniques. With
enhanced classification of bottom types from echo soundings as our objective, this thesis
focuses on two major technical steps, deconvolution and class distance measure, tb
facilitate the objective.

First, since the sea-bottom sonar response is the result of convolution of the bottom’s
impulse response and the source ping, and the noise and delay component are observed
in the response signals from the unknown sea bottom, we separate the source ping,
which is independent of depth, through deconvolution. We present the processing details
of least-square estimation of deconvolved sea-bottom sonar responses and also enhance
the results using singular value decomposition (SVD) to produce rank-reduced (noise
reduced) signals. The deconvolution algorithms resulting from this research are applied
to three distinct real-world data sets which were collected.

Secondly, because direct minimization of the error probability to determine the
optimum signal is often difficult to calculate, the distance measure is a simple alternative
to the error probability. We discuss two common distance measures for class separation:
divergence and Bhattacharyya. Further, we are also interested in measuring the
distance between class pairs as data rank is reduced using SVD. We pay particular
attention to the advantage of having knowledge of the transmitted carrier phase and

determine its influence on the resulting distance between classes.
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Efforts to extract information regarding the surficial composition of the ocean bottom
have increased as acoustic echosounders have developed and the availability of
computing power has corresponded with advances in signal processing techniques. With
enhanced classification of bottom types from echo soundings as our objective, this
thesis focuses on two major technical steps, deconvolution and class distance measure,
to facilitate the objective.

First, since the sea-bottom sonar response is the result of convolution of the bottom’s
impulse response and the source ping, and the noise and delay component are observed
in the response signals from the unknown sea bottom, we separate the source ping,
which is independent of depth, through deconvolution. We present the processing details
of least-square estimation of deconvolved sea-bottom sonar responses and also enhance
the results using singular value decomposition (SVD) to produce rank-reduced (noise
reduced) signals. The deconvolution algorithms resulting from this research are applied
to three distinct real-world data sets which were collected.

Secondly, because direct minimization of the error probability to determine the
optimum signal is often difficult to calculate, the distance measure is a simple
alternative to the error probability. We discuss two common distance measures for class
separation: divergence and Bhattacharyya.  Further, we are also interested in
measuring the distance between class pairs as data rank is reduced using SVD. We pay
particular attention to the advantage of having knowledge of the transmitted carrier

phase and determine its influence on the resulting distance between classes.
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Chapter 1

Introduction

The ability to extract information about the ocean bottom has proved elusive since it
was first actively pursued in the mid-seventies, when oceanographic studies were
initially undertaken to model the physical process. However, with the availability of

rapidly increasing processing power, many advances have occurred.

1.1 Motivation

Knowledge of the ocean bottom has always been important to human life. Thus
mankind has developed appropriate exploration technologies. For the first several
thousand years, simple shallow water bathymetry were developed for navigational
safety. But more recently, systematic surveys began to be conducted and a demand for
new technologies arose.

A fundamental change in survey technology occurred with the development of the
acoustic echo-sounder in the 1920°s. This technique was revolutionary in that it was
non-invasive and permitted large-scale surveys to occur. In the 1970’s electronic
hardware became sufficiently inexpensive that the idea of processing the data to extract
bottom information characteristics became feasible. By using new low-cost computing
facilities in the mid-1980’s some groups made another significant forward leap in

seabed classification.



The current motivation for seabed classification is both military and commercial.
Decreasing world-wide fish stocks have typically required that increasingly
sophisticated technology be employed to locate the schools. With the development of
interpretation of seabed classification, the ship captains can predict good fishing areas

through habitat identification.

1.2 Historical development

Early papers tended to focus on analysis of the raw data of ping-to-ping coherence
measures. In Milligan, LeBlanc, and Middleton [1]’s works, the basic premise is that
one can interpret a set of data and extract the ensemble statistics, without relying on a
priori models. They generated a covariance matrix for an ensemble of data, and used
eigenanalysis to obtain the principal components of the data set. A reduced number of
components can be used to obtain a minimal dimension when a received signal is
reconstructed. However, because the concept was developed in the mid-seventies, a

major shortfall of this work was a lack of modern computational capability.

However, in Caughey’s thesis [2], feature reduction via principal component analysis
was re-examined, and numerical evaluation of feature suitability was done in Kavli [32].
LeBlanc [3] used a chirp sonar for sediment classification, and he used fully digital
system, including the support for the associated digital signal processing.

Additionally, LeBlanc is one of the first to discuss the deconvolution of the source
signal from the return signal. “Blind deconvolution of echosounder envelopes [4]”

describes the deconvolution of the digitized envelope of the sea-bottom response to



determine the impulse response. An alternate approach to the determination of the
impulse response is through least mean-square estimation of the complete impulse
response given the raw response data rather than just its envelope. It is this latter

approach that we investigate in this thesis.

1.3 Thesis outline

The remainder of this thesis is divided into five chapters.

Chapter 2 is a technical chapter dealing with the processing details of least-square
estimation of deconvolved sea-bottom sonar responses using singular value
decomposition (SVD) to produce rank-reduced signals {6, 31]. Since the sea-bottom
sonar response is the result of convolution of the bottom’s impulse response and the
source ping, we might separate the source ping, which is independent of depth, through
deconvolution. This chapter lays out the procedure for the deconvolution and
simulates such a process. Because a rank-deficient data covariance matrix is involved
we also investigate the effects of rank reduction on the raw data before further
processing.

Complex deconvolution is involved in order to catch all the coherent information in a
phase-shifted reflection in a real environment.

Chapter 3 is the second of two technical chapters dealing with the measurement of
distance between classes. Distance measures are studied because it is generally difficult
to carry out a direct determination of the error probability. In the first part we discuss
two common distance measures for class separation: divergence and Bhattacharyya. In

the second part we pay particular attention to the use of knowledge of the transmitted



carrier phase and determine its influence on the resulting distance between classes.

In Chapter 4 because we wish to deconvolve the transmitted signal from the response

data, we utilize a record of the transmitted signal that has been obtained in a laboratory
water tank.
In a later section of this chapter the deconvolution algorithms resulting from this
research are applied to three distinct real-world data sets which were collected. We
explore the enhancement of raw data and estimated coefficients by using principal
component analysis (PCA). The results at each stage are discussed in context with the
issues raised in chapter 2.

Chapter 5 presents the results of the measured values of divergence and Bhattacharyya
distances between class pairs from among the preclassified data provided. Comparisons
of cluster pair distances are made for the various processings that might be applied
before classification. The raw data reflected from the sea bottom after transmitting a
signal downward and the estimated coefficients obtained by deconvolving the
transmitted signal from the raw data have been pre-categorized according to their
associated transmitted frequency, bottom type and incident angle. The first major
section of this chapter discusses the measures of class distance taken only from
envelopes of raw data and magnitudes of the estimated coefficients. The section also
discusses the distances obtained after suppressing the noise component in raw data by
using SVD and obtaining low rank approximations.

The tabulated measures are indicative of the relative ease of discrimination between
classes and demonstrate the utility of various preprocessings such as deconvolution
and/or raw data rank reduction to enhance SNR.

In the second part, we determine the distance measures after complex deconvolution has



been applied. The tabulated distance measures of complex coefficients are compared
with those that use only magnitude of the estimated coefficients.

Chapter 6 presents the conclusions of this research and makes recommendations for
further work.

Lastly, appendixes are provided, including a discussion of start time estimation error

problems.

1.4 Trademarks and copyrights

The following names are used throughout this thesis.
*“QTC”, “QTC VIEW”, and “ISAH-S” are trademarks of Quester Tangent Corp.

»““MATLAB?” is a trademark of The MathWorks, Inc.



Chapter 2

Least-Square Estimation of Deconvolved Sea-bottom

Sonar Responses

We are interested in determining the characteristic of sonar responses of the sea-
bottom and comparing variations not only with bottom class but also with frequency,
beamwidth, angle of incidence and depth. In order to better estimate and compare these
variations, we might need to deconvolve the transmitted signal from the response. This
chapter lays out the procedure for the deconvolution and simulates such a process.
Because a rank-deficient matrix is involved we investigate the effects of rank reduction
by using singular value decomposition (SVD). This method is verified through several
simulated examples.

We are also interested in variations in start times of reflections in real environment
causing phase shift error in deconvolution. Complex deconvolution is introduced for
incorporating the coherent information that might be determined from phase-shift or
delay in the reflections.

We begin with a discussion of properties of source measurement environment and the

vector subspace which is related to the noise suppression.

2.1 Properties of source measurement environment

When an echo sounder transmits to the sea bottom, the transmitted wave is reflected.



Before we process the reflection from sea bottom we discuss several properties of echo
sounder and reverberation mechanisms in the sea. In this section we briefly review
several phenomena of the returned signal such as beam pattern and properties of

reverberation.

2.1.1 Type of reverberation

When an acoustic signal goes under the sea there are re-radiations of the acoustic energy
from the bottom boundary and inhomogeneities of many kinds such as schools of fish or
tiny particles of dust that give the deep sea its blue color. Reverberation is the total sum
of the scattering contribution from all scatterers.

The reverberation in the sea is of two basically different classes. The marine life and the
inhomogeneous structure of the sea itself are the examples of scatterers of volume
scattering. Another type of scatterer is bottom reverberation. It originates at scatterers
on or near the sea bottom.

For sea bottom backscattering, although particle size of bottom materials serves as a
means of classifying bottoms in terms of acoustic backscattering, the roughness of the
sea bottom can be the dominant characteristic for backscattering.

Another important role in the scattering process is the penetration of sound into the
bottom and its subsequent reradiation as backscattering at low frequency and high
grazing angles, where reflection and scattering from subsurface layers and other
inhomogeneities may occur [17].

Figure 2.1 shows bottom acoustic scattering mechanisms.
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Figure 2.1: Bottom acoustic scattering mechanisms, including reflection and scattering

at the water-bottom interface and attenuation and scattering in the sediment[20]

2.1.2 Bottom backscattering with angle and bottom type

The influence of particle size on the reverberation from the seabed was greater over
rocky bottoms than over mud bottoms. We realize that the size of the particles
comprising a sedimentary bottom is one of the indirect indicators of acoustic scattering.
Therefore the bottom backscattering strength on a smooth bottom such as mud or silt is
less than that on a rough bottom.

As for the influence of incident angle, a Lambert’s law relationship between
backscattering strength and angle appears to provide a good approximation of
reflections, where in the backscattering strength varies as the square of the sine of the
grazing angle [17].

In small incident angles the main contribution of backscattering at high frequency is
surface scattering from roughness [20, 23, 24]. But at low frequency sound penetration
of the sediment increases, and the effects of volume scattering and reflection from the
basement become important.

In intermediate angles the volume scattering is the major backscattering at both high



and low frequency [22].

2.1.3 Properties of different frequencies and beamwidth

There are several properties of acoustic signal factors such as beamwidth and frequency
[8]. Firstly beamwidth is a measure of the size of the conical shaped field of the
transmitted echo pulse. The size of the seabed acoustic footprint is a function of the
beamwidth and the water depth. Secondly frequency affects the attenuation and
reflectivity of the acoustic pulse for the various media and determines the spatial
resolution of the data coming to the sounder.

High frequency signals greater than 100 kHz typically provide greater resolution, suffer
greater attenuation in the water column and penetrate only centimeters into the seabed.
Low frequency signals, 10 kHz to 100 kHz, provide less resolution than the high
frequencies, smaller signal losses in the water and penetrate tens of centimeters into the

seabed. Low frequency transducers generally have larger beamwidths.

2.1.4 Acoustic data acquisition

For data collection we are grateful to Dr M. Preston, Senior Scientist, Quester Tangent
Corporation, who has encouraged QTC to provide us with our data sets. Sounder echoes
of 24 and 200 kHz carrier from the same sites in bays and harbors around southern east
Vancouver Island were recorded by a digital acquisition system (ISAH-S) and QTC
VIEW seabed classification system developed from Quester Tangent Corporation. QTC
VIEW systems typically use the signal from a single frequency echo sounder. The

system is connected in parallel with the echo sounder transducer and digitally extracts
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the echo trace. The digitized data were stored in a computer with an easily accessible
file format, which made extraction of data trivial using MATLAB.
The 24 kHz transmitted signal was characterized by a 0.167 ms pulse length and a 20°

beam width. The 200 kHz transmitted signal was characterized by a 0.16ms pulse

length,4° beam width.

Beamwidth

0°

Incident angle

Incident angle

Fooprint

Sea Bottom

S )
GPE NP G LS 05K AN

(a) Data collection (b) Beam pattern

Received raw data signal

e T

|

: . L . S L E— 2000t - - - L SO PP .t :
10 20 30 40 50 60 70 80 90 0 10 20 30 40 50 60 70 80 €0
sample # sample #

-1500
0

(c) typical transmitted signal (d) typical reflection
Figure 2.2: (a) paths of transmission and reflection (b) the beam pattern, (c) typical
transmitted signal and (d) reflected signal convolved with bottom response plus noise.
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Furthermore, the incident angles of the transducer were also run at 0°, 20° and 40°.
Figure 2.2 shows the beam pattern and collection of the reflected data in the real

environment.

2.2 Vector subspaces

Over the past decade much research has been devoted to the understanding and
application of signal subspace and noise subspace processing. Based on the linear
statistical model for vector data, all data vectors are linear combinations of their signal
and noise components. The signal and noise components can be partitioned into two

vector subspaces. Following subsections discuss vector subspaces in detail.
2.2.1 Covariance matrix structure

The linear statistical model assumes that the zero-mean data vector (sonar response) y is
y=Xh+w 2.1

where h is an P x1 reflection coefficient vector, X is an M x Pmatrix of the known

transmitted waveform, Xh is the estimate yof y and w is an M x1 vector of

independent zero mean white Gaussian noise elements.

When the N samples of y, h and w are arranged into the columns of Y, H and w , the

sample covariance matrix is

C =iYY”
N

y

=(XHH"X"” + XHW"” + WH"X" + WW")/N 2.2)
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Because of the independence of W with XH, the expectation of the product terms with

H are zero.

Therefore, the sample covariance matrix C, of y is
C, =(XHH"X" + WW")/N (2.3)

The covariance matrix R can be obtained as

R = E{C,} =XE{HH"}X" + &)1 (2.9

where E{WWH } =o’1.

2.2.2 Eigenstructure and subspaces

There are several properties regarding the eigenstructure of a data covariance matrix [5,
13]. The eigenvectors v, of R are assigned to the columns of V, and its associated
eigenvalues A, > 4, >...2 4,, have the following properties:
1) The r (r<M) eigenvectors that are associated with the largest r
eigenvalues span the same vector space as the columns of X, the signal

subspace.

2) The smallest M —r eigenvalues of R are all equal to o, .

3) The eigenvectors associated with 2) span the so-called noise subspace.
4) All eigenvectors in the signal subspace are orthogonal to those in the noise
subspace.
(Note that the noise subspace term is not strictly correct because noise has equal power

o, in all dimensions including those of the signal subspace.)
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Thus R can be rewritten,

r M
R=Y vy +a> v/ (2.5.2)
i=1 i=r+l
=VAV/ +V A V! (2.5.b)
A, 0
= [stn][ o A }[VSV"]H (2.5.0)
=VAVY (2.5.d)

where the eigenvalues A4,,4,...4,, of the covariance matrix have been partitioned to give
A, and A diagonal eigenvalues matrices of size » and M —r respectively, and the

eigenvector matrix V has been partitioned into signal subspace eigenvectors V, and

noise subspace eigenvectors V., .

From the four eigenstructure properties above, if an eigenvalue of XE{HH"}X" is
A, (k=0, 1,..., r), then an eigenvalue of R in signal subspace is4, +o. and an

eigenvalue of R in noise subspace is o [5].

Now we discuss the data covariance matrix which is used to estimate the two subspaces.
When SNR is sufficiently high and sample size sufficiently large, then M —r
dimensions of noise power can be removed from the data, allowing processing to

proceed with higher SNR data.

2.3 Principal component analysis (PCA)

Principal components can be found in two ways. The first is through the eigenanalysis
of the covariance matrix of the data set. The second is through SVD of the raw data.

Both will yield similar results for normal data (the squared singular values divided by
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the vector length are equal to the eigenvalues of the covariance matrix.)

PCA identifies the major directions of variation in the data. PCA achieves this by
computing the eigenvectors and eigenvalues of the covariance matrix of the data.
Keeping only a few eigenvectors corresponding to the largest eigenvalues, PCA can be
also used as a tool to reduce the dimensions of the data while retaining the major
variation of the data. Equivalently, from SVD we can factor rectangular matrices into
orthogonal components. The process allows rectangular 2-D data to be separated into
major and minor energy.

The number of dimensions of the reduced feature space depends on the data.
Obviously, reducing the data to just one dimension is always possible, but the resultant
classifier will probably have high rates of misclassifications. On the other hand, if a
large number of dimensions are used then the less significant axes will contain mainly
contributions from noise, and will actually degrade system -classification rates.
Therefore examination of the sorted eigenvalues gives an idea of the suitable number of
dimensions. At the level at which the eigenvalues have decayed a couple of orders of
magnitude, their corresponding dimensions are unlikely to provide much information

[26, 27].

2.4 Use of the SVD in computing the least-squares solution

The error vector between the measurement and the estimate of the measurement using
the deconvolution model is defined as
e=y—Xh (2.6)

where h is an Px1 reflection coefficient vector, X is an M x P matrix of the known
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transmitted waveform, vy is the data (sonar response) vector and Xh is the estimate
Yofy.

Deconvolution is to determine the vector h that minimizes the squared norm of e.

A problem that may occur is that the signal matrix Xis rank deficient or poorly
conditioned and not directly invertible [6]. A solution is to use a lower rank
approximation to X that allows inversion. Thus we look into SVD. Applying SVD
to Xin section 2.1.1 gives

e=y-USV"h 2.7
Since U is an orthogonal matrix,”e"2 = “U” e“2 , and the vector h that minimizes ”e"2
also minimizes ”UHe”2
Now partition the orthogonal matrices U and V partitioned as

U=[U, U ]

V=[V V] (2.8)
where U, and V_ contain the column vectors associated with the nonzero singular
values of X,and U,,V, contain the column vectors associated with the zero singular

values of X.

We can obtain

LI S. o] v~
UH - 5 _ s s h
) {Uf}y {o o][v:’]

Ul'y-S,V/h

=[ A } (2.9)
Uy

where S, is the non zero diagonal matrix of the eigenvalue matrix of X.

Hence, ”UHe”2 = 1 Uly -SsVsHh"2 + “Ufy“2 (2.10)
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The minimum of “UHeH2 with respectto h is

. H_I? H_[?
min|U”e| =[U,"Y] @1
which occurs when

Uly=S V'h (2.12)

By transforming (2.12),

S™ o)u’

VPfh=|"* s ly=STUu” 2.13
{ 0 OLL’} ’ @

Therefore, the rank-reduced solution is written

h=Vs,'U y=X"y (2.14)
where X* =V.8."U." is the rank-reduced pseudoinverse of X .
On the other hand, if X”X is non-singular we may directly find the LSE solution

h=X"X)"X"y (2.15)
The resulting minimum least-squares error is also given by Eq. (2.15)

E,

se

=y"y-y”"Xh (2.16)

The normalized least-squares error is obtained by
_Y'y-y"Xh

Ense -
’ 'y

(2.17)

2.5 Simple examples of deconvolution

2.5.1 Input signal and output data with varied signal-to-noise ratio

Suppose that we have a linear time-invariant system whose characteristics are unknown.
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By probing the system with an input sequence x and observing the output sequence vy,
we can find the unknown system by the deconvolution method.

In this simple example we model the unknown system as an all-zero (no poles) system.
The problem then reduces to estimating the parameters of the model.

In figure 2.3, both the unknown system and the model are excited by the same input
sequence X. Let y be the observed output of the unknown system and y be the output
of the model.

The difference between the output y of the unknown system, and the output y of the
model, is defined as the error sequence e. The parameters h of the unknown system can
be obtained by minimizing the sum of the squared-error in the method of least squares.

In our simulation, the coefficients h of FIR system model are set to 20 random numbers.

TInknown linear
time -invariant

system
>
A4
-+
Input
o
-3
A4
r
FIR NP
System model I\Luunuz&::
suim of
square

3 SITrors

Figure 2.3: System identification based on FIR system
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We use as the transmitted signal x for our simulation which has 175 points. A sinusoid
pulse sequence having a 200 kHz carrier consists of three pulses, and each pulse has 25

points in figure 2.4.
3 sinewave pulses

AT n

a.3 -1

a.2 ]
a.l

02} -

o3} -

o ﬁ

0.s . 1 H N "
o 20 40 BO 80 100 120 140 160 180

Figure 2.4: Input sequences
The least-squares optimization problem can now be presented in matrix form.

We put the input sequence into the FIR filter to get the output of the model, y(n).
P-1
y(@) = h(k)x(n - k) n=1.2,.. .M (2.18)
k=0
where M >P. In our simulation, the known transmitted signal X is an M x P

matrix, and coefficients of the unknown system hisan Px1 vector-

We define the estimated output data vector y as

y = Xh (2.19.q9)
Ty 1 [ x() 0 0 NRO)
¥(2) x(2)  x(1) 0.. 0 k(1)
¥(P) |=| x(P) x(P-1) x(P-2).. x(1) : (2.19.5)
: : : : : h(P-2)
| y(M)| [ x(M) x(M-1) : x(M—-P+1) || (P-1) ]

In the real experiment, the noise and delay component are observed in the response
signals from the unknown sea bottom. In order to be more representative of the true

problem, a white Gaussian noise component is added after the convolution. We obtain



(c) SNR=20dB






(a) SNR=5dB

From Table 2.1, it is obvious that normalized least-square error (NLSE) is decreasing or
increasing with SNR. The NLSE is around 40% when SNR is 5 dB, but the error is only
0.35% at SNR 30dB.

TFable 2.1: NLSE vs. SNR and deviation
Rank SNR(dB) NLSE (%) Deviation of NLSE



Samples, mean of NLSE vs SNR

Figure 2.8: Normalized least-square error (NLSE) vs. SNR, the stars,“*” indicate the
random variable, whereas the dotted line shows the mean of NLSE at each SNR

mean and deviation of NLSE vs SNR

10 15 20 25 30
SNREB)

Figure 2.9: Mean and deviation of NLSE vs SNR, the blue dashed line shows the
confidence interval of NLSE at each SNR

From figure 2.9, the deviation is also decreasing as long as SNR is increasing.

2.5.2 Simulation for enhancing SNR by using principal component analysis

In section 2.3 we introduced the fact that only the largest few eigenvalues contain most
of energy in covariance matrix of observed data. Therefore, we can use the first few

eigenimages and discard the others associated with noisy component in y_,, . This



constitutes rank reduction of the data before processing further.

Figure 2.10: Input sequence X, noisy convolutiony . , and noiseless
convolution y

In order to be more representative of the true problem, a white Gaussian noise
component is added after the convolution ¥ (red dashed line). We obtain the noisy
convolution ¥,.. (green line) by adding a white Gaussian noisew .

In order to reduce the rank on the vectors withiny ..., we need to partition the signal
subspace and noise subspace by using eigenanalysis or the SVD method on the
covariance matrix.

For reducing the rank of each data vector, we first remove its mean in order to get its
deviation, and then reduce the rank of the deviation vector, and then add the mean back
in.

In this simulation a covariance matrix having dimension 175x175 is produced and the
eigenvalues and eigenvectors are calculated by the eigenanalysis method.

As we discussed in section 2.2, eigenvectors are a set of orthogonal basis vectors
spanning the covariance matrix which can be used in conjunction with the eigenvalues
to account for the energy in the covariance matrix. From figure 2.11 we have
determined that with around 3 out of 175 eigenvectors we can typically account for 95%

of the covariance.
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Eigenvalues of the covariance matrix

o 10 15 - 20
eigenvalue #

Figure 2.11: Eigenvalues of the covariance matrix
PCA provides us with a set of reduced feature vectors which contain most of the

covariance energy.

—— full rank
——— rank reduction | |
T 4

o 20 40 60 80 100 120 140 160 180
time(ms)

Figure 2.12: Output with Gaussian noise and rank reduced output

From figure 2.12 we show the noisy output y .. (blue line) and the rank-reduced
output y .. (red line). The display shows some of the noise components in y_, have
been suppressed. The following figure shows the difference between the rank-reduced

output y,_. and the noiseless filter output, y.



original output
rank-reduced output

-3 | h |
(o] 20 40 60 80 100 120 140 160 180
time(@ms)

Figure 2.13: Noiseless output and rank reduced output
The normalized mean-square errorof ¥, and ¥y is less than 2%.
If a large number of dimensions are used then those with less energy will contain
mainly noise, and will actually degrade system classification performance.
Consequently, instead of increasing power we can achieve enhancement of SNR by

suppressing the noise signal with PCA method.

Figure 2.14: Coefficients of the unknown system and original FIR filter

From the least-square estimation (LSE) method in section 2.3, we can obtain the
coefficients of an unknown system. Since our interest is in how we can get coefficients

very close to the originals, we might apply rank-reduction prior to deconvolution. In this
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simulation we have randomly chosen 20 original coefficients (circle “0”) of FIR filter.
Both full rank and rank reduced coefficients are obtained by

h=X"X)"X"y (2.21.3)

noise

h,, =X*X)'X%y, . (2.21.b)

rank
where Xis the input signal, y .. is noisy output and y,, is rank-reduced noisy
output.

After the rank of the noisy output y, .. is reduced, the coefficients h , from Eq.
(2.21.b) are close to the original coefficients in figure 2.14.

The Mean-Square Error (MSE) between the original coefficients and the rank reduced

coefficients h is less than 5%, but MSE between the original coefficients and h

rank
from our simulation results before rank reduction is more than 20 %.
Consequently, reducing the rank of the data gives good efficiency for finding

coefficients close to the original, and from these simulation results, principal component

analysis (PCA) can be applied prior to deconvolution for sea bottom classification.

2.6 Achieving coherent deconvolution

2.6.1 Alignment of the reflection

Because the transmitted wave is identical from pulse to pulse, it can be recorded and to
some extent coherently deconvolved from the return waveform. For coherent
deconvolution the start time of the reflections must be well aligned so that the phase of
the transmit pulse is identical for all responses within a class. Such coherent alignment

is only practical or useful when the distinctive features among seabottom classes are
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large with respect to the wavelength of the transmitted waveform, while the variations
in those features within classes are smaller than the wavelength. Thus a flat sea bottom
upper layer characterized by a distinctive thickness greater than a wavelength and
having upper and lower boundary variations much less than a wavelength would be
ideal for coherent processing. See Appendix A for further explanation of time
alignment considerations.

Most of the variations in start times are associated with variations in distance to targets
and need to be minimized for coherent processing, assuming distance variation within
class is not a distinguishing feature. Less than perfect minimization leads to effective
randomness in the phase of the transmitted signal. That randomness in turn produces at
least a partially incoherent case, somewhere between total coherence and total
incoherence. The minimized variations might be obtained by finding a best phase shift
factor to apply to each vector within a class to make it as close as possible to a vector
that is typical of the class but chosen arbitrarily to be the reference. The correction

factors are found by crosscorrelating the each vector within a class with the reference.

2.6.2 Complex deconvolution
The analytic transmitted signal vector is defined as
X, =X+ jX (2.22)
where X is the transmitted signal vector and X is the Hilbert transform of x. Since the
two parts in Eq. (2.22) are at 90° relative phase shift at each frequency, they contain all
the coherency information in a phase-shifted or delayed reflection.
In order to obtain a complex deconvolution, each of the real and imaginary parts in

Eq. (2.22) is separately deconvolved from the class’ aligned reflections. We use the LSE
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algorithm in order to obtain estimated coefficients, and the real and imaginary

coefficients are defined as

h,.,=X"X)'X"y,.. (2.23.a)

real

= (X"X)" XY n (2.23.b)

himage
where X is the known real transmitted signal, X is the Hilbert transform of X and y, o

is the aligned reflected data.
From the deconvolution results of the real and imaginary parts in Eq. (2.23), the

complex estimated coefficients are defined as

h, . =h_ +/h (2.24)

complex image

2.7 Summary

When we know the transmitted signal and have the received data from the unknown
but linear system, the characteristic of the system can be obtained by using the
deconvolution method. In our project we used the least-square estimation method for
deconvolution.

In the real environment there are not only the signal components which we want to
obtain, but also the random Gaussian noise component. When SNR is increasing, the
mean-square error (MSE) between the desired signal and the estimated signal decreases.
However, we cannot obtain large SNR by arbitrarily increasing power. Also, much of
the “noise” is simply random variation within classes that is not class distinctive.
Instead we can use PCA from covariance matrix analysis to find the high SNR signal

components of the received data. We take only few dimensions of signal component
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instead of including the other dimensions which contain mostly noise components.
From our simulation results we have found that the estimated coefficients from the
deconvolution method are almost the same as the original coefficients when we use only
3 dimensions for signal.

Consequently, the deconvolution method can be useful to find the unknown system
function which we are really interested in.

In the real environment there are variations in start times of reflections associated with
variations in distance to targets. The aligned reflected data might be obtained by
finding a best phase shift factor which can be found by finding the shift index of
maximum crosscorrelation of each vector within a class with the reference vector for
that class. Complex deconvolution utilizes the coherent information in a phase-shifted

or delayed reflection and obtains improved coefficient estimation.
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Chapter 3.

Methods for Measuring Pairwise Class Distance

In the last chapter we studied the deconvolution method in order to find the unknown
system model of a bottom reflector and presented some results for simulated signals.
For distinguishing classes of reflectors, it seems reasonable to deconvolve the
transmitted signal from any reflection and compare deconvolved results for
classification with those of the raw reflections. From the deconvolution result we can
more directly obtain information about the reflector in which we are primarily interested
for each class.

In this chapter we will discuss measurement of distance between classes, because
direct minimization of the error probability to determine the optimum signal is often
difficult to carry out, and even if it can be found, the expression may be too complicated
for analytical or numerical minimization. The distance measure is a simpler and
practical alternative to the error probability.

In the first part we discuss two common distance measures for class separation:
divergence and Bhattacharyya.

In the second part we pay particular attention to the use of knowledge of the

transmitted carrier phase and determine its influence on the resulting distance between
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classes.

3.1 The Bayes error

When y is an observation vector, we want to determine which class y belongs to.
This determination degenerates to determining pairwise comparisons, whether y
belongs to o, orw, [11].

We utilize the criterion that if the probability of @, given y is larger than the

probability of @, , then y is classified to @, and vice versa.

We can use Bayes theorem to obtain the decision rule.

@

S 0.(v) (3.1
where g;(y) is the posteriori probability of o,
Pp.
g (y) =12 (32)

p(y)
p(y) is the mixture density function, P, is a priori probability and p,(y) = p(y/®,) is

H

conditional density.

The decision rule of Eq. (3.1) can be expressed as

Plpl(y)? Fp,(y) (3.3)

or
V) = 2(y) ( B 34
™ r.(y), B G4

In general, the decision rule of Eq. (3.4) does not lead to perfect classification. In order
to evaluate the performance of a decision rule, we should calculate the probability of

error, that is, the probability that a sample is assigned to the wrong class.
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The conditional error given y, r(y), due to the decision rule of Eq. (3.1) is either
q,(y) or g,(y) whichever smaller. That is
r(y) = min[g,(y),¢,(y)] (3.5)

The Bayes error, total error, is computed by E{r(y)}.

&=E{r(y)} = [r(y)p(y)dy

(3.6)
= j min[ £, p,(y), £,p,(y)1ldy

We are going to use Eq. (3.6) in order to find the upper bounds.

3.2 Upper bounds on the Bayes error

We know that the calculation of the error probability is, in general, a difficult task.
Instead of finding the error probability, we seek either an approximate expression for the

error probability, or an upper bound on the error probability.
3.2.1 The Chernoff distance

An upper bound of the integral may be obtained by making use of the fact that
min[a,b]< a’b'” 0<s<l1 (3.7
for a,b>0 [11]. This statement can be proved as follows. If a < b, the left side of Eq.
(3.7) is a, and the right side can be rewritten as ax(b/a)”. Since b/a>1 and
1-5s20 for 0<s<1, the right side becomes larger than the left side. Likewise, if
a> b, the left side of Eq. (3.7) is b, and the right side is rewritten as b x (a/b)’, which
is larger than b because (a/b)>1 and s > 0. Using the inequality of Eq. (3.7), the error

can be bounded by
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£, = BB [pi(y)py (v)dy (3.8)
where ¢, indicates an upper bound of error; it is called the Chernoff bound.

Suppose that we have two pattern classes characterized by two n-variant normal

probability densities function as a Gaussian distribution [14] :

ni(y) = exp[—%(y—m,)”cl"‘(y—ml)] (3.9

1
" 1/
Qeo"|c,|”

and

() = o exp[—%(y —m,)" C; (y - m,)] (3.10)

1
(27[)n/2

where m,,m, are mean vectors and C,,C, are covariance matrix.

We can find the optimum s by minimizing Eq. (3.11). That is

[Pl Py (v)dy = e (3.11)
where
s(l-s - 1. |sC,+(1-s)C
u(s) = ( )(mz -m,)"[sC, +(1-5)C,] ' (m, —m,) +—ln| . f 11 4 (3.12)
2 lcl CZ
This expression of u(s) is the Chernoff distance.
3.2.2 Bhattacharyya distance
When s of Eq. (3.12) is selected as //2, then, the upper bound is [11]
&,=\R B [\p(¥)p,(y)dy =P B, e (3.13)
where
lc1 +C,
1 # Ci+C, 1 2
p(1/2)==m, -m,)" [-——2"(m, -m,) + =Int —— (3.14)
8 2 1 2 2 1 2 "Cl ”Czl
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The term w(1/2) is called the Bhattacharyya Distance, a commonly used measure of
the separability of two distributions.
We can see the first term gives the class separability due to the mean-difference, while

the second term gives the class separability due to the covariance difference [11, 15, 21].

3.3 Divergence distance

Divergence is another measure of distance between two classes, and it was first
introduced by Jeffreys [9]. In this section we discuss the concept of divergence and its
application.

When the probability of occurrence of pattern y, given that it belongs to class @, be
p,(y) and the probability of occurrence of pattern y, given that it belongs to class a,,
be p,(y), the discriminating information for class @, versus @, may be measured

by the logarithm of the likelihood ratio and by the average discriminating information

for class @, is given by [10]

10.2)= [ ptyyn 22 4y (3.15)
p(y)

The average discriminating information for class @, is also given by

12)= [ p(yyn 2Py (3.16)
n(y)

The total average information for discriminating class @, from class , is referred to

as divergence, which is given by

d,=1(0,2)+1(2,1)

= [(p®) - P 2 gy (3.17)
P(y)

The average information for discrimination between classes is
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1(1,2) = LPI(YUYT"’ y.)In 2(Y1:¥5:Y,) dy,dy,....dy,

Po(Y15 YY)
1 IC I 1 Y Y2 ' (.18)
= Eln’lc—jl + Etr[C,(C;' - Cil)] + 'z‘tr[cl(ml —m,)(m, - mz)H]
Hence, we can obtain the divergence for two classes from Eq. (3.18)
1 ) i 1 ] )
dlz = Etr[(cll + Czl)(ml - ml)(ml - mz)H ] + Etr[(cl - Cz)(Cl1 + Czl)] (3- 19) '

Therefore, the divergence is obtained by using the expected values of the log-likelihood

ratio for @, andw, [10].

3.4 Relation of divergence and Bhattacharyya distance

The first terms in both Eq. (3.14) and (3.19) are measures of distance between the two
class means, while the second terms are measures of difference in covariance matrices.
If the two classes have identical covariances, the first terms are both proportional to
each other and to the Mahalobis distance

M, =(m, —m,)"C"(m, —m,) (3.20)
Whether or not the covariances of classes are equal, we can establish the inequality

d. >8B, (3.21)

y )
where d, is divergence and B; is Bhattacharyya distance between @, and o, .
The proof of Eq. (3.21) is found in Kailath [12].

In order to compare Bhattacharyya and divergence distances, we use the ratio of the

latter to the former.
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When 32,33,---,31\, are the results of Bhattacharyya distance, they can be divided

by B,,, and we can obtain the normalized Bhattacharyya distance as l,ﬁ,gﬁ...,h.
B12 BIZ BIZ

With the same method for normalization, we can get the normalized divergence,

1,9,‘—3,i‘—4—...,ii. In order to find out which measure is better, we can compare the
d12 dlZ dlZ
normalized Bhattacharyya distance and the normalized divergence,
(
_Bil_N_ ﬁi_l_/*/_ (3.22)
B12 ! dlZ

3.5 Class distance and gain with raw return vector data

From Kirlin [33], when the raw data is the convolution of the transmitted signal with the
reflector’s impulse response, the raw data vector in the frequency domain given a
class @, is Y, , where the k" element of Y,isY(f,)= X(f)H(f,),k=12,....q.

We can obtain Y,by multiplying the transmitted waveform X(f) by the transfer

function H,(f) . We consider the transmitted waveform X(f) as coherent X(f) and

incoherent X(f) with random phase over [-m,m), which has mean X(f) and
variance 6>(f),and H,(f) hasmean H,(f) and variance o}, (f)
3.5.1 Distance between means of classes

The means appear in a quadratic function of their difference, 8,=Y,~Y,. The £"

element of 8,]. is



37

8,(k) = E{X(/O} H (/) -H,(£)]
{X( SO[AS)-H(£)], X coherent (3.23.2)

X[ -H ( £)], X incoherent (3.23.b)
If the phase of the carrier is uniformly random over (-n, m), then X(f,) = 0.

Therefore, Eq. (3.23.b) becomes zero, and the first terms of the Bhattacharyya distance
Eq. (3.14) and divergence Eq. (3.19) become zero. The only course is to use only

reflection envelopes.

3.5.2 Covariance of vector form Y,

Given the independence of the elements of Y, and independence of X (f,)andH.(f,),

we can write the & diagonal element of the diagonal covariance matrix X, of Y, as

E ) = E{X D) -E(XUH ) ]
EOA KAINY X coherent (3.24.2)
- E{[X( SOH ()~ E{X(f)}E{H( fk)}f}, X incoherent (3.24.b)
The second term in Eq. (3.24.b) will be zero because of X(f,) =0 when the phase of
carrier is uniform random phase. Therefore, Eq. (3.24.b) will be
2,0 = E{x (/) E{ Ol
~{oon + XU E O} (3.25)
=0y mE {IH,.(fk)lz}, X incoherent

Because of X(f,) = O when the phase of carrier is uniform random phase, the

covariance matrix has diagonal elements X, (k) = o}, E {]H ( fk)lz} .
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3.6 Class distance by divergence and Bhattacharyya distance

In the last section we have found the mean and covariance of the raw returned data
vector in coherent and incoherent forms. We will apply these means and covariances to
obtain both coherent and non-coherent divergence and Bhattacharyya distance.

We consider divergence and Bhattacharyya distance in the frequency domain instead of
the time domain because the transformation to the frequency domain gives diagonal
covariance matricés and simplifies the formulation and the two distance measures can

be related to a sum over the distances at each frequency.

3.6.1 Coherent and incoherent divergence

At each frequency we can obtain the divergence Eq. (3.19) as

1 2 1
%(k):i‘ay(k)[ (zj‘(k)+zj‘(k))+-2-(2r,.'(k)>:_,(k)+zj'(k)>:,.(k)—2) (3.26)
We can consider coherent and incoherent divergence by applying the means and
‘covariance which we obtained in the section 3.5.

3.6.1.1 Coherent divergence

By applying Eq. (3.23.a) and (3.24.a), we find coherent divergence to be

BTN YN 1) 1fou(f)  ab(f)
YO asere =3~ (of,,.(m*of,,(m}z(o@(ﬁ.foi,,(m 2] G-27)

3.6.1.2 Incoherent divergence

The incoherent divergence can be obtained by applying Eq. (3.23.b) and (3.25) in

Eq. (3.26):
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Txm {IH () } {lH () }

T {IH ) }+ LwE|H (f,)(}
T BT G f]

4,0, =%))?(ﬁ)[3(ﬂ)—ﬁ,(ﬁ)]!

(3.28)

Because X(f,)=0 if the phase of the carrier is uniformly random over [-n, ), the

first term of Eq.(3.28) is zero and the second term simplifies to

. el of) e} 6529)
incoherent — D E{IH,(fk)lz} E{lHj(fk)lz} .

3.6.2 Coherent and incoherent Bhattacharyya distance

At each frequency, we can obtain Bhattacharyya distance Eq. (3.14) as
(k) +X,(k)
(k) +X, (k)) 2
—— | +=In

2 2 )z, )|

B, (k) = élﬁij(k)l ( (3.30)

We also consider coherent and incoherent Bhattacharyya distance at each frequency.

3.6.2.1 Coherent Bhattacharyya

By applying coherent distance of means Eq. (3.23.a) and covariance (3.24.a) in
Eq. (3.30),

The coherent Bhattacharyya distance is
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H,-(mmﬂ,(fk)) (330)

B, (k) e = IH(fk) H (| -oi (1) + ‘;‘ ( 26, (/)0.(.)

3.6.2.2 Incoherent Bhattacharyya

In order to get incoherent Bhattacharyya distance, we also need to apply Eq. (3.23.b)

and (3.25) in Eq. (3.30), resulting in

B B hs =4 XA B~ Ho;)]( N+ B

i X(f*)E{‘H (72 unE{lH i } (3.32)
2 ( () {!H () }) ( XUk)E{'Hi 0 })1/2

Because X(f,)=0 if the phase of the carrier is uniformly random over [-w, 7), the

first term of Eq. (3.32) is zero and the second term simplifies to

B, (K)yegpre = =0 E{r} 2,0} (3.33)

2 afefimcr ) el |

We have considered coherent and incoherent transmitted signals, X(f). For the
coherent case, since the measures are not a function of X(f), we cantreat X(f)as
scaling factor which does not effect either information or detection probability. With
incoherency from random carrier phase, the distance decreases and probability of

classification error increases.
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3.6.3 Gain in distance measure due to coherent deconvolution

For the distance measures of divergence and Bhattacharyya, the convolution with the
transmitted signal X(f) and impulse response H(f) is applied in Eq. (3.26) and
(3.30). If we have ideal deconvolution the distance measures between classes will be the
same as the coherent measures because X(f) has disappeared from the expressions. By
comparing the coherent results of Eq. (3.27) and (3.31) to the incoherent results of
Eq. (3.29) and (3.33), we can compare class distance with ideal deconvolution to that
with random phase uniform in [-wt, 7).

From the gain factors we can determine the best that deconvolution can produce.
However, in fact this gain does not require deconvolution, but simply gives the gain due

to coherence, in which case deconvolution is applicable.

Divergence deconvolution gain factor is obtained by the ratio of Eq. (3.27) and (3.29).

oo e U 1) (G G |

=;[llur,-(f’k) 1,4) [o@i(ﬂ)*o@jm)Hoiﬁm)*oi,,m) 2}) 634
o B G| E{e o)

S O} B of])

D

Bhattacharyya distance deconvolution gain factor is obtained by the ratio of Eq. (3.31)

and (3.33)

e ZTOAN a4 (on(f)+oy,
Z{%llﬂ(m-ﬂ,m)] (R + () +1n( 2 )+ H,(f»}}
. (3.35)

ERTATATA
e | EEo el o]
T o(emonr) (o))
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Total distances between class pairs are found by summing the G,(k) or G,(k) over

the g frequencies.

From the gain results we expect class separation to increase when coherent
deconvolution can be applied to raw data vectors of sonar, seismic or radar responses.

Transformation to the frequency domain gives diagonal covariance matrices and
simplifies formulation, but it is not required. Note again that deconvolution per se
does not affect the distance measure, but it can be applied when the transmitted signal
and the initial time of responses of the class are known and coherent. Deconvolution
is necessary to determine parameters of the bottom response, and those are of interest in

of themselves.

3.7 Summary

Direct minimization of the error probability to determine optimum processing is often
difficult to carry out. Even if it can be found, the expression may be too complicated for
analytical or numerical minimization. We have discussed two common distance
measures as simple alternatives to the error probability.

Because Bhattacharyya distance is derived from the upper bound on the error
probability, it has a closer relation with the Bayes error. Divergence evaluates the class
separability by the difference of the information of two classes. However, if the two
classes have identical covariances, the first terms of Eq. (3.14) and (3.19) are both

proportional to each other and to the Mahalobis distance.
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In section 3.5 we used knowledge of the transmitted carrier phase and determined its
influence on the resulting distance between classes. We considered the coherent and
incoherent transmitted waveforms in the frequency domain in order to find the gain
factors of both distance measures which can allow formulation of the comparative
performance of deconvolution. When the covariance matrices at each frequency are
identical for both classes and the phase is uniform over (-n, ©), no mean difference
remains between class means and only covariance information (in the envelopes of the
responses) is left to give distance.

Coherent deconvolution can be achieved if the phase of the transmit pulse is identical

for all responses and the responses themselves have some coherence within their class.
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Chapter 4
Results of Least-Square Estimation of Deconvolved

Sea-bottom Sonar Responses

Incorporating the deconvolution algorithm studied in chapter 2, this chapter outlines
some of results of the application of the research into deconvolution in a real
environment.

In the first section of this chapter data representation are briefly presented. And since
the reflected data are the result of convolution of the transmitted signal with the bottom
reflector, the transmitted signal should be generated by the same transducer as we used
in the ocean. The collection of the transmitted signal is also presented.

In the second section of this chapter the deconvolution algorithms we have earlier
presented are applied to three distinct real-world data sets. Enhancements of raw data
and coefficients estimated by using Principal component analysis(PCA) are presented.

The results at each stage are discussed in context with the issues raised in chapter 2.

4.1 Implementation overview

4.1.1 Data representation

In this chapter, we use the following variables consistently
M the dimensionality of a raw vector
P the dimensionality of a coefficients vector

N the number of vectors in a data set
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L the length of the transmitted signal
Individual records of raw data are stored as M x1 column vectors. The records can
be combined into raw data sets by forming A x N matrices. The coefficients are
obtained from deconvolving the transmitted signal with raw data. Because we consider
that the raw data has resulted from convolution of the transmitted signal with the bottom
reflector, the dimensionality of a coefficient vector is calculated as P=M—L+1

where L is the length of the transmitted signal.
Class statistics are represented for the raw data and their coefficients estimated from
deconvolution. Firstly the mean of the raw data is represented as a M x1 vector, and
the covariance of raw data is represented as M x M . Secondly the mean of estimated
coefficients is represented as P x 1, and the covariance of the estimated coefficients is
also represented as P x P. Since the dimension of reflected raw data is different from

others, the length of the raw data can be truncated to match that of the shortest record.

4.1.2 Collection of transmitted signals

For our real experiment we should use the same transducer as we used for the real
experiment in the ocean. Figure 4.1 shows the method of collection of the transmitted
signal by the hydrophone in the water tank. The measured and the transmitted signals
are also shown in figure 4.2.

Although the measured signal in figure 4.2.a contains two pulses, only the first pulse is
taken as the transmitted signal because the first pulse is collected by hydrophone
directly came from the transducer; the second pulse is the multi-path signal, a reflection

from a tank wall or bottom.
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From figure 4.2 we can obtain that each transmitted pulse with 24 and 200 kHz carrier
have 108 and 45 points duration. The following subsection discusses the raw data and

its deconvolution.
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Figure 4.1: Water tank for collecting transmitted signal
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Figure 4.2: the measured signal by hydrophone and the transmitted signal picked
from the measured signal in tank simulation
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4.2 Result of deconvolution and principal component analysis

Since the received data from sea bottom is convolved with the transmitted signal and
the bottom impulse response, we are particularly interested in the bottom impulse

response which has all of the information. The results of bottom response from

- deconvolution are shown in following section.

4.2.1 Collection of Reﬂection’ data and results of deconvolution

By using the transmitted signal for the real survey, the reflection data from the sea
bottom is extracted. There is unexpected data coming from under the sea such as water
column reflection and multi-path echoes. However, since we are only interested in the
data from the sea bottom these artifacts can be discarded [15, 18].

The following figures show envelopes of a real reflected data vector with low and high

frequency at sand type and 0° incidence.

. raw data, sand,O degree incidence, 200hKz
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(a) Envelope of echo 200 kHz, 0° incidence and sand type



Envelope of raw data D degree incidence, sand type, 24kHz

2500

(b) Envelope of echo 24 kHz, 0° incidence and sand type

Figure 4.3: Envelope of echo high and low frequencies at 0° incident and sand type

In the above figures we can extracted the useful echo from sea bottom; the water
column reflector in figure 4.3.a and the multi-path echo in figure 4.3.b. can be discarded.
A 3-D view of multiple traces of raw data with the same parameters as in figure 4.4 is
shown in following figures.

Envelope of raw data with 200kHz 0 degree incident and sand type

sample number

(a) 200kHz, 0° incidence and sand type
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Ernvelope of raw data with 24 kiHz, 0 degres inclent, sand type

Sample #

(b) 24 kHz, 0° incidence and sand type
Figure 4.4: Envelope of raw data vectors at 0° incidence and sand type

By using least-square estimation we discussed in chapter 2, we can obtain the results of

deconvolution with the raw data and the transmitted signal.

Estimated coefficients from deconvolution with raw data and the transmitted signal

cosfficiont #

(a) 200kHz sounder



Estimated coefficients from deconvolution with raw data and the transmitted signal{24kHz)

coefficient #

(b) 24 kHz sounder

Figure 4.5: Estimated coefficients from deconvolution with raw data and the
transmitted signal

In our example, the apparent dimension A, of the raw reflection vector at 24 kHz is
198 samples, whereas the length L, of the transmitted signal is 108. Therefore we

can obtain the dimension P, of the estimated coefficients for low frequency as

Similarly the dimension M, ,of the raw data vector at 200 kHz is 110 samples,
whereas the length L, , of the transmitted signal is 45 points. Therefore the dimension

B, of estimated coefficients for high frequency is

Figure 4.5 shows the magnitude of the estimated coefficients with 24 and 200 kHz

carriers. Similar preprocessing procedures are needed for the other classes.



4.2.2 Enhancement of raw data and estimated coefficient by using PCA

The results we obtained in the last section consist of full-length feature vectors, and as
seen in figure 4.4, the clustering is confounded by the fact that the majority of records
contain noise or variability at each sample time that is not useful in the classification.
Therefore it is desirable to reduce the number of dimensions in the feature vectors by
using PCA discussed in chépter 2. The following results show the resulting
enhancement of raw data and estimated coefficients.

We only take 4 dimensions for 24 kHz and 5 dimensions for 200 kHz in the full feature

vectors of raw data to get 95% of covariance matrix’s energy of raw data by using PCA.

Envelope of raw data{95%) with 200kHz, sand type, O degree incident

(&) 200kHz, 0° incidence and sand type



Envelope of raw data(95%) with 24 kiHz, sand type and 0 degree incident

200
trace #

100’ T
50
sample #

(b) 24 kHz, 0° incidence and sand type
Figure 4.6: Envelope of raw data with 95% of covariance matrices in low and high
frequencies

By comparing figure 4.4 and 4.6, it is obvious that the raw data with 95% of covariance
matrix has enhancement of noise compression more than those with full rank. In order

to see the difference in detail, the following figure shows the comparison of raw data.

(a) 24 kHz (b) 200 kHz

Figure 4.7: Comparison between raw data with full rank and those with 95%
covariance matrices in low-and high frequencies, 0° incidence and sand type
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From figure 4.7 it is obvious that the tails of the data vector with 95% of covariance
matrix fade away because the first rank reduced data vector contains most of the
information of the original. The deconvolution method can be used to obtain the
estimated coefficients of the rank reduced raw data, retaining 95% of covariance matrix
energy,.

By comparing figure 4.5 and 4.8 it is also obvious that the estimated coefficients of the
rank reduced raw data has produced much lower noise results.

‘We have obtained results from the other cases such as 20°, 40° incidence and sand, mud

and gravel type that are similar to those of deconvolution for 0° incidence and sand type.

Estimated coefficients from deconvolution with 95% of raw data and the transmitted signal{200kHz}
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(a) 200 kHz, 0° incidence and sand type



Estimated coefficients from deconvolution with 95% of raw déta and the transmitted signal{24kHz)
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Figure 4.8: Magnitude of the estimated coefficients obtained by deconvolution of raw
data with 95% of covariance matrices and the transmitted signal with 24 and 200 kHz

4.3 Summary

Using the transmitted signal obtained from the water tank test, the sea-bottom reflection
model coefficients are found with the 'deconvblution algorithm. However; because the
majority of dimensions of the reflected data contains noise component, we have reduced
the number of dimensions in the feature vectors by using PCA, and the enhancement of
raw data and estimated coefficient by using PCA have been verified by comparing
results between the full rank raw and rank-reduced data.

The following chapter will discuss the distance measures among sonar data classes that

have been deconvolved as we have just demonstrated.
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Chapter 5

Divergence and Bhattacharyya Distance between Class Pairs

For the measure ’of “distance” or dissimilarity between classes we have utilized
divergence and Bhattacharyya distance as discussed in chapter 3. In this chapter we
exhibit the results of the application of divergence and Bhattacharyya distance to the
preclassified data provided. Both the reflection raw data and their estimated coefficients
are categorized according to their associated transmitted frequency, bottom type and
incident angle.

This chapter is divided into two major sections. The first discusses the results of class

distance of envelopes of raw data and magnitudes of the estimated coefficients. Further,
we are interested in suppressing the noise component in raw data, and this is done by
using singular values decomposition (SVD) and obtaining low rank approximations.
In the second part we use our knowledge of the transmitted carrier phase to deconvolve
and determine the effect on the resulting distance between classes. We consider the
frequency domain forms of the data in order to find the gain factors of improvement
through deconvolution for both distance measures. The following tables contain the
results for divergence and Bhattacharyya distance.

The first results are of normalized class divergences and Bhattacharyya distance for a
24 kHz carrier. These include 7 classes, according to bottom types and incident angles.
Mud and sand type have 3 different incident angles, but for gravel type, only 0°
incidence is processed.

We also show the results of normalized class divergences and Bhattacharyya distance

for a 200 kHz carrier. These include 5 classes, according to bottom types and incident
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angles. Mud has 3 different incident angles, but sand has only 2 because the data for 20°
incidence angle has a different sample rate.

The tabulated measures are indicative of the relative ease of discrimination between
classes and demonstrate the utility of preprocessing with deconvolution and or raw data

rank reduction to enhance SNR.

5.1 Result of normalized divergence and Bhattacharyya distance

For divergence and Bhattacharyya distance measures, we would like the lengths of
envelopes of raw data and vectors of magnitudes of the estimated coefficients to be
identical among all classes but they are not. Therefore in order to compute a distance
between classes having different lengths, we truncate the length of the longer records.
This procedure allows the comparison among all the classes, but ignores the fact that if
one class’ records are longer, the class is clearly distinct on that basis alone. However,
because classification information is often found in the early part of the record, the

same-length measure is not altogether inappropriate

5.1.1 Normalization method for divergence and Bhattacharyya distance

In order to compare divergences and Bhattacharyya distances, we need somehow to
normalize the data. Otherwise just a scale factor could create a new class of data from a
single class. Before applying the divergence and Bhattacharyya distance measure, we
choose to normalize by forcing average trace energy all classes to be equal. The

average energy in each class is found from

E =|m] +m(C) (5.1)
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where m,is the mean vector of a class and C,is the covariance matrix of class i. The

normalized covariance matrix is calculated by dividing covariance matrix by £, and
the mean vector by /E, . Doing this makes every class the same total energy so that we

can compare their distributions on location (means) and shape (covariance matrix)

without scale being a factor.

5.1.2 Divergence of raw data envelopes and coefficient magnitudes

In tables 5.1 through 5.2, entries with “ * * denote truncation of the raw data record
length to 196 points to match that of the shortest raw data type record, which is for mud
type at 0° incidence. Entries with “ ** ” denote truncation of the coefficient vector
length to 91 points to match that of the shortest coefficient record, which is for mud

type at 0° incidence for 24KHz carrier.

Table 5.1: Divergence of envelope of normalized raw data, 24 kHz sounder, 0.167ms
pulse length, 3 different bottom types.

24 kHz Mud Sand Gravel

0.167ms pulse 0° 200% | 40°% = Q% 200%  40°%* 0°%

0° 0 112 122 4737 516 184 371
Mud | 200% 0 42 704 96 38 180
40°* 0 2961 337 122 180
00 0 50 138 517
Sand = 20°% 0 14 70
— . “
Gravel 0°* B 0
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Table 5.2: Divergence of magnitudes of normalized estimated coefficients, 24 kHz
sounder, 0.167ms pulse length, 3 different bottom types

24 kHz Mud Sand Gravel
0.167ms pulse 0° 2(00** 40°** (O* * 2(00** 4Q0** (O *
0° | 0 1428 2238 5492 4431 3213 6L72

Mud = 200%* 0 1560 6415 3087 2344 5452
40°%* 0 7671 4155 2251  46.67

0ox* 0 6297 7079 12715

Sand | 20°%* 0 852 186l
40w 0 1505
Gravel | 0°%* 0

From table 5.1 and 5.2, the divergence between classes of the same bottom type is
smaller than that between different bottom types even if the incident angles of the
transmitted signal are different. Typically, when we obtain divergence of envelope of
raw data between class of 0° mud type and the other classes, the largest value is the
divergence of mud and sand type at 0° incidence for 24 kHz transmitted signal because
of the penetration of sound into the bottom and its subsequent reradiation as
backscattering at low frequency and high grazing angles, where reflection and scattering
from subsurface layers and other inhomogeneities may occur.

In the tables 5.3 through 5.4, entries with “ * ” denote truncation of the raw data record
length to 87 points to match that of the shortest raw data type record, which is for mud
type at 0° incidence. Entries with “ ** ” denote truncation of the coefficient vector
length to 43 points to match that of the shortest coefficient record, which is for mud
type at 0° incidence. In table 5.1 and 5.2, the divergence of mud and sand type at 0°
incidence for 200 kHz transmitted signal is smaller than the others because there is no

penetration of sound into sand type bottom and most of the downed sound are reflected
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from surface of sand type bottom as like as mud type bottom.

Table 5.3: Divergences for classes’ envelopes of normalized raw data for 200 kHz
sounder and 0.16ms pulse length.

200kHz Mud ~ Sand
0.16ms pulse 0° 200 205 o o
0° 0 5036 11641 195 979
Mud 20°* 0 324 1309 152
40°%* 0 6623 214
0°* 0 489
Sand =
40°% 0

Table 5.4 : Divergence for classes’ magnitudes of normalized estimated coefficients
from deconvolution raw data with transmitted signal of 200 kHz sounder and 0.16ms

pulse length

200 kHz . Mud Sand

0.16ms pulse 0° 2008k 400%* . (O%k 40O
0 0 5250 8557 25.01 87.08

Mud | 20°%* 0 13.04 2083 14.28
400+ 0 34.61 5.88

Sand o 0 3461
- 400%* 0

5.1.3 Bhattacharyya distance of classes’ envelope of raw data and magnitude

of the estimated coefficients

In order to compute Bhattacharyya distance between classes having different lengths,

we truncate the length of the longer records to that of the shortest of the mud type as we

did for the divergence measure.

For 24 kHz, the length of raw data also was truncated to 196 points and the length of
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estimated coefficients to 91 points the same as the points for divergence.

From table 5.5 and 5.6, the largest value in the first column is mud and sand type at 0°
incidence for 24 kHz transmitted signal because low frequency sound penetrates into the
bottom and reradiates from the sub-bottom. The results are similar to those of

divergence.

Table 5.5: Bhattacharyya distance for classes’ envelope of normalized raw data, 24
kHz sounder, 0.167ms pulse length, 3 different bottom types

, 54 kHz Mud Sand Gravel
0.167ms pulse 0° 20°% | 40°% 0°* 20°% 40°% 0°%
0° 0 441 5.58 8.17 4.09 3.93 5.62
Mud = 20°% 0 2.30 6.74 4.01 2.26 3.85
40°* 0 941 6.34 3.79 3.25
0°* 0 3.02 4.67 8.06
Sand | 20°% 0 136 575
M:}O°* 0 4.61
Gravelh | 0°* 0

Table 5.6: Bhattacharyya distance for classes’ magnitudes of normalized estimated
coefficients from deconvolution raw data with transmitted signal, 24 kHz sounder,
0.167ms pulse length, 3 different bottom types

24 kHz Mud Sand Gravel
0.167ms pulse 0° | 200%% | 40oxx | Qoxx oQokk | 4ookk | Qowk
© | o 1.53 2.20 3.83 3.89 2.99 4.87

Mud = 20°0** 0 1.62 4.26 3.52 2.37 4.34
4Q°%* 0 5.07 3.46 224 3.82

Qox* 0 5.08 5.46 7.55

Sand = 20°%* 0 0.95 1.91
40°** 0 1.56

Gravel = (Q°%* 0
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For 200 kHz, the length of raw data also was truncated to 87 points, and the length of

estimated coefficients to 43 points the same as for divergence

Table 5.7: Bhattacharyya distance for classes’ envelope of raw data for 200 kHz
sounder, 0.16ms pulse length

200 kHz Mud  sand
0.16ms pulse 0° 20°%* 40°* 0°* 400%
0° 0 15.97 | 22.09 7.23 15.44
Mud 20°%* 0 9.09 11.63 6.91
40°* 0 17.51 8.64
Sand 0°* 0 11.75
40°* 0

Table 5.8: Bhattacharyya distance for classes’ magnitude of estimated coefficients
from deconvolution raw data with transmitted signal for 200 kHz sounder and 0.16ms

pulse length
200 kHz Mud Sand

0.16ms pulse 0° 2000% 400k 00** 40°**

0° 0 433 6.10 245 | 6.31

Mud | 200%* 0 1.42 2.14 1.53

o . 120 0.8

Sand Qox* 0 3.31

400** 0

When we compare distance measures of the envelope of the raw data with those of the
magnitude of the estimated coefficients from our results, the former may be better than
the latter because we have considerable incoherence of reference waveform phase from

trace to trace causing a loss of the coefficients mean term in distance, and also the



62

deconvolution process is noisy.

5.2 Reduced rank pre-processing raw data for enhanced classification

5.2.1 Bhattacharyya distance of 200 kHz envelope of raw data

We can enhance the SNR by extracting principal components from the raw data using

singular value decomposition (SVD).

Tables 5.9.a through 5.9.c contain Bhattacharyya class distances from envelope of
raw data reduced to rank 30 and 20 respectively, where rank reduction is applied to

enhance signal to noise (random variation)

In tables 5.9.a through 5.9.c for 200KHz carrier, entries with “ * ” denote truncation of
the raw data vector length to 43 points to match that of the shortest raw data record,

which is for mud type at 0° incidence.

We see that the values in table 5.9.a are larger (better) than those in table 5.7 because
the rank reduced raw data are closer to those of the noiseless signal, thus the distinction
and therefore the distance between different classes is enhanced. The values of
Bhattacharyya distance with full rank in table 5.7 are smaller than those with rank-
reduction in tables 5.9.a through 5.9.c, demonstrating that probability of error is

decreased by applying rank reduction to the raw data.
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200 kHz Mud Sand
0.16ms pulse 00 20°% 40°* 0°* 40°%
0° 0 18.26 23.69 9.67 19.28
Mud 20° * 0 8.88 14.51 8.32
40° * 0 20.37 7.72
Sand Qo 0 16.80
40°% 0
(a) rank 30
200 kHz Mud Sand
0.16ms pulse 0° Q0% 40°% 0°% T 40°%
0° 0 18.28 24.74 9.88 20.11
Mud 20°%* 0 10.09 14.61 9.28
40°% 0 20.66 7.93
Sand 0°* 0 16.83
407 0
(b) rank 25
200 kHz Mud Sand
0.16ms pulse 0° Qo 40°% 0°* 40°*
0° 0 20.45 28.96 11.21 22.51
Mud = 20°% 0 12.66 14.64 9.38
40°* 0 23.20 9.05
Sand Oo* 0 1625
40°% 0

(c) rank 20
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5.2.2 Bhattacharyya distance of 200 kHz estimated coefficients

Tables 5.10.a through 5.10.c contain class Bhattacharyya distances from magnitudes of
coefficients after deconvolution of raw data reduced to rank 30 and 20 respectively,
where rank reduction is applied to enhance signal to noise (random variation) .

In tables 5.10.a through 5.10.c for 200 kHz carrier, entries with “ ** ” denote truncation
of the coefficient vector length to 43 points to match that of the shortest coefficient
record, which is for mud type at 0° incidence

Because the estimated coefficients with rank reduced raw data are closer to those of the
noiseless signal, the distance of estimated coefficients between different classes is
enhanced. The values of Bhattacharyya distance of coefficients with full rank in table
8 are smaller than those with rank-reduction in tables 5.10, demonstrating that
probability of classification error is decreased by applying rank reduction to the raw

data.

Table 5.10: Bhattacharyya distance of magnitude of normalized estimated coefficients
from deconvolution rank-reduced raw data with transmitted signal

200 kHz Mud | Sand
0.16ms pulse ’ 0° ok 400w 00__;* 400**
0° 0 445 6.23 275 6.46

Mud = 20°%* 0 1.92 2.49 1.72
40°%* 0 3.83 1.46

goxx 0 3.64

Sand v
400 0

(a) Rank 30
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Chapter 5
Divergence and Bhattacharyya Distance between Class Pairs

For the measure of “distance” or dissimilarity between classes we have utilized
divergence and Bhattacharyya distance as discussed in chapter 3. In this chapter we
exhibit the results of the application of divergence and Bhattacharyya distance to the
preclassified data provided. Both the reflection raw data and their estimated coefficients
are categorized according to their associated transmitted frequency, bottom type and
incident angle.

This chapter is divided into two major sections. The first discusses the results of class

distance of envelopes of raw data and magnitudes of the estimated coefficients. Further,
we are interested in suppressing the noise component in raw data, and this is done by
using singular values decomposition (SVD) and obtaining low rank approximations.
In the second part we use our knowledge of the transmitted carrier phase to deconvolve
and determine the effect on the resulting distance between classes. We consider the
frequency domain forms of the data in order to find the gain factors of improvement
through deconvolution for both distance measures. The following tables contain the
results for divergence and Bhattacharyya distance.

The first results are of normalized class divergences and Bhattacharyya distance for a
24 kHz carrier.  These include 7 classes, according to bottom types and incident angles.
Mud and sand type have 3 different incident angles, but for gravel type, only 0°
incidence is processed.

We also show the results of normalized class divergences and Bhattacharyya distance

for a 200 kHz carrier. These include 5 classes, according to bottom types and incident
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angles. Mud has 3 different incident angles, but sand has only 2 because the data for 20°
incidence angle has a different sample rate.

The tabulated measures are indicative of the relative ease of discrimination between
classes and demonstrate the utility of preprocessing with deconvolution and or raw data

rank reduction to enhance SNR.

5.1 Result of normalized divergence and Bhattacharyya distance

For divergence and Bhattacharyya distance measures, we would like the lengths of
envelopes of raw data and vectors of magnitudes of the estimated coefficients to be
identical among all classes but they are not. Therefore in order to compute a distance
between classes having different lengths, we truncate the length of the longer records.
This procedure allows the comparison among all the classes, but ignores the fact that if
one class’ records are longer, the class is clearly distinct on that basis alone. However,
because classification information is often found in the early part of the record, the

same-length measure is not altogether inappropriate

S5.1.1 Normalization method for divergence and Bhattacharyya distance

In order to compare divergences and Bhattacharyya distances, we need somehow to
normalize the data. Otherwise just a scale factor could create a new class of data from a
single class. Before applying the divergence and Bhattacharyya distance measure, we
choose to normalize by forcing average trace energy all classes to be equal. The

average energy in each class is found from

E =|m,[ +(C,) (5.1)
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where m,is the mean vector of a class and C, is the covariance matrix of class i. The

normalized covariance matrix is calculated by dividing covariance matrix by E, and
the mean vector by \/E; . Doing this makes every class the same total energy so that we

can compare their distributions on location (means) and shape (covariance matrix)

without scale being a factor.

5.1.2 Divergence of raw data envelopes and coefficient magnitudes

In tables 5.1 through 5.2, entries with “ * > denote truncation of the raw data record
length to 196 points to match that of the shortest raw data type record, which is for mud
type at 0° incidence. Entries with “ ** ” denote truncation of the coefficient vector
length to 91 points to match that of the shortest coefficient record, which is for mud
type at 0° incidence for 24KHz carrier.

Table 5.1: Divergence of envelope of normalized raw data, 24 kHz sounder, 0.167ms
pulse length, 3 different bottom types.

24 kHz Mud Sand mGravel

0.167ms pulse 0° 20°* ] 40°% | (°* 2(°* 40°% © (°*
0° 0 112 122 4737 516 184 371

Mud = 20°* 0 42 704 96 38 180
40°%* 0 2961 337 122 180

0°* 0 50 138 517

Sand = 20°* 0 14 70
400% 0 50

Gravel  0°%* 0
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Table 5.2: Divergence of magnitudes of normalized estimated coefficients, 24 kHz
sounder, 0.167ms pulse length, 3 different bottom types

24 kHz Mud Sand ‘ VG;avel
0.167ms pulse 0° | 200%% | 400+ QO*% | DQOK*  4(ok* 0O**
0° 0 1428 22.38 54.92 4431 32.13 61.72
Mud | 200%* 0 15.60 64.15 3987 2344 54.52
4Q0** | 0 76.71 41.55 22.51 46.67
Qoxs 0 6297 7079 127.15
Sand | 20°%* 0 852 1861
400** 0 15.05

Gravel . (Q°** 0

From table 5.1 and 5.2, the divergence between classes of the same bottom type is
smaller than that between different bottom types even if the incident angles of the
transmitted signal are different. Typically, when we obtain divergence of envelope of
raw data between class of 0° mud type and the other classes, the largest value is the
divergence of mud and sand type at 0° incidence for 24 kHz transmitted signal because
of the penetration of sound into the bottom and its subsequent reradiation as
backscattering at low frequency and high grazing angles, where reflection and scattering
from subsurface layers and other inhomogeneities may occur.

In the tables 5.3 through 5.4, entries with “ * ”” denote truncation of the raw data record
length to 87 points to match that of the shortest raw data type record, which is for mud
type at 0° incidence. Entries with “ ** ” denote truncation of the coefficient vector
length to 43 points to match that of the shortest coefficient record, which is for mud
type at 0° incidence. In table 5.1 and 5.2, the divergence of mud and sand type at 0°
incidence for 200 kHz transmitted signal is smaller than the others because there is no

penetration of sound into sand type bottom and most of the downed sound are reflected
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from surface of sand type bottom as like as mud type bottom.

Table 5.3: Divergences for classes’ envelopes of normalized raw data for 200 kHz
sounder and 0.16ms pulse length.

Ol6mspulse | g0 200% 40°¢ 0o 40°%
o 0 5036 11641 195 979
Mud | 20°* 0 324 1309 152
107 0 6623 214
o 0 489
Sand e ,
40°* .

Table 5.4 : Divergence for classes’ magnitudes of normalized estimated coefficients
from deconvolution raw data with transmitted signal of 200 kHz sounder and 0.16ms

pulse length
200 kHz | Mud ~ Sand

0.16ms pulse T T T e
0° 0 52.50 85.57 25.01 87.08

Mud | 20°%* 0 13.04 20.83 14.28
400%% 0 34.61 5.88

samd |- 0 3461
400 0

5.1.3 Bhattacharyya distance of classes’ envelope of raw data and magnitude

of the estimated coefficients

In order to compute Bhattacharyya distance between classes having different lengths,
we truncate the length of the longer records to that of the shortest of the mud type as we

did for the divergence measure.

For 24 kHz, the length of raw data also was truncated to 196 points and the length of
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estimated coefficients to 91 points the same as the points for divergence.

From table 5.5 and 5.6, the largest value in the first column is mud and sand type at 0°
incidence for 24 kHz transmitted signal because low frequency sound penetrates into the
bottom and reradiates from the sub-bottom. The results are similar to those of

divergence.

Table 5.5: Bhattacharyya distance for classes’ envelope of normalized raw data, 24
kHz sounder, 0.167ms pulse length, 3 different bottom types

24 kHz | Mud Sand | Gravel
0.167ms pulse 0° 20°% | 40°% 0% | 20°% | 40°* 0o
0° | 0 441 558 817 409 393 562

 Mud 200 0 230 674 401 226 385
40°* 0 941 634 379 325

0o* 0 302 467 806

Sand | 20°* 0 136 575
4004 0 46l

Gravel  0°* 0

Table 5.6: Bhattacharyya distance for classes’ magnitudes of normalized estimated
coefficients from deconvolution raw data with transmitted signal, 24 kHz sounder,
0.167ms pulse length, 3 different bottom types

24 kHz Mud Sand Ggével '
0.167ms pulse 0° | 20°%* | 4QoRE | QoRE | ook | 4QokE | ok
0° 0 1.53 2.20 3.83 3.89 2.99 4.87

Mud | 200%* 0 1.62 4.26 3.52 2.37 4.34
4Q°** 0 5.07 3.46 2.24 3.82

Qo** 0 5.08 5.46 7.55

Sand | 20°** 0 0.95 1.91
4Q°** 0 1.56

Gravel  0°** 0




61

For 200 kHz, the length of raw data also was truncated to 87 points, and the length of

estimated coefficients to 43 points the same as for divergence

Table 5.7: Bhattacharyya distance for classes’ envelope of raw data for 200 kHz
sounder, 0.16ms pulse length

200 KHz Mud Sand |
0.16ms pulse 0° 200% 40°* 0°* 40°%
0° 0 15.97 22.09 7.23 15.44
Mud 20°% 0 9.09 11.63 6.91
40°* 0 17.51 8.64
0°* 0 11.75
Sand
40°* 0

Table 5.8: Bhattacharyya distance for classes’ magnitude of estimated coefficients
from deconvolution raw data with transmitted signal for 200 kHz sounder and 0.16ms

pulse length
200 kHz Mud Sand

0.16ms pulse 0° 20°%* 40°** | 0o** 40°%*
0° 0 433 6.10 245 631

Mud = 200%* 0 1.42 2.14 1.53
40°% 0 3.29 0.68

T 0 331
40°%* 0

When we compare distance measures of the envelope of the raw data with those of the
magnitude of the estimated coefficients from our results, the former may be better than
the latter because we have considerable incoherence of reference waveform phase from

trace to trace causing a loss of the coefficients mean term in distance, and also the
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deconvolution process is noisy.

5.2 Reduced rank pre-processing raw data for enhanced classification

5.2.1 Bhattacharyya distance of 200 kHz envelope of raw data

We can enhance the SNR by extracting principal components from the raw data using

singular value decomposition (SVD).

Tables 5.9.a through 5.9.c contain Bhattacharyya class distances from envelope of
raw data reduced to rank 30 and 20 respectively, where rank reduction is applied to

enhance signal to noise (random variation)

In tables 5.9.a through 5.9.c for 200KHz carrier, entries with “ * ** denote truncation of
the raw data vector length to 43 points to match that of the shortest raw data record,

which is for mud type at 0° incidence.

We see that the values in table 5.9.a are larger (better) than those in table 5.7 because
the rank reduced raw data are closer to those of the noiseless signal, thus the distinction
and therefore the distance between different classes is enhanced. The values of
Bhattacharyya distance with full rank in table 5.7 are smaller than those with rank-
reduction in tables 5.9.a through 5.9.c, demonstrating that probability of error is

decreased by applying rank reduction to the raw data.
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Table 5.9: Bhattacharyya distance for classes’ envelope of rank reduced raw

200 kHz S Mud Sand
0.16ms pulse o roon o oo =
0° 0 1826  23.69 9.67 19.28
Mud | 20°* 0 8.88 14.51 8.32
40° * 0 2037 7.72
Sand Q°* 0 16.80
40°% 0
: (a) rank 30
200 kHz Mud Sand
0.16ms pulse 0° DTS 40°% 00* 40°%
0° 0 18.28 24.74 9.88 20.11
Mud | 20°% 0 10.09 14.61 9.28
40°* 0 20.66 7.93
Sand 0°* 0 16.83
40°* 0
(b) rank 25
200 kHz Mud Sand
0.16ms pulse 0° 2(00% 40°% 0°* - 400#
0° 0 20.45 28.96 11.21 22.51
Mud 20°% 0 12.66 14.64 9.38
40°* 0 23.20 9.05
Sand 0°"f | 0 16.25
40°* 0
(c) rank 20
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3.2.2 Bhattacharyya distance of 200 kHz estimated coefficients

Tables 5.10.a through 5.10.c contain class Bhattacharyya distances from magnitudes of
coefficients after deconvolution of raw data reduced to rank 30 and 20 respectively,
where rank reduction is applied to enhance signal to noise (random variation) .

In tables 5.10.a through 5.10.c for 200 kHz carrier, entries with “ ** > denote truncation
of the coefficient vector length to 43 points to match that of the shortest coefficient
record, which is for mud type at 0° incidence

Because the estimated coefficients with rank reduced raw data are closer to those of the
noiseless signal, the distance of estimated coefficients between different classes is
enhanced. The values of Bhattacharyya distance of coefficients with full rank in table
8 are smaller than those with rank-reduction in tables 5.10, demonstrating that
probability of classification error is decreased by applying rank reduction to the raw

data.

Table 5.10: Bhattacharyya distance of magnitude of normalized estimated coefficients

from deconvolution rank-reduced raw data with transmitted signal

200 kHZ | | ‘Mud Sand
0.16ms pulse 0° 20°%* | 400%* ooxx 0o
0° 0 4.45 6.23 275 646
Mud = 20°%* | 0 1.92 2.49 1.72
40°%* 0 3.83 1.46
Sand ...,,,...,voo** | 0 3.64
400+ 0

(2) Rank 30



(c) Rank 20

B4 distance of {ope of raw data with rank reduction
5
4
Ful rank rank 30 rank 25 rank 20 Fullzank . — o0
(a) Magnitude of estimated coefficients (b) Envelope of raw data

Figure 5.1: Bhattacharyya distance of magnitude of normalized estimated coefficients
and envelope of raw data with rank reduction
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Figure 5.1 shows Bhattacharyya distance is getting larger when the ranks are reduced to
20. It is demonstrating that probability of error is decreased by applying rank reduction

to the raw data.

5.2.3 Bhattacharyya distance of 24 kHz envelope of raw data

In tables 5.11.a through 5.11.c (rank 30,25 and 20 respectively) for 24 kHz carrier,
entries with “ * ” denote truncation of the raw data length to 196 points to match that of
the shortest coefficient record, which is for mud type at 0° incidence.

We can also see that the values in tables 5.10.a become much larger than those of full
rank in table 5.5. However, as the rank is reduced, the effect becomes smaller for
enhancing distance between the classes of envelope of raw data for 24 kHz from table

5.5.b and c because the noise component might be already suppressed around rank 30.

Table 5.11: Bhattacharyya distance for classes’ envelope of rank reduced raw

24 kHz Mud Sand Grﬁvel
0.167ms pulse 0° 209% | 40°* 0°% | 20o% L 400% \0°*
0° 0 719 7.76 9.55 6.46  6.11  6.88

Mud  20°% 0 3.61 9.09 588 407 759
40°% 0 963 560 341 605

0°* 0 505 696  8.02

Sand | 20°%* 0 2.19 4.60
40°* 0 4.88

Gravel @ 0°%* | 0

(a) Rank 30
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24 kHz Mud " Sand | - Gravel
0.167ms pulse 0° 20°% | 40°% | Qo 20°% | 40°% 0°%
0° 0 7.30 7.60 9.54 6.20 5.46 6.57
Mud  20°* 0 2.93 8.22 5.30 3.50 6.68
40°* 0 9.42 5.64 3.22 6.02
0°* 0 4.82 6.91 7.50
Sand  20°%* 0 2.10 4.24
40°* | 0 4.55
Gravel @ 0°* 0
(b) Rank 25
24 kHz Mud Sand | v Gravel‘
0.167ms pulse 0° | 20°%  40°% 0°* 20°%  400% 0°%
0° 0 7.35 7.63 10.01 6.28 5.47 6.31
Mud @ 20°%* 0 3.30 7.29 431 2.97 7.40
40°* 0 9.54 5.51 3.57 5.79
0°* 0 4.60 7.49 10.00
Sand | 20°* 0 2.39 7.53
40°%* 0 7.21
Gravel = 0°* 0
(c) Rank 20

5.2.4 Bhattacharyya distance of 24 kHz magnitude of estimated coefficients

In tables 5.12.a through ¢(30, 25 and 20 respectively) for 24 kHz carrier, entries with
“**” denote truncation of the estimated coefficients length to 91 points to match that of
the shortest coefficients record, which is for mud type at 0° incidence.

We see that the values in table 5.11.a through ¢ become larger as rank is reduced

because the rank-reduced raw data is closer to the noiseless signal, enhancing the
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distance between different classes, demonstrating that probability of error is decreased

by applying rank reduction to the raw data.

Table 5.12:

Bhattacharyya distance for classes’ magnitude of normalized estimated

coefficients from deconvolution of the transmitted signal from the raw data, 24 kHz

sounder, 0.167ms pulse length, 3 different bottom types as rank is reduced

Sand

(b) Rank 25

24 kHz Mud ~ Gravel
0.167ms pu]se 0° 2(°** 4Q0%* = (Oox* (0% * 400°%* (Qo**
0° 0 406 48 560 373 328 753
Mud | 20°%* 0 493 750 625 526 1025
400x 0 848 640 494 851
0ok 0 495 697  10.06
Sand | 20°%* 0 171 410
"""" 400%* 0 3.33
Gravel . 0°%* O
(a) Rank 30
24 kHz | Mud Sand ~ Gravel
0.167ms pulse 0° | 20°%% | 40°%* QO** | DOokk | 4ok Qo**
©° | o 48 517 58 394 339 801
Mud 20+ 0 553 838 716 601  11.04
400%* 0 9.04 693 524 879
- Qoxx 0 524 732 1059
Sand | 20°%* 0 190 475
40°%* 0 3.81
~ Gravel | 0°%* 0



Bhaltacharyya distance vs rank for envelope of rew data
T T T ¥

C ]

1

Full ranic rank 30 rank 25 rank 20

(a) Envelope of raw data {b) Magnitude of estimated coefficients

Figure 5.2: Bhattacharyya distance vs Rank of envelope of raw data and magnitude of
estimated coefficients 24 kHz sounder, 0.167ms pulse length, 3 different bottom types

From figure 5.2 it is obvious that the Bhattacharyya distance becomes greater as the
rank is reduced to 30 from full rank. However, for envelopes of raw data, the slope of
distance becomes almost zero and for magnitude of estimated coefficients, the slope of
distance becomes slightly larger as the rank is getting smaller. Therefore we might

choose about rank 20 for the distance measure.
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5.3 Results of measuring Gaussian mixture distance between classes

In sections 5.1 and 5.2, we have discussed the classification distance between classes of
envelopes of raw data and mdgnitude of estimated coefficients from deconvolution.
However, since the mean vectors of the envelopes of reflected raw data in each class do
not become zero, because envelopes are nonlinearly extracted and random phases do not
affect them, the classification distance of envelope of raw data is greater than that of
magnitude of the estimated coefficients, which are linearly extracted from data and thus
are much affected by random phase..

In chapter 3, when the raw data is the convolution of the transmitted signal with the
reflector impulse response, we found coherent and incoherent distance measures by

considering the coherent X(f) and incoherent X( /) with random phase over [-n, ),

which has mean X(f) and variance o5 (f) Inboth coherent and incoherent distance

measures we found that X (/) has disappeared in the distance measures.

From the theoretical results on coherent and incoherent distance measures, we can
expect to see the best class separation results when coherent deconvolution is applied to
raw data vectors of sonar responses. The coherence is due only to an assumed accurate
pick of start times of the reflections, allowing use of the mean vectors. However it is
certain that considerable error in start time picks and uncertain phases have degraded
potentially ideal coherence in the reflections.

In the following section we use Eq. (3.27) and (3.31) for coherent and Eq. (3.29) and
(3.33) for incoherent to compare the results of coherent and incoherent divergence and

Bhattacharyya distance between classes.
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At higher frequencies the coefficients are not as well defined because 200 kHz does not
penetrate the bottom as well as at 24 kHz. Also, it is more difficult to get phase
coherency from aligning the traces since the high frequency period in time is much

shorter. For this reason we only consider the results of the lowest frequency, 24 kHz.
5.3.1 Results of coherent and incoherent divergence

From preclassified narrow beam sonar shallow sea bottom reflections we have obtained
the following measures of coherent processing over incoherent for divergence and
Bhattacharyya distance between several sea bottom class pairs due.

In the following tables entries with “ * > denote truncation of the coefficient vector
length to 91 points to match that of the shortest coefficient record, which is for mud

type at 0° incidence for 24 kHz carrier.

Table 5.13: Coherent and incoherent divergence at 24 kHz sounder, 0.167ms pulse
length, 3 different bottom types

24 kHz ” Mud | Sand | Gré§é1
0.167mspulse | o = 2Qo* 40°% 0°* 200%  40°* .00*
| | 0° 0 169 619 1450 976 872 2459
Mud  20°%* 0 208 1155 485 421 1430
400 0 771 166 134 578
0°* 0 500 563 1408
Sand @ 20°* 0 15 415
40°% 0 415
; ’Gravel - 0o | “ 0

(a) Coherent
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| v(b) incohérent

24 kHz Mud Sand ) Gr;ivel
0.167mspulse | oo | 20°% = 40°* 0°% . 20°% | 40°%  Q°%
0| 0 156 607 866 935 854 2408

Mud | 20°% 0 200 697 467 416 1378
40°% 0 368 142 128 546

L gox 0 276 260 938
Sand @ 20°* 0 57 352
40°% 0 352

Gravel : 0°* 0

In order to get the coherent and incoherent Bhattacharyya distance, we are using

Eq. (3.31) for the coherent and Eq. (3.33) for the incoherent first. The coherent

Bhattacharyya distance is also found by assuming that the start times of the responses

have been estimated closely.

Table 5.14: Coherent and incoherent Bhattacharyya distance at 24 kHz sounder,
0.167ms pulse length, 3 different bottom types

(a) coherent

24 kHz Mud Sand Gravel
0.167ms pulse | 0° 20°% | 4Q°%* 0°* 20°% 40°%* 0o*
0° | 0 1014 3482 7186 5220 4741 11191

 Mud | 20°% 0 1260 5434 2815 2472  72.63
40°% 0 4201 1000 804  32.66

"""" 0o 0 28.18 3189 7231
Sand | 20°% 0 097 2437
400 0 26.13

Gravel © 0°%* 0
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24 kHz Mud - HSand | Gravel
0.167ms pulse | 0° 200% 40°%* 0°* 200% 400* 0°*

0° | 0 933 3416 4465 5018 4645  109.94

C Mud | 20°% 0 1212 3253 2716 2442 7024

40°% 0 1986 854  7.68 30927

00 0 1543 1453 4837

Sand = 20°% 0 035 2076

| 400% 0 23.97
Gravel = 0°* » 0

(b) incoherent

From tables 5.13 and 5.14 the distance results between the same sea bottom types are
smaller than those of the different sea bottom types. When we compare the values in
tables 5.13.a and 5.14.a to 5.13.b and 5.14.b we find that, in general, the coherent results

are greater than those of incoherent results.

5.3.2 Results of gain in distance measure due to coherent deconvolution

By comparing the coherent results of table 5.13.a and 5.14.a to the incoherent results of
5.13.b and 5.14.b, we can compare class distance with ideal (coherent) deconvolution to

that with random phase uniform in [-7, ). Gains greater than 1 imply that.
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Table 5.15: Gain in divergence and Bhattacharyya distance at 24 kHz sounder,
0.167ms pulse length, 3 different bottom types

24kHz | Mud - ‘Sarlld “ : G;ével
0.167ms pulse 0 200 400 | 00 D20 40° 0o
0| o 108 102 167 104 102  1.02
CMud | 20° 0 104 166 104 101  1.04
40° 0 210 117 105 105

00 0 181 216 150

Sand = 20° 0 272 118
‘ 40° 0 118
ooy g ,

(a) Divergence

24kHz | Mwd  Sand - Gravel
0.167ms pulse | (° 20° 40° | 0° 20° ‘» 40° | 0°
0] 0o 108 102 160 104 102 1.02
Mud = 20° 0 104 167 104 101 103
400 0 211 117 105  1.06
0° 0 183 219 150
Sand | 20° 0o 272 117
40° 0 1.19
oy o 0

(b) Bhattacharyya distance

From table 5.15 we recognize that entries in both tables are almost unity except those
between sand type, 0° incidence and other classes. We conclude that a fairly coherent
deconvolution can be obtained from the classification distance between sand type, 0°

incidence and other sea bottom classes.
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5.4 Result of Bhattacharyya distance for complex deconvolution

As we discussed in section 2.5, coherent deconvolution can be ideally achieved when
the start time of the reflections is aligned precisely so that the phase of the transmit
pulse is identical for all responses. Complex deconvolution can be used to obtain all the
coherent information in a phase-shifted or delayed reflection. The following tables
compare Bhattacharyya distances of real coefficients, magnitude of coherent complex

coefficients and the coherent complex.

Table 5.16: Bhattacharyya distance of real estimated coefficients after alignment by
crosscorrelation, 24 kHz sounder, 0.167ms pulse length, 3 different bottom types

24kHz Mud Sand Gravel

0.167ms pulse 0° 2(0** 400** 00** . DQo** 400#* Qo**

| 0° 0 3.15 12.81 8.44 6.12 6.59 5.36

Mud 200%* 0 13.00 10.30 7.07 6.86 5.98
4Q°** 0 10.70 12.44 9.81 9.59

0ox* | 0 840 758 931

Sand 2(0** 0 3.23 7.85
4Q0** 0 7.66

Gravel Qo** 0

Table 5.16 contains Bhattacharyya distances for real estimated coefficients obtained by
deconvolution after the reflections are aligned by crosscorrelation. Tables 5.17 shows
Bhattacharyya distance of magnitude of complex coefficients obtained by complex

deconvolution after the reflections are aligned by crosscorrelation.
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Table 5.17: Bhattacharyya distance of magnitude of complex coefficients aligned by
crosscorrelating, 24 kHz sounder, 0.167ms pulse length, 3 different bottom types

24 kHz Mud Sand Gravél *

0.167ms pulse 0°  200%% | 40°%*  (oxx 2QOk* | JOokk | (o**
L 348  10.52 7.35 4.27 4.86 5.45

Mud 20°**' 0 9.73 7.50 4.97 5.53 5.45
40°%* 0 9.33 9.09 9.54 8.26
0o** 0 6.90 8.90 7.19
Sand | 20°%* 0 279 594
40°** 0 7.23

“ Gravel = 0°%* 0

Table 5.18: Bhattacharyya distance of complex coefficients after alignment by
crosscorrelation, 24 kHz sounder, 0.167ms pulse length, 3 different bottom types

24 kHz Mud Sand Gravel
0.167ms pulse 0° 2QOk* 4Ok QO** 205**“ - 400*; 0°**
0° 0 312 1660 1224 946 1050 7.9

Mud | 200%* 0 1679 1313 1019 1064 812
400 0 1345 1366 1164 1422
Qo 0 767 767 1331
Sand  20°0%* 0 333 11.06
40°%* 0 11.24

Gravel Qo** 0

Table 5.18 shows results of coherent complex coefficients obtained by complex

deconvolution after the reflections are aligned by crosscorrelation.
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Since the cohérent complex deconvolution contains all the coherent information, the
values in table 5.18 are larger than those in table 5.16, 5.17. Further, the results in table
5.16 are larger than those in table 5.6, indicating that the alignment among the reflection
vectors in a class plays an important role in obtaining coherent deconvolution and that
complex demodulation and deconvolution can yield significant improvement in

probability of classification error..

5.5 Summary

In sections 5.1 and 5.2 the classification distance between classes of envelopes of raw
data and magnitudes of estimated coefficients from deconvolution are discussed because
the means of the envelope of reflected raw data in each class do not become zero. The
classification distance of envelope of raw data is better than that of magnitude of the
estimated coefficients in our results because we have considerable incoherence of
reference waveform phase from trace to trace causing a loss of the coefficients mean
term in distance, and also the deconvolution process is noisy.

By suppressing the noise component in raw data by using singular values
decomposition (SVD) and using a lower rank approximation to the data, distance
measures are increased because the rank reduced raw data are closer to those of the
noiseless signal.

In sections 3 through 6 we have considered the cases of both coherent and incoherent
transmitted waveforms, comparing theoretically in the frequency domain. Knowledge of
the transmitted carrier phase (coherent case) allows coherent deconvolution. We have

obtained the experimental gain factors, the ratio of coherent to incoherent with random
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phase uniform in [-n, ) distance measures. Our results indicate that a fairly coherent
deconvolution can be obtained from the classification distance between sand type, 0°
incidence and other sea bottom classes.

Coherent deconvolution in practical problems has been achieved when the start time of
the reflections is aligned precisely so that the phase of the transmit pulse is identical for
all responses. The results of coherent deconvolution are larger than those for incoherent
deconvolution. Since coherent complex deconvolution contains all the information in
the phase shifted reflection, we can obtain better distance measure with this process than

with any of the others we have considered.
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Chapter 6

Summary and Recommendations

6.1 Least-square estimation of deconvolved sea-bottom sonar responses using
SVD rank-reduced data

In order to determine the character of sonar responses of the sea-bottom, we compared
variations not only with bottom class but also with frequency, beamwidth, angle of
incidence and depth. Instead of using the raw sonar responses, we might get better
estimates of the distinctive features of these variations by deconvolving the transmitted
signal out of the response. For deconvolution we have utilized Least-Square Estimation
(LSE) to find the bottom’s impulse responses. However in the real environment there
is a random noise component in addition to the signal components which we want to
obtain. We have modeled that noise as additive, white, zero mean Gaussian. In order to
get the desired information from bottom responses we can suppress the noise
component by applying PCA to better estimate the signal component and the signal
covariance matrix of the received data, because most of energy is concentrated in just a
few dimensions. By using both deconvolution and PCA we obtain a better estimate of
the unknown sea-bottom reflectors that are our real interest.

Consequently, the deconvolution method can be useful to find the unknown system

function which we are really interested in.
6.2 Methods for measuring Gaussian mixture distance between classes

Because direct minimization of the error probability to determine the optimum signal is
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often difficult to carry out, we measure the distance between classes. The distance
measure is a simple alternative to the error probability. In our thesis we have utilized
two common distance measures for class separation: divergence and Bhattacharyya.

Bhattacharyya distance is derived from the upper bound on the error probability, which
has a closer relation with the Bayes error and divergence equates the class separability
to the difference of the information between the two classes. However, if the two classes

have identical covariances, both distance measures become the Mahalobis distance.

We have used knowledge of the transmitted carrier’s phase and have determined its
influence on the resulting distance between classes. Using a frequency domain
formulation, we have found the gain in distance due to knowledge of the transmitted
waveform relative to distance in the incoherent case. In theory, coherence allows exact
deconvolution. Coherent deconvolution in a practical problem has been achieved to the
extent 1) that the start time of the reflections has been determined precisely so that the
phase of the transmit pulse is identical for all responses and 2) that the reflector’s class

features include some coherence in the reflections.

6.3 Results of LSE of deconvolved sea-bottom sonar responses using SVD
rank-reduced signals and class distance measures

The research associated with this thesis has utilized two software packages: MATLAB
and the complete seabed classification system (QTC VIEW) developed by Quester
Tangent Corporation. The processing techniques discussed in Chaptef 2 and 3 have been
applied to three world data sets. Those and the transmitted signal records from the

simulation tank were provided by the Quester Tangent Corporation.
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In chapter 4 the deconvolution algorithms we have presented are applied to three
distinct real-world data sets. The transmitted signal was generated by the same
transducer as was used in the ocean, and it was collected in a noiseless water tank
environment. The reflection was preprocessed by only taking a few dimension of the
received data containing most of the energy. The raw data and their estimated
coefficients have been compared with coefficients from the rank reduced data. Rank

reduction enhances the SNR and increases distance between classes.

In chapter 5 two classification distance measures were studied: First we discussed the
results of the class pair distance measures using 1) envelopes of raw data and 2)
magnitudes of estimated coefficients from deconvolution. Next, we measured the gain
of coherent processing over incoherent for divergence and Bhattacharyya distances
between several sea bottom raw class pairs. Third, we obtained coherent complex
coefficients from complex deconvolution after alignment of reflection by cross-
correlation. The results support the use of complex deconvolution when coherence is a

factor for class discrimination and when care is taken to align start times.

6.4 Recommendations for further research

Although we have investigated class pair distances, other suggested future work would
compare blind classification (clustering) before and after processing with any of our
tested methods (SVD noise reduction, envelopes, estimated coefficients, etc) to

determine error probabilities for comparison.
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Appendix A

START TIME JITTER

A.1 Example Two-impulse train reflection coefficients with timing
error

If the true reflection coefficient train is A(t) = 5(¢) — 6(t — D) and we have one correct
reflection start time and one start time estimate that is wrong by D sec, then we get a

mean reflection coefficient train equal to
h(1t)=([6(t) - 8(t - D)]+[5(t - D) - 8(1 - 2D)])/2

1
= %d(t) +06(t-D)- Ed(t —-2D)
For the pulse at D sec has been averaged to zero just because we got the start time
wrong on one of the reflections. In addition, we have a smaller coefficient at time 0 and

a reflection at time 2D where we shouldn’t.

A.2 General start time variations

So this is why start times are so important. Since we have been rather crude in picking
start times, the coefficients we are working with are a mix of delays of the true ones for
each reflection. From Kirlin’s personal communication, we are probably getting
something like the true coefficient train mean vector for each class, but it is smeared,

essentially like a blurred picture from a moving camera or a moving object in the
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picture. If the distance (time) of blur is not too large, we are probably getting a
reasonable measure of the coefficients and for lower frequency carrier they may be

moderately accurate and non-zero mean.
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Appendix B
Sequential decimation and sampling frequency determination

for the echo-sounder data

B.1 Decimation

Figure B.1.(a) shows the continuous-time Fourier Transform of x (¢), and Figure
B.1.(b) shows the discrete-time Fourier transform of the sequence x[n]= x_ (nT"), when
27/T =4Q,,. Thus, @, =Q,T =x/2. If we downsample by a factor of M=3, we
obtain the sequence x,[n]= x[3n]= x (n3T)whose discrete-time Fourier transform is
plotted in Figure B.l.(c) with normalized frequency @ =QT'. Note that because
M, =3x/2, which is greater than 7, aliasing occurs. In general, to avoid aliasing in
downsampling by a factor of M requiresw, M < z. If this condition does not hold,
aliasing occurs. In order to downsample without aliasing, we can reduce the bandwidth
of the signal x[n] before downsampling. Thus, if x[n] is filtered by an ideal lowpass
filter with cutoff frequency x /M , then the output x[n] can be downsampled without
aliasing, as illustrated in Figure B.1.(d),(e), and (f).

Figure B.2 shows a general system for downsampling by a factor of M which is called a
decimator, and downsampling by lowpass filtering followed by compression has been

termed decimation [1].
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Figure B.1 (a)-(c) Downsampling with aliasing. (d)-(f) Downsampling with prefiltering to avoid aliasing

—_—
x[n]
sampling period T

Lowpass Filter
Gain= 1 — l M F———
Cutoff= 7/ M #[n] %,[n]= Z[nM1
sampling
sampling period
period T T'=MT

Figure B.2 General system for sampling rate reduction by M
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B.2 Two decimations for echo-sounder application

The typical sonar signal in an echo-sounder application is described by two parameters;
the sonar frequency and the pulse-length. Both parameters have to be known
approximately to determine the sampling frequency [2]. A general description of the
spectral properties of this particular sonar signal can be derived. The bandwidth is
inversely proportional to the pulse-length, and generally an estimate of the width of the

frequency band within the main lobe's —3dB points is

1
Aw=—rv B.1
AT (B.1)

where AT is the pulse length of the transmit signal.
Since linear theory applies, the return signal will be constrained to the same frequency
band. To widen the margin for error as well as for the estimation of the carrier frequency,
assume that the return signal spectrum is contained in a frequency band twelve times as
wide, 1.e.
f.—6Aw<os f +6Aw (B.2)
The upper and lower bandlimits are thus
6 6

fo=Jemgp wd Sy =fc+ﬁ (B.3)
Assuming that the full waveform signal is digitized with a sampling frequency f,,
which according to the Nyquist sampling theorem, will correctly capture the
information contained in a frequency band

0<w<f, ,with f = 1 , the Nyquist frequency.
ny ny 2 5

In theory, two consecutive decimation operations are sufficient to extract the

information-carrying band of an echo return.
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The first decimation factor d, can be obtained from

Ly
2

where f, is the upper bandlimit and f,, is the Nyquist frequency.

dl

(B.4)

Additionally the band O<w< f, does not contain signal components carrying
information. To discard this frequency band, a second decimation can be carried out.
The transformation to a negative frequency axis is justified by the way the anti-aliasing

filters are implemented. On the negative frequency axis the second anti-alias filter is
also a low-pass filter with cut-off fL (note that £, is in fact negative). The actual

transformation to negative frequencies is a straightforward application of the Fourier

frequency shift theorem.

iLZfL—iNy (B.5)
where | fny =% (B.6)

Therefore, second decimation factor d, is

S

(B.7)

For example, we used f,=1.1MHz to sample an echo from a 200kHz sounder with a

transmit pulse length of 0.16 ms. The upper bandlimit is f,, =237.5kHz from Egq. (B.3)

and with f, =550kHz the signal was oversampled about 2 times. For the first

decimation, an anti-alias filter is applied as a proper low-pass filter with a cut-off
frequency of 237.5 kHz, we may then resample this signal at a 2 times lower rate,
thereby decimating the time series and reducing the number of samples needed to span a

certain time by a factor of d,=2.
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After the first decimation was carried out, the Nyquist-frequency from Eq. (B.6) has
become

- ' 3
AL

after shifting to negative frequencies from Eq. (B.5)

—~

f,=162.5kHz-275kHz =—112.5kHz

=275

Therefore, second decimation factor d,= —mz

Both times f, and fny are the cut-off frequencies for the anti-alias filters applied in

each decimation.

Finally, the overall decimation rate isd,-d,=4. The final sampling frequency is

1.1MHz/4 = 275 kHz for our research.
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