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Abstract |

This thesis provides an evaluation of the Redundant Discrete Wavelet Trans-
form with application to the removal of additive white or colored Gaussian noise on
a synthetic GPR signal. Special attention is given to the parameter that controls the
number of decomposition levels. Evaluation is performed using a level-dependent
threshold to estimate and remove noise. Results are presented using noisy synthetic
Ground Penetrating Radar pulses to compare Wiener filtering and thresholding
the Redundant and Non-redundant Discrete Wavelet transform. Additional results
are presented on the effects of choosing a number of decomposition levels using
signal-to-noise ratio measurements, which suggest the importance of choosing this
parameter. Recommendations are made and supported which determine the order
of thresholding before or after the practice of trace averaging.

Using GPR images, an application of a novel 2D threshold model in the newly
discovered curvelet domain is compared to average trace subtraction. Promising
results are presented on both synthetic and actual landmine data, which shows

thresholding as a viable method of clutter suppression.
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Chapter 1

Introduction

There are millions of landmines worldwide, which are difficult to find and remove.
The concept of humanitarian demining, which is sometimes referred to as HumDem,
is to provide simple, sﬁstainable and affordable method of detection and removal of
landmines. The groups that implement these programs are often non-governmental
organizations who did not place the mines and generally have little information on
~ mine type or placement locations. The most common and highly visible aspect of
demining are the activities that in poor countries devastated by war. The objective
of HumDem groups in-these countries are to develop programs within that country
that allows present and future landmines to be found and destrbyed even after the
HumDem group has left.

The sustainability objective of many HumDem programs is critical to imple-
menting a method of landmine clearance that can be performed by locally trained
demining groups. Previous estimations state that 100 million or more landmines
are currently laid in the world, however that number has been reduced to 60 million

or less [61]. The number of landmines, danger of detection and the removal proce-

dures increase the cost and time requirements to nearly impossible levels for poor




countries. The cost of detection and removal is also related to the amount of time a
landmine is in the ground. Delays in landmine clearance causes végetation coverage,
which increases the challenge to detect minefields and mine locations. Due to the
large amount of money and time required for a successful HumDem project, new
technology is not well accepted. Therefore making simple, affordable and mature
technology is necessary so that projects can continue even after external funding
has ceased:

HumDem programs determine suitability of technology by the cost and status
of development maturity. The most readily used and implemented technology is
human protection dev;ées, metal detectors and-train.e.d dogs. Other technologies

that have been tested or evaluated with respect to HumDem are:

o Explosives detection using chemical sensors, biological sensors and nuclear

quadrupole resonance
e Optical sensors such as infrared, hyper-spectral, visible and laser ranging

e Electromagnetic sensors including ultra:low frequency, microwave, SAR and

ground penetrating radar

e Acoustic sensors such as water-jet echo [50], impulse and ultrasound

Bruschini and Gros discuss in detail most of the above technologies in [5].
In particular, the authors suggest that GPR is a mature technology and that it is
“near ready” for use in HumDem programs.

The HumDem field is not receptive to new technologies, regardless of the
promises of detection improvements [3]. For example, estimates for Cambodia sug-

gest that mine clearance is happening at a rate of 15 square kilometers per year

with the possibility of demining all land that is immediately in need for settlement,
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Figure 1.1: Anti-personnel landmines in situ, obtained from the Canadian Forces
Landmine Action Database [20].

critical development or agricultural uses taking place in 5-10 years [2, 51]. Technol-
ogy proponents suggest that these numbers could be drastically reduced, but the
reality is that field tested technology is a difficult and slow process. Specifically in
Cambodia, heat and moisture can dramatically reduce the lifespan or functionality
of any electronics making new and untested technology dangerous to deminers.

Not all applications of demining take place in such demanding environments.
The declining cost and size of GPR components, such as analog/digital converters,
amplifiers and high speed switches contribute to the increasing interest to imple-
menting GPR as a landmine detection device. Additionally, technology improve-
ments in computer processors and specialized DSP chips allow additional realtime
and field-based signal processing of GPR surveys.

While the processing of GPR is maturing, the limited resolution of GPR
systems make the task of landmine detection difficult and ambiguous. When using
GPR for HumDem tasks, the standard method of expert interpretation is generally
not available. Experts are too expensive to train and support in these situations.

Offline processing of GPR data is an option, which can allow computationally diffi-



cult algorithms such as imaging and feature discrimination to be done off the field.
Offline processing, however, requires a thorough understanding of noise present in
GPR data.

Two aspects of GPR data are examined in this thesis. The first is the ability
of 1D wavelet thresholding to remove Gaussian noise from raw GPR data. The
second is to suppress horizontal clutter present in GPR data using thresholding
with a new transform, similar to wavelets, called curvelets. Both methods attempt
to separate signal from noise by means of thresholding.

The received data from GPR is a one-dimensional trace that contains re-
flections of a transmitted pulse. To study this, a GPR. trace is synthesized from a
reasonable physical model of a GPR pulse. The type of noise and amount of noise
energy added is controlled allowing numerical measurements of wavelet thresholding
performance.

A separate case, in two—dimensions, applies to an image of received GPR
traces. This image contains stron.g‘hor‘izlontal clutter events, which detract from im-
age understanding. The effect of thresholding clutter events in the curvelet domain
is evaluated uSiné an image formed from synthetic GPR traces and actual GPR data

from the JRC Landmine Signatures database.

1.1 Research Objectives

While 1D wavelet noise removal using thresholding is well established, the applica-
tion to GPR is minimal. The type of wavelet decomposition, specific parameters
and the choice of a wavelet basis are difficult to understand and is not well estab-
lished. This research examines the most promising wavelet decomposition method

for noise removal, which is the Redundant Discrete Wavelet Transform (RDWT).
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The hypothesis is that the method of level-constant threshoiding and the number
of decomposition levels used by the RDWT will hewe a direct effect on the ability
to remove additive Gaussian white and Coloréd noise.

The second objective is to compare the ubiquitous method of subtracting
an average trace from a GPR image to a proposed method that uses a threshold
in the curvelet domain as a method of subtraction. This new method allows a
simple noise model, like the average trace subtraction method, but without the
drawbacks of global averages and subtraction. The hypothesis is that the lack of
resilience of subtraction requires clutter models that are too complex, and that
thresholding is more effective at suppressing horizontal clutter using a simple noise
model. Additionally, both approaches to GPR processing take into account that
noise removal and clutter suppressibn should be implemented with fast algorithms.
The advantage of wavelets are that most implementations are reasonably fast. The
RDWT can be implemented very easily in modern DSP chips, making it a candidate

for on-line processing.

1.2 Thesis Overview

This thesis first introduces the basic mechanics of GPR technology and the unique
obstacles along with a selection of signal processing techniques that have been ap-
plied to CPR data. A brief wavelet introduction precedes the two wavelet algorithms
used in the methodology of this research. The first method, known as the redundant
discrete wavelet transform has been demonstrated as a successful transform where
noise can removed by the application of a simple threshold in the wavelet domain.

The following section introduces a 2D “wavelet” transform, known as curvelets,

which is a recent development in multi-resolution basis function decomposition and




similar to, but not strictly, a wavelet transform. The transform properties and coﬁ—
struction is described after a breif overview. The remainder of Chapter 2 introduces
the threshold operator that is used to perform noise removal.

The methodblogy is presented in Chapters 3 and 4, for A-scan noise removal
and B-scan clutter suppression, respectively. Chapter 3 introduces a method. for
choosing bases, the parameter that controls th(; number of def;omposition levels
in the RDWT and threshold estimation. A description of the GPR trace model
explains how a physical approximation of a GPR signal is made. At this point, the
noise models is introduced, first additive Gaussian white noise or AGWN, and then
a filtered form of AGWN, denoted as additive Gaussian colored noise (AGCN).

The clutter suppression methodology builds on the previous material, using
the synthetic GPR pulse model to form a synthetic B-scan. A brief introduction to
the landmine data is made, before a novel method of clutter suppression, inspired
from the success of thresholding 1D signals is introduced. The remainder of Chapter
4 describes the method of evaluation and performance of the new algorithm.

The results present a comparison between a proven wavelet denoising tech-
nique and the more successful RDWT method. Additionally, demonstrations show
the difference in the optimal mean-square-error linear filtering technique and wavelets
to remove either AGWN or AGCN. New results show the relationship of input noise
energy and decomposition levels along with a demonstration of compatibility of the
method to the current GPR processing method of stacking. Simulations of clutter
suppression are presented for the synthetic GPR image data and followed by an ex-

periment on actual GPR landmine data before the thesis concludes with a discussion

of results.




Chapter 2

Background

The topic of this thesis is evaluating the estimation of a threshold with respect to
ground penetrating radar. The concepts that are needed to perform this evaluation
are a basic physical understanding of the GPR data and how wavelets can be applied.
The motivation is clear: additional insight into GPR processing should serve to

enhance the field of landmine detection.

2.1 Ground Penetrating Radar

Radar operates on the principle that the range from the radar to the target can be
determined by timing the round trip of a transmitted pulse reflected by a target.
The assumption of radar is that the transmission medium is conducive to passing the
frequency content of the pulse. The earth is not a homogeneous medium, therefore
anticipating the frequency content to pass through the media of the earth is location
dependent. Ground penetrating radar overcomes this by using a wide range of
frequencies, which. allows sub-surface targets to be “ranged”.

A pulse transmission from an antenna at a single spatial location is received



over the duration of receiver gating. This resulting time-domain signal is called a
trace, or A-scan. For GPR data to be meaningful, a GPR survey usually attempts
to spatially sample a grid of points on the surface. The collection of traces from a
GPR survey of several spatial locations forms a three-dimensional data set of two
spatial coordinates and one of time called a GPR data cube.

The method of conducting a GPR survey varies on the type of GPR. A
GPR may be bi-static, mono-static or neither. In mono-static mode, the same
antenna transmits and receives the GPR pulse. The burden falls on the transceiver
electronics to properly gate the transmit and receive times and protect the receiver
from the large initial radiated pulse. In bi-static mode, separate antennas are used
for transmit and receive, but their spatial relationship is held constant. The analog
in seismic jargon for this method of operation is called a common-offset gather.
Each trace represents a constant angle between the transmitter and receiver. In
bi-static mode, antenna polarization relative to transmit and receive can improve
target detectability [43]. Additionally, common mid-point gathers can be used to
determine velocity models of the subsurface. In this survey, fhe-angle between
transmit and receive antenna is increased after each pulse transmission.

Many practical applications of GPR are being developed. High resolution
GPR solutions are used to image the internal structure of roads and bridges for
the appearance of cracks. Military and security applications have been suggested to
image potential threats behind walls of caves and buildings [6]. Snow pack layers,
internal ice structure and avalanche victim location have also been demonstrated
using GPR [40, 42]. Geophysical scientists make extensive use of GPR for the study

of near surface features [15, 58].



2.1.1 Principles of Operation

There are many variations of GPR, sjstems, which are defined by the type of antenna
and method of pulse generation. Impulse radar generates a pulse in the time domain
and uses an antenna, which is non-dispersive. The other common GPR system
creates a pulse in the frequency domain and may use either a dispersive antenna
to transmit a “chirp” pulse or a non-dispersive antenna. This type of radar is
called Frequency Modulated Continuous Wave (FMCW) or a popular variation in
HumDem research is Stepped Frequency Continuous 4Wave (SFCW) [18, 53]. These
radars usually fall into a broader category known as Ultra-Wideband (UWB) radar.

A UWB radar has a ratio of bandwidth to center frequency that exceeds one.
This is called the fractional bandwidth and is defined by [62] as

o fu—fL
BF—2<fH+fL> ' @1)

A UWB impulse radar has several advantages, because it uses low average power
and has a wide range of frequencies. This allows it to image the subsurface of a
wide variety of materials. Research by Cherniakov [12] shows that as the fractional
bandwith of a radar approached the theoretical limit of 2 it obtained maximal spec-
trum efficiency. Spectrum efficiency is defined as maximizing depth of penetration
to enable detection of buried objects. It was also shown that a radar with B P> 1.1
has a high spectrum efficiency, making UWB-GPR. radars an excellent choice for
depth of penetration when searching for underground events.

An impulse GPR in commercial applications commonly uses a Gaussian pulse
to excite an antenna,

V(t) = e /2, (2.2)

This pulse can be created by using a transistor in avalanche mode, with results in



1.5

FWHM

A

0.5 Half Maximum f — - - — —

Figure 2.1: Pictorial representation of the FWHM parameter of a Gaussian bump.

an output that is an approximation of an exponential charge and discharge cycle. A
typically GPR specification is the Full Width, Half Maximum (FWHM) of a pulse.
The FWHM is a common measurement of the width of a gaussian pulse and is

defined by

FWHM = 20+/2log, 2 (2.3)

The width of a pulse indicates bandwidth, but usually the working bandwidth of a
radar is limited by the antenna.
The response of an antenna to the input of (2.2) is to radiate a voltage

wavefield which is the derivative with respect to time,

VI(t) = —Let/207 (2.4)

o2

An event is defined as the filtered form of (2.4) that occurs at some point in time
of a received GPR trace. This event corresponds is the reflection of the transmitted
pulse from a subsurface feature and can be related to depth if the velocity of the
transmission media is known. In the case of a metallic reflector the event is the
second derivative of (2.2) because a metallic reflector acts as a second transmitting

antenna.
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GPR antenna development is crucial to successful GPR applications. The
antenna controls the interaction of the radiated waveform with the surface of the
ground by impedance matching. The antenna also determines the frequency content
of a radiated pulse, which dictates spectral efficiency thereby controlling depth of
penetration and target visibility. HumDem researchers have developed an antenna
that exhibits excellent GPR performance with respect to spectral efficiency and
ground coupling [59]. Data from this laboratory GPR and antenna is used to test
the algorithm presented in Chapter 4.

The characterization of an event in a GPR trace is determined by the timing
and amplitude of the occurrence. Due to spherical spreading of the transmitted
wavefront and attenuation of the subsurface, the amplitude of the received signal

for a mono-static configuration is shown by [17] to be proportional to

1 _
Ty 96 2adsec9. (2.5)

The distance, d,-is the line, in meters, normal with the top of the point reflector
to the surface. As the GPR survey is performed, the angle 6 increases, which
further attenuates the signal. In practice, some commercial GPR systems attempt
to compensate for this attenuation using an exponential gain applied during or after
data collection [39]. While it is the prerogative of the user interpreting the data
to apply a gain, it is important that noise removal be done beforehand to avoid
non-linear changes to the data statistics.

The determination of timipg in a homogeneous medium is based on the hor-
izontal location, z, of the antenna relative to the target and the depth, d, of the
target. For a point target, or a target size that is near the resolution limit of the

radar, the round trip time is determined by twice the velocity of pulse propagation

11




times the line of sight distance to the target

2
t=—Va?+ d>°. (2.6)

v

The velocity of propagation is determined by the speed of light scaled by the relative
permittivity of the ground, €

c
V= -

. 2.7
: (27)
If the subsurface is a combination of media, the determination of velocity can be-

come intractable. Additionally, the influence of water on ¢ is dramatic, capable of

increasing the permittivity by an order of magnitude.

2.1.2 Data formatting and visualization

In order to process GPR dafa', t'here are three common formats for prese11tati011
of GPR data. Fach format chooses a set of dimensions from the 3D cube of GPR
data. The most common format to perform image processing and understanding is
a B-scan. B-scans are are two dimensional images with time on the vertical axis
and a spatial dimension on the horizontal. Most often the spatial dimension is
the “down-track”, which is the direction that the antenna traveled as each trace is
collected. Specific spatial coordinates in a B-Scan represent an A-scan. An A-scan
is a time-domain waveform that is measured from the voltage on the antenna after
an initial pulse is transmitted into the ground. Typically an A-scan is measured in
milli-Volts, but may also be presented in a normalized amplitude. The amount of
time measured in an A-scan varies with the GPR system in use, and depends on
the center frequency of the system. A low frequency GPR can typically penetrate
further into the ground and requires a longer time to allow the pulse to reflect back

to the antenna.
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Due to the nature of a GPR pulse containing multiple events; Van A-scan is
described as “wiggly” and has many smooth oscillations. This descriptive of A-scans
also refers to a method of viewing B-scans called a wiggle plot, which is actual A-
scans vertically oriented and plotted close together. This method is used most often
by human operators to make interpretations of GPR data. In Figure 2.2, a pixel
intensity B-scan image is presented, where each pixel color is scaled based on the
amplitude in the A-scan.

Occasionally C-scans are used in image processing. A C-scan is a “depth”
slice, which takes the A-scan values over all spatial locations to form a intensity
image. The C-scan contains both spatial dimensions for axes, which are the down-
track and cross-track. The cross-track dimension is the spatial direction that the
antenna is moved after a down-track survey is completed. A C-scan'is a subset of a
B-scan, because it is generated from the set of all B-scans. Each B-scan is, in turn,

a subset of A-scans.

2.1.3 Sources of Noise

There are many noise sources present in a GPR device. During the creation of the
initial source waveform, noise may be added by interference from external sources or
poor high-frequency digital design of electronics. After a pulse is transmitted, cross-
coupling from the antennas may generate spurious, large amplitude events prior to
any reflection events. In addition,'upon reception of a GPR signal, clock jitter,
analog-to-digital quantization noise and amplifier noise determine a noise floor and
the operating dynamic range.

At the resolution of GPR, the majority of signal energy comes from large

impedance changes in the ground. Changes in soil water content will dramatically

13
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Figure 2.2: Selected Examples of different scan types. Each contains different per-
spectives of a GPR data cube.
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attenuate the signai amplitude as it propagates into the ground. Additionally, if
the subsurface contains large amounts of near wavelength objects, like glacial till,
depth of penetration and target localization will also decrease. ACollectively, events
that are due to actual reflections of the source waveform, but reduce target signal

reflections are referred to as clutter.

Positional Noise

It is important to consider that the antenna is a physical object that is never precisely
positioned. In the lateral sense, the antenna position is critical if any transforms are
taken on the data in the X-Y dimension. Both the wavelet and Fourier transforms
expect data to be sampled on a fixed grid. In order to correct this noise', éntenna
position must be recorded and the data interpolated onto a fixed grid. In the
application of landmine detection this becomes a problem with handheld detectors,
which can be swung in arcs or irregular lines [32]. Most laboratory solutions use
robots or antenna jigs to stabilize and accurately determine spatial location.

In addition to lateral movement, it is important to consider vertical and
angular antenna position. Both angular and vertical positioning affect the coupling
of energy into the ground. As the coupliﬂg changes, the amplitude of the received
signal varies. The result is that algorithms must adapt to an unknown variance
in amplitude. Additionally, vertical position uncertainty creates temporal variance
of the received signal. Usually this noise is minimized by allowing the antenna to
travel flush to the ground, but as. ground chf:mges occur, the hyperbolic éssumption
of a target response can be invalidated. Often this issue is lessened by the duration

of scans, which are taken over contours that can be considered flat.
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System Noise

The most well understood system noise is thermal noise. Thermal noise can be mod-
eled by additive Gaussian noise. The noise is the cumulative effect of the antenna
gain, amplifier noise figure and the transmission line. It can be quickly reduced by
trace averaging or stacking of multiple traces from the same spatial location. Com-
mercial GPR systems implement this in hardware and will provide the user with
the ability to average up to 32 traces.

Other system noise, which is less understood and might not be well modeled
by Gaussian noise comes from electronic design and susceptibility. For example,
poor circuit board design of a transmitter can add noise to the generated pulse.
Reception of external signals may also corrupt the signal. The duantization noise
of the analog-to-digital converters also limits the dynamic range of the system. The

combination of all sources of noise is very likely Gaussian, but not necessarily white.

Clutter noise

Clutter is defined by the user and strictly speaking is not noise. Clutter is the
cumulative effects of reflections from actual boundaries that are illuminated by the
GPR, but impede with analysis of the primary targets under study. The most
common form of clutter in any GPR application is the ground. The occurrence of
a reflection from the ground offers very little information to a GPR image and may
interfere with near-surface objects. Landmines are an example of a near surface
target that can be impeded by the presence of an air-ground event.

Other forms of clutter, with respect to landmines, are targets that have prop-
erties very close to the desired target and can result in a false positive determination

of a primary target. These false positives can be metal fragments, stones and other
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debris that produce events similar to a landmine event in either amplitude, fre-
quency content and shape or a combination of the three. Generally, this form of
clutter is filtered using discrimination algorithms. A discrimination algorithm will
use some unique feature of the desired target to suppress all other possible targets
that do not contain any such features.

Another form of clutter, sometimes called background noise, appears as the
portion of a signal, which does not necessarily represent a physical object, but ap-
pears as a slowly varying horizontal event in a B-scan. The most common form
is multiple reflection that occurs between the ground and antenna, often exacer-
bated by antenna ringing. Subsurface planar reflectors are sometimes grouped with
background noise, because of the typically large horizontal component. The terms
background noise and clutter are used interchangeably in the literature and are
problem specific.

Clutter noise models are often considered additive, such that the subsurface
can be represented by a train of dirac functions, each of which represent either target
or clutter temporal locations. The GPR signal is then convolved with the dirac train
to obtain a simulated received trace. Clutter is normally the limiting noise in GPR
systems [18]. Besides target depth, clutter is the limiting factor that determines the

detectability of a subsurface target.

2.2 Selected Review of GPR Signal Processing

All GPR data is processed, whether by human or machine. In a simple case of utility
finding, it is usually enough for a human to interpret utility location based on the
existence of a hyperbola in an unprocessed B-scan. In the case for humanitarian

demining, it is usually necessary to perform additional machine-based processing

17



and discrimination to perform accurate and reliable landmine detection.

GPR processing can be divided into three categories, restoration, transfor-
mation and discrimination. Restoration is concerned with the removal of noise,
correction of system error or correction of the sensor degradation. Transformation
is used as a functional tool to perform signal processing, but in the 'éase of migration
is also an output. Discrimination is a key aspect to landmine detection. Discrimi-
nation uses a feature, hopefully unique, to separate noise and clutter from targets.
For discrimination clutter often refers to anything that is not a desired target. This
definition varies depending on the features used to discriminate.

A typical signal processing chain for landmine detection may include sev-
eral restorative techniques, possibly a transformation and always a discrimination
step. The importance of developing an excellent understanding and usefulness of

restoration tools is paramount to successful landmine detection.

2.2.1 Review of A-scan Processing Methods

When processing a GPR A-scan, most methods focus on signal restoration. Restora-
tive methods include, DC-offset removal, Gaussian noise filtering and feature en-
hancement. With the exception of DC-offset removal, which is sometimes performed
by the equipment, most restorative techniques are chosen based on the remaining
operations of the signal processing chain.

Feature enhancement is usually done for the benefit of an expert interpreter.
These techniques are often times carried out at the discretion of expert, where the
various outputs are visually compared. For A-scans, these methods are frequency
filtering, averaging and gain adjustment. Frequency filtering consists of applying a

low, high or band-pass filter to select certain features. As a GPR signal travels into
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the earth it is dominated by the time-variant low pass effects, which reduces the
high-frequency content of late time events. High pass filtering is performed when

bl

it is necessary to dewow an A-scan. A “wow” signal is the low frequency effects of
transmitter and receiver coupling, which produces a slow decaying signal into the
A-scan (39].

Noise filtering is not a standardized process, nor is there a correct choice for
all applications. The only ubiquitous noise removal that is performed on A-scans is
stacking. Stacking, or in GPR jargon, trace averaging, is the average of repetitive
scans from the same spatial location. Commercial GPR systems often include this
form of noise reduction as a primary parameter choice when performing a GPR
survey. The purpose of stacking is to remove system noise.

Other methods include Wiener filtering, which assumes the noise model is
well understood and attempts to perform an inverse noise filter in the frequency
domain. This method is also called minimum square error filtering, because it seeks

to minimize the error measure, E[f — f]2. This filter seeks to invert the degradation

response, H(w) in the frequency domain using [28]

1 |Hw)
(W) [H(W)|* + K

F(w) = = G(w). (2.8)

The parameter K, assumes additive white Gaussian noise and can be estimated from
the variance of the noise. The result is to suppress phe noise and degradation in the
corrupted signal, G(w) and prodﬁce an estimate of the signal', f. Wiener filtering
has been applied for different special cases, which are described in [17].
Discrimination can also be performed on A-scans using bara’met’ric target
models, frequency feétures, or time features. Discrimination using time features is
done with matched filtering and is usually not well suited to GPR, because of the

time variant filtering of the subsurface. Frequency features can be discriminated by
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using the unique spectral content of a target to suppress other events [37]. McClure
and Carin explored the idea of compactly representing GPR waveforms using a
matching pursuits algorithm in [52]. This method attempted to find compact atoms
that represented fundamental structures of radiated and reflected electromagnetic
waveforms with success in approximating time and frequency parameters of GPR

signals in noise, which proved useful for discrimination.

2.2.2 Review of B-scan Processing Methods

The majority of B-scan processing is focused with clutter suppression and discrim-
ination. Clutter suppression is a difﬁcﬁlt and subjective topic that reduires careful
definition of what is clutter. Horizontal clutter is well studied, with current research
showing' moderate success at removing the ‘air-ground event and other persistent
horizontal eQenté. | |

A common form of horizontal clutter reduction is to use average trace sub-
traction (ATS). Given a collection of traces located spatially at points in z and y.

ATS uses an average trace for a particular B-scan located at position y,
1 X
fy=% ; fay (2.9)
to perform a subtraction for a given B-scan,
foy = foy — fy- (2.10)

This is effective in enhancing the hyperbolas or any non-horizontal event in GPR
data. The drawback is that all horizontal events are removed or attenuated, there-
fore if a target contains horizontal information ATS is not suitable. Other examples

focus only on the air-ground event, such as Wu {68], where the air-ground event is
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adaptively estimated using a shifted and scaled reference signal to perform subtrac-
tion.

The nature of subtraction is that ATS is not robust to phase changes or
amplitude changes. If a clutter event decays to zero, ATS will continue to use the
same static amplitude calculated from the average to subtract. For computational
critical applications, it can be a useful method and is used in some discrimination
algorithms in [69]. Gader et. al uses a variation that calculates the derivative in
z instead of the average, which is used in the signal processing chain previous to
discrimination and is highly sensitive to noise [25, 26].

The major problem of ATS is the instability when subtracting coherent noise.
This can lead to artifacts that can decrease the usability of a data set. Ulrych et. al
studied this method of clutter suppression with respect to other competing methods.
In particular, the a-trimmed mean was suggested as a way to handle variable clutter,
but at the additional cost of careful expert decisions to choose «. The median was
also studied, which led to [66], a study on the robustness of L-moments as estimators.
New research was presented on the possibility of using a James-Stein estimate for
noise and clutter suppression on a B-scan. This method uses a shrinkage parameter
to adjust an local observation based on the global mean [65].

After B-scan processing, GPR data is often times used to form a 3D image.
This is referred to as migration and is the process of focusing a B-scan or GPR data
cube into a coherent image. This technique is sometimes performed in landmine
detection, but due to computational complexity and resolution it is not popular.
It does present the most understandable output for human understanding, because

the hyperbolas are collapsed and the time axis is recast to depth [71, 46, 27, 43].
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2.3 ‘Review of Wavelet Transforms

Wavelets and Wavelet transforms are an exciting topic of research, which was in-
spired by the collaboration of Mor'le‘t and Grossmann [30] ’i‘he principle of wavelets
is that a signal can be représented by its frequency and temporal content. The re-
lationship between time and frequency, necessarily, is a tradeoff of minimal support
in one domain demanding maximal support in the other. In the world of signals,
transient events present a challenge to estimation and compactly representation [48].
If a time series contains a mixture of signals with varying amount of support in both
domains, there is a fundamental limit to tile determination of a precise time location
and frequency content for each component. The elegance of wavelets is an efficient
representation that attempts to balance the inherent uncertainty between time and
frequency.

Wavelets are often introduced as a continuous transform, which underlies the
fact that each discrete representation of wavelets makes a unique sacriﬁce to obtain
efﬁciént algorithms and signal representations. The continuous wavelet transform,
qualitatively, is the partitioning of a signal into time and frequency atoms by the
application of translated bandpass filters. These atoms, ideally, attempt to maximize
frequency and time localization.

Using the notation of Mallat [48], a wavelet has a zero average such that

400
P(t)dt = 0. (2.11)
—0

To obtain localization in time, the wavelet is translated by « and scaled by s,

Whu,s(t) = \—15—1/1 <t — u) : (2.12)

The scale parameter is usually greater than zero. The wavelet transform can now

22




be defined as the convolution of the wavelet with the function under study, or

Wiu,s) = /_;Oo f(t)%zb* <t — u) dt. (2.13)

S

The sampled continuous wavelet transform should not be confused with the
discrete wavelet transform. Creative solutions to use the sampled continuous wavelet
transform attempt to characterize the type of discontinuity. Mallatvused the wavelet
modulus maxima to estimate the Lipschitz exponent to classify a singularity [47].
Hsung extended this work by approximating signals without directly identifying
the singularity [38]. The author uses a modified form of wavelet modulus maxima
detection to estimate an inter-scale ratio and inter-scale difference of the sampled
continuous wavelet transform coefficients to estimate the signal in noise.

A wavelet transform can be described as a multi-resolution decomposition of
a function. Resolution may not be precisély correct in the continuous domain, but
is certainly applicable in the discrete. When the continuous wavelet transform is
discretized, the scale parameter defines the time/frequency resolution of the cor-
responding decomposition. This discrete multi-resolution decomposition will allow

efficient signal processing to approximate, compress and estimate signals.

2.3.1 Discrete Wavelet Transform

The orthogonal discrete wavelet transform is a well studied implementation of
wavelets in the discrete domain. It became popular amongst applied scientists when
a fast filter bank approach was introduced. Alongside the fast c-omputation and the
ability of the DWT to compactly represent mixed signal functions, researchers were
also able to derive many analytical results that suggested profound implications not

accessible before.
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Amongst these discoveries was the work that influenced the field of signal
processing by Donoho that suggested non-linear thresholding could achieve near
optimal signal estimation in white noise [23]. The substance of that claim relies on
the orthogonality of the discrete wavelet transform.

The continuous wavelet transform is far from orthogonal and offers no imme-
diate discrete solutions. To solve this problem the discrete wavelet transform makes
two dramatic changes to the choice of the scaie and translation parameters s and
u. The first change is to choose s by choosing the number of scales dyadically. The
new discrete parameter, j is -

s=2, jEZ (2.14)

and the discrete translation parameter, k is dependent on the scale
u=22k ke ' (2.15)

This choice of discretization of‘ the continuous parameters is motivated by a fast
implementation algorithm, but solidly rooted in sampling and information theory.
Intuitively, the dyadic partition of the scale parameter in the DWT allows a higher
localization in low frequency, where time localization is necessarily minimal. The
dependence of k£ on the discrete scale parameter, j balances this uncertainty at
higher frequencies when signals become highly localized in time.

This choice of scaling and translation forms a set of wavelet basis functions.
The dyadic choice of j and k results in N basis functions, which is equal to the
length of the signal f[n]. The index, m is related to each translation and dilation
of the discrete wavelet basis to form g{m]. The discrete wavelet transform can be

represented by

Flm] = (£, gm), (2.16)
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Intialize the iteration with:

A%k) = f(n)
H = Scaling Filter
G = Wavelet Filter

The wavelet coefficients are F7 for j = 1,...,J and the scaling coefficients are
FIH (k) = A/ (n).

Figure 2.3: The DWT is implemented by an iterative application of high pass and
low pass filters that are constructed by the wavelet and scaling function.

where g,,, is an orthogonal set of basis functions,

<gm:gn> = Cmn(smn' (217)

Often, wavelet bases are chosen such that Cp,, = 1, which makes a basis orthonor-
mal. However, the DWT is better understood as an implementation of cascaded
digital filters, which is shown in Figure 2.3.

The limitation of the DW'T is the lack of shift invariance. For an intuitive
underétanding, consider the second coarsest scale, which only contains'two coeffi-
cients that represent the signal frequency and temporal content at this particular
scale. These two coefficients are sufficient for perfect reconstruction of the signal
using the DWT, but if approximations or estimations in noise are made the lack of

shift invariance becomes evident. Signal estimations can be performed by thresh-
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olding which chooses a particular coefficient based on the coefficients amplitude.
Shift invariance implies that a shifted version of the signal under study will produce
a shift in the wavelet coeflicients, while not significantly changing the amplitude
of the coefficients. Without shift invariance, the success of thresholding the DWT

coefficients to remove noise will depend on the signal’s location in time.

2.3.2 Redundant Discrete Wavelet Transform

The Redundant Discrete Wavelet Transform (RDWT) is a fast, convenient method
of obtaining shift invariance. The term RDWT is ambiguous, because the nafure
of obtaining coefficient redundancy is not unique. A literature review suggests that
the undecimated version of the discrete dyadic wavelet transform is the RDWT.
This is equivalent to other names, such as the Shift-Invariant Discrete Wavelet
Transform (SIDTW) [45], Undecimated Wavelet Transform (UDWT), Stationary
Wavelet Transform (SWT) [54, 56] and the original method Algorithme & Trous by
Mallat. These methods are not equivalent to the CycleSpin [13] or Shifted Orthog-
onal Wavelet Transforms, which obtain redundancy by means of shifting the input
signal and re-calculating the wavelet transform.

A diagram of the RDWT in Figure 2.4 shows the similarity to the DWT. Each
level, j, is a bandpass filter of the original signal. The bandwidth of each filter is
chosen dyadically, which is identical to the DW'T. In the orthogonal DW'T, the signal
is decimated at each stage of decomposition, because the exact location at lower
frequencies is ambiguous. However, without decimation the RDWT coefficients fully
represent the uncertainty of low frequency events with the same sampling resolution
of the signal, thus producing linearly dependent coefficients.

The choice to use a redundant representation is a double-edged sword. Proven
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Figure 2.4: Rather then decimating the signal at the output of the filters, the filters
are up-sampled which preserves the frequency resolution at all wavelet scales.

27




results for the DWT do not transfer to the RDWT, though experiments suggest that
the results are similar. The nature of a redundant transform is that the approx-
imation of the signal is no longer unique. Therefore, the complexity of choosing
the smallest set of coefficients for a given quality of reconstruction becomes NP-
complete.

Current research by Donoho [22] and Gribonval [29] suggest that if certain
conditions for sparsity are met, a set of coefficients can be chosen by the minimization
of a linear program. Herrmann [34] has demonstra,téd these results by using linear
programming to maintain high quality reconstruction using a sparsity constraint
when choosiﬁg a set of redundant coefficients. Tropp [64] has instead used a greedy
algorithm to choose a set of coefficients. Another method used by Pizurica [57] uses
the redundancy of the RDWT to estimate a local spatial indicator. This indicator
allows coefficients to be chosen across scales, exploiting the similarities that are

present at different scales.

2.3.3 Curvelet Transform

Curvelets provide an excellent representation of GPR events in B-scans for signal
processing. The nature of curvelets is that they efficiently represent a piecewise
smooth curve which contain singularities normal to the direction of smoothness.
This property is the precise nature of GPR data, which suggests that curvelet co-
efficients can provide a localized sparse representation where non-linear operations,
such as thresholding, can be performed. The same arguments that apply in the
1D wavelet case work in this 2D representation, namely that optimal linear denois-
ing methods, in the sense of minimum risk, can be further improved by non-linear

estimators using curvelets [7].
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The seminal curvelet papers [7] and [8] describe the nature of curvelets and
their properties. An approach to an intuitive understanding is to compare the shape
of the curvelet atoms. The separable 2D wavelet bases are nearly isotropic and well
contained within a the support of the scale, j. However, curvelets are designed such
that width = length?. This makes a curvelet anisotropic and requires an additional
orientation parameter, 8. Curvelets also require a scale parameter, j, and position
vector, k, to represent the location and frequency -'content.

The building blocks for sparse representation of curves can be made using
these three parameters: scale, spatial location and orientation. To insure sparsity,
the curvelets are constructed using a parabolic law scaling law, which provides a
natural extension to smooth curves. Therefore, unlike 2D wavelets, which tend to
represent a curve as a collection of points in the wavelet domain, curvelets minimize
the number of coefficients needed to represent the curve by adapting to the scale of
the curve.

The most important result presented in [7] is the rate of energy decay, in
an L-2 sense, of a incomplete reconstruction of a sigﬁal, f, using the m largest

amplitude coefficients of a a curvelet decomposition is
If = f2ll3 < Cm~2(log n)®. (2.18)

The strength of this statement is that adaptive methods, which are not necessarily

2 as m — oo, whereas wavelets approach m~!. Despite

tractable can approach m~™
the log term, a curvelet representation approaches the adaptive limit. The benefit
is that curvelets are not adaptive and do not require the iterative computations nec-

essary to adapt to a signal. With the results in [9], a new technique of constructing

curvelets has introduced a tight frame, which is used in this work, and the same

approximation rates hold.




Tight frames will preserve the energy in both demains, known as Parseval’s

relation for the Fourier domain and echoed here in the curvelet domain as

D) = 1 1E ey, VS € Lo (R?), (2.19)

which makes reconstruction straight forward by using the adjoint. As expected,
the reconstruction is the same for curvelets as for wavelets, which is the sum of

coefficients in the curvelet domain projected onto the basis functions,

f = Z <f 'Ym> Y- (2’20)

The partitioning of curvelets has some similarity to wavelets in terms of
scale and. translation, but not in orientation. When wavelets are extended to two
dimensions, the frequency partitioning does not represent the fullness of the extra
dimension. In a 1D signal, a singularity can be described by a point in time. Two
dimensional wavelets operate under the same premise, that singularities occur at
localized points in an image. However, edges are singularities that are oriented
on a line. The angular partitioning of curvelets allows these singularities to be
represented by a location and orientation. With a wavelet representation, this edge
would be represented by a collection of points rather than a smooth line.

Curvelets overcome this inefficient representafion through a frequency par-

‘tition that includes not only dyadic frequency partitioning, but also a doubling of
angular partitions at every other scale. Angular localization with respect to fre-
quency is subject to the same uncertainty as temporal locélization. Therefore, the
angular parameter, @, provides finer resolution at higher frequencies. The result is
a partitioning, which allows a piecewise-smooth edge containing a singularity to be

represented by a sparse set of coefficients.
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Figure 2.5: An image of a single curvelet is shown. The curvelet is directional and
localized with a definite angular component.

These new atoms can be described as “needle-like” at fine scales [9], whose
rectangular dimensions follow the parabolic scaling law of width = length?. When
these functions overlap an edge that follows a smooth curve, they produce large
coefficients. This produces a sparse representation for edges, which can be adapted

to the hyperbolic events of GPR data.

2.4 Noise Removal using Threshold Estimations

The foundation for wavelets is laid and the extensions to various discrete imple-
mentations are described. The next step explores the application of wavelets and
curvelets to the estimation of a signal in the presence of noise. Statisticians refer to
this problem as non-parametric regression, or in engineer speak: denoising.

The goal of noise removal will be to estimate a signal, f from a noisy obser-
vation d. The model is additive so d = f + n, where n is the noise present in the

data observation. If the data is transformed into the wavelet domain using a set of
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orthogonal basis functions g,,, by
Dlm} = (d, gm), (2.21)
then the underlying model is also transformed such that

Dm] = (f, gm) + (1, gm)- (2.22)

If it was possible to know the value of N(m) it would be a simple matter of sub-
traction. Instead, a decision operator is introduced, £2[m], which will shrink each

wavelet coefficient of the data. The application is

f=>_Qm|D[m]gm, (2.23)

which produces an estimate, f that can be measured with reference to f by the the
risk:

ra(f) = E(lf — 7). (2.24)
The minimum risk can be obtained if the nature of the noise is known in the wavelet

domain using oracle estimation [48] with a decision operator defined as

_ __|D[m]?
Qm] = Dl 102

(2.25)
This holds only if the noise is Gaussian and white with a zero mean. The remark-
able result shown by Donoho [23] was that the decision operator defined in (2.26)
produces a risk which is nearly minimal with respect to oracle estimation. This non-
linear threshold operator would instead make a decision to either keep a coefficient

that is above a threshold, 7', or kill it, by multiplying with a zero. More formally,

hard thresholding is,
1 if |Dm]| > T,

. (2.26)
0 if [ Dim]| <T
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This produces a lower risk in the estimate f , but higher amounts of spurious os-
cillations, where f contains transients. An alternative to hard thresholding is soft
thresholding. Soft thresholding applies the same principle of keep or kill, but re-
moves the sharp discontinuities of hard thresholding by shrinking coefficients above

T. Soft thresholding is defined as

0 if |D[m]| < T,

Qmj=4D[m]-T DM >T - (2.27)

Dim]+T if Dim] < -T

Donoho showed in [23] that T" could be chosen by simply knowing the stan-

dard deviation of the noise and the number of points,

T =o0+/2log, N. (2.28)

This result is coupled with the ability to estimate the standard deviation from the
finest scale coefficients of D[m]. If the wavelet coefficients are arranged, such that

0 < m < N/2 then an estimate of the standard deviation is
& = median|D[m]|/0.6745, for 0 < m < N/2[48]. (2.29)

These results led to a surge of research in the application of threshold estima-
tors. The results were promising, but a nagging problem remained: shift invariance.
The above results hold for additive Gaussian white noise thresholded from the DW'T.
Due to the lack of shift invariance, the resulting estimations were excellent in the
sense of risk, but lacking in smoothness.

In [45, 44], Lang et. al were inspired by R. Coifman to threshold a shift invari-
ant wavelet transform to remove additive Gaussian white noise. Using the RDWT,

they did a performance comparison on several of the 1D and 2D signals. Comparing
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these results to Donoho’s work [21] with soft thresholding they were able to show
that as the energy of the additive noise decreased, thresholding the RDWT began
to outperform soft thresholding of the DW'T. These results were demonstrated by
fixing a number of the parameters available in the algorithm. Donoho and Coifman
also attempted their own versions of a shift-invariant wavelét th'reshold algorithm.
In [13], the authors introduced the SpinCycle algorithm which used the results from
[1] to produce a set of redundant coefficients to threshold. These results also out-
performed classic DW'T thresholding methods.

Thresholding in the wavelet framework is summarized by theoretical and ex-
perimental results present in current research. The lquestions that have not been
answered in present research are the significance of choosing the number of decom-
position levels and if RDWT thresholding can be applied to colored Gaussian noise
using a threshold estimatof. The next two chapters address an aspect of these ques-
tions by exploring methods of evaluating and applying a threshold estimator to GPR

data.
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Chapter 3

Removing Noise from a GPR

A-scan

The objective of the following methodology is to evaluate and understand specific
practical questions that have not been addressed in the application of wavelet noise
removal to GPR signals. Current research suggests that wavelet denoising can be
effectively performed by redundant transforms, but it is still unclear how to choose
a threshold estimator, scale parameter or basis. It is beyond the scope of this thesis
to explore exhaustively each choice, but instead _focus is placed on an the scale
parameter after a wavelet‘ basis énd threshold estimator is chosen. The hypothesis
is a level-constant threshold estimator applied to the RDWT transform of a GPR
signal is a suitable method for removing white and colored Gaussian noise if the
scale parameter is properly chosen. |

There are four ingredients, which are necessary to test the suitability of the

thresholded RDWT for GPR signals. Each of the following sections discusses the

specific choices based on the following questions:




How can a synthetic GPR. pulse be generated?
e How can a threshold be estimated and applied to the RDWT?
e How can a wavelet basis be chosen?

How will the scale parameter affect Gaussian noise removal of the thresholded

RDWT?

In order to evaluate the suitability '_onRDWT thresholding a direct compar-
ison to the existing theoretical results is made. The performance is juxtaposed to
the choice of thresholding the RDWT and Wiener filtering on GPR signals. The
metrics provide comparisons can be made to the existing literature. Specifically, the
theoretical results of wavelet literature focus on the use of a risk metric, introduced
in (2.24). Proven results in wavelet denoising show the decrease in a normalized risk

metric,
I = FI2 _ ()
Nog? No?’

(3.1)

This metric assumes that zero-mean Gaussian noise, has been added to the signal
f. The difference of the signal and its estimate f are normalized by the length, N
of the signal and the variance 02 of the Gaussian noise.

Evaluation of the maximum scale parameter, J is presented in the familiar

engineering metric of signal-to-noise ratio,

2

When comparing the signal, f to the estimate, f , émphasis is placed on the improve-

ment of the output signal-to-noise ration, SN R, relative to the signal-to-noise ratio

of the noisy input data,

SN Rimp = SNRous — SN Rip,. (3.3)
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This emphasizes the changes in performance when experimental parameters are
chosen.

The experiments are conducted in MATLAB using Rice University’s im-
plementation of the RDWT from the Rice Wavelet Toolbox [31] and the wavelets
are generated with Wavelab [24]. A description of the ingredients to the RDWT
thresholding process with a discussion of the rationale and relevance follows. The
parameters of RDWT thresholding are explained before the GPR and noise model

is described.

3.1 Determining a Basis for A-Scan Approximation

In Mallat’s Wavelet Tour of Signal Processing he labels a chapter: ESTIMATIONS
ARE APPROXIMATIONS. Among the properties of the wavelet transform, one ele-
gant result is that signals are sparsely represented for a given wavelet basis function.
This property makes estimation of a signal in noise simple, because the correlation
of the signal to the wavelet basis provides high amplitude coefficients, which are
easily chosen via a threshold. The foundation of successful estimation relies on a
small number of coefficients being an effective approzimation of the signal.

A basis function should be chosen such that the decomposition presents a
sparse set of coefficients and the signal is well approximated with a small number of
coefficients. Data adaptive methods [14, 49] choose a “best” basis from a dictionary
of bases using a sparsity measure to make a decision. Rather than form a best-basis,
this work instead uses the log-energy distribution measure,

N .
> IF[m] log |F[m]|. (34)
m=1

to choose a particular mother wavelet.
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When picking a basis function, the support of the bases affect sparsity, but
usually at a trade-off in the smoothness of reconstruction. This trade-off is related to
the to wavelet construction, which demands that the wavelet support is determined

by the number of vanishing moments. The wavelet has p vanishing moments if

+00
/ 1Pp(t)dt = 0, | (3.5)

—00
An intuitive understanding of vanishing moments is that a wavelet acts a differentia-
tor. If a singularity is differentiable ¢ times, then a wavelet will be able to “detect”
it when the vanishing moments, p is greater. If a wavelet is chosen for the number
of vanishing moments, then the minimum support is 2p — 1.

For GPR signals, the underlying signal is highly differentiable and it is more
important to produce large amplitude coefficients, which make signal estimation
possible. Using (3.4) as a guide to determine the best choice for a basis, mini.mal
support should increase sparsity. Table 3.1 verifies that the Daubechies wavelet

with 2 vanishing moments produces the sparsest representation with a log-entropy

metric.
Basis Entropy
Daubechiesd | -302.3
Symmletd -294.6
Coiflet2 -290.1
Battlel -289.5
Symmlet6 -273.5
Coiflet3 -272.6
Daubechies6 | -270.4
Coiflet1 -268.5
Symmlet5 -266.2
Battle3 -225.8

Table 3.1: Summary of entropy measurements on selected basis functions.

Table 3.1 is generated by decomposing a 2048 point synthetic GPR trace
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with one reflection event. Each entry represents a particular basis for decomposition
calculated with the Wavelab function MakeONFilter.

The sparsity of a decomposition does not guarantee the ability to approx-
imate a signal. However, the alternative to using a sparsity metric is to find the
smallest set of coefficients for a given approximation rate. Searching for this optimal
set of coeflicients which satisfies a certain quality of reconstruction is an NP-complete
problem. Therefore, the sparsity property becomes an efficient and reasonable as-

sumption for choosing a wavelet basis.

3.2 Determining the Number of Levels of Decomposi-

tion :
e.?)

In addition to determining a basis function, it is important to determine a useful
number of decomposition levels. The maximum number of decomposition levels,
J, determines how .many differenf wavelet scales are calculated. It is possible to
decompose a signal psing the Redundant Discrete Wavelet Transform to a maximum
of J = log, N levels. However; it 1s not cleémr if a signal should be decbmpose’d to the
maximum scale. As the parameter J increases, the support of the wavelet increases
to a maximum of N when J = log, N. Because thé efficiency of a median operator
increases with NV and the advantage of thresholding decreases with sparsity, it is
expected that the optimal value of J is less then log, N.

There appears to be no research that suggests an appropfiate value of J. The

choice of scale parameter depends on the signal, noise and wavelet basis function.

The wavelet basis controls the balance between frequency and temporal localization.

The amount of energy that the noise and signal under study have at particular scale,




j determines if threshold estimation and application is appropriate.

The evaluation of the scale parameter compares the signal-to-noise improve-
ment calculated from (3.3). The number of levels, additive white noise and colored
noise, and the energy of the-noiéé' is varied to illustrate the scale parameter effect.
The measurements are performed on a synthetic GPR trace.

Evaluation of scale pafameter experiment: - -
1. Generate noisy data from the addition of a model and Gaussian Noise.
2. Decompose to J levels using the RDWT.
3. Estimate a threshold and apply.
4. Reconstruct the signal and measure SN R;yp.
5. Repeat steps 1-4 for a new realization of noise with larger SN Ry,.
6. Repeat steps 1-5 to obtain an average SN Riyp.

The reference model is a synthetic GPR pulse that models an approximation
of a physically realistic version of equation (2.4). Two different experiments are
conducted, one to examine the effects of Gaussian white noise and the second for
Gaussian colored noise. The coloration of the noise is described in Section 3.4.2,
which assumes the difficult case where the noise has nearly the same characteristics
as the signal.

The input noise is measured with (3.2) and varies from -9dB up to 30dB in
3dB increments. The range of SN R;, is representative of the signal attenuation as
it propagates into the ground, which makes late time reflection events decay into

the noise floor of the receiver. For each value of SNR;;,, the number of levels is
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varied from the minimum of one to the maximum of logy, N. Each experiment is
conducted twenty times and the average SN[y, is calculated with the mean.

The result form a surface where an optimal number of levels can be chosen

for the particular signal and noise type. However, because choosing the number of

levels is equivalent to bandpass filtering, a more generalized understanding can be

implied based on the frequency content of the signal and the noise under study.

3.3 Estimation of a Threshold from Noisy Data

The choice of a threshold estimator should only suppress a coefficient if it is below
a predicted value of noise. For the DWT a global threshold estimator can approxi-
mated for all coefficients. This global threshold is valid, because the noise remains
white in the wavelet domain with a constant standard deviation. When thresholding
the RDWT, the noise does not remain white and a threshold should be estimated '
for each coefficient individually.

Donoho proposes in [23] that the optimal threshold for the DWT is,

T =é&+/2log, N, (3.6)

which, for certain classes of signals, achieves nearly minimax risk with respect to
the optimal non-linear decision operator. This result makes the removal of white
noise in the DW'T domain a simple matter of estimating the standard deviation of
the noise. Using the equation (2.29), an estimate of & is reasonable if the signal is
sparse relative to the noise. For the DWT, the finest scale provides N/2 coefficients
to estimate the standard deviation. The support of the wavelet at the fine scale is
very narrow, which makes the signal sparse relative to the noise. For the RDWT,

each scale provides N coefficients to make an estimate, but the sparsity of the signal
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coefficients decreases with j. Therefore to generate a threshold estimator requires
either, advance knowledge of the noise behavior or multiple realizations of a signal
with identical noise distributions.

Using a hybrid method, which neither sets a threshold for each coefficient,
nor uses a global threshold for all coeficients will be called a level-constant threshold.
This threshold is constant for a given level and is calculated from an estimate of the

standard deviation of the coefficients at level 7,

T; = 55+/log, N. (3.7)

This is applied to the wavelet coefficients using a hard thresholding technique given
in equation (2.26) to the matching level of coefficients. The assumption is that the
decomposition is reasonably sparse and an estimate of ¢ will remove the majority of
noise without being too aggressive. This assumption is tested by the scale parameter
experiments outlined above and a calculation of risk with respect to the competing
methods. The expectation is that the scale parameter has a direct effect on the
ability to remove noise. As the J in_creases, the decreasing sparsity introduces more
bias in the coefficients making the median estimator too aggressive.

The alternative, which is to estimate a global threshold from only the finest
coefficients is sufficient and successful for white noise. The results of Lang [44],
Mallat [48] and Donoho [21] justify this method of thresholding. However, in the case
of colored noise, the average standard deviation will vary drastically for each level,
4. Therefore, a global threshold does not apply. Thus, a level-constant threshold
should prove to be a reasonable signal estimator in the presence of vcolored noise.

The verification of the level-constant threshold is tested against the perfor-
mance bf classic wavelet denoising using the DWT and Wiener filtering. A calcula-

tion of the normalized risk for the three methods is presented as N increases. This

42




1 T T T T

Level-Constant,
0.9 | === Per Coefficient : o |
Global . : - It

0.7

0.6

0.5

0.4

0.2

0.1

A1

Level 6 Level 5 Level 4 Level 3 Level 2 Level 1

Figure 3.1: Using the DWT, a global threshold is estimated, but is ineffective for
removing colored noise, which is clearly above the green threshold. A level-constant
threshold approximates a threshold that is calculated for each coefficient, which
adapts to the noise coloration.
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allows a direct comparison of the proven DWT thresholding results in [48] to the

RDWT level-constant threshold method.

3.4 GPR A-Scan Model

A GPR A-scan can be measured as a voltage, V., from a receive antenna. The result
is a convolution of several impulse responses from the environment and the system

with a source function, V,
Vie = Vi(t) * hyg(t) * hyg (£) * he(t) * ho(t) * he(t) + n(t). [18] (3.8)

The impulse response from cross-coupling, h.(t) is described in [18] and is one source
of horizontal clutter in a B-scan.

The impulse response of the ground, hy(t) is quite complicated as it depends
on the material, moisture content and granularity. Due to the variation with time,
accurate gréund models should be considered uniquely for specific application. A
simplification of the ground model can be coéstructed using a constant attenuation
for a time-invariant frequency response.” This methodology assumes the ground
is constant for all frequencies. Refer to the work of Irving [41] for a frequency
dependent inversion of simple ground cases.

The target impulse response, h;(t) is also complex, but simple reflectors such
as the ground or point reflectors can be roughly approximated as specular. The
input signal, V; is modeled as the derivative of a Gaussian bump like in (2.4). This
is a simplification, because a real pulse tends to be asymmetric and long-tailed, but
depends upon the transmitter design and operating characteristics.

The impulse responses of the receiving and transmitting antenna are the same

for a GPR in mono-static operation, which makes h,,(t) = hy;(¢). The development
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of a synthetic antenna model, h,(t) is described in Section 3.4.1. Using the antenna
model, the source pulse is filtered by h,(t) to form a synthetic transmitted pulse.
The reflection events are specular, which corresponds to a dirac function in time

making the final GPR pulse model,
Vie = Vs(t) % hp(t) * hy () % 6(t — £;). (3.9)

The target locations are located at the times in the array ¢;, which is the round
trip time from the antenna. The pulse must be filtered twice by the antenna, once
dﬁring transmission and once upon reception, thus the two antenna responses in
(3.9).

The physical parameter, FWHM, used to construct V; is 100ns, which is
approximately the FWHM of the experimental GPR demonstrated by the Belgium
Royal Military Academy HumDem research group [59]. This compliments the an-
tenna model, which is a simulation of the same experimental GPR.

The simplifications and assumptions made to produce the GPR impulse
model are based on method of noise removal. Wavelets can be thought of as a sin-
gularity detector. Within limits, the singularity can undergo linear filtering without
dramatically affecting the ability of a wavelet to efficiently represent it. There-
fore, the simplification of the ground and target to specular reflectors is reasonable.
Additionally, ignoring the cross-coupling term is justified, because it should have
similar frequency and temporal support as reflection events making the results on

the air-ground event transferable.
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3.4.1 Antenna Model

Bart Scheers, in his doctoral thesis [60], developed a normalized antenna impulse

response

Ze Ti Ze Trg
hnie = ) = ——h and Anre = 4/ =— —F—=hry
N,tx Za\/f_g t TL Za\/fg—

which describes the frequency dependent effects of the ground, f,, impedance of the

(3.10)

system and antenna Z., Z, and the transmission coefficient 75, 77y

The goal of the synthetic antenna model is to simulate a reasonable GPR
pulse in the time domain. For the purpose of determining the suitability of the
RDWT for noise removal it is not critical to understand each parameter of the
model. Instead, the experiment results from an antenna gain plot from Fig. 4-11 in
Scheers’ ([60]) thesis are used to calculate hy directly. Using points that estimated
by sight from the gain response of Antenna 2 of the referenced figure, a piecewise
model of G,(w) is generated. The normalizedA frequency response, Hy(w) is related
to the gain by

Gilw) = i—ngN(w)IQ. (3.11)

To find a the coefficients for a digital filter to approximate hy, the piecewise model
is fed into a Yule-Walker regression estimator to generate the coeflicients b;, a; of a

digital filter,

l —i
H (Z) . Zi_—_o biz
N - k T
T+ az™

Using (3.12) it is straight forward to find the normalized impulse response

(3.12)

and consequently filter coefficients of the theoretical pulse. In Figure 3.2 the Yule-
Walker fit is compared to the piece-wise estimation.
The final assumption is that hy () = hjvﬂ7 (t) and notation is simplified to

hn(t). Using this model a MATLAB script is created to filter the synthetic input
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Figure 3.2: Using the Yule-Walker method to estimate an example antenna response.

pulse by the simulated antenna response. Figure 3.3 shows the result of the physical

approximation of the GPR pulse.

3.4.2 Noise Model

The noise model, n(t) is straight forward to model in MATLAB. To produce Gaus-
sian white noise, the MATLAB function randn generates an arbitrary matrix values
which is normally distributed, zero mean and has a standard deviation of one. This
is referred to as the additive Gaussian white noise, or AGWN model. The AGWN
model is used to verify the performance of the RDWT level-constant threshold
method to the classic method using discrete wavelet thresholding.

The éolored noise model is created using the antenna model from the previous

section and GWN. The additive Gaussian colored noise, or AGCN is filtered white
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Figure 3.3: This pulse shows an typical pulse that might be received with only one
reflector at 1000ns. '

noise and is represented as an operator on the additive noise model,

d(t) = F(£) + hn(t) *n(t). (3.13)

4

The antenna model ensures that the GCN is “in-band”, meaning that the noise has
a similar frequency content as the signal, f. This presents a challenging case for the
verification of the level-constant thresholding of the noisy data, d.

The AGCN model is not unique and therefore does not represent an ex-
haustive study of AGCN noise removal. Conceptually, an AGWN model has a flat
spectrum. In the context of thresholding, a flat spectrum means that if the spec-
tral content of the signal is less then the noise, it is thresholded to zero. For the
AGCN, the spectral content is similar to the signal. This makes the estimation and

suppression much more difficult. These two cases should garner a general intuitive

understanding, which will allow an extension to other cases.
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3.5 Summary

This chapter introduced the methodology for testing the RDW'T in the presence
of Gaussian colored noise. The next chapter will introduce the methodology for
suppressing clutter in B-scans before the final results are presented. The main

points from this chapter are:
e A simulated GPR pulse is the signal under study.

A level-constant threshold is defined.

®

A wavelet basis is chosen based on sparsity.

A risk and signal-to-noise metric is used to evaluate results.
o A noise model for both colored and white Gaussian noise is shown.

The experimental results use these building blocks to evaluate the effect of
choosing the maximum number of decomposition levels on the ability of the RDWT
to estimate a GPR signal in white or colored noise. In order to establish a baseline

performance, experiments are designed to compare the DWT and RDWT in the

presence of white noise, before a performance evaluation on colored noise.




Chapter 4

Clutter Suppression in GPR

" B-Scans

Clutter sﬁppression is a common step in the signal processing chain towards the
goal of landmine detection. The purpose is to minimize damage of the target signal
event, while suppressing anything that is not related to the target. There are several
reasonably successful methods of clutter reduction present in current literature. For
a general overview the book written by D. Daniels, Surface-Penetrating Radar [18]

and a more comprehensive review in the recent book edited by the same author,

.Ground Penetrating Radar [19] are recommended. A brief overview of clutter sup-

i:)ression methods will be presented here to develop a motivation for the proposed
method.

Adaptive methods, such as the one introduced by Brooks et. al [4] uses a
linear time-invariant model to perform a non-parametric regression of the system
response to separate clutter. Another adaptive method of clutter sﬁppression at-

tempts to suppress multiple reflection events, where the author uses an L-1 weighted
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estimator instead of the traditional least squares filter to derive a clutter model [33].
Van Kempen et. al examines the data for a set of features to form a model and
suppresses clutter with a modified Wiener filter [67].

A non-adaptive method is presented in [63] where a principal component
decomposition is used with linear estimation. The assumption is that the target is
contained within the largest principle components and a linear approximation will
achieve clutter suppression. An alternative to regression models, is discrimination,
where clutter is suppressed by choosing a target, which forces all other data to be
accepted as clutter. Zhao proposes a successful method of discrimination using a
discrete hidden Markov model, which finds both metal and non-metal landmines in
GPR data [70].

This work is derived from the results of Herrmann in the seismic realm [36].
Herrmann uses the parsimonious curvelet representation of seismic data to itera-
tively suppress multiple target reflections. Herrmann’s work t;a.ckles the.difﬁcult
problem of selectively removing events that are nearly identical to the target, but
smaller in amplitude and later in time [34]. Herrmann’s method has also been ex-
tended to removing temporal clutter using multiple data sets from the same location,
but several years apart [16] and reducing the dimensionality of the seismic imaging
problem [35].

The method proposed in this work also supplements the results presented
by Nuzzo and Quarta [55], which compares 7-p and wavelet transforms for effec-
tive horizontal clutter suppression. Nuzzo et. al used the 2D DWT to selectively
threshold only the horizontal components. The two main features presented in their

method are:

e Identify the wavelet scales that clutter appears in.
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Original Curvelets: 41.6 dB Wavelets: 38.4 dB

Figure 4.1: This example demonstrates reconstruction of a simulated hyperbola with
only 0.5% of the curvelet and wavelet coefficients. Notice how curvelets maintain
the smoothness of curve and still reproduce the discontinuity across the curve.

e Suppress horizontal wavelet coefficients at identified scales.

The algorithm proposed makes several important changes to this general
approach. First, the curvelet transform is used, instead of the 2D wavelet transform.
Figure 4.1 demonstrates the motivation of using curvelets to approximate GPR
reflection events in B-scans. Second, a noise model is generated using features from
the data set, which intrinsically define the wavelet scales and horizontal clutter
features. Additionally, the noise model forms the threshold operator, which puts the
algorithm into the well researched and understood domain of wavelet thresholding.

Like clutter, the noise model should be determined for each application.
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Therefore, a synthetic clutter and target model is formed from actual landmine
data. To verify the noise model, the synthetic B-scan is generated using the physical
approximation of A-scans developed in Chapter 3.

The description of clutter suppression methodology begins with the syn-
thetic B-scan model. Afterwards, the clutter and target models are described and
the proposed algorithm is introduced. The chapter concludes with a discussion of

performance metrics for evaluation of the proposed method.

4.1 B-scan Model using Synthetic GPR Pulse

The synthetic B-scan is carefully modeled such that reasonable clutter and target
approximations are made. This allows a careful study of the efficiency and limita-
tions of the proposed method of clutter suppression.

In order to create a B-scan, targets are placed into a time vector and con-
volved with the impulse response of a GPR pulse. The target trace is a vector of
_ dirac functions scaled by the predicted target amplitude. For example, the ground
might be a dirac function with unit amplitude occurring at 1000ps. Due to the
FWHM of 100ps, the sampling rate is 10ps, and an index of 100 would contains the

target.

4.1.1 Clutter Model

The clutter model used for simulation is an ap;;roximation 6f clutter types that exist
in a real GPR scan. Figure 4.2 shows a real GPR survey of soil with no targets;
The synthetic clufter model reflects the three highlightéd e.vents.of 4.2.

The clutter is scaled to unit amplitude for all events. Each event is similar

to the physical events present in Figure 4.2. The specific time locations of clutter
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Figure 4.2: This GPR B-scan contains examples of clutter without targets. An-
notation A shows the air-ground event, the clutter in oval B is a highly variable
amplitude event and C shows a clutter event that does not exist for the duration of
the scan.



are not critical and arbitrarily defined as:
e Synthetic Event, F4: Ground, at 1000ps with constant amplitude
e Synthetic Event, Fp: Clutter at 1250ps with varying amplitude

e Synthetic Event, F¢: Clutter at 1500ps which does not persist

The amplitude of each event is defined by a function, before it is convolved

with the synthetic pulse,

E4 =1 | (4.1)

Ep =cos(2n0.02z), 1>z <50 (4.2)
0, 1>2<24

Lo = elo=2) /et 25>x<29 (4.3)
1, 30 > < 50

4.1.2 Target Model

The target model is generated by calculating a spatial hyperbola attenuated by an
exponential attenuation function dependent on the distance from the antenna to
the target center. The spatial hyperbola is calculated by creating an array of time

shifts,
2
t(z) = =/ Z?+ (x — )%, for £ =0,0.01,...,0.25 cm. (4.4)
v

The velocity is defined in (2.7), the target center, x¢, is 25 cm and the target depth,
Z, is the difference between target depth and ground, which is 5 cm. The target time
is converted to a MATLAB vector index by scaling (4.4) with the time sampling

rate, 10ps and rounding to the nearest integer,

. t(z)
idx = round <'10—Xi—01—2> . (45)

95




(a) Point Target (b) Large Target

Figure 4.3: Example of synthetic targets used in the experiments.

In MATLAB, the image is indexed by, idx and the attenuation is calculated by (2.5)
and assigned to the image array,

1 e—?ad

The attenuation coefficient, a was chosen to represent sandy soil, which has a low
attenuation of around 10dB/m. The distance from the antenna to the target is

found by d = \/Z2 + (z — 1;)? and the target gain function,

e—2aZ

normalizes the peak of the the hyperbola to unit amplitude. The normalization puts
the clutter, target and ground on similar amplitude scales, which is often the case.

This represents a reasonable model for a point target. An additional target
is used, which has larger dimensions. This will result in a horizontal component
that facilitates testing of the average trace subtraction method. It is calculated in
the same manner, except the center of the hyperbola is extended horizontally, as

presented in Figure 4.3.
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4.2 Proposed Method of Clutter Suppression

A new method is proposed for suppressing horizontal clutter. The foundation is
that the existing prevalent method, average trace subtraction (ATS) is often times
sufficient for highlighting hyperbolas in GPR data for reasons of computational
complexity. ‘Therefore7 new methods must be reasonably fast or especially successful
in suppressing clutter. The new wrapped curvelet transform, which is released in
CurveLab [10] is sufficiently fast to consider as an application clutter suppression.
Additionally, because the curvelet domain is efficient at representing GPR traces,
thresholding should prove to be competing method to ATS.

The act of thresholding “mutes” an event, which meets the criteria of the
threshold. Unlike subtraction, thresholding does not add energy, therefore eliminat-
ing the possibility of constructive interference. If an appropriate threshold can be
calculated that represents the clutter contained in the B-scan then a simple scaled
threshold can be applied in the curvelet domain. This will suppress events that are
clutter like and ignore events that do not match the estimated model. The clutter
model becomes the key to successful implementation of the proposed method.

The clutter model for ATS is the average trace, which has two major as-
sumptions. The first is that the resulting average amplitude is representative of all
traces. This is usually not possible for a GPR system. Amplitude varies as a result
of positional noise and subsurface material changes. The second éésumption is that
the phase remains the same. This is usually true, however, not all horizontal clutter
évents are present over the window of a B-scan.® If a clutter event 01;ly e;xists in a
portion of a B-scan the resulting subtraction will actually place an eveﬁt where none
exists. This would be a similar case if the clutter event changed phase 180 dégrees

resulting in constructive interference.
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The proposed method overcomes the pit-falls of ATS by adding amplitude
and phase resilience, but retaining a simple noise model. If a quasi-accurate clutter
model is generated, the phase and amplitude resilience of the method comes from
the parsimonious representation of clutter. This enables clutter to be muted with
a high probability that the target is preserved. The amount of muting comes from
a shrinking parameter, ), which must be empirically discovered, or controlled by
an expert user to determine the tradeoff between clutter removal and target signal
preservation.

The clutter model must be quasi-accurate, which is the same assumption that
ATS uses. In the average trace case, the clutter is assumed to be stationary in phase
and amplitude over the spatial dimension of the B-scan window. An alternative
clutter model is dubbed the edge model. The edge model uses the average of only
two traces located at the edges of the B-scan. If there are M traces in a B-scan,

which are column vectors, then the 1-D edge noise model is

(b1 +bu). (4.8)

DN | =

bedge =

To form the threshold operator, the noise model is first transformed into an
image. The noise model image has dimensions identical to the B-scan under study,
N for time and M for space. For each trace in the 2-D noise model image, {Q is the

calculated edge model trace multiplied by a length-M vector of ones,
Q = beggel”. (4.9)

There are several reasons that make a noise model calculated from the edge
traces a reasonable attempt to model horizontal clutter. The first is that the clutter
is highly likely to be present in the edge of a B-scan, while the target is not. The

second is that a large target will have a significant horizontal energy that would
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be detected by an noise model calculated from the average trace. However, if the
clutter is not present at the edges, the edge trace model does not work.

The proposed method of clutter suppression is summarized:
1. Take the curvelet transform of the data B-scan.
2. Calculate the edge noise model and form a B-scan noise model.
3. Take the curvelet transform of the noise model B-scan.
4. Use the noise model in the curvelet domain as a threshold.
5. Scale_ the threshold and apply to the data curvelet coeflicients.
6. Inverse trénsform the thresholded data.

In notation, the set of curvelet basis vectors, g,, produces a set of coefficients

from the data, d and noise model, €2,

dp =(d, gm) (4.10)

Qm :<Q; gm>- (411)
The threshold operator formed from the noise model and the scaling parameter, A,

0 if jz| < A|Qnl,
Lo(z) = (4.12)

1 if 2] = AQm).

An estimate of the the clutter free data, d is made from thresholding with I', and

reconstructing,
d= Y T(dm)gm: (4.13)
m
This method has the advantage of being quite easy to visualize the result.

The noise model is “muted” from the data by zeroing only the coefficients that are
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estimated to belong to noise. The phase of the data is not important, because the
absolute value of the coefficients is considered when thresholding. This is allows
incoherent estimation, because the noise model only provides a spatial location and
approximate amplitude. Coherent estimation, such as subtraction, requires careful
alignment of phase and amplitude to prevent constructive interference. The am-
plitude resilience of thresholding comes from control of the A parameter. A large
value increases the tolerance for amplitude variation at the cost of damaging closely

spaced events.

4.3 Method of Performance Evaluation

To verify that the proposed method is successful, several means of verification are
presented. Using the synthetic data, numerical results are presented by calculating

the PSNR,

2010g10.<ﬁ> . (4.14)

The traditional image processing definition of PSNR uses A = 255, which is the
difference between the maximum and minimum values of a 255 intensity level image.
To calculate A in this application, the difference of the maximum and minimum

amplitudes are taken from the input data,
A = max|d| — min|d|. (4.15)

Numerical metrics are useful for comparing the amount of energy removed
from the noisy data, but visual quality is not well represented. Therefore, the
numerical results are presented to verify that clutter suppression is successful in
removing the clutter energy, but visual experiments are conducted to demonstrate

the difference in artifacts.
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The visual experiments allow a direct comparison of the proposed method
and ATS. Image artifacts, like target energy damage, are best viewed by comparison
of the input and output images of each algorithm. A residual image, d — d is also
calculated, which emphasizes the artifacts either created, or not re;noved by each

method.
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Chapter 5

Experimental Results and

Discussion

The results presented in this chapter are from two separdte methods. The first set
of results show the suitability of a level-constant thresholded RDW'TT for removing
white or colored Gaussian noise. The second set of results are generated by the
application of clutter suppression on real and synthetic data. A discussion follows
each experimental section.

The experimental results for A-scan noise address these issues:

Performance when additive noise is Gaussian and white.

Performance when additive noise is Gaussian and colored.

Evaluation of scale parameter and input noise energy.

Compatibility of proposed method to trace stacking.

In addition to the 1D results, experimental results for B-scan clutter sup-

pression will compare two methods, the proposed curvelet thresholding method and
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average traces subtraction. The experiments present:
e Visual performance for synthetic data.
e Residual images for synthetic data.
e Peak SNR results for synthetic data.

e Visual performance for real data.

5.1 Experimental Results of Noise Removal in A-scans

The main resulté of this section are presented in Table 5.1. This experiment uses the
best choice for a scale parameter determined a priori. The input noise is additive
with a signal-to-noise ratio of 6dB. The signal is a simulated GPR pulse at 1000ps
containing 2048 points. | |

White Noise Colored Noise
RDWT 17.8 dB 13.9 dB
DWT 13.5 dB 0.1 dB

Table 5.1: Summary of the average SN R;;,, of the level-constant thresholded
RDWT and global thresholded DW'T with respect to white noise and colored noise.

The results show that the global thresholded DWT can not effectively remove
colored noise, while the RDWT makes significant improvements. This establishes
the suitability of level-constant RDWT thresholding as a method of noise removal.
The next set of experiments evaluate the specific choice of parameters and the

influence on this method.
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Original without noise

Original with AGWN: 5 dB Original with AGCN: 6 dB

RDWT and AGWN: 18 dB RDWT and AGCN: 14 dB
DWT and AGWN: 14 dB DWT and AGCN: 1 dB

Figure 5.1: The RDWT visually removes the noise and preserves the signal using a
level-constant threshold. The DWT with a global threshold can effectively remove
the white noise, but not colored noise.




5.1.1 Performance of Gaussian White Noise Removal

This experiment uses the normalized risk measure from equation (3.1) to evaluate
the performance of the RDWT to the DWT and Wiener filtering. This normalized
risk, ||f — f]|?/No?, is used in the wavelet literature to show that thresholding
exceeds linear methods of noise removal as the signal length, N, increases.

The experiment sets a constant value for ¢ and generates the input Gaussian
white noise for a simulated GPR signal with increasing values of N. This makes
SN R;y, of the noise lower as IV increases, because the energy of white noise is deter-
mined by |[No?||. The normalized risk is similar to a signal-to-noise measurement,
but measures remaining noise energy on a scale of 0 to 1. A normalized risk mea-
surement of one means that no noise energy is removed and a zero means all noise
is removed, while preserving the integrity of the signal.

For each value of N, the experiment is conducted 20 times and the average
risk is calculated according to (3.1). The DWT thresholding method is performed by
estimating a global threshold from the noise variance of the finest scale coefficients.
Wiener filtering is performed by the function included with Wavelab [24]. The
RDWT threshold is determined by the level-constant method using an estimate of
each level with J = 8.

The results show a decay for DWT thresholding which exceeds Wiener filter-
ing, confirming the results preéented in wdvefet literature [48]. The RDWT removes
more noise initially, but decays slightly slower then the DW'T. This shows that the
RDWT is more effective then the DWT at small values of N when using a level-

constant threshold.
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Figure 5.2: Level-constant thresholding of the noisy RDWT coeflicients is effective
even when the signal length is short. Level-constant thresholds are less effective
when the signal length is large.
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Figure 5.3: Global thresholding of the DWT removes no6 measurable noise, thus
producing no risk decay. Wiener filtering is marginally effective for low noise, but
level-constant thresholding is successful at removing colored noise.
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5.1.2 Performance of Gaussian Colored Noise Removal

This experimental result demonstrates the noise removal abilityhof each competing
method in the presence of “in-band” colored Gaussian noise. The experiment uses
the normalized risk metric so that a comparison can be made to the previous results
of AGWN noise removal.

The experiment is conduéted in the same manner as the previous section
using a synthetic GPR pulse with an increasing amount of points. The value of
o remained constant, while N increased. -This choice reduces the amount of noise
energy as the number of points increased. The noise is colored by the antenna
model, h,, and generated randomly for each trial. The results represent the average
normalized risk for 20 trials.

There are three outstanding results in Figure 5.2. First, the DWT method of
global thresholding appears to by unable to reduce the amount of noise, regardless
of the number of points available. The RDWT method, however, still produces
a decay in risk as N increases in the presences of GCN. Finally, Wiener filtering
produces marginal results, while the risk for RDWT thresholding remains effective,

though five times larger with respect to AGWN performance.

5.1.3 Dependencies of Number of Decomposition Levels

This experiment evaluates the dependence of the scale parameter and SN R;;, using
the SN Ry, metric. For Figure 5.4, the 2048 point simulated GPR signal is used
to test the performance of the RDWT level-constant thresholding method in the
presence of white noise.

The results show that as SN R;, decreases to zero, decomposing to a higher

number of levels yields slightly better results. In the case of minimal noise, like 39dB,
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Figure 5.4: The thick black line shows the maximum SNR improvement for a given
number of levels of decomposition and additive GWN. A notable feature of the figure
is the sharp drop of SNR improvement when the noise energy is small.

the coeflicients are not sparse at high levels and show a negative improvement at
high values of J for AGWN.

The same test is performed on AGCN using the simulated GPR signal. The
results are quite different for the larger values of SNR;,. The optimal choice of J
remains the same, but the metric SN R;,,, falls off as noise energy increases. The
choice of in-band colored noise influences this drop, because the large noise events
have similar characteristics to the GPR signal and thresholding becomes ambiguous.
However, it is important to note that if clutter is modeled as in-band noise, then it

would be suppressed by approximately 10dB.
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Figure 5.5: As the input SNR of the colored noise reaches 0dB, the ability to dis-
tinguish noise from signal diminishes, because noise events appear nearly identical
to signal events, however the optimal choice of J remains the same.

5.1.4 Thresholding Multiple A-scans before Stacking

The first experiment is designed to test the efficacy of operator order. Thresholding
is a non-linear operator, which means the order of operations will likely produce dif-
ferent results. The ubiquitous nature of stacking suggests that the order of thresh-
olding and stacking should be examined. Figure 5.6 demonstrates the difference

between the three different cases:
e Perform no wavelet thresholding, just stack.
e Perform wavelet thresholding before stacking.
e Perform wavelet thresholding after stacking.

The noise is AGWN applied to a 2048 synthetic GPR signal. Wavelet denoising

is performed using a level-constant RDWT threshold. The input noise is 9dB and
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Thresholding performs better after stacking
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Figure 5.6: Stacking scales the input noise o by 1/v/T, however, this scaling is
diminished by stacking before thresholding. Regardless of the order, wavelet noise
removal still provides a significant improvement.

J = 8, which corresponds to the optimal scale parameter from Figure 5.4. The
SN Rjmp metric is chosen to determine the amount of noise energy removed.

The results indicate that level-constant thresholding should be performed
after stacking. This is an important and fortunate feature, because most GPR data
is only available post-stack. The experiment does not test the assumption that
each trace is aligned in time and phase, which is a basic assumption of stacking.
However, if only one trace is available the results show that wavelet thresholding
can still provide noise removal, whereas stacking cannot be performed.

The second experiment conﬁrﬁ_ls that the number of points, IV, of a trace
and the noise coloring has little effect on the results presented in Figure 5.6. This
set of experiments tested four cases: AGWN thh' 2 and 32 input traces and AGCN

with 2 and 32 traces. Each case was tested as the number of points in the input
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Figure 5.7: Stacking before thresholding is the better. If stacking is performed in
the wavelet domain, the median is an improvement over the mean when T' = 32.

signal varied from 256 to 32,768. In addition to testing the order of stacking and

thresholding, a modification to the stacking operator was made. The median opera-

tor is used to perform a different estimate of a mean trace after thresholding in the

wavelet domain. The median operator is more suitable to determining the mean if

a probability distribution function is skewed. The nature of thresholding suggests

that the efficiency of median stacking should be tested.

The results in Figure 5.7 show that as the number of points decreases the

difference between pre-stacking and post-stacking shrinks. The median stacking

operator offers no advantage for a small number of traces, but 3dB of improvement
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in large stacks. Minor differences aside, noise coloring has no effect on the order of

operations. Even in the presence of colored noise it is better to pre-stack GPR data.

5.2 Discussion of Noise Removal Results

The results show that the level-constant thresholded RDWT is useful for denois-
ing a synthetic GPR signal in Gaussian noise. Several aspects are tested and the
scale parameter, J, is shown to have a dramatic effect on the ability to perform
noise removal. Noise coloring is shown to reduce the performance of level-constant
thresholding, although performance still exceeds other methods tested. The order of
operations is shown to be best performed by finding the stacked trace before wavelet
denoising.

The performance difference of the level-constant thresholded RDWT between
white and colored noise is due to the ability to estimate the noise in the redundant
wavelet domain. Using the redundant transform, a different estimate of & is obtained
at each level. In Figure 5.3, we can see that this allows the threshold to adapt to the
coloring of the noise. With the understanding that the RDWT is the application of
bandpass filters, the level-constant threshold is an estimate of the standard deviation
for a particular frequency band of the additive colored noise, which allows it to adapt
to the coloring of the noise.

This choice of level-constant thresholding has limitations, because if the es-
timation is wrong, the corresponding threshold will not be effective. The results
from testing the scale parameter imply that when the noise is especially low, the
threshold operator removes more signal energy then noise. The extreme case is in

Figure 5.4, where the result of denoising makes the corresponding signal worse then

the input.




When comparing RDWT denoising to Wiener filtering and DWT thresh-
olding in Figure 5.2, the normalized risk of the RDWT shows better performance
initially then either method. As N increases, the difference shrinks and DWT denois-
ing overtakes the RDWT method. This is attributed to the choice of level-constant
thresholding of the RDWT. The median, which is used to estimate the threshold
for each level, is no longer efficient for low noise and large N. The level constant
threshold attempts to estimate the standard deviation of the noise at the low fre-
quency levels where the sparsity property no longer holds. This means the threshold
predicts a large value for &;, which removes more signal then noise at that level. For
white noise, it would be better to use a global threshold estimated from the finest
scale coefficients of the RDWT for very low noise applications.

When applying thresholding techniques to GPR data, results show that
thresholding should be performed after trace averaging. The reason is that an
estimate of & for pre-stacked traces will be larger then post-stack. Because the
threshold is dependent on &, it will be larger and remove large amounts of signal
energy. When the traces are averaged the value of ¢ is reduced by a factor of 1/v/T.
The corresponding estimate of ¢ is smaller and the threshold is smaller. This only
holds when the distributiAon is Gaussian, becausé the mean is an excellent point
estimator.

When N is increased the difference between pre- and post-stacking is re-
duced, especially when T" = 32. This is because the estimation of the threshold is
improved and quality of noise removal increases. However, the difference can not
overcome the tremendous gain of pre-stacking, which makes thresholding more ef-

fective. However, this result does not take into account that a threshold could be

estimated for each coefficient in the redundant domain. A level-constant threshold




assumes all coefficients at a particular level have a similar standard deviation. When
only one trace is available this assumption is reasonable, but as the number of traces
increases better estimations of &,, are possible.

The benefits of level-constant thresholding seem to outweigh the negatives.
Signals with small number of points are better estimated by the RDWT method
then either DWT or Wiener filtering. Often for real GPR systems the number of
points is under 2048, which increases the advantage of level-constant thresholding
in the RDWT domain. This implies the level-constant RDWT threshold would be

a candidate for the removal of Gaussian noise, white or colored of GPR A-scans.

5.3 Simulation of Clutter Suppression in B-scans

The following experimental results compare the baseline method of average trace
subtraction (ATS) to a the proposed method of thresholding in the curvelet domain.
The methods are compared on synthetic data to establish an understanding of the
proposed method and limitations. Real data is then tested to see the visual effects
of the proposed method.

The results of the synthetic tests are summarized by Table 5.2. This experi-
ment compares the effectiveness of ATS to the proposed method using bo.t~h a point
target and a large target. While a PSNR metric is not a visual indicator of quality,
it shows the amount of noise energy rempved. The results is that the proposed
method removes more clutter energy then the ATS does.

The remaining experiments focgs on visual quality. The output of each
algorithm and the residuals for the syﬁthetic data are compared. Following the

synthetic test, a test on real landmine data is presented.
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| Original Average Trace Subtraction Proposed
Point Target 17.6 21.8 40.2
Large Target 17.6 21.3 40.1

Table 5.2: The peak-SNR of ATS shows an improvement, but much less then the
proposed method for both targets.

5.3.1 Synthetic B-scan Experiments

"The visual synthetic experiments are conducted to establish an understanding of
the method. The first experiment explores the effect of choosing a noise model. The
average trace subtraction method assumes a noise model that is an im@ge containing
the average trace at every spatial point. This experiment compares visual output
of ATS and then performs the proposed method also using an average trace (AT)
model. As a comparison, the edge noise model is also presented and the results are
shown for the proposed method.

The experiment uses a large target, which penalizes the use of an average
noise model. Figure 5.8(b) shows that the target energy has been damaged, and ad-
ditional artifacts have been introduced. The average noise model is not a good choice
for the proposed method either. Target energy is also damaged .by the thresholding,
but no additional artifacts are introduced. ‘

The next experiment in Figure 5.9 uses a point target and the same clutter
model to compare ATS and the the residuals. The residuals emphasize that ATS
cannot remove clutter which varies in amplitude or phase. However, thresholding
is not subjected to that limitation and effectively removes all clutter events. The
residual of the proposed method contains only artifacts at the sharp edges of the

clutter. The ground, having constant amplitude, is easily removed by both methods.

The final synthetic experiment compares the large target to both methods.
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Figure 5.8: In 5.8(a) the original data with clutter is presented, but the result should
be just the target as in 5.8(b). The proposed method is calculated with an average
noise model, 5.8(d) and edge noise model, 5.8(f). To understand the output of the
proposed method, the noise model used for the threshold estimation is shown in
5.8(c) and 5.8(e).
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(a) Target Model (b) Input Noisy Model
(¢) Proposed Method Result (d) Proposed Method Residual

(e) Average Trace Subtraction Result (f) Average Trace Subtraction Residual
Figure 5.9: In 5.9(d) the proposed method leaves virtually no clutter energy and the

target is still present. ATS leaves tremendous artifacts, but does manage to remove
the ground clutter.
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This provides results for common subsurface targets, which are larger than point
targets. With these common targets, using ATS shows that significant artifacts
are introduced, seen in Figure 5.10(e). The proposed method in Figure 5.10(c)
demonstrates similar results for the large target as the point target. The method
provides near complete removal of all clutter and very little change to the target

energy.

5.3.2 Landmine B-scan Experiments

This experiment uses landmine data from the JRC landmine signatures database.
The B-scan under study represents a physical location at 25cm from a survey that
done on 50cm X 50cm area with lem resolutioﬁ. The landmine is a PMN-type
anti-personnel device buried at 5cms in loamy soil. The data can be obtained from
[11] and the system is described in [59].

The results of clutter suppression are shown in Figure 5.11, which use the
edge noise model shown in 5.11(b) to create a threshold operator. Figure 5.11(b) is
the edge noise model calculated from the data domain. Any‘ event that is strongly
horizontal and exists near the edge will be shown in the noise model. The result from
the proposed method will be to remove any events that are approximated by the
calculated noise model. The result is Figure 5.11(c), which indeed shows superior
clutter suppression to the average trace subtraction method.

As demonstrated before, targets that are large suffer when ATS is used to
suppress‘clutter. There are-artifacts introduced around the ta‘rgéf as a result of the
average noise model. This does not occur with the proposed method. The large
target remains intact and becomes the prominent feature in the result. Also note

the ground clutter is not completely removed by either method.
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Figure 5.10: The large target does not effect the ability of the proposed method to
remove clutter. Average trace subtraction removes a portion of target energy, adds
artifacts near the target and does not remove the amplitude varying clutter.
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Figure 5.11: The clutter is suppressed in the proposed method, whereas significant
artifacts are introduced in the ATS method. The noise model in 5.11(b) shows what
likely events will be suppressed in the result of the proposed method.
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5.4 Discussion of Clutter Suppression Results

Developing an understanding of clutter is a difficult problem, therefore simple solu-
tions are sought. The computational complexity and simplicity of ATS is low, which
has led to the widespread use of ATS as an initial signal processing step. Also, ATS
is effective at removing the air-ground event and other strong horizontal events. In
a usual GPR B-scan, the horizontal clutter is the dominant visual feature and can
often impede interpretation of the data. The largest horizontal event is the ground,
but multiple reflections of the ground, antenna ringing and horizontal reflectors are
also significant.

The édvantage of using the proposed method is that events only need to be
roughly approximated. This is similar to the ATS assumption that clutter can be
represented by an average of all traces. The drawback of simple noise models is that
they are likely to fail if the broad assumptions are invalidated. In particular, the
edge noise model used in the proposed method _suffers if the clutte_r does not exist
in the edge trace. The edge model also can no':c‘Ahandle temporal changes in the
clutter. In Figure 5.11, an example where slight variation in the temporal location
of the ground begins to challenge the assumptions of the edge noise model. However,
the proposed method is visually more successful at removing horizontal events and
minimizing artifacts then the ATS method.

The point target, in Figure 5.9 is well fit to ATS clutter suppression because
the horizontal component is minimal. The advantage of the noise edge model and
the proposed method are evident in Figure 5.8(f) and Figure 5.10(c). The proposed
method does not require the use of an average trace noise model, therefore no target
damage occurs in Figure 5.10(c). When the average trace model is used on the same

example, in Figure 5.8(f), no additional artifacts are introduced. The ATS method
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struggles with this, because the subtraction operator is blind to any changes in data.
The proposed method uses a threshold operator, which provides a quasi-adaptive
method. This prevents the proposed method from adding artifacts even when the
estimation of the noise model is wrong.

The drawback of using the proposed method is that the scaling parameter
A must be expertly controlled to balance the weighting of the noise model. The
results presented here used a weight of 2.8, which corresponds to thresholding any
coefficients that exceed 3 times the noise model coefficients. It was found in these
experimeﬂts that the scaling parameter only required rough adjustments and was
easy to understand and control. In the case of the landmine data, a much less
aggressive setting was used. Sufficient clutter suppression was obtained by only

scaling the noise model 1.8 times.
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Chapter 6

Conclusions

This thesis made two primary contributions, which furthered an understanding of
thresholding in the wavelet and curvelet domain. The first contribution is an evalua-
tion of level-thresholding the RDWT coefficients for noise removal in a GPR, A-scan.
The second evaluates the use of thresholding curvelets for clutter suppression in a
GPR B-scan.

There are four secondary contributions that stemmed from the results of
the evaluation of removing noise using level-constant thresholding in the RDWT

domain:

e RDWT level-constant thresholding is suitable for use on the synthetic GPR

signal presented here, and likely suitable for most GPR signals.

e The scale parameter, which controls the number of decomposition levels is

critical to the performance of a level-constant threshold method.

e The amount of noise energy present in the noisy signal affects the performance

and choice of the scale parameter.
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o The order of operations, if stacking is performed, is to stack first and threshold

afterwards.

This work has built on the success of previous work in wavelet threshold-
ing. Previous achievements presented results on global thresholding the RDWT to
remove white noise. These results have extended the use of RDWT to perform non-
parametric signal regression using very little a priori information. The threshold is
determined by the data, but the scale parameter must be estimated by other means.

This work has also presented a reasonable physical model for a GPR A-
scan. Using this model and other practical aspects of GPR technology the results
can interpreted and applied to real data. Specifically, the knowledge of stacking
before thresholding is useful, because the RDWT denoising can be applied directly
to current GPR data.

In the realm of clutter suppression, there are three secondary contributions
that stemmed from evaluating the proposed method of thresholding an edge noise

model in the curvelet domain:
e Clutter suppression can be performed by thresholding in the curvelet domain.

e An approximation of clutter using a simple model, such as the edge noise

model is sufficient when using thresholding.
¢ Amplitude and phase resilience was demonstrated using thresholding.

This work uses the well established theory of thresholding in the wavelet
domain to re-position the problem of clutter suppression as threshold estimation

problem. Because of the phase and amplitude resilience of thresholding effective

clutter suppression can be achieved by only estimating an approximate model of




clutter. This enables users to arbitrarily design a clutter model that suits a specific

need.

6.1 Future Work

This work can be extended in three different ways. The first is to perform a physical
evaluation of level-constant thresholding to accurate backscatter models. Second,
complex clutter models could be created to enhance the effectiveness of clutter
thresholding. Finally, combining both level-constant thresholding and clutter sup-
pression in the curvelet domain to perform noise removal and clutter suppression
simultaneously.

The most important -ex'tension ié the combination of noise removal and clutter
suppression. The suitability of methods has been evaluated, therefore the combi-
nation seems quite natural and exciting: Because the curvelet domain functions in
generally the same way as the redundant discret(;, wavelet domain, this extension
should be quite natural. The scale parameters will have to be carefully chosen such ‘
that signal preservation and noise removal is balanced.

The evaluation of physical data with respect to an accurate radar backscatter
model is important to determine if the critical features of the signal are being pre-
seryed when noise removal takes place. In addition, a physical analysis of random
clutter would allow the possibility of extending the idea of colored Gaussian noise
to clutter models.

The development of complex clutter models could allow temporal clutter
variance to be accounted for. The possibility of an interactive noise model could
allow an operator to “select” features for removal. A clutter feature could be first

identified by a user and then the angle and area of influence is then chosen to create
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a noise model and suppress the clutter feature using thresholding.
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Appendix A

Image Plotting Function

Due to the subjectivity of plotting intensity images, a detailed description of the
plotting function which was used to generate B-scan plots is described. The im-
portant features are the color scaling, image scaling and image translation. The
function used to re-scale and translate is called rel_im, shortened from, relative
image. The purpose was to allow results to be plotted at the same intensity scale
as the input. '

MATLAB includes a image plotting function called image, which interprets
an entry in a matrix as ém index to a colormap. The colbrmap qsed in tﬂis thesis for
plotting B-scans is white at the middle index of the colormap matrix and linearly
séales in shades of gray to black at the beginning and end of the array using the
code:

function [cmap]l = seisgray;
if nargin <1,
ncolor = 32;
end
tmpl = [[0:(ncolor-1)1/(ncolor-1) ; ...
[0:(ncolor-1)1/(ncolor-1) ; ...

[0: (ncolor-1)]1/(ncolor-1)17;
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tmp2 = [[(ncolor-1):-1:0]/(ncolor-1) ; ...
[(ncolor-1):-1:01/31 ; ...
[(ncolor-1):-1:01/31];

cmap = {tmpl ; tmp2};

This choice of color mapping makes no distinction between negative and
positive events if the image afray is translated such that the zero indexes the middle
index of the colormap. This is the purpose of the rel_im function, which scales and

translates an input image array relative to a second input:

% Image something relative to another image
% Usage:

% rel_im(source, image)

function im = rel_im(source, im)

scale = .5/max(max(abs(source)));

im = im.*scale;

image (round (im.*64+32))

The purpose is to compare images at a common scale relative to a particular
source image. This thesis uses the input image as the base scale and all other images
are scaled accordingly. If the input to the function is an array, it takes the maximum
value and normalizes the second argument to this value. Otherwise, a simple scalar
can be used as the first argument to choose an arbitrary scale.

Note there are only 16 levels of gray to choose from, between printing and
the dynamic range of the color scale, some small amplitude information will be lost.
The choice to plot the images this way was carefully made in order to convey useful
information that is not biased. It is a difficult topic to present results fairly, but

every effort was made to remove this bias.
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