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Chapter 1

Introduction

The saddest aspect of life right now is that science gathesw/ledge faster than
society gathers wisdom.

Isaac Asimov

1.1 Research Topic

1.1.1 The Global Landmine Problem

Antipersonnel (AP) landmines are explosive devices whiemarmally buried
below the surface and can be activated by contact or presaremall weight
(~ 20 kg). Thus any person, including children, can become tanvid_and-
mines are placed fundamentally in supply centers and ptaaiufields, com-
munication ways, etc., and therefore, they cause seriomghueconomic and
sanitary damage&joose 1995].

AP landmines are manufactured from lasting materials sggblastic or
metal, and are designed in different sizes and shapes. Tdwylbeen used
massively since they were invented. Since the beginning efld\War I,
400 million of AP landmines have been buried in the groundtdkast 70
countries. In the last 20 years, more than 65 million AP laimés have been
placed, maiming or killing more than 20.000 civilians evgpar. The most
contaminated regions by AP landmines are mainly underdpeel countries
(see Fig 1.1). Africa is the most mine-affected continerthweipproximately
37 million of these in at least 19 countries. There are att I[2&8amillion of
AP landmines in Afghanistan, Angola and Cambodia, whees|&5% of the
world-wide victims of AP landmines. Eastern Europe als@$ithis problem,
since more than 3 million landmines have been placed wittérframework of
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Figure 1.1. Distribution of the APM and UXO problem in the world (Map frobandmine
Monitor Report 2006).

the conflict of ex-Yugoslavia. A similar situation is lived Central and South
America, with Colombia as the most affected country in theldvin 2006
(more information can be found idS Department of Stad998], GICHD
[2003] andICBL [2006]).

The Colombian Landmine Problem. In Colombia, four decades of civil
war have left more tham00 thousand AP landmines laid across 40% of the
national territory. These mines caused 1110 victims in 2@®6ong which
35% were civiliansICBL, 2006].

AP landmines used in Colombia are American and Belgian naatwifed
devices, as well as landmines manufactured by the ColonNjiitary Indus-
try (INDUMIL). However, a considerable number is made in asan way
by the guerrillas €.g, FARC and ELN). Such low cost landmines are called
improvised explosive devic@&Ds). Colombian Army used AP landmines to
protect telecommunications areas and Military bases 188B. Although the
Colombian government ratified the Ottawa Convention in 2084 guerrillas
still place IEDs across the country.

The Explosive Devices Manipulation Unit (MARTE, in Spanihbrevi-

*Fuerzas Armadas Revolucionarias de Colombia - FARC, Egedei Liberacion Nacional -
ELN
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Figure 1.2. An example of classical demining operations in Croatia: idens scan with metal
detectors and trained dogs after the mechanical excavation

ation) of the Military Forces is the most expert group in rahearing works
in Colombia. They use classical demining procedures, namattal detec-
tor (MD). However, MDs do not reliably detect plastic, lowetallic land-
mined in a post-conflict area contaminated by grenade fragmeatsjdges,
and other metallic materials buried premeditatedly to esafthe deminers.
Besides the fact that some Colombian mine-affected argdaioderruginous
soils (.e. with a high iron content) which adversely affects the sdlisilof
MDs, a significant amount of IEDs contains only plastic afiteonhon-metallic
elements. When demining is performed using MDs, all thes®ffa increase
the probability of having an accidént

1.1.2 Mine Action: Problems and Technologies

In general, demining consists in detecting and neutrgizandmines. Al-
though many people are familiarized with military techrégquo open breaches
in mine-affected fields (tactical demining), the concephofmanitarian dem-
ining is different. In the first one, the basic rule is to opgmaasage through
the minefield. AP landmines outside the footpath are igndred the human-
itarian demining purposes, no misdetections are allowedhat the civil use
of the land can be recovered.

Nowadays, humanitarian demining procedures are carriedsing MD,
prodding sticks, trained dogs and/or mechanical deminguipenent (see Fig.
1.2). However, development of demining technologies hadoailmowed the
fast development of landmines which are deadlier and mdfieudt to detect.
AP landmines, which usually were made with significant ant®wi metal

TA low-metallic AP landmine contains less than about 8 grafisoa or equivalent.
iInformation source: http://www.derechoshumanos.gdmatas/
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Figure 1.3. Some of the objects found after demining operations in th&337minefield,
Province of Siem Reap, Cambodia. In an area of ten thousaratesgneters, three AP land-
mines, four UXO (Unexploded Ordnance) and almost two thedsand six hundred metal
fragments (bullets and cartridges) were found.

and, therefore, were relatively easy to locate, are eladdraith plastic and
other non-metallic elements. Demining systems availaddiay do not accu-
rately detect plastic landmines with minimum metal coniara metal debris
contaminated area. In Cambodia, for example, for each etéd® landmine,
more than 500 inoffensive metallic debris such as grenagfents and car-
tridges are located (results from the Cambodian mine-fiskls Fig. 1.3).

False alarm rate as well as misdetection of low and non-ngetastent AP
landmines have made mine clearance operations dangeroescansuming
and expensive. Since the mid 90’s, several research groayes leen con-
tributing in solving this world-wide problem by looking fgrotential tech-
niques for demining applicationdvacDonald et al. 2003; Acheroy 2007].
However, only a few are currently employed in real mine-ctd areas. One
of them is ground-penetrating radar (GPR), perhaps the ath&tnced new
technology, which can detect both metallic and plastic miimea variety of
soils by non-invasive subsurface sensiBguschini et al, 1998;Carin et al,
1999;Gao et al, 2000;Chen et al, 2001;Scheers2001;Yarovoy et al.2002;
Ho and Gader2002;Roth 2004;Daniels 2004;Sai and Ligthart 2004;van
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Figure 1.4. Explosive vapor detection using African rodents. Pictuoerf APOPO.

den Bosch2006]. GPR sends a series of microwave pulses ranging foout a
1 to 4GHz into the ground. It then looks for anomalies in théeoted signal

which could indicate the presence of a landmine. GPR is otiyremployed

in dual-sensor systems, which include MD, with the aim oluedg the false
alarm rate of the MD. MDs can detect small metallic debrid|eltsi or car-

tridges. Due to the small reflection area of such objecty, éine not detected
by GPR. Therefore, in such systems, GPR is used as a confinmegnsor,
after the MD detection.

Among other new demining methodologies applied to real raiifected
fields, trained rodents are achieving very good results. RETs a Belgian
NGO based in Mozambique that has developed such a techroquexgplo-
sive vapor detection using African rodents (see Figure. 1&)rrently, this
technique is applied to humanitarian demining and has prtwée very ac-
curate and faster than other techniques that use humangeaders. The Na-
tional Institute for Demining in Mozambique, in collabaoat with the GICHD
(Geneva International Center for Humanitarian Deminihgy conducted suc-
cessful tests based on international standards on theisroifients and their
trainers. Since October 2004, a first detection capacityobkas operationally
deployed.

§More information can be found in http://www.apopo.org
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Figure 1.5. Dual-sensors in test fields: MINEHOUND (Left. Picture from ERA Tech.) and
ALIS (Right. Picture from TOHOKU University).

1.1.3 Ground-Penetrating Radar for Landmine Detection

The application of GPR in humanitarian demining labors @nésthree major
challenges: (1) development of affordable and practicaR@®Bsed systems;
(2) development of robust GPR signal processing technifprdandmine de-

tection and identification; (3) development of accuratd sbaracterization

techniques to evaluate soil properties effects and deterthe performance of
GPR-based systems under different conditiofeggvoy 2002;Rhebergen and
Ralston 2005;Lopera et al, 2006a].

GPR-based systems. A variety of GPR-based systems have been devel-
oped for demining applications. GPR systems operate eithéime do-
main or in frequency domain. Time-domain systems transriitgle discrete
pulse of nanosecond duration or a pulse train frequency ratstbwaveform.
Frequency-domain GPR are continuous wave systems in wnéctetrrier fre-
guency is changed either continuously or with a fixed stegpj&td-frequency
continuous-wave (SFCW) radars have some advantages aathbrs, in-
cluding wider dynamic range and better signal-to-nois@ rg@NR) [Nico-
laescu et al.2003]. Besides the domain of operation, GPR may detect land
mines using either monostatic, bistatic or array configomaof different an-
tenna types. In this particular application, ultra-widendbdUWB) antennas
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are required to achieve high depth resolutidarpvoy et al. 2003]. Vehicle-
based systems generally use array antenna nfate et al. 2003] in combi-
nation with other sensors such as metal detectohsghell and Hatef 2004].
Laboratory prototypes of UWB radar systems usually ard lrublistatic mode
[Scheers et a12000;Yarovoy et al.2002], and such a configuration is adopted
for hand-held GPR-based systerbspiels et al, 2004;Sato et al, 2005]. For

all these configurations, different types of antennas sadioan, loop, spiral,
Vivaldi and combinations of them are used. An overview oirticbaracter-
istics, advantages and drawbacks for demining applicattézam be found in
Scheerg2001].

Latest developments on GPR-based systems for humanitdeiamning
are hand-held dual-sensoesd, MINEHOUND”™ | ALIS, HSTAMIDS). Such
systems work with both MD and GPR, and they differ on the djpeyeprin-
ciple of GPR, the signal processing and the user interfadBlBMOUND”M
has been developed by ERA Tech., U.K., in collaboration Wahon Gmbh,
Germany. It combines a pulse induction MD and an impulse GseR Fig.
1.5). This dual-sensor transforms MD and GPR signals into $eparated
audio signals of different frequency of vibration and toMNEHOUNDTM
has been tested in different mine-affected countries dietuAfghanistan, An-
gola, Bosnia and Cambodia. It will be commercialized by &alin the next
years Paniels and Curtis2006].

ALIS (Advanced Landmine Imaging System) is a Japanese tetde-
veloped at the Tohoku University (see Fig. 1.5). It is egaigpmvith a metal
detector and a GPR, and it has a sensor tracking system, wtakhs possi-
ble to process the data afterwards, including migratiore fidnd-held version
of ALIS uses a VNA (Vector Network Analyzer)-based GPR andus® in-
duction MD. This dual-sensor has two different user integfa audio for MD
signal and images for both MD and GPR signals. ALIS has beseden
mine-affected countries including Afghanistan, Cambp@ieatia and Egypt.
It will be commercialized in the next yearS4to et al. 2007].

HSTAMIDS (Hand-held Standoff Mine Detection System) waigioally
a project sponsored by the Defense Advanced Research Brdjgency,
DARPA, U.S., and has been produced afterwards by CyTerra.C¢mow
L-3 Communications). It combines a pulse induction MD andRRMased
on a wide-band, stepped-frequency radar. HSTAMIDS indikab the user
whether metal is detected through an audio signal. A secondds of a dif-
ferent frequency of vibration and tone, is takeled target recognitionwhich
signifies that there is a metal detection and that GPR idestifiher mine-like
material. It is massively produced since 2006 for US Armyrapens in Iraq
[Ritter, 2007].
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Software processing. GPR operates by detecting contrasts on the electro-
magnetic (EM) properties in the soil-target medium, whittbves it to locate
even low- and non-metallic landmines. However, the GPRatigontains not
only the response from a potential target, but also und@sireffects from
antenna coupling, system ringing and soil reflections, twinlsscure the tar-
get responseAnnan 2002; Daniels 2004]. These effects have to be filtered
out from the signal to enhance landmine detection. Diffetechniques are
used to reduce this cluttrand to identify the buried object signal. By far
the most applied clutter reduction techniques are averaderemving average
background subtraction (BSPaniels 2004]. Other BS approaches include
wavelet transform Carevig 1999] and system identificatioBfooks et al,
2000]. Once these techniques partially reduce the clutber,next logical
step is to detect the target. Among processing methods éoiddmtification
of the target signal, advanced algorithms for hyperbol&da&n Milisavl-
jevic, 2001;Zhu and Colling 2005], convolutional models_oth 2004] and
migration techniquesJcheers et al.2001; Takahashi 2006] are applied. An
overview of different signal processing techniques fodaime detection us-
ing GPR can be found iMacDonald et al][2003] andDaniels[2004].

Soil characterization and GPR performance estimation. It is well known
that the performance of GPR is influenced mainly by the digepermittiv-
ity, as it mainly governs EM wave propagation. Soil dielecfrermittivity
depends on a number of factors of which the most significaheisolumetric
water content, which can vary considerably over time andep®ue to the
resulting large tempo-spatial variability of the soil watentent, it is therefore
essential to characterize the soil dielectric permittieit the local scale during
the demining operatiordJas et al, 2001;van Dam et al. 2005]. Due to the
complexity of the problem, few studies have been conduaeévaluating in
a systematic manner the effects of soil properties on thexteh performance
of GPR for demining applicationiller et al., 2004;Rhebergen et g12004].
Besides, theoretical models such as finite-difference tloreain (FDTD) and
method of moments (MoM) has been used to simulate the EM wagaga-
tion for different air-soil-target configurations with than of estimating GPR
performancesGiannopoulos2002;Roth 2004;van den BoschH2006].

1.2 Project Objectives and Thesis Outline

GPR-based system development, signal processing andhsodaterization
are crucial steps for rendering GPR useful for humanitademining applica-

ﬂln this thesis, all the reflections that do not originate friva target but from the back-
ground are called clutter.
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tions. This thesis addresses these topics in an integraf@ach aiming at
improving GPR performance and efficiency.

Figure 1.6 represents the proposed approach in a flow chavhah this
thesis is founded. It aims at extracting the maximum of imfation from GPR
data that can be useful for landmine detection and idertiica (Note that,
for some output boxes, the end-user has to take a decisian tit@oobtained
results). In this framework, the special objectives oiilinthis thesis are re-
lated to each block section (1,2,3) in Fig. 1.6 as follows:

1. To filter out the soil surface reflection and major antenffiects from
the GPR signal to enhance AP landmine detection. The pregomi
soil surface and antenna reflections can partly or totalie fur distort
the response of the landmine. In Chapter 2, a new filteringcagh is
developed and validated under laboratory conditions. Hiqudar, the
antenna multiple reflections originating from the anterseli and from
the interaction between the antenna and the ground are ezho@ing an
EM model based on linear transfer functions. A computed @sdanc-
tion accounting for the surface reflection is subtractedrafirds. The
Green’s function is derived from the estimated soil suridietectric per-
mittivity using full-wave inversion of the radar signal faimeasurement
taken in a local landmine-free area. Off-ground phasd-shidration
is then performed to filter the effect of the antenna radmpattern.
We validate the approach in laboratory conditions for foifiecently
detectable landmines embedded in a sandy soil. This afplisaap-
plied to data collected in mine-affected soils and resubtgpaesented in
Chapter 3.

2. To reduce GPR false alarms produced by subsurface refisciind
mine-like object$*. Subsurface natural inhomogeneities can produce
significant reflections which can be detected as alarms. hp@&h4, a
change detection methodology is proposed to reject thése darms.
For this, the computed Green'’s function derived from thevesdted soil
surface dielectric permittivity in Chapter 2 is used. A distarity mea-
sure between this simulated signal and the radar signal &aomnine-
affected solil is applied to detect significant variationsile Bpproach is
validated in laboratory conditions and in mine-affecteitsdor different
low-metallic AP landmines and low- and non-metallic IEDs.

I In this thesisjdentificationis understood as the process of estimating whether a détecte
reflection is from a landmine.
**The termmine-like objector friendly object, describes a target whose size and steape
semble those of a landmine.
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Mine-like objects, such as stones and metal debris, canpatsduce
significant reflections which can be detected as alarms. kpteh 5,
relevant features are extracted in the time-frequency donming the
Wigner-Ville distribution (WVD). These features are usedlistinguish
landmines from mine-like objects. Radar data are colleotent differ-

ent types of soil and for different landmines and objectse Wilk's

lambda value is used as a criterion for optimal discrimoratiResults
show that time-frequency signatures from WVD contain vialeianfor-

mation, improving landmine identification and reducing thlse alarm
rate. They could also contribute to landmine classification

3. To analyze GPR detection performance. Landmine deteasimg GPR
is limited by the effects of the soil EM properties on EM wavepmaga-
tion. In Chapter 6, the effects of such properties on thectiete perfor-
mance of GPR are studied. We use soil properties, namelyestilre
and EM parameters (measured or calculated using existuhgfiaasfer
models) in a two-dimensional (2-D), FDTD modeling progranton-
junction with the characteristics of AP landmines to cadteithe buried
target reflection. The soil/target medium is simulated m@rgg differ-
ent soil conditions and the performance of GPR can be ardlyZhe
approach is particularly applied to two soils selected agr©alombian
mine-affected areas, and several local IEDs and AP landnaneused
as targets.

The resulting integrated approach shown in Fig 1.6 has bakdated in
laboratory and field conditions considering different so@s, and some of
the results have been used for improving the algorithmshobigh the results
seem to be very promising, some requirements for the apiplicaf the pro-
posed approach are needed in practical conditions and efy taddressed
in Chapter 7. This chapter also reviews the contributionthigfresearch and
rises some questions about the perspectives and the futuke w

1.3 Scientific Originality and Innovation

In this thesis, particular attention has been paid to theofipeactical and af-
fordable GPR-based systems for data collection, as wdtleagalidation of the
proposed approach in real mine-affected soils. The ofiigynand innovation
of the present study builds on the following:

Hln this thesis,classificationis understood as the process of determining (continue next
page) the landmine type,g.M14, PMN-2. Itis discussed in Chapter 5 but it is out of thepgeo
of this thesis.
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Figure 1.7. The GPR system emulated using the hand-held VNA connectibeé tworn antenna
via a 50-Ohm N-type coaxial cable.

- Besides being practical and affordable, GPR-based sgdtanmumani-
tarian demining demand other specific requirements sucirge linear
dynamic range, time and amplitude stability and high doamge res-
olution [Chignell et al, 2000]. An original aspect of this thesis is the
radar system used for data collection. It consists of a logt-hand-held
VNA connected to a high-directive monostatic horn anterthareby
emulating a SFCW radar. The complete system can be seen.id.Fig
It covers several of the requirements mentioned before. Perdetailed
description of the system can be found in Chapter 2.3. Aaluttiy,
some experiments were carried out using the MINEHOUNDsys-
tem under GPR mode. The MINEHOUND GPR has been developed
specially for landmine detection, therefore it fulfills thgecific require-
ments for demining applications (a description is given iafter 5.3).

Currently, different signal processing techniques argiag for clutter
subtraction or BS. An innovative aspect of this researctmas it pro-
poses a filtering method which, compared to traditional BEBrn@ues,
permits a better differentiation of the landmine and edtiomaof its
depth and geometrical properties.
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- Together with background clutter, false alarms are alsonguortant is-
sue for GPR. A novel approach is proposed in this thesis wsiitange
detection methodology based on parameter estimation agsvalnew
feature extraction algorithm for landmine identification.

- Despite the considerable and growing efforts in hardwack software
development, landmine detection using GPR is still limibgdthe ef-
fects of the soil EM properties on EM wave propagation. Is thiesis,
an innovative aspect is that methodologies for estimatimgapplica-
bility and limitations of GPR-based systems are integrébenlr signal
processing approach.






Chapter 2

Filtering Soll Surface and Antenna
Effects from GPR Data

All our science, measured against reality, is primitive ahddlike - and yet it is
the most precious thing we have.

Albert Einstein

In this chapter, we propose a novel approach to filter out diilesarface
reflection and major antenna effects from 2-D off-ground ostatic GPR data
(this approach is represented in Fig. 1.6, block sectionV¥#. validate the
methodology in laboratory conditions for four differentigtectable landmines
embedded in a sandy soil. The methodology proposed herertisybarly
beneficial for the detection of landmines in low-contrastditons.

2.1 Introduction

Based on wave reflections produced by EM contrasts, GPR fsetmimage

the subsurfaceQavis and Annan1989] with a high spatial resolution. The
interpretation of the reflected EM field may yield information subsurface
structural variations. In particular, it may provide udefformation on the
location and geometrical properties of buried metallic and-metallic land-
mines Bruschini et al, 1998;Scheers et al.2000;van der Kruk et al.2003;

van den Bosch2006]. GPR may thus be used to reduce the false alarm rate
in demining labors and may permit the detection of landmimnbih are not

* Adapted from Lopera O., Slob E., Milisavljé/N. and Lambot S., Filtering soil surface
and antenna effects from GPR data to enhance landmine idete&EE Transactions on Geo-
science and Remote Sensing, vol 45, pp. 707-717, 2006.
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detectable by the widely used metal detector. Yet, the extra of the land-
mine response using GPR is complicated by a number of fagtotgped under
the term clutter, which can partly or totally hide or distthré response of the
landmine. The main factors are: 1) the antenna effects pmgumultiple
reflections and signal distortion; 2) the soil EM propertz®l their spatial
distribution governing wave propagation velocity, attation, and soil reflec-
tions; 3) the EM contrast between the soil and the landmineraning the
strength of the landmine response; 4) soil roughness wigldiffuse scatter-
ing. Therefore, there is a need to develop appropriate tgeks for clutter
reduction and landmine detection, which is quite challeggiue to the com-
plex EM phenomena occurring in the a priori unknown anteaingoil-mine
system.

Many detection techniques based on different signal peileggpproaches
have been developed and can be classified in two major grpagiern match-
ing and image-then-detect. Within the first category, argmeatection meth-
ods based on fuzzy set theory and neural netwdpist{ et al, 1997; Yang
and Bose2005], and rule-based discrimination and recursive Hgms test-
ing based on statistical signal processi@afler et al, 2001b;Xu et al, 2002]
are applied for landmine detection. Such techniques reitensive data-
bases for training and calibration to differentiate susfidly the clutter from
the landmine signal. In the second category, detectiomtgubs are employed
on a subsurface image built from a full GPR scarg(,B-scan, see Appendix
A for its definition) after clutter reduction. They includevanced algorithms
for hyperbola detectiondelbo et al, 2000; Gader et al, 2001a;Milisavlje-
vic, 2001;Zhu and Colling 2005], convolutional modelsScheers2001;Roth
2004], and migration approacheSdheers et gl.2001;van der Kruk et al.
2003], and their performance depends mainly on the datausditygand the
preprocessing method used to subtract the background. dfidlseé applied
clutter reduction techniques are based on surface andréabsueflection re-
moval. Average and moving average background subtracB&) [Groenen-
boom and Yarovqy2002;Roth et al, 2003; Daniels 2004] are often used to
reduce this clutter. The quality of the BS generally depemushe width of
the averaging window. Additionally, the estimated averaijEbe affected by
the presence of the target, and the subtraction may not leadec In Brun-
zell, 1999], a least-square-based approach is proposed to esgnaund noise
coming from surface. Its performance depends heavily ontib&ce of the ref-
erence clutter. A parametric clutter suppression methpdoigosed infMerwe
and Gupta 2000], which uses damped exponentials to model the vansti
of EM amplitudes and phases due to the subsurface inhomibgdrewever,
this method requires precise knowledge about the targegkigrhich is not
available in practice. In other clutter removal approachies filter design is
based on clutter statisticZljan et al, 1997;Dogaru and Carin 1998;Brooks
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et al, 2000;EI-Shenawee and Rappapo2002;Ho and Gadey 2002]. Find-
ing a robust estimate of these statistics is however diffexudl usually subject
to strongly simplifying assumptions. New non-statislicdlased approaches
that extract the response of the landmine from the raw andrghy noisy
radar data, without deteriorating the information it coméa are essential for
further supporting landmine detection using GPR.

We propose here a physically-based approach for filteringh@usoil sur-
face reflection and major antenna effects from the GPR signanhance
AP landmine detectionLppera et al, 2007c]. The GPR system consists of
an UWB SFCW radar emulated using a VNA combined with a singi-e
ting/receiving horn antenna used off the ground. The ugitgylprocessing
method combines the frequency domain radar-antennatayeited medium
model developed byrambot et al.[2004] with time domain phase-shift mi-
gration. The antenna internal reflections and multiple c&flas between the
antenna and the ground as well as the related distortiortefae filtered
out using frequency-dependent linear transfer functidimese functions also
account for the antenna gain and wave propagation time gfitkime-zero at
the antenna phase center. Subsequently, a calculated'sSi@setion is sub-
tracted from the GPR data. The Green'’s function is the soiubf the three-
dimensional (3-D) Maxwell's equations for wave propagatim multilayered
media. In our case, this function accounts for wave propagan air, in-
cluding spherical divergence, and the surface reflectitwe. r€lative dielectric
permittivity, €,., of the soil surface used for the calculation of the Grean&+
tion is derived using full-wave inversion of the radar sigflaambot et al,
2005, 2006b] for a measurement taken in a local landmiredrea. The con-
tribution of the electric conductivityy, to the surface reflection is assumed to
be negligible. Finally, the effects of the antenna radragattern are filtered
out in the time domain using the common Stolt's migration hodt [Stolt,
1978], which applies a Fourier transform to back-propaglagescalar wave
equation, extended here for two media.

In this chapter, the filtering approach is validated in labory conditions
for four differently detectable landmines embedded aedgit depths in ho-
mogeneous and non-homogeneous sandy soil.

2.2 GPR Signal Processing

2.2.1 Filtering Antenna Effects

Mine-free soil. Due to the variations of impedance between the antenna
feeding point and the antenna phase center, multiple wdlectiens inher-
ently occur in the antenna and between the antenna and thdrsobmmon
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Figure 2.1. The VNA-antenna-multilayered medium system modeled asalitransfer func-
tions in series and in parallel (Figure frdoambot et al[2004]). This diagram is represented
by theEM modelbox in Fig. 1.6, block section 1.

off-ground GPR approaches, the antenna should be situabstiastially faf
from the ground to filter these effects in the time domain. esv, in land-
mine detection operations, the antenna should be situatatively close to
the ground to maximize the spatial resolution and SNR.

Recently, a new approach has been proposedamybot et al[2004] for
filtering major antenna effects. The method applies to SF@war systems
operating off the ground in monostatic mode&,., a single emitting and re-
ceiving antenna is used. Assuming that the distributiorhefliackscattered
electric field measured by the antenna does not depend ongithiemm (air and
subsurface layers).e., only the amplitude and phase of the field change, the
antenna can be modeled by linear transfer functions insane in parallel,
playing the role of global transmittances and reflectaraed,is shown in Fig.
2.1).

Accordingly, the following antenna equation holds andteddahe quantity

TThe distance (height) depends on the approach
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measured by a VNA, namelg;; (w), to the ground responsé?lx(w)):

o B@H @Gk W)
Sll(w) = Hz( ) + - Hf(w)G:Tvx(w) , (21)

where H;(w), Hy(w), H,(w) and H¢(w) are, respectively, the antenna return
loss, the antenna transmitting and receiving transfertioims and the antenna
feedback loss, that have to be determined, witheing the angular frequency.
This antenna equation is expressed in the frequency domadinhe transfer
functions are frequency dependent complex quantities.

The return loss transfer functioH;(w) represents multiple wave reflec-
tions occurring into the antenna, due to the variations qfddance between
the antenna feed point and the antenna aperture, whichagependent of the
medium.

Defining H (w) = Hy(w)H,(w), EQ. (2.1) can be written as

H(w)Gle(w)
1— Hf(w)Gng(w)

Sll(u)) = Hl(w) + , (2.2)

where H (w) accounts for the antenna gain and phase delay between the VNA
calibration plane (the connection between the antennagfeimd and the VNA
cable) and the source and receiver virtual point (antenaaephentélj.

The feedback loss transfer functiéfy (w) accounts for multiple wave re-
flections between the antenna and the subsurfd€gw) and Hy(w) act as
global reflectances, and (w) represents global transmittances.

Finally, G;x(w) represents the air-soil systernambot et al. 2004] and
is defined by a Green’s function, solution of the 3-D Maxveekquations
for electromagnetic waves propagating in horizontally tifaylered media
[Michalski and Mosig1997]. The emitting part of the antenna (horn) is ap-
proximated by an infinitesimal horizontatdirected (second subscriptin
Glz(w)) electric dipole (unit strength source) and the receiviagt pf the
antenna is emulated by recording thelirected component (first subscript
in Glx(w)) of the backscattered electric field (up arrow(ﬁix(w)). In the
reminder of this thesig;., (w) will be referred to ag(w).

The antenna transfer functidi; can be determined from Eq. (2.2) using
a measurement in free spadg) conditions, for whichG(w) = 0

H;(w) = S{7 (). (2.3)

j:In the far-field region of the antenna, the virtual sourcenpegépresents the origin of the
radiated field from which the spherical divergence is itétih with the phase of the signal being
equal at any point on the sphere.
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The antenna transfer functiod$(w) and H(w) are determined using mea-
surementsd.g., two different heightsz, b) above a planar metal sheet (con-
sidered as an infinite perfect electric conductor), for Whigw) is known
accurately, and correspond therefore to a specific disimibwf the measured
electromagnetic field, referred here toRas

Hyl) = St (w) = Sty (w)’ 4
SCL
H(w) = ) = St @) Hy ) 25)

Once the antenna transfer functiof$(w), H(w) and Hy(w) are known,
they can be filtered out from the soil response using Eq. ¢s2)

Glw) = Si1(w) — Hi(w)
St H(w) — Hi(w)Hy(w) + H(w)

A conceptual requirement of this antenna model is to opevitethe an-
tenna sufficiently far from the ground. However, in order iaimize losses by
spherical divergence in wave propagation, keep a high SNdReasure a high
spatial resolution, it is essential to minimize the diseabetween the antenna
and the ground, which is discussed next.

Consider the far-field of the antenna, or Fraunhofer regidmich is com-
monly taken to be the radial distance from the antenna ajeea

(2.6)

2D?

where D is the largest dimension of the transmitter at the phaseegent

and\ is the wavelength in free space. For an aperture antennapdikEnum
dimensionD is taken to be its diagonal. To make the Fraunhofer approxima
tion of the point source valid, the antenna aperture shoelditnated at least
at R from the soil surface. Equation (2.7) gives a theoretical @pproximate
indication and therefore, we have verified it by experimefiid.ambot et al.
[20064a], laboratory experiments were carried out to charae the transfer
functionsH;(w), H(w) andH s (w) of a horn antenna (the antenna used in this
study) as a function of height to determine to which exteray tare still cor-
rect when approaching the soil surface. From Eq. (2.7), thenma should
be placed at least &=43 cm (calculated considering the upper limit of the
frequency range at 2.6 GHz, which is the limit used in thislgiuThis means
that the antenna aperture should be placed at least at 35tﬁaigm’§. For

§The phase center.e., the virtual source and receiver point, of the antenna usehis
study is located at 7.2 cm from the aperture inward the aatésee [ambot et al. 2004]). The
antenna aperture at the phase centé?¥46 cm.



2.2. GPR Signal Processing 21

the laboratory experiments irambot et al[2006a], radar measurements were
performed with the antenna aperture situated at 30 inecrgdsightsh (from 1

cm to 28 cm) above a metal sheet{2 n? area). Quite small errors have been
observed on the transfer functions forl2 cm. Belowh =212 cm), these errors
appear to be more significant, leading to important erroteerdetermination
of the soil response @ for field applications. For this study, we consider that
the independency of the received field distribution withpees to the medium
holds (i.e, Eq. (2.6) holds) when the antenna aperture isratmam ~7=12 cm
(antenna virtual source point at about 19 cm) in the frequeange 0.8-2.6
GHz.

Mine-affected soil. If the medium is the ground containing an inhomogene-
ity, such as a landmine, the distribution of the field recetiog the antenna will
depend on the landmine and its relative position with resfethe antenna.
Therefore, we cannot assume medium independency for tlediikibution

D, and Eqg. (2.2) does not hold anymore. However, if we defigeas the
unknown distribution of the field for a specific medium (catisig of the soil
and the landmine) and using the superposition principlecavewrite:

Ds =D, + Dy, (2.8)

where the specific distribution of the landmine in the $gjlis also unknown.
Consequently, Eq. (2.2) becomes:

H,(w)Gr(w) n Hj(w)Gg(w)
1-— Hf,r(w)Gr(w) 1-— Hf,d(w)Gd(w)
Here Hy(w) andHy .y (w) are the antenna transfer functions correspond-
ing to the field distributiorD,.,, andG .y (w) is the component of the medium

transfer function contributing t.,. SinceH(w) andH 4(w) are unknown,
Eg. (2.9) can be written as,

Sll,s(w) = Hl(w) + (29)

H, (w)Gr(w)
1 —Hjfp(w)Gr(w)
where f(Gy) is an unknown function. Then, the antenna effects related to
the field distributionD,. can be filtered out as follows:

S11,5(w) = Hi(w) + + f(Ga), (2.10)

* = S11,s(w)—H; (w)
C'W) = ETEL, @y @) BT, () 011
Gr(w) + f(Ga) 1= Hy 1 (@)Gr () .
r d Hy(w)+S11,s(W)Hy (W) —H; (W) Hy (W)

with G*(w) being the data filtered from antenna effects. Glf(w) = 0,
as assumed ihambot et al.[2004], thenG*(w) = G,(w) and the an-
tenna effects are theoretically completely filtered out.G}f(w) = 0, then
G*(w) = S11,s(w) — H;(w) and the antenna effects are only partly removed.
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For landmine detection applications, the contributiorheflandmine to the
measured signéf;; s(w) is expected to be small compared to the contribution
of the soll, because the landmine usually represents a pordibn of the area
illuminated by the antenna. This is particularly true for FlRdmines while
using the antenna off the ground. This contribution is ferteduced when the
antenna moves aside the landmine. As a re€llfw) is expected to be always
significant and, therefore, Eq. (2.11) should still peré temoval of major
antenna effects. When the landmine is just beneath the ramténmay also
contribute significantly td@x, (w) and thus improving antenna effect removal.

2.2.2 Filtering the Soil Surface Reflection

A major source of clutter contributing to obscure the resgoof the landmine
is the surface reflection, which is always substantial dukedigh impedance
contrast between the air and the soil. The surface refleatiay be removed
from a full GPR transect by subtracting from all measurem@ntean mea-
surement or an one-dimensional (1-D) measurement (A-geafrmed over
a landmine-free area (see Appendix A for the definition ofcarg. However,
this requires that the surface electromagnetic propen#es not varied over
the transect, that all measurements have been performedhegitntenna situ-
ated exactly at the same height above the ground and a flatdysurface. In
practical demining applications, these requirements aalpa satisfied.

The new approach proposed in this study for filtering the swiface re-
flection is to subtract from the radar signal, preliminafiljered for antenna
effects, a computed Green'’s function describing wave mratien with the an-
tenna in air above a single interface (mine-free soil safado compute that
Green'’s function, two parameters should be known: 1) tHessdiace relative
dielectric permittivitye,.; 2) the antenna heiglit Note that the contribution of
the electric conductivity to the surface reflection is assumed to be negligible,
which is a valid assumption # < 0.1 S/m (most soils).

In order to identifys,. andh, we use full-wave inversion of the radar sig-
nal pre-filtered from antenna effects (Eg. (2.6)) and foduse the surface
reflection in the time domairLpmbot et al. 2005, 2006b]. In this case, para-
meter identification by inverse modeling is a non-lineailiraation problem
which consists in finding the parameter vedior [e,., k] so that an objective
function ¢(b) is minimized. In the particular case where no prior inforiormt
on the parameters is taken into account and assuming okbisaerearors to
be normally distributed, independent and homoscedabktantaximum likeli-
hood theory reduces to the classical least square problem.

The inversion probleﬁ% is then formulated in the least-squares sense and

ﬂThe inversion problem is represented by Bl mode] Error function and Optimization



2.2. GPR Signal Processing 23

Uinin

f i r max

Figure 2.2. Sketch of the windowed radar signal in the time domain afenaving antenna
effects (Figure fronbambot et al[2006b]). Timest,,in andt.,ax define the time window fo-

cused on the surface reflection on which inversion is peréoremd:; is the time corresponding
approximately to the surface interface in the space domain.

the objective function is accordingly defined as followarnbot et al. 2004, 2005]:
! T /
ob) = (g ~¢) (s°—¢). (2.12)

! ! tmaw
g =g'(t) i and g =g

Here

tmin

(2.13)
are the vectors containing, respectively, the observedsandlated time do-

main windowed Green’s functions, i.e., the measured ancetaddrequency

domain Green’s functions are first transformed in the timeaaia using the
inverse Fourier transform—!

o(t) = FH{G(w)} = —— / £ G w)d,

=5 (2.14)

wheret is time andi=y/—1. Then, a time window is defined betwegyy,, and
tmaz (S€€ Fig. 2.2), focused on the surface reflection (note dftat, applying
Eqg. (2.6), the real time-zero is fixed at the phase centeredéittenna).
These vectors are arranged versus frequency. Since tha'Sfeections
are complex quantities, the difference between observddrateled data is
expressed by the amplitude of the errors in the complex pl@bgective func-
tion (2.12) is two-dimensional (2-D) and its minimizatioarnchbe performed
using the local Nelder-Mead simplex algorithiraparias et al, 1998].

algorithmboxes in Fig. 1.6, block section 1.
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An initial guess for the antenna elevatiarns derived from the root; of
the signal between the positive and negative peaks of tifecgureflection (see
Fig. 2.2). The initial guess for the relative dielectric ipétivity is arbitrary
chosen in the range 25 ¢, < 20. This procedure leads always to the global
minimum of the objective functionLambot et al. 2004, 2005, 2006b].

This approach has been validated and applied with succdabdnatory
and field conditions for identification of the soil relativeelgctric permittiv-
ity (¢,) [Lambot et al. 2004, 2005, 2006b]. Results are compared with the
estimateck, from TDR (Time Domain Reflectometry) measurements and pe-
dotransfer models such as Toop’s equatidadp et al, 1980]. Figure 2.3
represents some of these results. The inversely estimelative dielectric
permittivity is illustrated as a function of nine differemater content levels
for a sand layer. Results are very consistent. A sensitasiiglysis has been
also handled irLambot et al.[2004] in order to investigate the relation be-
tween the accuracy of the derivedand the accuracy of the modeled Green’s
function. For this analysis, synthetic Green’s functiornrevgenerated for a
given scenario, for which, is known exactly. Then, errors were added to the
synthetic data and inversions were performed afterwardstimate back the
original ¢,. Results have shown than relative errors between 0 and 3eon th
simulated data can lead to absolute erifdes. between 0 and 0.026, which,
for our application, is negligible.

Once the soil surface dielectric permittivity is known, thatic Green’s
functionsG’ (w) can be calculated for any radar measurement, whatever the an
tenna height, and subsequently subtracted from the camdsyy pre-filtered
radar data&G* (w) (Eq. (2.11)) as

/

Ropj(w) = G*(w) — G (w). (2.15)

The obtained quantity?,; (w), is considered as the response of the buried
targeH.

It is worth noting that the single measurement in a local riiee area
used to estimate the soil surface dielectric permittiviiyp e collected at any
time in any surrounding, mine-free area, and thereforetaimpo-spatial vari-
ability of the soil properties can be partly taken into actdo filter the surface
reflection.

2.2.3 Focusing the Preprocessed Signal

The radar antenna transmits energy with a beamwidth pagtesim that an ob-
ject several centimeters away from the beam axis may betddtegs a result,

HEquations (2.11) and (2.15) account for thiétering algorithm box in Fig. 1.6, block
section 1.
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Figure 2.3. Estimated relative dielectric permittivity:)() for a sand layer as a function of
its water contentd). Square and triangular markers pertain, respectivelGR&® and TDR
measurements, dotted line represents Topp’s model, aitdisal is a third-degree polynomial
equation fitted to GPR measurements (Figure ft@mbot et al[2004]).

objects of finite dimensions appear as hyperbolic reflectarthe radar 2-D
profiles, or B-scans (see Appendix B for more details aboyeHyola for-
mation). Migration techniques are used to reconstruct efieating structure
present in the subsurface by focusing the reflections backtie true position
of the object. Diffraction stacking method is quite usedgbape reconstruc-
tion of subsurface object3gkahashi2006]. However, some artifacts may ap-
pear in the migrated data when no target is present. Thisldmub problem in
landmine detection since these artifacts could be coresiidas targets. A mi-
gration methodology by deconvolution is propose&aheers et a[2001] for
landmine detection. Since it applies to 3-D data and we alyzing 2-D data,
we have not considered it for this study. Another migratilgoathm has been
proposed irvan der Kruk et al[2003] for imaging subsurface objects. How-
ever, it applies to 3-D, multicomponent measurements uaibgstatic radar,
which is not the case in our study. We propose to adapt theepttat mi-
gration method to be applied to 2-D data from an off-grounchastatic radar.
Phase-shift migration is based on a transformation froniréggiency domain
w to the wavenumber domaita It was first applied for seismic imaging by
Stolt in 1978 Btolt, 1978]. The principle has been adopted for satellite SAR
(Synthetic Aperture Radar) processir@affforio et al, 1991] and it has also
been widely utilized for the image processing of GPR d¥tadt al, 1996].
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Type Metal content Diameter (cm) Height (cm) Case material
Antitank (AT) high 25 8 Plastic
PMN2 (AP) low 12.5 5.2 Plastic
M14 (AP) low 5.6 4.2 Plastic
SIM12 (ITOP - AP) no 12 4 Plastic

Table 2.1. Characteristics of the four landmines buried in the sande Ah landmine is a
surrogate of the 72MT, the PMN2 is a Russian AP landmine, tid M4 an American AP
landmine and the SIM12 is a standard test target with a naatliegfuze.

Consider the filtered signal,,;(¢) (Eq. (2.15) in the time domain) as a
2-D data set(z, z,t) which satisfies the radar wave equation

82
2
Vor(z, z,t) — uaﬁr(ac, z,t) =0, (2.16)

with x being the distance along the scanning axi#)e depth ang: the mag-
netic permeability of free space.

Applying a Fourier transformation to Eq. (2.16) with respiecthe timet
and the spatial distanceresults in

9? w? 9
@R(k‘x,z,w) = <§ — k‘x> R(ky, z,w), (2.17)

wherewv is the propagation velocity in the ground & cy/./z,, being
co = 3 x 108 ms~! the speed of light in vacuum) an@(k, z, w) is the 2-D
Fourier transform of(x, z, t) defined as

R(ky, z,w) ://r(x,z,t)e_(ik”_“’t)dxdt. (2.18)

The Fourier transformation along thecoordinate makes sense only if
the propagation velocity does not vary in this direction.eThethod allows
variations of the propagation velocity in thelirection.

Considering the wavenumbeér(k = 27/, with )\ being the wavelength
in the ground) as the vector sum Bf and k, for one-way propagation, we
have:

k=|kl=+Vk2+k2=—, (2.19)

and by introducingc, from Eqg. (2.19) in Eqg. (2.17), Eqg. (2.17) has a general
solution ‘ '
R(ky, z,w) = Aet*=* 4 Be~ik=2, (2.20)

The constants A and B in Eq. (2.20) are found using the fotlgwtiwo
boundary conditions:
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Figure 2.4. Time domain representation of radar measurements perfbimma homogeneous
sand ¢ = 2.9) for the AT landmine buried at 30 cm depth: (a) measuigtb$s11 (¢), (b) major
antenna effects filtered from1(t), (c) soil surface reflection filtered by removing synthetic
Green’s function from signal”(¢) and (d) antenna radiation pattern effect filtered by migrati

- Assuming only upcoming waveg=0
- Forz=0, B = R(ks,0,w).
Finally, Eq. (2.20) becomes:
R(ky, z,w) = R(kg,0,w)e”#==, (2.21)

which represents the Fourier transform of the wave-frodieath z.
The migrated image will be the 2-D inverse Fourier transfofiag. (2.21)

att=0 as

(2, 2) = / / R(ky, 0, w)e” Fe+k=2) g dul,—g. (2.22)



28 Chapter 2. Filtering GPR Data

-9 -9
ox 10 OX 10
2
0.3
2 1.5 2
0.2
1
4 05 4 01
0 0
-05 6 -0.1
-1 -0.2
-15 8 03
ot )
10 9O 10 obj
0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8

6
8

X[m] x[m]
€Y (b)

Figure 2.5. Time domain representation of radar measurements perébime homogeneous
sand £ = 2.8) for the PMN2 AP landmine buried at 10 cm (raw data nos@néed): (a) major
antenna effects filtered from the measured signg(t) and (b) antenna radiation pattern filtered
by migration after removing synthetic Green'’s functiomfrsignalg* (¢).

t[s]
t[s]

Equation (2.22) is the general representation of the phhagemigration.
In order to reduce the calculation time, a variant of the pkstsft migration
developed by StoltStolt 1978] is applied. In the special case whefe) is
constant, Eq. (2.22) can be further developed by changiegdhable d to
dk, from Eq. (2.19) as

2
do = B2 g, (2.23)
w
Hence, Eq. (2.22) becomes:
(z,2) = v? / / @R(kx,o,w)e—“’%ﬂ’%z)dkxdkz. (2.24)
w

The implementation of Eq. (2.24) using the Fourier transform in depth
direction is valid only for a constant propagation veloaase. However, there
is a discontinuity at the air-ground interface due to thegoffund antenna
configuration. Following the approach of Lopextal. [Lopera et al, 2003],
migration is applied considering the antennaat 0 cm above the surface.
This can be done by calculating the diffraction poigtfor all measurement
points along ther-axis. Starting from Snell’'s law of refraction and assuming
the air-ground interface flat, a system of three equationbtgined which can

**Equation (2.24) accounts for tiigration algorithmbox in Fig. 1.6, block section 1.
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be solved iteratively:

rg = zotan(6'), (2.25a)
., {sin(0)

6 = sin~! <%> (2.25b)

0 = tan~"! <m _h“d> : (2.25¢)

wheref is the inference anglé! is the refraction angle for the subsurface and
2o is the depth of the buried object (extracted frogp;(t)). The real position

of the antenna is thus considered at the diffraction poiry, for h = 0 cm.

2.3 Experiment Description

Laboratory experiments were performed over a homogenema & the test
facilities of the TNO (The Hague, The Netherlands) and aChtholic Univer-
sity of Louvain, UCL (Louvain-la-neuve, Belgium). The GP¥&s&m consists
of an UWB SFCW radar that we emulate using a low-cost handWsIA con-
nected to a monostatic horn antenna via &90-type coaxial cable. The VNA
is composed of a spectral analyzer (FSH6, Rohde&Schwarzjidiy Ger-
many) equipped with a bridge and power divider (VSWR, Roh8eldwarz,
Munich, Germany) to enable vector measurements. The amt@eruse for
the measurements is a linear polarized double ridged bamatdborn antenna
(BBHA 9120A, Schwarzbeck Mess-Elektronik, Schonau, Germany), whose
dimensions ar@2 cm length andl4 x 24 cm? aperture area. For this appli-
cation and from antenna characterisitics, we can consi@erdirective (3-dB
beam width of 45 in the E-plane and 30in the H-plane at 1 GHz and 27
in the E-plane and 22in the H-plane at 2 GHz, operating in the8-5.0 GHz
frequency range). In this study, the measurements wererpgetl in the range
0.8-2.6 GHz with a frequency step of 6 MHz.

Besides being practical and affordable, this SPCW radagrsmeveral of
the requirements mentioned in Chapter 1. It has a linearmdiymaange of
60 dB, which allows to detect weak scatterers. Antennamingg accurately
determined and taken in to account in the EM model describduki previous
chapter. Therefore, it does not affect negatively the digmaoise ratio of
the system. The effect of amplitude drift (that can be due ézimanical or
temperature changes on the conection point or the antesraited by a
simple and accurate calibration procedure using a star@@peth-Short-Match
calibration kit, which can be repeated during the data atiiun process.

Radar measurements were performed over four differemdrytial land-
mines (antitank (AT), and AP), whose characteristics aseiileed in Table
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Figure 2.6. Time domain representation of radar measurements perébime homogeneous
sand € = 2.8) for the M14 AP landmine buried at 12 cm (raw data not gméed): (a) major
antenna effects filtered from the measured signg(t) and (b) antenna radiation pattern filtered
by migration after removing’(¢) from signalg*(¢).

2.1. They were placed horizontally, longest side up. Thatika dielectric
permittivity of the sand varied from 2.7 to 5.5, dependinglmwater content.
To acquire 2-D data, the radar system was moved along theombai -axis,
crossing the center of the buried objects, using a scannimgef. Radar traces
(S11) were recorded with a constant space step of 2 cm and 2.5 cerhdight
of the antenna aperture above the sand was 20 cm (antenrexqader at 27
cm).

2.4 Results and Discussions

The whole signal processing approach described here isedppl 2-D data
from four different landmines following the next five steps:

- Step 1: Filter out major antenna effed#s, H andH .

- Step 2: Retrieve the soil surface relative dielectric ptivity ¢, by
full-wave inversion of a measured Green'’s function (prefét A-scan)
from a mine-free area.

- Step 3: For each single acquisition (A-scan) of the B-scaihbtract
its synthetic Green’s function calculated after detectibthe antenna
height.

- Step 4: Normalize the antenna height and retrieve the laraaepth
from the apex of the enhanced hyperbolic signature.

- Step 5: Focus the preprocessed 2-D data to identify theraredshape.
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2.4.1 Antitank Landmine

Figure 2.4 represents the different filtering stages agpbehe raw radar data
for the AT landmine buried at a depth of 30 cm measured fromidheln Fig.
2.4(a), the 2-D raw radar data are presented in the time gorBatween about
0-2 ns, we can observe the multiple reflections occurringéreintenna. These
reflections distort the signal for later times as well. Atiard 3.2 ns, the soil
surface reflection is visible. Then a second order refleaimurring between
the antenna and the soil surface comes at about 4.5 ns. y-ialhyperbola
originating from the AT landmine appears around 6.5 ns. Téedaion of
this landmine in raw data is facilitated by its relativelyda size, the strong
electromagnetic contrast between the sand and the landmivieh contains
metal, and by the low attenuation of the electromagneticawavthe sand (the
electric conductivity tends to zero).

Results of Step 1 are presented in Fig. 2.4(b). The true tiene zor-
responds now to the antenna phase center, situated at atboutfrom the
antenna aperture, inside the antenna, resulting in a timfigag (Note that
the soil reflection and hyperbola originating from the ATdarine is shifted
in time). The multiple antenna reflections have vanishedthadair-surface
interface reflection is clearly distinguished, around 1s9 ihis permits the
accurate extraction of the antenna height. Then, the hgperbignature of
the AT landmine is accentuated. The remaining oscillatidgaible in the B-
scan could stem from the different hypothesis used in theetnadainly, (i)
the far-field approximation, (ii) the virtual source andeizer point of the an-
tenna which is assumed to be at a fixed position (actuallpdsition changes
with frequency, the high frequencies being emitted nedrerféed point, and
the low frequencies being emitted in the proportionallgéarpart of the an-
tenna), (iii) the fact that only the-component of the electric field is assumed
to be measured and that only asdirected current source is present. It could
be also an artefact of the inverse Fourier transform appbethta taken in a
limited frequency range. However, these oscillations dorepresent a draw-
back for the detection and identification of AP landminessla®wvn later in
this document.

Step 2 permits to identify the sand surface dielectric perity, <. = 2.9.
Results of Step 3 are shown in Fig. 2.4(c). The effect of thelakidmine
(R.»4) is isolated, which permits to differentiate the hyperbslignature. Step
4 yields a landmine depth of 31.3 cm (real depth is 30 cm). Thhallsgcom-
pared to the target size) error of 1.3 cm with respect to thkéteeget depth
can be explained by the fact that, for the migration, we aresiciering the AP
landmine as a point reflector.

As the measurements are carried out using a scanning fraaneoatstant
height, changes after shifting the antenna height are rataatble.
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Figure 2.7. Time domain representation of radar measurements perfbimeeinhomogeneous
sand (3.9< ¢ < 5.5) for the SIM12, with a non-metallic fuze, buried at 4 crawrdata not
presented): (a) major antenna effects filtered from the oredssignalsi1(¢), (b) antenna
radiation pattern filtered by migration after removigig¢) from signalg*(¢) and (c) antenna
radiation pattern filtered by migration after removigig(t) from signalg* (¢).
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Finally, Step 5 permits to filter the antenna radiation pattey focusing
the object scattered data into their origin. The migrated éflam Fig. 2.4(c)
can be seen in Fig. 2.4(d). The shape of the AT landmine alomgdanning
axis becomes clear.

2.4.2 Antipersonnel Landmines

The same methodology is applied to two different AP landmiriResults for
the PMN2 and M14 low-metallic AP landmines buried at a dedthi®cm
and 12 cm, measured from the top, can be seen in Fig. 2.5 andZy
respectively. In the raw radar data, the effect of the lamasiis not visible
(results not shown). After Step 1, the air-surface intexfeeflection appears
around 1.9 ns. This strong return covers the reflection frieenlandmines.
The hyperbolic signature can be hardly seen for the PMN2 AHrtdne in
Fig. 2.5(a), between 2 ns and 3 ns, and it cannot be seen at glief M14 AP
landmine, in Fig. 2.6 (a). The relative dielectric permityi of the soil €, =



2.4. Results and Discussions 33

2.8, identified by Step 2) is quite similar to those of the lamkes, leading to
low-contrast conditions. After Step 3, the hyperbolic sityme is accentuated,
and in Step 4 we find a burial depth of 10.45 cm (real depth isr] for
the PMN2 AP landmine and 11.86 cm (real depth is 12 cm) for tid MP
landmine. Small (with respect to the target size) errorsoofies millimeters
are found for the estimated target depths, which can be iagolgrom the
assumption of a point reflector instead of a 3-D shape reflecto

Results of Step 5 are shown in Fig. 2.5 (b) and Fig. 2.6 (bpeetively.
The shape of the landmines along the scanning axis is cldetiynguished.
Despite their small size and low-contrast conditions, rimfation about their
position and form can be extracted from the processed data.

2.4.3 Inhomogeneous Soil

In the laboratory experiments presented above, the dislg@armittivity of the
surface is assumed to be homogeneous. However, the soihB@nogeneous
medium and therefore, its properties vary with positiomglsurface and depth
even for small-scales.e., several centimeters, which is the range of study for
landmine detection with GPR. In this context, the filteringpeoach is also
applied in a sand whosgg varies horizontally, over a distance of 1.4 m. Results
are shown in Fig. 2.7 for the SIM12 standard test target, witton-metallic
fuze, buried at the depth of 4 cm measured from the top. InaWeadar data,
the effect of the landmine is not visible (results not shawRgsults of Step
1 are presented in Fig. 2.7 (a), and the strong air-surfaeeface reflection
appears at around 1.6 ns obscuring the hyperbolic signafute landmine.
Step 2 is applied to two local landmine-free areas and twierdift ¢, are
retrieved: e, 1 = 3.9, e,2 = 5.5. After Step 3, the hyperbolic signature is
accentuated, and in Step 4 we find a burial depth of 4.56 cnpri@cessing
with €,.1) and 3.84 cm (preprocessing with»). Note that the variation of the
estimated values of, (A¢,=1.6) lead to small errors (some millimeters) on
the estimation of the target depth, which could be also agcefif the point
reflector assumption, as stated before for the AT landmimktlh@ M14 and
PMN-2 AP landmines.

Results after Step 5 are presented in Figs. 2.7 (b) and &)ectively,
where the shape of the target can be recognized. To dealeilifhisomogene-
ity, migration could be also performed using an average®éticountered, ;
ande, .

Since such a variationNe,.=1.6) on the estimated values gf leads to a
good approximation of the target depth and shape, the irduehsmall vari-
ations ofz, due to the accuracy of the modeled Green’s function is ergect
to be negligible.

Due to the inhomogeneous soil, the surface reflection pelisisome ar-
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eas, as can be seen in the first 50 cm along the scanning distaRty. 2.7
(b), and sparsely along the last 80 cm in Fig. 2.7 (c). Howeteamplitude
is weaker than that of the landmine reflection and the landralrape can be
distinguished in both filtered data. It is recommended téecoltwo or three
different single radar measurements in local mine-freasafer comparing re-
sults when data is acquired under uncontrolled conditions.

The soil can be also vertically inhomogeneoasy( layers in the subsur-
face). After radar data processing, these inhomogeneiteealso accentuated,
as can be seen in Fig. 2.5 (b) for layer reflections betweenahddlO ns, as
well as in Fig. 2.6 (b) between 2 ns and 3 ns and beneath 6 nsigIn2E7
(b) and (c), reflections beneath 3 ns correspond to the baifdhe sand layer
(concrete). Nevertheless, the migration algorithm hetpisléntify the shape
of the buried landmine and to differentiate from these inbgeneities.

2.4.4 A Comparison with BS by System Identification

The proposed approach to filter the soil surface reflectioonspared to a sys-
tem identification (SI) method described in Appendix C. Farctical reasons,
Steps 1 and 2 are first applied and Step 3 is replaced by Sl.tNaten the
case of applying SI without removing the antenna effecte{31), the burial
depth of the landmine cannot be found and results would nabbgparable.
Additionally, ¢, (identified in Step 2) is necessary in the phase-shift mignat
algorithm. For the new Step 3, the same single acquisitisesl to calculate
g, by the proposed methodology are used here to derive theatstiof the
ground signal (see Appendix C for its definition) for each B-scan.e Tine-
processed signal is then focused in Step 5 and results agm giviFig. 2.8,
drawing a comparison. This figure presents only the singleiaition nearest
to the center of the landmine after Step 1 and Step 5 (by thertetbods) for
the AT, PMN2 and M14 landmines. Results using the proposetiadelogy
are given in the left column and results by Sl are in the rigtdmmn. Fig. 2.8
(a) clearly shows for the AT landmine how the SNR is extrenagheliorated
after filtering. Results are less satisfactory in Fig. 2)3\{there the SI method
leads to information loss on the amplitude of the AT landmiiféection. This
drawback is critical in low-contrast conditions, as can &ersin Figs. 2.8 (d)
and (f), for the PMN2 and M14 AP landmines, respectively.eAfipplying Sl,
part of the information on the amplitude of the landmine it is lost, and
the hyperbola signature is still obscured by the residuiendr his undesired
effect does not occur after filtering the synthetic Greeniscfion, as seen in
Figs. 2.8 (c) and (e). Although the AP landmine responses/aing weak
(compared to the AT landmine response) and are intermingiddthe sur-
face reflection, the proposed methodology gives a better. SRR improves
migration results and, therefore, facilitates landmintecgon and character-
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ization. This is noticeable for the M14 AP landmine. The M&4ne of the
smallest low-metallic AP landmines in the world (5.6 cm adrdieter and 4.2
cm of height). Low-contrast conditions make its detectignGPR difficult.
However, we demonstrate that information about the buegitid and shape
from this small AP landmine can be extracted using the pregaesethodol-
ogy, under the controlled laboratory conditions.

We draw the same parallel for the SM12 standard test targesulR® using
the proposed methodology are shown in the left column of E@and results
by Sl are in the right column. As for the previous comparisdhss figure
presents only the single acquisition nearest to the cehtbedandmine after
Step 1 and Step 5. Results of filtering out the synthetic Gsdanctions, cal-
culated using,.; ande, >, are presented in Figs. 2.9 (a) and (c), respectively.
By applying the Sl approach, the undesired reduction efiadthe landmine
reflection amplitude occurs after filtering out the estimait¢he ground sig-
nal, which is calculated from the same single acquisitioadu® derives, ;
ande,». Results are given in Figs. 2.9 (b) and (d), respectivelyesghre-
sults emphasize how the SNR is improved using the proposelochaogy.
All results illustrate the appropriateness of the propaggatoach for filtering
the antenna and soil effects and enhancing the detecticandhlines, even
AP landmines in low-contrast conditions. The depth and slaap accurately
retrieved and their sizes can be differentiated, from tingelst one (the AT
landmine) to the smallest one (the M14 AP landmine).

2.5 Conclusion

In this chapter, a new filtering approach for enhancing ARlttaime detec-
tion using GPR is applied and validated under different d¢amts. The pro-
posed physically-based methodology uses a recently deeli@adar-antenna-
subsurface model in conjunction with phase-shift migratidlajor antenna
effects are removed using linear transfer functions. Trangtair-surface in-
terface reflection is eliminated by subtraction of simwa@reen’s functions.
These functions are derived from the estimatedf the soil surface using
full-wave inversion of a single radar measurement in a Id@atimine-free
area, and from the heightof the antenna. The influence of small variations of
e, due to the accuracy of the modeled Green’s function is ergdoctbe negli-
gible. The effect of the antenna radiation pattern is fillevat by focusing the
scattered signals back to their point of origin. The radde@ana-subsurface
model used here allows removal of major antenna effects aihdwgface re-
flection, resulting in a better SNR without losing infornmation the amplitude
and shape of the landmine response. The latter is the dotmoatributor
in the clutter reduced radar data and therefore, it can by estinguished
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using a migration algorithm. The whole methodology yieldsea of para-
meters, namely,. of soil, antenna height and landmine depth and shape. A
comparison is drawn with a SI method and the proposed melbgylshows
promising results, even for low-contrast conditions andlsfandmines.

Natural inhomogeneities have to be considered in real smibitions,
where several single acquisitions in local landmine-fresas can be collected
at any time. In the following chapter, this approach is ablthn data acquired
on real mine-affected soils, for different types of AP landes.



2.5. Conclusion 37

' )
i Soil — o

1 ! - Object

Amplitude
Amplitude

15
0.2 0.4 06 0.8 1
t[s] x10°
(a)
b sl SCat
" Jo]|
15 i — Tobj 2t)
1 L
[
@ 0.5 . @
3 ' /Object 3
s oL v =
£ i £
< » [ <
-0.8 s
Yo
-1 " |
-1 }g u
i i
0 0.2 0.4 06 08 10 0.2 0.4 06 08 1
t[s] x10° t[s] x10°
() (d)
' Soil g 3. Soil o
15 e — oy 2t) 15 ’ — Topy 2t)
l
1 ¥ 1 i

Amplitude
Amplitude

Figure 2.8. Preprocessed radar siggdlt) and landmine responsgs; (¢) extracted by the two
methodologies. Signals correspond to the single acquiisitearest the center of the landmine.
Results using the proposed approach are in the left columinesults by applying Sl are in the
right column, for: (a) & (b) the AT landmine, (c) & (d) the PMNEP landmine and (e) & (f)
the M14 AP landmine.
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Figure 2.9. Preprocessed radar siggél(t) and landmine responsgs; (¢) extracted by the two
methodologies. Signals correspond to the single acquisitearest the center of the SIM12
standard test target. Results using the proposed approadh the left column and results by
applying Sl are in the right column. Two filters are used cd@sing two single radar acquisi-
tions in different local landmine-free areas (up;1 = 3.9, down:e, » = 5.5).



Chapter 3

Filtering GPR Data: Application to
Real Mine-affected Soils

In theory, there is no difference between theory and practut, in practice, there is.

Jan L.A. van de Snepsheut

Recently, statistics of landmine victims ranked Colomksadhe first most
heavily mine-affected country in the worltddBL, 2006]. The high rate of ca-
sualties is due to the amount of non-metallic IEDs buriedhis¢ountry, which
are very difficult to detect and cause accidents in deminatiyiies with the
traditional metal detector. Low and non-metallic devicesalso the problem
of other mine-affected countries. In this Chapter, the wedtogy developed
in Chapter 2 is applied to these devices and Colombian nffeetad soils are
considered for the data acquisition.

3.1 Introduction

In this chapter, we apply the proposed filtering approach ledper 2 to en-
hance the detection of shallowly buried AP landmines froita @gecquired in
mine-affected soilsljopera et al, 2007a]. Since measurements are carried out
under non-controlled conditions, the algorithm is adaptecbnsider changes

in &, due to natural inhomogeneities in the field soil. These chafmgysoil wa-

ter distribution can add clutter to the GPR signal. A subepss is added for
subtracting this clutter and GPR data are filtered followtimg block diagram

of Fig 3.1. Data are collected over two Colombian mine-aéfdcsoils and

* Adapted from Lopera O., Milisavlje€iN. and Lambot S., Clutter reduction in GPR mea-
surements for detecting shallow buried landmines: a Colambase study. Near Surface Geo-
physics, vol 5, pp. 73-80, 2007.
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3. Detect antenna height
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4. Calculate and subtract synthetic Green’s functions
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5. Level antenna height

!

6. Detect sub-Bscans with residual surface reflection

Sub-Bscan?

7. Select sub-Bscan from preprocessed data

8. Retrieve target depth

'

9. Focus the whole B-scan

Figure 3.1. Block diagram representing the filtering methodology.

typical Colombian landmines such as M14 and low- and noraetieeiEDs
are used. Results prove that the proposed technique eéfigcteduces clutter
under non-controlled conditions and yields target featuhat are useful for
detection of these landmines.

3.2 GPR Signal Processing

Steps 1 to 9 of Fig 3.1 are described below:
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Figure 3.2. Outdoor test site: (a) silt loam soil, (b) loamy sand soil &tdsandy clay soil.

Step 1: Filtering Antenna Effects

Equation 2.11 is used to remove major antenna effects (sE®5.2.1).

Step 2: Calculating soil surface dielectric permittivity

The surface dielectric permittivity can be estimated byfqremning a single
radar measurement in a local landmine-free area and udingdue inversion
of the radar signal, focused on the surface wave reflectidhartime domain
(see Section 2.2.2).

Step 3: Calculating Antenna height

The antenna height can be derived directly from the radasorements in the
time domain, by identifying the surface reflection afterlgpy Eq. (2.11).

Step 4: Filtering Soil Surface Reflection

Soil surface reflection is filtered by subtracting from thegocessed signal
a computed Green'’s function describing wave propagatidh thie antenna
in air above a single interface (soil surface). Synthetiedais functions can
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Type Case material Metal content Diameter Widtla,

(cm) (cm)
SIM12 Plastic no 12 4 2.8
M14 Plastic low 5.6 4 3
IED1 PvC no 8 7 3.6
IED2 PVC low 12 8 3.6
IED3 PvC no 6 12 3.6
IED4 PVC low 6 12 3.6

Table 3.1. Characteristics of the local landmines buried in the lafié® SIM12 is a standard
test target, the M14 is an American AP landmine and the IEB$aprovised explosive devices
with PVC case. The IEDs are generally used by the local dlaerie, is an approximative

value.

be calculated for each radar measurement whatever thenanteright (see
Section 2.2.2).

Step 5: Leveling antenna height

The height of the antenna is equaled by shifting the singlarreneasurements
in time and correcting the amplitude of the signal. This Jtegilitates the
detection of residual surface reflection and of target depth

Step 6: Detecting Residual Surface Reflection

After Step 4, surface reflection can remain due to the inh@meigy of the soil
dielectric properties. If such a region is detected (corditrhy end-user), the
algorithm proceeds to Step 7. If not, the algorithm procaedtep 8.

Step 7: Selecting sub-Bscan from preprocessed data

If a sub-area is detected in Step 6, it is selected from thprpcessed data
after filtering antenna effects. Steps 2 to 6 are repeated agar the selected
subset. This sub-process is added to the original algorithoeal with the
soil surface inhomogeneity in field conditions. The singldar measurements
corresponding to consecutive borders of sub-B-scans argechéo decrease
high contrasts between two subsets.

Step 8: Detecting Target Depth

In 2D GPR data, buried objects of finite dimensions appealypsrbolic re-
flectors due to the beamwidth pattern of the radar antennageffdepth is
calculated at the apex of its hyperbolic signature (see ApipeB.).
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Figure 3.3. Time domain representation of preliminary radar measunégsngerformed in lab-
oratory conditions (inhomogeneous sand, 3.9 < 5.5). A plastic standard test target with a
non-metallic fuze is buried at 4 cm of depth. The height ofgh&enna is intentionally increased
and decreased: (a) measured signalt), (b) major antenna effects filtered frosa, (¢), (c)
soil surface reflection filtered by removing(t) from signalg*(¢), (d) results of filteringys (¢)
from the selected sub-Bscan, and (d) antenna radiatioerpagffect filtered by migration.

Step 9: Focusing the Preprocessed Data

Migration is performed following the approach proposed éti®n 2.2.3.

3.3 Measurement Setup

3.3.1 Preliminary Experiment in Laboratory Conditions

The GPR system used for the measurements is the same GPRtedese
Section 2.3. A preliminary experiment in laboratory coiudis is carried out
at the Catholic University of Louvain (Belgium), over a sdager of 14 cm

of thickness and 1.5 nx 2 m of surface area. Sang varies horizontally,
between 3.9 and 5.5. A plastic standard test target with anmetallic fuze was
buried horizontally, longest side up, at 4 cm of depth messtom the top.
It is referred to as SIM12 and its characteristics are ptesein Table 3.1. To
acquire 2-D data, the radar system was moved manually abertgorizontalk:-

axis, crossing the center of the buried object, followingigp®rt frame. Radar
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traces (11) were recorded with a constant space step of 2 cm. The hefight o
the antenna aperture above the sand was between 17 cm and(2bterma
phase center at about 24-32 cm). It is increased and dedraasationally

to emulate changes in the sensor head position by a demiriagdiemining
operations.

3.3.2 Outdoor Measurements

Outdoor measurements were performed over three typicain@mhn mine-
affected soils located in training lanes of Colombian Mitit Bases. Dimen-
sions of the lanes are 3 m of depth and k0 m of surface area, and contain
different types of soil: silt loams(. = 4.1, measured at the time of the exper-
iment), loamy sande(. = 4.4, measured at the time of the experiment) and
sandy clay £, = 5.3, measured at the time of the experiment). Soil surfaces
are almost flat and present some roughness, as can be segn3ii

Radar measurements were carried out using local low- anehetallic
cylindrical devices (one AP landmine and four IEDS) as t&rgdn the re-
minder of this chapter, they are referred to as M14 (an Araeriow-metallic
AP landmine), IED1, IED2, IED3 and IED4 (IEDs with PVC casefwhich
characteristics are described in Table 3.1. They were glhogzontally with
the side defining the diameter upper-most. To acquire 2-B, dla¢ radar sys-
tem was moved manually along the horizontadxis, crossing the center of the
buried objects, following a support frame. Radar traces)(were recorded
with a constant space step of 2 cm and 2.5 cm. The height ohtieaa aper-
ture above the sand was at about 17 cm (antenna phase cestat amut 24
cm).

3.4 Results and Discussions

3.4.1 Preliminary Experiment in Laboratory Conditions

Figure 3.3 shows results of applying the whole methodolaggata acquired
under laboratory conditions. In Fig. 3.3(a), the 2-D rawaradata are pre-
sented in the time domain. Between about 0-2 ns, we can abssunultiple
reflections occurring in the antenna. These reflectionsidias well the signal
for later times. Between about 3.0-3.5 ns the soil surfafteaton is visible
and we can observe the effect of varying the antenna heighén & second
order reflection occurring between the antenna and the giddce comes at
between about 4.2-4.7 ns.

Results after Step 1 are presented in Fig. 3.3(b). The tnae fiero cor-
responds now to the antenna phase center, situated at alwoutfiom the
antenna aperture, inside the antenna. The multiple antesfleztions have
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Figure 3.4. Time domain representation of radar measurements pergbimtée silt loam soil
(e = 4.1) for the M14, IED1 and IED2, all buried at 5 cm (raw data pesented): (a) major
antenna effects filtered from the measured signa(t) and (b) results after applying the whole
filtering approach.

vanished and the air-surface interface reflection is gledidtinguished, be-
tween about 1.3-1.8 ns. This permits the accurate extractidhe antenna
height (Step 3). The remaining oscillations still visibfethe B-scan between
about 0-1.2 ns are an artefact of the inverse Fourier tremsémpplied to data
taken in a limited frequency range.

Step 2 enables us to identify a first sand surface dielecgimittivity,
er1 = 3.9. Results of Step 4 are shown in Fig. 3.3(c). The height of the
antenna is leveled (Step 5) to show more clearly the hyperBanature of
the landmine and residual surface reflection, the lattexatied in Step 6. A
second sand surface dielectric permittivity, = 5.5, is found from the sub-
B-scan after performing again Step 2. No new residual serfaflection is
found when repeating Steps 3 to 6. The effect of the standatdarget i2,;)
is isolated, which permits to differentiate the hyperbdignature as can be
seen in Fig. 3.3 (d).

In Step 8 we find accurately a burial depth of 4.56 cm (the neahbdepth
is 4 cm), and finally, Step 9 permits to filter the antenna taatiapattern by
focusing the object scattered data into their origin. Thgrated data from
Fig. 3.3 (d) can be seen in Fig. 3.3 (e). The shape of the stdndst target
along the scanning axis becomes clear, and we can estiméenatdr of 14
cm, which is really close to the real value (12 cm).

Other subsurface inhomogeneities are detected. In Fig.(cd3), re-
flections below 3 ns correspond to the bottom of the sand léy@crete).
Nevertheless, the migration algorithm helps identifying $hape of the buried
landmine and differentiating from these inhomogeneities.
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Figure 3.5. Time domain representation of radar measurements perfbimihe loamy sand
soil (¢ = 4.4) for the IED3 and IED4, buried at 5 cm (raw data not pres#n (a) major antenna
effects filtered from the measured sigral (¢) and (b) results after applying the whole filtering
approach.
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3.4.2 Outdoor Measurements

The same methodology is applied to the measurements agquirgypical
Colombian mine affected soils. Results for the silt loam ao¢ shown in
Fig. 3.4. In this lane, M14, IED1 and IED2 are buried at 5 cm@pbtth, mea-
sured from the top, and their spatial locations are x = 20 cm,79 cm and
x = 120 cm, respectively. In the raw radar data, the effecheflandmines is
not visible (results not shown). After Step 1, the strongsaiface interface
reflection appears around 1.5 ns. The hyperbolic signaaméde hardly seen
for the IED2 in Fig. 3.4(a), between 2.5 ns and 3.5 ns, andnihcabe seen
at all for the M14 and IED1. This might be due to the dimensioithe IED2
and its air cavity, which are bigger than those of the M14 d#d1. Step 2
permits to identify a first soil surface dielectric permitty, ¢, ; = 4.1. As the
measurements were taken manually, small changes in thenanteight were
detected in Step 3. After Step 5, no residual surface reflestivere detected.
In Step 8, we find a burial depth of 6.26 cm for the M14, 6.01 cnitie IED1
and 8.12 cm for the IED2. For the latter, the important défere between the
real and the estimated depth value is possibly due to a bigflection coming
from the layers inside the device instead of from its top.URe®f Step 9 are
shown in Fig. 3.4 (b). The shape of the landmines along thersieg axis is
distinguished and we can differentiate their sizes, froendgimallest one to the
biggest one. Itis worth noting that the M14 is one of the sestllow-metallic
AP landmines in the world. In Chapter 2, promising resultsersehieved for
this landmine under controlled low-contrast conditionsy(sland). Here we
demonstrate that, under these outdoor conditions, infiomabout the bur-
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Figure 3.6. Time domain representation of radar measurements pertbimthe sandy clay
soil (¢ = 5.3) for the IED3 and IED4, buried at 5 cm (raw data not presn (a) major antenna
effects filtered from the measured sigral (¢) and (b) results after applying the whole filtering
approach.

ial depth and shape from this small AP landmine can be alsacetd by the
proposed methodology.

The second outdoor experiment was done over the loamy sénthdbis
lane, the IED3 and IED4 are buried in at 5 cm of depth, measuoedthe top,
and their spatial locations are x = 25 cm and x = 75 cm, resmgtiResults
of applying the proposed approach can be seen in Fig. 3.5elmaw radar
data, the effect of the landmines is not visible (resultssiawn). After Step
1, the strong air-surface interface reflection appearsard? ns, as shown in
Fig. 3.5 (a). No hyperbola can be distinguished. Step 2 permiidentify a
first soil surface dielectric permittivity,, ; = 4.4. As the measurements were
taken manually, small changes in the antenna height weeetdetin Step 3.
After Step 5, two sub-Bscans with residual surface reflastwere detected.
One of them is located along the first 35 cm of the B-scan andttier one is
located between 45 cm and 70 cm, both with ~ 4.8. In Step 8, we find a
burial depth of 5.83 cm for the IED3 and 6.03 cm for the IED4sits of Step
9 are shown in Fig. 3.5 (b). The shape of the landmines aloagdthnning
axis is distinguished.

The last outdoor experiment was done over the sandy clay swoithis
lane, the IED3 and IED4 are buried at 5 cm of depth, measuoed the top,
and their spatial locations are x = 25 cm and x = 75 cm, resmdgtiResults
of applying the proposed approach are given in Fig. 3.6. érrélw radar data,
the effect of the landmines is not visible (results not showiiter Step 1, the
strong air-surface interface reflection appears arounad,.as can be seen in
Fig. 3.6 (a). No hyperbola can be distinguished. Step 2 gerimiidentify a



48 Chapter 3. Filtering GPR Data: Application to Real Mineeatéd Soils

first soil surface dielectric permittivity,. ; = 5.3. As the measurements were
taken manually, small changes in the antenna height weeetdet in Step 3.
In Step 5, one sub-Bscan with residual surface reflectiondesscted. It is
located along the first 30 cm of the B-scan with, = 5.6. Steps 3 to 6 are
repeated on this sub-Bscan. The high amount of stones widrett sizes
and shapes (see Fig. 3.2(d)) yields to less satisfactonytseas shown in the
following. This makes burial depth extraction difficult fiitve IED3 located in
this sub-Bscan. After Step 8, only the burial depth of IED#bisd accurately
(5.64 cm). Results of Step 9 are shown in Fig. 3.5 (b). Theelafthe IED4

is clearly distinguished. This is not the case of the IEDZ tuthe residual
clutter along the first 30 cm of the B-scan. However, its shHapw®ticeable.
Another inhomogeneity is detected, between 42.5 and 57.&rarat almost
the same depth of the IEDs. After migration, its shape aldmgsicanning
axis is larger than that of the IEDs, and its form is still hgg#ic. Such
false alarm is probably due to the presence of a subsurfgeedth different
water content. These effects are quite common in outdoan-¢oatrolled)
conditions, where such false alarms can be found as explair@orriti et al.
[2006] andSato et al.[2007] for measurements performed using hand-held
dual sensors in outdoor minefield trial sites. In the remiredehis document,
these false alarms will be referred gisosts

An important effect can be observed on all these experimeatsl sur-
face reflection right above the landmine is not totally fédtkrout after Step
4. This effect is more noticeable in outdoor conditions thataboratory, as
can be seen in Figs. 3.3 (e), 3.4 (b) and 3.6 (b). This variatiothe soil
surface dielectric properties might be due to perturbatibthe soil density,
when the landmine is buried. In laboratory conditions, tst target had been
buried one or two days before starting the measurementgftine soil density
perturbation is visible in the radar data. For the field measents, the tar-
gets had been buried four months before. In this case, thetioar of the soil
surface dielectric properties might be also caused by gEtion of the soil
hydrodynamics at the surface. Soil density, water flow arsgbetranspiration
can be affected by the presence of the landmine. A thorougly segarding
these effects could bring a novel contribution to the daacof landmines
using GPR.

Regarding the influence of soil characteristics, less faatary results
were achieved in the sandy clay soil, where an IED was inctiyreletected
and a false alarm was found. It is caused mainly by the preseingig stones
and it seems there is no relation with the soil EM charadtesissince the
other IED buried there was accurately detected. For therdifft types of soil,
their surface moisture at the moment of the measurementguitasiow, help-
ing to an adequate performance of the GPR system. Measuteateathfferent
water content levels have to be carried out to well deterf@R& performance
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limits.

3.5 Conclusion

In this chapter, the filtering approach for enhancing AP ihame detection
using GPR is applied and validated for measurements pegfibiaer typical
Colombian mine-affected soils. The methodology appliESEEW radar sys-
tems operating off the ground in monostatic mode, a single emitting and
receiving antenna is used. It has been adapted to inhomitigeria the soil
surface water content. The radar-antenna-subsurfacelmsel@ here allows
precise antenna effects and soil surface reflection remmallting in a bet-
ter SNR. Therefore, the landmine response is the dominarttiloator in the
clutter reduced radar data and can be easily distinguishizdy @ migration
algorithm. As for the laboratory measurements, the wholéhaaology yields
a set of parameters, namely, of soil, antenna height and landmine depth and
shape.

Measurements are focused on real mine-affected soils ion@wh and on
local explosive devices. Results show that the proposdthigge could ef-
fectively reduce clutter and enhance landmine detectia®unon-controlled
conditions. Although soil surface was not completely flaaity of the soils
considered for the outdoor measurements, a deeper anadgsisling the ro-
bustness of the filtering approach with respect to soil roegh needs to be
carried out.

A disadvantage of this approach is that natural inhomogieseias stones
or subsurface layers, can be detected and considered agi@lotargets or
false alarms. Many authors claim that this issue can be dalsing dual-
sensor systems, in combination with metal detector (MD)wvéleer, consider-
ing this particular case where non-metallic AP landminesbarried, reduction
of GPR false alarm rate by MD cannot be carried out. A deepelystontain-
ing a statistically relevant number of samples, needs tadesased regarding
probability of detection and false alarm rate. Since meaments in field con-
ditions lead to the detection of soil density and hydrodyicanperturbation
due to the presence of the buried landmine, this could beilsefeject some
false alarms. This aspect is considered in the next chapter.






Chapter 4

Change Detection Algorithm for
Landmine Localization®

Rather than asking to search for a solution, ask your mingsirto remember it.

Buddhist philosopher’s trick.

In this chapter, we propose a novel approach based on etegroetic pa-
rameter estimation to localize buried objects by detecéuigstantial changes
due to soil perturbation resulting from the presence of @eluobject. This
approach is represented in Fig. 1.6, block section 2. Amli$siity measure
between the simulated Green'’s function calculated in Girgbtand the radar
signal from a mine-affected soil is used to detect signiticamiations. We
validate the approach for different low-metallic AP landed and low- and
non-metallic IEDs buried in different soils, including tgal mine-affected
soils in Colombia. This new detection method permits an itedocalization
of landmines and rejection of some false alarms.

4.1 Introduction

As shown in previous chapters, GPR can detect both low- anenmetallic
AP landmines and IEDs and therefore, it could reduce the fallsrm rate in
demining achieved by MD. Yet, the detection performance BRGargely de-
pends on the dielectric contrast between the landmine ansbihsurrounding
it and, in the same way, GPR can also detect other dieleatritrasts such
as significant changes in soil subsurface water contemtestor roots. These

* Adapted from Lopera O., Milisavlje@iN., Macq B. and Lambot S., A Change Detection
Algorithm Based on Soil Dielectric Permittivity Estimatidrom Frequency-domain GPR Data
for Landmine Localization. IEEE Geoscience and RemoteiSghetters. Submitted.
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detections are considered as false alarms for the GFirrifi et al., 2006;
Sato et al. 2007]. Besides background subtraction algorithms, GgRasi
processing has to focus on false alarm reduction.

Several authors have focused their research on the anafyhis effects of
dielectric contrast and dielectric properties of the sorfeunding landmines
on the performance of GPR for landmine detection. In soméesd studies,
electromagnetic (EM) models have been coupled to peddtnafisictions to
simulate EM wave propagation in soil-mine mediums congidedifferent
types of landmines and changes on soil water confott et al, 2001 ;Miller
et al, 2004; Lopera and Milisavljevic 2007]. Numerical, laboratory and in
field results demonstrate how signal attenuation and dredemntrast play an
important role on GPR detection performance. In this respehber studies
have been focused on the integration of hydrological and Edeats for mod-
eling water content distribution around landmines aftetewag to use this
information for enhancing landmine detectiddofchers et al. 2000;Lensen
et al, 2001;Rhebergen and Ralstp8005]. These integrated methodologies
have been tested under laboratory and outdoor conditiothshenanalysis of
the results showed differences on water content below amebabe landmines
with respect to a reference point in the surrounding soiesBdifferences are
strengthened after precipitations events and change gldriought periods.
This is due to the obstruction generated by the landmine emé#tural flow
of water in a specific soilHendrickx et al. 1999]. In Section 3.4.2, we notice
that soil surface reflection right above the landmine is otlly filtered out
after applying the proposed filtering methodology. Thegg@atians can be a
result of changes on soil density and perturbation of sailrbglynamics. In
this chapter, a thorough analysis of these effects is predeand considered
for landmines localization using a change detection amroa

Change detection has been the basis of some publicatiaiseddb land-
mine detection using GPRBfunzell 1999;Ho and Gadeyr 2002; Xu et al,
2002;Patin et al, 2006]. These studies are based on the analysis of the target
reflection and none of these contributions considers thethgsis of detect-
ing changes on sail surface properties (soil compactneggariurbation of
soil hydrodynamics), due to the presence of a buried objedgcalize land-
mines. In Ku et al, 2002], a change detection method based on energy detec-
tion is used to localize buried landmines on 2-D data. Aftetter reduction,
changes are detected in the spatial and time direction &r ¢odfind the land-
mines horizontal positions and their response times. Gimigboth direc-
tions are detected thanks to a sequential probability tasb In [Potin et al,
2006], an abrupt change detection algorithm is applied tR G data. This
methodology applies for the time domain where the signatofeshallowly
buried landmines are very weak, which represents a diffidatt their detec-
tion under low-contrast conditions. IBfunzell 1999;Ho and Gadey2002],
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Figure 4.1. Vertical distribution of water content in a soil containiagmine-like object. In
the graph, a vertical slide of the soil is represented. Thiesabsurface corresponds to the big
rectangle and the mine-like object corresponds to the wdrige Soil surface is therefore the
upper side of the big rectangle. Starting from dry condgiche soil is subject to precipitation.
Water content is expressed on a volumetric basis’{en?). The more reddish the drier and
the more greenish the wetter. The hydrodynamic simulat@as heen performed using the
HYDRUS-2D code.

statistically-based change detection algorithms areieghplThey consist in
modeling the propagation of electromagnetic waves intoedarbgenous soil.
However, GPR data are difficult to recreate accurately siaet field con-
ditions are far more complex than numerical modeling. Theseel-based
statistical techniques are therefore of limited use.

We propose a change detection approach based on the estimétihe
soil surface dielectric permittivity from GPR data in thedquency-domain for
discerning AP landmines and, additionally, reject somsefalarms Llopera
et al, 2006b]. The Green’s function is derived using full-waveeirsion of
the radar signal (Chapter 2) for a measurement taken in hliow@mine-free
area. A dissimilarity measure between the radar signal framine-affected
area and the estimated soil response is calculated anficignivariations are
detected. This methodology has been tested on data cdllesieg SFCW
radar combined with a horn antenna (see Section 2.2.3) Uableratory and
outdoor conditions. Laboratory measurements are cartiedwer a sand layer
where a standard test target has been buried. Outdoor reezetis were
performed over typical Colombian mine-affected soils inekHocal devices
(AP landmines and IEDs) are buried.
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4.2 Change Detection Basis

In Section 3.4.2, we notice that soil surface reflectiontrajiove the landmine
is not totally filtered out after applying the proposed fitigr methodology.
Since the latter is based on the estimation of the dielepgimittivity of soil,
it is possible that these reflections remain after filtering do changes on
the soil surface dielectric properties right above thedaitandmines. These
variations can be due to soil perturbation after diggingne¥ the landmines
lay after a long period (as shown later in this chapter). Aaphypothesis is
the obstruction caused by a landmine on the soil naturalnflate and this
effect can be illustrated by modeling the water propagaiticen soil-landmine
medium. Several mathematical and experimental studiesihagstigated wa-
ter movement around stones and air-filled cavities in thg Bouwer and Rice
1984;Hendrickx et al. 1991;Fennemore and Warrigkl997]. A landmine can
be considered as a stone or air cavity, thus it can causeasiohistructions
to water flow. Some authors have studied how an obgg, landmine) in
the subsurface can have an impact on the water distributida surroundings
[Borchers et al.2000;Lensen et a).2001;Rhebergen and RalstpA005]. In
these studies, simulations of water flow in a soil-mine medare conducted
using the HYDRUS-2D codeSimunek et a).2007]. Analysis of numerical
and experimental data has shown how the presence of a lagangin induce
specific changes on the water content in the shallow sultsugiaund it, spe-
cially right below and above the landmine. When the minessaialowly
buried, this can create differences in the surface and quautthlly explain the
results obtained in Section 3.4.2.

A preliminary study using HYDRUS-2D code is carried out anche re-
sults are given here. The HYDRUS-2D is a finite element moaleh€curate
analysis of water flow in variably saturated porous mediectviias been de-
veloped at the Salinity Laboratory of the University of Galnia. The physics
behind this program is not considered here since it is ouh@fstope of this
thesis. The reader is referred3omunek et a[2007] and references therein for
the theory details. The water flow depends on several fastars as soil tex-
ture, bulk density, organic matter content, water contembreg others. These
parameters can be measured for a specific soil, some otleegeaeral for all
types of soil. They are entered to the program in order to lsitauhe water
transfer in the soil. This program has been validated byraégtudies and
under different conditiors

Figure 4.1 illustrates modeling results on how the preseficelandmine
may induce specific water content patterns in both the seiidad subsurface.
In the graph, a vertical slide of the soil is represented. 3diksubsurface

TMore information can be found in http://www.envisci.uduéaculty/simunek.htmi
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Type Metal content Diameter (cm) Height (cm) Case material

IED5 No 55 12 Glass
IED6 Low 55 12 Glass

Table 4.1. Characteristics of two additional local IEDs buried in thel@nbian mine-affected
soils.

corresponds to the big rectangle and the mine-like objétiu{ated as a body
with hydraulic conductivity of 0) corresponds to the whiteeo Soil surface
is therefore the upper side of the big rectangle. In this kifed example, an
initially dry soil is subject to precipitation. Water conteis expressed on a
volumetric basis (ciicm?). The more reddish the drier and the more greenish
the wetter. Since the landmine constitutes a non-condutiydraulic body, it
leads to an accumulation of water on its upper part, which imargase locally
surface soil moistufe

These specific hydraulic conditions, in conjunction witk fherturbation
of soil compactness after digging, can create dielectrigrests on the soil
surface which can be favorable to the detection of the landmising subsur-
face imaging sensors such as GPR. However, these changé® edfected
by the temporal variability of weather conditions such ascpitation and
evaporation, the differences in soil hydraulic propertgsface roughness and
vegetation, among other factodddndrickx et al. 1999]. For instance, it has
been demonstrated iBprchers et al. 2000;Lensen et a).2001;Rhebergen
and Ralston2005] that watering can contribute to strengthen thesagdws
which can enhancee(g, by increasing dielectric contrast) or adversely affect
(e.g, by decreasing wave propagation velocity) GPR detectisfopaance.
Those factors are not taken into account here since they edahebsubject
of a complete study in their own. Nevertheless, we consitigtying them
thoroughly in further research.

4.3 Change Detection Algorithm

The change detection algorithm developed here is based asumeg the dif-
ferences between the surface reflections from a mine-affetea and the es-
timated soil response from a nearby mine-free area. Aftguidag 2-D data
from both areas using a SFCW radar, the changes are deteditbas.
ConsiderS as the 2-D data set from a mine-free area, close to the mine-
affected area,
S = [Si1,1-Si1,k] (4.1)

j;A parallel phenomenon is also found in soil heat transferincbrresponding effect is the
basis of AP landmine detection using infrared came@asiher 2003].
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Figure 4.2. Change detection approach applied to a metallic cylindeietat 4 cm: (a) and
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from signalsi:1 () ands$% (t), respectively, (e) dissimilarity vector plotted for théference
data set $oil 1), the tuning data seSil 2) and data set from the mine-affected ar&ail +

objec). Unit in datasetposition is 2 cm.

where K is the number of consecutive single acquisitions, or A-scéising
Eq. (2.2), the antenna characteristic transfer functidpnsH and H are fil-

tered out from the signal;; , (k =1,---,

response functions

X, =[G

-Gxl.

K), resulting in a set of measured

(4.2)

Synthetic Green’s functions are calculated for e@g¢hoy full-wave inver-



4.3. Change Detection Algorithm 57

0.1
0.1 -

0.0 / R
> / v
= 0.0 / ’\\’ Soil 1
% K ~% Soil 2
G /) - -\ Soil + object
© 0.0 K ' Threshold
a , "

0.0 . N

0.0 Ty N

0.0 S

Zlb 5 10 15 20 25

Dataset

Figure 4.3. Dissimilarity vectors from the data acquired in sandy soil $IM12, buried at 5
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dissimilarity vectors are calculated and show the presehaduried object for th&oil + object
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sion (see Chapter 2). From the resulting sekadstimated signals, we selected
the one which has the minimum error with respect to its oteksignal & (|
el,--,K)).

Let S° be a 2-D data set from the mine-affected area,

SO = [S77) - ST, (4.3)

where(@ is the number of consecutive single acquisitions. AsSpthe an-
tenna characteristic transfer functions are filtered oimgugq. (2.11), and the
resulting set of functions will be referred to as

X, =[G G (4.4)
Defining the dissimilarityD; as a vector containing the difference of the

signal focused on the soil surface reflection between theeiés ofX,, in the
time domain andy,

b '* max b ‘* max
D = [g"" lier = a1+~ 90" Ity = ail, (4.5)
the change detection problem can be expressed as follows:

- no change occurs whel, ;, < v,

- achange occurs whe, , > 7,

where
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v =max(D,) + ko (D) (4.6)

is the threshold valud), being the dissimilarity between the elementXof
andGj, ando(D,) its standard deviation. Thefactor is calculated from an
additional 2-D set of pre-filtered data from a nearby mirezfarea,

Xe =[G Gy, @7

by tuning Eq. (4.6) until no changes are detected, i.e.| dntj, < ~ for all
qc [17 7@]

The algorithn§ is first applied to GPR 2-D data, collected before for an-
other purpose, from a PEC cylinder buried at 4 cm of depth mdgaoil ¢
= 3.5). This cylinder had been left buried for a few days aral ghil was
submitted to artificial watering. The GPR system used fomtleasurements
is the same GPR presented in Section 2.3. Fig. 4.2 shows shisref the
change detection approach. Raw data in the time domain awensim Fig.
4.2 (a) and (b), representing the data setand S, respectively. Due to
the high electromagnetic contrast between the PEC cyliaddrthe soail, the
hyperbolic signature of the object is easily distinguishélbte that multiple
reflections distort the signal between about 0-2 ns. Data fftering antenna
effects (see Section 2.2.1) can be seen in Fig. 4.2 (c) andiéie, the strong
air-surface interface reflection appears around 1.2 nslanthytperbolic sig-
nature of the object is accentuated. The remaining osoitiatvisible in the
B-scan are an artefact of the inverse Fourier transformiegbpb data taken in
a limited frequency range. Dissimilarity vectors are @dtin Fig. 4.2 (e) and
compared to a third vector from GPR 2-D data set acquiredaca brea with
no object. For each detection, a weight is then assignedlbylating the area
A of the dissimilarity function over the threshold value. Tdienge detection
(CD) output is:

- A, when a change occurs,
- 0, otherwise.

Additionally, the center of mass of the ardaof the dissimilarity function over
the threshold value is used to calculate the position of ttential target.

For the PEC cylinder data, only one change is detected aarkitsis calcu-
lated as4 = 0.98. For this detection, its center of mass is calculateda set
11, which accurately localizes the PEC cylinderzat 22 cm (real valuer =
20 cm, error of 2 cm).

§Dissimilarity and CD account for theDissimilarity functionand Change detection algo-
rithm boxes in Fig. 1.6, block section 1.
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Figure 4.4. Dissimilarity vectors from the data acquired in sandy soilthe PMN2 landmine,
buried at 10 cm depth and = cm. After filtering h;(t), hy(t) andh(t) from signalssii (t)
ands?%’ (t), dissimilarity vectors are calculated and show the preseha buried object for the
Soil + objectdata set. Unit irdatasetposition is 2 cm.

4.4 Experiment Description

4.4.1 Laboratory measurements

Two experiments under laboratory conditions are carrietd dine first one
is carried out at the UCL, over the same sand layer of 14 cnkrikgs and
1.5 x 2 m? surface area of the laboratory experiments of Chapter 2thfor
SIM12 target, with a non-metallic fuze, buried at 5 cm of dtepieasured
from the top. After artificial watering, soil, varies horizontally, between 3.9
and 5.5. To acquire 2-D data, the radar system was moved thaaltamg the
horizontalz-axis, crossing the center of the buried object, followirgupport
frame. Radar tracesS(;) were recorded with a constant space step of 2 cm.
The height of the antenna aperture above the sand was abont {@ntenna
phase center at about 24 cm).

The second laboratory experiment is carried out at the taslitfes of
TNO, The Hague, The Netherlands, over a sand layer of 3 m @deywthx 2.85
m? surface area. Two AP landmines, PMN2 and M14 are buried iy,
the side designating the diameter up, at 10 cm depth. Thairacteristics
are listed in Table 2.1. Since several experiments inctusiatering experi-
ments have been carried out previously over this lane, asamgwater content
around landmines can be expected. Soil water content isomabgeneous and
it varies frome, = 2.8 ands, = 3.3 (measured at the time of the experiment).
To acquire 2-D data, the radar system was moved along{es using a
scanning frame, crossing the center of the buried objectiaR@maces §11)
were recorded with a constant space step of 2 cm. The heigheaintenna



60 Chapter 4. Change Detection Algorithm for Landmine Loc#lan

0.0
-- Soil 1
JUEEN e Soil 2
0.03! J N --- Soil + object
‘ \_ — Threshold
- y
2 0.0 K .
= J/
£ S~
g
20025 .
002 N Nl hemel
0.01 !
) 2 4 6 8 10 12

Dataset

Figure 4.5. Dissimilarity vectors from the data acquired in sandy soilthe M14 landmine,
buried at 10 cm depth and = cm. After filtering h;(t), hs(t) andh(t) from signalssii (t)
ands?%7 (t), dissimilarity vectors are calculated and show the preseha buried object for the
Soil + objectdata set. Unit irdatasetposition is 2 cm.

aperture above the sand was about 17 cm (antenna phase @eabsut 24
cm).

4.4.2 Outdoor measurements

The same outdoor measurement setup and collected dataogetSéction 3.3
are used here. Two additional targets, IED5 and IED6, of wbiaracteristics
are described in Table 5.2, are also used.

Note that mine-affected soils are located outdoor and lamesriay there
for more than four months (at the moment of the measurementbre-
fore, changes on water content around landmines after aigtuecipitation
and evaporation events can be expected.

45 Results and Discussions

4.5.1 Preliminary Experiments in Laboratory Conditions

In Fig. 4.3, results of applying the change detection apgrdar the SIM12
buried in sandy soil at 5 cm of depth and at 25 cm along the sograxis are
shown. After filtering ou, (¢), ks (t) andh(t) from signalss;; (£) andsS? (t),
dissimilarity vectors from the mine-free so®qil 1) and the mine-affected soil
(Soil + objec) are calculated and plotted in this figure. For a second GBR 2-
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Figure 4.6. Dissimilarity vectors from the data acquired in sandy clagnh soil for M14,

IED1 and IED2, buried at 5 cm depth and= 20 cm,z = 70 andz = 120 cm, respectively.
After filtering h;(t), hs(t) andh(t) from signalssi: (t) ands$y (¢), dissimilarity vectors are
calculated and show the presence of three buried objecthd@oil + objectdata set. Unit in
datasetposition is 2.5 cm.

data set in a local mine-free are@ofl 2 no changes are detecfedResults
show only one change detected for el + objectdata set, and its area and
object position are calculated and listed in Table 4.2, eately localizing the
SIM12 atz = 24 cm (error of 1 cm).

As for the PEC cylinder, the SIM12 has been buried a couplays tiefore
taking the measurements. Therefore, detected change® caaibly an effect
of soil disturbance after digging, which produces a vasiatin the soil surface
reflection due to different soil compactness.

In Fig. 4.4 and Fig. 4.5, results of applying the change dete@pproach
for the PMN2 and M14 landmines, respectively, buried in yesuall at 10 cm
depth are shown. Spatial locations of these devices ard0 cm. After fil-
tering outh; (t), hy(t) andh(t) from signalss; (t) and s (t), dissimilarity
vectors from the mine-free soig6il 1) and the mine-affected soi66il + ob-
ject) are calculated and plotted in these figures. For a secondZJdPRata set
in a local mine-free are&5pil 2 no changes are detected. Results show only
one change detected for tls®il + objectdata set in each graph, and its area
and object position are calculated and listed in Table €@ ately localizing
both PMN2 and M14 at = 10 cm.

These devices have been buried for more than three yeareasichisex-

ﬂNote that this soil corresponds to the left part of the scdrarea in Fig. 3.3(b). This area
has a higher moisture content and could be identified as e &dsm (if the residual surface
reflection detection, or Step 6 in Chapter 3, is not perfojmetbwever, the change detection
algorithm reject this inhomogeneity
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Figure 4.7. Dissimilarity vectors from the data acquired in sandy loaihfer IED3 and IED4,
buried at 5 cm depth and= 25 cm and: = 75 cm, respectively. After filtering; (¢), by (¢) and
h(t) from signalss; (¢) ands % (t), dissimilarity vectors are calculated and show the presenc
of two buried objects for th&oil + objectdata set. Unit idatasetposition is 2.5 cm.

periments, including watering, have been carried out im $hind lane. There-
fore, detected changes could be mainly more related toreliftes on the di-
electric permittivity of the soil surface right above thedanines than to an
effect of soil disturbance after digging.

45.2 Outdoor Measurements

The same procedure is applied to radar data from local deviaged in typ-
ical mine-affected soils in Colombia. Results for the sadkdy loam soil are
shown in Fig. 4.6. In this lane, the M14, IED1 and IED2 are &dirat 5 cm
of depth, measured from the top, and their spatial locatwas = 20 cm,z =

70 cm andz = 120 cm, respectively. After filtering out;(t), h¢(t) andh(t)
from signalss;;(t) and s‘l’l{j(t), dissimilarity vectors from the mine-free soil
(Soail 1) and the mine-affected soiB6il + objec) are calculated and plotted in
Fig. 4.6. For a second GPR 2-D data set in a local mine-freee (@@l 2 no
changes are detected. For convenience, dissimilarityokedtom Soil 1 and
Soil 2 are repeated four times since & = Q”. Results show three detected
objects from theSoil + objectdata set. Their respective areas and positions
are calculated and listed in Table 4.2, showing accuratalypbsitions of the
three devices at = 20 cm,x = 70 cm andr = 120 cm, respectively.

I Note that the length of the 2-D data set acquired over the +aifeeted area is 150 cm.
This does not mean that the length of the 2-D data set from the-free area has to be the
same. For the latter, a small area is used and therefores ibHze repeated some times in the
graph for comparison.
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Figure 4.8. Dissimilarity vectors from the data acquired in sandy loaihfer IED5 and IEDS6,
buried at 5 cm depth and= 25 cm and: = 75 cm, respectively. After filtering; (¢), by (¢) and
h(t) from signalss; (¢) ands % (t), dissimilarity vectors are calculated and show the presenc
of two buried objects for th&oil + objectdata set. Unit idatasetposition is 2.5 cm.

The second outdoor experiment was performed over the saady $oil.
In this lane, the IED3, IED4, IED5 and IED6 are buried in at 5 afrdepth,
measured from the top, and their spatial locationszare 25 cm for IED3
and IED5 andr = 75 cm for IED4 and IED6. After filtering out;(t), hs(t)

andh(t) from signalssy; () ands‘l’l{j(t), dissimilarity vectors from the mine-
free soil Soil 1) and the mine-affected soib6il + objec) are calculated and
plotted in Fig. 4.7 (IED3 and IED4) and in Fig. 4.8 (IED5 andDi&). For
each graph, a dissimilarity vector from a second GPR 2-D sletan a local
mine-free areaSoil 2 is plotted and no changes are detected. Skice @),
dissimilarity vectors frongoil 1andSoil 2 are repeated a few times. Only two
changes are detected in tBeil + objectdata sets. The areas of all detected
changes and their positions are calculated and given ireFaBl| showing the
position of IED3 atr = 27 cm, with an error of 2 cm, the position of IED6aat

= 72.5 cm, with an error of 2.5 cm, and accurately localizieB®4# and IED5
atz =75 cm ande = 25 cm, respectively.

The last outdoor experiment was carried out over the saralysmil. In
this lane, the IED3, IED4, IED5 and IED6 are buried in at 5 cndepth,
measured from the top, and their spatial locationszare 25 cm for IED3
and IED5 andr = 75 cm for IED4 and IED6. After filtering out;(t), hs(t)
andh(t) from signalssy; () ands‘l’l{j(t), dissimilarity vectors from the mine-
free soil Soil 1) and the mine-affected soib6il + objec) are calculated and
plotted in Fig. 4.9 (IED3 and IED4) and in Fig. 4.10 (IED5 aDi6). For
each graph, a dissimilarity vector from a second GPR 2-D slettan a local
mine-free areaSoil 2 is plotted and no changes are detected. Skice (@,
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Figure 4.9. Dissimilarity vectors from the data acquired in sandy claiy fr IED3 and IED4,

buried at 5 cm depth and= 25 cm andr = 75 cm, respectively. After filtering; (t), h;(t) and
h(t) from signalss; (¢) ands % (t), dissimilarity vectors are calculated and show the presenc

of two buried objects for th&oil + objectdata set. Unit idatasetposition is 2.5 cm.

dissimilarity vectors fronSoil 1 and Soil 2, are repeated a few times. Only
two changes are detected in tBeil + objectdata sets. Note that the region of
the false alarm detected in Section 3.4.2, between45 cm andr = 60 cm
(dataset between 18 and 24 in Fig. 4.9), presents no detected chafiges.
areas of all detected changes and their positions are atdduand given in
Table 4.2, accurately showing the positions of IED3, IEDd HfD6 atx = 25
cm,x =75 cm andr = 25 cm, respectively. Position of IEDS is locatedrat
27 cm, with an error of 2 cm.
It is worth noting that the choice of the 2-D data sets fronalanine-free
soil and their sizd< do not influence the results of the algorithm.
For the outdoor experiments, all devices have been buriethfwe than
four months. As the training lanes are in open-air, detectexhges can be
related to both soil hydrodynamics perturbation and setialbance when dig-

ging (even after a long period). These produce a variatiothersoil surface
reflection above the landmine due to different soil moisture

From Table 4.2, some relations can be derived. The valueegZhoutput
will depend on the type of soil and also on the diameter andhdefithe tar-
get. For targets in the sandy clay loam soil, their CD valuesaatively low
compared to the other soils, and the larger the diametereobtinied object,
the higher its CD output. CD output for targets in the santaoiNO are the
lowest values, but they are buried the deepest. For thedenlars, the same
effect is observed regarding the diameter: the larger #umetier the higher the
CD output. Results from the sandy clay and the sandy loamaseimedium
values (compared to the other results), quite similar. Adise devices have
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Figure 4.10.Dissimilarity vectors from the data acquired in sandy claiyfer IED5 and IEDS6,
buried at 5 cm depth and= 25 cm and: = 75 cm, respectively. After filtering; (¢), hy (¢) and
h(t) from signalss; (¢) ands % (t), dissimilarity vectors are calculated and show the presenc
of two buried objects for th&oil + objectdata set. Unit idatasetposition is 2.5 cm.

almost the same diameter and are buried at the same depthightast values
are obtained for the experiments at the sand layer at UCLs& bbanges are

mainly a result of the soil perturbation after digging, hoes target diameters
are among the highest.

4.5.3 Sensitivity analysis

In order to investigate the relation between the accuracyhefproposed
change detection algorithm, we performed a sensitivityyaiga The thresh-
old value is calculated from the synthetic Green’s functirirom a mine-free
area which has the minimum error with respect to its obsesiglal. Then
we added errors (based on the accuracy of the modeled Gfeanton, see
Section 2.2.2) to the synthetic data and applied the chagetgetibn algorithm
again. For the reduced set of targets used here for the tialidaf the CD
algorithm, this assumption leads to no misdetection (1dr@nes out of 14
were detected) and rghosts(no false alarms from no object were detected).
An over or under estimation (as a consequence of small edtg@go the ac-
curacy of the modeled Green'’s function) of the thresholdesicalculated for
the data sets analyzed in this chapter is negligipl&+ |< 0.006) for the de-
tection and false alarm rate. ROC(receiver operating characteristic) curves
could be useful to determine the robustness of the proposéuoaiology, con-
sidering unexpected errors for whi¢hA~ |> 0.006. Since the number of

**ROC is a plot of the probability of detection versus falseralaate as a function of the
threshold setting on the output decision variable
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Saoll Target CD output Position (cm)
Sand, UCL PEC 0.989 22
SIM12 0.546 24
Sand, TNO PMN2 0.099 10
M14 0.037 10
Sandy clay loam M14 0.095 20
IED1 0.108 70
IED2 0.301 120
Sandy loam IED3 0.339 27
IED4 0.208 75
IED5 0.320 25
IED6 0.165 72.5
Sandy clay IED3 0.367 25
IED4 0.155 75
IED5 0.431 27
IED6 0.287 75

Table 4.2. Results of applying the change detection (CD) algoriti®D outputis calculated
as the area of the dissimilarity function over the thresivalde,.A. Positionis calculated from
its center of mass.

landmines (14) and false alarms from friendly objects (&dus this chapter

is far from statistically high to perform such analysis, R@Q@ot considered
here. However, an analysis in absolute values (number ettist landmines
and ofghost3 is proposed as an alternative. For valuesAfy |< 0.01, results
remain the same (14 detected landminegh@st3. If Ay < -0.01, all land-
mines are still detected but up tayfiostscould be found Ay < -0.10). If Ay

is in [0.01, 0.03], detected landmines drop to 12 and thexenaghosts Five

to six landmines are misdetected andgiwstsare found ifA~ is in ]0.03,
0.11]. For values ofAy > 0.11, the number of detected landmines fall to 0 but
no ghostsare detected. These results are presented in Fig. 4.11.

The robustness of the proposed algorithm could be alsotaffdry soils
presenting very localized, small surface areas with a haghalility in dielec-
tric properties, such as those from a buried landmine, whaiid result in
false alarms due to dissimilarity values larger than theghold value. Misde
tection could occur when the threshold value is calculatech ftwo mine-free
areas with a high variability in dielectric properties,déay to ay higher than
the highest dissimilarity between the data from the mirieetéd soil and>;.
Although these two scenarios consider extreme soil cardifiit has to be
taken into account for further analysis of the applicapiind limitations of
the proposed CD algorithm. This analysis will need more erpents car-
ried out in many different real, outdoor conditions wherest extreme soil
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conditions are naturally or artificially present.

4.6 Conclusion

In this chapter, a change detection algorithm based on mdearastimation is
presented. The estimated properties of the soil from aesiraglar acquisition
in a mine-free area are used to detect changes in the measufack reflection
due to buried objects. Compared to other change detectmmitpies, its
performance is not related to the accurateness of a statigtbased model of
the landmine and clutter signals. Since with this approasfed objects are
detected but no information on their nature is given, thertigms proposed
in previous chapters can be easily integrated with this onedtimating target
depth and geometrical properties.

The proposed methodology is tested under laboratory armtboutcon-
ditions and gives promising results for localization of ibdrobjects. Ad-
ditionally, it could contribute to reduce false alarms proeld by subsurface
inhomogeneities. Other false alarms such as stones arel taegal pieces
(e.g, grenade and bomb fragments), which are quite common in-affeeted
fields, are not considered in this chapter. A methodologydfstinguishing
landmines from these false alarms is considered and islintexd in next chap-
ter.

From the obtained CD values, the amplitude of the detectadgscould
be related to the type of soil, landmine diameter and depthweder, to cor-
roborate these relations, more data need to be collectediff@cnt mine-soil
scenarios have to be taken into account.

Results also demonstrate how the presence of the objelfthgsean im-
pact on the water distribution in its surroundings. Artidirigation can con-
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tribute to create these changes and could thus facilitathmae detection by
the proposed approach. However, soil EM properties, whielmainly depen-
dent on water content, govern wave propagation velocityadtehuation and
therefore, watering can adversely affects GPR performaAcmethodology
for estimating the effects of watering on the performanc&BR is proposed
in Chapter 6.



Chapter 5

Feature Extraction for Landmine
Identification*

Itis common sense to take a method and try it. If it fails, ddinfiankly and try
another. But above all, try something.

Franklin D. Roosevelt

In this chapter, the problem of detecting buried AP landmiisetackled
in the broader context of target identification: deterngnielevant features,
extracted from GPR signals, which can be used to identifgri@ines. These
features are extracted in the time-frequency domain ubmg\tigner-Ville dis-
tribution (WVD) and the wavelet transform (WT). The Wilkgrhbda value is
used as a criterion for optimal discrimination. Resultsrfrilne data collected
for this application show that time-frequency signaturesifWVD could con-
tain more valuable information than the features extraatadg WT.

5.1 Introduction

As stated before, GPR can contribute to locate buried abmaoth as metal-
lic and non-metallic AP landmines and IEDs. Unfortunatdys technique
can suffer false alarm rates as other reflecterg,(stones, metal fragments
roots) can produce similar echoes. However, features @gtisby analyz-
ing the backscattering phenomena can be used to identifawik targets.
These features can be studied in either the time-domain ¢ e frequency-
domain (FD). TD analysis is usually the first and the most nadtdiescriptor

* Adapted from Lopera O., Milisavlje@iN., Daniels D., Gauthier A. and Macq B., A time-
frequency domain feature extraction algorithm for landerigentification from GPR data. Near
Surface Geophysics. Accepted, Feb 2008.



70 Chapter 5. Feature Extraction for Landmine Identification

of a signal we consider, as almost all physical signals at&imdd by receivers
recording variations with time. However, this analysisl wat result in a good
discrimination since TD features are influenced by extgpaghmeters such as
target depth and position, or radar position. FD analysiemsally describes
which frequencies are contained in the signal, as well as toeresponding
amplitudes and phases, but it does not describe at whicls tinese frequen-
cies occur. We carried out TD and FD analysis, and concludadltD solu-
tions seem to be insufficient (results shown in Appendix Bjstwe have to
consider functions of both variables, time and frequeney, time-frequency
domain (TFD) transforms.

Time-frequency distributions, which are 2-D functionshaaveal the
time-varying frequency content of 1-D signalsldrinovic and Eichmann
1985]. One of these 2-D functions is the Wigner-Ville distition (WVD),
which is particularly important in the area of target reatign [Cohen 1995].
In this chapter, we show how the interpretation of the WVD oédar signal
may provide useful information on the physical charactiessof buried AP
landmines [Lopera et al, 2007b]. Radar data are collected using two systems:
the GPR system described in Section 2.3 and the MINEHOUNBand-held
dual-sensor system on GPR mode. They will be referred as GRRGPR2,
respectively. We use two different GPRs with the aim of \atlitg the pro-
posed methodology for different data sets. It is out of thapseoof this thesis
to compare the performances of the two systems.

Data are acquired over different types of soil and for ddfgrlandmines,
IEDs and false alarms (FA). We draw a comparison with featesdracted by
the wavelet transform (WT), and the Wilk's lambda is used astarion for
optimal discrimination. Finally, we demonstrate the difeamess of the WVD
in target classification and its potential in reducing FAesat

5.2 Methodology

5.2.1 GPR Data and Pre-processing

In Fig. 5.1 (a), an example of a 1-D time signal, or A-scan,robbject buried
in sandy soil is shown. This raw signal is represented bynipléude as a
function of time, and, since there is no pre-processingetlinnain components
can be identified. For data collected using the GPR1, theéfigiction can be
related to antenna effects (see Section 2.2.1). In the ¢dlse GPR?2, it repre-
sents the direct wave or cross-talk, which correspondset@dint of the signal
that travels directly from the transmitter antenna to tleeresr antenna of the
radar system. The second labeled peak corresponds to theilainterface
reflection, while the third labeled peak is the target reibect In this exam-
ple, the buried object is an AT landmine, whose dimensiomsmagtal content
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Figure 5.1. Example of GPR2 data processing for an antitank landminiedbur sandy soil: (a)
Raw and pre-preprocessed data. In the raw data, three nmapocents are identified. After Sl,
only the component of interest remains. (b) Results of apglthe WVD to the pre-processed
signal of (a).

make its reflection very easy to recognize. However, reiacliom smaller
targets such as AP landmines can be obscured by the two firgi@wents.
For removing part of this unwanted echoes, the proposedidifealgorithm
of Chapters 2 and 3 is applied to data collected using the GPR&imple
Sl algorithm based on thauto-regressive moving avera@RMA) [ Lopera
2004] is applied to remove part of these unwanted echoesAgpendix C)
for data acquired with the GPR2. The dotted line in Fig. 5)€presents raw
data acquired with the GPR2 and results after Sl are prasavitk the solid
line. In the latter, only one component remains, which iscbiaponent of our
interest (target reflection). Other techniques has beeledpp filtering data
from GPR2 Paniels 2004], and the Sl is selected for its good performénce

5.2.2 The Wigner-Ville Distribution

The WVD is an element of the time-frequency representatidgtssmain ad-
vantage with respect to other representations such as tnetshe Fourier
transform or spectrogram (see Appendix D) is a higher tinseltgion. The
WVD of a 1-D signals(t), WV D,(t, f), can be calculated as

WVDs(t, f) = /’§<t + %) i (t . %) eIl (5.1)
where
5= s(t) +j5() (5.2)

TThe other applied techniques are not presented here siageaitb out of the scope of this
study.
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Target Type Shape Dimensions (cm) Metal content

C3A1 Plastic AP Irregular Diameter: 5.1, Low
Width: 9.0

PFM Plastic AP Irregular Width : 6.1, Low

(butterfly) Length: 12.0

PMA Plastic AP Rectangular Width: 15.2, Low
Length: 3.0

VPMA-1 Plastic AP Rectangular Width: 14.0, Low
Length: 3.0

VPMA-3 Plastic AP  Cylindric Diameter; 10.3, Low
Width: 3.7

Stonel FA Irregular Diameter: 12.0 No

Metallic can FA Irregular Length: 12.0 High

Table 5.1. Some characteristics of the targets used in the measurea@paign at ERA.

is the analytic signal consisting of the real sigs@l) and its Hilbert trans-
form [Cohen 1995]

1—17

3(t) = % / ) g (5.3)

By replacing the analytic signal (5.2) in Eq. (5.1) and aleme mathe-
matical manipulations, Eq. (5.1) for a finite signdt) of duration7' can be
written as

WVD(t, f) = fo 7)s(t — 1) cos(4r fr)dr’ +
fo s(t+T )§(t 7') cos(4n fr')dr’ —
fo s(t + 7)s(t — 7') sin(4r fr')dr’ —
fo s(t — 7)s(t + 1) sin(4r fr)dr'),

(5.4)

wherer’ =7/2andk =7 if 7' <Tandk =T —7'if 7/ > T.

The WVD of the pre-processed signal of Fig. 5.1 (a) can be seéig.
5.1 (b). At any time (frequency) point, the WVD represents shmmed spec-
trum (correlation) of the signal power at this point and thess-power of two
signals parts, spaced symmetrically with respect to theentitime point.

Asthe WVD is a 2-D representation (matrix) of a 1-D signals transform
implies a given amount of redundancy. To address this iddaeinovic and
Eichmann[1985] suggested the Singular Value Decomposition (SVDjcty
is used here in conjunction with the concept of the center asr(CM) to
extract discriminant feature®kpth et al, 2001;van Kempen2006; Savelyev
et al,, 2007].
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5.2.3 Feature Extraction

SVD is intended for representing the WVD matMX; with its singular values
and singular vectors, which are unique for any matrix:

W;[m,n] = Ulm, m|X[m,n]Vn,n|, (5.5)

where the matrixe®J andV contain the left-singular and right-singular vec-
tors, respectively, and the mat® contains the singular values. Namely, any
matrix can be decomposed into a number of singular trip{ets oy, v},
with £ =1 ... min(M, N), where each singular valug, can be treated as
the square root of the corresponding triplet energy. Adddlly, the rows and
columns of W, represent, respectively, the distribution of the energynre
(related to the singular vectoks,) and in frequency (related to the singular
vectorsuyg). Since the singular values and vectors are unique for angixna
these triplets contain energy, time and frequency chaistits that can be
discriminant. Therefore, we propose to use the CM (the carfitmass is the
strongest point in any distribution) of the singular vestor. anduy as time
and frequency features and the singular vaiyeas energy feature for each
triplet {uk, Ok, Vk} as

N
1
Oup = N vak[n]Q, (5.6a)
n=1
| M
Ok = i Z muk[m]Q, (5.6b)
m=1
o
b = SN o (5.6¢)
k O

whered, s is the CM of the k-th right/left singular vector normalizemiits
length ands, is the energy of the k-th singular triplet) normalized to the
energy of the WVD.

After analyzing different triplets, we find that the follawg normalized
features from the first triplet provide the best discriminasults:

N
1 2
0p = N nz_:lnvl [n]*, (5.7a)
1 M
op = i Z muy[m)?, (5.7b)
m=1
Oc = min(M,N) 9’ (5.7¢)

k=1 O
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Target Type Shape Dimensions (cm) Metal content

IED5S PVC Cylindric Diameter: 6.3 No
Width: 13.0

IED6 PVC Cylindric Diameter: 6.3 Low
Width: 13.0

IED7 Glass Cylindric Diameter: 5.5 No
Width: 12.0

IEDS Glass Cylindric Diameter: 5.5 Low
Width: 12.0

Stone2 FA Irregular  Diameter: 8.0 No

Metallic debris FA Irregular  Length: 6.0 High

Table 5.2. Some characteristics of the targets used in the measurea@paign in Colombia.

Since the right and left singular vectors are related, sy, to the
rows and columns of the WVD matri¥; andd, can be referred, respectively,
to the time and frequency representations of the signalh@singular value
o1 can be treated as the square root of the correspondingt tfiplec, v }
energy,d. can be linked to the energy representation of the signal.

5.3 Experiment Setup

5.3.1 GPR-based Systems

Two GPR systems are used for the measurements. GPRL1 is thesy3PR
tem presented in Section 2.3. GPR2 is the MINEHOUND hand-kielal-
sensor. GPR2 combines the output from a pulse induction M&VWALLON
VHMD3.1) and an impulse GPR based on two spiral antennas amuhtaal
frequency of 1GHz. GPR2 has three modes of operation: (1) @PGPR,
(3) MD+GPR, and it transforms MD and GPR signals into two s&iea audio
signals of different frequency of vibration and tone. Dgrenscanning, data
(MD or GPR) can be separately logged in the electronic unihefMINE-
HOUND and transmitted afterwards to a laptop via the semat. pFor this
study, only the GPR data are analyzed. Data format for the @RERm is
16 bit accuracy, 512 samples per A-scan in a time window dt ©8, and 63
A-scans per second (one everiL5.9 ms).

5.3.2 Outdoor Measurements

Two different measurement campaigns were carried out foafiplication of
the proposed identification methodology. For the first cagrpawo different
lanes of the ERA test facility were selected for the measerem sand and
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Figure 5.2. Scanning frame with the MINEHOUND unit over the ballast soil

ballast (mix of sand and pebbles). No information aboutedigic properties is
available, however, their water content at the time of thgeexent were 8%
and 7.3%, respectively (dry soil). In these lanes, diffetargets are buried at
different depths. Their characteristics are given in Table AP landmines
are buried from 0 to 15 cm depth, and FA are buried at 5 cm déthy are
placed horizontally with the side defining the diameter uppest. For this
campaign, data have been acquired using GPR2 only. Thetlofitiite GPR2
head above the soil was at about 3 cm. Data were recorded bingnthe
scanning frame over a scanning distance of 50 cm and crodsncenter of
the buried target (approximately).

The second campaign was performed over two typical Colomiviane-
affected soils located in training lanes of Colombian Mitit Bases. These
are two of the three lanes described in Section 3.3.2: loaanyg ¢, = 4.5,
measured at the time of the experiment) and sandy elay 6.0, measured
at the time of the experiment). For this campaign, data haen lacquired
using both GPR1 and GPR2. Radar measurements were cartiadiog dif-
ferent targets including IEDs. Their characteristics asctibed in Table 5.2.
IEDs are buried at two different depths: flush and 5 cm. FA amied at 5
cm depth. They are placed horizontally with the side defirimgy diameter
uppermost. For data acquisition, the GPR1 was moved manaialhg the
horizontalz-axis, crossing the center of the buried target (approxépptfol-
lowing a support frame. The height of the antenna apertuseeathe soil was
at about 15 cm (antenna phase center was at about 22 cm). tRaxkes 611)
were recorded with a constant space step of 1 cm over a scpdistance
of 35 cm. For the GPR2, data was acquired manually followirsganning
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Figure 5.3. Extracted features from two low-metallic content AP landes, PFM (Flush) and
VPMA (15 cm)), and two false alarms, stonel and metallic €ata were acquired with GPR2.

distance of 30 cm and crossing the center of the buried téagetoximately).

5.4 Results and discussion

We apply the pre-processing approaches presented in 8&c8d. From the
pre-processed B-scan, the A-scan which maximizes an etaggd criterion
is used in the feature extraction methodology.

5.4.1 ERA Measurement Campaign

Fig. 5.3 shows the extracted featudgsd,; andé, for two low-metallic con-
tent AP landmines, PFM and VPMA-1, and two FA, stonel and letan.
The PFM is buried flush, the VPMA-1 is buried at 15 cm of deptd #me
false alarms are buried at 5 cm of depth. Every object is sgmted by sev-
eral points extracted from several pre-processed A-seelnisti are extracted
from different B-scans). The features of the AP landminesveell clustered
and well separated from those of the metallic can and stohe.false alarms
are clearly separated as well. Similar results have beexirndat for the other
targets, and they clearly show that the features are sdleoteectly and clas-
sification can be performed using the proposed methodology.
Classification between different AP landmines could be alstained.
Some results are presented in Figs. 5.4 (a) and (b), wherextrected fea-
tures from two AP landmines with different shape are welbsafed. In these
figures, two well defined clusters can be seen, which clafisghpoints of the
VPMA (rectangular shape) buried at 15 cm of depth out of tluftee C3A1
(irregular shape) buried at 3 cm of depth, in Fig. 5.4 (a), #wedpoints of the
PMA (rectangular shape) buried at 10 cm of depth out of thdsbeoPFM
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Figure 5.4. Extracted features from low-metallic content AP landminéth different shapes.
Data were acquired with GPR2.
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Figure 5.5. Extracted features from different targets: (a) the C3Alduliat different depths
and two false alarms, stonel and metallic can, (b) the PMAGBAIL at different depths. Data
were acquired with GPR2.

(butterfly shape) buried at 5 cm of depth, in Fig. 5.4 (b). Hesveclassifica-
tion, as defined in Chapter 1, is not considered in this study lubbtained
results could be deeply analyzed and validated in furthezanech.

Results show that the extracted features could be independé¢he tar-
get depth. In Fig. 5.5 (a) features extracted from the samdaABmine,
C3A1, buried at different depths (3 cm and 5 cm) form a clustech is well
separated from the FA classes (can and stone). These eatgalso well
differentiated from those of the PMA buried at 10 cm and 15 ¢rdepth, as
can be seen in Fig. 5.5 (b).
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Figure 5.6. Extracted features from the targets with no-metal cont@ajtdata acquired with
GPR1, (b) data acquired with GPR2.

5.4.2 Colombian Measurement Campaign

The same methodology is applied to the data collected inrGoi. Some
results are shown in Fig. 5.6, for targets with no-metal eoht Four classes
are identified in each graph. All IEDs are well separated ftbenfalse alarms
and a good classification between different IEDs is alsoinbth Additionally,
these data sets validate the independence of the extraaeads with respect
to depth. Targets from the same class at different depthsvelieclustered
together, as can be seen for IED5 and IEDS, in both graphsiléBimsults
were obtained for targets with low-metal content.

5.4.3 A Comparison with Feature Extraction by Wavelet Trans
form

Feature extraction is also carried out based on WT (see Alip&). Since it
is not possible to visualize in a three-dimensional graghf¢lur-dimensional
feature clusters of the WT, the Wilk’'s lambda valu€&Zanowski 1988] is
used to show the possibility of landmine discrimination m explicit way.
The Wilk’s lambda value expresses how well feature vectelsriging to one
class are clustered together, taking into account the leetwad within class
distances. This value is always between zero and one, vZeereneans per-
fect class separation armhe no class separation. Values under 0.5 express
a good discrimination. Table 5.3 summarizes the Wilk's ldmlvalues es-
timated for the two feature sets (WT and WVD) and for seveaiptes of
classes (mine, no-mine) for the data collected at ERA. Foh @aine class,
the number of scenarios is defined by four different A-scamktevo different
depths which results in eight feature vectors. For each memlass, eight
different A-scans at the same depth are considered. The \Widas a good
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discriminant power for Cases 2, 3, 6 and 7. These cases pormégo the reg-
ular mines. Less satisfactory results are obtained for<hsé 5 and 8, which
correspond to irregular mines. The WVD provides a good tlisoant power
for all cylindrical, rectangular and irregular mines. Th@uld indicate that the
proposed features from WVD are implicitly related to thelet#ric contrast,
the geometrical properties and inner structure of the targe

Cases WT WVD

1: PFM, can 0.2580 0,0307
2: PMA, can 0.1110 0,0191
3: VPMAS, can 0.0017 10,0181
4: C3Al, can 0.2761 0,0279
5: PFM, stonel 0.2591 10,0253
6: PMA, stonel 0.1219 0,0114
7: VPMAS, stonel 0.0047 0,0149
8: C3Al, stonel 0.3044 0,0190

Table 5.3.Wilk’s lambda values from data collected at ERA.

Results of the Wilk's lambda value for data collected in Qala are
shown in Table 5.4. For each mine class, the number of sosnaridefined
by four different A-scans and two different depths whichutesin eight fea-
ture vectors. For each no-mine class, eight different Axsed the same depth
are considered. Both the WT and the WVD provides very goodridisnant
power for all classes. However, values from the WVD approaehslightly
better than those from the WT for these cylindrical no- andioetallic IEDs.
Since we are using a limited number of targets, these diftesg could not lead
to a firm conclusion.

From the results presented in this chapter, 18 out of 18 lamebnand
8 out of 8 FA are well identified by the WVD approach. Note thHz tp-
proach is applied to pre-processed data, where unwantedtiefis (antenna
effects and soil reflection) are previously removed. Treesfrobustness of
the proposed methodology depends on the robustness ofténmglalgorithm
applied to remove these components out of the raw signahrtfqd these re-
flections remains after filtering, the energy of these rertswaill be taken into
account in the WVD, affecting the features extracted by th® Spproach.
Remaining unwanted reflections due to the accuracy of theitigns present
in Chapter 2 (for filtering data from GPR1) and in Appendix ©r (filtering
data from GPRE) result in small errors in the extracted features (maximum
A§ ~ 1073) that does not affect the identification of a landmine fronalae

iThe accuracy of the estimatepiound signal (see Appendix C) depends on the selected
referencggroundsample i e, single radar measurement) in a nearby, landmine-free area
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alarm (maximumAWilk’s-lambda-value~ 10~4, i.e., 18 out of 18 landmines
and 8 out of 8 FA are well identified). Consider an extreme asere the
soil and antenna reflections completely remain after apglyie filtering al-
gorithms. This leads to Wilk's lambda values1 (AWilk's-lambda-value is

in [0.6,0.9]), which means no class separation betweenswind FA. This can
be interpreted as

- 0 out of 18 landmines and 0 out of 8 FA are well identified, or

- 18 out of 18 landmines and 8 out of 8 FA are identified as lanémi

This is a normal expectation since the energy and time fesitane derived
mainly from the remaining antenna and soil reflections, Wiaie the same for
all data sets. Therefore, the accuracy of the filtering digor for removing
components of the signal that carry no useful informatiooualhe target is
very important.

As for Chapter 4, this analysis is represented by a ROC cuaradsolute
values in Fig. 5.7.

Cases(*) WT WVD

1: IEDS5,,, debris 0.0309 0,0214
2: IED5, debris 0.0130 0,0031
3: IEDS8,,, debris  0.0505 0,0100
4: |IEDS, debris 0.0760 0,0101
5. IEDS,,, stone2 0.0510 0,0138
6: IED5, stone2 0.0190 0,0200
7: IEDS8,,, stone2 0.0275 0,0093
8: IEDS, stone2 0.0104 0,0090

Table 5.4. Wilk’s lambda values from data collected in Colombia. (*)bSariptm indicates
low-metallic targets

5.5 Conclusion

A promising algorithm for feature extraction based in a tifreguency dis-
tribution is proposed in this chapter and is applied to themidication of AP
landmines and IEDs from data acquired with different haalttiGPR systems
and under different scenarios.

The methodology is based on the interpretation of the sargudlues and
vectors of the WVD matrix of the radar signal after backgibsaobtraction. It
is applied to different types of landmines (different steaped sizes) buried at
different depths. Two types of false alarms (stones andlrdetais) are also
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Figure 5.7. ROC analysis in absolute values (number of detected laremiarsus number of
false alarm) for the Wilk’s-lambda-value.

considered. Discriminant time-frequency-energy featwan be extracted,
which are independent of the target depth and could be delatine dielectric
contrast, the geometrical characteristics and intermatsire of the targets.
These features could be used to differentiate between araidiline and a
false alarm, thus decreasing the false alarm rate.

Effects of soil roughness and signal attenuation due teasing soil water
content on the sensitivity of the proposed target identificamethodology are
currently carried out and will be considered in further work






Chapter 6

Effects of soil properties on the GPR
performance

| have not failed. I've just found 10,000 ways that won't work

Thomas A. Edison

In this chapter, the influence of soil properties on landrdeé&ection is
analyzed in order to predict GPR performance. Accordingiia, EM finite-
difference time-domain (FDTD) GPR model, coupled to peatutfer func-
tions, is used for calculating landmine signatures foredéht soil-target sce-
narios (this approach is represented in Fig. 1.6, blockiae®). Besides,
laboratory and field measurements are carried out overelifteypes of soil
subject to artificial changes on water content. Simulatetirapasured data
illustrate how changes on soil water content can adverdédgteor enhance
landmine detection.

6.1 Introduction

It is well known that the detection performance of GPR is ieficed by the
EM properties of the soillas et al, 2001;Rhebergen et gl2004;van Dam
et al, 2005; Miller et al., 2004]. as well as by the target featuresrj der
Kruk et al, 2003;Daniels 2004;Rhebergen and Ralstp@005]. Due to the
complex nature of the problem, most modeling and experiategfforts for
determining GPR performances have focussed on the effectodr few vari-
ables, mainly, soil water conterijller et al., 2004;Rhebergen et gl2004].

* Adapted from Lopera O. and MilisavljeviN., Prediction of the effects of soil and target
properties on the antipersonnel landmine detection padace of ground-penetrating radar: a
Colombian case study. Journal of Applied Geophysics, vppf313-23, 2007.
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The variation of soil water content can be useful for the cieda and iden-
tification of landmines from GPR data since it could enharee dielectric
contrast between the landmine an the soil surrounding itlithahally, natural
precipitations or synthetic watering may induce specifitewaontent patterns
in both soil surface and subsurface in presence of a bumebiiane which can
be detected, as shown in Section 4.2. Yet, water contentatsobutes to EM
signal attenuation and therefore it affects the detectanfopmance of GPR.

Electromagnetic models can be used to predict the respomsed land-
mine buried in a particular soil and to study the effects & #oil proper-
ties on landmine detectiofRhebergen et al2004;Lopera and Milisavljevic
2007]. In this chapter, a finite-difference time-domain {HL) modeling pro-
gram [Giannopoulos 2002] is used to show two of the major effects of soil
properties on GPR performance: attenuation and contrasth 8ffects are
also illustrated through laboratory and field measurements

6.2 Synthetic Data

6.2.1 Finite-Difference Time-Domain Model

All electromagnetic phenomena, on a macroscopic scaledeseribed by
Maxwell's equations. These are first-order partial diffét@ equations that
mathematically express the relationship between the fuedtal EM field
gquantities and their dependence on their sourBegahis 1989] and on the
EM properties of the medium. In order to simulate a GPR sifmoah a partic-
ular target embedded in the soil, these equations have tolbedssubject to
the geometry of the problem and its initial conditions. Ohthe available nu-
merical programs for computing GPR wave propagation anthsigroperties
is GPRMAX [Giannopoulos 2002], which solves Maxwell's equations using
the FDTD methodTaflove 1995]. FDTD techniques are based on discretizing
both space and time using an orthogonal grid and solvingiffexehtial form
of Maxwell's equations employing a second or fourth ordgaragimation. An
example of the numerical domain modeled with this tool issghon Fig. 6.1.
For studying the effects of soil properties on landmine cteia by GPR,
specific radar-air-soil-target configurations are conside

6.2.2 Target Characteristics

From the conventional AP landmines that can be found in thirGian

mine-affected fields, some low-metallic landmines arectete and their fea-
tures are summarized in Table 6.1. Their case material siplgoolyethylene
(PE), polypropylene (PP), polystyrene (PS), rubber or liteeand their main
charge is a mixture of different chemical components (sd#eT@.1). Their
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Figure 6.1. Numerical domain used in the FDTD program.

dielectric constant, is calculated by averaging the case material dielectric

constant and the main charge dielectric constant (valiesaten fromvon
Hippel [1995]).

Target Geometry* Material Main charge** d Etg

(cm) (cm) ()

M14 D=5.6 Plastic  TETRYL 815 2.8
W=4

NR 409 D=82 Plastic  TNT+AAP+RDX Q15 3.1

wW=2.8

MN-MAP-1 D=75 Plastic PETN+TNT+RDX €15 3.1

w=7

Table 6.1. Summary of AP landmines features. The burial depih measured from the top
of the mine. The dielectric values are an average of theai@eonstants of the case material
and of the main charge - values taken freamn Hippel[1995].

* H = Height, D = Diameter, L = Length, W = Width.

*»* AAP = atomized aluminum powder, PETN = pentaerythriteraeitrate, RDX = cy-
clotrimethylene trinitramine, TETRYL = trinitrophenyl,NIT = trinitrotoluene.

Mine-affected areas are also contaminated with IEDs. THhes&es are
fabricated in different forms, using different materialghna minimum or no
metal content. Some of their characteristics are sumnuanzé&able 6.2. The
size and shape of the IEDs can vary from a small piece of PVT0x14 cn?)
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Shape Material Geometry* d Etg
(cm) (cm) @)
Cylindrical  Metal, W=10~40, 0~50 -
D=6~ 30
PVC, W=10~17, 0~10 3.6
D=8~14
Glass, W=12v15 0~ 10 3.5
D=5~8
Wood W=20~30, 0~3 3.6/8.9
D=7~10
Rectangular Wood H=1520, 0~20 3.6/8.9
L=20~ 25
W=20~ 25

Irregular Textile fiber D=15-25 0~ 20 3.3

Table 6.2. Summary of some IED characteristics. Plastic IEDs are maitfepolyvinylchloride
or PVC. The textile fiber used for some IEDs is derived fromfieeor furcraea macrophylla
plant. The burial deptld is measured from the top of the object. The dielectric vahresan
average of the dielectric constants of the case materiab&tite main charge - values taken
from von Hippel[1995]. Two values are provided for the wooden IEDs: dry armd. w

* H = Height, D = Diameter, L = Length, W = Width.

to a large gas cylinder{ 25x40 cn?). Additionally, some IEDs are fabricated
with textile fiber and therefore, their shape is irregulasutlly, different kinds
of explosives are used in the fabrication of IEDs. The mogupar, and pow-
erful, is known as ANFO (ammonium nitrate and fuel oil), aligh BENCLO
(sodium benzoate and potassium chlorate) is also useddd3eitie explosive,
some devices are filled with tar (byproduct of petroleum) amia of tar and
grapeshoté.g, nails).

6.2.3 Soil Characteristics

Any type of soil can be considered for modeling EM wave prapag with

GPRMAX. In this study, typical Colombian mine-affected soils agéested
since they are of our interest. We focus on two ferruginodtsTstrom two

highly mine-affected departments of Colombia, locatechimitThe Andes
mountain chain: Santander and Antioquia. Some of theirazheristics are
previously measured in order to be used in the modeling progrThey are
classified as silt loam and loamy sand, respectively; thgjamic content is
less than 1% and their Fe percentages are 5.2% and 8.8%gtreslye These
soils are an issue for the detection of low-metallic AP lamdys using MDs

TThese soil are considered on Chapter 3 for the outdoor measuts.
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[Toews and Sirovyalkk003], due to their high magnetic susceptibility (M3,
and magnetic viscosity (or frequency-dependent WS, )[Mullins, 1977]. In
order to determine the effect of the iron components on thepEdgerties, the
magnetic susceptibility of the selected soils was measuséty a Barington
MS2 dual-frequency sensor (0.46/4.6 KHBDdaring 1994]. Results are pub-
lished inToews and SirovyaR003]. Several samples were taken from the
upper 30 cm of the soil profile. Two measurements are obtaitrelMS at
low frequency ;) and the MS at high frequency (7). The frequency-
dependent MS can therefore be expressed as a relative lessadptibility
(xFp = xr — xur) [Dearing et al, 1996]. Results of these measurements
and other available properties of both soils are summaiiz&dble 6.3.

Class* Sand Silt Clay pg O, O, XLF XHF XFD
(%) (%) (%) (gent) (%) (W) () O 0

SL 30.6 63 6.4 1.18 44 38.9 307 304 2

LS 72.1 26.9 1 1.3 3.2 41 1080 1070 11

Table 6.3. Available properties of the two ferruginous soils. The desi water contentd,.)

and the saturated water conte@t,j are calculated using the sand, silt and clay percentagks an
the bulk density fs) [Schaap et a).1998]. Several magnetic susceptibility measuremente wer
made using a Barington dual frequency sensor. We have ocilyded the average values.

* Textural class: SL = Silt Loam, LS = Loamy Sand.

6.2.4 Semi-Empirical Electromagnetic Model

In theory, principal factors influencing the detection periance of GPR are
the EM properties of the soil, namely, relative dielectrarmittivity, ¢, ef-
fective conductivity,o. sy and magnetic permeability;. Although there are
different approaches for modeling these properties, iifficdlt to develop an
opinion about the applicability of a method at a given envinent because
their success is dependent on the case stuohdé et al, 2006]. In general,
these methodologies are based on a-priori informatiendifferent soil para-
meters previously measured which are introduced into a mtide important
to clarify that the available data for a mine-affected aredimited, due to the
impossibility of taking measurements in situ as well as #eklof geophysi-
cal data bases from mine-affected, underdeveloped ceantince it is not
within the scope of this study to provide detailed desaipdi of all these ap-
proaches, we briefly describe some of them which could beexpinl this case
study. For more information about different approaches rédader is referred
to reviews given byMavko et al.[1998], Lesmes and Friedmaf2005], and
references therein.

Theoretical and empirical models of the electrical praperof the differ-
ent components of the soil have been combined into semiraralpmodels,
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which can be used to predict electrical properties of fielts s&or this study,
we require a model for predicting. s, as well as both the relahnd imaginary
parts ofe (¢ = &’ - j&”’) for a known frequency band and considering different
moisture levels of a known soil type. foop et al.[1980], a semi-empirical
model is proposed and relates the soil volumetric watererdrwithe. This
approach is based on sandy soils and needs to be adjustedcfotype of
soil. This would require a calibrated formula for each emwinent, therefore
we do not consider it here. Other semi-empirical models aseth on mix-
ing laws, such as the complex refracted index method (CRTga et al,
1973]. In Shutko and Reutoj982], it is demonstrated that CRIM gives a
good approximation of for different soils in the range 1-10 GHz. However,
it requires some parameters such as soil porosity which etr@vailable in
our case study. IfPeplinski et al.[1995], a semi-empirical dielectric model
based on pedotransfer functiorSypta and Larson1979] is reported. This
model relates the textural composition of the soil to eleatrparameters and
it covers the 0.3-1.3 GHz frequency range. The model previceuency de-
pendent expressions for the real and imaginary parts ofeflaéive dielectric
constant of a soil medium in terms of the fraction of sandiplag S, the frac-
tion of clay particlesC, the volumetric water conte® and the bulk density of
the soilpg, all being available parameters. It is based on an earlieteifor
dielectric constants in the 1.4-18 GHz frequency range ldpee byDobson
et al.[1985]. The real part of the complex relative dielectricmpétivity for
the bulk soil is approximated as

1

= [1 + Z—i (5 -1+, - @] i (6.1)

in Dobson et al[1985], and

g =115 [1 + g—i (5 —1) + 07, — @] T —0.68 (6.2)

in Peplinski et al[1995]. The imaginary part is derived as

e = o] (6.3)

where:
- pp = 2.66g/cm is a typical value,

- ep = (1.01 + 0.44pp)? — 0.062 is the empirical model of the dielectric
constant of the solil particles,

j:The real part of, &', is the relative dielectric permittivity,., introduced in Chapter 2.
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- 3 =127.48—-0.5195 —0.152C and3” = 1.33797 — 0.603S — 0.166C
are two frequency independent constants which join thetgpé into
the model,

- ¢ = 0.65 is empirically derived irDobson et al[1985] andPeplinski
et al.[1995].

Furthermore, the frequency dependent variab%ande;iw are the real
and imaginary parts, respectively, of the dielectric canstor free water. The
latter depends on the effective conductivity, s, which is derived in Dobson
et al. (1985) as

Oepf = 1.645 4+ 1.939p5 — 2.256225 + 1.594C, (6.4)
and in Peplinski et al. (1995) as

Oeps = 0.0467 4 0.2204pg — 0.41115 + 0.6614C. (6.5)

Oncese is approximated using the proposed semi-empirical moo¢her
factors influencing the detection performance of GPR candrweall. They
are the attenuation factar and the dielectric permeability contr‘és@ontmst.
The attenuation factaf, in dB, depends on the magnetic permeability of the
soil, = po + poxrp (o = 4 % 1077 H/m)ﬂ, the complex permittivity of
the soil and the angular frequency of the radar waygReynolds1998]. It is
derived from the equation

2
a=w Heets 1+<E—”> —-1], (6.6)
2 e’

wheres, ;s = £'ey is the effective permittivity of soildy = 8.85 % 1072 F/m)
and the ratio betwees” ande’ is commonly referred to as the loss factor or
loss tangent. This equation is only valid when< 1, which is the case for
both soils.

Assuming a plane wave vertically incident on the top of thigdf the di-
electric permeability contrast.,+-qs: D€tWeen the target and the background
is calculated according tdjeynolds1998]:

§GPR detect contrasts in EM properties, but reflections aialynattributed to contrasts in
permittivity [Reynolds1998]. Magnetic permeability contrast are rare in a nAgmaironment
but may occur with metal objects. Electric conductivity trasts cause weak reflections in a
natural environment. However, when the radar frequencyl8<MHz and when the conduc-
tivity is >5 mS/m (lossy soils), reflections at conductivityntrasts may become significant.

ﬂNote that the frequency-dependent MS have a negligibletsffethe magnetic permeabil-
ity (1 = po) for both soils.
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g — /€
Econtrast = g» (67)
VE+ g

wheree,, is the dielectric permittivity of the target, whose imagingart is
considered equal to zero.

Since the strength of the buried target reflection dependthenvave
penetration and the dissimilarity between soil and targetnittivity, o and
Econtrast NAVE a direct impact on the SNR, as it is pointed out furtheh@
following section.

6.2.5 Modeling Ground-Penetrating Radar

Firstly, a monostatic wide-band GPR is selected to avoiddirect wave be-
tween the transmitting and receiving antennas. This elitei an important
unwanted signal artefact that may obscure the other infilomin the signal.
Secondly, the transmitting/receiving antenna is locatet the soil surface at
a maximal height of 20 cm. This value is a practical optimuat @ilows high
antenna mobility without increasing the spreading lossaly, the choice
of the bandwidth depends on the desired depth resolutionseymal pene-
tration. At frequencies above 1 GHz, depth penetration edsas dramati-
cally [Daniels 2004], whereas resolution increases. On top of this, oad¢da
deal with rough surfaces and soil attenuation for shorteweleamgths $ai and
Ligthart, 2004]. The frequency range 0.8-2.8 GHz is selected bechissm
the range of the GPR-based systems used in this thesis drariartge of most
landmine GPR applications. Additionally, the size of thegéds is larger than
the wavelength of the propagating GPR wave (under the donditonsidered
here), therefore the target backscattering should befsigni.

6.2.6 Results and Discussion

Estimation of the dielectric permittivity, attenuation and dielectric con-
trast

For frequencies ranging between 0.8 GHz and 2.8 GHz and &tvib
types of soil, the complex relative dielectric permittyis approximated using
Egs. (6.1), (6.2), (6.3). Note that they depend on Eqs. éhd)6.5). Different
water content fractions are selected, which range betwsemnesidual water
content,©,,, and the saturated water conte@t, (see Table 6.3). In Fig. 6.2,
the estimated real and imaginary valueg dér the silt loam and loamy sand
soil are shown as a function of the frequency (at 10% watetecy; and as a
function of the water content (at 0.8 GHz and 2.5 GHz).

Considering the empirical model, different values of tted eand imaginary
parts ofz are found in Figs. 6.2 (a,b) for frequencies below and abov&Hz,
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and the same occurs at all different water content fractibmpractice, the de-
pendence of the dielectric permittivity on the frequenogusgtl be a continuous
function. For the estimated values, the maximum differenceis no more
than 0.04. This value is lower than the error values founBdplinski et al.
[1995], after the linear adjustment introduced to corrbetrnodel reported in
Dobson et al[1985]. Additionally, similar errors on the estimated vesuof
the real and imaginary parts efare observed iPonizovsky et a[1999] and
Yu et al.[1999]. Since these studies compare experimental resiiltspne-
dictions based on other empirical models, one can statestitdit a difference
should not represent a relevant error. Therefore, we caecexpat this small
gap on the representation ofvill have a slight impact on the simulations.

In Figs. 6.2 (c,d,e,f) one can observe that the real pastafboth soils
increases as the water content increases. Other intgrestnlts are obtained
for the imaginary part. It hardly increases in the loamy seaske, whereas
it decreases in the silt loam case. Siatds related to losses (loss tangent),
it has an important impact on the attenuation. For a speciiguency, the
highere”, the more important the attenuation degree. This effediuistiated
by solving Eq. (6.6). In the loamy sand sail, increases as water content
increases, whereasof the silt loam soil decreases as water content increases,
and the same occurs at all frequencies.

The dielectric contrast is calculated for all differentued of the target
relative dielectric permittivity,e,, (see Tables 6.1 and 6.2), different water
content fractions between the residual water contént, and the saturated
water content@,, as well as different frequencies between 0.8 GHz and 2.8
GHz. At all fractions of water contert,,.+-.st for frequencies below 1.4 GHz
is a little larger tham ..,.-qs¢ fOr frequencies above 1.4 GHz, which is a logical
expectation, considering the empirical formulae PBplpson et al. 1985] and
[Peplinski et al. 1995]. In accordance with EQ. (6.%)s0nirast INCreases as
water content increases, due to a larger difference betwaade,,.

In Table 6.4, columns 3, 4 and 5 summariZea ande onirast, r€SPEC-
tively, for three different water contents, 10%, 20% and 36%4.8 GHz, and
for three different,, (or three different targets), 2.8.g, M14), 3.3 ¢.g, IED
fabricated with textile fiber) and 3.@.g, IED fabricated with PVC).

Numerical modeling of GPR

Simulations are carried out following different configumat of the nu-
merical domain of Fig. 6.1. Firstly, eight types of targetthadifferent shape
ande,,, are represented at several depths, between 1 cm and 20 esynee
from the top. Secondly, the transmitting/receiving pompiaced at four dif-
ferent heights, between 5 cm and 20 cm. Additionally, thre¢gewcontents
are considered, betwedd, and ©,, and the constitutive parameters, ¢’
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Figure 6.2. Examples of the complex relative dielectric permittivitglaulated for both soils
as a function of: (a,b) frequency, at 10% of water contend) (water content, at 0.8 GHz, and
(e,f) water content, at 2.5 GHz. Results of the silt loam amélin the left column and those of
the loamy sand soil are in the right column.



6.2. Synthetic Data 93

ando.sy) describing both soils at such moisture levels are intreduato the
model. The combination of all these attributes leads to atgrember of con-
figurations. Although results are shown and discussed sstiition for some
of them, the observations stated below can be extended reesalks.

Figs. 6.3 (a,b) represent the simulated GPR scans for a Mlladine
buried at 3 cm, measured from the top, in the silt loam and dheny sand
soil, respectively. The transmitting/receiving point laged at 5 cm above the
soil surface. It is excited using a Ricker wavelet (i.e., $eeond derivative
of a Gaussian), which has a peak amplitude of 1.0 A and a ¢drgtpency
of 1.8 GHz. In the silt loam soil, the amplitude of the numatisignal in-
creases as soil water content increases, whereas it desr@ssoil water con-
tent increases in the loamy sand soil. Therefore, the pestlieffect of the
attenuation factor using Eq. (6.6) is validated by the nuraésimulations.

In Figs. 6.3 (c,d,e,f), the amplitude of the simulated targsponse for a
M14 AP landmine buried in both soils (10% of water content3hiswn as a
function of the antenna height and target depth. In theaaltn solil, the signal
amplitude barely decreases as target depth and antenrd imeigease, which
is a consequence of the weak attenuation. In the loamy sadhdhsostrong
attenuation leads to a rapid decrease of the signal amelitteen the target
depth and the antenna height increase.

Interesting observations can be made on the effeetafde .oy1rq5: ON the
SNR for different fractions of water content. In the loampdaoil, as the wa-
ter content increases, 45t iINCreases. However, increases and, therefore
the SNR decreases. This is not the case in the silt loam soilthis soil, as
the water content increases decreases and.,,.;rqs¢ iNCreases, therefore the
SNR increases. This effect is summarized in the three ldstroe of Table
6.4 for three targets: 1) M14, 2) IED fabricated with texfileer, and 3) IED
fabricated with PVC. They are located at a depth of 5 cm andiftenna is
placed at 5 cm above the surface. From these results, we sanvelihat the
target shape also influences the SNR. Irregular objecté, asit¢arget 2, will
negatively affect the SNR, whereas larger, more regulaabbj such as targets
1 and 3, will have a better SNR. As expected, the models shatxhk deeper
the objects are buried and the higher the antennas are plkheedieaker the
SNR.

From the simulations one can state that deeper buried sbfeg. 15
cm) will be hardly detected in both soils by a monostatic GPétkimg in
the 0.8-2.8 GHz bandwidth, especially when the antennaaisepl higher than
5 cm. Additionally, in the loamy sand soil, such GPR systenikperform
better in dry conditionsd.g, water contents 10%), contrary to the silt loam
soil. For the latter, the attenuation factor will become kexaas the soil wa-
ter content increases and therefore, as the contrast betiveesoil and the
target increases, the GPR will perform better in wet cooddig.g, water



94 Chapter 6. Effects of soil properties on the GPR performance
0.1 T T T 0.0 T
r“ — 10% water content — 10% water content
h - -+ 20% water content 0.06- - -- 20% water content |
i --- 30% water content --- 30% water content
o ' o 0.04
3 i k=]
= i = 0.0 7
2 ! 2 g Vel v )y
£ £ 0 x’;f\ WA A ”A\ g
o P %
(7 [}
S N -0.02
£ £
é ‘g -0.04-
-0.05 ! i ~0.06
-0.08
0% 200 400 600 800 1000 0% 500 1000 1500 2000
time samplesd = 4.72 ps) time samplesdt = 4.72 ps)
(a) (b)
0.25 T 0.25 T
2 02 o 02
2 2
g g
;‘5 0.15 f; 0.15
< «
(3 (9] *
T T
2 0.1 2 01
J J *
E E: :
g o B
0.05 * . 0.05
* *
0 . . . . 0 . . . .
0 5 10 15 20 25 0 5 10 15 20 25
observation height (cm) observation height (cm)
(€) (d)
0.25 T 0.25 T
8 02 L 02 —
2 2
= =
£ = .
T 0.15 © 0.15 1
E %
[ (9] *
T T
$|3 0.11 .|9 0.17 1
w %
[ * [
o " Q
0.05 * 0.05 1
0 - )
0 1 5 6 0 5 6

2 3 4
target depthd (cm)

(e)

2 3 4
target depthd (cm)

()

Figure 6.3. Representations of the simulated signal amplitude of a MP4lakdmine as a

function of: (a,b) time and water content, at 1.8 GHz, (clt§eyvation height, at 1.8 GHz and
10% of water content, and (e,f) target depth, at 1.8 GHz afd dDwater content. Results of
the silt loam soil are in the left column and those of the lo@ayd soil are in the right column.



Soll wC g « Econtrl  Econtr2  Econtr3 SNR1 SNRy SNR3

(%) () (@dB) (@B) (dB) (dB) (dB) (dB)  (dB)
Silt loam 10 7.7 -145 -151 -17.3 -18.8 -26 -22.3 -19.5
Silt loam 20 141 -19 -10 -11.1 -11.8 -23.7 -24.9 -21
Silt loam 30 214 -21.8 -7.7 -8.4 -8.9 -17.8 -19.2 -18.1
Loamysand 10 57 -28.7 -11.5 -12.9 -13.7 -16.1 -18.1 -14.9
Loamysand 20 10.5 -25.8 -8.2 -9 -9.5 -25.4 -25.4 -23.3
Loamysand 30 16.5 -21.5 -6.5 -7.2 -7.5 -30.3 -32.2 -31.2

Table 6.4. Results of the approximated values, (x andecontrqst) for the two types of soil under three water content fractiand different targets (1: M14
AP mine, 2: textile fiber IED, 3: PVC IED). The SNR for the tatgburied at 5 cm of depth, with the antenna placed at 5 cm athevsoil surface, are also

given.

eled 218YJUAS 'Z'9
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Figure 6.4. Laboratory measurements representing the attenuatiomedfatrget signal for a
metallic standard test target (SIM12) buried at 10 cm in algawil which is subject to four
different water contents.

contenta 30%). Considering a smooth surface and a homogeneoustsil, t
backscattered signal from low-metallic AP landmines and-metallic IEDs
will have a higher SNR under these conditions than under athr&figurations.
Rough surfaces and heterogeneous soils constitute aioaddlgource of clut-
ter, therefore the SNR is reduced. Following the recommigmaain Yarovoy

et al.[2003], and in addition to the GPR characteristics considéere, a high
linear dynamic range GPR.@.-60dB) should be used for increasing the pos-
sibility of detecting a buried target where the backscattesignal is obscured
by such additional clutter.

6.3 Experimental Data

6.3.1 Laboratory Measurements

Laboratory measurements were performed to represent fdebf contrast
and attenuation on GPR performance. Due to the imposgiliditrecreate
all the scenarios considered in the simulations, laboyat@asurements were
limited to a sand soil and one low-metallic target.

Measurement setup
Laboratory measurements were carried out at the Catholieethity of
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Figure 6.5. Laboratory measurements representing contrast betweediglectric properties
of a non-metallic standard test target (SIM12) and the sapdyurrounding it. The sandy soil
is subject to two different water contents.

Louvain (Belgium) over sand soil. The GPR system used fomtleasure-
ments is the same GPR presented in Section 2.3. A plastidasthtest target
(SIM12) with a low-metallic fuze was buried horizontallgnigest side up, at
different depths (its characteristics are listed in TablB®.3The antenna was
placed over the center of the target, using a support fraradaRraces{;1)
were recorded at 4 different heights between 15 cm and 18 ctar(@a phase
center at about 22-25 cm).

Two different experiments were carried out. For illustrgtthe effect of
the attenuation, the sand soil was subject to four diffenetér contents (WC),
WC112 0.07 n¥- m—3, WC12220.12 m¥- m—3, WC13= 0.15 n¥- m~3 and
WC14 = 0.21 m¥- m—3. The real part of the relative dielectric permittivity,
measured using the approach presentelddaimbot et al.[2004] (see Section
2.2.2), areg; =3.4,61, =5.4,¢15 = 7.6 ands}, = 10.1, respectively.

For illustrating the effect of the dielectric contrast, #and soil was subject
to two different WC, WC222 0.0 m*- m—3 and WC22= 0.07 n¥- m—3 and
their relative dielectric permittivity are=,;, = 2.7 ande), = 3.4.

Results and discussion

In Fig. 6.4, the time-domain radar signal of SIM12 buried @tcin in a
sandy soil subject to four different WCs (WC11, WC12, WC1d 8C14) is
shown. These data have been pre-procedsedantenna effects are filtered
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Figure 6.6. Time domain representation of the processed radar sigiajo6.5. Due to a high
dielectric contrast, target detection is easier in a sandysth WC2 than with WC1.

out using the methodology proposed in Section 2.2.1. Thiaceireflection
is clearly identified betweet¥1.5 ns and=1.8 ns. A metallic sheet is located
at 25 cm of depth to control the boundary conditions, andefiection can be
seen beneath 6 ns. The response of the landmine is pointdxy ¢l dotted
line and the attenuation effect is clearly represented off@r antenna heights
and target depths, results show the same tendency. We dmridconclude
that increasing water content will negatively affect theedgon of SIM12-like
landmines for a sandy soil.

Besides, dry soils could have aery close to that of the landmine, yielding
low dielectric contrast conditions and, therefore, negdyiaffecting landmine
detection by GPR. However, dielectric contrast can be erdthhy increasing
the water content. Laboratory measurements were perfotomegresent such
effect. In Fig. 6.5, the radar signal of SIM12 buried at 4 craieand layer
subject to two different WCs (WC21 and WC22) is shown. Thesta thave
been pre-processeik., antenna effects are filtered out using the methodology
proposed in Section 2.2.1. The surface reflection is cleddgtified between
t=1.5 ns and=1.8 ns. The sand layer width is 14 cm and at the bottom there is
concrete and subsoil. Here, tHeat WC21 is really close to that of the SIM12
(et = 2.8). The water content is increased to WC22, & 3.5) with the aim
of increasing the dielectric contrast. The target respimpeinted out by the
dotted line, and the dielectric contrast is increased iddéa the result is not
clearly noticeable without subtracting the backgroune, sfgnal processing
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Figure 6.7. Time domain representation of the processed radar signi#[@5 buried at 5
cm depth in the loamy sand soil. Due to a high attenuatiogetadetection is easier in dry
conditions.

approaches proposed in Sections 2.2.2 and 2.2.3 are apipisgdate the target
signal and emphasize it.

The effect of the increment on the dielectric contrast byaasing the soll
water content can be now clearly seen in Fig. 6.6 for the msmztarget sig-
nal. Target reflection is pointed out by a dotted line. A largeget reflection
appears after increasing the dielectric permittivity & foil. The knowledge
of this soil EM property could thus help to improve the GPRf@enance.

As expected, results show that the deeper the target andighertthe
antenna, the weaker the target signal.

6.3.2 Outdoor measurements

Measurement setup

Outdoor measurements were performed to illustrate thetsftd attenua-
tion and contrast on the performance of the GPR system 8escim Section
2.3. Data were collected on the silt loam and loamy sand soitsidered for
the simulations. Due to the impossibility to recreate all §zenarios consid-
ered above, measurements were limited to two different IEER5 and IEDS,
described in Table 5.2) buried at two different depths. Titerana was placed
over the center of the target, using a support frame. Radeedrf,;) were
recorded at 4 different heights between 15 cm and 18 cm (aateimase center
at about 22-25 cm).
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Figure 6.8. Time domain representation of the processed radar sigr&f buried at 5 cm
depth in the silt loam soil. Due to a high contrast and smafinatation, target detection is
enhanced in wet conditions.

Both soils were subject to three different WC, WC310.05 n¥. m—3,
WC322 0.15 m¥- m—3, WC33= 0.20 n¥- m~3 for the loamy sand soil and
WC4122 0.07 m¥- m—3 , WC4222 0.15 m¥- m—3, WC43=2 0.20 n¥- m~3 for
the silt loam soil. The real part of the relative dielectrermittivity, estimated
using the approach presentedLimmbot et al[2004] (see Section 2.2.2), are:
ey =4.1,eh, = 7.2,eh4 = 10.7 andey; = 6.2,¢), = 12.1,¢)5 = 14.6, respec-
tively (note that the differences between these estimatfees and those from
the pedotransfer functions are quite small for both sodsyimg from Ae’ =
0.2to A&’ = 0.7, see estimated values in Table 6.4).

Results and discussion

In Figs 6.7 and 6.8, time domain representations of the |HiD&d at 5
cm depth) signal show the effects of increasing the soil maetent for the silt
loam soil and the loamy sand soil, respectively. Here, signaresented after
filtering antenna and soil effects following the approadbpmsed in Chapter 2.
Results closely follow the prediction of the simulationsthe loamy sand soil,
as the WC increases, the target signal is attenuated. Aretigilt loam soil,
the latter is enhanced, but already decreases for WC3. &hibe an artifact
of soil heterogeneity in real conditions. This factor is taken into account in
the simulations and can have an important effect on outd@asorements.

The same was obtained for the IED6 and for different deptlssexpected,
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results also show that the deeper the objects and the higaeantenna, the
weaker the target signal.

6.4 Conclusion

Different EM models can be used to analyze the effects of éligosoperties
on the detection performance of GPR. In this chapter, padster functions
are coupled to a 2D EM FDTD model to study such effects, andrétbry
and outdoor experiments are carried out to illustrate thelowever, in real
conditions there are other parameters, such as soil heteedy and surface
roughness, that also negatively affect the GPR performartuese factors are
not considered here and have different impact depending®GPR system,
type of soil and type of target. Therefore, GPR performararermt be com-
pletely predicted by the proposed approach, but it can biaparanalyzed
using EM modeling, soil characterization and soil dieliegpermittivity mea-
surements.






Chapter 7

Summary, Conclusions and
Perspectives

O ser humano tem dois grandes problemas. O primeiro, sabeEmdpcomecar.
O segundo, saber quando parar.

Paulo Coelho

The research results of this thesis demonstrate the plitysithienhancing
landmine detection and identification under laboratory anttioor, uncon-
trolled conditions by processing data acquired using ameid SFCW GPR.
A number of new developments in GPR data processing werssageto per-
form this type of target detection and identification, pararly the derivation
of a physically-based approach that extracts the targpornse signal from the
measured data, the integration of a physically-based ehdetgction method-
ology for landmine localization, the development of a tifreguency-domain-
based procedure for target identification and the designG®R performance
estimation methodology. The proposed approach has beielateal with suc-
cess in laboratory and outdoor conditions and for diffeseeinarios, including
AP, low-metal content landmines and |IEDs and real minectdfé soils. Re-
sults from the suggested algorithms have been comparedesitiits achieved
by published methodologies for landmine detection (whedh publications
exists). Additionally, part of the algorithms were applifedt data collected
using a commercial hand-held impulse-GPR-based systeia.chipter sum-
marizes the most important research results that have luwevad and for-
mulates some conclusions. At the end of the chapter, soroenreendations
for future research are given.

*Traduction of the author: The human being has two major problems. The first one, to
know when to start. The second one, to know when to"stop.
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Physically-based approach for filtering out the soil surfae reflec-
tion and major antenna effects

One of the main scientific contributions of this thesis is ithiegration of a
physically-based model with a migration approach for exting the target re-
sponse signal from the measured data by filtering out thessdice reflection
and major antenna effects. The method applies to SFCW rgdtamss oper-
ating off the ground in monostatic mode. Target responsaetion procedure
lends itself to in-field implementation, operates on a Basaad proceeds in
three stages, which are reviewed below.

In the first stage, major antenna effects from multiple wasféections in
the antenna are removed using frequency-dependent lirseeafér functions
which act as global reflectances and transmittances. Thes#dns also ac-
count for the antenna gain and wave propagation time, fixmg-zero at the
antenna phase center. The antenna transfer functions tmendeed using
measurements above a planar metal sheet, playing the rale iafinite per-
fect electric conductor.

In the second stage of the target signal extraction, thessdiéce reflection
is considered and filtered by subtracting from the pre-meee radar signal a
computed Green’s function describing wave propagatiot wie antenna in
air above a single interface (soil). To compute that Gremistion, an inver-
sion problem is formulated in the least-squares sense. Tain parameters
are needed, dielectric permittivity and antenna height. r& Approximation
for the antenna height is directly derived from the radar snesments in the
time domain, by identifying the surface reflection. The acef dielectric per-
mittivity is estimated by performing a single radar measmgst in a local
landmine-free area and using full-wave inversion of thearaignal, focused
on the surface wave reflection in the time domain.

In the third stage, the effect of the antenna radiation paitefiltered out
by focusing the scattered signals back to their point ofiefigr reconstructing
the reflecting structure present in the subsurface and firithie true position
of the target. Phase-shift migration is used and adaptednsiader the discon-
tinuity at the air-ground interface due to the off-groundeama configuration.
It was noticed that migration also contributed to reducecthdter, acting as a
BS method.

The research presented in this first part, and in particuolénis thesis, fo-
cuses on laboratory and outdoor measurements. Resultsndeate that the
algorithm minimize the unwanted signal components thatycao target in-
formation. It is also shown that it provides information abthe shape, size
and depth of the buried targets. Additionally, for parteautases where low-
contrast conditions hampered the detection of landmirtesptoposed algo-
rithm demonstrates its appropriateness with respect ta#itinal background
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subtraction method by accurately detecting and charatigrihe buried tar-
get.

Interestingly, it was found in both laboratory and outdoonditions that
the presence of a buried object creates a perturbation BNheharacteristics
of the soil surrounding it. This effect is studied and resilin an interesting
methodology for landmine localization and false alarmiphreduction.

Parameter-estimation-based change detection methodolpépr land-
mine localization

Changes in soil compactness as well as perturbation of gdilokdynamics
can create well defined patterns that, once detected, caseloeta accurately
determine the presence and position of a buried object. &nyrdeveloped
change detection methodology makes use of a computed Grieistion de-
scribing wave propagation with the antenna in air aboveglsinterface (soil
without target). Based on a dissimilarity measure betwbercomputed and
real signals, significant changes on the soil surface dragoermittivity are
detected, which correspond to soil disturbance due to theepice of a buried
landmine. The proposed change detection approach can beniapted on
real-time and operates on a B-scan.

This procedure could contribute to reduce false alarmsechhg soil sub-
surface inhomogeneities. The filtering methodology ree@wefore does not
provide suppression of this kind of clutter. Since thes@imbgeneities do not
produce soil perturbation patterns on the soil surface tlikse of the land-
mines, this change detection approach can reject suchdiasas.

The proposed procedure is validated in laboratory and outdonditions
and shows promising results for landmine localization.héitgh the spatial
position of the buried target is accurately found, a disathge of this tech-
nique is that no information about the nature of the targgiisn. The method-
ology was therefore easily integrated to the filtering pdare reviewed be-
fore, thus adding more information about the buried object.

Other interesting way for obtaining more information frorP& data for
enhancing landmine detection and identification is featxteaction. This
topic is considered also in this thesis with the aim of défdiating between a
landmine and a friendly object and it is reviewed below.

Feature extraction for landmine identification

Relevant features can be extracted from the scatteringophema and can be
used to identify unknown targets. These features are stuiee in the time-
frequency domain. The target identification proceduredsudn a new time-
frequency domain algorithm based on the Wigner-Ville dstion which is
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coupled to the singular value decomposition theory to ekiiiene and fre-
quency representations from the WVD matrix using its siagutectors and
singular values. The extracted time-frequency-energyufea are used to
identify the type of target (mine, no-mine).

This procedure can contribute to reduce false alarms fr@andty objects
such as stones or metal debris. Extracted features fromaAssoould be re-
lated to the target size, shape and internal structure ameftive could provide
information on the likely identity of a detected target.

This time-frequency concept is tested using data from tferéint hand-
held GPR systems. Different types of landmines and IEDs aesl iand
data are acquired over different soils under outdoor cardit Results show
that the proposed algorithm is able to differentiate betwaéandmine and a
friendly object using three time-frequency-energy feasurFor the collected
data, these features do not depend on the target depth. €ttisdology could
be implemented on real-time and therefore is very attradtiv potential use
with hand-held demining GPR-based systems.

GPR performance estimation

It is well known that soil water content governs EM wave prgiéon. Ad-
ditionally, it is demonstrated by simulations that natwahrtificial watering
can contribute to increase dielectric contrast and to gthem and to rise soil
perturbation patterns, thus contributing to landmine cteia and localization
by both filtering and change detection methodologies pregds this thesis.
Therefore, an important aspect that has to be considerée &nalysis of the
effects of soil moisture and watering on signal attenuat@nestimating the
GPR performance.

Several models can be used to estimate the impact of the atal wontent
on the GPR detection performance. In this thesis, 2-D FDTiukitions are
coupled to pedotransfer functions to study such effectsdmtermine two of
the most important parameters on GPR performance: impedadrast and
attenuation. Simulations are carried out for several tygfeAP landmines
and IEDs and considering three different types of mineesdie soils. The
numerical study is focused on the Colombian scenario, btgplication can
be extended to any type of target in any type of sail.

Experimental validation based on GPR data acquired with relmzld
GPR system at an outdoor test facility is carried out. Somth@fmodeled
targets are buried at two different depths in the two typesodé considered
for the simulations. Some differences are found betweemtimerical and
the experimental results. However, the effects of impedammtrast and at-
tenuation on the real measurements follow the predictidribase from the
simulations. It is worth noting that soil roughness, sohdmogeneity and
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vegetation are not considered in the numerical study. Simeg are impor-
tant factors on the GPR performance, their absence caniexpéadifferences
between the synthetic and the real data.

Recommendations for future research

In this study, we have tried to validate all the proposed rdlgms under real
mine-affected soils and using real, inactive, low-met& landmines and
IEDs. We notice that real field conditions are far more compih@n numer-
ical modeling and sand-based laboratory experiments. Ekelabment of
GPR-based systems for landmine detection has arrived teea da which

outdoor experiments under more realistic scenarios afspgadsable. Thor-
ough analyses regarding dispersion due to soil roughnabvegetation are
needed. Hence, further research should address the foquoblems:

- Analysis of sensitivity of the integrated methodology tognd surface
roughness and patchy vegetation.

- Analysis of sensitivity of the identification proceduretilted targets.

- Investigation of the minimum allowable signal-to-noisdio for target
detection and identification using the proposed procedures

Although the obtained results for real mine-affected sariésquite promis-
ing, the proposed methodologies for landmine detection@aification still
need to be validated under many different scenarios to statistically rel-
evant conclusions. This does not necessarily mean thatpiach is not
useful under real conditions, just that it is important tdire under which
circumstances it will be practicable and robust, espscifilve want to im-
plement this methodology for a real mine detection systemapésive effects
from soil roughness and vegetation have an impact on thalsigmoise ratio.
In this respect, an important topic of future research shbalthe experimental
estimation and validation of the minimum allowable SNR fdrigh the target
detection and identification procedure presented in tleisishwill still produce
useful results.

As a final remark, soil characterization is of fundamentgbamiance to
determine the GPR detection performance. The latter isyaingrortant issue
in demining applications. Soil EM properties, surface fmgss and soil in-
homogeneity represent the most important physical litoitat of GPR target
detection and identification. Future research should bardsvthe derivation
of new EM models or the calibration of existing ones for estimg accurately
soil attenuation and dielectric contrast, thus predictBBR performance on
the field.
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Data fusion, considering the features extracted by theqsegh methodol-
ogy in this thesis and other features from different sensoech as MD, should
be included also in future research.



Appendix

A. Types of GPR data representation

The data recorded by a GPR are generally represented as avonar, three
dimensional data set, denominated by the acoustic teroggoh, B and C-
scans. Assuming they-plane as the ground surface plapeaxis as the line
of data acquisitionz axis as the depth in the ground, alhdhe height of the
antenna, the meaning of these scans are illustrated ind-gr

A single waveform recorded by GPR, with the antennas at angiesition
(z,y,h), is referred to as an A-scan. In this data set, the time is tig o
variable, related to the depthby the propagation velocity of the EM waves in
the medium. When moving the GPR antennas along tinés, we can gather a
set of A-scans, which form a two dimensional data set, c@dlasdan. Finally,
a C-scan is a three dimensional data set resulting from rgavie antennas
over a regular grid in they-plane.

-10 10 20

0
Anplhude

Figure 7.1. An illustration of A, B and C-scans. The B-scan was simulatétd GPRMAX 2D
([Giannopoulos2002]) and the C-scan was created in MATLAB from therRM Ax 3D data.



B. The hyperbola formation on the B-scan

In two-dimensional subsurface imaging, the wave reflecied buried object
provides a hyperbolic shap®#éniels 2004]. This phenomenon is illustrated
in Figure 7.2. If the buried object size is comparable to tlawelength of the
GPR signal, we can consider the buried object as a scatteoing [Arbel and
Felsen 1963]. For this assumption, and for a radar close to thergt¢height
h equal to zero) in monostatic mode of operation, the two-trayel-time or
time-of-flight (TOF) of the emitted wave is calculated by:
TOF = 2N, (8.1)

wherez, corresponds to the depth of the buried objedorresponds to the
position of the antenna along the horizontal axis of the &8isdirection, and
v the propagation velocity in a low losses non magnetic mediue c/,/z,,
wherec = 3 - 108 m/s is the velocity for the free space, andis the real part
of the relative dielectric permittivity /<o, with ¢o= 8.85419 - 10~'2 F/m).

By mathematical manipulations, we can write Eq. (B.1) inftren:

(TOF)” _ W) _ 1, (B.2)

(2z0/0)2 ?

Equation (B.2) represents a hyperbola with a vertex in tigirgra verti-
cal axis, and an apex i2zy/v. We can thus conclude that the shape of the
hyperbola is function of the depth of the buried objegtand the propagation
velocity in the medium above the object,
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Figure 7.2. An illustration of the hyperbola formation in a B-scan.



C. Background Subtraction by System Identification

S| methods are considerably promising for GPR signal psieggBrunzell
1999]. The aim of these methods is to determine the objext kandmine)
impulse response. Among all the system models used by Sttorpeclutter
suppression on GPR data, a convolutional model is usedsrsthdy to draw

a comparison. This model was chosen for approaching to tter-emtenna-
subsurface model used above. Accordingly, the preprodeS$tR data are
considered as a convolution of tgeound signal, which includes surface and
subsurface effects, and thbjectsignal, in the time domain. Then, the transfer
function of this model=, can be expressed in the frequency domain as

G*(w) = Gs(w) = Ge(w)Ropj (w), (C.1)

whereG. = Y./ X, is thegroundtransfer function an®,; = Yo,/ Xop;
is the objecttransfer function. The soil surface effect can be subtchfrtem
radar measurements using #ngto-regressive moving averagederive an es-
timatel @c of thegroundsignal

Go(z) = L) (C.2)

where z=e/“. The estimate is derived in the z-domain from a reference
groundsample i.e, single radar measurement) in a nearby, landmine-free area
assuming that thebjectand theground processes are discrete samples of a
continuous input-output process. Thigiectsignal R,; is thus easily isolated
subjecting the preprocessed radar sigiathrough the inversgroundfilter,
which is the reciprocal of (C.2).

TFrom statistics conventions; ™ refers to the estimate. This convention is adopted in this
annex, however, in the primary part of this book, it meansratign.



D. Feature extraction by TD, FD and TFD transforms

D.1. Time domain: Auto-correlation of target signatures

Auto-correlation is useful for finding repeating patternsai signal, such as
determining the presence of a periodic signal, or idemtgythe fundamental
frequency of a signal which does not actually contain theqdency compo-
nent, but implies it with many harmonic frequencies. Coesia signals(t),
its auto-correlatiorC'{s(t)} is defined as:

C{s(t)} = [ s(t+7)s*(t)dt, (D.1)

wheres*(t) is the complex conjugate eft).

Fig. 7.3 shows the autocorrelation features for two difieraeasurements
of four objects. These features (number of oscillationgkpealues, signal
duration, ...) are very dissimilar between classes (diffetypes of objects).
However, they are strongly dependent on external paramesteth as target
depth and position, antenna height, possible surroundiaitiess and soil prop-
erties. Due to these influences, direct auto-correlatidhnat result in good
discriminative features. Other approaches must thus béedpp

D.2. Frequency domain: Spectral analysis

Considering a signal(t) as a group of variations recorded with time, its spec-
tral response (using Fourier Transfof) shows how much of(¢) lies within
each given frequency over a range of frequencies

F{s(t)} = [ z(t)e™'dt, (D.2)

In order to characterize the energy concentration in thetsgdeesponse as
a potential discriminant, the peak frequency of the spetisiplotted against
its central frequency. Some results are illustrated in Fig.for four AP land-
mines and two false alarms. This figure shows that all lowathettargets
have an energy concentration in the lower part of the spectanontrary to
the metallic ones whose spectrums concenter the energyigharbirequency
range. However, discrimination between two different ARdiaines or be-
tween a non-metallic object and an low-metallic one is ngsfige. Therefore,
discriminative methodologies in both time and frequencyndm are proposed
next and in Chapter 5.

D.3. Time-frequency domain

D.3.1. The spectrogram based on the short-time Fourier trasform  Since
1-D solutions seem to be insufficient, we can consider fonstiof both vari-
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ables time and frequency. A simple way to characterize aakigimultane-

ously in both domains consists in distributing the energthefsignal along a
time-frequency space. To apply such approach, we beginthetldefinition

of the short-time Fourier transform (STFT), or short-tinpearum. In order
to introduce time-dependency in the Fourier transformpgpk and intuitive

solution consists in pre-windowing the signdt) around a particular time t,
calculating its Fourier transform, and doing that for eaatetinstant:

STFT{s(t)} = [ s(t)w(t — T)e”“'dt. (D.3)

wherew(t) is the window function, a Gaussian function centered around
zero.

To give rise to this energy time-frequency distribution, eansider the
squared modulus of the STFT and we obtain a spectral energgrtg®f the
locally windowed signak(t). This define the spectrogram.

Fig. 7.5 shows the spectrogram calculated for two diffemeasurements
of PFM 0 cm ((a) and (b)) and two different measurements of P3-&m ((c)
and (d)). In Fig. 7.6, the same is done for PMA 0 cm ((a) and b)) PMA
5 cm ((c) and (d)). For each figure, the signal in the time-darisapresented
in the upper side of the figure, its energy spectral densithénleft side, and
its spectrogram in the middle. In Fig. 7.7, the spectrogramaiculated for
two different measurements of FA can ((a) and (b)) and twiediht measure-
ments of FA stone ((c) and (d)). We can observe than high &egjes should
dominate in the spectrogram of low-metallic objects (ARIfaimes), while the
non-metallic target has a low frequency content and the lhoetarget shows
a high peak just in between low and high frequencies. In adiratysis about
position and peaks values of each distribution (image)etevant information
to be used in classification could be extracted from them.s&oorrelation
between the spectrogram of low-metallic objects and thetspgram of the
metallic one is high (0.85 average). This is due to the posolution of the
distribution (limited by the STFT), which leads to intedace terms. We pro-
pose then to use another approach of the time-frequency idanalysis to
get a better resolution.

D.3.2. The wavelet transform The WT is a specific type of TFD distribution
and is characterized by the ability to segment the timeukeagy plane into
localized regions of interest.

Consider the Fourier transform of a signét),

fw) = [T s(t)eiwtdt. (D.4)

The WTWT,(7, a) replaces the sinusoidal kernel of the Fourier transform
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=7« with a scale and shift kerngt|~1/24(£=T),

WTs(r,a) = |a| =12 [T s(t)y (£7) dt, (D.5)

where is the basic wavelet; is the time shift of the wavelet andthe
scale factor. An important point in the WT is the choice of Hasic wavelet
[Gaunaurd and Strifors1999]. Several basic wavelet have been applied and
the Daubechies wavelet is selected since it has achievdzk#teesults for this
application.

Following the standard wavelet analysis, the first levelraximation and
detail coefficients are calculated for each A-scan. Theld=gdafficient is kept
and the approximation is again decompose. This is continunitithe third
level, where both the detail and approximation coefficiemtskept. Consid-
ering more than three levels results in redundant infownatiThe estimated
four coefficients are used as target features.
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