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Summary

This PhD thesis aims at investigating the possibility to detect landmines using
hyperspectral imaging. Using this technology, we are able to acquire at each pixel
of the image spectrabth in hundreds of wavelengths. So, at each pixel we obtain a

reflectance spectrum that is used as fingerprint to identify the materials in each pixel,
and mainly in our project help us to detect the presence of landmines.

The proposed process works #llows: a preconfigured drone (hexarotor or
octorotor) will carry the hyperspectral camera. This programmed drone is
responsible of flying over the contaminated area in order to take images from a safe
distance. Various image processing techniquesheillsed to treat the image in
order to isolate the landmine from the surrounding. Once the presence of a mine or
explosives is suspected, an alarm signal is sent to the base station giving information
about the type of the mine, its location and the gb@din that could be taken by the
mine removal team in order to disarm the mine.

This technology has advantages over the actually used techniques:

A 1t is safer because it |limits the nee
gives the opportunity to theéemining team to detect the mines while they
are in a safe region.

A 1t is faster. A | arger area could be
with demining techniques

A This technigue can be used to detect
mines sich oil or minerals.

First, a presentation of the problem of landmines that is expanding worldwide
referring to some statistics from the UN organizations is provided. In addition, a
brief presentation of different types of landmines is shown. Unfortiynatew
landmines are well camouflaged and are mainly made of plastic in order to make
their detection using metal detectors harder. A summary of all landmine detection
technigues is shown to give an idea about the advantages and disadvantages of each
tecique.

In this work, we give an overview of different projects that worked on the detection
of landmines using hyperspectral imaging. We will show the main results achieved
in this field and future work to be done in order to make this technology eéecti



Moreover, we worked on different target detection algorithms in order to achieve
high probability of detection with low false alarm rate. We tested different statistical
and linear unmixing based methods. In addition, we introduced the use of radial
basis function neural networks in order to detect landmines at subpixel level. A
comparative study between different detection methods will be shown in the thesis.

A study of the effect of dimensionality reduction using principal component
analysis prio to classification is also provided. The study shows the dependency
between the two steps (feature extraction and target detection). The selection of
target detection algorithm will define if feature extraction in previous phase is
necessary.

A field experiment has been done in order to study how the spectral signature of
landmine will change depending on the environment in which the mine is planted.
For this, we acquired the spectral signature of 6 types of landmines in different
conditions: in Lab whe specific source of light is used; in field where mines are
covered by grass; and when mines are buried in soil. The results of this experiment
are very interesting. The signature of two types of landmines are used in the
simulations. They are a databasecessary for supervised detection of landmines.
Also we extracted some spectral characteristics of landmines that would help us to
distinguish mines from background.
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Chapter One

1.Introduction

Landmines and cluster munition constitute a main obstacle against the development of the
societies and return to normal life after the ceasefire is achiéedear of deatland the

dest r uc tstopwith thesend d@iviar, but will continue with the existence of threat of
cluster munitions, landmines, unexploded ordnanceraptbvisedcexplosive devices. This
type of weapons do e sndddiandkemanvactivelfoe yeard ohevenw a r
decades mnacingnnocent people in their everyday life

According to recent statisti¢], 80%of the casualtiesf landmines are from childrehat
have nothing to do with the war s causes. Therefore, thesea need to ban the use of
this type ofblind weapons. The efforts to ban landmines has stamelddwe havean
international campaign to ban landmines and cluster munittis numeral signees
countries [130]. However, nobody can control the situatidaring the warand the
landminesare being used during recent conflicts (ex.iloya and Syria 2016)Therefore,
there is a need to find detection techniques that are fast and reliable.

Different technigies have been addressed in order to detect landmines. Each method has
its advantageandinconvenieres One of the earlieand most usethethods is thenetal
detector. Due to electrical inductiphenomengathis type of detectors is able to detect the
objects that contains metal under the saithoughthis techniques cheap, it has several
drawbacks: it detects all metals, either landmines or inert metalhaovery high false

alarm rate; new landmines contailess metals so they are harder to b&dted.Other
techniques usefr landmine detection will be mentionedthre next chapters.

In this thesis, we are addressing this problem with a new technique named Hyperspectral
Imaging or Imaging spectroscopshistechnique givethe ability tomeaureat each image

unit (pixel) the portion of light reflected in hundreds of wavelengths. Thus, we will obtain

a hypercube composed of two spatial dimensions and a third dimension that contains
spectral informationThis technique is well used in remotensing fieldfor different
purposedike mappingagriculture, astronomy, food monitoring, surveillance and others.

When light hits an object, it is either absorlmdeflected. The portion of light that is
reflected depends on the size of the molecufeth® object that is reflecting on, the
intermolecular distances in addition to the wavelength of the radidfiach material
composed of different components could reflect light of various wavelengths in a different

13



manner. Therefore, we have the abilitging this technology to identify the materials
remotely. In our case, we will usiee spectral and spatial information of the hyperspectral
images to detect landmines and cluster munitions without the presence of deminers on field.

Several approaches ekifor target detection using hyperspectral imaging: some are
supervised where the spectrum of the data is known before; other are unsupervised based
on searching for targets that are spectrally different from their surroundings. The latter type
of informaion dces not necessitate the knowledge of the target spectrum in advance.
However, this type of detectors is characterized by a high false iteas we will see in

the next chaptergecauseare events in the image differdrdm their backgrounavill be

marked as targets.

During the work on this PhD thesis, we studied different scenarios of supervised and
unsupervised detection, taking into consideration image preprocessing techniques like
feature selection and dimensionality reductibnowing thetarget reflectance spectra will
not make its detectionstraightforwardprocess due to several reasons:

1) Spectral variability: the spectrum registered in lab conditiahsiot be necessary
the samen field condition due t@ffect of weather and ilminationconditions.

2) Noisy images

3) Low spatialresolution that make the reflectance deteatesl pixelcomposed by a
mixture of endmembers reflectance spectra.

We worked on different types of supervised and unsupervised detection algorithms
basedon probabilistic and linear mixture models. In addition, we worked on atrtificial
neural networks in order etect landmines using hyperspectral images in a fast and
more accurate way.

In Chapter 2, we analyze the problem of landmines and show the g@xi&thods currently

used to address this issue. An introduction to hyperspectral imaging with stat of art of
landmine detection using hyperspectral imaging and different tools used in hyperspectral
image treatment are shown in Chapter 3. In Chapter 4res=m all experiments done
during my work on the thesis with the results achieved. The conclusions are drawn in
Chapter 5.
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Chapter Two:

2.Problem of landmines and existing
solutions

2.1. Problem of Landmines

This chapterpresents an introduonh concerning landmines contamination issues, crisis,
legacy,ard action. We conduct an analysis of mine acti@atjonal andnternational programs.

It is consequential to survey tlieundation of the minectivity area since its start. We
introduce theoroblem of landmines and how actiortaken toface these problems. A concise
abridgement of thexpedition to osacize killing mines isadditionallyincluded.In addition,

we show the main types of landras.

Part of the information shown here is pubéd in[129].

2.1.1.Landmine contamination and impact

Several countries suffer from the existence of millions of landmines in their territories. These
landmines have indefinite life, and may still cause horrific personal injuries and economic
dislocation for deades after a war has finished. Therefore, there is a growing demand by these
countries for reliable landmine inspection systems.

This problem affects the social and economic development of the regions, dasithislareas

to be cultivated?], [3], [4], [5]], and also risks killing innocent people; triggered by the fact

that mnes do not know trucéd], [7], [8], [9]]. As known, mines lead to hundreds of thousands

of deatls or to amputation of limbs. For instance, in Cambodia there are more than 35000
amputeesféected by landminexplosion [2], [5]]. Some of thénjured peoplalie in the fields

from bleeding or lack of tresport to reach the hospif&l]. Mines can decrease the area to be

culi vated, al so prevent the income of wvaluabl
which lead to economic regression.

Various obstacles are faced in removing these landmines, such as the loss or absence of maps
or information about the landmine typesed or the areas where they were originally emplaced,
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the change of landmines locations due to climatic and physical factors, the large variety of
types of landmines, and the high cost of locating and removing landmines. The landmines
sensitivity to exppsion with time or atmospheric factors also @osegreat danger to
individuals.

Landmines are victiractivated and indiscriminate. Mines emplaced during a conflict against
enemy forces can still kill or injure civilians decades ldtand mines, clugr munitions, and
other explosive remnants of war (ERW) continue to kill or injuree@ast 4,300 people every
year[3]. The vast majority of recorded casualties are civili&®din 205) as shown irFig.

1 of which 39%are childrenFig 2). Between 1999 and 2012, more than 1,000 deminers have
been killed or injured whilendertaking demining operatiofi].

'

R

Security Children
Forces 39%
18%
Civilians
' 80%
Deminers
2% Adults
61%
Figurel: Mines/erw casualties by civilian/milite _ . . .
status in 2014 Figure2: Minesferw casualties by age ir024

States with causalities in 2015 are shown in the next table:
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Tablel: States/Areas With Mine/Erw Casualties In 2014

Angola Colombia Afghanistan Albania Algeria
Chad Peru Cambodia Armenia Egypt
Congo, DR India Azerbaijan Iran
Céte d’lvoire Lao PDR Belarus Iraq
Guinea-Bissau Myanmar Bosnia and Kuwait
Kenya Nepal Herzegovina Lebanon
Mali Pakistan Croatia Libya
Mozambique Philippines Poland Morocco
Namibia Sri Lanka Russian Federation  Palestine
Niger Thailand Serbia Syria
Senegal Vietnam Tajikistan Yemen
Somalia Turkey Western Sahara
South Sudan Ukraine

Sudan Kosovo

Tunisia Nagomo-Karabakh

Uganda

Zambia

Zimbabwe

Somaliland

The totalcasualtiesn 2015 denoted the most yearly recorded losses sib@e. Xear 2015
additionally denoted the most noteworthy number of yearly losses by extempoiizesl m
recorded by the Monitdb].

When a landmine explodethe impact of the explosioneakensas the distance increases
from the mine. The blast wave generated by to explosion has a peak power at the beginning
and loses its power while moving in the atmosphere. Accordingly, it is possible that get a high
killing power from a mine containingmall amount of explosives in closentact (for
example, a mine under the foot) while encountering considerably less damage from a
significantly bigger dangerous charge a few meters away. There is consequently a colossal
assortment in the scope of touchy wounds from landmines and MX@/UXO wounds have
two fundamental effects. Firstly, they influence the lives of the wounded and their family;
furthermore,they have impacts on the medicinal foundation of the influenced natien.
fundamental monetary impact on the casualty is the consigai capacity to acquire wage
to bolster themselves and their familyaddition toevident physical wounds, the setback may
endure mental harm. Female setbacks are viewed as being especially helpless as the broad
physical harm can seriously restricethodds of marriage. The impacts are not constrained to
the setback or their close families. Treating mine wounds depletes the neighborhood
therapeutic foundation of developing nations, as these sorts of wounds unavoidably wind up
noticeably tainted angpically requires 23 operations to debride the woundissery losswill
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require prosthesis a wheelchair on thehance to recover portabilitffhe prosthesewill
likewise require concentrated physiotherapy to figure out how to utilize the counterfeit
appendage. Moreover, most amputees will require another appendage3eyear2 as the old
ones destroy.

2.1.2.Types of landmines

Mines can be outlined i t her-p @arss @mamé li-tank'oAntiparsonnél §AR)t mines
are intended to be actuated by indivals, while anttank (AT) mines are expected to thrash
tanks or other shielded vehiclgkl].

Anti-tank mines are designed to be triggered by heavy vehicles such as tanks. They are large
(usually Dbigger than a personds shoe) and h
contain enough explosives to destroy the vehicle that runstbger and as a result also
frequently kill people in or near the vehicle. Atdnk mines are laid where enemy vehicles are
expected to travel: on roads, bridges and tracks.

Anti-personnel mines are triggered much more easily and are designed to wourd Fesypl|
have less explosives and are much smaller and lighter tharaakitnined they could be as
small as a packet of cigarettes, weighing as little as 50 gramspémsthinnel mines come in
all shapes and colors and are made from a variety of materials

Although AP mines may kill a person, they are primarily designed to cause severé mjury
wounded person must be assisted and this tak
personnel mines can be laid anywhere and can be set off in a numbeydfstepping on

them, pulling on a wire or simply shaking them. Apg¢irsonnel mines may also explode when

an objeciplaced over them is removdd?]

type AP landmine AT landmine
weight Light(100g4Kg) Heavy(6Kg11KgQ)
size 6-20cm 20-50cm

target Human Vehicle

Case material Plastic,metal,wood Plastic,metal

Operating 5Kg 120Kg
pressure
Figure3: Comprison between AT and AP landmi

Generally, there are two types of AP mines: blast mines and fragmentation mines.

BLAST MINES

Blast landmines are buried close to the surface of the soil and are generally triggered
by pressure. When a personpsteon a blast mine and activates it, the mine's main
charge detonates, creating a blast shock wave consisting of hot gases travelling at
extremely high velocity. A famous type of blast mines is scatterable fii8es.
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FRAGMENTATION MINES

This type of landmines release fragments in all directions, or can be arranged to send fragments
in one direction. These landmines can cause injuries up to 200m away and kill at closer
distances. The fragments used in thesdrtanes are either metal or glagk3]

Anti-tank mines are designed to immobilize or destroy vehicles. AHtamii mines are blast
mines, because the goal of the datik mine is to destroy the tank's tracks and body. ®here
no need for a fragmentation atdink mine.

Most countries and armies try pmsses$andmines to protect the main installations and key
basis from enemy intruderg/hen amilitary base is constructed in an open area, it will be
vulnerable to attacks lize enemy from all sides. In such cgdbke landmines are used to limit
the reachable zones and focus the defensive forces in on&lsids.can also be used as part
of the support system for heavy artillery.

However, while landmines may have readilgntifiable military applications, the nature,
design, and deployment of large numbers of mines will necessarily lead to civilian casualties

The neutralization of mines requires specialized training and remains a tedious and dangerous
process.Mines are aen designed and deployed in order to make their detection as difficult as
possible. Furthermore, advances in technology are exacerbating the problem because most
modern mines are now made with plastics and may contain only traces of metal Nfeavsy.

models may also contain sophisticated electronic fuses that make them more hazardous to
remove.

2.2. Landmine detection techniques

In this section we show the main detection techniques used in the detection of landmines.
The goal of this section is to shidhe techniques already used, their pros and cons and compare
their performance with the hyperspectral image technique.

The most widely used method for detecting mines follows the same techniques developed
during the Second World War, and directlyinvdlve human beings. The typi
kit today largely resembles those used more than 50 years ago (It consists of a metal detector
and a prodding instrument).

Several techniques have been designed and developed for demining. Each technigbgeis suit
for detection under some conditions depending on the type of the ¢case, the explosive
material and the soil.

As we are studying the potential of hyperspectral imaging for landmine detection, we will
describethe detection techniquesurrently ugd The rationaleof this sectionis not to go
through the complicatedhysics principles of how the sensors work but to give some brief
information about these techniques stating their strengths and limitati@nder tohighlight
the advantages of hgpspectral imaging over other techniques.
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Generally, most of the landmine detection techniques consist of three main units; a sensor to
capture a signature of the landmine, a signal or image processing unit to arrange the acquired
data and a decision mak unit to decide whether a landmine exists or not.

The sensor may be electromagnetic, acoustic, nuclear, biological, chemical or mechanical.

2.2.1.Electromagnetic Methods

The deminer holdshe handle ofElectracMagnetic Induction SSESSS
(EMI) detector (Fig.%close to the ground and sweeps it slo
around the area being investigated. Electrical current flo
through the first coil -vatylhge_ _
magnetic field in the ground. This primary magnetlc field, mtul'f‘-' <
induces electrica(eddy) currents in buried metal objects. TF
currents from the buried objects create a weaker, seconfAn
magnetic field. The second
changes in voltage induced by the secondary magnetic fiel
shown. The detector then roeerts these changes in the electric potential to an audible
signal [13]

Figure 4: Landmine detection wi
metal detector

rece

2.2.2.Ground Penetrating Radar (GPR)

Difficulty in detecting tiny amounts of metal in a plastic lar - -\
mine with a metal detector has led to the development of
technique. GPR detects buried objects by emitting radio wz
(ranging from about 10 Mz to a few GHz) into the ground an Proceasor ]

then analyzing the return signals generated by reflections o T J—
waves at any subsurface discontinuity with different indexes Generator _
refraction such as at the boundary between soil and a landmi [ reverma || [ e avierma |
between soil and a laegock.The GPR technique (Fig.Bisesan @ ———— ————
antenna pair (transmitter and receiver separated by a small AN =—*3JT7AW7

distance) to send short pulses of electromagnetic energy int .
subsurface and then record the returning sigitéils.return signal —————"""  &itcomnmm
is !nterpretedjsmg a compu_terlzed_ signal processing system ;:”i‘é‘dre& GPR principle

gives an audio image to det

[[13].[14]
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2.2.3.Infrared/Hyperspectral Systems

Infrared radiation consists of wavelength of 0.@ to 1& & in microwave regions.
Infrared/hyperspectral methods detect anomalous variations in electromagnetic radiation
reflected or emitted by either surface mines or the soil and vegetation immediately above buried
mines. Two modes of action, including active and passive irradiation using a broad range of
electromagnetic wavelengths: A passive IR system detects natural radiation from the object
whereas active systems are provided with heat source and detects radiatibedted object.
Thermal detection methods exploit diurnal variations in temperatures of areas near mines
relative to surrounding areafhe physical activity of emplacing mines changes the natural soil
particle distribution by bringing small particlesttee surface, which in turn affects the way in
which the soil scatters light. Systematic changes in vegetation moisture levels immediately
above burid mines also may have influends].

2.2.4.Acoustic/Seismic method

These methaglare uniqgue among detection methc
that identify the mine casing based on t 4 | e
mechanical properties and are not based
electromagnetic propertie3he A/S technique is
used for the detection of landmines by vibrati
them with acoustic or seismic wavdbat are

Amplitude (m/s)
[s]
L]

generated and received by moontact (acoustic) b s, S
and contact (seismic) transducers, respectively. - - - - 220‘ p
transmitting system may be composed of acou: Frequency (Hz)

loudspeakers or electrodynamic shak®vien he Figureé: Amplitude of Surface Vibration of Ground in resp
receiversenses a reflecteenergy that meansna'© sound waves: over a Mine (solideljrand a Blank (dash
object possibly a landmine is burig@ig6) [15]. "¢

2.2.5.Nuclear Quadruple Resonance (NQR)

This is aradiofrequencybased technique used to detect specific chemical compound like
explosives. It is composed of an emitter thatisea radiation with a frequency that corresponds

to the frequency of resonance of the explosive material. By this, the nuclei of the component
is excited and when it returns to the stable state, it emits another radiation that induces an
electric potentinat the receiver coil. By this, the presence of a landmine is noticed by the
detection othe presence of explosivEs].
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2.2.6.Vapor sensors

A small percentage of the explosive manages to get out, as vapor, through éissusbield
structures of mineg.he idea is to detect the gence of vapor from explosiveRhere are
two research lines in this topic: biologi@ald chemical.

Biological detection methods involve the use of mammals, insects, microorganisms, or plants
to detect explosives. Each of the different methods operates on a diffetreh principles and
is at a different stage of development.

A variety of possible nofbiological mechanisms for detecting low concentrations of
explosives in air or in soil samples have been investigated in recent years leading to the
development of highly saitive odor detection device8Vhen a sample of air containing
explasives passes between the slidethe sensqgrsome of the explosive binds to the polymer

and reduces the amount of fluorescent light dimet slideemits. This reduction in the intensity

of radiation received is detected bgraall photomultiplier devicgiving notice the existence

of explosive materigl13],[15]

2.2.7.Mechanical methods

In some cases, if the terrain and soil conditions are suitaidgassible to use large armored
vehicles in order to clean the minefields. This method is preferred by the army duringethe tim
of conflict as therés no much time to localize, identify and isolate the mines. It necessitates
the use of large and expensive vehicldse risk is minimized athe demining personnare

either in a well shielded place or are remotely controllingyétécles However, thigechnique

leaves the area virtually destroyed. In addition, a landmine may be buried deeper or partly
damaged making it more dangerojis]
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Chapter Three

3.Hyperspectral Imaging: Introduction to
landmine detection and processing
techniques

3.1. Introduction to Hyperspectral imaging

Hyperspectral imaging a trending techniquie the field of remote sensinli.is based o
acquiring images in quasbntinuous bands in the visible and infrared domain. By thas, w

get at each pixel egeflectance spectrum that help us to identify the constituents of the
materials in the image. This type of imaging is a developed versiore afuhlispectral
imaging techniqueln this section, we would like to show the origin of hyperspectral
imaging, different data acquisition processes used to acquire the hypercube in addition to
main hyperspectral imagg camerasised in this field.

3.1.1. Broadband, Multispectral, Hyperspectral andUltraspectral
Imaging

Hyperspectral imaging is the result of development in the field of electro optics. The
development in sensor manufacturing made ithage acquisitionin hundreds of
wavelengthspossible. The first imagers were broadband imagers that sense the light
intensity ina wide range of spectrum. These imagers detect the light intensatyide
rangeof frequenciesn thevisible or infrareddomain. After thatthe eightiesand nineties
becamehe eraof multispectral imagewere the imagers were able to acquire ienslices
in tens of frequencigdig.7). Thedevelopment of photodetectors made possdéeEquire
image slces inevennarrower bands. Thishaveincreased the spectral resolution of the
imager and improved the possibility to distinguish more materials.
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Broadband ViSi'

Band Band Band Band Band Band Band
1 2 3 4 5 7 6

Multispectral
P .45-52 |,52-.60 .63-.69 .79-.90 1.55-1.75 2.08-2.39 10.4-12.4

Hyperspectral 100s of Bands ‘

Ultraspectral 1000s of Bands ‘

Figure7: Difference between broadband, multispectral, hyperspectral and Ultraspectral Imaging

3.1.2. Hyperspectral Image Scanning Modes

Generally, to acquire a midpectral or hyperspectral images, two types of scanners are usually
used: Wiskbroom scanners and Pushbroom scanners. These two scanners differs in the
technology used to detect the light of different wavelendth&oth techniques, we use the
forward moton of the platform to record successive scan lines and build up the 2 dimensional
imagesln the following, we will some of the characteristics of each technology.

3.1.2.1.  Whiskbroomor Across Trackscanner

Whiskbroomscanners collect measurememtsyf one pixel in the image at a tinferotating
reflecting device moves forth and back to reflbet incidentight from different angles to the
single sensor that thecanner have. This allows the scanner to measure the energy from one
side of the airaft to the other.The Instantaneous Field of ViewiIHOV) is scanned
perpendicular to the direction of motion of tsensor to form one spatial rom of the spectral
image [132]. The incoming energy is separated into several spectral components that are
independently sensed.
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B CCREJCCT

Figure8: Wiskbroom scanningrinciple [132]

3.1.2.2. Pushbroom or Along Track scanner
A push broom scanner collects data along track using a row of sensors arranged perpendicular
to the direction otravel. The data are collected row by row. The imager scans a slit on the
ground in acrostrack directionTheslit image is focused and spectrally dispersed onto a two
dimensional array of image sensors.

Linear detector array

Projection of
array on ground

Figure9: Pushbroonsanner principle

Whiskbroom imager have inherently inferior spatial resolution compared to pushbroom
imagers. In addition, pushbroom imager has better geometryikklbbroom imagers due to
fixed distance among detector elements. However, in pushbroorerimmage detectors need

to be calibrated before use.
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In new hyperspectral imagers, instead of using the dispersive elements to measure the energy
in different wavelengths, spectral filters in the fore optics at the focal plan are used to switch
between waveands.

3.1.3.Important hyperspectral camera

Severahyperspectral imagers gained a largeutationin the field of hyperspectral imaging.

The number of companies that manufacture hyperspectral cameras is increasing as the use of
this technology is expanding new domains. Now this technique is used in different unrelated
domains likechemistry, mapping, military, food quality monitoring, agricultarmd other.
Therefore, the number duyersis increasing and the number of the manufacturerSeme

of themain hyperspectral cameras are:

i

AVIRIS: Airborne Visible Infrared Imaging Spectrometer is operated by Jet Propulsion
Lab (JPL) of NASAThis sensoacquires hyperspectral images in 224 bands between 0.4
and 2.5um. the spectral resolution is about 10nims la pushbroom sensor that have field
of View FOV=30C distributed on 614 pixel§-heinstantaneous field of view IFOV equal

to Imradandcould be calibrated to 0.1mrad.

HyMap sensor: it works from visible to thermal infrared rafidee spectral resolutio is
about 1620nm in the VNIR and SWIR regions and about-200nm in TIR.The FOV
vary between 30 and &8istributed on 512 sample with IFOV between 1 amar&d.This
sensor is fabricated bgtegrated Spectronics and mainly used for earth observation.

COMPASS: this sensor is developed by the Night Vision and Electronic Sensors
Directorate (NVESD) of the US army. It works between 400 and 235%0@2%6 samples.

HYDICE: Hyperspectral Digital Imagery Collection Experiment. It acquires hyperspectral
imagesin 210 bands between 400 and 2500 nm. It is manufactured by the NAVAL
Research Lab.

CASI: Compact Airborne Spectrographic Imager. It is one of series of sensors
manufactured by ITRES research limited in collaboration with Defence Research and
Development @nada (DRDC). It detects image slices between 400 and 1000nm with 10
nm spectral resolution. Other imagers also manufactured by the same company cover other
ranges like SAS(1000 to 2500nm) anehicroTABI (3700 to 4800nm).

NVIS: Night Vision Imaging Speatmeteris a pushbroom imager that uses tweatigned
imaging spectrometers covering together the range between 400 and 2350 nm with 384
spectral bands. The cregack FOV is 18 composed of 256 pixels with IFOV about 0.9
mrad.

EPSH: It is a sensor manactured by GER Corporation. It is composed of several imagers
that covers the range between visible 430nm to thermal infrared 12500nm. The spectral
resolution changes in each range.
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3.2. Previous projects on landmine detection using Hl

This research was pubkhed in the journal papé8PRS journal of photogrammetry and
remote sensinfl7].

Our goal in thisectionis todescribe pagirojectsthatused infrared hyperspectral imaging for
landmine detection anthat havebeen presented in conferenga®ceedingsand journal
articles. Note that additional military reseanctay existin this field. Such projects, however,
are not described herein due to lack of information.

3.2.1.Defence Research and Development Canada projects

One of the earlier projects doing research on landmine detection using infrared wavelengths
took place at Defare Research & Development Canada (DRIMERDC started their research,
in support of the Canadian army on landmine and unexploded ordnance detection in 1978 and,
in collaboration with Itres Research, on hyperspectral imaging for landmine detection in 1989.
Detection of sparse targets using optical imaging was previously studied. Algorithms
developed during this project could be applied to preprocessed images of hyperspectral
imagers.An early project proposed a hierarchical im@gecessing algorithm to dete
sparsely distributed bright region of several pixels wide in a monochromatic ifhbageA
preprocessing operation is performed in order to rentist®rtions, dropouts, overlapping
areas misregistration, an@ny other artifacts and imperfectiondlon suspected areas are
discarded to reduce the data size. Then, suspesf)ghs are egmented into homogeneous
subregionsand the morphological features of the sabions are extracted. Based on the
extracted features, sub regions are classified. Finally, the spatial relationships between mine
like objects are determined. A supervisedhod analyzes these relationships and classifies
the areas as a minefield providing a specific likelihood rdtios hierarchical method can
potentially achieve redalme detection of surfaelaid mines. With the aim of improving the
detection system, gsaitific research was focused on two topics: the first one dealt with the
enhancement of the detection algorithms in order to achiewvgimealdetection, while the
second one was related to the improvement of proper imaging technologies in order to obtain
a higher image quality.

After the development of Visible and Near Infrared (VNIR) hyperspectral imagerslQ0mD
nm), several experiments showed their compatibility with the detection of siafdcand
buried landmines. While testing the possibilitydetect surfacéaid mines, it was found that
their spectral reflectance has similar behavior under different illumination conditions with
different scaling factors and offsets. More precisalyinear correlation existbetween the
mine spect under diferent incident illuminations if the spectral vect®confined between
500nm and 680nn21]. For classificationpurposesthe authordested two methods:inear
Cross CorrelationlCC) and linear spectral unmixingCC is better in the case of high spatial
resolution images. The linear unmixing method has a higher Probability of detac¢hercase

of subpixel sized mines; but has also a higher false alarm rate.

Other test led to study the possibilitpf detecing buried landmines usingVNIR imager. It
was noticed that buried mines could not be detected by calculating the shifred #dge of
vegetative spectra. However, by using linear correlation, some mines with low vegetative cover
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were detected18]. It was also noticed that Arfiank surrogates were more detectable than
Antipersonnel surrogates, presumably due to the increased area of digudnpried to bury

the former[20]. The probability of detectiofPD), intended as the number of mines detected
over all existing mines in the imageahtained during the experiment iegbetween 33% and
100% and the Fals&larm Rate(FAR), measured as the number of falsely detected mines per
unit area,varies between 0.1 ah0.52/mf. According to the authorsf [20], improving the
classification algorithms and optinmig the spectral vectors, invahg a systematic pattern
classification studyandemphasiing discriminant analysis and feature analysie possible
steps to achieve betteDRAnd lower FAR

Thespatial resolution of the image affects the performance of the detection alg@2hihs

the pixel size gets closer to the size of the mine, the possibility to isolate landmines increases.
This has been proven by the resbateam of DRDC if23]. The authorsicquired two types

of images usin@ VNIR imager Medium resolutionmagesat the altitude of 300m and high
resolution images at the altitude of 6nm a different place. In the medium resation
experiment, they obtained a 1009 &nd 0.00034/fFAR. In thehigh-resolution experiment,

all mines were detected with a false alaate 0f0.0043/m. Linear Cross Correlation (LCC)

and Orthogonal subspace projection (OSP) were used in classificBhie best detection is
achieved when taking the result of the combination of the two techniques.

In order to have quasi reaine detection of surfaelaid mines using a VNIR imager, the
authors if24] proposed a system consisting of two modes: in the first mode, the system learns
the target spectra. In the second mode, the system looks for the kagrgetguiring spectral

data for each pixelndthen app}ing comparative algorithms to the candlid pixes, using the
stored reference spectiehe processing platform involves a system that generates the results
of data acquisition and target analysis to anratoe by displaying probabilitynformation
alongside the base imagery. The entire pros acquisition radiometic correction data
fusionfrom different systems finisheswithin few time frame of acquisition (a time frame is
approximately 185 ms).The radiometric and target identification processes can be applied
independently toach frame sothe processingf a frame will not affect the resultslated to
theprocessingf other frameg$24].

In [25], which isa continuation oftheresearch irf24], we findthe first experiment thatims
atdetecing landmines from an airborne hyperspectral imaging system in real tire@ablve
paper describes hosoftware and hardwammprovanentscan achieve real time detection from
an airborne platform. st radiometric correction is applied on raw dataen custom
classification algorithms are applied to the corrected data. A spectral signature library provides
reference spectral vectors. The classification results are stored and displayed in r@&ldime.
first real time landmine detection system was mounted on a slow vehizlenilh) [24]. A
display system showselected bands including corrected spectral hgadsal data results or
final target bandsThe second redlme detectionsystemwas an improvement of the first
system to be compatible with airborne imaging datesr#®ehardware/software system was
implemented measung the change in slit contamination (filings, dust, paint flecks) relative to
the slit performance during calibration and myitid) the correction matrix accordingly during
radiometric conversiorDetectionrates were not the prime concern of the test. diitbors
wantkedto test the ability to detect landmines from an airborne platform in real time. 3iieere
no indications regarding the algorithms usedor data correction band selectionand
classification.
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Short wave infrared (SWIR) bands (162800nm) have also been considered to detect
landmines. As the spectrum is wider with the inclusion of SWIR bands, the possibility to
distinguish landmines is highek.simple classification boundary should be abldistinguish
surfacelaid mines from many humamade artifacts and natural materiatéowever, old
buried landmines areard to be detected using SWIF5].

A project studyind-ong Wavelength Infrared (LWIR)yperspectral imaging of landmines led

to the development of a commercially available LWIR hyperspectral imager suitable for
airborne landmine detectid27]. The instument was used to collect imagery of surface and
buried mines and improvised explosive devices over full diurnal cycles in arid,-blesert
conditions and was found to provide some advantages overbaoadmaging in the detection

of buried threat obps[28].

The team of DRDC started in 1997 a project testing the combination of various detection
technologies called Improved Landmine Detector Project ILDP. Since a single detection
technique will not be able to detect all types of landmines in all conditthe fusion of various
techniques can be more effecti{29],[30]. The authors tested a small teleoperated vehicle
carrying four types of detectors: Forward Looking Infrared imager, down rgoki
electromagnetic induction detector, delmoking Ground Penetrating Radar (GPR) and finally

a thermal neutron activation detector used as confirmatory detector of suspected targets. In
order to apply sensor data fusion, several methodologies were inskding spatial
correspondence and custom designed navigalibae.abovesystem was intended for anti
vehicle landminesbut not for antipersonnel minedn order b address the latter, a smaller
system with different sensors was propodédgerefore, ging a high mobility robotic platform,
theauthorgproposed system that contasfive separate technologies: 2 hyperspectral cameras
(thermalinfrared (TIR)and VNIR),a scanning sensor imaging syst&rich is mounted on a
custom builtarticulated robotiscanneranda nuclear confirmation sensf81]. The role of

each technique is as follows:

U0 Forward looking SWIR or TIR camesashoulddetect thermal contrast betwean
landmine and its surroundisg

U VNIR camerashoulddetect spectral reflectance differences between disturbed and
undisturbed soidnd the presence of a trip wire.

U Articulated Robotic Scanner affords the mechanical precision to provide images from
scans of a lightweight non imaging sensor

U Nuclear imagings usedor confirmation.

U High mobility platform helps in moving theensoipayload.

In order to handle the enormous volume of dgaerated by hyperspectral imaginige

authors proposed to use r¢iahe techniques and algorithms describe®#],[25] to compress

the hyperspectral images into single band images, which could then be processed by the
minefield detection algorithms described if18]. The results of these projects ree
encouraging and show that a teleoperated replacement of a human operator may be possible in
the future.

A discussion of the results obtained after landmine detection tests using VNIR, SWIR, and TIR
imagers by DRDC and Itres was presented38]. Reliable surfacéaid mine detection in
various weather conditions was achieved using VNIR and SWIR spectra, even if not in real
time. Reliable buried landmine detection was not achieVeére is no huge difference in the
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VNIR range between thegiatures of buried landmines and background materials, however
they could be indirectly detected by observing differences in reflectance between compact soil
over mines and background.

DRDC and Itres presented a reviewtlod research on infrared and hygeectral technologies
for landmine detectiom [33]. Besides providinghetheoretical backgrountbr the detection

of surfacelaid and buried mines arnlderesults of their experimenthe authors also described
examples oHyperspectral ImagergHSI) images of trace amountisnitrotoluene(TNT) and
CyclotrimethylenetrinitraminéRDX) distributed on the ground surface. The mechanism of the
distribution of the trace explosives by antfuikherdiscussed ifi34], [35].

The Canadian resedncand development cdaocted a project between 2004 and 2008 called
Shield ARP 12rin order to develop and explaiptical imaging sensors for mine detection.
Airborne tests of real time hyperspectral imaging and a SW8RirHaging phenomenology
study werecompleted in October 200&ests on vehicle mounted optical tripgvimager and
development of Thermal infrared hyperspectral imager were completed on Marc[38p08
After the ealization of simultaneousniaging in VNIR and SWIR bandshe ability of
classifiers to separate camouflage coatings from background improves when the VNIR and
SWIR spectra are combined. Simultaneous collection of SWIR and TIR imawgasaft
airborne platform in an environment with minimal infrastructuas also been donia vehicle
mounted trip wire detector tests, the SWIR provided better wire/backgomuntichst than the
VNIR band. The aboveeportdescribes the testdthe resuls obtained during the project
without mentioning the algoritims used or the way theeal time airborne detectiors
performed

DRDC and lItres proposed i87] a new design of hyperspectrmdmera with a ranggated
intensifier and combirtethe camera with selected pulsed las&re authors showed that it is
possible to relate the reflected signal gpecific light matter interactiondike induced
fluorescence. This approach is independent of the ambient light cosdaimh can be
customized to specific wavelengths. In addition, it could heurveyng a specific area in
order to increase the SNR. The preliminary resotlicate that the false alarmmate associated
with this scenario might be too high for ground area scanning speptactical interest.

DRDC also begaa projectn 2005to demonstrate the military utility of spabased reflective
hyperspectral imagery (325 microns) especiallyin the domain of target detection and
identification for land and marine mapping applicatiorfse results achieved are encouraging

and show that target abundance can be retrieved with high ecetitae subpixel level using

the Constrained Energy Minimation (CEM) algorithm. The fact that the estimated
abundances are generally lower than thedahuesdances consistent with an error introduced
during the manual delineation of targets area, by assigning to targets larger areas than their true
area[38].

3.2.2.Equinox Corporation fusion test

The fusion oWisibleand SWIR bands could give bettlatectiorresults. A basic fusion of two
spectrum barglproducesacceptablessegmentation of objects against backgrqumdspective

of illumination conditions In other words, seldog a set of two or three spectral image bands
has been found to be just as effective in differentiating-made objects from background as
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usng all spectrabands at oncg89]. Suchfusion has the potential to detect miike objects
in an image usingnintegrated camenaith visible and SWIRsensor@and more sophisticated
and specialized detection algoritam

3.2.3.Hyperspectral Mine Detection program HMD

In [40], a Defense Advanced Research Project Agency (DARPA) sponsored experiment
testing the potential to detect buried landmines using hyperspebtrdiwave Infrared
(MWIR) (3 to 5 um) and_ong-wave Infrared(LWIR) (8 - 12 um) bandss describedThe
project emphasizethe detection of surface disturbances due to landmingniguiPrevious
experiments showed the capability of VNIR and SWiRagers to detect surface
disturbance$19], [20],[26]. However, the problem was tingh false alarm ratéenducedby
surroundingvegetation and rocks. According to the authors,ntfaén rationak behind the
detection of buried landmines using the spectral properties is that theespropriges arein
some way different from thproperties ofsubsurface soil. The soil exposure at the surface
changes some of its physical and chemical propeftiesse experiments showed that spectral
information are necessary for landmine detection

In addition, the researchers of tHgperspectral nme detection program HMD tried to detect
buried landmines by evaluating the contrast in thermal reflectivity between the mine and the
soil in just two bands of the thermal IR reg[dd]. They noticed that recently buried landmines
could be seen in thermal infrared imaging as bright dpetsuse the disturbed soil has an
apparent temperatudkfferent from that of the surroundingndisturbed soilln addition,they
claimedthat everminesburiedfor avery longtime could be detecteith some types of sods

the subsurface mine will have different thermal properties

3.2.4.Hyperspectral Mine DetectionPhenomenology program

The American army al so s tnmne detediontplieeomenology e c t
progrand ( HMDP) . Their mai n objective was t o
characteristics that are useful for landmine detec{#?]|. Therefore, theycollecied high

quality hyperspectral signatures of background materials and mines, nidgasyeral effect

on buried landmines and meadlieestatistically significant set of hyperspectral signatures of
surface and buried minesmatural soilsundervariations of controlled variableghe spectral
analysis results obtaineduring the HMDP project recordingare presented if43]. The

authors concluded that uncontrolled variables, mainly wind andaHlainosually affect the
results.The minesaffected bymore rainfall continue to produce a signature distribution that is
different from the backgroundlso, it is remarkable that the temporal evolution of vegetation
around landmines is too complex andkes thecharacteriation of temporal signature
evolutionextremely difficult The following general observationgre madel) A light shower

won't significantly reduce the signature; 2) The signature is reduced Hyatnach of rain,

3) Oneinch of ran further reduces the signature, but does not eliminate it, and 4) For some
conditions, several inches of rain may not eliminate the sign&uegall, the VNIR and LWIR

spectral regions show the most consistent and highest performance. SWIR and LWIR sho
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good performance for some conditions. MWIR showed the least consistent and lowest
performance.

3.2.5.Joint Multispectral Sensor Program (JMSP)

The goal ofthe research presented i#4] is to test the design of multispectral and
hyperspectral imagserthat are abléo obtain better detection performance by respecting the
requirements and conditions of target detection. For target detatti®ngcessaryo detect
targetsboth indaylight and nighttime conditions®anchromatic or multispectral images in
VNIR and SWIR ranges give this capabildyring daylight. However, for military use, the
MWIR and LWIR ranges are necessary for niighe operation. Due to higlorrelation of
spedral band of background materials in all background conditions, the possibility to detect
targets is high usinglWIR andLWIR ranges. After testg dual bands in MWIR and LWIR
ranges, theauthorsconcluded that thermal multispectral images would gi\metter target
detection and false alarm rate thansingle band infrared sensor. Tests showed that
appropriately chosesmallbands could provide good detectitime optimd bands rangbeing
between 8 and 10.5 micrometers. Thigrasignificant increasedtility of using LWIR with
MWIR compared to the use of MWIR alonéhanksto the obtainedresults, theauthors
manufactured a new hyperspectral imagpdled SEBASS that works ithe rangef.9 to 5.2
micron and 7.8 to 13.4 microithe Aerospace Corporat is still using this sensao take
remote hyperspectral images in MWIR and LWIR ranges.

3.2.6.Night Vision and Electronics Systems Directorate (NVESD)

Night Vision and Electronics Systems Directorate (NVESD) has condduatedy thefall of
2002 and sprig of 2003 a wide variety of tests to examine airboseasors for landmine
detection[45]. The examined hyperspectral senseese the Airborne Hyperspectral Imager
(AHI) of the University of Hawaii, which is d.ong-wave Infrared (WIR) imager and the
Compact airborne hyperspectral sef@PMPASS which is alNVESD VNIR/SWIR sensor.
In addition, a high frequencyyBthetic Aperture Radar £R) and GPR hee beenused The
authors testetivo methods for classification: Signature based and anomaly detection. Further,
for anomaly detection two approachesre consideredLocal like ReeeXioli method and
Global like NFINDR. The latter is an unmixing model method and alone is not sufficient for
classificatiorsince it produces ongbundance fractioras outputFor thapurposetheauthors
proposed to use it with Stochastic Target Detect@®TD). The output of STD is a detection
stochastienap that can be thresholdddhe tests showed the capability of LWIR and reflection
band to detect landmines with the use of proper algorithms. The detection of landmines at
subpixel level is challengindut indeedpossible with the use of high quality hyperspectral
instruments and algorithms.

Using the LWIR hyperspectral images acquired by AHI, another test has been conducted by
researchers at th@eorgialnstitute of Technologyo detect a grid pattemf landmines and to

use this information to improve the detection performance. First, an anomaly detector is applied
to the hyperspectral data; in this case, the authors used the Dual \Aiaded Eigen
Separation Transform (DWEST). Then, pattern parametex extracted and used to form a
pattern projection image. Finally, a pattdrased false alarm reduction is performidd].
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Using this process, higher probability of detection at lower false alarm rate is obtained.
Therefore, the results prove that the inclusion of spatial pattern information in anomaly
detection improves the detection of landmines in minefiglék

3.2.7.Defense Science and Technology Laboratory DSTL
countermine project

A project similar to those of DRDC and DARPA was started in Britain with the goal to detect
landmines using a VNIR imagd#7]. The program was called DSTL countermine project.
Using the VNIR hyperspectral camera SOC 700 mounted on a tripod, the team took high spatial
resolution images of landmines. Howevtre data ismainly used to investigatdifferent
processing methods andtrio evaluate thel®and the AR of the sensorf-or data processing,
the authors used Principal Component Analysis (PCA) for dimensionality reduction and
anomaly detection method for classification. The autheosd the use of spectral comparison
betwea the target and each pixeff the image as it will bevery timeconsuming due tthe
low target/background rati@he results were still preliminary, however the autlvorscluded
that VNIR has the potential to distinguistrfacelaid landmines from baground.

3.2.8.Indian Test to detect landmines using infrared images

In India, researcherproposeda hierarchical algorithm to detect landmines from infrared
images that consist ofpreprocessing (contrast enhancemefittering- smoothing),
segmentation, feare extractionand ANN based classificatiof#8]. The authors testetthe
algorithm onsurfacelaid mines in twotypes of soil: black cotton and sanduring the
preprocessing, the image is converted to deagl The two mat important preprocessing
stages are the contrast enhancement and noise removal. Segmestatienprocess of
grouping homogenous pixels sharing some common attributes such as color, intensity or
texture in an imagerhe aim is to separate the imageirggions of intereshtndbackground
in orderto makefurther analysis easier. Clustering, edge detecéind threshold based region
growing are thenainthree categoriesncompassinthe various existing image segmentation
techniqueg48]. Therefore feature extraction and further processes are applied on the clusters
that aredeemednine like.A NeuralNetwork (NN) based algorithm is ustclassify the mia
from the surroundingDuring the testshie authorsused a smalNN of 1 hidden layer and 4
neurons. The resuligrovided on asimple dataetare good howeverthe algorithmis not
expectd to work well on another field or type of soil as the data used during the phase of
learning are not rich enough.

3.2.9.NATO project

In the Netherlands, a project took place in cooperation MAMO to make a remote detector
of landmines. The main objective was to obtain near real time minefield detection during a
conflict using anUnmanned Aerial VehiclUAV) at a typical altitude of 10 m. First, the
authors presened the imaging technologieswvailable at that time: Radar, Microwave
radiometers, vible wavelengthsnear middle and farmfrared. After that, thauthorsshowed
theprincipal signal processing techniques used for mirtect®n at that time. Thmain steps
involved can be categorized: as
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* image enhancement

* edge detection

* segmentation

* feature extraction and classification
* morphology

At the end of the report, theuthorsgave the following main recommendationsdzhsn
various experimeat results[49]

1. Conventional mediunnesolution imaging radars are less suitable for remote mine

detection.

Microwave radiometry detection principle is promising for remote mine detection.

3. The charactastics of visble and near infrared imaging are often requested. This is
because imaging systemdlirese bands are often low cost, compact, have a high spatial
resolution and can be uskdreal timedetection

4. The mid or longwave infrared wavelengthand is a promising band for remote mine
detection.

5. As Meteorological conditions (such as rain showers) can make mine and minefield
detection in mid and longwave infrared wavelength bands difficult, it is better to
combine several wavelength bands.

6. A study on the best processing technigues and a reliable and adoteqisetation of
the images of a remote mine detection system has toinryvarallel with the
development of a mindield) detection system.

3.2.10Humanitarian DEMining (HUDEM) and Belgian Mine Action
Technology (BEMAT)

no

In Belgium, a research project focused on using the fusion of data from multiple sensors
(Ground penetrating radar, metal detector and infrared sefiljr)in the above paper, the
authorspresengd their views regarding mutsensor data fusion potentiaisimproving the
closein detection of landmines and reduction of mined akadelling and fusion othe
extracted features are based on beliettion theory and possibility theanfter modelling,
the fusion part is performed in two stefige firststepconsists in analyzing all data measured
by one sensor. The second step combines the results of the three. Séreséiral part othe
fusionapproach is the decisioAccording to the authorghe final decision about the identity
of the object should be left @ human observawith field experienceTherefore, he fusion
output is an informative decision. The experience showed that the gigesnbetter detection
than any input sensor used alone.

3.2.11FOI Multiple -Optical Mine detection System (MOMS) project

FOI, A Swedish defense research agemayrked on a project for the Swedish armed forces
called MulttOptical Mine detection System (MONLSThe objectiveof the projectwas to
provide knowledge and competence for fast detection of sddatenines using multiple
optical sensors[50]. The authorsconductedresearch to test the feasibility of detecting
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landmines using optical sensors and the possibility to combine multiple sensors. According to
the authors, hyperspectral imaging is an encouraging candidate for automatic deisation
recognition ofexposedand semhiddenmines whena priai knowledge othe target spectral
signature is available. dwvever, the detectioperformances limited when the targets are
camouflagedy natural vegetation or hidden under other objdntaddition, theauthorsclaim

that no single detecticarchitecturas able to meet the performance needed under all operating
conditions; the choice dhe particulaisensos and algorithms will depend on enviroantal

and operations conditiorS1].

3.2.12TELOPS test to detect buried object using airborne thermal
hyperspectral images

In 2015, a Canadian research company specialized in infrared and hyperspectral imaging
named TELOPS proved the possibility to detect buried objesitsg an airborne LWIR
hyperspectral imagef52]. From an aircraft platform, they acquired thermal hyperspectral
images of areas that contain mraade objects previously buried. They found that the disturbed
soil right above duried target is warmer than the undisturbed soil area next[$2]it By
comparing the emissivity data obtained through the TempetBtarssivity separation, the
buried target sites show up as part of the hottest groweal within the scene but further
classification or additional information are needed to discriminate the buried objects from other
naturally hot areas.

A summary of the above projects and of the results obtained is giVeble 2

Table2: Siammary of projects studied landmine detection using infrared and hyperspectral
imaging.

Research Projec| Type of datal Techniques Used | Comments

Detection of{ Infrared Hierarchical imagg Method would be useful as follean

surfacelaid monochrom | processing stage to process airborne hypersped

minefields using atic Image imagery after preprocessing in order

a hierarchical reduce the hyperspectral image to

image processin single band.

algorithm

(DRDC)

Surface laid VNIR LCC & Linear| Surfacelaid mines have consistent shg

Landmine Unmixing in VNIR bands;LCC performs well in

detection  using case of high spatial resolution imag

VNIR (DRDC) Unmixing techniques he higher M in
the case of subpixel target the price of
higher FAR

Buried VNIR LCC Using VNIR, buried mines are n

Landmines directly detectedhoweverthe change of

detection using soil characteristics and vegetative str

VNIR (DRDC) due to mine burying is detectable.
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Effect of Spatial VNIR LCC & OSP LCC perfams betterwhen thepixel size
resolution on is smaller tharmine size OSP is bette
mines detectior whenminesize issmaller than pixel size
(DRDC) Best detectioiis achieved whethe result
of two methodsare combined
Surfacelaid VNIR Pipeline iImage the proposed suite of algorithms pro
Landmine processing the possibility to detect landmines
detection  using quasi real time using an airborne platfo
VNIR in real
time (DRDC)
Landmines SWIR LCC Similarly to VNIR bands, tb use of
detection  using SWIR is beneficial to detect surfatzad
SWIR bands mines and recently buried landmines.
(DRDC)
Landmines LWIR (TIR) | Spectral LWIR hyperspectral imaging provide
detection  using comparison advantages over broadband LWIR
LWIR bands
(DRDC)
Multiple sensorg Fusion  of| Dynamic rangg A  proposed system  employir
mounted on a| VNIR, detector ang hyperspectral imagers for close antk
robot (DRDC) SWIR, contrast personnel mine detection.
LWIR HSI | enhancement
and  other
sensors
Active VNIR Casi imager with With the addition of externg
hyperspectral intensifier illumination, the FAR ineases a
imaging reflectivity of background ineases
(DRDCltres)
Equinox Project | Fusion  of| Thresholded Rati¢ Here a ratio between two or three ba
visible and| vegetation index |is used. More bands using otH
SWIR approacksmay improve the results.

DARPA project|f MWIR and| spectral LWIR and MWIR are more suitable {
to detect burieq LWIR comparison detect buried landmines.

landmines

Hyperspectral VNIR,SWI | Data collection Weather conditions affect the intensity
mine detection R,MWIR,L | using the reflected spectra. The effect of rair
phenomenology | WIR spectrometers more important than otheffects
program

Joint VNIR,SWI | Fourier Transform| Thermal sensor are beneficial for targ
Multispectral R,MWIR,L detection at nighime. LWIR bands are
Sensor Program | WIR more effective than MWIR

airborne sensor

VNIR,SWI

RX and NFINDR

LWIR gives a good deté&ion with the use

tests (NVESD) | RMWIR,L | with STDanomaly| of proper algorithmsThe inclusion of
WIR detection Grid | spatial pattern information in anomg
pattern detection g detection improves the detecti
landmines performance.
DSTL VNIR PCA more tests and other algorithms shall
countermine tested to evaluate the effectiveneds
project VNIR bands in landmine detection
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Indian Test tqg Infrared Hierarchical image More images are needed to train
detect landminej Image processing Neural network based classifier. A md
using infrared complex one may besed in comple
image situations

NATO project | VNIR,SWI | Hierarchical image Radars aréess suitable for airborne mir

R,MWIR, processing detection Combination of bands i

LWIR necessary to overcome t
meteorological effects. Improvement
algorithms and techniques in parallel
necessary.

Humanitarian GPR, metal belief and| Fusion of sensors may give better res

demining detector, possibility theory | than single sesor.

(HUDEM & | infrared

BEMAT) sensor

FOI (MOMS) VNIR,SWI | Anomaly Hyperspectral imaging is useful f

R,MWIR, detection, Suppor automatic detection of open and se

LWIR, 3D | Vector Madines | hidden mines.

LADAR. The choice of sensor suite and algorith
depends on environmental a
operational conditions.

TELOPS LWIR Temperature Soil above landmines is warmer th
Emissivity surrounding undisturbed SO
separation, Lineal Complementary information are need
Unmixing to $udy | to reduce the FAR.
the mineral
distribution

3.3. Hyperspectral Image Processing

In this section we will introduce thedetection algorithms used fdarget detection in

hyperspectral imageryln addition, we will introduce several preprocessing steps and
hyperspectral data treatment usually used in a preliminary phase to simplify further detection
or classificationMost of these methods were develdgriring research on general problems
regarding the processing of hyperspectral images and are not specific for the landmine
detection problemHowever, advances in that research will directly affect the success of
landmine detection using hyperspectrabgimg. A review of different processing techniques
used for data fusion, spectral unmixing, classification and target detection could be found
in [53].

After the acquisition o& hyperspectral imagehe data pasthroughseveral steps. First, the
imageis preprocesed to remove impurities, nojsend to reduce the siz¥ theimage The
main preprocessing steps areontrast enhancement, filter;p and smoothing. Then,
segmentation is done separateiseful data fronbackground. After thatehture extraction is
applied to extract the most appropriate feauie classification. Finally, lassification or
clustering methosl areapplied to locatea target.In the following, we present the main
algorithms used for target detection using hyperspectral imiiges, other methodsiay be
used in each phase. However, in this chapter we detail the most commonly used ones.
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3.3.1. Contrast enhancement

The mage enhancement process corsidta collection of techniques thiay to improve the
visual appearance of amage or to convert the imag#o a better form suited for analysis by
a human oamaching54]. Image enhancementethods are #lided into two main categories:
gpatial domain methis and frequency domain methods. Spatial domain methods are applied
directly on the pixels of the image. In frequency domain methods, the image is processed in
the frequency domain after dping the Fourier transform on the original data. Contrast
enhancement is one of the most commonly used image enhancement nf&thdds.mine
detection case, the role of contrast enhancement is to enhance the difference between the
landmine and the backmund material{55]. The main contrast enhancement methods used
are:

3.3.1.1.  Histogram equalization

Histogram Equalizatio(HE) is the most widelyisedcontrast enhancement technique ¢b
its simplicity and effectivenasThe aim of HE is to make the probability distribution of gray
levels approximately uniform in the output image. It is a global method that flattens the
histogram and stretches the dynamic range using the cumulative density function of the
image[55].

The probability of the kth gray level in an image f can be describejl a{2 —

where kv [0, L-1], L is the number of gray levels in an imagejsnthe number of times the
kth levelappears in the image, and n is the totahber of pixels in the imag&he histogram

is theplot of} "Q versus k, and the goal tife histogram equalization is to obtain an image
with a uniform histogramThe uniform histogram can be achieved by

QYO 8_ nQ %

Keepingtwo conditions,

(a) T(f) is single valued and monotonically increasing in the rangdd L-
1].
(b) T(fx) should be T@~ [0,L-1] for k~ [O,L-1].
The drawback of HE is that the brightness of the image is changesgeiame this drawback

and improve the performance, many derivations of this method were proposed. Among them,
we list the following:

Brightness BiHistogram Equalization (BBHE)56], Dualistic Sub Image Histogram
Equalization(DSIHE) [57], Minimum Mean Brightness Error Biistogram Equalization
(MMBEBHE) [58], Recursive Mean Separate Histogram Equalization (RM$9E) Multi
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Histogram Equatation (MHE)60], Brightness Preserving Dynamic Histogram Equalization
(BPDHE)[61], Recursive Separated and Weighted Histogram Equalization (RSI&FBE)
Global Tranformation Histogram Equalization (GHHE$3] and Local Transformation
Histogram Equalization (LHEG3].

3.3.1.2.  Morphological Contrast Enhancement

Morphological theory has been introduced in image psicgsto overcome a number of
problems like image distortion due to nois€he first step in morphological contrast
enhancement is to find peaks aradleys in the original imagd2eaks are light shades of gray
tone image, while valleys are daskes Peaksare obtained by subtracting the opening from
the original image, and vallegse obtainedby subtracting the original image from the closing
as

p(f) = f 192 ( f ),
v =t( f YT

where p(f) denotesthepeaky, f ) denotes the vallew$, o(f) d
denotes the closing of an image functioBdsic definitions of morphological methods and

operators (erosion, dilation, apgag and closing) could be found[®9]. To improve the

contrast, the peaks and valleys are multiplied by constants as follows:

p Nj(  f ),vNj( pH(fix)-whee:d) —— and®

where | indicates the gray level. In the case of 8 bit gray levels, max(l)=255 and min (I)=0.

The contrasenhanced image is obtainedthe summation of the original image, tbeaks,
and the negative valleys = Njf  + vNjNj[B3].f ) ) 1

3.3.2.Filtering

Filtering is an operation that allows to reduceribeseor to sharpemlurred areas ian image

in orderto make it clearemand more suitable for further processes. In the filteihg
hyperspectral images, several techniques usually used in image processing have been upgraded
to obtain multichannel restoration. For example, the-kmedwn Wiener filter used in image
processing has been extended to be used in hyperspectral imagesarehevo groups of
filters: One is based on the assumption that the withannel information is separable from
betweerchannel information, i.e., spectral and spatial information are separable. These filters
are called Hybrid filters. In this case, thest step is to decorrelate channels using Fourier
Transform or PCA and then apply a classic 2D restoration method such as Wiener filter or
Static Wavelet Transform. The other group consists of a few proposed filters that do not rely
on the assumption afpectral and spatial separabili64].
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3.3.2.1. Wiener filter

The Wiener filter is a widely used filter based on minimum mean square estimation. The
original image is obtained from the received image by minimizing the mean square error. It
assumes that the acquired image is compadethe original image and a white noise
component that has a zemean Gaussian distributi¢@5].

g (H)=1(t) + n(t) Where f(t) is the original image, g(t) the acquired image and n(t) the noise.

The estimation of f(t)3°Qo0 B NQQ6 Q. It is estimated using L samples taken
from the received signal. h(k) is a variable independent of time to be found. It is calculated by
minimizing the approximation error

0 0Q o O Qo Qo O Qo B N0 0
The minimum is achieved by— O ¢ Q6 B NQQ O — ™
and — Q0 Q

We can eformulate it in a matrix form:

H=[ho,h1, he, € .L4]"ahd G(k)=[g(k) g(kL ) é-L+d)[" k

Thus C RH-2P =>H*=R'P.This is called WieneHopf equation

Note that R is the autocorrelation of G. It is a symmetric Toeplitz matrix and therefore it is
positive definite and non singular Bo' has a solution. P is the cressrrelation between H
and the input image.

3.3.2.2.  Adaptive 3D Wiener filter

As most ofthe filters used while preprocessing hyperspectral images are based on the
assumption of spectral and sphseparability, Gaucel et gb4]proposed a new filtefor
hyperspectral imagesrelying on spectral and spatiaformationsimultaneously.

First theauthorsassumethat the channel vector w(m) represents the zernean white
Gaussian noise, uncorrelated with the origimakge f(n,n2). The received image is
g(m,n2)=f(ny,n2)+v(ny,n2). Then, they apply the filter in local regions in which the signed|
vector f(n,nz) is assumed homogeneous. So f could be modelled g fnmy +w(n,ny),
where mis the local meanfd(ni,nz) and w(n,n2) a zero mean white noise.

The linear solution of Wiener filter i) & 3 3 'Q & wheres isthe covariance
of fand g, angd is the variance&ovariance matrix of g. From the received image we could
estimates . But as the noise and the signal are uncorrelated, 3 3 ands 3

Since the noise is zeroean, m=mg and the equation becomes

Q & oQ a andO 3 3 3
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Using the local region modedq-ds estimated and gis updated at each pixel.

3.3.2.3.  Multiway filtering

Multiway filtering is another reformulation ahe Wener filter based on modelling the
hyperspectral image by a third order Tensor.

The collected hyperspectiatageRis modeledas the sum of the desired original imagand
theadditive white and Gaussian noise

Y & 0

The goal is to estimate the original image by applying multidimensional filtering on the
received data

® Yi '0i '0i O
Wherei nrepresents the-mode productThe n-mode product between a data tengoand

matrix Hn represents the consecutiveatrix product between matrit, and thd,-dimensional
vectors obtained frorR by varying index, andkeeping the other indexes fixgab].

In order to determine the optimalmode filters H, H> and H;, the criterion used is the
minimization of the mean squared error between the estimated &igndlthe original oné.

e(H,Hz,Ha)=E[IB YI "Oi "Oi "O|f

To estimate K an Alternative Least Square algorithm is used, congigif the following
stepg66]:

1. Initializationk = 0: R =R & H% =1, for alln=1 toN (=3 in this casg
2. ALS loop: while|lX  T4f >Rthr, with thr> 0 fixed a priori.

(a) forn=1toN:

i R =R Hi - X1 Hna® Xner Hied® L ..o HS.

i. H'"*=argmin|IX T 'RxnQn|f subjecttod ( 0a8( O a&a( O a8y ©
QnN Rlnxln_

=<
=~
+
=

(b) R(+1= R % Hi k+1 . ., *n Hn k+11 k
3.Outputd Yi Oi ™Oi ©

Step (2)(a)(ii) of the ALS algorithm careldecomposed into the followirsgib-steps:

1.nmode wunfold Ry into R =Ry(Hi*§ é H¥ "8 H¥*L.8 HV),and R
into Ry;

2. Computedrr' = ER-R."), perform itseigenvector decomposition (EV2nd place the
eigenvalues i, for k=1 toln;
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3. EstimateK,, using Akaike Information Criterioor Minimum DescriptionLength criterion.
4. Estimatdi,™? by computing——B _ and estimat® by computng &- 0, for
i= 1 toKy;

5. computelirr ™ = E(R ¥Ry T), perform its EVD, keep in matri¥<" the K, eigenvectors
associated with thk, largest eigenvalues @ikr ™, and keeghe R, largest eigenvalued; «
for

k=1 toKn;

6. Compute thek(+ 1)"iteration ofn-mode Wiener filteHn ¥ usingthe expression of-mode
Wiener filter.

This method has been tested@6] on different images and proved its efficiency by increasing
the SNR by about 3dB. However, ooethe main drawbacks is an increased complexity and
computational time.

3.3.3.Segmentation

In the remote sensing community, segmentation is defined as the process of searching for
homogenous regions in an image, that is later followed by the classificatidhese
regiong[67].In image processinghere aranany methods used for segmentatiomwevemot
all of themare applicable to multispectral and hyperspectral imagasme methods like
watershed algorithms have been upgraded in order to segment hyperspectralGludgedly,
segmentation algorithms are divided into two categories: Bowidegd and Regielbased.
Boundary based methods detect the boundary using the discontinuity property. lrbeesgidn
algorithm, pixels in a region are grouped using the simylgmioperty. In the following, we
present the main methods used in hyperspectral image segmentation.

3.3.3.1.  Watershed Algorithm

The watershed algorithm is a powerful tool usually used for mathematical morphology
segmentation. Irj68] the authors proposed to use spatial gradients and spectral markers for
segmentation. The algorithm works as follows:

First, to avoid obtaining a large number of minima while flooding the watershed using the
gradient function (ovesegmentation), tlyedetermine markers for each region of interest using
Clara Clustering algorithni69]. Then the Factor Correspondence Analysis FQ20] data
reduction method is applied to remove the redundahchannels and filter the image. Next,

a chisquared distance based gradient is performed on the filtered image, then watershed
segmentation is computed. This approach works well and proves that an adapted data reduction
is necessary for multivariate gradi segmentation.

3.3.3.2.  Hierarchical segmentation

In 1989, Bealieu and Goldber{j71] proposed a hierarchical process to segment images based
on hierarchical stegvise optimization. Hierarchical segmentation is defined as a set of
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segmentations of the same image at different $edeltetail in which the segmentations at
coarser levis can be produced froasimple meging of regions at finer leve[Z1]. First, each

pixel is assigned to a region label. Then, spatially adjacent regions with small dissimilarity
value are merged. The dissimilarity betweewrspatially adjacent regions are calculated and

the pairs with smallest value are merged. The process is repeated until the number of regions
needed is obtained or all values of dissimilarity are below a predefined threshold. The drawback
of this methods the long computational time while dealing with large data.

Tilton in 1998[72] proposed a new hierarchical segmentation method called HSEG. The main
improvement of this method is that nradjacent regions could be merged together and the
dissimilarity functionis selectableAnother recursive version of this algorithm calleHdEG

was proposed ifi73] to overcome the problem of long computational time of HSEG. These
algorithms are registered patents for US government.

3.3.4.Feature extraction

Feature extractiononsists in transforminthe datarom a high dimensioal spacedo a lower
dimensionakpace chosen such a way a® conserveas much as possibileeinformationof
interestin the dataFeature extraction is used in hyperspectral image analysis to overcome the
problem of a low number of dataining samples in comparison to the high spectral resolution

of the image and to reduce the computational tifffeere aremany feature extraction
algorithms that are introducesome are lineawhile othess are noinear. While working on
landmine or targt detection, not all feature extraction algorithms are useful, because the targets
of interest are generally sparse and the feature extraction may remove the key features of the
target.In the following,we are going to list some of these algorithms,rtmplementation

and their advantages.

3.3.4.1.  Principal Component Transformation (PCT)

Principal Component Transformation, also called principal component analysis, Hotelling
transformation or Karhunelhoeve transformation is a dimensionality reduction methaeda

on the minimization of the representation error. The idea is to choose the most representing
bands with the help of the eigenvalue decomposition of the covariance matrix of the
hyperspectral imagg’4]. The first step of €T is the calculation of the covariance matrix of

the image matrix. Then, the eigenvalues of the covariance matrix are calculated and the
eigenvectors are extracted. Finally, the image matrix is projected onto the new subspace formed
by the k orthogonal genvectors corresponding to the highest eigenvalues. "%=Mierex is

adxl -dimensional vector representing onmage pixel, yis the transformedl x1-
dimensional sample in the new subspand W is the transformation matrix of k orthogonal
eigenvectos.

Note that while computing the HCalgorithm, the variance ahe projectionsalong the
principal components is equalttee eigenalues of the principal components.theory, PG
transformation affects the classification of hyperspectral images. Howiee overall effect

on classificatiordoes not change the general class patterns and, therefore, the dominating
classification result remasmcorrect.
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3.3.4.2.  Linear Discriminant Analysis (LDA)

Linear discriminant analysis is a statistical basethmod often used for feature extraction and
dimensionality reduction. It is also named Discriminant Analysis Feature Extraction (DAFE).

It is an extension of the wekinown Fisher discriminant analysis, which is limited to binary
class decomposition. LDAoenputes an optimal transformation by minimizing the witlass
distance and maximizing the betwedass distance simultaneously, thus achieving maximum
class discriminatiofi’5]. Therefore, the first step is to calculate the witiass, betweenlass

and total scatter matrices. A transformation matrix is then defined and computed by applying
the eigenvector decomposition on the scatter md#&]. The main disadvantage of this
method is that it requires that the scatter matrix of the data be nonsingular. This method has
also other drawbacks: the maximum number of features extracted is equal to the number of
classes minus one. The number @firtng samples should be large enough to estimate the
betweerclass and withirclass scatter matrix reliably. The betweasass will be biased toward

the class that has very different mean value. Also, it is very time consuming compared to other
methods. h addition, it requires more training samples for hyperspectral images to calculate
the class statistical parameters at full dimensj@id]. Many LDA extensions have been
proposed to deal with the singularity problike PCAH.DA, regularized LDA (RLDA) , null

space LDA (NLDA) , orthogonal centroid method (OCM) , uncorrelated LDA (ULDA) ,
orthogonal LDA (OLDA), LDA/GSVD etc [78].

In addition tothe main methods we described abaweféature ettaction of hyperspectral
images, mangpther techniques exist like matched pur§riff, dimensionality reduction with
rare evenpreserving79], hybrid method$80] and ronparametrienethodg81].

3.3.5.Classification

It is the most important step in landmine and target detection. The performance of the
algorithms used in each of the previous steps atigeirtlassification phase are evaluated by
the study of the classification results. The classification phase in an image based target
detection process could be defined as the step in which the pixels are discerned between target
and nontarget. Globally, the clasification algorithms are divided into two main classes:
Supervised and unsupervised. Supervised classification methods are based on the knowledge
of the target and the use of training samples. Unsupervised classification methods consist of
grouping pixels that have similar properties without the knowledge of target properties.
Considering the way the classifier computes the information in the pixels, classification
algorithms are divided into per pixel classifiers, subpixel classifiersfigidr classifiers,
knowledge based classifiers, contextual and multiple class[B2jsin landmine detection,
unsupervised classification techniques @sedwhen there is nanformationon the type of

mine presentin the field or when there is the possibility that a particuigye of mine is
deployedbut its reflectance speatn is not in thelibrary of known spectraHowever,
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unsupervised classification methods do not work well in every possible condition and suffer
from high false alarm rate due to the generally low number of target pixels compared to
background pixels. While these of unsupervised methods could help in detecting unknown
types of landmines, the use of supervised classification methods is necessary for the
identification of mines. In the following, we are going to mention the major classification
methods used in talmine detection:

3.3.5.1.  Support vector machine (SVM)

Support vector machine is a powerful Auerametrical supervised classification method.
Firstly, it was proposetbr binary classification and regressif@8]. Then, it has beemsed in

the classification of hyperspectral imad&4]. SVM consists in finding the best separation
between two classes based on the separation of representative training samples called support
vectors. In addition, SVM doamt suffer from Hughes effect and may perform separation of
classes having very close means even with a very small number of training J@5iplasst,

we start with a couple of training samplegy(x wherey; is a clasdabel equal tatl which

indicates the class of the pixel andsxa ddimensional vector which represents the spectrum

of the pixel in d wavelengths in the case of hyperspectral images. If the classes are linearly
separable by a hyperplane, the SVM dfemsis represented by the function f(x)=w.x+b where

w is a vector RYand b is a real biasR that could separate the classes without eritis.

decision is made according to the sign of f. The SVM approach consists in finding the
separating hyperplane that has the largest distance from the closest training samigles.
distance is expressed as 1/||w||. The margin is defined as 2/||w||. So to calculate W and b, the
following optimization must be calculated: min{1/2 [fvijith yi(w.x+b)AL, for all samples.

By introducing the Lagrangian formalism, the problem issf@med to the dual problem:

Max of:B | -B B || ®ww ®8& with the conditomrB | w Tm®E[Q
m8Whereg are Lagrange multiplier that can be estimatedgiguadratic programming.

If the samples are not linearly separable, suitable kernel functions are used to project the data
into a higher dimensional feature space in which the data could be linearly classified. Profiting
from this transformation, the inng@roduct in the maximizationn&bo is replaced with the
functionQaab .

There are many types of kernel functions, including: polynonkéti, xj) = (1 + xi.xj)?

; Gaussian radial b a /(S dddpbadian radiaj DasisKxiexp g ( 7 | | x
exp@| | xi 12) |}/ (S2@ moi dalol Xi( xx) n thef chseé of multelassy ( U
classification, two approaches could be used: One against all, where each class is discriminated
using the samples of all classes. One against one, where a lardegrmintlassifiers are

computed using each time the training samples of two different classes.
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3.3.5.2. K means clustering

K means clustering is one of the most used clustering methods for hyperspectral images. In k

means clustering, the pixels of the image aoeiged into classes ebon spectral similarity.

First, k random centroids are assigned. Then each pixel is assigned to the closest centroid. The
norm used to calculate the distance between the pixel and the centroid could be the Euclidian

distance, Manhtan distance, max distance, orlar combinatiof the above distance&fter

that, new centroids are found by calculating the mean value of each cluster. Then, the clusters
are reformulated. This process is repeated until the total number of iteratamtgeved or the

total distance between classes is minimiB].

3.3.56.3.  Orthogonal subspace projection (OSP)

Orthogonal subspace projection is a supervised classification method used to detect targets in
hyperspectral images at subpixel level. This method is based on the theory of spectral unmixing
which consists inudividing the reflectance spectra of each pixel into endmembers spectra.
This method was proposed by Harsanyi and Chang in [®84in order to exploit a priori
knowledge of the target and facilitate the target detec8oppose the image pixel is modeled

by the equatiorx =t a -wBeke+ 3

X = spectral vector characterizing the pixel
t = spectral vector associated with the target
a = unknown fractional abundance of the target within the pixel

B = matrix of vectors of the sne endmembers (materials found in the scene background)

U = unknown fractional abundance of each bas

3

After the background suppression, OSP uses the matched filter to determine if the target
spectrums a part of the pixel spectra by calculating its abundance. This is done using the OSP
operatortiosiX)= t"Pg?x where B?=I-BB* is the orthogonal background operator, and | is

the identity matrixThe fractional abundance of the target within the ptaalbe computed as
follows: (=TosgX)= (t"Ps2t)! UosHX) [87].

3.3.5.4. Matched Filter (MF)

This technique is based on the statistical appradahproblem is posed as a hypothesis testing
problem between the two hypotheses:

Ho: Mine absent (Background material)
Hi: Mine present
In the statistical model, the background and the target mine are usually considered to be

following a Multivariate normal distribution (MVN) as followW88]:
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O 6 ¢ R +y
"qu l"’) (I)“ﬁy +<

Where‘ is the background mean vectdY, is the target spectrund, andt are the
variancecovariance matrices of background and target resedgtia and, are scaling
factors.

The detectors should satisfy the Generalized Likelihood Ratio Test (GLRT)
oo ——
j
where’Qaj 'O h'Q tip is the conditional probability deity function (PDF) of the input x
given hypothesis HThe unknown parameters of the PDFs are replaced with their maximum

likelihood estimates.

In order to simplify the model, we consider that the target and the background have the same
covariance maix. In addition, we remove the mean of the background from all pixels and from
the target. The new hypotheses are as fol |88k

Ogp O h, Jr_H_
Ogy 0 O ty
Where S=8.
The conditional density functions are:

Q6 0 d Aob Lo o

¢ s, o
QO —AGD— o OYt o &Y

S s

To simplify the calculation of the maximum likelihood ratio, a monotonic function (usually
logarithmic) is applied without affecting the performance of the matched fjRé. The
derivative of the logarithmic of the likelihood ratio is equal to

0 w — ® OYt O Y —ot o

expanding LO6(x) we wild!| arrive to the MF det

In the literature, we may find the MF defined as a finite impulse response (FIR) filter y=h
where

V4
Yt Y
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3.3.5.5.  Constrained energy minimization (CEM)

This algorithm is derived from a different point of view than the MF but in the end, it provides
a very similar solution. The main difference is that CEM uses the correlation matrix instead of
the covariane matrix. Therefore, there is no need in CEM to subtract the mean of image scene
from all pixels.

The objective of CEM is to design a FIR linear filter Wxfwé , W' that maximizes the
response for a given targgtvhile minimizing the output powd®1].

QL p

The output of the filter is given by:

W 0w B ltw

The average output power is equal to:

-B w -B 10 10 0 -B ii v 0Y O

where Ry is the autocorrelation matrix of the samples.

The solution is found using the Lagrange multipliers methods as shq@aj.in

The optimal filter coeftients are:

3.3.5.6. Multiple Target CEM (MTCEM)

This is an extended version of the CEM algorithm that supports the detection of multiple
targets. Suppose we have a matrix D:$5 € gpthat contains the smature of p targets. The
objective now is to minimize the output energy with the constRintv=1. Wherel is a px1
column vector of ones.

The solution is given if93]by:
W Y O0Y ©O an

3.3.5.7.  Winner take all CEM (WTACEM) and Sum CEM (SCEM)

Another two techniques for multitarget detection based on CEM are Winner take all CEM and
Sum CEM]J93]. These algorithms necessitate running the CEMralgn each time for each
target. Then the results of the detectors are summed up in SCEM or we take the maximum
among other detectors in case of WTACEM. One advantage of WTACEM over SCEM is that
if the results are noisy, the noise is not summed up ifirthledetector.
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3.3.5.8.  Adaptive Coherent/Cosine estimator (ACE)

In the derivation of the Adaptive Coherence Estimator, we will use the same procedure we
used in the case of MF. However, in deriving the ACE we will assume that the covariance
matrix in the twohypotheses is scaled by different factgrsw ¢ Q . Therefore, the
hypotheses are drawn as folloj@8]:

"Odgw O h, ty
Ogs 0 O ty
The likelihood ratio will be:
T
0w — Qo — o Ot ® O —wt w

The MLE of the scaling factors @& Q are obtained by differentiatinf(x|Ho) andf(x|H1)
with respect tq

The results are:

The MLE ofais given by:

By replacing these estimates in the likelihoatio equation, we can arrive to the ACE detector
given by the equation:

wt Y'Y Y Y w
wt w

ACE could be considered as a little extension of the MF algorithm where the result is

normalized by the length of the whitened input pixed + ®[133].
3.3.5.9.  Fully constrained least square (FCLS)

This is another method based on the linear mixing approach. As its name suggests, the
abundancesinthmet hod are calcul ated so as to- respe
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negativity and the sustb-one constraints. This makes the method useful for material
guantification in hyperspectral imagdg8A4].

Returning to theihear mixing model, each pixel is written as:

i 0] ¢
Wherer represents the spectrum of the pixel, M is a concatenation of target and backgrounds
signatureg, is the abundance factor and n represents the noise.

The least square cost function is gi\mn

O —1 0] 1 0] - |
c - Y
_is Lagrange multiplier. Differentiating the
tozeroweobtain:d 0 0 i _=0
We obtain_  p | ¥ i withs=0 0 and| O 0 0 i.The solution

of FCLS is found using the following procedyg#|:
A Calculatg

Compute_and set | i

A
A If all components af are positive, the algorithmagts.
A

If not, divide each negative valuejof by its corresponding component in the vector
s, set the maximum absolute fraction to zero and remove its corresponding endmember
signature. Return to step 1.

3.3.5.10. Adaptive Matched Subspace Detector (ABS

This technique is based on Generalized Likelihood Ratio Test between the two hypotheses.
The noise is supposed to be a zer@an normal distribution with covariance matrixXQ88].

"O(XBUTY ﬁ, L
Ogy 6 Y Y R L

By replacing the unknown with their MLE in the likelihood ratio we arrive to the AMSD
detector given by:

(0] W
0 O VYYY YoHe® O000 O

E is defined as the concatenation of the background and target signatures.
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3.3.5.11. Hybrid Unstructured Detector (HUD)

HUD is based on mixing both statistical and physical models. The first step Isutatathe
abundances using naregative least square or FCLS. By this, we use the physical model
information. The obtained abundances are then used as inputs of statistical based detector like
ACE. The detector is written as folloy&8]:

o w —-

Wher¢g is the abundance estimate obtained using constrained least squares.

3.3.5.12. Spectral Angular Mapper (SAM)

Like Euclidian distance, spectral angular mapper is a measure of gynidativeen two
vectors. For hyperspectral target detection, SAM is used to calculate the angle between the
target reflectance spectra and pixel reflectance spectra treated as vectors. The smaller the angle,
the more similar the pixel is to the target. Taegle is calculated using the following
equation93]:

where®is the pixel vector an@is the target vector.

3.3.5.13. Spectral Information divergence (SID)

Another way to detect the presence of a target in the hyperspectral image is to calculate the
similarity between each pixel and the target using spectral information divergence. This
technique is inspired from information theory where the degree of similarity is calculated using
the entropy formul§o5]:

YO@w Odasn O g

WhereO cggd B Nl T-€andn 4

As in the SAM case, the result of the detection depends on the precision of the target reflectance
spectra and is sensiévo the spectral variability.
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3.4. Recent developments in target detection using
hyperspectral images.

In recent years, researchers proposed various new algorithms to detect targets in a
hyperspectral image. Although the different approaches are devaedenc target detection,
they represent promising candidates for improving the performance of current landmine
detection techniques. As a matter of fact, landmines constitute a special type of targets, since
they are usually rare and sparse in the scand,they have different shapes, colors and
reflectance spectra. For example, various approaches to model a hyperspectral image, in
addition to a comparison between supervised Matched filter and unsuperviseXi®eed
target detection algorithms, are preted in 89]. A nonlinear version of the algorithiarget
Constrained Interference Minimized Filtéased on kernels is recently proposed[96].

In [97], the authors propose a new endmember extraction process to detect anomalies in a
hyperspectral image. Some researchers proposed new models to interpret the hyperspectral data
in order to simplify the target dsttion process. Here we mention: Forward modelling working
in radiance spad®@8], Sparse Representation Based Binary Hypothesis Model (SRBBH)
Sparsity and Compressed sensing based m¢#ie§ and patio-spectral Gaussian random
field modeling[101].
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Chapter Four

4 Experiments and Results

4.1. Preliminary test of applicability of hyperspectral
images for landmine detetion

In this chapter, we will show the first tests done in ordevewfy the applicability of
hyperspectral imaging for the detection of landmines. Here we did a test on simulated data
in order to precise the spectral informatianthe hypercubehat helps in distinguishing
landmines from background materialky addition, we testedoth Supervised and
unsupervisedlassifiers in ordeto highlight the pros and cons of eatype of approach

The results were mainly presented102].

4.1.1.Detection UsingVNIR, SWIR AND TIR

Even ifsometimes mines are just laid on the surfarceery close to jtthey are still hard
to be detected. New mine casings are made similar to the background and hard to be visible
by naked eye atisible wavelengths. Because of thasjble wavelengths are not sufficient
to detect landminesespecially the buried oneso we will use infrared bandswhile
camouflage matches mine coating reflectivity to that of the background in an average sense,
exact matches only occur at a few points across the visidenaar infrared spectrum
(Fig.10)[103][32] . It is difficult to match a coating to a background oaevide range of
the spectrum. Quite narrow bands may have large differences in reflectivity between mines
and background. Such subtle mismatches betweea amd background spectra in VNIR
range can be discerned if the spectral range is finely diyidet].
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figure 10: VNIRreflectance spectra of més and background materials [[32

The differences between surfdegd mines and background are more important in the SWIR
spectral region. Earlier slies have shown that the reflectivity of many mine coatings and
background materials significantly lower in the VNIR tham the SWIRregion(Fig.11) [26].

For example, the reflectivity of the AP landmine is very closénab of a healthy leaf in the
visible spectrum, but different in most of the infrared region. In order to achieve better
detection, we may focus on the SWIR spectrum as in this range the contrast between
background materials and marade objects is much riger. Plastic mines and painted
unexploded ordnance have special pigments in their reflectance spectrum that allow simple
classifiers to distinguish synthetic objects from natural features such as vegetation and soil.
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Figure 11: VNIR and SWIR flectance spectra of mas anc
background materials [36

Thermal infrared hyperspectral IR, 8000 to 12000 nm wavelength) have the potential to
detect buried mines in certain types of recently disturbed soils. The most common mineral
constituent of sand in the Earth's continental crust is quartz (SiO4 socggen tetrahedra);

Soil disturbace has measurable impact on the quartz reflectance spectrum, presumably due to
mixing of different soil particle siz§403]. The presence of other materials, such as carbonates,
may also cause similar reflectivity changes in the TIR region, which also may be suitable for
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detection of soil disturbance. However, the use of TIR images for the detection of disturbance
depemnls on results of other unfinished researches that should precise the effect of weather
changes and time on the disturbance detection in different types of soil.

4.1.2.Supervised and unsupervised classification

An approach to analyze gperspectral image i®tattempt to match eagixel spectrum
individually to one of the reference reflectance spectra in a spectral library. This is the
supervised classification method. Correlatimsed classifiers work well with multipixsized
mines, whereas spectral unimg methods can detect subpksized mines[105]. Some
supervised lgorithms are shown in section 33

Unsupervised classification, or learning, is a term for grouping objects with similar properties
together, without anyforeknowledge of those propertie€lustering can be used for
classification on multdimensional images. The image clustering result is an assignment of
each spatial position to a spectral class based on the values of the different points in the image
bands. The results of clustering can be used to determine the location and number of classes
present. A supervised connection can later be applied to the results with available spectral
reference data.

4.1.3.Experiments

To compare between the two types of aldwns we did a test in order to detect the spectrum

of landmine ina hyperspectral scendhe experiments were done on the image SalinasA
(which could be found on the websitg06]. This scene has 2Zdand over Salinas Valley,
California, and is characterized by high spatial resolution. It includes vegetables and bare soils.
It comprises 50*50 pixels and includes six clasdasthis preliminary experiment,we
substitute the spectrum of one pixel with the spectrum of the laedhfia reflectance spectra

of the landmines inserted and bare soil are shown in fijlire
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Figure 120 The reflectivity spectrum of one pixel of Sal
ground, minel, mine2.

The application otwo supervised classification methodsrmalized Cross correlation and
orthogonal subspace projection are shown inligNote that Red circledesignate pixels
classified as mine typel and negip stars are mine type2.

Figure 13. Detection performance of supervised methods: Normalized Cross Correlation (left) and Or
Subspace projection (right)
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Same procedure is done but usingKineeans and Fuzzy Cmeamssupervised classification
techniques and the results are shown in théZidRed circles are for pixels dsified as mine
typel and mine type2. A supervised connection can later be applied to the results with available
spectral reference data to discriminate between typel and type2.
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Figurel4: Detection performance of unsupervised methddseans (left) and Fuzzy Cmeans (right)

All the mines are detected with a 100% probability of detection and no fatse i@te. The
discrimination is accomplished easily in our work because the spectral data of the implemented
mines are spectral data of two types of plastic mines. Also the implemented spectra are not
covered with any ambiguities as for the real caserevimines are covered with dirt or
vegetation or even camouflaged to match surrounding.

So the pixels that contain the reflectance of the mines show great difference in the reflectivity
spectrum than the surrounding (F1).

There is a need for real imeg) of minefields to investigate accurately the classification and
clustering methods.

The tested processing methoslsowed thepotential for a high probability of detection,
although further investigation is required for detection in more difficult smnaThe
performed experiment shows that mines possess spectral features that allow them to be
distinguishedfrom other materials. Successful surface landmine detection in the VNIR has
been shown using spectral signatures. However, the graphs showetthetleatis more
distinguishing spectral characteristics in the SWIR than in the VNIR. More spectral
characteristics may increase the detection and identification rates and lower the false alarms.
Although reliable detection is not obtained yet, TIR HS imageiggests promise for buried
landmine detection.

In another scenario, the planted spectrwas mixed with the reflectance spectrum of
background materiaMWe mixed the reflectance spectrum of landmines by a portion of 0.3
background and 0.7 miné/e apgied the two supervised method (NCC and OSP) and the two
unsupervised clustering methods (Kmeans and Fuzzy Cmeartkg new scendJsing the
two supervised methods, we were still able to detect landmines with 0 FAR. However, using
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the unsupervised methomhany FA showed ufsee Fig.1h In case ok means, if we run it
several times, few falsdaams at the borders shows upg(FL5left). But if we run the FCM

several times, samiarge number oflalse alarms will show up every timeA possible
explanaton is thatby implanting the mixeé spectrum(landmine+ backgroungl the contrast
between themplanted target and surrounding background is redutedch a waythatthe

implanted spectrum could nbe distinguished in a specific cluster. In additiorheotrare
events that exist in the scene and were nottpthae marked as targets.
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Figurel5: Kmeans clustering after several run (left) and FCM clustering (right) in case of subpixel target

4.2. Full pixel and subpixel mine detedbn

In thissection we describe the simulation testone in order to emulate a hyperspectral scene
of a minefield and evaluate the performance of different typesupgrviseddetection
algorithms. In the first part, waresent thémage used in addin to themethodology thaive
followedto simulate a miefield. In the second section, weesent the resultd this simulation
followed bya discussion andonclusions deducted out of this experiment.

4.2.1.Data description

In this experiment, we use art of an AVIRIS image scene namé&mD0902t01p00r03
available on the following websitétfp://aviris.jpl.nasa.ggv This image was acquired by the
airborne AVIRIS sensor that acquire hyperspectral images ib&@2ds ranged between 395

nm and 2500nm with 10nm spectral resolution. The spatial resolution of the image is 0.8m.
The original size of the image was 995 samples and 8716 linpartAf the original scene
containing grass and sand in the backgroundtakaesn. The size of the chosen area is 148x123
pixels (118.4 x 98.4m= 116513nin order to emulate a minefield, the spectrum of a landmine

is inserted in different locations of the hyperspectral image scene
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In the first step, as the image is given idiaace unit, it is converted to reflectance domain.
This process is called atmospheric correction. Usually working in the reflectance domain is
preferred because the reflectance value is independent of the illumination and weather
conditions. Then we spatly upsample the image to arrive to a pixel size equal to the size of
the landmine to be inserted. For this, we use the bicubic interpold&pmupsampling the
image, we increase the number of pixels per unitamdéhe spectrunof the added pixels are
interpolated according to thepectraof the surrounding pixels. So we obtain an image with
lower Ground Sample Distance (GSD) where each pixel represents smalleutaneae the

same characteristics of the original one (same components).

On the otherhand the information acquired in some bands are oy as these bands
correspondo the water absorption band¥e may remove these bands in order to reduce the
noise and reduce the size of the image at the same time.

After that, depending on the saunding background material, we replace some pixels in the
image with the reflectance of the landmine. By this, we implant the mines in the scene. Now
we can apply the classification algorithms on this image to detect thgxXelltarget.

In order to sirulate the case of subpixel target, the same classification algorithms are applied
on downsampled versions of the image. The downsampling was done by grouping the neighbor
pixels using bicubic interpolation after using an -afitisinglow pasdilter. Thedownsampled

images have the same area size of the original one but the pixel size is larger. Therefore, the
reflectance spectrum of the mined area now is the reflectance of the mine mixed with
surrounding background spectra.

Finally, to study the effect alownsampling, we apply the same algorithms on images that
have the same size of downsampled images but have pixel size equal to the size of the mine.
In this case, we try to detect fydixel targets in smaller images. However, éhea covered by

these images ismaller.

Each time we apply a classification algorithm, we obtain a metric for each pixel that represents
the degree of similarity between the pixel and the target that we are searching for. After that,
we choose a threshold to classify thepaesed regions from clean ones. Changing this
threshold will change the probability of detection and the False Alarm (RAR). In this

study, we chose the threshold in aywa detect all targetand then we registered the FAR
obtained when using eaclgatithm.To note that by FAR here we mean the number of wrongly
detected landmines per square meter.

The following chart resunsethe characteristics of the images on which we tested the
classification algorithms:
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Downsampledmage 2 Downsampledmagsg 2 times smaller 4 times smaller
times (202540 pixels 4 times (50635 image(202540pixel image (50635pixels
GSD=24cm, pixels, GSD=48c GSD=12cm, area: GSD=12cm, area
Area=11654 9 Area=11654 rf) 2916.6n) 1458 n¥)

Due to water absorption, here wee 18%f 224 bandsThe deleted bands are between 1353
nm & 1443nm and between 1812 & 1958 nm.

4.2.2.Classification Results

In this section, we show the results obtained after we applietblibgving classification
algorithms

=

SAM: Spectral Angular Mapper

OSP: Orhogonal Subspace Projection

ACE: Adaptive Coherence Estimation

CEM: Constrained Energy Minimization

SID: Spectral Information Divergence

FCLS: Fully Constrained Least Square
AMSD: Adaptive Matched Subspace Detector
MF: Matched Filter

HUD: Hybrid Unstuctured Detector

=A =4 =4 4 -4 4 -4 -

Table 2contains the FAR obtained after applying different algorithms on the 5 images. The
computation times in ehccase are registered in Table 3
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Table3: FAR (nb of false alarms/m2)

Original | D2 D4 S1 S2
CEM |0 0 0.0049| 0 0
MF 0 0 0.0058| 0 0
ACE |0 0 0.0003| 0 0.0048
OSP |0.001 2.3236 | 2.4261| 0.0014| O
SID 0 3.6867 | 2.7836| 0 0
AMSD | 0 16.5982/ 4.151 | O 0
FCLS | 0.443 12.0172| 3.6171| 0.2859| 0.6076
HUD |0.3782 |0.9234 |3.738 | 0.5119| 0.4786
SAM |0 4.8432 | 3.1551| 0 0
Table4: Computation time in seconds
Original | D2 D4 S1 S2
CEM |19.8 462 (222 |4.8 2.17
MF 23 5.12 | 237 |57 2.1
ACE 28.8 6.63 265 |7 2.5
OoSP 19 454 |21 5 2
SID 27.2 6.5 2.9 7 2.5
AMSD | 27.3 6.83 |2.72 |6.8 2.4
FCLS | 177 1966 | 6.43 |42 11.2
HUD | 152 38 11.6 |39 104
SAM | 23 515 |23 5 1.68

As we can notice from the tables, ACE, MF and CEM show the best performance for detecting
the landmines in the hyperspectral images because even when the image was spatially
downsampledy a factor of 2, the FAR remained zero at full detection. When the image was
downsampled by a factor of 4, few false alarms appeared whereas for the other algorithms the
FAR is too high to consider the detection as useful. Moreover, the computatiomtithese
algorithms are acceptable and are lower than other algorithms.
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As we have seen in section 2, the coefficients of the filter in CEM and MF methods are very
similar. They differ in using the correlation matrix or the covariance matrix. This egplaiyn

the computation time and the FAR obtained when applying CEM and MF algorithms are very
close.

In addition, we can see that the OSP algorithm, which is based on linear unmixing model, is
sensitive to the target abundance. The detection was gooderotéultpixel target but the

FAR increased significantly in case of subpixel target in D2 and D4 images. AMSD
performance shows the same behavior, but in addition to its sensitivity to target abundance, the
computation time is a bit higher.

Spectral inbrmation divergence (SID) and spectral angular mapper (SAM) belongs to the same
family of detectors as both measure the difference between the target and the pixel. Globally,
SAM has higher FAR than SID but has a lower computation time. A comparison bdtotee
techniques could be found [85].

Fully constrained least square (FCLS) algorithm is used to calculate the abundances of the
background and the target at each pixel. Therefore, it takes the reflectance spectra of the
background materials and of the target as input and calculagesbiimdance of each
component in every pixel of the image taking into consideration theegative and su+to-

one constraints of the abundances. It is a complex process, which explains the long computation
time. The high FAR obtained using this methochdastrates that the estimated abundance of

the target could not be used alone as a decision metric of the presence of the target. As the
background and target spectra are used in FCLS processing, the detection results depend on
the quality of the input spé&ra and the number of background materials used in the input.

Finally, The twestep detection process of the hybrid unstructured detector (HUD) explains the
high computation time. The high false alarm rates may be due to errors in estimating the
abundanes as in the case of FCLS.

4.2.3.Discussion

Several approaches have been proposed for target detection using hyperspectral imaging.
Some of these approaches are based on linear mixing model where the reflectance of each pixel
i s made of mi xireflgctancé spectanndiffezemt mmimdanées with additional
white noise. OSP, FCLS are algorithms based on this approach. However, the detection
performance of these algorithms is too sensitive to the choice of the endmembers. If the number
or the type othe endmembers was wrongly chosen, the detection will be difficult.

Another approach simulates the spectral variability of the targets and background materials
using statistical models like MF and ACE. This approach proves its efficiency in detecting the
mines at subpixel level in an acceptable computation time.

MF and CEM methods do not require other information than the reflectance spectrum of the
target. This makes the detection of the target faster and simpler but makes it dependent on the
precision 6 the spectrum used in the search. When the spectrum of the target in the acquired
scene is different from the spectrum that we are looking for, the detection performance get
worse. This may occur due to differences in weather and illumination conditisnesraoment
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of registering the spectral response of the landmine (maybe taken in lab conditions) and at the
moment of image acquisition.

4.2.4.Conclusions

In this study, we arrived to the preliminary result that the CEM, MF and ACE algorithms are
three of tke best algorithms to be used when trying to detect landmines using hyperspectral
imagery. This result is in agreement with the results obtained in the hyperspectral target
detection test§107] that proofs the effectiveness of ACE in target detection. Linear mixing
model based algorithms depend on the definition of the endmembers and the fill fraction of the
target. The definition of the endmember may differ between images and betwasn us
changing the detection results. In the future, we will try to improve the detection of the
algorithms in the case of a muléirget scenarias we will see in chapter 4.6

4.3. Effect of PCA Feature Selection Prior To Detection

In anotherexperimentwetested the effect of dimensionality reduction prior to detection on
the classification performance. Here we used the Principal component analysis (PCA) to
choose the most representative bands out the 224 bérds imageand thenwe applied
different deection methodsOur goal is to evaluate the consistency of the detection algorithms
if less informations used in the detection.

4.3.1.Data Description

Here we use a part of the same AVIRIS image scene n&f8802t01p00r03 used in the
previous testHowever, in this experiment we chose anotbest of the scene where the main
background material is sand. The size of the chosen part is 588 samples and 1430 lines
(238.4x262.4 m Here we chose a larger area in order the see the effect in computaéon tim
As in the previous test, the image is pretreated before implahenmines. First, atmospheric
correction isappliedto transform it from radiance into reflectance domain. Then, the image is
upsampled in order to obtain pixel size equal to the dizandmine. After that, the bands
corresponding to water absorption damare discarded. In the resultant image composed of 189
bands, we implant the spectral reflectance of landmines. Then, we made anothafr tbepy
image reduced to 100ahds with the ge of Principal Component Analysis algorithrBy
applying the PCA algorithm, we are taking the bands that have the largest variability. Thus,
these bands contains most of the information in the hypercube.

The same algorithms used in the previous chapéee \@pplied in this teste applied them

on the reduced and normal image. Also in this test, we chose the threshold to discriminate
between target ad backgrouswlas taletect all planted mines, and then we registered the False
alarms and computation temTheresults are shown in the next section
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4.3.2.Results

In this section we present the results obtained when the classification algorithms are applied on
the original and reduced image using PCA. the tests were done on Windows server with the
following charateristics: CPU quad Core 2.9 GHz, 32 GB RAM and 1TB Memory.

The variation of FAR when using each algoritlsnshown in fig # and the Computation time
in Fig 16:

Effect of the use of Principal Component Transform
on False Alarm Rate
(nb of pixels=6255616)
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Figurel6: Effect of PCA on FAR
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Effect of the use of Principal Component
Transform on computation time(&)b of
pixels=6255616)
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Figurel?: Effect of PCA on computation time

As we see in the chartafter dimensionality reduction using PCA, the performance of ACE,
MF and CEM did not change in terms of FAR. Zero FAR rate is obtained in both cases.
However, in case of OSP, AMSD and HUDtmany false alarms show up after the size of
the image is reduced. In case of SID and FCLS, tineberof false alarms became too high to
consider the detectioas effective. So in these algorithms, we lost the information useful to
distinguish the targstfrom backgroundTo note that thealse alarm here is higher th#re
3000 limit that we considered as maximwalueto consider the detecti@suseful.300000

is almost half of number of pixels of the imag@. algorithmis not effective ithalf of the field

is considered dandmine, becauseig notarealisticresult Usually landmines are rare in the
sceneln addition, h the case of landmine detection, each false alarm will require about one
hour of work to takethe necessary precautions befatarting the deactivation process
Therefore, if we have a high FAR, the wasted time is too long making the detection using other
preliminary techniques more effective.

Talking about the computation time, heve register the computation time needed ¢of@rm

both the dimensionality reduction and the classification. We see that the computation time is
reduced about 48.5% in case of ACE and is reduced about 37.5% in case of MF. In both cases,
the FARremained zero aftethe use of PCA. Howeverin case ofCEM, the total time to
perform PCA and apply CEM on reduced image is higher than the time needed to dbmpute
detection on the original image. This phenomena is repeated with OSP, SID and FCLS however
using these algorithms, the FAR became higher afterg PCA. So reducing the size of the

data prior to use these algorithms is not beneficial in terrostbFFAR and computation time.

65



4.3.3.Conclusions

As in the previous test, ACE and MF showed the best performance.ifEdenimage was
reduced to 100 lals we were still able to detect all landmines with 0 FAR. In addition we
gained some time in the computation time. This performampeovementdo not apply to
CEM: even thoughhe FAR obtained is zero in case of reduced image, the computation time
in thetwo steps (reduction+classificatioagorithmis higher thanvhenapplying the detection

on all image.

Spectral unmixing based methods are too sensitive to the dimension of data used. As we see
here, when we applied the OSP AMSD and HUD on reduced irttegEAR obtained was too
high. So the use of these algorithms on redu

If we would like to use a dimensionality reduction method prior to classification in a real target
detection scenario, as on board of a quadrotor whdeiang the hyperspectral image, we
should verify if the use of reduction method is useful. Because using some methods, we may
have increased computational time as in case of OSP and we may have large FAR.

4.4.  Effect of spectral variability on landmine detecton

In this part, we will test the sam&garithms but on imagein which the mines were planted
with different errors. Here we would like to test the possibility to detect landmines if their
spectral signature in the hyperspectral image is not exaetlyame signature that we have in
a library.Thisvery usual caseccurs when the mine is covered by another background material
like sand, soil or vegetation, or happens in the case of low spatial resolution image. So the
reflectance spectrum in the pixehere the mine exists is a mixture of the signature spectrum
of landmine and other background material.

4.4.1.Data description

In this test, we use a small part of AVIRIS image nafi€®902t01p00r03. The chosen part
contains mainly vegetation and soilhe size of the chosen area is 494x410 pixels (59.28 x
49.2 m). In different locations of the image, we planted the spectrum &Minelandmine

mixed the spectrum of green leaf ( vegetation) that is the background material most dominant
in the scene. Wenixed the target and the background material in different proportions: 0.5
PMN+0.5 leaf; 0.6 PMN+0.4 leaf; 0.8 PMN+0.2 leaf. In the following section we show the
results.

4.4.2 . Results

In this paragraph, we will show the results obtained when we tried td tesd2MN signature
in the hyperspectral image in which tR&IN was planted in different proportions. As in the
previous tests, the threshold was isesuch a wayasto detect all landmines and then we
registered theumberof false alarms and the compiita time.
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In this test the graph of computation time do not have any differences between images of
different abundance factor because the images have the same number of pixels. But it helps to
compare between different detection algorithms.

In consstency with previos tests, even in this test, CEMCE and MF show the best
performance as using these algorithms, we are still able to detect landmines with 0 FAR even
whenthe abundance factor of target is 0.5. In addition, AMSD show the same perfoimance
this test.

In OSP case, everhenthe abundance factor of landmine is 0.8, we did not detect the landmine
without false alarms. The number of false alarms increases if we are searching for mines with
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lower abundance. The same could be deduced it&#dD algorithm. This may be due to
linear unmixing step in which the abundance of targets was wrongly estimated.

By using the FCLS, the computation time is too high by comparison with other algorithms. In
addition the FAR is high. Therefore this methedot preferred for landmine detection case.

SID and SAM methods are similar as they both compare between target signature and pixel
signature based on similarity measure. SAM uses the angular distance between the spectra
while SID measurethe mutual embpy between them. However, these methods are sensitive

to target abundance. Because of that, we sEAR in case of pure target or target with
abundance factor of 0.8, but the detection become harder and too many false alarms will show
up in case we tryo detect the landmine with abundance factor of 0.6 or 0.5.

4.4.3.Conclusions

In this test, we arrived to almost same result of previous tests that ACE CEM and MF are
someof the best algorithms to detect landmines with different abundancesfactor

The linear unmixing based methods like O8® detect the landmines but a right definition of
background endmembers is necessary to reduce the false alarm rate or to detect landmines with
low abundance factokVe can say thesameconclusion for thénybrid detecto(HUD) where

the first step of its computation is based on linear unmiiondel

SAM, SID or other similarity or distance calculation methods are not reliable for landmine
detection, because if the abundance of target is 0.6 or less, the detectiont®fitgrgssible

but we will have several false alarn®his is notpractical specially in case of landmise
where each false alarm will take at least one houraxfaartions and land preparations.

4.5.  MLP Neural network for landmine detection using
hyperspectal imaging

In this chapter, we present the tests done in order to detect landmines in hyperspectral images
using MLP neural networks. In order to have good performance (reduce the FAR at full
detection), we did several tests. In each test, we chamge fewtors that affects the results.
These factors are:

U Training data set

U Number of neurons in the hidden layer

U activation function of the neurons

U Error minimization strategy used in the training phase.

In the following, we will present a brief introduati about the muliayer perceptron used in
this experiment. Next to it, we will show the results when applied on 17 images and finally the
conclusions are provided.
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4.5.1.Multi -Layer Perceptron (MLP) Neural networks

The general structure of MLP NN isgzented in section 11.1. It is a kind of fdedvard
neural networks constituted of at least three layers: Input layer, Hidden layer and output layer.
Feedforward neural networks provide a general framework for representingineam
functional mappingbeetween a set of input variables and a set of output varigi#ié The
network may have an arbitrary number of hidden layers, which in turn may have an arbitrary
number of perceptrorig27].

outputs

hidden
units

inputs
Figurel8: Example of multilayer perceptron NN

The activation function of the hidden layer could be linear, hyperbolic tangent, sigmoid or
other. Usually sigmoid activation function is preferred as the output of the perceptron are
limited between zero and one so they can be considered as probalailigt& To train a MLP

NN, usually supervised learning is used. The error function to be minimized by
backpropagation in the learning process tested here are thefsguare errors and cress
entropy. In general, we got a better performance in case wersss entropy error function.

4.5.2.MLP training and application

In order to train the MLP NN, we used a part of AVIRIS hyperspectral image composed of
280 rows, 150 columns that contain green leaf and sand in the scene. We use the most useful
189 bands duwof 224 bands after excluding the water absorption bands. In addition, we test the
trained NN on theame 17 images used in chapter 4 section 6

Here in follow, to give a nomenclature of the results, the training image used in this test will
be named TIThe 17 images on which the resultant neural networks are tested are named
according to the number of the field number in our data set. The 17 images are named
respectively: field2, field3, field4, field51, field52, field53, field54, field55, field5ad6é,
field62, field63, field64,field71, field72,field73, field10. We used 17 images that have
different background materials in order to test the performance of the neural networks in
different case studies.
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In this experiment, the simulation are penhed using MATLAB simulation tool. | referred
to NETLAB toolbox[128]. It contains a group of functions prepared to simplify setting up the
network parameters.

In the first test, we trained a NN using data from TI. Thruins composed of 189 neurons
corresponding to the reflectance bands. The size of the output is 3: 100 for PMb¥, BRDf
and 001 for background h& hidden layer is composed of 115 neurons. The training dataset is
composed of 200 entry referring to PNi@flectance spectrum, 100 entry referring to M20 and
200 background pixels from TI. The network is composed of 2 hidden layers. This NN is named
Ainet TIo. When applied on TI, al l mines in tF
we used this netwhrto detect landmines in the 17 images, all mines in all images were
detected. However, in some images some FA appeared. The average FAR obtained i$ 0.121/m
the detection was done in 3.64seconds.

In the second test, | used the data from images field84fikeld51. The dataset were
composed of all pixels of these images including the pixels were the landmines are inserted.
This NN is named fAnetfiel d34510. When appl ie
FAR 1.385/m. the computational time is @verage 6.5 s.

In the third test, in an attempt to increase the Pd and decrease the FAR, | used for training the
images field2 field3 field4 field51. The input for training was the reflectance spectrum of each

pi xel i n these i magiesl dZh4 51NN By aamear ifisncer
test, the probability of detection has increased to 0.94, the FAR has also increased to 7.3074/m

the computation time was 6.65s.

In a fourth test, | trained a NN using the data of images field4 field71 figieltZ3 field9

field10. The number of neurons in the hidden layer is fixed to Tht. network is named

Ainet 4717273910withoutpmno. When this NN is a
is near 1 (0.99) but the FAR was High (29.3%7).

Then Ibuild another NN in an attempt to reduce the FAR using the pixels of field4 field71
field72 field73 field9 field10 in the training phase. In addition, | introduced in the training
phase 500 replica of the spectrum of PMN. The number of neurons in tha lagideis 115.

Thet rai ned NN is named fAnet47172739100. This
detection was near zero and the FAR so. So introducing the spectra of the targets several times
will not improve the detection. After that, | traith another NN with the same data of the same

fields with addition replica of PMN landmines spectra with abundance factor 0.9 mixed with

ot her background materi al. This NN is named
to the results of previous n&ll networks where the Pd and FAR obtained is near zero.

In another test, | trained the data of the fields that usually had high Pd and low FAR in other
tests. So in this test | trained a NN using the data of field2 field51 field52 field53 field56
field62. The NN is named fAnet251525356620. When
FAR were close to zero.

As | found that training data of Tl give better results than training few images from the test
images, | choose to use it in the training. Thistimet r ai ned a NN named fn1l
of PMN mine, 10 spectra of M20 mine, and 20000 spectra of background from Tl image. The
number of hidden neurons was 2. Using this NN, we were able to detect all landmines in all
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fields. But in some images we gaime false alarms. the average FAR obtained is 0.464. The
detection is done in an average of 3.8 seconds.

To reduce the FAR obtained when using finlo |
test. The training set is composed of 20 spectra of PMM,rithspectra of M20 mine, 20000

spectra of background materials in addition to 150 pixel spectra of background road from image
field3 usually marked as FA this time is included in the trainlimgnote that the new samples
includedintheé r a i n i nagd sactessivenNNa@re not used for testing the NN performance.
When fin20 is used to detect the |l andmines i1
FAR is reduced to 0.142/AnThe average computational time is 3.36. So including some FA
intraining may help to reduce the FAR. The same N
but this time the fields contains mines with different abundances. The results are showed under
name n2_2. We got the same FAR as in case of n2 but the Pd dropped to 0.35.

Toimprove the results of An20, | took the pi Xe
add them to the training sample. So the trai
10 spectra of m20, 20000 background spectra from Tl and pixels maskedl when using

Ain2060. When | applied this NN on all fields,

FAR obtained is 0.609. So the FAR did not decrease as expected.

After that, instead of using all false alarms found in case of n2, lusedinthr ai ni ng of
the data used to train An20 in addition to F
| got Pd=1with FAR=0.397/fin 3.673s. So in this case, the FA is reduced by comparison
with the results of fAn20.

Finally, I used in thertai ni ng of new NN named fAn50 the
addition to pixels marked as FA in case of
field9. when An50 is applied on all fields,

of 3.797/m?.

In a new series of experiments, we first applied a feature extraction method to reduce the size
of the image prior to train the MLP NN. Here | used the Net analyte signal presented in section
11.1 to choose the best bands that represeriatiumines. In the first test, | chose 20 bands
using this method. t hen | trained a MLP NN
field3. This NN when applied on all fields we got low Pd=0.12 with FAR of 0.209 in 0.58
seconds. So using this methtte computational time is reduced but the detection performance
has decreased.

Then | trained another NN this time using 50 bands chosen using Net analyte signal. | used the
data in field2 in the training. Ttwaekwhemsul t ar
applied on all fields, we detected all mines but with very high FAR of 65.74. To decrease the

FAR, | used the same 50 bandswidth a training data set composed of the pixels of the fields
field2 field3 fieldd4. Whebn0 If 2884l ioend atlHi sf i Nel
were detected with FAR of 6.214.

The charts that resume all results obtained are shown in the following figures:
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Figurel9: Average Probability of detection

~T

T
)
e

average FAR for each algorithm

Figure20: Average False Alarm Rate
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Figure21: Average computational time

4.5.3.Conclusions

Referring to all tests done in this experiment, we can deduce the following:

U Repeating the spectra of the targets in the training sample is not ngecassae
obtained similar performance when using n2 and netTlI.

U The training should be rich and included almost all cases in which a landmine could be
in the hyperspectral scenes in order to be detected using MLPNN.

U The use of few neurons in the hiddendayvith more representative data is more
effective than using too many neurons with intensive Training samples. this is
concluded when comparing betweéamet4717273910withoutpmrthat have 115
neurons and O6n26.

U  When the landmines in the image have diffiésbundance factors, the training sample
used to train the MLP NN must include several samples of targets with low abundance
factor. Wi thout this, the Probability of
of n2_2.

4.6. Multi Target Detection UsingNeural Networks

In this chapter, we evaluate different classification algorithms used for multitarget detection
using hyperspectral imaging. We take into consideration different scenarios of landmine
detection in which we compare tperformanceof eachmethod in various caseln addition,
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we introduce the detection of targets using artificial intelligence based methods in order to
increase the probability of detection, to reduce the false alarrandte foster the detection.
These algorithms weredieed on simulated data where the spectra of landmines is planted in
different proportions with respect to the pixel size in a hyperspectral image ¥éenetested

these algorithms on real image with real targets. The results show that we can usemee|

radial basis function (RBF) neural network in order to detect targets using hyperspectral
imagery.

Several algorithms have been proposed for target detection in hyperspectral imagery. Some of
them are mentioned in the fifth section of chapter 5.t\bshem do not support multitarget
detection unless we run them several times each run for a specific target. However, this will be
a timeconsuming process especially if the number of targets is high. Some algorithms were
extended for multitarget casegethe Constrained Energy minimization (CEM) algorithm
originally made to give an estimation of the abundance of the target, has several extension to
fit the multi target detection: multiCEM, SumCEM, Winraekeall CEM (WTACEM) and
otherg[108]. Other unsupervised algorithms may be used to detect targets without referring to
their reflectance spectrufil09]. But it has been proved that this type of algorithms usually
havehigh False alarm rates aome inert low frequency pixels may be marked as targets while
they are not.

In this chapter, we test different supervised classification algorithms used for multitarget
detection in a landmine detection scenario and show the possibility of deteajets tasing
artificial intelligence based techniques. A comparison of the results will be discussed. The types
of tests will be carriedut the first one usesnageswhere the targets have been spectrally
added to an AVIRIS image while the second one resdsmages containing manmade targets.

4.6.1.Neural Networks based Target detection

In this section, we will introduce the use of artificial intelligence in order to detect targets in
hyperspectral imagery. Specifically, we will work on neural networks (NINis approach is
adopted due to several reasons:

First, to construct a neural network classifier, two phases are needed: training and
classification. The training phase could be done offline and then the detection is achieved
online during image acquisitio Therefore, this method may be optimized for real time
detection as most of the workload is done offline in the training phase. Secondly, we can
customize the detector to detect a large number of targets in one scan, which means that the
detection of sesral targets is fast and requires only one scan. In addition, the network could
be customized for different types of backgroundswe could have several trained neural
networks, each for different types of scenes (background, water, sand or foresfipreéheve

reduce the FAR by taking the combination of results of several NN.

Artificial Neural Network (ANN) is a&computational modelsed for various machine learning

and computer vision tasks. It is designed to work in the same way as the neuwdisefithe

human brain worl{110]. It is composed oAnet wor k of connected uni
where each connection has a weight. The neurons are grouped into layers. In addition to the
weights, each layer has a bias that plays a crucial role in the detddinA basic NN is
composed of two layers: input layer and output layer. This type of NN is called Single layer

74



NN. Other type of NN may have additional hidden layers between the input and output layers.
In this category, we can find the MiulLayer Perceptron. This kind of ANN has the ability to
solve nonlinear complex problems that the single layer NN will not be able to[$tlMe

Another type of neural networks is the Radial basis functions neural netwdr&s the same
structure of layers as the MLP. However, in the hidden layer, the activation function is a kernel
function (usually Gaussian]112]. Usually, MLP NN are faster than RBF NN as their
computation do not necessi¢ the use of kernels and therefore is simpler. However, in case of
high dimensional data, as in our case where the pixel is of 189 band dimensions, the RBF
performs better. RBF showed better performance in our case and thus we will adopt this method
in the comparison.

Here, we used twdayers RBF neural networks. The activation function of the first layer
(hidden layer) is Gaussian. The activation function of the output layer is linear. The number of
neurons is empirically estimated to minimize the glgiroblem.

Input layer Hiddenlayer Output layer
Bias Bias
1 1
Wo O
W1
ls W>2 O,
O

Figure22: Multi-layer RBF Neural network

Several studies introduced the use of deep learning neural networks for target detection using
hyperspectral imaginfiL13]. However, this will not be our work in this study. Here we focus
onordinary neural networks due to several reasons: First, the main objective of athiest
detection of landmines at subpixel lewblerefore extracting some features from a window of
pixels as in the preliminary step of convolutional neural networKsnvake the detection
harder. Secondly, we are dealing in this paper with hyperspectral images where each pixel is
composed of hundreds of bands. So by mixing several bands we loose some spectral
information that are necessary in the detection. In additte are searching for a simple
solution to make the detection faster.

In order to reduce the size of the neural network, our first step will be the feature mapping. In
this stage, some key features of the hypercube will be chosen in such a way tohedize t

of the input image and rely on useful information. For this objective, there are several methods
that could be used: Principal Component Analysis (P@®ajched pursu[tL14], neighborhood
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embedding [115], Sa mmo n 6 s [fi&]p rpuiticritgria method[117], nonparametd
weighted feature extractidia 18] linear disciminant analysis (LDA) and othe[%19]. In this
experiment, waiuse the concept of Net analyte signal introduced by Lorber 1986 in order to
specifythe unique part of an analyte signal in chemical spectrum analysis. The idea is to find
the part of the signal that belongs to the orthogonal plane of all materials other than the target.
By this, we choose the most representative bands of the targe¢ Bédmeds will be used as

input to the neural networks in order to detect the targets instead of detecting the complete
signal spectrum.

The chosen bands are calculated as foll&6]
n=(1-S(8'585)*S") s

wheres is the target spectrung; is a matrix of background analyte spectra amdis the
portion of§ that is orthogonal t&;. First we estimate all endmembesgectra of the image
using Automatic Target Generation Process (ATGP) algorifh@i], S;is obtained after
removing the endmembers corresponding to the targets.

4.6.2.Experiment on simulated data
4.6.2.1. Data description

In the first €enario, we tested the target detection algorithms on 17 hyperspectral images taken
using Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) of JPL NASA Laboratory.
These scenes are available online on th¢1s2@. Thespatial resolution of the images depends

on the altitude of the airplane during image acquisition. We can find different scenes of
different spatial resolutions. In the chosen scenes, we introduced in different locations the
spectrum of manmade targetatwill be PMN landmine (Fig@4) and VS2.2 mine (Fig25).

The reflectance spectra of the landmines were taken in our Lab using Field Sp&ed Hi
spectroradiometer. This device is able to acquire the reflectance spectrum between 350 and
2500 nm with spetral resolution of 1nm. We took the spectral signature in different conditions:

in lab where specific source of light is used, in grass field and in soil field during a sunny day.
Here we plant the spectral reflectance taken when thin layer of graseddverandmine in

the AVIRIS scenes. The insertion was done after several yrageocessing steps: firstly,
atmospheric correction is done to convert the image from radiance domain that depends on the
illumination and weather conditions into unifiedleetance domain scaled between 0 and 1.
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Reflectance

Some bands characterized by low SNR due to valpsorption are discarded. Then the image
is up sampled in order to increase the spatial resolution of the image to arrive to pixel size

equivalent to the size of tmine.

PMN reflectance spectrum
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VS-2.2 reflectance spectrum
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Figure24: Reflectance spectrum of the pmn mine (tar
inserted in the image
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Figure 23. Reflectance spectrum of the-22 mine (target

inserted in the image

In order to test the full pixel and subpixel cases, the targets were planted in different
proportions in the images. The signatures of the targets were mixed with the neighbor pixel
signatures in different fill fractionst 'Y | z"Y p | 6 where PS represents the planted
spectrum in the image, T is a vector containing the target reflectance spectrum, B the
background reflectance spectrum anthe target fill fraction varying between 0.6 and 0.
the 17 images, theta number of pixels with landmine abundance factor of & (PMN&
VS-2.2) is 136, 170 have landmine abundance factorr, 102 have landmine abundance
factor| @) and 110 pixels have landmine abundance factorm@v. By this, we evaluate
the ability of a target detection technique to detect subpixel targets.

As the target in this scenario is a landmine, the risk of missing a target is much dangerous than
having a FAR. Therefore, the decision threshold to discriminate between target and background
materialis set such a waptdetect all targets (Pd=1) and then the FAR is registered. Therefore,

a technique is said to be more efficient if it has lower FAR giving that all targets have been

detected.

46.2.2. Results

In this part, we show the results obtaimédten applying the detection techniques on all images
that contain targets in different abundances. We show the average false alarm rate and
computation time at full target detectiorhe tests where done on Dell server with 64 cores,

128 GB RAM and 1TB Mewory.
The tested algorithms are the following:
U SAM: Spectral Angular Mapper
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OSP: Orthogonal Subspace Projection

ACE: Adaptive Coherence Estimation

CEM: Constrained Energy Minimization

MTCEM: Multiple target CEM

WTACEM & SCEM:Winner take all CEM and 8uCEM
SID: Spectral Information Divergence

MF: Matched Filter

U RBF NN: Radial basis function Neural Network

In case of neural networkthe best NN in terms of false alarm rate was individuated after
several tests where we took into consideration diffemaiming samples and spread values.
First, we randomly divided the 17 images between training and testing data where we used
some images in order to train the NN and the other images to evaluate the performance. Using
this strategy, the training was venytensive process, took a long time, necessitates large
number of neurons to consider all possible cases and we did not arrive to zero FAR. To make
sure that we are training the useful data without repetition, we decided to use another strategy.
We found bat training few pixels that represent the image endmembers is sufficient to obtain
a NN able to estimate the abundance of targets and background in each pixel. The input training
dataset is the background reflectance spectra automatically estimateduisinatic Target
Generation Process (ATGP) algoritni21]. The PMN reflectance spectra and the-X3
reflectance spectra. The training data is composed as follows: 377 spectra represents various
background materials, 5 spextof PMN landmine and 5 spectra of 22 landmine. The
corresponding output are respectively: 001,100 & 010. To note that the reflectance spectrum
of the targets exist with different fill fraction in the scene (0.6 0.7 0.8 &0.9). However, in the
training phase, the pure reflectance spectrum of the target is introduced. Using this training
strategy, the output for each pixel will be abundance fraction of PMN2.2Sr general
background.

[entI N o S o N o A N e

The following charts represent the results of the adopted methods:
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Figure25: Average computational time /algorithm
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Figure26: average FAR/ algorithm

In figure 25 we see the average time neefledeach algorithm to detect all the targets in the

17 images. As we see the figure, to detect both types of targets using ACE we needed about
349 seconds while the computation time of MF is 250.77 s and is 238 s for CEM. About the
same time is needed using SCEM and WTACEM as these algorithms are based on running the
same deector 2 times each run to detect one target. They differ in the decision making step as
follows: in case of CEM we set a threshold for each target; in case of SCEM, we add the outputs
of the detectors and set one threshold for the sunve take the mamum of the outputs and

set the threshold accordingly as in WTACEM. SAM and SID are faster than other algorithms

but they haverery high FAR as we see in Fig.26



Talking about the FAR, we see that almost all algorithms could detect the targets withwery lo

FAR except for SID and SAM that have high FAR. Both algorithms are based on comparing
the spectrum of pixels with the targetds spe
how similar the pixel is to the target. In case of target with abundafic¢hey are too much

different causing this high false alarm rate.

The other algorithms show very good performance even in case of small abundance factor
where few FA shows up when trying to detect low abundance targets using MF and CEM.
ACE algorithmgives the ability to detect all targets with 0 FAR. This confirms the previous
tests used for target detectid®7],[123].

It is worth to note that when applying CEM 2 times and setting attble for each target, we

got false alarm of 0.00027. Most of the false alarms refer t@ ¥Sargets. However, when

we took the sum of the results or their maximum as in SCEM and WTACEM, no more false
alarms are obtained. This is due to the increasettastrbetween targets and background in
case of Sum CEM or by ignoring noise effect while taking most valuable results in case of
WTACEM.

On the other hand, MTCEM has better performance as all targets are detected without any false
alarms with lower comgation time. It should be pointed out that, using ACE MF CEM SID
SAM and OSP, we have an additional advantage when identifying the targets since using these
algorithms we are able to distinguish between PMN an@ X2Stargets. While using the other
algorithms, we can know the presence of a target without knowing its type. This type of
information is crucial in some target detection tasks, especially in case of landmine detection
in order to determine the best strategy to isolate the landmine accordiadlkast and fuse

type. However, this ability comes at an additional cost in terms of time and/or computational
resources.

As we see in the charts, using the adopted training strategy, we got an RBF NN able to detect
the landmines without any false alarBy setting a large value of spread while training the

NN, the output was less sensitive to the spectral variability of the input pixel and able to
distinguish the presence of target even with low abundance factor.

On the other side, the computation timeded to get this result is lower than ACE that has
also 0 FAR, but is higher than other multitarget detection algorithms MTCEM, SCEM and
WTACEM. However, using RBFNN, we are able to distinguish between targets whereas in
these algorithms we are not.

4.6.3.Realtarget experiment

In this section, we show the results obtained when we applied previously mentioned algorithms
in order to detect targets in real hyperspectral images. This is done in order to prove the
applicability of these algorithms in real case sc&s. Even if it has been proven[ir4]that

the target implant method does provide accurate relative predictions in terms of both target
difficulty and detector performance, but reliably predicting the actual number efdiasns

for a given target at a given fill fraction is difficult or impossifla4].
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4.6.3.1. TestImage

Target detection algorithms tested in previous sections will be applied on the hyperspectral
data collected over Viareggio citfuscany, Italy by Centro Interforze Studi e Applicazioni
Military (CISAM) in collaboration with university of Pisg25]. The image that we worked

onis named D1_F12 H1 and contains 5 different targets (2 panels andl8sjehlhe data

has spectral resolution of about 1.2 nm between 400 nm and 1000 nm with 0.6 m spatial
resolution. The targets are as follows: two green colored panels made of carton named P1 and
P2, Ford fiesta car named V1, a FIAT DUCATO mini commercidisie named V3 and a

Ford Focus car named V4. These targets are located in different positions of the image scene.
The positons are given in a ROI file for performance evaluation. The apéthe targets are

also given. The first step we did isdonwertthe image from radiance into reflectance. Then,
some bands are chosen to reduce the error. In case of RBF NN, we used in the training phase,
the endmembers of the image automatically extracted through the ATGP algorithm, knowing
that the spectra of éhtargets are given in the file. The total training sample is composed of 396
background pixels and 5 spectra corresponding to the targets.

In the next paragraph, we will show the results of FAR and the computation time.

4.6.3.2. Results

Here we will show the sallts obtained when we applied the previously mentioned algorithms
on the image containing real targets. Note that as in the previous case, the threshold for
classifying targets is chosen in such a way in order to detect all the targets and then we compare
the false alarms obtained in each method.

Table5: Nb of false alarms and computation time obtained when applying each algorithm

Algorithm/Target| P1 P2 V1 V3 V4 Total | Time
(s)
ACE 0 0 0 3 0 3 63.7
MF 6 3 3 7 0 19 35.8
CEM 8 3 3 7 0 21 28
OSP 544 0 0 24 0 568 25.8
SID 43608 |11309 |10 12 30 54969 | 27
SAM 19498 | 111 1 46 0 19656 | 5.37
MTCEM NA NA NA NA NA 44 29
SumCEM NA NA NA NA NA 24 28
WTACEM NA NA NA NA NA 40 28
RBFNN 0 0 0 0 0 0 37

As we see in Table, Similarly to the pevious section, SID and SAM have a high false alarm
rate in comparison with other techniques. These algorithms are too sensitive to the spectral
signature of the targets and; therefore, will not be able to distinguish it in case of mixture with
other spect.. Thought the computation time of SAM is minimal; the high false alarm rate
makes this algorithm useless for this task.
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ACE algorithm is one of the best algorithms to use in order to detect the targets because it
shows very low FAR (just 3 pixels markas V3), but its computation time is high (63.7s) in
comparison with other techniques. The performance of CEM and MF in terms of FAR and
computation time is similar. Both have an acceptable false alarm rate with a small advantage
for CEM over MF in term®f computation time and vice versa (for MF over CEM) in terms of

FA. This is due to the similarity in the model in which they only differ in using the correlation
matrix in case of CEM, while the covariance matrix is used in case of MF.

In addition, in cae of OSP, we found out that several FA appeared especially while searching

for P1 target. This is because there are three panels in the scene, so we lowered the threshold
in order to detect the third panel that exists in the scene with low abundanan frabis
caused this high number of false alar ms; ho
using other algorithms.

When using the multi target versions of CEM
identify the target using this type of algorithms dg¢se we were setting one threshold for the
mixture of all detectors. For this reason, the false alarms under these algorithms are marked as
Non Available (NA) in the table. However, an additional similarity test may help us in
identifying their type. In caoparison with the results obtained in the simulated image test, we

were setting one threshold to discriminate the two types of landmines from background. Here

in this image we have 5 different types of targets so we are setting the same threshold for the 5
detectors corresponding to each target. This causes the appearance of more FA as the number
of targets is higher.

When applying the proposed type of NN, we were able to detect all targets without any false
alarm for all of them. Even though the computatiione is a bit high (37 s) in comparison with
other multitarget detection algorithms, however detecting all targets without false alarms is
more important for this kind of application. It is worth noting twaen trainingghe RBFNN

to detect the targeis this image, we used Gaussian activation function in the hidden layer
with high spread value to overcome the spectral variability of the targets in the Fhene.
resultsprovethe advantage of using RBFNN with the aboventioned training strategy in
order to detect several targets using hyperspectral imagery in one scan.

4.6.4.Conclusions

In this experiment, we tested some supervised multitarget detection algorithms using
hyperspectral imagery. We tested simulated data where the reflectance spectrutargéthe
was planted in the scene in different proportions ahthe same time, when applied on real
hyperspectral image with real targets.

Some of the tested algorithms (ACE, MF, CEM, OSP, SAM, SID) are designed for the
detection of one target. They wexgplied several times each run for each target. This may be

a time consuming process, especially if the number of targets is high. This is why we addressed
the multitarget detection in this paper. When using some of the multitarget detection process,
we lose the privilege of identifying the type of the target. However, this can be recovered by
an additional similarity test to classify each target.
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SAM and SID are similarity measures between pixel signatures and target reflectance
spectrum. The former calculates the angle between the target spectrum and the pixel spectrum,
while the latter calculates the entropy between them. When the pixel spesteutmear

mixture of target and other background material, the similarity measure will differ according

to the abundance fraction of the target making the detection process harder. This is the reason
of the high false alarm rate that appeared in thelabedi data and real image tests.

ACE is one of the best algorithms for target detection. It showed few false alarms by
comparison with other algorithms in this test and previously done {£8%,[123]]. However,

its computation time is high. This limits the use of this algorithm in such situation where the
detection should be fast like the case of-teaé detection.

Using RBFNN, we are able to detect, identify the targets and to estimakaititaace fraction
without any problem. The proposed strategy for training an RBF NN has reduced the size of
the used NN making also possible to estimate the abundance fraction of the targets. In both
tests shown in thitest we got a full detection rateitlvout any false alarm rate. This was not
achieved by any of other algorithms, which proves the advantage of using NN for target
detection in the proposed. On the other hand, the computation time is a bit higher than other
techniques, but it can be redudgthe size of the NN is reduced.

4.7.  Created Spectra method

In this test, we propose a new algorithm for multi target detection using hyperspectral
imaging. The objective is to detect the presence of two signatures referring to 2 types of
landminesin one scanThe idea here is instead of running the classification algorithm to detect
the spectrum of the target two times each run for each target, we run the algorithm doe time
both. In this only one run, we search for a synthetic new spetiratmepesents both target
The details about how this spectrum is created in addition to results atesshown in the
next paragraph.

4.7.1.Spectrum creation

As said in the introduction of thgection in this experiment we eate a hew spectrum out of

the rdlectance spectrum of the landmines that we are searching for in order to detect several
targets in one sca@urgoal in this step it foster the detection process to arrive in the future

to real target detection at the same time during image acquisitio

In the same AVIRIS scene used in the previous simulated data tests, here we implanted the
spectrum of 2 types of landmines: PMN gogrsonnel mine and M20 aitéink mine.The

scene is composed of 987x 820 pixels with 0.12 m spatial resoldin@total number of
planted mines 30: 15 PMiinesand 15 M20mines

In this experimentwe will test the difference in probability of detection, false alarm rate and
computation time when applying the CEM, ACE and MF algorithms 2 times each time for each
targetand when applying the detection algorithms once searching for the created spectra.
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Having the image and the reflectance spectrum of landmines in 189 bands between 395 and
2500nm, to create the representative spetbf the two target, firstly we calcuéathe distance
between the two vectors PMM20 and we sorttiin increasing order. We take 5 bands where

the distance is maximum to represent the PMN mine, we take the 5 bands where the distance
is minimum to represerihe m20 and we take 70 bands wherdistance in near zero. The

new spectrum is composed of 80 barisimage of the created spectra is shown in the next
figure:
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Figure27: Created reflectance spectrum

Thenwe applied the classification algorithm ACE, CEM and MF&ddition to MultiCEMon
reduced image to 80 band$ieresults are shown in the following chart:
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Figure28: Created spectrum performance

As we see in the chart, in the three algorithms, the created spectra method hasehe sam
performance in terms of Pd and FAR as if we applied the algorithms two times. However, we
have a gain of more than 57% in computation tib&ng this method, we would be able to
detect both landmines in less time. To note that in caS&Mf, the methoaf created spectrum
is even faster than the MultiCEM that is specifiedietect multiple targets.

We applied the same procedure on another image 870x1330 pixel that have different
background material¥Ve got similar results:
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Figure29: Performance of created spectrum method when applied on another image

However, when we applied these algorithms on downsampled images by a factor of two, so
the spectrum of landmines in the image is corrupted by neighbor pixels, the detection of

landmines became harder. Too many false alarms show up making the use of this method in
case of subpixel targeitsefficient

4.7.2.Conclusions

Using the new method, the computational time has decreased up to 60% while conserving
100% Pd and FAR=@&hen applked on original image with full pixel targefbhis method does

not perform well when applied on downsampled imaigen in case of subpixel targets because

we aretaking partof the information to distinguish the landmines and this pacbisupted

while downsampling.

The number of bands takem tepresent each mine affect frmbability of detectionSowe
may takemore bandgo represent each landmine in the resultant specffin®.number of
common bands also affects the detection probablfitwe usemore bands to produce the
createdspectrumwe may have better detection but with lower false alafimis.depends on
the type of the spectra that we are trying to mix and how much they are similar.

A study to apply this methdd case of threer more &rgetsanddifferenttypes of targets must
be comlucted in order to optimize the bands selectionspadtra creatian
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4.8. Field Experiment

In order to studyhe spectral characteristics of landmines and how they may change according
to the environmentanditions and the type of background where they are planted,sit wa
necessary to collect nes, plant them and acquire their reflectance spectra using a
spectrometein different conditionsFor thispurpose we contacted the Lebaneseny to get
some samlps of landmines already found in the Lebanese terribathave been deactivated.

After we got the necessary permissions, the Lebanese army gave us 6 samples of 6 types of
landmines. 4 are angiersonnel mines andaze antitank mines. (see Fig03

Figure30: Samples of landminessed foracquiringtheir reflectance spectra

To collect thereflectancespectra, we used highresolution spectroradiometenamed
FieldSpec HI-RES This device is made by ASD Inc. Compaltyhas the capability tdetect
the spectrum in the range between 350 and 2500 nm. The spixiBcaof the
spectroradiometeaare given irtable 5.

The device is composed of several components:
U The main radiometer in which is connected the probe .ia fiber connected wire

U Power bank battery to supply the radiometenaargl usefuin case of field experiment
where o power source is ae.

0  Computer with specialized software to control the instrument and register the data

U  White boardused to calilate the device before registering the data.
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There are other optional accessories. To note that the connection between the computer and the
spectrometer is wireless. This made simpler the data collection in the field.

Table6: FielSpec 4 Hies spectroradiometer specifications

Spectral Range 3502500 nm

Spectral Resolution 3 nm @ 700 nm
8 nm @ 1400/2100 nm
Spectral sampling 1.4 nm @ 35a.000 nm

(bandwidth) 1.1nm @ 10032500 nm
Scanning Time 100 milliseconds

Stray light specification|VNIR 0.02%, SWIR 1 & 2 0.01%
Wavelength 0.1 nm

reproducibility
\Wavelength accuracy (0.5 nm

Maximum radiance VNIR 2X Solar, SWIR 10X Solar

Channels 2151

Detectors VNIR detector (358L000 nm): 512 element silicon array
SWIR 1 detector (1061800nm): Graded Index InGaAs

Photodiode, Two Stage TE Cooled

SWIR 2 detector (1862500 nm): Graded Index InGaAs
Photodiode, Two Stage TE Cooled

Input 1.5 m fiber optic (25° field of view). Optional narrower field of
view fiber optics available.
Noise Equivdent VNIR 1.0 X10° W/cmé/nm/sr @700 nm

Radiance (NEdL) SWIR 1 1.4 X10° W/cm?/nm/sr @ 1400 nm
SWIR 2 2.2 X10° W/cnm?/nm/sr @ 2100 nm

Weight 5.44 kg (12 Ibs)

Calibrations \Wavelength, absolute reflectance, radiance*, irradiance*. All
calibrationsare NIST traceable. (*radiometric calibrations are
optional)

Computer Windows® 7 64-bit laptop (instrument controller)

The Remote Sensing department of the National Research Council in Lebanon owns this
device. They helpeds in the acquisition of thgectraof landmines

To test the variation of the reflectance spectra in different condjtime acquired the
reflectance spectra lmb, in grass field and in soil field as we will show in the next sections.

4.8.1.Reflectance spectra of landmines acquiredhithe lab

In a first step, in order to register the reflectance spectrum of the landmines that we have, we
acquired the spectrum in Lab conditions. By this, we mean that in a lab room, we used a specific
source of light that produces light of differemavelengths between 350 and 2500nm of the
same intensitylt is designed tgroduce stable output with a smooth spectral curve into the
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SWIR range ando minimize backscatter and any change of lamp energy output over time
[131]. The lamp produces a walkfined beam to maximize the amount of light energy on a
sample area while minimizing stray light from surrounding surfft&s).

The llluminator enefitsas stated by the manufacturer r@l]:

T The 70 watt quarttungsterhalogen light source with integrated reflector produces
stable illumination over the 350 to 2500 nm range

Stable output yields accurate and dependable reflectance measurements
Well-defined beam maximizes light energy on sanapéa

Precise voltage regulation for high stability light output

=A =4 =4 =

Multiple mount options for lab stands or tripods

The source of light is usad order to avoid the noise and otlatifacts that we may face in
the field. In addition, the sunlight when reashhe soil, it will nohavethe same intensity at
all wavelengths due to CQ®&ater vapor and other pollutants that absarhations okpecific
wavelengths.

This experiment was done in Scientic research center in Engineering at Lebanese University
faculty of Engineering.
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Figure31: Acquisition
of the reflectance
spectrum of TM46
landmine
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Figure32: trying different incident angle
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As we see in the image, to acquire the reflectance spectrum of the landegnesed the
source of light shown in the figureiirst, the detectord calibrated on the white boarthe
calibration is necessary so aftiéris achieved the registeredspectraare automatically
convertedrom radiance ito reflectance value according to the reflection of light on the white
board.

We registeredhie reflectance spectra of the 6 minEseresults are as follows:
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Figure33: PMN reflectance spectrum taken in LAB
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Figure34: VS50 reflectance spectrum taken in lab
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PMD6 Lab reflectance

spectrum
i/
.".’
NS
0.3 p/‘h Ny \\ |
® 0.25 ' \ 1
= !
fas]
= | N
S N
or 0.2 |
lml\/x
0.15 \ .
HI‘\’L’N
0.1 . . . .
0 500 1000 1500 2000 2500
wavelength (nm)
Figure35: PMD6 reflectance spectrum taken in lab
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figure 36: M411reflectance spectrum taken in lab
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VS-2.2 reflectance spectrum
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Figure37: VS 2.2eflectance spectrum taken in lab

TM-46 reflectance spectrum
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Figure38: TM46-reflectancespectrum taken in lab

As we can see in the images, each landmine has a specific reflectance spuspnoves

the utility of hyperspectral imaging technique in landmine detection because by profiting from
the spectral information in tHeyperspectral images, we are able to detect the landmines and
in addition to distinguisktheir type

Another thing we can notice is that metal cased landmines like the TM46 antitank mine have
an increasing reflectance value as the wavelength increagesWWNtR and SWIR domains.
However, other plastic cased mines, like VS50 M411 and PhHY@ a decreasing value in

the VNIR and SWIR range# the nexisection we will see how these reflectance spectra will
change when landmines are planted in grass.
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4.8.2.Reflectance spectra of landmines acquired in grass Field

In this part, we show the gptra of reflectance of the landmines when they were planted in
grass field. This experiment was date_ebanese university campdsadath in a sunny day.

The weather waslear and sunny without clouds in the sky. Here we planted all mines in the
field. In addition, we acquired the reflectance spectrum of the grass just to compare the

signature with and without landmines.

¢

Figure39: AP mines planted in grass

The reflectance spectrum of the grass is as follows:
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reflectance spectrum of grass
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Figure40: Grass reflectance spectrum

In this test, we removed the bands that corresponds to water absorption bands. In these bands,
the data collected is too noisy. Just for example, the complete reflectance spectrum ethe gra
including the water absorption bands is as follows:

grass reflectance spectrum including in the noisy bands
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Figure4l: Grass reflectancepectrumincludingwater absorption bands

It is clear that the reflectance spectrum contains some erroneous regsaatimsethatthe
reflectance value in some bands is higher than one. This is not possible as at maximum an
object can reflect the entire incident light (reflectance value #igs&@ erroneous values are
regidered in the wavelengths that correspond to water absorption barttie. I8imidity in the

air causes this error.

The reflectance spectrum of the landmines in the grass field is as follows:
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PMN reflectance spectrum in grass
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Figure42: PMN reflectance spectrum when covered by grass
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Figure43: VS50efledance spectrum when covered by grass



PMD 6 reflectance spectrum in grass
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Figure44: PMDG6 reflectance spectrum when covered by grass

M411 reflectance spectrum in grass
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Figure45: M411reflectance spectrum when covered by grass

2500

98



VS-2.2 reflectance spectrum in grass
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Figure46: VS2.2 reflectance spectrum when covered by grass

TM-46 reflectance spectrum in grass
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Figured7. TM46 reflectance spectrum when covered by grass

As we notice in the figures, when landmines are covered with grass, the reflectance spectrum
changes and became more simitagrassThe maximum reflectance value sensed in case of
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pure grass is 0.58. However, in case of landmine presence, the maximum achieved is lower
than 05.

In the case of plastic mines, we notice that the reflectance values at high wavelength value
(1500 nm- 2500 nm) are lower than the case of grass material and have similar ghape t
landmine éspecially in case of PMNHowever, in case of metallic antitank mine (44),

the reflectance values are a bit higher.

These are some key points that we noticethis test.Many other details would help us to
estimate the abundance of landmine in the sensed pixel.

Figure48: Four AP mines exist in this scene. Could you localize them all?

4.8.3.Reflectance spectra of landmines acquired inod Field

During the same day when we acquired the reflectance spectra in the grass field, we acquired
the reflectance spectra of landmines in another field made of soil only and surrounded by trees
of pines. Also this test was dora Lebanese Univetgi Campus in the same weather
conditions.
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Figure49: Holding the device on my back, we acquired the spectra datitenines after burying them in the
soil

In this test, we acquired the reflectance spectrufowfantipersamnelmines In the following
some figure of the landmines buried in the soil:

101






















































