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ABSTRACT 

 

Landmine detection is an important and yet challenging problem that remains to be 

solved. It is not only a problem for military, but also for humanitarian concern. The goal 

of this research is to propose some techniques for landmine detection. Two advanced 

feature based techniques are developed. One algorithm applies the clustering method 

based on the spectral feature vectors formed by the energy density spectra of return 

sensor signals, the idea behind is to find out whether there are some “hidden patterns” 

among the spectral feature vectors. The other one is the subspace detector technique that 

utilizes the energy density spectra of return signals directly. These techniques are tested 

in various testing data sets collected from the vehicle mounted ground penetrating radar 

to evaluate their ability to improve the detection result and reduce the false alarm rates.  

Both of them are proved to be useful in improving the detection of landmines. 
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Chapter 1

Introduction

1.1 Forward

The detection of land mines has been a very important and popular research

area in recent years. Nowadays the unstable world also highlights the impor-

tance of land mine detection technique. Widely published reports estimate

that there are 110 million land mines in 70 countries [1]. The land mine detec-

tion is a problem of significant military, economic, and humanitarian concern.

Not only do land mines pose a deterrent to military activity during conflict,

they also remain lethal long after that conflict is over [2]. So the research is

driven not only by the need in military operations, but also for humanitarian

purposes to clear up mine fields left after wars that claim more than 30,000

deaths and injuries every year [3]. The statistics are staggering: 80 percent of

the victims of antipersonnel mines are civilians, many of whom are children

[4]. Moreover, the number of anti-personnel land mines is increasing at the

rate of one half to one million mines per year [2]. In fact, current antiperson-

nel land mines cost between $3 - $25 per mine and clearance methods cost

between $300 - $1000 per mine removed [5]. So the motivation of developing

new counter-mine systems which will operate with a high degree of accuracy

while being simple enough to deploy at low cost is great.
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The detection of land mines is not an easy but difficult and challengeable work.

Land mines can be buried in almost every type of terrain and environmental

condition, so to locate a them accurately is very hard. The detection has to

rely on the signal responses from land mines captured by the sensors. However,

very little technology is currently employed in the real world for the detection

of land mines [1]. Many types of detection sensors are developed or currently

being developed as well as many signal processing techniques which aims to

improve the detection accuracy in both academic and industrial fields. Among

them, ground penetrating radar (GPR) has been gaining momentum recently

as a sensor for land mine detection [3]. It is very promising in detecting the

low-metal and plastic land mines but in the meanwhile some signal processing

techniques are needed to improve the detection result. The research involved in

this thesis will introduce a signal-processing technique for ground penetrating

radar and investigates two advanced feature based detection techniques using

the signal collected by the ground penetrating radar.
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1.2 Problems and Techniques for Land Mine Detection

Land mines are different from unexploded ordnance (UXO). UXO are bombs

that were drop from planes, or fired rocket launchers, whose fuses did not

detonate when they hit the ground. They are not designed to blow up when

stepped on or driven over [1]. For land mines, they are present intentionally

and are designed to kill or maim the people step on them or demolish the

vehicle drive over them, so it makes the detection of land mines much more

dangerous than the detection of UXO. Also, metal detector will be very ef-

ficient to detect the UXO, but nowadays the newer land mines contain very

little metal so to detect them with a metal detector becomes not feasible.

Land mines are usually embedded in metal, plastic or even wooden case and

they can be in different shapes and sizes. Figure 1.1 shows four kinds of

anti-tank (AT) and anti-personnel (AP) land mines.

Figure 1.1: Examples of land mines. Left to right, VS1.6 plastic AT mine, PMD6 wood AP

mine, VS50 plastic AP mine, and M14 plastic AP mine [1].

These land mines can be placed just on the surface of earth or buried under-

ground at different depth, generally shallow for anti-personnel land mines and

can be up to 16 inches for anti-tank land mines. Also the climate and geo-

graphic condition of the fields on where land mines are placed could be very
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complicated. All these factors can limit the efficiency of the detection and are

the challenges that have to be conquered.

So an efficient land mine detection system should have the capability to detect

varying kinds of land mines no matter what size, shape, burial depth, casing

type and explosives signature they might have, in a good standoff distance

for the safety consideration. The system should be able to distinguish the

land mines from the background clutter and provide a highly precise detec-

tion result with very low false alarm rate, acceptable operational speed and

imaging capability in a reasonable cost. It is really a challenge to meet all

these demanding requirements. However, so far many technologies and detec-

tion sensors have been developed to solve these problems. Forward-Looking

Infrared (FLIR), Thermal Neutron Activation (TNA), Quadruple Resonance

(QR), Visible Wavelength Cameras, Acoustics detection system, Ground Pen-

etrating Radar (GPR) [1], laser detection and penetrating radiation are some

of the new land mine detection technologies used in various applications, some

traditional sensors such as metal detector can be very useful for UXO and

metal-cased land mine detection. However, the resulting false alarm rate, par-

ticularly in metal-cluttered areas such as war zones, can be extremely high,

also it has difficulty in urban environments where there is a lot of background

metal [1]. Moreover, unfortunately not all land mines are metal-cased, so other

detection techniques are needed.

Forward-looking infrared (FLIR) systems attempt to take advantage of the

circumstance where the soil directly above a land mine heats and cools at

a slightly different rate than surrounding soil [6]. And as the name implies,

instead of detecting the land mines directly beneath the system, it is able to

detect the land mines which are ahead of the sensor. The FLIR can form
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an image of the land mines, or the soil on top of the them, so it can cover

a large area in a short time. When the purpose is to identify minefield, this

technology is the best suit one. But the disadvantage of this system is that it

cannot be applied when the soil and mine are in thermal equilibrium condition.

Thermal neutron activation (TNA) and quadruple resonance (QR) sensors can

directly detect the explosive signature of land mins. TNA works on the prin-

ciple of the detection of neutron-activated gamma-rays from nitrogen, which

is a constituent of all explosives. Nitrogen, following thermal neutron capture,

emits a characteristic gamma-ray which is a higher energy than almost any

other gamma-ray likely to be encountered in the field. QR utilizes a magnetic

field pulse at a radio frequency specifically targeted to explosive compounds

(e.g., RDX and TNT) [7]. So far, TNA and QR are effectively used as confir-

mation sensors to confirms or denies the presence of a land mine when other

sensor such as GPR indicates there may be one in some location.

Visible wavelength cameras and acoustics detection systems are another two

land mine detection technologies. The autonomous system in the visible wave-

length cameras can detect the anti-tank land mines which are placed just on the

surface of earth, when the human eyeball can barely see them. Or even when

the mines are buried, the fresh dig and weathered dig location of the mines

can be noticed by the camera system. Acoustic detection methods typically

employ loudspeakers to vibrate the ground and laser Doppler vibrometers to

scan an area and detect the acoustically induced motions [8]. Detection rests

on the principle that motion of the land mine is different from that of sur-

rounding soil because the land mine contains rigid structure that resonates in

a particular way [1]. It is a more recently out-of-gate technique than GPR or

metal detector.

5



Laser detection utilizes the difference in the reflectance and polarization of soil

when disturbed by laser energy. This requires however a large laser power and

a complex data interpretation process [9], which makes this system not easy

to implement. Penetrating radiation (neutrons and photons) offers another

probe for standoff land mine detectors. It does not rely on radiation transmis-

sion since it requires access to two opposing sides of the object, a situation not

attainable with land mines. Therefore, one has to rely on radiation scattering

or activation. Photons, in the form of x- or gamma-rays, incoherently collide

with atomic electrons with a probability that is dependant on the electron

density, and consequently the mass density, of the medium. As the scattered

photons travel back towards the detector, they are removed by further scat-

tering or absorption. With the photo-absorption probability being strongly

dependant on the atomic number. The difference between the atomic number

and density of mine and soil allows the identification of the former. This is

the essence of the x-ray backscattering system of Campbell and Jacobs [10].

Ground-penetrating radar (GPR) is a geophysical method that uses radar

pulses to image the subsurface. This non-destructive method uses electromag-

netic radiation in the microwave band (UHF/VHF frequencies) of the radio

spectrum, and detects the reflected signals from subsurface structures. It has

been actively applied to variety of geophysical applications for nearly 70 years

and is recently gaining momentum as a sensor for land mine detection. When

parameters such as frequency range, antenna size, antenna separation, and

system timing are optimized for detection of mine-sized objects in the near

subsurface, GPR is quite effective in detecting both metal and plastic land

mines in a variety of soils [1]. The radar signals are reflected by denser, buried

objects. Due to its higher density, a mine has a different radar signature

than the soil that surrounds it. Also, ground penetrating radar can detect the
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presence of subsurface targets by distinguish them as land mines and clutter

objects based on the level of symmetry exhibited by the targets. GPR is able

to identify the dielectric discontinuities below the surface and any discontinu-

ities appear as a signal, instead of detecting the metallic content of an object,

so it is capable detect the low-metal cased or even plastic and wooden cased

land mines. Some signal processing techniques are typically applied to cal-

culate and subtract background in order to enhance signal. However, GPR‘s

ability to detect non-metallic targets can be offset by the false alarms caused

by some materials such as roots of tree and rocks. Besides, GPR is techno-

logically complex, and the weight and power requirement of the system make

GPR most easily deployed on a vehicular platform [1], i.e., the vehicle mounted

GPR system.

There are certain challenges pertaining to the GPR system, the major one is

the visualization of the signal data. Also, the data collected by the radar has

to be presented in a comprehensible format in order to attain a comprehensive

conclusion. This data may be a color-mapped image of the energy of a block

of data, or a time domain representation of the measured signal. Image pro-

cessing sometimes becomes equally important to the signal detection. Besides,

pre-processing the data is also an important factor in order to achieve better

detection of the land mines. This can be done in both the time and frequency

domains.

7



1.3 Previous Works on Land Mine Detection

Since land mines are buried deeply under the ground, land mine detection has

to rely mostly on sensors that can capture some types of signal responses from

land mines. The initial standard land mine detector is metal detector (MD),

also known as Electro Magnetic Induction (EMI) sensors. EMI sensors can

easily detect metal land mines. Unfortunately, newly produced land mines

nowadays contain very low metal content and can be plastic or even wooden

cased. As a result, metal detectors will have problems in detecting this kind

of land mines. Ground penetrating radar (GPR) is the emerging technique

used in mine detection that can detect plastic or low metal content land mines

[11]. GPR system can be operated in both the time domain and the frequency

domain. In this system, the lower frequency components can penetrate the

ground further, while it is the higher-frequency components that are neces-

sary to image and resolve smaller targets below the ground. GPR systems are

usually of two types: handheld system and vehicle mounted system. Extensive

research has been done for these two GPR systems.

Wide varieties of signal processing techniques have been used in the past to

process GPR received signals. Some works done Gader et al. [12]-[13] has

suggested a gradient-based method for land mine detection. This method

efficiently used the Fuzzy clustering technique by generating multiple proto-

types of training data from a fuzzy clustering of gradient features. In [14]-[17],

Hidden Markov Models (HMM) have been used to process GPR received sig-

nals. Though the technique is still under investigation, it has been proved

that HMM can be used to efficiently detect the presence and location of land

mines. In [18]-[19], a least-squares method has been proposed to remove the

ground bounce obtained on a rough surface. However, its performance de-

pends heavily on the reference ground bounce and no method has been given
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in [18]-[19]. A system identification based clutter removal algorithm is given

in [20]-[21], which uses ARMA model to describe clutter and abrupt change

detection technique to classify clutter and target signal. The technique focuses

on pre-processing the GPR data to reduce the influence of near-surface clut-

ter. Once the clutter is satisfactorily known, this technique easily identifies

the target as a small anomaly within the known clutter background. How-

ever, the dependency on the reference clutter data is a major drawback of this

technique. A linear prediction approach for the detection of land mines has

been proposed by Dr. Ho, which uses a linear prediction model to generate

a mine detection alarm if the current and past few signal samples do not fit

the linear prediction model. Apart from the above methods, wavelet analysis,

principal Component analysis (PCA), Independent component analysis (ICA)

have been proposed for clutter suppression in [22]-[23]. Wavelet decomposition

and reconstruction will lose some useful target signal component because the

ground bounce is usually very strong and would overlap the target signal in

the time-frequency plane. Deming [24] proposed Maximum Likelihood Adap-

tive Neural System (MLANS) for land mine detection, which is a model based

neural network that combines the adaptability of a neural network with the

priori knowledge of signal models. The MLANS technique is designed to adapt

to unknown and changing soil conditions, while incorporating signal models

based on the physics of electromagnetic scattering for a specific object or clut-

ter type. However, for accurate feature extraction, the technique requires

well defined clutter and mine signature models. The handheld GPR system

has time varying clutter and does not provide clear signature models. Hence,

MLANS technique would be more appropriate for vehicle-based systems.

9



1.4 Thesis Contribution

In the research of this thesis, we propose and investigate two techniques trying

to improve the detection result and reduce the false alarm rates for the land

mine detection. We realize that the GPR signal spectrum for certain types of

land mine sometimes can reveal important features of these mines even when

the signals themselves are quite weak, so both techniques we investigate in

this thesis are based on the spectral features.

The first technique is the clustering method based on the spectral feature vec-

tors which is formed by the energy density spectrum of the GPR signals. The

purpose of this technique is to find out whether there are some “hidden pat-

terns” among the GPR signals from the training data field. If some patterns

are found through clustering, then we want to see whether these “hidden pat-

terns” can be used to improve the detection performance. After the energy

density spectrum of the GPR signals are obtained, they will be used as the

elements of the spectral feature vectors. Then we will study and define the

proximity measure of these vectors. Proximity here is defined as the “distance”

between one spectral feature vector and other vectors. Later according to the

proximity measure, some studies will be done trying to decide which cluster-

ing method we are going to implement to these spectral feature vectors. As

a result, the K-Means algorithm, which is one of the partitioning algorithms,

is implemented to cluster these vectors. When the clustering process is done,

the quality of the clusters will be studied, then according to the experiment

results we will decide how many clusters the whole data set should be parti-

tioned, and the K-Means algorithm will be implement to cluster the vectors to

obtain the final clusters. Eventually the centroids of the clusters will be taken

out and combined with the spectral feature vectors to verify the effect of the

clustering method in the testing field.
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The subspace detector is the second technique we have investigated. Not like

the clustering method based on the spectral feature vectors formed by the en-

ergy density spectrum of the GPR signals, the subspace detector technique is

based on the energy density spectrum directly. In this technique two hypothe-

ses for detection are set to decide whether the received GPR signal contains

the response signal from target plus the noise or just has the noise. The en-

ergy density spectra of a GPR signal can be considered to lie in the subspace

spanned by some basis vectors si and some coefficients ai. According to maxi-

mum likelihood estimation, the value of the coefficient vector can be estimated

using the subspace basis matrix formed by the basis vectors and the energy

density spectra. Then the two hypotheses will be related to the value of the

estimated coefficient vector: if its value bigger than certain threshold value,

then the received GPR signal contains the response signal of target. In order

to obtain the value of the coefficient vector, we have to obtain the subspace ba-

sis matrix, so later independent component analysis technique and eigenspace

separation transform technique are investigated. Finally eigenspace separation

transform and eigenvalue decomposition are used to obtain the value of the

subspace basis matrix. Also the effects of varying the total number of basis

vectors used and the length of energy density spectrum used in the subspace

detector on the detection performance will be evaluated. Eventually the sub-

space detector technique is implemented on the testing field to verify its ability

to improve the detection result and reduce the false alarm rates.
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1.5 Thesis Organization

This thesis consists of six chapters. The introduction is covered in this chapter.

Chapter 2 will covers the background of this land mine detection project,

some basis knowledge of the GPR system as well as the description of the

mathematics used in this thesis will be introduced, and the training and testing

data set will be describe. In chapter 3, we will introduce the vehicle mounted

GPR system and discuss how to use the frequency domain features from the

GPR in the land mine detection. Chapter 4 will be the investigation of the

clustering method based on the spectral feature vectors. In chapter 5 we

will study the subspace detector based on the energy density spectrum of the

GPR signals, and also evaluate the effects of varying the total number of basis

vectors used and the length of energy density spectrum used in the subspace

detector on improving the detection result. Finally in chapter 6, conclusions

and possible future works will be included.
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Chapter 2

Background

2.1 Basic Knowledge of Land Mine Detection

Metal Detector, also known as Electromagnetic Induction (EMI) sensor, is

the most widely used sensor in land mine detection. Since in metal case land

mines, the metal content is typically ferrous, so this kind of land mines can

be easily detected by EMI sensors. In EMI sensors, there is usually a pair

of coils, one of them will be used to transmit an electromagnetic pulse and

the other one will be used to receive and detect any current induced by the

pulse in subsurface metallic objects. EMI sensors can be of two types, Time

domain or Frequency domain. The response from a time domain sensor can

be modeled mathematically as a sum of decaying exponentials, and numerical

methods of frequency domain EMI sensors have been developed. The major

disadvantage with the EMI sensors is that they cannot detect low metal or

plastic-encased land mines, and the false alarm rates in urban environments

where lots of background metal exist will be very high. Nonetheless, it remains

as the front-line tool in the detection of land mines [1].

GPR sensor has been used for land mine detection in recent years since it has

the advantage of having the capability to detect plastic case mines [16]-[18].

GPR sensor is typically moved forward along a test track by hand or mounted
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on a vehicle. GPR sensor operates by transmitting high frequency pulse down

into the ground through an antenna, the transmitted pulse enters the ground,

contacts objects or subsurface with different electrical conductivities and di-

electric constants, and then is reflected by them. Ultimately, GPR images the

dielectric properties of the soil, and any discontinuities appear as a signal [1].

Another antenna of GPR sensor will receive the reflected pulse and store it in

a digital control unit. The control unit present in the antenna system regis-

ters the reflections against the ground surface and then amplifies these signals.

GPR pulse can reach depth up to 100 feet in low conductivity materials and

decreases to around 30 feet in high conductive materials which may attenuate

or absorb the GPR signals. The depth of penetration is also determined by

the types of radar antenna used in the sensor. Antennas with low frequencies

from 25 to 200 MHz can obtain 30-100 feet or more penetration depth. When

antennas with high frequencies from 300-1000 MHz just have shallow pene-

tration depth, the high frequency components can achieve high resolution for

small targets. One problem of the GPR sensor is that the presence of clutter

will has a holdback in the detection accuracy of land mines. The clutter in

various soil and environmental conditions can lead to false alarms in land mine

detection. Another problem is the soil itself, even under near-ideal test track

conditions, soil itself is a remarkably inhomogeneous medium, and false alarms

are easily generated from the background itself [1]. Therefore it is necessary

to use signal processing techniques on the GPR data to overcome the these

negative effects, especially for detecting small, shallow objects.

Another radar approach is synthetic aperture radar (SAR), which utilizes mul-

tiple antenna locations to improve resolution of the resulting image, essentially

creating a larger antenna from multiple smaller antennas [28]. Lately, Energy

Focusing Ground Penetrating Radar (EFGPR) has been proposed, this sys-
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tem incorporates both bistatic impulse radar and synthetic aperture (SAR)

principles. EFGPR is designed specifically for the detection of land mines, it

is unique in its ability to focus in hardware and is designed by taking a wide

variety of environments into consideration.

Though several sensors are developed in the sensor industry, ultra wideband

GPR sensor have been accepted as popular sensor for the detection of land

mines. GPR systems are usually divided into two board types: vehicle-

mounted and hand-held GPR systems, we will focus on the vehicle-mounted

GPR system in this thesis. Vehicle-mounted GPR is a rapid, continuous data

collection system that contains highly accurate and repeatable data as it is

moved over a pre-defined path. There are several constraints that need to be

taken care of before designing any vehicle-mounted system which makes the

system expensive. The system has the radar antenna mounted on a vehicle

which is remotely controlled from an armor-protected vehicle. The vehicle’s

ground pressure should make it possible to drive over mines without detonating

them. The antenna has to be very stable with respect to speed, vibration and

other movements. All these factors have strong influences in the design of the

vehicle-mounted GPR system. More contents concerning the vehicle-mounted

GPR system will be introduced in chapter 3.
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2.2 Ground Penetrating Radar Data Format

GPR data can be represented in three different forms, A, B, and C scans,

according to the scanning dimension [29]. Figure 2.1 shows the 3D coordinate

system defined on a section of earth, where the XY plane represents the ground

surface and the Z-axis represents the direction into the ground.

Figure 2.1: The 3D coordinate system defined on a section of ground [29].

Figure 2.2: An example of an A-scan signal (1× 500) [30].

16



The A-scan signal is obtained by a stationary measurement after placing an

antenna above a specific position, such as (x, y) in Figure 2.1. The collected

signal is presented in the form of a group of signal strength versus time de-

lay. Figure 2.2 shows an example of an A-scanned signal obtained using an

ultra-wide band (UWB) GPR. The positions of these peaks correspond to the

distance between the antenna and various reflecting surfaces. The first peak

is the air-ground reflection and the second is the mine target.

B-scan signal is obtained as the horizontal collection from the ensemble of A-

scans. The collected signal is presented as intensity on the plane of scanned

width versus time delay. Therefore, the B-scanned signal measured at y = y′

can be considered as a 2D signal, Figure 2.3 shows an example of B-scan.

Figure 2.3: An example of a B-scan signal (500× 50) [30].

In Figure 2.3, the vertical axis corresponds to the horizontal axis of Figure

2.2 and the horizontal axis represents the scanned width, which is the number

of A-scans. The intensity or color of each pixel indicates the signal strength,

and corresponds to the vertical axis of Figure 2.2. We can see from these two

figures that the A-scan could only show some sign of object reflection in Figure

2.2, whereas a B-scan can distinguish a mine-like target from the air ground
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surface and also can give information about the position of the object.

C-scan signal is obtained from the ensemble of B-scans, measured by repeated

line scans along the plane. The collected C-scanned signal forms a 3D signal,

which is depicted by the hexahedron shown in Figure 2.1. Since visualization

of a three-dimensional data is not easy, a C-scan is usually represented by a

collection of horizontal slices for a specific data point, that is XY-planes at

each specific position on the Z-axis. Each slice corresponds to a certain depth

level, which is equivalent to the vertical axis of the B-scan. Figure 2.4 shows

an example of a C-scan signal.

Figure 2.4: An example of a C-scan (50 × 50) [11]; consisting of horizontal slices at data

points 133 to 166 at intervals of 3 depth points.

In Figure 2.4, both horizontal and vertical axes correspond to the horizontal

axes of a B-scan, and the depth level corresponds to the vertical axis of B-

scan. Although we cannot clearly define the air-to-ground boundary from

these images, we can distinguish the target mine from its background, and can

roughly figure out the shape of the target.
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2.3 Testing and Evaluation

In the testing facilities, there are carefully constructed mine lanes. On these

mine lanes, the land mines are real but unfused and thus do not detonate if

they are run over by people or a detection system. All testing and evaluation

environment is made purposely to be as close to real-world environment as

possible.

These mine lanes will be divided into two parts: one part is called the train-

ing data set, the other one is testing data set. Training data set is used to

obtain the GPR signals of land mines, and then the energy density spectrum

of these signals are generated. Later, the clustering method and the subspace

detector technique based on these energy density spectra are performed. The

testing data set is used to evaluate whether the performance of the clustering

method and the subspace detector technique can improve the detection result

and reduce the false alarm rate. Also, the training and testing data set are

not fixed, it means in one experiment, some mine lanes are belonging to the

training data set, and then in next experiment, these mine lanes will belong

to the testing data set, as shown in Figure 2.5.

Figure 2.5: Mine lanes can belongs to different data set in different experiments.
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2.4 Mathematics used in the Thesis

Maximum likelihood estimation and eigen decomposition are involved in the

subspace detector technique which will be introduced and discussed in chapter

5. Here the basis introductions about these two mathematic methods will be

given.

2.4.1 Maximum Likelihood Estimation

Maximum likelihood estimation (MLE) is a popular statistical method used

to calculate the best way of fitting a mathematical model to some data. Mod-

eling real world data by estimating maximum likelihood offers a way of tuning

the free parameters of the model to provide an optimum fit. The method was

pioneered by geneticist and statistician Sir R. A. Fisher between 1912 and 1922.

In mathematical modeling, once a model is specified with its parameters, and

data have been collected, the next step is to evaluate its goodness of fit, that

is, how well it fits the observed data. Goodness of fit is assessed by finding

parameter values of a model that best fits the data, a procedure called pa-

rameter estimation. There are two general methods of parameter estimation:

least-squares estimation (LSE) and maximum likelihood estimation (MLE).

Between these two methods, MLE has many optimal properties in estima-

tion [31]: sufficiency (complete information about the parameter of interest

contained in its MLE estimator); consistency (true parameter value that gen-

erated the data recovered asymptotically, i.e. for data of sufficiently large

samples); efficiency (lowest-possible variance of parameter estimates achieved

asymptotically); and parameterizations invariance (same MLE solution ob-

tained independent of the parametrization used). From a statistical point

of view, the method of maximum likelihood is considered to be more robust

(with some exceptions) and yield estimators with good statistical properties.
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In other words, MLE methods are versatile and apply to most models and to

different types of data. In addition, they provide efficient methods for quanti-

fying uncertainty through confidence bounds.

Consider a family Dθ of probability distributions parameterized by unknown

parameters θ1, θ2, · · · , θk, which we need to estimate, associated with either a

known probability density function ( for continuous distribution) or a known

probability mass function ( for discrete distribution), denoted as f(x; θ1, θ2, · · · , θk).

We draw a sample x1, x2, · · · , xn of n values from this distribution, and then

using f(x; θ1, θ2, · · · , θk) we compute the probability density associated with

our observed data, which is

f(xi; θ1, θ2, · · · , θk), i = 1, 2, · · · , n (2.1)

Commonly, one assumes that the data drawn from a particular distribution

are independent, identically distributed (iid) with unknown parameters. This

considerably simplifies the problem because the likelihood can then be written

as a product of n univariate probability densities:

L(θ1, θ2, · · · , θk|x1, x2, · · · , xn) =
n∏

i=1

f(xi; θ1, θ2, · · · , θk)

= L

(2.2)

Then the maximum likelihood estimator of θ1, θ2, · · · , θk are obtained by maxi-

mizing L. Since L is not affected by monotone transformations, the logarithmic

likelihood function is given by:

Λ = ln L =
n∑

i=1

ln f(xi; θ1, θ2, · · · , θk) (2.3)
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Right now the maximum likelihood estimator of θ1, θ2, · · · , θk can be obtained

by maximizing Λ, which is much easier to work with than L. The maximum

likelihood estimators of θ1, θ2, · · · , θk are the simultaneous solution of k equa-

tions:

∂Λ

∂θj

= 0, j = 1, 2, · · · , k (2.4)

One thing needs to know is that the maximum likelihood estimator may not

be unique, or indeed sometimes it may not even exist.

2.4.2 Eigenvalue, Eigenvector and Eigen Decomposition

Eigenvalues are a special set of scalars associated with a linear system of equa-

tions, i.e. a matrix equations, which are sometimes also known as characteristic

values. The determination of the eigenvalues and eigenvectors of a system is

extremely important in physics and engineering, where it is equivalent to ma-

trix diagonalization. Each eigenvalue is paired with a corresponding so-called

eigenvector. The decomposition of a square matrix A into eigenvalues and

eigenvectors is known as eigen decomposition.

Let the matrix A be a linear transformation. If there is a vector x ∈ Rn 6= 0

such that

Ax = λx (2.5)

for some scalar λ, then λ is called the eigenvalue of the matrix A with corre-

sponding eigenvector x.
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Let A be a k × k square matrix

A =




a11 a12 . . . a1k

a21 a22 . . . a2k

...
...

...

ak1 ak2 . . . akk




(2.6)

with eigenvalue λ, then the corresponding eigenvectors satisfy




a11 a12 . . . a1k

a21 a22 . . . a2k

...
...

...

ak1 ak2 . . . akk







x1

x2

...

xk




= λ




x1

x2

...

xk




, (2.7)

which is equivalent to the homogeneous system




a11 − λ a12 . . . a1k

a21 a22 − λ . . . a2k

...
...

...

ak1 ak2 . . . akk − λ







x1

x2

...

xk




=




0

0

...

0




. (2.8)

Equation (2.8) can be written as

(A− λI)x = 0, (2.9)

where I is the identity matrix. According to Cramer’s rule, a linear system of

equations has nontrivial solutions if and only if the determinant vanishes, so

the solutions of equation (2.9) are given by

det(A− λI) = 0. (2.10)

This equation is known as the characteristic equation of A, and the left-hand

side is known as the characteristic polynomial. If all k eigenvalues are different,
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then plugging these value back in can give us k− 1 independent equations for

the k components of each corresponding eigenvector, and the system is said

to be nondegenerate.

Assume that A has k nondegenerate eigenvalues λ1, λ2, . . . , λk and their cor-

responding eigenvectors x1,x2, . . . ,xk are linear independent. Define the ma-

trices composed of eigenvectors

Q = [x1 x2 . . . xk] =




x11 x21 . . . xk1

x12 x22 . . . xk2

...
...

...

x1k x2k . . . xkk




, (2.11)

and eigenvalues

Λ =




λ1 0 . . . 0

0 λ2 . . . 0

...
...

...

0 0 . . . λk




, (2.12)

where Λ is a diagonal matrix. Then

AQ = A[x1 x2 . . . xk],

= [Ax1 Ax2 . . . Axk],

= [λ1x1 λ2x2 . . . λkxk],

(2.13)

which can be rewritten as
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AQ =




λ1x11 λ2x21 . . . λkxk1

λ1x12 λ2x22 . . . λkxk2

...
...

...

λkx1k λ2x2k . . . λkxkk




,

=




x11 x21 . . . xk1

x12 x22 . . . xk2

...
...

...
...

x1k x2k . . . xkk







λ1 0 . . . 0

0 λ2 . . . 0

...
...

...

0 0 . . . λk




,

= QΛ.

(2.14)

According to equation (2.13) and equation (2.14), A can be expressed in terms

of Q and Λ as

A = QΛQ−1. (2.15)

The whole process above is called eigen decomposition. According to the eigen

decomposition theorem, as long as Q is a square matrix, this decomposition

is always possible for a square matrix A.
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Chapter 3

Land Mine Detection Using Frequency

Domain Features from Vehicle Mounted

Ground Penetrating Radar

3.1 Introduction

Metal detector can detect some small and shallow-buried metal antipersonnel

mines. However, when it comes to the deeply buried land mines, a metal

detector will have a difficulty to detect them. Also, nowadays more and more

land mines are plastic-encased, these mines contain varying degree of metal,

in the low degree of metal case, the metal detector may be unable to detect

these land mines. Furthermore, in urban environment where there is a lot of

background metal, the detection result of a metal detector will have a very

high false alarm rate which would make the result useless. Because of all

these disadvantages, detection technology development has been invested and

implemented in other areas. Ground Penetrating Radar(GPR) is one of these

technologies. Basically there are two types of GPR systems: handheld GPR

systems and vehicle mounted GPR systems. In this research, we focus on the

use of the vehicle mounted GPR systems. In the case of vehicle mounted GPR

systems, the signal returns are usually corrupted by background noise and

clutter. Also the pattern of signal return from a mine could be distinctive,
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even if the energy of the signal return from a mine was relatively low. Hence,

feature based processing techniques are usually employed in this case.

3.2 Ground Penetrating Radar and Vehicle Mounted

GPR Systems

Ground penetrating radar is a geophysical method that has been developed

for shallow, high-resolution, subsurface investigations of the earth. It has been

applied to the problem of land mine detection for nearly 20 years [1] and gain-

ing momentum in recent years as a sensor for land mine detection [3]. GPR is

quite effective in detecting low metal or plastic land mines in different types of

soils and it can be excited by pulse or frequency swept. During the detection

process, high frequency signals, which are in the order of GHz, are sent out

to penetrate the ground and the returned echo signals are then used for the

detection of land mines. The penetration depth is related to both the fre-

quency range produced and the soil attenuation: lower frequency components

can penetrate further, but it is the higher-frequency components that can im-

age and resolve smaller targets. Eventually, GPR gives out the image of the

dielectric properties of the penetrating ground, any discontinuities occurs will

be considered as a signal.

Vehicle mounted GPR systems, as the name implies, is a land mine detec-

tion systems that with the ground penetrating radar mounted on a vehicle.

It is a concept relative to the handhold GPR systems. Comparing with the

handhold GPR systems, this kind of land mine detection equipment should

have the capability of detecting land mines in large and complicated condition

surfaces such as roads, urban environment ground or even the battle front, at

a acceptable speed.
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Nowadays, many different types of vehicle mounted GPR systems have been

developed and implemented in the land mine detection projects. All of them

have the capability of detecting the low-metal or plastic-cased land mines. A

conventional vehicle mounted GPR system will use one sensor or many sensors

to proceed the detection, i.e, an array of sensors will be employed. Improved

Landmine Detection System(ILDS) [32] is an instance: it is a multisensory

teleported system which uses 24 metal detector coils to cover a 3 m swath,

also 3 GPR modules are used, each consisting of a number of monostatic an-

tennas, to cover the required detection field. The output of this system will

be a combination of the outputs from all these detectors with data fusion

technique in order to reduce false alarm rate from each individual detector.

Another example for vehicle mounted GPR systems is the articulated robotic

sensor system [33], a generic robotic device is used to move a land mine de-

tection sensor over detection field in this system. The robotic device can be

operated remotely so the dangers for the operator can be reduced. In this

system, instead of an array of sensors, just one single sensor is employed to

provide similar coverage so that the cost, size and overall complexity of the

system is reduced with minor increase in mechanical complexity.

Wichmann/NIITEK system is the system which is being used recently to col-

lect data in the field for detecting antitank land mines. In this system, the

Wichmann/NIITEK radar mounted on a vehicle with antitank land mine over-

pass abilities. A marking system aiming to mark the locations where targets

are determined is located at the rear part of the vehicle system. The Wich-

mann/NIITEK radar has very wide bandwidth (around 200 MHz to 7 GHz)

and extremely low radar cross section, so even the inner structure of the buried

objects could be easily determined by the radar. Base on this advantage, the

identification and discrimination of targets are then possible with the use of
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returned echo signals measured by the Wichmann/NIITEK system. The fre-

quency domain feature based detection technique [3] is using the data collected

from the Wichmann/NIITEK radar.

3.2.1 Wichmann/NIITEK GPR Data

The Wichmann/NIITEK to radar vehicular system uses an array of 24 an-

tennas(channels), each antenna is approximately 5 cm apart from each other,

and the whole array board is 1.2m wide. Since there are 24 channels, so the

data consists of 24 cross-track channels for each scan and is sampled every

5 cm down-track as the vehicle moves in the down track direction. Each in-

dividual channel records 415 point vector of time samples and totally there

are 24,415 point time-domain vectors for every 5 cm down track. Therefore

pre-processing is needed on the data to avoid computational complexity in

locating the position of interest. The data after the pre-processing is as shown

in figure(3.1) below.

Figure 3.1: Wichmann/NIITEK GPR data after pre-processing [34]
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3.3 Frequency Domain Feature Extraction Techniques

In most case, the collected GPR data from radar is very susceptible to ground

bonce, which is an undesired signal generated due to high dielectric disconti-

nuity present between the soil and air, and clutter response. Therefore signal

processing is necessary to reduce false alarms caused by the ground bonce and

clutter response, and improve the detection of land mines. Most GPR signal

processing algorithm perform processing in the depth domain [35]-[38]. For

certain specific mine types, the GPR signal return is very weak which presents

difficulty for their detection [3]. In case where the time domain signature of

GPR returned signal is week, sometimes the GPR returned signal spectrum

can reveal important features for detection. The rest of this chapter study

such a frequency domain technique using the spectral characteristics of land

mines to improve the detection and reduce false alarms. Next section will sum-

marize the procedure to generate the energy density spectrum of a suspected

land mine location, and then use the energy density spectrum to extract the

feature vectors and generate confidence values to detect the presence of land

mine.

3.4 Energy Density Spectrum Generation

Ho et al. [3] proposed the frequency domain feature technique that uses the

energy density spectrum produced by land mine targets to improve their de-

tection. In this chapter, I will use the algorithm proposed by Ho at al. [3] as

a reference to improve the detection result.

The GPR data in this study is a frequency sweep radar that collects data in

the time domain. The bandwidth of the radar is up to 7 GHz and the sampling

rate is about 62 GHz. A vector contains 415 data points is collected in each

30



physical location. Because of the wide bandwidth, this radar has a very high

resolution in depth and the frequency resolution is:

Freq Resolution =
62× 109

415
= 150MHz (3.1)

As mentioned in the section 3.2.1, the spatial sampling resolution in both

cross-track and down-track is 5 cm. We use x to represent cross-track position

and use y to represent down-track position, then the GPR data from certain

location can be denoted as g(x, y, z), where z is the index of depth that has

values from 1 to 415. Then the data measurement can be modeled as:

d(x, y, z) = g(x, y, z) + v(x, y, z) + w(x, y, z) (3.2)

where g(x, y, z) represents the GPR signal, v(x, y, z) represents the clutter

responses and w(x, y, z) denotes the noise component. After obtaining the

data measurements, the generation of energy density spectrum contains 4 steps

and will be studied in the following subsections.

3.4.1 Pre-processing

The ground level will be estimated and the data above and just below the

ground will be removed in the pre-processing step. The depth of the ground

level is estimated to be the mean of the maximum value and the minimum value

of each vector sample averaging across down-track and cross-track. Then each

vector sample will be shifted to perform data alignment. Eventually, we just

use the data starting from 25 depth pixels below the ground surface to the

415th depth sample for further processing.

3.4.2 Non-linear Smoothing

In this step, 1-D median filter is applied to each depth bin separately to remove

the noise component. The length of the median filter is 5.
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3.4.3 Whitening

After median filtering, zeros are padded to each vector sample to make up the

length of 512, then FFT is applied to each vector sample along depth. The FFT

data before and after the current scan location of interest are used to compute

the mean and standard deviation of the background for normalization.

Let (xo, yo) be the current position of interest, then the mean m(xo, kz) and

standard deviation σ(xo, kz) of the background are:

m(xo, kz) =
1

2L

( yo−G−1∑
i=yo−G−L

D(xo, i, kz) +

yo+G+L∑
i=yo+G+1

D(xo, i, kz)
)

(3.3)

σ2(xo, kz)

=
1

2L

( yo−G−1∑
i=yo−G−L

|D(xo, i, kz)|2 +

yo+G+L∑
i=yo+G+1

|D(xo, i, kz)|2
)
− |m(xo, kz)|2

(3.4)

where D(x, y, kz) represents the FFT data taken along depth at position (x, y),

and kz is the frequency domain index for the depth dimension. G is the number

of guard samples that is set to be 6. L is the number of scans before or after

the current location to perform averaging, which is also set to 6.

The normalization is then applied to the scans from yo−G to yo + G, at each

frequency bin kz:

D̃(xo,y, kz) =
(D(xo, y, kz)−m(xo, kz)

σ(xo, kz)

)
,

y = yo −G, yo −G + 1, · · · , yo + G

(3.5)

After the normalization, the magnitude of D̃(xo, y, kz) is subtracted out the

mean and clipped at the root-mean-square value, where the mean and root-

mean-square value are computed at each frequency bin index kz over y =
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yo − G, yo − G + 1, · · · , yo + G. Finally the data is magnitude squared and

denoted as U(xo, y, kz).

3.4.4 Spectrum Generation

The spectrum is generated by averaging U(xo, y, kz) over a square window of

N samples cross-track times N samples down-track, where N is set to 5 in the

current study:

P (xo, yo, kz) =
1

N2

xo+(N−1)/2∑

x=xo−(N−1)/2

yo+(N−1)/2∑

y=yo−(N−1)/2

U(x, y, kz) (3.6)

Figure 3.2 shows the energy density spectra of two different types of plastic

anti-tank land mines which are known to be difficult to detect.

Figure 3.2: Energy density spectra. (a)Type-1 land mine, (b)Type-2 land mine. [3]

From the figure, we can observe that the energy density spectra for these two

type of land mines have strong spectral peaks in certain point.
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Figure 3.3 show the energy density spectra of two different types of clutter

objects. One of them has metal content, the other is just a piece of irregular

plastic.

Figure 3.3: Energy density spectra. (a)Clutter object 1, (b)Clutter object 2. [3]

In the figure, both of the clutter objects have high GPR energy return, how-

ever, their spectra do not have any strong harmonic components.

As a result based on the observations from figure 3.2 and figure 3.3, it is

expected that the energy density spectrum can be useful in improving the

detection of some weak mines and reduce false alarms.
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3.5 Spectral Feature Generation

To make use of the energy density spectrum to improve mine detection, a spec-

tral feature vector shall be generated [3] in which the elements are the spectral

energy at different frequency bands. Initially, the size of each frequency band

is set to 600 MHz for the study, hence over the the total bandwidth which is

6 GHz, there is 10 spectral features. Since the sampling frequency is 62 GHz

and the FFT size is 512 in this case, then the frequency bin size is computed

as 62/512 = 120 MHz. Note that each frequency band is 600 MHz, so each

frequency band will covers 600/120 = 5 frequency samples.

Because the GPR signal has a wide bandwidth, so sub-banding technique is

used here in frequency domain to reduce the computational complexity. A

cosine square window is used to decompose the frequency bands. The jth

spectral feature is generated by:

Q(xo, yo, j) =

(M−1)/2∑

i=−(M−1)/2

P (xo, yo, Bj − B

2
+ i)cos2(

π

M
i) (3.7)

where B is the frequency band size that is set to 5. M is the window size and

is equal to M = 2B − 1. There is 50% overlap between two adjacent bands,

and j takes values from 1 to 10.

In order to investigate the effectiveness of the spectral features in improving

land mine detection result, a confidence value based on the spectral feature

vectors should be generated. It is the weighted sum of the 10 spectral features

we attain from (3.7). Use Q to represents the spectral feature vector and W

to denote the weight vector which indicates the strength of the land mines,

then the confidence value is
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Conf = log
(
WTQ + 1

)
(3.8)

The weight vector W in this study is chosen to detect the weak land mines

and it is found by experimentation as

W = [0.2, 0.4, 1, 0.4, 0.2, 0, 0, 0, 0, 0]T (3.9)

Figure 3.4 below shows an example of the feature vectors obtained using 10

subbands.

Figure 3.4: Spectral features for 10 subbands for plastic anti-tank land mine. [39]
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3.6 Receiver Operating Characteristic

In this land mine detection project, special software developed by NIITEK,

namely Counter Mine Test Measurement system (CMTS) is used to score the

confidence values based on the data collected from various test sites. Later,

the receiver operating characteristic (ROC) which is the plot of probability of

detection versus probability of false alarms is generated. Then, the obtained

ROC is compared with the FROSAW algorithm [38]. For the FROSAW algo-

rithm, feature vectors are generated using feature based rules, order statistics

and adaptive weighting. Figure 3.5 and figure 3.6 show the comparison result.

Figure 3.5: Performance of the spectral features method, dataset 1. [3]
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Figure 3.6: Performance of the spectral features method, dataset 2. [3]

In these two figures, “Pd” represents “Probability of Detection”, and “FAR”

denotes “Probability of False Alarms”. It can be seen from these figures that

the ROC curve from the spectral features has almost half of the false alarms

from the FROSAW algorithm. We can have the conclusion that the spectral

feature technique improves the probability of detection and reduces the false

alarms, its performance is better than the FROSAW algorithm.
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3.7 Effect of Increasing Subbands

The effect of increasing the number of subbands from 10 to 20 has been stud-

ied by Pisipati [40]. The study shows that when the number of subbands is

increased to 20, the performance of the algorithm has some improvement in

the detection result. In the case of 20 subbands, three different weighting mask

are generated with three different pattern, and then the related maximum con-

fidence value obtained from these three masks is used as the final confidence

value. The three weighting masks are given below

W1 = [0.02, 0.1, 0.177, 0.558, 1, 0.243, 0.03, 0.01, 0.002, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0]T

W2 = [0.014, 0.155, 0.638, 1, 0.042, 0.13, 0.539, 0.25118, 0.0137, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0]T

W3 = [0.03, 0.1, 0.25, 0.57, 0.83, 1, 0.83, 0.57, 0.25, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0]T

Figure 3.7 shows an example of the feature vectors with 20 subbands
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Figure 3.7: Spectral Features for 20 subbands

All my research and investigation of the clustering technique and subspace

technique in the following chapters are based on the spectral feature vectors

obtained using 20 subbands.
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3.8 Conclusion

In this chapter, the knowledge of the vehicle mounted GPR radar system is re-

viewed. Its capability of performing detection in the complicated terrain such

as urban environment and the ability to detect the deeply buried, low-metal

or even plastic cased land mines make the vehicular system a much better

detection tool over the metal detector and the handheld GPR radar system.

Many kinds of vehicle mounted GPR radar system have been developed so far,

and among them, the Wichmann/NIITEK system has been emphasized in this

chapter since the data used in the land mine detection project at hand are col-

lected from this system. Also, the data structure of the Wichmann/NIITEK

system has been introduced.

Since the GPR data from the radar contains undesired signal which is known

as ground bounce, signal processing technique is needed to improve the de-

tection result and reduce the false alarms. The technique proposed by Ho

and Gader [3] which is performed in the frequency domain is introduced as

a performance reference in this chapter. This algorithm generates the energy

density spectrum of the GPR data, and then some spectral feature vectors

are produced to make use of the energy density spectrum. Later a confidence

value is generated to investigate the effectiveness of the spectral features in

improving land mine detection. Eventually through the investigation by Pisi-

pati [40], when the number of subbands used is 20, the algorithm has the best

performance in detection, and it becomes the basic setting of the clustering

technique and subspace technique which will be introduced in the following

chapters.
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Chapter 4

Clustering Method Based on the Spectral

Feature Vectors

4.1 Introduction

For the land mines that are buried under the ground, they could be divided

into different groups according to the different “feature” they have. For ex-

ample, according to the material, they can be divided into “Metal Mines”,

“Plastic Mines” and even ”Wooden Mines”. Or according to the shape, they

can be divided into “Round Mines”, “Rectangular Mines” and so on. The fact

that the land mines in a certain group would share similar features motivated

our research to investigate the possibility to improve the detection result using

these features, to be more specific, the spectral features of land mines will be

used. In this approach, the spectral feature vectors each has size 20× 1 would

be used as the database. All the feature vectors are generated by the energy

density spectrum from each confirmed land mine in the training data set. The

goal is try to find out if there are some “hidden pattern” within these land

mines signals from the training data set, and then use these “hidden pattern”

for the detection in the testing data set to see whether some improvement can

be achieved in the detection result.
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4.2 Classification and Clustering

Classification is produced by sorting similar objects into different groups, it is

a basic ability of human beings.

An intelligent being cannot treat every object it sees as a unique

entity unlike anything else in the universe. It has to put objects in

categories so that it may apply its hard-won knowledge about similar

objects encountered in the past, to the object at hand.

Steven Pinker, How the Mind Works, 1997.

After classification, a set of objects will be divided into different groups, and

for each group there is a label which can concisely describes the similarities or

differences for the objects. The concept of classification widely exists in our

life without being noticed, for example, each noun in a language is essentially

a label used to describe a class of things with common features [40], such as

T-shirt, jeans and dress are called ‘clothes’.

Nowadays, larger and larger databases are used in many research areas such as

computer science, economics, geology science and so on, inside these databases

there are many data that would shared certain properties, so with a classifi-

cation scheme people can organize these databases in a better way so that

they can access to these information more efficiently. Numerical techniques

which aim is to provide objective and stable classifications have been applied

in these area. Clustering is one of these numerical methods. It is an unsuper-

vised classification, unsupervised means there is no predefined classes before

the clustering, i.e the class labels and numbers of class are unknown.

The definition of clustering is: a processing of partitioning a set of data/objects

into a set of meaningful sub-classes. This kind of sub-classes are called cluster

which is a collection of data/objects that are similar to each other in some
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way and can be treated collectively as one group. The complete set of clusters

should contains all data/objects.

Figure 4.1: Principles of clustering. [41]

In the above figure, the similarity criterion is “distance”: the elements in each

cluster is close to other elements inside that cluster. As a good clustering

method, it should produce high quality cluster in which the intra-class dissim-

ilarity is low and the inter-class dissimilarity is high. Also, the quality of the

cluster depends on its ability to discover the hidden patterns within the set of

objects. The basic form of data that are used for analyzing after clustering, is

usually a m×n multivariate matrix X whose elements are variables presenting

the objects inside the cluster. The entry xij in X presents the j th variable on

object i.

X =




x11 x12 . . . x1n

x21 x22 . . . x2n

...
...

...

xm1 xm2 . . . xmn




(4.1)

In the land mine detection project, the data matrix is formed by putting all

the spectral feature vectors together, each vector’s size is 20×1, and there are

totally 548 feature vectors, so the matrix dimension is 20× 548.
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4.3 Measurement of Proximity

In clustering, for the objects among all the clusters, it is very important to

identify how ‘close’ or how ‘far away’ they are to others, since if two objects

are from the same cluster but they are ‘far away’ from each other, then that

cluster will not be a good cluster. Usually this kind of observation is not easy

to do, so a quantitative measurement is necessary for this situation, commonly

it is called similarity, dissimilarity or distance, and a general terminology is

given to them as proximity. Two objects can be considered as ‘close’ if their

similarity is high or their dissimilarity is low. Sometimes proximity can be

obtained directly, such as in some experiments which involve a set of objects

of interest and individuals are asked to determine the perceived similarity or

dissimilarity among these objects. However, in most cases, proximities has to

be determined indirectly.

There are almost endless number of similarity or dissimilarity measurements

exists, which make it not so easy to choose a proximity measure method.

However, there are some heuristics in selecting proximity measure: First of

all, the nature of the data that needed to deal with will strongly influence the

choice; Second, the choice should depend on the scale of data, for example,

the choices of proximity measure should be different for binary data and con-

tinuous data; Last but not least, the clustering method to be used might also

have some implications for the choice. In general the variables can be divided

into three different types: categorical variables, continuous variables and data

sets including both categorical and continuous variables. The spectral feature

vectors in which we are interested in for the land mine detection belong to con-

tinuous variables, and we also want to know the distance between each feature

vector and the centroids. So as a result here we will focus on the dissimilar-

ity measures for continuous data. There are many measures for deriving the
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dissimilarity matrix from a set of continuous variables, three commonly used

dissimilarity measures are listed in Table 4.1.

Table 4.1 Dissimilarity measures for continuous data

Measure Formula

Euclidean distance dij =
{∑p

k=1(x(k)i − x(k)j)
2
}1/2

City block distance dij =
∑p

k=1 |x(k)i − x(k)j|

Minkowski distance dij =
{
|∑p

k=1

(
x(k)i − x(k)j

)|r
}1/r

(r > 1)

Canberra distance dij =
∑p

k=1 |x(k)i − x(k)j|/
(|x(k)i|+ |x(k)j|

)

for x(k)i 6= 0 or x(k)j 6= 0

In Table 4.1, x(k)i is the kth variable value of the p-dimensional observation for

individual i and x(k)j is the kth variable value of the p-dimensional observation

for individual j. The dissimilarity measure used in this clustering approach

is very similar to the ‘Euclidean distance’. Here the dissimilarities are the

distances between the elements of different clusters and centroids of these

clusters. The distance is defined as:

dk,l =
1

N

N∑
j=1

20∑
i=1

{
x(k)ij − c(l)i

}2

, (4.2)

where dk,l represents the distance between the elements of cluster number k

and the centroid of cluster number l. 20 and N are, respectively, the number of

rows and columns of the spectrum feature matrix of cluster number k. x(k)ij

represents the value of element in the ith row and j th columns of the spectral

feature matrix of cluster k. Also it means that the spectral feature matrix is

formed by N spectral feature vectors whose size is 20× 1. The c(l)i represents

the value of element in the ith row of the centroid vector of cluster number l,

the size of the centroid vector is 20×1. After obtaining the proximity measure,

we right now have a standard criterion for dividing the whole data set into

different clusters.
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4.4 Categories of Clustering Methods

After knowing the proximity measurement, we should move on to the step of

deciding which clustering method to use for the land mine detection project.

There are so many types of clustering methods, according to the algorithms

implemented in these methods, they can be divided into five categories [42]:

partitioning algorithms; hierarchy algorithms; Density-based algorithms which

based on the connectivity and density functions of the data; Grid-based al-

gorithms which based on a multiple-level granularity structure of the data;

Model-based algorithms in which a model is hypothesized for each of the clus-

ters and the idea is to find the best fit of that model to each other. Among

them, partitioning algorithms and hierarchy algorithms are essentially two ma-

jor clustering techniques, so more details about these two algorithms will be

introduced here.

Hierarchical algorithms find successive clusters using preciously established

clusters [43], which means it does not determine all the clusters at one step.

Hierarchical algorithms can be subdivided into agglomerative (‘bottom-up’)

methods or divisive (‘top-down’) methods. Agglomerative methods begin with

each element as a separate cluster and fusion them into successively larger

clusters. Divisive methods separate the whole set into successively better and

smaller clusters. No matter what kind of hierarchical methods, i.e ‘fusion’

or ‘division’, once it is implemented, it is irrevocable [40], which means the

clusters it generated can not be changed any more. The end result of the algo-

rithms is a tree of clusters called a dendrogram, which shows how the clusters

are related, with individual elements at one end and a single cluster containing

every element at the other. By cutting the dendrogram at a desired level a

clustering of the data items into disjoint groups is obtained. Agglomerative

algorithms begin at the top of the tree, whereas divisive algorithms begin at
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the bottom.

In contrary to hierarchical algorithms, partitioning algorithms will determine

all clusters at once [43], it attempts to directly decompose the data set into a set

of disjoint clusters. This clustering technique will produces various partitions

of the whole data set, evaluate them by some criterion which may emphasize

the local structure or the global structure of the data, and then divide them

into a a specified number of clusters that optimize the chosen partitioning

criterion. Typically the global criteria involve minimizing some measure of

dissimilarity in the samples within each cluster, while maximizing the dissim-

ilarity of different clusters. The number of clusters is fixed before hand and

the clusters are changing during the process until the optimization is achieved.

For the land mine detection, we want to find out the hidden pattern among

the collected data from the training data set according to the spectral feature

vectors, recall that the proximity measure for the project here is the distance

between each elements of a cluster to the centroids of all clusters, so we want

the elements belongs to the same cluster to be very ‘close’ to each other and

very ‘far away’ to the elements from other clusters, in other words, minimizing

the dissimilarity within each cluster and maximizing the dissimilarity of differ-

ent clusters. For these reasons, the partitioning algorithm which can generate

the optimized disjoint clusters will be chosen to implement the clustering. To

be more specific, the K-Means clustering algorithm will be implemented.
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4.5 K-Means Algorithm used in Land Mine Detection

K-Means algorithm is one of the simplest unsupervised learning algorithms

that can solve the well known clustering problem. As the name imply, given a

k , the algorithm will find a partition of k clusters that optimizes the chosen

partitioning criterion. The procedure follows a simple and easy way to classify

a given data set through a certain number of clusters(assume k clusters) fixed

a priori. The main idea is to define k centroids, one for each cluster. These

centroids should be placed in a cunning way because of different location causes

different result. So, the better choice is to place them far away as much as

possible from each other. The next step is to take each point belonging to

a given data set and associate it to the nearest centroid. When no point is

pending, the first step is completed and an early status is done. At this point

we need to re-calculate k new centroids as barycenters of the clusters resulting

from the previous step. After we have these k new centroids, a new binding

has to be done between the same data set points and the nearest new centroid.

A loop has been generated. As a result of this loop we may notice that the k

centroids change their location step by step until no more changes are done.

In other words centroids do not move any more. Finally, this algorithm aims

at minimizing an objective function, which is a squared error function [44].

The objective function is:

J =
k∑

i=1

n∑
j=1

∥∥∥x(j)i − ci

∥∥∥
2

, (4.3)

where x(j)i represents the jth object of cluster number i, ci denotes the center

of cluster number i and
∥∥∥x(j)i − ci

∥∥∥
2

is a chosen distance measure between

the data point xji and the cluster center ci, it is an indicator of the distance

of the n data points from their respective cluster centers.
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Given k, the K-Means algorithm can be implemented in 4 steps:

i. Partition objects into k nonempty subsets.

ii. Compute seed points as centroids of the clusters of the current partition,

the centroid is the center(mean point) of the cluster.

iii. Assign each object to the cluster with the nearest centroid.

iv. Go back to step ii, stop when no more new assignment.

These steps can be illustrated by the figures below:

Figure 4.2: K-Means algorithm step 1. [42]

Figure 4.3: K-Means algorithm step 2. [42]
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Figure 4.4: K-Means algorithm step 3. [42]

Figure 4.5: K-Means algorithm step 4. [42]
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The strength of K-Means algorithm is its relatively efficient processing, which

is on the order of (t× k× n), where n represents the number of objects in the

data set, k represents the number of clusters and t represents the number of

iterations, normally, the value of k and t are much smaller than the value of

n. Also, it often terminates at a local optimum, which is what we need here

for the clustering results.

When implement K-Means algorithm in the land mine detection project, the

data set we used are the spectral feature vectors, these feature vectors are

all generated by the energy density spectrum from each confirmed land mine

signal. The aim of the clustering technique is try to find out if there are some

‘hidden pattern’ within these signals form the training data set and the prox-

imity here is set to be the distance between objects within clusters and the

centroids of these clusters.

In the initial stage, the number of clusters that the whole data set will be

divided into is set to be 7. This number is decided by experimentation, after

trying many value range from 3 to 10, we find out that when the whole data set

is divided into 7 clusters, the best performance from the K-Means algorithm

can be obtained. The quality of the performance is justified by whether or not

it can produce “good quality” clusters. The quality of a cluster is then decided

by the ratio of the distance between the objects within this cluster and the

centroid of this cluster to the distance between these same objects within this

cluster and the centroids of other clusters. If the ratio value is equals to or

smaller than 0.5, which means the distance from the objects of this cluster to

the centroids of other clusters is at least twice the range the distance between

these objects and their centroid within this cluster, then it will be considered

as a “good quality” cluster, otherwise, its quality is no so good.
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The example figure for “good quality” cluster of cluster number 7:

1 2 3 4 5 6 7
0

0.2

0.4

0.6

0.8

1

1.2

1.4

Centroids index

D
is

ta
nc

e 
va

lu
e

The distance between the objects within num 7 cluster and the centroids of all clusters

Figure 4.6: Example of good quality cluster.

The example figure for “not good quality” cluster of cluster number 2:
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Figure 4.7: Example of not good quality cluster.
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After the K-Means algorithm is implemented and its final step is completed,

the value of the 7 centroids will not change anymore, and the whole data set

will be divided into 7 clusters according to the locations of these 7 centroids

obtained by the algorithm. Below the 7 centroids from all the clusters will be

shown, as well as the standard deviation generated from all the objects within

these clusters.
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Figure 4.8: Centroid of cluster number 1.

53



0 5 10 15 20
−0.1

0

0.1

0.2

0.3

0.4

0.5

0.6

Vector index

C
en

tr
oi

d 
an

d 
st

an
da

rd
 d

ev
ia

tio
n 

va
lu

e

Centroid of cluster2

Figure 4.9: Centroid of cluster number 2.
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Figure 4.10: Centroid of cluster number 3.
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Figure 4.11: Centroid of Cluster Number 4.
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Figure 4.12: Centroid of cluster number 5.
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Figure 4.13: Centroid of cluster number 6.
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Figure 4.14: Centroid of cluster number 7.

56



The value of these 7 centroids, whose size is 20×1, will be taken out and used

as the weight vector W to generate the confidence value. The concept of the

confidence value is introduced in Chapter 3:

Conf = log
(
WTQ + 1

)
, (4.4)

where Q represents the 20 spectral feature vector. In the original version, the

elements in the weight vector W are found by experimentation to detect the

weak mines. Right now, the elements are the value of the 7 centroids found by

the clustering analysis. Since there are 7 centroids, so there would be 7 weight

vectors Wi=1,2...,7, respectively, there will be 7 confidence values Confi=1,2...,7,

however, we will not use all of them. The operation is to sort all these confi-

dence values and then take the biggest confidence value out for the detection

use.

After taking out the biggest confidence value of the land mine signals from

the training data set, detection will be performed in the testing data set using

that confidence value. The aim is to see the effect of this confidence value

obtained by the clustering technique, i.e, if there is any improvement on the

detection results. Before analyzing the detection performance and showing

the detection result figures, there are two fundamental parameters need to be

explained: The first one is “PD”, which means the probability of detection.

The second one is “FAR”, which means the probability of false alarm. Usually

in the detection, increasing “PD” always requires accepting a higher “FAR” as

well. So the performance of detection is decided by the combination of these

two parameters. We will see in the detection performance figures that in the

detection using the clustering method, when the “FAR” remains at the same

point, the “PD” can reach a higher level than the detection without imple-

menting the clustering method.
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4.6 Results for Clustering Technique

First let us take a look at the confidence value generated by the K-Means

clustering method:
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Figure 4.15: Confidence generated by K-Means clustering method.

The confidence value of mine and non-mine targets are displayed in the his-

togram. So here we shall explain what is histogram. A histogram is a graphi-

cal display of tabulated frequencies. It is the graphical version of a table that

shows what proportion of cases fall into each of several or many specified cate-

gories. In the histogram it is the height of the bar that denotes the value, and

the categories have uniform width, also the categories are usually specified as

non-overlapping intervals of some variable. Take the bar above the number 2

in “mine” confidence part for example, it means that the confidence value of
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‘2’ for mine appears around 20 times. Also from the histogram we notice that

the confidence value of non-mine targets concentrate in the range from 0 to 1,

when those of land mines are concentrated in the range bigger than 1.

Let us take a look at the detection performance which is a curve decided by the

“PD” and “FAR”, which is often called the receiver operating characteristics.
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Figure 4.16: Comparison of detection performance w./w.o. clustering method.

From the figure above, even though we can tell there are some improvement,

it is really hard to tell. So we need to “zoom in” to the figure. To be more

specific, we will focus on the range where the “PD” are from 70% to 100%.

In this range, we will pay attention to three points, which are “PD” at 85%,

90%, 95% respectively. The reason why this range is important is that only

the ‘high’ probability of detection of land mines will make sense in the real

world when doing the detection. There are no difference when you say this

target has 1% probability to be land mine or 45% probability to be land mine,

since once the detection is wrong, the loss is unbearable. So no matter how
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low the “FAR” is, when the “PD” is low, the result will be useless. So the

improvement is the range that “PD” from 70% to 100% is where we are really

interested in.

The “zoom in” detection performance result is:
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Figure 4.17: Comparison of “zoom in” detection performance w./w.o. clustering method.

From the figure above, the improvement in detection performance can be seen

more easily. Also the probability of false alarm is given out when the proba-

bility of detection reaches 85%, 90%, 95% respectively.
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4.7 Conclusion

After dealing with the energy density spectrum and the spectral feature vec-

tors of the signals from the training data set, a approach aims to improve the

detection performance of land mine based on the spectral feature vectors is pro-

posed and implemented. The approach involve using clustering method whose

goal is to find out if there is any hidden pattern within the data. The prox-

imity measure of these data is defined and which kind of clustering methods

should be used for clustering is investigated. Finally the K-Means algorithm is

implemented to cluster the data. The quality of the clusters has been studied

and later used to decide the number of clusters the whole data set should be

divided into. Also the centroids of the clusters is taken out and combined with

spectral feature vectors to generate the confidence value, which is used in the

detection applied in the testing data set to verify the effect of the clustering

method.

When the detection performance of the testing data set comes out, attention is

paid to the range where the “PD” values are in a high level. Some improvement

caused by the clustering method can be seen in the range between “PD at 80%”

to “PD at 95%”, however, the improvement is not remarkable, the reason might

be that the pattern extracted from the training data set is unable to generalize

very well, the centroids in the clusters can not represents the real world data of

the land mines very well. Further investigation is necessary to find the better

pattern of the data and make use of it, such as using some other clustering

algorithm other than K-Means.
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Chapter 5

Subspace Detector Based on the Energy

Density Spectrum

5.1 Introduction

In chapter 3, an approach using clustering method based on the spectral fea-

ture vectors, which are generated by the energy density spectra of the signals

from the training data set, is proposed and investigated. When the inves-

tigation of the clustering approach is completed, some questions remains in

this research field: After the signal processing of the detected signals, we have

the energy density spectrum and the spectral feature vectors. Between them,

the spectral feature vectors are used directly in the clustering method to im-

prove the detection performance. However, the energy density spectrum has

not been used directly yet, so is that possible to use them to attain some

positive effect on the detection result? if so, how is the performance of this

method comparing with the results from the clustering method? To answer

all these questions, an approach named subspace detector is implemented in

this chapter, instead of the spectral feature vectors. This approach is based

on the energy density spectra themselves. Some spectrum analysis techniques

such as eigendecomposition, independent component analysis and eigenspace

separation transform are studied and used for the subspace method.
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5.2 Subspace Detector

In the land mine detection project, after the signal processing, the energy

density spectrum of each signal data from the ground penetrating radar is

a vector whose size is M × 1. In most cases, the energy density spectra is

corresponding to the target signal plus noise. However, sometimes it is nothing

but noise. In order to solve this problem, we set up the detection hypothesis

below.

5.2.1 Detection Hypothesis and Detection Rule

The detection hypotheses are set up as below:

H0 (signal absent) : xi = wi (5.1)

H1 (signal present) : xi = ti + wi (5.2)

where M×1 vector xi represents the energy density spectrum, M×1 vector wi

represents the noise component, and M×1 vector ti represents the component

of the target signal. Let us take a look at the vector ti, which lies in the

subspace spanned by the columns of matrix S = [ s1 s2 s3 · · · sK ], where

si are called the basis vectors, each has a size M × 1. That is:

ti = ai,1s1 + ai,2s2 + ai,3s3 + · · ·+ ai,KsK = S ai, (5.3)

where ai = [ ai,1 ai,2 ai,3 · · · ai,K ]T represents a vector of independent ran-

dom variables.

Under the hypothesis H1, if we assume that the noise wi is Gaussian distri-

bution, then we can attain the maximum likelihood estimation of vector ai

as
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âi =
(
STS

)−1

STxi, (5.4)

After getting the value of âi, the detection hypothesis can be translated to:

H0 (signal absents) : | âi|2 = 0 (5.5)

H1 (signal presents) : | âi|2 > 0 (5.6)

It means that right now we can determine the existence of the signal by the

estimated value of vector ai. Hence a simple detection rule can be established

as: select H1 if | âi|2 > 0, i.e,
∑

â2
i,j > 0. Usually, a threshold will be set up

in order to make the decision, so the exact detection rule we used is:

select H1 if | âi|2 > TH, i.e,
∑

â2
i,j > TH, where TH represents “threshold”.

Once the detection hypothesis and the detection rule are attained, the crucial

part for the problem at hand is how to attain the matrix S. There are two

ways to get the elements of S, one is the independent component analysis

method, the other is use the eigenspace separation transform. Both methods

are investigated here.

5.2.2 Independent Component Analysis

Since xi is a linear combination of ai and S, so independent component anal-

ysis (ICA) can be considered here to get the value of S [45]. ICA is a com-

putational method for separating a multivariate signal into additive subcom-

ponents supposing the mutual statistical independence of the non-Gaussian

source signals. When the independence assumption is correct, ICA separa-

tion of a mixed signal gives very good results. The statistical method finds

the independent components by maximizing the statistical independence of

the estimated components. Typical algorithms for ICA use centering, whiten-

ing and dimensionality reduction as preprocessing steps in order to simplify
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and reduce the complexity of the problem for the actual iterative algorithm.

Whitening and dimension reduction can be achieved with singular value de-

composition. Whitening also ensures that all dimensions are treated equally

a priori before the algorithm is implemented.

When the data is represented by the observed M×1 vector xi = ( x1 x2 x3 · · · xL )T ,

and xi are generated as a sum of the independent components si, where

i = 1, 2, . . . , K:

xi = ai,1s1 + ai,2s2 + ai,3s3 + · · ·+ ai,KsK = S ai, (5.7)

weighted by the K × 1 weight vector ai. If we assume that xi and ai are

zero-mean, and totally we have L xi vectors, then the generative formula (5.7)

can be written as:

XM×L = SM×K AK×L, (5.8)

where XM×L represents the measured energy density spectrum data, SM×K

denotes the matrix spanned by the subspaces and AK×L represents the mixing

coefficient matrix. Given the matrix XM×L, the task right now is to estimate

both the mixing matrix AK×L and the sources SM×K . This is done by adap-

tively calculating some wi vectors and setting up a cost function which either

maximizes the nongaussianity of the calculated vector si = xiw
T
i or minimizes

the mutual information. In other words, we want to find a matrix W = A−1

such that S = XW.

However, the ICA approach has some disadvantages such as: the processing

of the ICA is iterative, which means the result cannot be attained directly;

The convergence is not guaranteed so we might not get the result we want

eventually. Even if the convergence is generated, it might be the local conver-

65



gence, so the result might not be the optimized result. So instead of the ICA

approach, the eigenspace separation transform method will be implemented

here to obtain the subspace.

5.2.3 Eigenspace Separation Transform

The eigenspace separation transform projects each energy density spectrum

data into an orthogonal subspace and thereby reduces the dimensionality of the

input vector. Also the eigenspace separation transform preserves and makes

more accessible the information that is most relevant to a classifier: informa-

tion that allows separation of data clusters. To understand how this transform

works, let us first take a look at the form of the energy density spectrum data:

xi
(M×1)

= S
(M×K)

ai
(K×1)

+ wi
(M×1)

, i = 1, 2, 3, . . . , L (5.9)

where

wi represents the M -length noise vector at time i whose elements are in-

dependent random variables with zero mean and variance σ2, it is assumed

uncorrelated with the signal;

S = [ s1 s2 s3 · · · sK ] is the transformation matrix;

ai = [ ai,1 ai,2 ai,3 · · · ai,K ]T ;

Hence, in (5.9) we obtain L vectors xi, i = 1, . . . , L . The objective is to

estimate the elements of matrix S, by observing only the received signal. Note

that K < M , let us form the covariance matrix R of the observing signal x

[46]:

R = E(xxH) = E[(Sa + w)(aHSH + wH)]

= SE(aaH)SH + σ2I

(5.10)
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The last line follows because the noise is uncorrelated with the signal, thus

forcing the cross-term to zero. In the last line of (5.10) we also used the fact

that the covariance matrix of the noise contribution (second term) is σ2I. This

follows because the elements of the noise vector w are independent with equal

power. The first term of (5.10) we call Ro, which is the contribution to the

covariance matrix due only to the signal component. Then let us look at the

structure of Ro:

Ro =



















K

K

K

M

K



















S E(aaH) S
H

↑

non-singular

Figure 5.1: Structure of Ro.

From the structure, we may conclude that Ro is rank K. This may be seen

as follows. Let us define A
M
= E(aaH) and B

M
= ASH . S is full rank (rank

K), and since the ai are independent, A is full rank (rank K). Therefore the

matrix B ∈ RK×M is of full rank K. Then, Ro = SB. From this last relation,

we can see that the ith, i = 1, . . . , M column of Ro is a linear combination of

the K columns of S, whose coefficients are the ith column of B. Because B is

full rank, K linearly independent linear combinations of the K columns of S

are used to form Ro. Thus Ro is rank K. Because K < M , Ro is rank deficient.

Let us now investigate the eigendecomposition on Ro, where λk are the eigen-

values of Ro:

Ro = VΛVH (5.11)
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or

Ro =
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Figure 5.2: Eigendecomposition of Ro.

Because Ro ∈ RM×M is rank K, it has K non-zero eigenvalues and M − K

zero eigenvalues. We enumerate the eigenvectors v1, . . . ,vK as those associated

with the largest K eigenvalues, and vK+1, . . . ,vM as those associated with the

zero eigenvectors. From the definition of an eigenvector, we have:

Rovi = 0 i = K + 1, . . . , M (5.12)

or SASHvi = 0, i = K + 1, . . . , M. (5.13)

Now let us defined the so-called signal subspace SS as:

SS = span[v1, . . . ,vK ] (5.14)

and the noise subspace SN as:

SN = span[vK + 1, . . . ,vM ] (5.15)

From our discussion above, all columns of Ro are linear combination of the

columns of S. Therefore

span[Ro] = span[S]. (5.16)

But also it is easy to verify that

span[Ro] ∈ SS. (5.17)
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Comparing (5.16) and (5.17), we see that any received signal vector x, in the

absence of noise, is a linear combination of the columns of S. Thus, any noise-

free signal resides completely in SS. This is the origin of the term “signal

subspace”. Further, any component of the received signal residing in SN must

be entirely due to the noise. This is the origin of the term “noise subspace”.

Note that the signal and noise subspaces are orthogonal complement subspaces

of each other.

In conclusion, the calculation of the transformation matrix [2] S can be proceed

as follows:

1) Compute the M ×M matrix:

M̂ =
1

N1

N1∑
i=1

X1iX
T
1i −

1

N2

N2∑
i=1

X2iX
T
2i, (5.18)

where X1i is the energy density spectrum of the mine pattern i, N1 is the

number of mine patterns in the training set, X2i is the energy density spectrum

of the background pattern i and N2 is the number of background patterns in

the training set.

2) Calculate the eigenvalues of the matrix M̂, which are λi, i = 1, 2, · · · , M .

3) Sort the eigenvalues λi, i = 1, 2, · · · , M , then keep the biggest D values

for use in next step.

4) Calculate all K orthonormal eigenvectors that are associated with the

biggest D eigenvalues. Used these eigenvectors as the columns of the M ×K

transformation matrix S.

After the transformation matrix S is constructed, âi =
(
STS

)−1

STxi is then

computed for each pattern Xi in the training and testing data sets. If the

value of âi satisfy the hypothesis H1, i.e, | âi|2 > TH, where TH means the

threshold that decided by operation based on the pre-generated confidence

value of land mine.
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To take advantage of the detection value generated previously, we shall com-

bine the information from |âi| with the original confidence value as new con-

fidence value

Confnew = Conforiginallog
(
1 + bi

)
, (5.19)

where

bi = | âi|2wgh (5.20)

In equation (5.20), wgh is found through training to achieve better results.
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5.3 Results for Subspace Detector

When the weight vector W is obtained using the training data, detection

will be performed in the testing data set using the new confidence values

generated. The purpose of the detection on testing data set is to verify the

effect of the subspace detector technique, to see if there is any improvement on

the detection results when this technique is implemented. The performance of

the detection in the testing data set will be showed in next section.

First let us take a look at the confidence values attained without using the

subspace detector:
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Figure 5.3: Confidence value obtained without subspace detector.
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From the figure5.3, we can see that the confidence value of land mine spread

out at the range from 0.2 to 5.5, and the confidence of false alarm lies in the

range from 0.1 to 2.4. In the overlap area of these two categories of confidence

value, it is hard to distinguish the difference between land mine and false alarm

just according to the confidence values.

Then let us look at the figure of confidence value attained when the subspace

detector is implemented:
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Figure 5.4: Confidence value obtained with subspace detector.

when the subspace detector is implemented, the confidence value of land mine

are majorally in the range from 0.35 to 0.5, and the confidence value of false

alarm spread out from 0.05 to 0.41. Also in the overlap area of these two cat-

egories of confidence value, now it is much easier to distinguish the difference

between land mine and false alarm.
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Besides the confidence value, the detection performance also will be compared

with the ROC curve decided by the parameters “PD”, which represents “Prob-

ability of Detection”, and “FAR”, which means “Probability of False Alarm”,

these two curves are showed in next figure:
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Figure 5.5: Comparison of detection performance w./w.o. subspace detector.

From the figure, we can easily tell that when the subspace detector is imple-

mented, it does have very good effect on the detection performance. Especially

at the range of “PD” from 0.85 to 0.95, which are the most important part to

verify the detection performance. The improvement is very remarkable, and

the “zoom in” results are showed in the figure(5.6) in next page.
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Figure 5.6: Comparison of “zoom in” detection performance w./w.o. subspace detector.
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5.4 Effect of Varying the Parameters in Subspace De-

tector

Now we know that the subspace detector can improve the detection result

remarkably. However, there is still one problem we can perform some further

investigation: the setting of the parameters we used in the subspace detector.

In the subspace detector, there are two major parameters:

1. The number of basic vectors K, i.e, the number of vectors si that form the

transformation matrix S;

2. The length of energy density spectrum M , i.e, the size of vector xi which

characterizes the alarm i.

It is believed that when the parameters K and M vary, the performance of

detection will be vary according to the change, so some investigations are

performed to see what the value of parameters K and M should be in order

to optimize the detection results.

5.4.1 Effect of Varying the Number of Basic Vectors Used in Sub-

space Detector

First of all, the parameter K, i.e the number of basic vector used in the

subspace detector, will be changed to investigate the effect that it might have

on the detection result. To investigate, we will focus on three important points

at the ROC curve, they are: “FAR at PD = 85%”, “FAR at PD = 90%”, “FAR

at PD = 95%”. We will use the “FAR” values in these three points to figure

out what is the number of basic vectors that should be used to optimize the

detection result. When the number of basic vector K varies, the length of

energy density spectrum M will be fixed to 120. The value of “FAR” at “PD

= 85%”, “PD = 90%”, “PD = 95%” will be showed in the table below.
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Figure 5.7: List of“FAR” values with different numbers of basic vector

From the table above, we can see that: when K = 12, “FAR” has the lowest

value 0.000536 at “PD = 85%”; when K = 12 and K = 14, “FAR” has the

lowest value 0.000853 at “PD = 90%”; when K = 11, “FAR” has the lowest

value 0.003852 at “PD = 95%”. In fact, the information from Table 5.7 just

simply indicates the lowest points are in some local area, and it is not sufficient

to draw a conclusion that which value of K will optimize the detection result.

So another analysis method is need.
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Since among the three points, “FAR at PD = 90%” is more important than

the other two points “FAR at PD = 85%” and “FAR at PD = 95%”, so a

weighted sum of the values of “FAR” at these three points will be used here.

A weight factor 0.5 will be assigned to “FAR at PD = 90%”, and a weight

factor 0.25 will be assigned to both “FAR at PD = 85%” and “FAR at PD =

95%”. So the weighted sum of these three “FAR” values is:

FARf = 0.25× FARPD85% + 0.5× FARPD90% + 0.25× FARPD95%, (5.21)

Because this combined value of “FAR” has considered all the “FAR” values

in these three points, it should give us better judgement on what number of

basic vector should be used to obtain the best detection result. The fusion

value is shown using the figure below:
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Figure 5.8: Fusion value of “FAR” at different numbers of basic vector
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From figure 5.8, we can easily have the conclusion that when the number of

basic vector used is 12, i.e K = 12, the combined value of “FAR” has the

lowest value, which can lead to the conclusion that using 12 basic vectors can

maximize the correct detection result.
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Figure 5.9: Comparison of detection result with different numbers of basic vector
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5.4.2 Effect of Varying the Length of Energy Density Spectrum

Used in Subspace Detector

After the number of basic vectors K is investigated and decided, we will move

on to investigate the length of energy density spectrum M . Just as what we

did in investigating K, we will vary the value of M , in the meanwhile set the

value of K as 12, and then list the value of “FAR” at “PD = 85%”, “PD =

90%”, “PD = 95%” in the table below:

Figure 5.10: List of “FAR” values with different length of energy density spectrum
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From the table above, we can see that: when M = 120, M = 140, M = 170

“FAR” has the lowest value 0.000536 at “PD = 85%”; when M = 120, “FAR”

has the lowest value 0.000853 at “PD = 90%”; when M = 60, “FAR” has the

lowest value 0.003682 at “PD = 95%”.

Also, a weighted sum of values of “FAR” at these three points using equation

(5.23), will be used to decide what length of energy density spectrum should

be used to attained the best detection result. The weighted “FAR” value is

shown in the figure below:
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Figure 5.11: Fusion value of “FAR” at different length of energy density spectrum
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From figure 5.11, we can easily conclude that when the length of energy density

spectrum used is 120, i.e M = 120, the fusion value of “FAR” has the lowest

value, which can lead to the conclusion that using 120 energy density spectrum

can maximize the probability of detection result. The following figure shows

the comparative results generated by setting M = 120 (solid line) and M = 100

(dashed line)
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Figure 5.12: Comparison of detection result with different length of energy density spectrum
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5.5 Conclusion

After using clustering technique to improve the detection performance, a prob-

lem remains for further research: since the clustering method are based on the

spectral feature vectors, the energy density spectrum(EDS) has not been used

to improve the detection performance directly. So the possibility of improving

the detection result using these energy density spectrum are investigated. The

subspace detector based on the EDS are then proposed to see if it can have

good effect on the performance: Two hypotheses for detection are set. The

maximum likelihood estimation of the subspace coefficient vector a are ob-

tained. Independent component analysis technique and eigenspace separation

transform technique are investigated. Finally eigenspace separation transform

and eigenvalue decomposition are used on the training data to obtain the

value of the subspace basis matrix S. New confidence value are generated on

the testing data set to verify the effect of the subspace detector.
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Figure 5.13: Improvement of detection result using subspace detector
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From result of detection on the testing data set comes out, it is easy to draw the

conclusion that the subspace detector has very good effect on the detection re-

sult, the improvement on the detection performance is very remarkable. Also,

some investigation are done on the two parameters of the subspace detector:

number of basis vectors and length of energy density spectrum. Eventually

the investigations imply that with 12 basic vectors and 120 energy density

spectrum length, we can achieved the best detection result.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

In this thesis, we have presented two advanced feature based techniques for

land mine detection using vehicle-held GPR system. The contribution of this

thesis involves investigating the clustering method based on the spectral fea-

ture vectors and the subspace detector technique based on the energy density

spectrum, both techniques are aimed to improve the detection result and re-

duce the false alarm rates for the land mine detection. We summarize the

contributions for each of the two techniques as follows:

In chapter 4, we investigate the clustering method. This method is based on

the spectral feature vectors, which is formed by the energy density spectrum

of GPR signals. The purpose of this method is trying to find the “hidden

pattern” among the GPR signals, and use these patterns to improve the de-

tection result. After the proximity measure is defined, we do some study to

decide which clustering algorithms should be chosen to cluster the data set.

As a result, K-Means algorithm is implemented to the data set, and the cen-

troids of the resulting clusters are combined with the spectral feature vectors

to generate the confidence value of land mines and objects that will cause the

false alarm. Finally the confidence value is used in the detection applied in the
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testing data set to verify the effect of the clustering method. From the evalua-

tion result, we have a conclusion that the clustering method does improve the

detection result and reduce the false alarm rates. However, the improvement

is not remarkable. It might be because the centroids in the clusters cannot

represent the real world data of the land mines very well so the patterns within

the data set is not generalized well.

In chapter 5, the subspace detector technique is proposed and investigated.

This technique is based on the energy density spectrum of the GPR sig-

nals. The energy density spectrum of a GPR signal can be considered to

lie in the subspace spanned by some basis vectors si and some coefficients

ai, i = 1, 2, . . . , m. Through the maximum likelihood estimation, the value

of the coefficient vector can be obtained using the subspace basis matrix

formed by the basis vectors and the energy density spectrum. Later, eigen-

decomposition and eigenspace separation transform are used to obtain the

subspace basis matrix and eventually obtain the information of the coefficient

vector. Then, the coefficient vector is combined with the previous detection

confidence value to generate the new confidence value, and finally the new

confidence value is used in the testing data set to verify the performance of

the subspace detector technique. Also the effects of varying the total num-

ber of basis vectors used and the length of energy density spectrum used in

the subspace detector on the detection performance are evaluated. From the

testing result, we draw the conclusion that the subspace detector has very

good effect on the detection result. It reduce the false alarm rates sharply, the

improvement on the detection performance is very remarkable.
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6.2 Future Work

Some directions of the future work are as follows: We might be able to improve

the advanced feature based technique by considering the possibility of using

the size and shape of the land mines. Also, other clustering algorithms rather

than K-Means algorithm may be used in the clustering method to see if they

can discover better patterns of the GPR signals of land mines in order to

improve the detection results.
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