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Abstract—Until now, humanitarian demining has been unable
to provide a solution to the landmine removal problem. Furthermore, new low-cost methods have to be developed quickly.
While much progress has been made with the introduction of new
sensor types, other problems have been raised by these sensors.
Ground-penetrating radars (GPRs) are key sensors for landmine
detection as they are capable of detecting landmines with low
metal contents. GPRs deliver so-called Bscan data, which are,
roughly, vertical slice images of the ground. However, due to the
high dielectric permittivity contrast at the air–ground interface,
a strong response is recorded at an early time by GPRs. This
response is the main component of the so-called clutter noise,
and it blurs the responses of landmines buried at shallow depths.
The landmine detection task is therefore quite difficult, and a
preprocessing step, which aims at reducing the clutter, is often
needed. In this paper, a difficult case for clutter reduction, that
is, when landmines and clutter responses overlap in time, is
presented. A new and simple clutter removal method based on
the design of a two-dimensional digital filter, which is adapted
to Bscan data, is proposed. The designed filter must reduce the
clutter on Bscan data significantly while protecting the landmine
responses. In order to do so, a frequency analysis of a clutter
geometrical model is first led. Then, the same process is applied
to a geometrical model of a signal coming from a landmine. This
results in building a high-pass digital filter and determining its
cutoff frequencies. Finally, simulations are presented on simulated
and real data, and a comparison with the classical clutter removal
algorithm is made.
Index Terms—Clutter removal, digital filtering, Fourier analysis, ground-penetrating radar (GPR), landmines.

I. I NTRODUCTION

T

HE MILLIONS of landmines spread out over the planet
are not only a humanitarian disaster; they also hinder the
social and economic development of the concerned countries.
Removal of landmines, which is also called humanitarian demining, has therefore become one of the major stakes since the
beginning of this century. Unfortunately, humanitarian demining faces many technical, scientific, and operational problems.
For instance, landmines are small, their metallic part becomes
less and less important, and they could have been laid for many
years. These considerations have led scientists to the conclusion
that only multisensor systems could be efficient enough to bring
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Fig. 1. Typical Ascan record obtained by a GPR pulse radar. Clutter is
characterized by large amplitude oscillations at early times. This Ascan is
represented by a vertical dash line on the Bscan of Fig. 2.

a solution to landmine detection problems and, therefore, to
humanitarian demining. Thanks to the sensors, the technology
is available. The ground-penetrating radar (GPR) has an important detection potential and has been a part of numerous
multisensors systems developed these past few years. Generally
speaking, in landmine detection applications, there are two
kinds of GPRs, namely: 1) frequency-stepped continuous-wave
(FSCW) radars and 2) pulse radars [1]. FSCW radars emit
stepped radio-frequency signals toward the ground and record
the response. Pulse radars emit short-duration electromagnetic
(EM) pulses that propagate into the soil and reflect on the
dielectric permittivity discontinuities. When recorded at a given
location, the recorded pulse radar response is an Ascan, which
is actually the magnitude of the reflected wave with respect to
time. Due to propagation time, waves reflected on an object
arrive to the GPR with a time lag, which is related1 to the
distance between the object and the GPR. The image obtained
by concatenating Ascans recorded along a survey line is called
a Bscan. The horizontal axis of a Bscan corresponds to the GPR
spatial location,2 whereas the vertical axis corresponds to time
(i.e., depth). A Bscan can be seen as an image of a vertical
slice of the ground. Typical Ascans and Bscans recorded in the
context of landmine detection are plotted in Figs. 1 and 2.
This paper deals with pulse radar. When such radar is
used for landmine detection, the emitted EM pulse strongly
reflects at the air–ground interface. This results in a hindering
1 The wave arrival time lag is almost proportional to the buried-object
distance. The proportionality coefficient depends on the physical parameters
of the soil.
2 It is assumed here that the GPR is moved along a straight line. The
horizontal axis actually gives the distance covered by the GPR from its initial
position.
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Fig. 2. Bscan image obtained by concatenating consecutive Ascans recorded
along a survey line. Two typical landmine signatures (hyperbola) can be seen
below the horizontal clutter stripes (arrows).

high-amplitude response, which appears at the early time of the
Ascan (Fig. 1). This phenomenon is known as “clutter” and
makes the detection of landmines from Ascans/Bscans difficult.
More specifically, contrary of antitank mines, many landmines
are actually just laid flush on the ground or buried at shallow
depths (1–5 cm); thus, their responses to the GPR-emitted
pulse overlap with clutter. Moreover, their metallic contents
can be very low; their responses to the GPR-emitted wave
are therefore much weaker than to the one coming from the
air–ground interface. As a consequence, landmine responses
are hidden in the response of the air–ground interface resulting
in a poor signal-to-clutter ratio. As previously stated, clutter
is mainly caused by the air–ground interface response. To a
lower extent, it is also created by antenna coupling problems
and multiple reflections on the air–ground interface. Therefore,
one of the key problems to solve in order to improve the
detection processes is clutter reduction so that the signal-toclutter ratio rises when there is a landmine or a potentially
dangerous object.
Many clutter reduction methods can be summed up into two
classes, which correspond to two possible signal processing
approaches to increase the signal-to-clutter ratio. The first class
contains methods based on classical filtering [1]–[4] in the time
or frequency domains. The main method of this class is the
classical clutter reduction algorithm (CCRA), which is actually
a clutter processing in the time domain by a digital filter whose
coefficients are not optimized with respect to the noise and
signal spectra [1]. Another, but less used, approach consists of
eliminating the part obtained for all instants before a given time
ts from the signal. After ts , the clutter is no more considered as
being the predominant component of the whole signal. From a
signal processing point of view, this is equivalent to windowing
the signal in the time domain and therefore to filtering the
spectrum as the convolution operation is done in the frequency
domain. This method, which is also called “early-time gating,”
has a drawback, which is the elimination of responses coming
from targets buried at shallow depths and whose responses
would be situated at time instants of the remote time interval.
Moreover, the choice of ts can be hard to solve [4] as the
clutter is nonstationary. The second class of clutter removal
processing is composed of more complex statistically based

methods which model the clutter [4]–[8]. Among this class, the
first method consists of removing the peak response due to the
response of the air–ground interface. This peak is modeled and
then subtracted to the measurements. Methods vary depending
on the chosen approach to model the peak. In [5] and [6], the
method is based on peak modeling by a linear combination of
complex exponentials whose parameters are estimated by the
Prony method. Generally speaking, these methods are based on
peak modeling that result from the response of the air–ground
interface and eventually from antenna coupling and the subtraction of this modeled peak from the recorded signal. However,
whatever the method used, the presence of a shallow buried
object modifies the early time response, which includes the
clutter, and thus calls into question the validity of the model,
which can be a serious drawback from an operational point of
view. Van der Merwe and Gutpa [4] propose an iterative method
based on the same idea which takes into account the presence
of shallow buried objects and the incoherent component of
the clutter, i.e., noise and nondeterministic perturbations. The
main drawback of this method is that a reference signature of
the buried object is needed. Other methods [7], [8] consist of
using linear prediction theory to cancel the clutter. In [8], the
method deals with a nonstationnary clutter environment, and
the linear prediction coefficients are computed adaptively. The
main drawback of this method is that it makes the assumption of
Gaussian noise for the prediction error, which is not proven. In
[9]–[14], clutter/signal separation techniques based on principal
or independent component analysis are used. GPR data are
decomposed into suitable subspace components, which make it
possible to select a subset of components that contain primarily
landmines and others that contain mainly clutter information.
However, there is no efficient technique to select automatically which components come from clutter or a buried object,
and often the selection is done by visual inspection of the
components. Finally, the approach in [15] consists of studying
the frequency-domain features from the GPR signal in order
to improve the detection of plastic landmines. However, the
preprocessing method used to remove ground bounce does not
take into account the case where clutter and landmine responses
overlap in time.
In this paper, we focus on a difficult case for clutter reduction,
that is, when landmines and clutter responses overlap in time. A
new and simple clutter removal method, based on the design of
a two-dimensional (2-D) digital filter which is adapted to Bscan
data, is proposed. As shown in Fig. 2, clutter appears in Bscans
as three almost horizontal stripes whereas a buried object
appears as a hyperbolic spreading function resulting from the
imperfect directivity of the GPR antenna. The designed filter
must reduce the clutter (i.e., horizontal bands) significantly on
Bscan data while protecting the landmine responses (i.e., hyperbolas). Thus, detection techniques that search for hyperbolas in
Bscans [16]–[18] can then be used.
This paper is organized as follows. Section II presents the
real GPR data used in order to build our clutter reduction
method. In Section III, a geometrical model of both clutter and
landmine signatures in a Bscan is described. Then, a frequency
analysis of the modeled clutter and landmine signal yields in
deriving a 2-D digital filter adapted to Bscan data. Section IV
presents the design of this filter. Finally, simulations results
on simulated and real data are given in Section V, and a
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Laying configurations of the mines for the different scenarios.

comparison with a classical clutter reduction method is made in
Section VI in order to evaluate the performances of our method.

Fig. 4. Bscan of Fig. 2 before clutter reduction.

II. GPR D ATA
The pulse radar used is a handheld radar originally designed
for civil engineering from ERA Technology. The transmitting
antenna regularly emits a short pulse of EM energy. The part of
the emitted signal that is reflected and/or diffracted is recorded
by the radar receiving antenna. The radar frequency, which is
the central frequency of the emitted pulse spectrum, is 1 GHz.
The set of real data was recorded during the Multisensor Acquisition Campaign for Analysis and Data Fusion of Antipersonnel
Mines campaign of measurement. The bench allows scanning,
line by line in the abscissa direction, of an area of the ground
measuring 1 × 1.5 m with a 2-cm step in both directions, that
is, an amount of Nx = 50 by Ny = 75 Ascans for each scanned
area. By concatenating all the Ascans in the x direction, a set
of Ny = 75 Bscan data is obtained. Each area contains six
landmines in six different laying configurations and is called
a scenario. For each scenario, the laying configurations and
positions of the mines are unchanged (Fig. 3). Only the type
of the landmines and the nature of the soil change. There are
three types of soils (clean agricultural soil, sand, and existing
soil type) and three types of landmines. The MAUS1 is a metal
landmine, while the AUPS and VSMK2 are plastic landmines
(with low metal contents). These mines have a cylindrical shape
with similar sizes (the diameter is about 9 cm, and the height is
about 3 cm). Typical Ascan and Bscan data recorded by such
radar are displayed in Figs. 1 and 2.
III. M ODELING AND A NALYSIS OF C LUTTER AND
L ANDMINE S IGNATURE
The chosen clutter reduction method is based on the use of
a 2-D digital filter that is adapted to GPR data. A comparison between the clutter- and landmine-signature-approximated
spectra should be made in order to find which frequency components can be filtered out to reduce clutter without distorting
the landmine signatures too much.
A. Clutter Geometrical Modeling and Frequency Analysis
In a typical Bscan (see Fig. 4), the clutter appears as three
horizontal bands. These bands have a very high contrast, i.e.,
they can be modeled as a rectangle function. Let Bscans be

Fig. 5. Zoom of the Bscan of Fig. 4. t1,1 and t1,2 indicate the edges of the
first clutter band.

defined as functions I(x, t), where x represents the spatial
coordinate ranging from 0 to x1 and t represents the time
coordinate ranging from 0 to T .
Each clutter band appearing on a Bscan can be modeled by a
function Πi (x, t) defined as follows:
Πi (x, t) = Πi,1 (x)Πi,2 (t)
with

Πi,1 (x) = Ai
Πi,1 (x) = 0

x ∈ [0, x1 ]
x ∈ [0, x1 ]



Πi,2 (t) = Ai
Πi,2 (t) = 0

(1)

t ∈ [ti,1 , ti,2 ]
t ∈ [ti,1 , ti,2 ]

where Ai is the magnitude of the ith clutter band and ti,1 and
ti,2 are the time instants that delimit the ith clutter band (Fig. 5).
Let us now consider Bscan data containing only the ith
clutter band, which can be modeled by the following function:
Ic (x, t) = Πi (x, t).

(2)

In order to design a clutter removal filter, we map the data into
the frequency domain. This can be done by using the following
definition of the Fourier transform:
x1 ti,2
Ic (νx , ν) =
Ic (x, t)e−2iπxνx e−2iπνt dx dt.
0 ti,1

(3)
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Fig. 7. Hyperbola that models the response of a buried object and its asymptote (dashed line).

Fig. 6. Spectrum of the first clutter band represented in Figs. 4 and 5.

The derivation of Ic (νx , ν) is very classical and leads to the
following result:
Ic (νx , ν) = Ai x1 (ti,2 − ti,1 )e−iπ(x1 νx +(ti,1 +ti,2 )ν)
sinc(πx1 νx ) sinc (π(ti,2 − ti,1 )ν) . (4)
Hence, the ith clutter band has the following 2-D magnitude
spectrum:
|Πi (νx , ν)| = Ai x1 Ti sinc(πx1 νx ) sinc(πTi ν)

(5)

where νx is the spatial frequency parameter, ν is the frequency,
and Ti is the width of the ith clutter band (Ti = ti,2 − ti,1 ). By
considering that the main energy of such a function is located
inside the first two lobes of the sinc functions, the clutter band
energy is located inside the subspace Sc defined as




2
2
and |ν| <
. (6)
Sc = (νx , ν) such that |νx | ∈ 0,
x1
Ti
An example of such a clutter band spectrum is represented
in Fig. 6 for a Bscan with the parameters x1 = 1 m, t1,1 =
1.5 10−9 s, and t1,2 = 2 10−9 s (Fig. 5). As depicted in Fig. 6,
the main part of the energy is well located in the subspace
Sc with


Sc = (νx , ν)||νx | ∈ [0, 2], |ν| ∈ [0, 4 109 ] .
(7)
On a real Bscan data as the one displayed in Fig. 4, clutter
appears as three horizontal bands. Hence, a clutter model for
this Bscan data can be defined as follows:
Iclutter (x, t) =

3


Πi (x, t).

the coherent sum of each individual spectrum. Having said that,
the resulting spectrum cannot be wider than the spectrum of the
widest individual clutter band, and thus, this widest individual
spectrum provides the worst case for the purposes of selecting
the cutoff frequencies of the digital filter for clutter reduction.
As a consequence, to design our filter for the clutter model, we
only consider the clutter band that has the widest spectrum (the
smallest value for Ti ) and whose main energy is situated inside
the subspace Sc (x1 , νmax ), which is defined as follows:


2
Sc (x1 , νmax ) = (νx , ν) such that |νx | <
and |ν| < νmax
x1
(10)
where νmax = 2/Tmin with Tmin = min(Ti ), i = 1, . . . , 3.
Hence, the filter design does not depend on the number of
clutter bands that appear in the Bscan.
B. Landmine Signature Geometrical Modeling and Analysis
As opposed to clutter, a buried object appears as a hyperbola
in Bscans. In fact, the antenna spatial response is convolved
with the target spatial response. A geometrical straightforward
approach can be used in the case of a soil with known constant
velocity v [1]. For a pointlike object buried at depth z0 and at
position x0 , the reflected signal will be centered on a time
t = t0 +

3


Πi (νx , ν)

(9)

i=1

where Πi (νx , ν) is the spectrum of the ith clutter band.
It is then important to notice that the magnitude of the
total clutter spectrum is not the sum of the magnitude of each
individual clutter band spectrum. Rather, it is the magnitude of

(11)

(t − t0 )2
(x − x0 )2
−
=1
a2
b2

i=1

Iclutter (νx , ν) =

(x − x0 )2 + z02

depending on the velocity v of the pulse radar in the soil and
the known constant time t0 of the signal reflected from the
air–ground interface. It is assumed that the distance between the
GPR and the ground is kept constant during the measurement
and that the air–ground interface is flat. Therefore, the equation
of a hyperbola appearing in a Bscan (see Fig. 7) is

(8)

The total clutter spectrum is obtained by using the 2-D Fourier
transform defined by (3) and is given by

2
v

(12)

with a = 2z0 /v and b = z0 .
Using this classical result, the modeling of a Bscan containing only a hyperbola such as (12) can be done by defining this
Bscan as
Is (x, t) = δ t − t0 − a
Is (x, t) = 0,

(x − x0 )2
+1 ,
b2

if |x − x0 | ≤ ∆x
else
(13)
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Fig. 8.

Hyperbola approximated spectrum for |∆x | < b and ν = 0.
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Fig. 9. Hyperbola spectrum, widest clutter band spectrum, and digital filter
spectrum for ν = 0.

with δ(t − α) as the Dirac function at point t = α. The width
of such a hyperbola is 2∆x. As the antenna directivity is finite,
the reflected signal can only be measured from points not too far
from x0 . Using definition (3) of the Fourier transform and the
spectrum of the Dirac distribution, the frequency representation
of a buried object can be defined as
Is (νx , ν) = e−2iπt0 ν

x0+∆x

−2iπνa

e

(x−x0 )2
b2

+1 −2iπxν
x

e

dx.

Fig. 10. Hyperbola modeled by three line segments.

x0 −∆x

Using the properties of the Fourier transform, the previous
spectrum is also equal to
∆x

−2iπ(x0 +t0 )ν

Is (νx , ν) = e

e−2iνπa

x2
b2

+1 −2iπxνx

e

−∆x

dx.
(14)

In the case where |x/b| is small in comparison to 1, the
following approximation holds:
x2
b2

+ 1  1.

(15)

Hence, for landmines buried at depths z0 such that z0 >
∆x(z0 = b), the hyperbola spectrum can be approximated by
Is (νx , ν)  e−2iπν(x0 +t0 +a)

∆x

e−2iπνx x dx

(16)

−∆x

Is (νx , ν)  2∆xe−2iπν(x0 +t0 +a) sinc(2π∆xνx ).

(17)

An approximation of the magnitude spectrum is given as
|Is (νx , ν)|  2∆x |sinc(2π∆xνx )| .

(18)

The magnitude spectrum is therefore almost independent of
ν, and the main energy is located inside the interval νx ∈
[−(1/∆x); 1/∆x]. For a hyperbola with ∆x = 0.05 cm, νx is
inside the interval [−20; 20]. Fig. 8 represents the evolution
of the hyperbola approximated spectrum for ν = 0. The spread
of the widest clutter band spectrum along the νx axis is very
small in comparison with the spread of the hyperbola spectrum.

Typically, the main energy is within a band of 2-m−1 width for
the clutter (x1 = 1 m) and within a band of 20-m−1 width for
the signal. Therefore, using a digital high-pass filter with a very
sharp transition band to remove the clutter, as shown in Fig. 9,
will not degrade the signal too much. The stopband S of this
filter is defined as




2
S = (νx , ν) such that |νx | ∈ 0,
∀ν .
(19)
x1
However, for landmines buried at shallow depths (1–5 cm),
the approximation (15) does not hold for several values of x
and b considered. It is therefore much more difficult to find an
approximation of the hyperbola spectrum defined by (14). By
looking at several real Bscans from our real database, such as
the one displayed in Fig. 2, it can be seen that the curvature
of the hyperbola top is slight. Furthermore, with the antenna
directivity being finite, one can see that the hyperbola branches
are of short lengths and almost symmetric. A hyperbola on a
Bscan can therefore be approximated by three line segments.
The hyperbola top is modeled by a line segment of null slope
whose width is directly linked to the size of the buried object.
The hyperbola branches are modeled by two symmetric line
segments of slope ±ah (see Fig. 10). A Bscan containing
only one hyperbola such as the one displayed in Fig. 7 can
be modeled approximately by the function Im (x, t) plotted in
Fig. 10 and defined as
Im (x, t) = δ (t = ah (x − x0 ) + t0 ) ,

if x ∈ [x2 , x3 ] (20)

= δ(t = a),

if x ∈ [x3 , x4 ] (21)

= δ (t = −ah (x − x0 ) + t0 ) ,

if x ∈ [x4 , x5 ]

(22)

= 0,

else

(23)
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Fig. 11.

Magnitude spectrum of the line segment modeling the hyperbola top.

Fig. 12. Normalized magnitude spectra of the widest clutter band and of the
segment line modeling the hyperbola top for ν = 0.

with ah , x0 , x2 , x3 , x4 , and x5 being real constants. The Fourier
transform Im (νx , ν) can be written as the sum of the Fourier
transform of each line segment
Im (νx , ν) = Im1 (νx , ν) + Im2 (νx , ν) + Im3 (νx , ν)

(24)

with Im1 (νx , ν), Im2 (νx , ν), and Im3 (νx , ν) as the Fourier
transform of the line segments of slopes ah , 0, and −ah ,
respectively. An analysis of each line segment spectrum is now
led in order to see which frequency components of these spectra
must be kept in order to avoid landmine signature distortions by
digital filtering.
The line segment modeling the top of the hyperbola defined
by (21) has the following 2-D magnitude spectrum:
|Im2 (νx , ν)| = |∆t sinc (πνx ∆t )|

(25)

with ∆t = x4 − x3 . The main energy of such a function is
located inside the subspace S2 , which is defined as follows:



2
S2 = (νx , ν) such that |νx | ∈ 0,
∆t


∀ν .

(26)

The width of the hyperbola top being linked to the size of
the buried object in the landmine detection framework |∆t |
can be taken around 10 cm. Hence, as depicted in Fig. 11,
the main part of the energy is located in the subspace S2 =
{(νx , ν) such that |νx | ∈ [0, 20] ∀ν}. As the magnitude spectrum of the hyperbola top is independent of ν, a comparison
between the widest clutter band spectrum and top hyperbola
spectrum can be made at ν = 0. It is shown in Fig. 12 that the
spread of the clutter spectrum along the νx axis is ten times
smaller than the spread of the hyperbola spectrum. Hence, a
high-pass filter designed such that the clutter situated inside S
is filtered out can be used because it should not bring significant
distortions to the hyperbola top.
The line segment of slope ah modeling a hyperbola branch,
defined by (20), has the following 2-D magnitude spectrum:
|Im1 (νx , ν)| = |∆b sinc (π(ah ν + νx )∆b )|

(27)

Fig. 13.

Magnitude spectrum of the line segment of slope ah .

with ∆b = x3 − x2 , whereas the line segment of slope −ah
modeling the other hyperbola branch, defined by (22), has the
following 2-D magnitude spectrum:
|Im3 (νx , ν)| = |∆b sinc (π(−ah ν + νx )∆b )|

(28)

with ∆b = x5 − x4 (it is supposed that the two hyperbola branches have the same length). The main energy of
|Im1 (νx , ν)| and |Im3 (νx , ν)| is situated inside the first two
lobes of the sinc functions. Due to the finite antenna directivity,
∆b is in the range of 8–12 cm for our real Bscan database. Their
slope depends on the speed at which the EM wave propagates
into the soil. The magnitude spectra of the two line segments
modeling the hyperbola branches, with parameters such that
|∆b | = 10 cm and |ah | = 1, are represented in Figs. 13 and 14.
It is then important to notice that the intersection between
the widest clutter band magnitude spectrum and hyperbola
branches magnitude spectra is maximum for ν = 0 (see Figs. 15
and 16). The spread of the hyperbola branches magnitude
spectrum is much wider than the spread of the clutter spectrum.
Therefore, the frequency components of the Bscan spectrum
situated inside S can be filtered out without bringing many
distortions to the hyperbola branches.
The analysis developed in this paragraph shows that the use
of a digital high-pass filter with a very sharp transition band,
whose stopband S is defined by (19), must reduce significantly
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IV. C LUTTER R EDUCTION BY D IGITAL F ILTERING
A. Speciﬁcation of the Filter in the Frequency Domain
The modeling and analysis developed in the previous section
can be used to define the bandwidth of a denoising filter. The
gain of the ideal filter should be equal to zero inside the interval
S defined by (19) and equal to one outside. Defining H(νx , ν)
as the frequency response of this ideal filter, it is expressed as


Fig. 14. Magnitude spectrum of the line segment of slope −ah .

(νx , ν) ∈ S
(νx , ν) ∈ S.

(29)

It can be noticed that because the spectrum of a landmine
is almost independent of ν (Section III-B), the filter has been
designed in order to filter out the clutter spectrum for all (νx , ν)
such that |νx | ∈ [0, 2/x1 ] ∀ν. As a consequence, there is no
cutoff frequency along the ν axis, and the filter does not depend
on the time instants of the widest clutter band ti,1 and ti,2 .
By taking the inverse Fourier transform, the impulse response
of this filter h(x, t) can be easily computed. However, the
acquired image is sampled on both x and t. Before going
on, it is necessary to define an equivalent digital filter. This
is classically done by using a bilinear transformation [19].
Thus, the ideal frequency response Hd (νxn , νn ) of the digital
denoising filter is defined as


Fig. 15. Normalized magnitude spectra of the widest clutter band and of the
segment lines modeling the hyperbola branches for ν = 0.

H(νx , ν) = 0,
H(νx , ν) = 1,

Hd (νxn , νn ) = 0,
Hd (νxn , νn ) = 1,

(νxn , νn ) ∈ Sd
(νxn , νn ) ∈ Sd

(30)

where νxn is the digital spatial frequency such that |νxn | ∈
[0, νxs /2] with νxs being the sampling frequency in x and νn
is the digital time frequency such that (|νn | ∈ [0, νs /2]) with
νs being the sampling frequency in t. S(d) is defined as

 ν 
s
Sd = (νxn , νn ) such that |νxn | ∈ [0, αx ] and |νn | ∈ 0,
2
(31)
where αx , the cutoff frequency along νx , is given as
νxs
arctan
αx =
π



2π
x1 νxs


.

(32)

B. Derivation of the Impulse Response
Fig. 16. Normalized magnitude spectra of the widest clutter band and of the
segment lines modeling the hyperbola branches for ν = 0.

the clutter while protecting the landmine signatures on Bscans.
Indeed, whatever the depth at which a landmine is buried, the
important thing to check is that the width of the landmine
signature appearing on a Bscan is small in comparison with
the width x1 of this Bscan. This means that the spread of the
clutter spectrum along νx will be small in comparison with the
spread of a landmine spectrum. In the next section, the design
and implementation of such a filter is given.

Using the inverse discrete Fourier transform, it is possible to
derive from (30) the impulse response h(m, n) of the digital
filter as


2πmαx
2αx
h(m, n) = δ(m, n) −
sinc
sinc(πn). (33)
νxs
νxs
Of course, this impulse response is infinite and must be truncated so that it can be implemented. The preceding expression is
multiplied by a hanning window, denoted as w(m, n), resulting
in the following final impulse response hf (m, n):
hf (m, n) = h(m, n) × w(m, n)

(34)
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for m ∈ [0, M − 1] and n ∈ [0, N − 1] with

w(m, n) =

1 − cos

 2πm  
M −1

1 − cos

 2πn 
N −1

4

(35)

where M and N are the space and time samples numbers of
the hanning window, respectively. Therefore, the real frequency
response, denoted as Hdf (νxn , νn ), is the convolution between
the ideal frequency response and the spectrum of the 2-D
hanning window, denoted as W (νxn , νn ), and is expressed as
Hdf (νxn , νn ) = Hd (νxn , νn ) ∗ W (νxn , νn ).

(36)

C. Tuning the Filter Parameters
The filter parameters are x1 and the numbers of filter coefficients M and N . Indeed, M and N are the space and time
samples numbers, respectively, of the hanning window used to
truncate the impulse response (35).
The parameter x1 corresponds to the distance along which
the Ascans forming the Bscan data are collected by the GPR.
The real filter is obtained by the convolution in the frequency
domain of the ideal filter frequency response with the hanning
window frequency response (36). This convolution product
should be null inside the subspace Sd in order to filter out
clutter. This implies that the hanning window spectrum main
lobe must be situated inside Sd . It is then important to notice
that the main lobe width of a one-dimensional (1-D) hanning
window spectrum in normalized frequency3 is 4/Nh with Nh
as the window samples number. Thus, the real filter stopband
width depends on the hanning window samples numbers, i.e.,
M and N . The bigger the filter coefficient numbers M and
N , the narrower the real filter stopband. Indeed, the real filter
stopband should be as close as possible to the ideal filter
stopband, defined by Sd . In order to do so, the main lobe width
of the hanning window along νxn , denoted as Lx , must be taken
less than 2αx , while the main lobe width of the hanning window
along νn , which is denoted as L, must be taken less than νs . In
normalized frequency, M and N should be chosen as follows:
2αx
4
2νxs
Lx =
<
=⇒ M >
M
νxs
αx
νs
4
<
=⇒ N > 4.
L=
N
νs

(37)
(38)

Moreover, the numbers of filter coefficients M and N should
be chosen odd for the filter to be symmetrical with respect to
the origin. Thus, N can be taken as 5, whereas M is the closest
odd number greater than 2νxs /αx . Knowing x1 and the space
sampling frequency νxs , the filter order can be automatically
computed due to (32) and (37). As an example, the magnitude
spectra of the ideal and real filters designed to filter out clutter
for the Bscan of Fig. 2 are represented in Figs. 17 and 18. The
filter parameters are x1 = 1 m and νxs = 50 m−1 . Hence, the
values M = 51 and N = 5 can be taken for the filter order.

3 The frequencies, denoted as f , are normalized with respect to the sampling
frequency fs (f /(fs ) so that f ∈ [−1/2, 1/2].

Fig. 17.

Magnitude spectrum of the ideal filter for ν = 0.

Fig. 18.

Magnitude spectrum of the real filter for ν = 0.

V. S IMULATIONS
The digital high-pass filter specified previously is now applied to simulated and real data in order to test its abilities in
terms of clutter removal.
A. Simulated Data
This new filter is applied to the simulated data depicted
in Fig. 19. These data are made of a horizontal band that
models the clutter and of three line segments that model a
landmine signature buried at a shallow depth, as described
in Section III-B. The horizontal band length x1 is 1 m. The
length of the three line segments is 10 cm, and the slopes of
the two line segments modeling the hyperbola branches are
1 and −1, respectively. The clutter magnitude is taken three
times greater than the landmine signal magnitude. The space
sampling frequency is νxs = 50 m−1 . Thus, the ideal digital
high-pass filter Hd (νxn , νn ) is defined as

Hd (νxn , νn ) = 0, (νxn , νn ) ∈ Sd
(39)
Hd (νxn , νn ) = 1, (νxn , νn ) ∈ Sd
with Sd = {(νxn , νn ) such that |νxn | ∈ [0, 1.98] and |νn | ∈
[0, 25]}. The values N = 5 and M = 51 are chosen for the
filter order. The filtered data are shown in Fig. 20. The clutter
has been significantly reduced, with the magnitude of the
landmine signature being greater now than that of the clutter.
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Fig. 19. Geometrical model of a Bscan.
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Fig. 21. Simulated Bscan.
TABLE I
SIMULATION PARAMETERS FOR THE BSCAN IN FIG. 21

Fig. 20. Geometrical model of the Bscan shown in Fig. 19 with normalized
magnitude (after digital filtering).

Furthermore, the modeled landmine signature has not been
distorted by the filtering.
Of course, this result was attempted because the filter was designed from the frequency analysis of such data (Section III-B).
More realistic simulated data, where landmine signatures appear as hyperbolas, are now considered in order to see if the
geometrical model used for the frequency analysis of the hyperbola spectrum is good (Fig. 21). The split-step 2-D method
presented in [20] was used to generate this Bscan. An EM pulse,
which is modeled by a Gaussian function, is sent at a height of
12 cm above a homogeneous ground in which two objects have
been placed. The central frequency of the pulse spectrum is
900 MHz. To apply the split-step method, the relative dielectric
permittivity (εr ) and the quality factor (Q) of the soil and
objects must be known. The coupling effects between antennas
that arise for bistatic GPR are not taken into account. The
simulation parameters are given in Table I.
In order to design the filter, the parameters x1 , M , and
N should be determined. The horizontal band length x1 is
3.78 m, and the space sampling frequency νxs is 33.3 m−1 .
The values N = 5 and M = 129 are taken for the filter order. The stopband of the digital filter can be found as Sd =
{(νxn , νn ) such that |νxn | ∈ [0, 0.52] and |νn | ∈ [0, 16.6]}.
Fig. 22 shows the simulated Bscan after filtering. It can be seen
that the clutter has been entirely removed and that the buried
objects appear as hyperbolas in the filtered Bscan.

Fig. 22. Simulated Bscan in Fig. 21 with normalized magnitude (after digital
filtering).

On the Bscan data of Figs. 19 and 21, clutter appears as
a perfectly horizontal band. This implies that the air–ground
interface is flat, which might not be realistic in the case of
real GPR measurements. The last simulated data are used to
study the case of a rough air–ground interface. The Bscan of
Fig. 23 was created due to the split-step method. An EM pulse,
modeled by a Gaussian function, is sent above a homogeneous
ground in which two objects have been placed. The soil surface
is a random variable which is centered in z = 0 and whose
variance is 5 cm. The simulation parameters for these data are
given in Table II.
The filter parameters are the same as that for the Bscan of
Fig. 21; the filtered Bscan is represented in Fig. 24. It can be
seen that most of the clutter has been canceled by the filtering
but there are some clutter residues. Indeed, in an image, the
low frequencies correspond to low-intensity variations (uniform
zones), and the high frequencies correspond to fast variations
(outlines). Hence, in a general framework, a high-pass filter
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Fig. 23. Simulated Bscan.

Fig. 25.

Bscan recorded above an agricultural soil covered by grass.

Fig. 26.

Bscan in Fig. 25 after digital filtering (N = 5 and M = 51).

TABLE II
SIMULATION PARAMETERS FOR THE BSCAN IN FIG. 23

Fig. 24. Simulated Bscan in Fig. 23 with normalized magnitude (after digital
filtering).

tends to increase the outlines and cancel the uniform zones.
For clutter bands that are not perfectly horizontal, the outlines
of clutter high-variation zones are at the origin of clutter
residues (Fig. 24). However, the landmine responses are well
represented after digital filtering, and their magnitude is greater
than the one coming from clutter residues. The designed filter is
therefore robust because it cancels most clutter even for roughsurface soils. This filter is therefore adapted to the Bscan data,
and it can now be tested on real data.
B. Real Data
The MACADAM campaign real Bscan data, presented in
Section II, are used to test our digital filter. The three real
Bscans are selected such that they represent the recordings
of a GPR above different types of soils, where several types
of landmines are buried at different depths. For these Bscans,
the filter parameters are the same, that is, x1 = 1 m and

νxs = 50 m−1 . The values M = 51 and N = 5 can be taken
for the filter order. The stopband of the digital filter is Sd =
{(νxn , νn ) such that |νxn | ∈ [0, 1.98] and |νn | ∈ [0, 25]}.
Consider the Bscan displayed in Fig. 25. In this image,
two landmine responses of MAUS1 type (metallic content)
have been recorded. One is coming from a landmine buried at
5 cm, and the other is coming from a landmine laid down the
ground at respective horizontal positions x = 0.2 and x = 0.6.
The ground is made of clay covered by grass. The result is
depicted in Fig. 26. The three bands representing the clutter are
well filtered, and the landmine responses are not significantly
distorted by the filtering.
The proposed filter is now tested on the Bscan shown in
Fig. 27. Two VSMK2 landmine responses have been recorded
on this Bscan, but they are hardly visible because their responses overlap with the one from the clutter. As shown in
Fig. 28, after digital filtering, the three horizontal bands have
been entirely filtered, and the landmine signatures appear as
hyperbolas in the filtered Bscan.
Finally, the Bscan depicted in Fig. 29 is filtered. In this
record, there are MAUS1 landmines buried at position x = 0.2
at 10 cm and at position x = 0.6 just below the air–ground
interface. As shown in Fig. 30, the clutter bands have almost
been entirely filtered, but there are some residues. Indeed, our
filter has been constructed for clutter whose bands are almost
horizontal. Now, as shown in Fig. 29, the clutter bands are
not horizontal in the central part of the Bscan. Clutter residues
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Fig. 27. Bscan recorded above an agricultural soil.

Fig. 30. Bscan in Fig. 29 after digital filtering (N = 5 and M = 51).

Fig. 28. Bscan in Fig. 27 after digital filtering (N = 5 and M = 51).

reduced, whereas the landmine signatures are protected, even
for landmines whose responses are hidden by clutter. Thus,
the proposed filter is well adapted to Bscan data. Its main
drawback is that to get a perfect clutter reduction on Bscan
data, the clutter should be made of horizontal bands, implying
that the air–ground interface should be flat. If not, there might
be some clutter residues after digital filtering. These residues
come from the outlines of clutter bands high-variation zones.
However, their magnitudes are attenuated by the filtering and
are often lower than the one of landmine responses. Thus, the
designed filter is robust and can be used to cancel clutter even
for a rough air–ground interface. It can then be noticed that this
digital filter has been successfully used as a preprocessing step
of an abrupt change detection algorithm for the localization of
landmine responses in Bscan records [18].
VI. P ERFORMANCES A NALYSIS OF THE
C LUTTER R EMOVAL M ETHOD
A comparison with the commonly used CCRA is made
in order to evaluate the performances of our method. Clutter
reduction by CCRA is achieved by subtracting from each Ascan
an averaged value of the Nw previous Ascans [1], i.e.,
xf (n) = x(n) −

Fig. 29. Bscan recorded above an agricultural soil.

come from the outlines of the clutter bands in this zone.
However, the two landmines are correctly represented on the
Bscan after digital filtering, and their energy is greater than the
one coming from clutter residues.
C. Discussion
The digital filtering approach for clutter reduction is effective
for the real data set. These data represent different scenarios
because the landmines are buried at different depths (1–10 cm)
or laid down the ground. For all cases, the clutter is significantly

Nw
1 
x(n − i)
Nw i=1

(40)

where x(n) is the vector that contains the Ascan samples
recorded at position n and xf (n) is the processed Ascan. The z
transform Xf (z) of the processed Ascan xf (n) is defined as
Xf (z) = X(z) 1 −

Nw
1 
z −i
Nw i=1

(41)

where z is a complex variable and X(z) is the z transform
of x(n). Hence, the CCRA realizes a clutter processing in the
time domain by a digital filter whose transfer function Hca (z)
is defined as
Hca (z) =

Nw

i=0

ai z −i

(42)
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Fig. 31. Frequency responses of a CCRA filter for Nw = 5, 10, and 15.

Fig. 33. Rt is plotted against Rc for the two filter types.

signal power that is filtered out for the two methods in order to
see which method brings the least distortions to the landmine
responses.
In Section III, the signatures of landmines buried at shallow depths have been modeled by three line segments whose
magnitude spectra are defined by (25), (27), and (28), whereas
the clutter magnitude spectrum is defined by (4). Hence, the
percentage of distortions brought by the filtering on the hyperbola top Rt can be defined as
∞
|sinc(π∆t νx )|2 |1 − H|2 dνx
Rt = −∞  ∞
× 100
(43)
2
−∞ |sinc(π∆t νx )| dνx

Fig. 32. Frequency responses of the real and ideal high-pass filter.
TABLE III
Rc , Rt , AND Rb FOR THE DIFFERENT FILTERS

where the filter coefficients ai are given such that a0 = 1 and
ai = −1/Nw for i = 1, . . . , Nw . Thus, the filter coefficients
depend only on the filter order Nw . The frequency responses
of a CCRA filter for different values of Nw are represented in
Fig. 31. It can be seen that the settling time of these CCRA
filters is quite long in comparison with the settling time of our
filter and that their peak overshoots are greater (see Fig. 32).
The frequency responses of CCRA filters are more distant
from the ideal high-pass filter frequency response, defined by
Hd (νxn , νn ), than our filter frequency response. This can be
explained by the fact that the CCRA filter coefficients are not
optimized with respect to the clutter and landmine response
approximated spectra.
In order to evaluate the performance of our clutter removal
method against the CCRA, two criteria are used. The first
criterion is the percentage measurement of the clutter power,
denoted as Rc , that is filtered out for the two methods in order
to see which method is the most efficient in terms of clutter
removal. The second criterion is the percentage of the landmine

where H is the transfer function of the filter used to reduce
clutter. The maximum percentage of distortions brought by the
filtering on the hyperbola branches Rb is defined as
∞
|sinc(π∆b νx )|2 |1 − H|2 dνx
Rb = −∞  ∞
× 100.
(44)
2
−∞ |sinc(π∆b νx )| dνx
Finally, the percentage of the clutter power that is filtered out
along νx is defined as
∞
|sinc(πx1 νx )|2 |1 − H|2 dνx
× 100.
(45)
Rc = −∞  ∞
2
−∞ |sinc(πx1 νx )| dνx
From the observations of our real database Bscans, the parameters x1 , ∆t , and ∆b can be chosen as follows: x1 = 1 m,
∆t = 10 cm, and ∆b = 8 cm. Table III gives the values of
Rc , Rt , and Rb for our filter and for CCRA filters. The best
filter is the one that offers the best tradeoff between clutter
reduction and landmine signatures protection. Rt and Rb are
plotted against Rc in Figs. 33 and 34, respectively, in order to
see which filter is the closest to the ideal tradeoff (Rc = 100%
and Rb = Rt = 0%). It can be seen that our clutter removal
method is better than the CCRA because it offers the best
tradeoff. To illustrate this, the Bscan of Fig. 29 is processed
independently by two CCRA filters whose orders are Nw = 5
and Nw = 10, respectively. Fig. 35 shows that, for Nw = 5, the
clutter is significantly reduced but the signature of the MAUS1
landmine buried at 10 cm is cut into two parts. This can result in
the detection of two buried objects instead of one, which leads
to the increase of the false alarm rate. For Nw = 10, it is shown
in Fig. 36 that landmine signatures are less distorted, however
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Fig. 34. Rb is plotted against Rc for the two filter types.
Fig. 36. Bscan in Fig. 29 after clutter removal by the CCRA filter
(Nw = 10).

Fig. 35. Bscan in Fig. 29 after clutter removal by the CCRA filter (Nw = 5).

their magnitudes are lower than that of the clutter residues. The
preprocessing of this Bscan by our filter is better (see Fig. 30).
Finally, the performance of our filter and CCRA filters for
clutter reduction is studied in terms of detection probability
and false alarm probability with the help of receiver operating
characteristic (ROC) curves. The landmine detection method
used is the one proposed in [18]. This method consists of
detecting all abrupt changes in the Bscan data along both time
and spatial dimensions and in finding those coming from the
responses of buried landmines. More precisely, the two steps of
this method are as follows.
Step 1) Spatial abrupt changes are searched in order to
detect the possible horizontal landmines position.
Clutter reduction is not necessary because clutter is
almost constant along the horizontal axis of the real
Bscans.
Step 2) The time abrupt changes are searched in order to
detect the buried-object response times. Clutter has
to be removed beforehand in order to avoid detecting
clutter bands instead of real landmines.
Here, we are only interested in Step 2) of the landminedetection method because clutter reduction is used as a preprocessing step. In order to build an ROC curve for each filter, a
set of 75 real Bscan data collected by a bench arc, as described
in Section II, is used. The laying configuration of the landmines
is shown in Fig. 3. Five MAUS1 landmines and one AUPS
landmine have been buried at different depths in an agricultural
soil without any other objects, such as twigs or rocks. For

Fig. 37. ROC curves for the detection of landmine response time [Step 2)]
when the Bscan data are preprocessed by the adapted filter and the CCRA
filters.

each Bscan, we apply Step 2) of the detection method. The
Bscan data are first preprocessed by one of the filters, and
then the abrupt change detection algorithm is applied along the
time direction. The algorithm parameters are m1 = m2 = 5,
σ = 10, and ν = 0.5 [18]. A buried object is characterized by
two near-abrupt changes in the time direction which are relative
to the response times of the top and bottom of the object. Hence,
for each detected response time, if it corresponds to a theoretical
response time of a landmine, the detection is true; otherwise, it
is considered a false alarm. Then, the probability of detection
and the probability of false alarm are computed for different
values of the detection threshold ηt (ηt ∈ [0, 12]). The ROC
curves for the different filters are plotted in Fig. 37. It can be
seen that the detection–false alarm performance is better when
the Bscans from the data set are preprocessed by our filter rather
than by CCRA filters.
VII. C ONCLUSION
In this paper, a digital high-pass filter that is adapted to
Bscan data has been proposed to reduce clutter. The different
simulation results show the efficiency of such a filter to remove clutter while protecting the landmine signatures, even for
landmines whose responses are hidden by clutter. The performances of our method were evaluated due to a comparison
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with the commonly used CCRA method, which shows that
our method gives a better tradeoff in terms of clutter reduction and landmine signatures protection and a better detection
performance when it is used as a preprocessing step for the
landmine-detection method proposed in [18]. The only thing
that should be checked before applying this filter to any Bscan
data is that the width of the buried object in the Bscan image
is small in comparison with the image width. Moreover, the
implementation of such a filter is simple, and its computational
cost is low.
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