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ABSTRACT

This paper describes the theory and practice of ground penetrating radar (GPR) clutter characterization and removal. Clutter
and target parametric and non-parametric modeling methods are described and results of these methods on laboratory data are
presented. Data were collected at the Technische Universität Ilmenau (TUI) using a 6 GHz frequency-stepped GPR. Targets
were chosen to include rocks and other non-lethal clutter which normally present false targets to the GPR. Results indicate a
quantifiable improvement in target class discrimination using the clutter reduction methods over standard mean background
removal methods.
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1. INTRODUCTION

Anripersonnel landmines (APLs) remain hidden in the ground in over 64 countries following the termination of armed con-
flict.1{3 The exact number of APLs is not known4; indeed, the actual number of APLs is rathr irrelevant. The fact remains
that APLs account for hundreds of civilian casualties per year and prevent the return of land to agricultural use The standard
approach to the detection of APLs remains the metal detector (MD) which is essentially unchanged from the approach used
in World War II. Because a large number of APLs contain little to no metal, ground penetrating radar (GPR) is one of the
current technologies which is receiving attention as an alternative or adjunct to the metal detector. The r requirement for reli-
able land mine detection from a stand-off location is applicable for both military and humanitarian (post-conflict) applications.
Comprehensive reports on current research in APL detection/classification are found in the proceedings of the First and Sec-
ond EUREL International Conferences on the Detection of Abandoned Land Mines in Edinburgh, Scotland, in October 1996
and October 1998,5,6 and the proceedings of the October 1997 conference on Sustainable Humanitarian Demining (SusDem
’97) held in Zagreb, Croatia.7 SPIE, the International Society for Optical Enginering has held four conferences on demining
technology8{11; over 250 papers are contained in those volumes covering all aspects of mine detection technologies.

2. CLUTTER CHARACTERIZATION

GPR clutter includes many components; crosstalk from transmitter to receiver antenna, initial ground reflection and background
resulting from scatterers within the soil. In this paper, all of these components are considered to be undesired signals which
require estimation and subsequent removal in order to enhance the target signal. As mentioned previously, the target signal can
be either a mine or non-mine; it is the objective of the post-processing to make the decision between the two.

System Identification methods12 offer considerable promise in GPR signal processing. One goal of system identification is
to attempt to determine a target impulse response which will be invariant with aspect angle and soil conditions. In general, this
will not be possible.13,14 Aspect-invariant impulse responses, characterized by the natural resonant poles of the system, are
valid only when the target is perfectly conducting and in free space.
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2.1. The GPR Signal Model

Estimating the target parameters is the goal of system identification applied to GPR signal processing. If specific parameters of
the target can be isolated in some domain, then it may be possible to separate the target further into “Mine” and “Non-Mine”
classes. The roots of the transfer function polynomials may be plotted in either thez-domain or thes-domain, and an appropriate
distance function can be applied to separate the target sets. Figure 1 shows the basic structure of the input-output relationship
is between the transmitted signal and the received signal. From this diagram,

srec0d(n) = strans(n) � ha(n) � hc(n) � ht(n) � hc(n) � ha(n) (1)

whereha(n),hc(n) andht(n) are the impulse responses of the antenna, clutter and target, respectively. The symbol� denotes
linear convolution, defined as

u(n) � h(n) :=
1X

k=�1

h(k)u(n� k). (2)

The antenna and clutter impulse responses are shown twice to reinforce the fact that the radar wave passes through both
components twice. Strictly speaking, in a bistatic array environment, the antenna impulse responses should be denotedharec(n)
andhatrans(n) to denote the receiver and transmitter antenna responses which will, in general, be different.

Figure 1. Overview of System Impulse Response

2.2. Model-Based Parametric System Identification

Under ideal circumstance, Eq. 1 implies that the target impulse response should be obtainable by deconvolving the various
components of the received signal, but, in general, this is not feasible.15

Consider a discrete LTI system described by the difference equation

y(n) + a1y(n� 1) + a2y(n� 2) + � � �+ anay(n� na) = b0u(n) + b1u(n� 1) + � � �+ bnbu(n� nb) (3)

wherey(n) is the output sequence andu(n) is the input sequence, andna,nb represent the order of the output and input
processes, respectively. For causality,nb � na. The system described by 3 may be written in transfer function format as

H(z) =
B(z�1)

A(z�1)
(4)

where

A(z�1) = 1 + a1z
�1 + a2z

�2 + � � �+ anaz
�na (5a)

B(z�1) = b0 + b1z
�1 + b2z

�2 + � � �+ bnbz
�nb (5b)

This system has the following representation:

H z( )
B z

1–( )

A z
1–( )

----------------=u n( ) y n( )

Figure 2. Discrete LTI Block Diagram

The more general case includes additional measurement noisee(n) which is assumed to be i.i.d. with mean zero. In this
case, the input-output relation is written

A(z�1)y(n) = B(z�1)u(n) + e(n) (6)



which is theequation-errorin system identification language.12 Define theparameter vector� as

� = [a1; a2; : : : ana ; b0; b1; : : : bnb ]
T (7)

and the elements of this vector are the parameters to be estimated. Let

xT (k) =
��y(k � 1); : : : ;�y(k � na); u(k); : : : ; u(k � nb)

�
then

y(k) = xT (k)� + e(k) (8)

or
y = X� + e (9)

whereX is the matrix

X =

2
6664
xT (n+ 1)
xT (n+ 2)

...
xT (n+N)

3
7775 =

2
6664

�y(na); : : : ; �y(1); u(nb + 1); : : : ; u(1)
�y(na + 1); : : : ; �y(2); u(nb + 2); : : : ; u(2)

...
. . .

...
. . .

�y(na +N � 1); : : : ; �y(N); u(nb +N); : : : ; u(N)

3
7775 (10)

whereN is the length of a sliding data window;N � na + nb.

It is shown in Ref. 16 that the solution of Eq. 9 is given by the minimum-norm

�̂ = (XTX )�1XTy = X yy (11)

whereX y is theMoore-Penrose Pseudo-inverse17 of X .

Fig. 3 is a general block diagram of the three main components of the received signal. Estimated parameters may be used
for feature extraction and clutter reduction.
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Figure 3. General Block Diagram Representation of System Identification

2.2.1. The Target Model

The target model is shown in Fig. 4. The impulse response of the target isht(n), and the input-output relationship is as shown,
with a DiracÆ-function as the input, and the output sequence byŝt(n). As stated previously, the goal will be to estimate the
parameters of the transfer function,D̂(n) andĈ(n) given by the composite parameter vector
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Figure 4. Representation of Target Parametric Model

�̂t = [c1; c2; : : : cnc ; d0; d1; � � � dnd ]T (12)

wherenc,nd represent the order of the respective polynomials inz�1.

The parameters of the target may be estimated only after the clutter/antenna parameters are determined.

2.2.2. The Clutter Model

In a similar way, the clutter model may be represented by

�̂c = [a1; a2; : : : ana ; b0; b1; � � � bnb ]T (13)

and the block diagram is shown in Fig. 5.

The input to the clutter block diagram is indicated by theÆ-function in the absence of any knowledge of the true input
waveform. In this way, the clutter model includes all of the effects noted in Sect. 2. In general, the shape of the transmitted
pulse will not be known. Indeed, as with the data collected at TUI, there is no “pulse”per se, but only a synthesized pulse by
virtue of the stepped frequency modulation. The modeling methods described in this section, however, lend themselves equally
well to the case where the input (transmitted) pulse is known; simply replace theÆ-function with the known pulse.
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Figure 5. Representation of Clutter Parametric Model

2.2.3. The Noise Model

When modeling dynamical systems or signals, it is usually necessary to include a noise model which will account for any
random disturbances caused by the measurement equipment, etc. Such disturbances may be non-stationary, and may also
be non-Gaussian and display some specific spectral characteristics other than a flat (“white”) spectrum. The inclusion of a
(possibly time-varying) noise model is therefore indicated.

Such a noise process model can be described by

�̂� =
�
g1; g2; : : : gng ; f0; f1; � � � fnf

�T
(14)

and the model is shown in Fig. 6.

The input to the noise model is a vector of independent, identically distributed (i.i.d.) samples with a Gaussian amplitude
distribution of zero mean and constant spectral intensity. The input is applied to a filter which will provide appropriate spectral
and amplitude shaping to represent the measured noise from A-Scan to A-Scan; it may not be necessary to apply this filter if
the noise from A-Scan to A-Scan is sufficiently decorrelated.

For a general description of the parametric system identification algorithms described in this paper, reference is made to Fig.
3 and the additional figures immediately following. The clutter model is estimated by applying the Steiglitz-McBride Algorithm
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Figure 6. Representation of Added Noise Parametric Model

to a measured clutter sample with a DiracÆ-function as the input, as in Fig. 5. The clutter model is derived from a reference
clutter sample, as is the case in all the techniques described herein except for some types of recursive (adaptive) methods which
will be described in Sect. 2.3. This should not, in most cases, be a drawback to the general method; representative clutter
samples may be collected at various times during the mine scanning process.

The noise model shown in Fig. 6 is estimated by determining the ARMA parameters of the residue found by subtracting
successive A-Scans and then using those coefficients to create correlated noise samples�(n) which are of appropriate amplitude
to match the power of the original residue. It has been experimentally determined that, with the data samples of interest here,
the noise transfer function may be omitted; in other words, the scan-to-scan noise is closely approximated by the inpute(n). If
an examination of the correlation properties of the differenced A-Scans determine that the residue had significant correlations at
lags much greater than zero, it would be necessary to determine the noise model ARMA parameters as, for example, described
in Ref. 18. That reference uses higher-order statistics (cumulants) to determine ARMA parameters assuming the data is
correlated and possibly non-Gaussian. Other ARMA estimation methods may be used, such as those in Ref.12 if the process is
found to be linear and Gaussian. In practice, it was found that WGN was a close approximation to the true process; in no case
was an ARMA model greater than ARMA(4,4) determined to be of use.

Once the clutter estimate and noise processes are determined, the target model may be extracted by simply subtracting
the sum of those estimates from the measured signal. If desired, the target filter coefficients may be easily determined by the
Steiglitz-McBride algorithm applied to the new target estimate signal as for the clutter signal described above.

2.3. Recursive (Time-Varying) Methods

Recursive algorithms, also known asadaptive algorithms,12,19 are used foron-line processingof data as opposed tobatch or
off-line processing.

Consider
y(n) = xT (n)�(n) + e(n) (15)

The general expression for recursive parameter estimation is

�̂(n) = �̂(n� 1) + k(n) (y(n)� ŷ(n)) (16)

wherek(n) is theadaptation gain vector. Given an initial parameter vector

�0(n) = �0(n� 1) +w(n) (17)

wherew(n) is assumed to be i.i.d., the general algorithm for recursive parameter estimation is therefore



�̂(n) = �̂(n� 1) + k(n) [y(n)� ŷ(n)] (18a)

ŷ(n) = xT (n)�̂(n� 1) (18b)

k(n) = Q(n)x(n) (18c)

Q(n) =
P(n� 1)

R2 + xT (n)P(n� 1)x(n)
(18d)

P(n) = P(n� 1)� P(n� 1)x(n)xT (n)PT (n� 1)

R2 + xT (n)P(n� 1)x(n)
+ R1 (18e)

whereR1 = E[w(n)wT (n)] andR2 is the variance of the innovations in Eq. 15,R2 = E[e2(n)]. This is theKalman Filter
version of adaptive parameter identification. The covariance matrixP is typically initialized as a diagonal matrix of dimension
N �N , whereN = na + nb as in Eq. 3, for example.

Often, a modification to the above equations is made to include aforgetting factorf� : 0 < � � 1g, in which case Eq.s 18d
and 18e become, respectively,

Q(n) =
P(n� 1)

�+ xT (n)P(n� 1)x(n)
(19a)

P(n) =

�
P(n� 1)� P(n� 1)x(n)xT (n)PT (n� 1)

�+ xT (n)P(n� 1)x(n)

�
�� (19b)

Typical values for� range from0:95 to 0:99.

3. RESULTS

This section describes the results of applying both common mean background removal and adaptive (RLS) background removal
as described above. The data was collected at the Technische Universität Ilmenau (TUI) under the direction of Prof. Jürgen
Sachs as part of the EU DEMINE Program. The stepped-frequency data was collected by dwelling at a particular position in a
grid and sweeping from 0 to 6 GHz in 15 MHz steps, for a total of 401 frequency samples per A-Scan. Each target was buried
such that the top of each target was 5.0cm below the surface of the sand. The sandbox is approximately 2.2 m long and 0.75
m wide. This permits up to four separate targets to be placed in such a manner to ensure at least 50 cm spacing between the
targets. The frame for mounting the antennas is attached to the ceiling of the laboratory. Two carriages for the receive and
transmit antennas may be moved independently in one direction. The antennas are in a bistatic configuation and may be rotated
to obtain all combinations of horizontal, vertical and cross-polarizations.

Figure 7. Measurement Scenario at TUI Lab



3.1. Summary of Clutter Reduction Methods

3.1.1. Model-Based and RLS Background Removal

Figure 8 shows the result of the clutter and noise estimation described in Sect. 2.1. In this figure, the far right side has been
removed to eliminate the reflections from the wall of the sandbox. It is seen that the correlated clutter represented normally by
waves below the targets, is suppressed. In this way, the dominant returns are only the tops of the targets. The noise model was
estimated by differencing consecutive A-scans and evaluating the autocorrelation properties in order to establish the ARMA
model order. Then, WGN was applied to the noise process transfer function shown in Fig. 6. The clutter process was estimated
by applying the Dirac delta function to the clutter transfer function of Fig. 5 and experimentally determining the appropriate
model by applying the Steiglitz-McBride algorithm to a clutter A-scan sample. In this figure, the clutter parameters are fixed,
but the noise parameters are updated from A-scan to A-scan.

Figure 9 shows the results of the RLS adaptive approach. In this case, the clutter parameters are again considered fixed,
but the signal minus clutter residue is adaptively estimated in time (depth) as well as from A-scan to A-scan. In this figure, the
sphere and rock returns are reduced, but the level of correlated clutter is more than the previous approach.
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Figure 8. Parametric Model Background Removal
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Figure 9. RLS Background Removal

3.2. Target Classification

3.2.1. Physical Parameter Estimation

An important parameter in the processing of GPR data is the knowledge of the velocity of propagation in the medium. The ve-
locity estimation is based on the detected hyperbolas in the B-scan image. In the following the estimated hyperbolic parameters
and velocities are compared for both GPR raw data (after simple average subtraction) and following clutter reduction using the
adaptive method described above. The detection of target hyperbolas in the B-scans was accomplished by using a generalized
Hough-transform on the detected edge pixels. Edge detection was performed using Gaussian and multi-scale Gabor filters, the
details of which are in Ref. 15. The following equation for the general hyperbolic parameters was used:

t2 = �+ �(x� 
)2 (20)

wheret andx represent the vertical and horizontal coordinates. Figures 10 and 11 show the detected hyperbolas for the raw
data before and after adaptive clutter background removal.

In both cases a number of hyperbolas are detected at each of the object positions. There are, however, additional hyperbolas
which are present and do not correspond to real objects. For each object the local velocity of propagation can be determined by

v =
2�xp
��t

(21)



Figure 10. Detected Hyperbolas in Mean-Removed Back-
ground

Figure 11. Detected Hyperbolas RLS-Removed Back-
ground

and the depth:
z = v

p
� (22)

where�x is the horizontal distance between two sample points (the horizontal scanning step),�t is the difference in time
between two sample points (the inverse of the sampling frequency). Table 1 compares velocity, depth and eccentricity for the
data before and after adaptive clutter background removal.

Table 1. Feature Comparison Between Mean-Removed and RLS-Processed Data

Raw Data Processed Data

Depth Velocity Eccentricity Depth Velocity Eccentricity

PMA-3 4.7 cm 5.7e+7 m/s 20.5 5.6 cm 6.9e+7 m/s 19.8

Sphere 6.5 cm 6.4e+7 m/s 21.0 6.1 cm 7.1e+7 m/s 19.9

Rock 4.9 cm 6.7e+7 m/s 20.8 6.4 cm 6.5e+7 m/s 19.1

PMA-1 8.1 cm 7.0e+7 m/s 23.1 5.6 cm 7.2e+7 m/s 19.8

It is seen that, with the RLS-processed data, the estimated depth is approximately 5cm for the mines, which is close to the
correct value, and the velocity estimates for the mines are approximately identical. Finally, the eccentricity is almost identical
for all the objects.

This latter observation, the similarity of hyperbolic eccentricities for all targets, actually mitigatesagainstusing hyperbolic
parameters for target discrimination. It is clear that selecting classification features based upon these parameters will not lead
to efficient class discrimination.

3.2.2. Target class discrimination

Considering the above observation, van Kempen15 then applied a multiple discriminant analysis based uponWilks’ Lambda20{22

to the RLS-processed TUI data, using time, frequency and wavelet-domain features.23 In order to compare the results for both
types of data, an estimate is made of how well the selected features are clustered within each of the classes separately, and how
effective those features are in separating the classes.



The selection of the best features out of the larger feature vectors, composed of all the data samples in the time, frequency
and wavelet domains, is based on the estimation of Wilks’ Lambda. This entity is defined as follows:

� =
det

hPN

j=1

Pnj
i=1

�
Xij � �Xj

� �
Xij � �Xj

�T i

det
hPN

j=1

Pnj
i=1

�
Xij � �X

� �
Xij � �X

�T i (23)

where:
Xij Feature i in class j
nj Number of features in class j
�X Overall feature mean
�Xj Feature mean for class j
N Number of classes

In this equation the denominator represents the determinant of theWithin Class Scatter Matrix. This value will express how
well the selected features are clustered within each of the classes separately. A small value of the denominator will represent a
well clustered feature set. The numerator represents the determinant of theTotal Scatter Matrix. This value will express how
much the combined feature set is extended over the feature space. A large value can be interpreted as the fact that the distance
between the class means will be large. The actual comparison between the raw and RLS-processed data will be made based
upon two items: theclusteringwithin a class, and theseparabilitybetween classes.

For the clustering within a class, the assumption is made that the values of the selected features are conform to a Gaussian
distribution. TheCovariance Matrix(Coj) of these selected features for classj can be expressed as:

Coj =

nX
i=1

�
Xij � �Xj

� �
Xij � �Xj

�T
(24)

If the features are not well clustered the feature cloud will have an elongated shape in the feature space. On the other hand, if
the features are well separated the feature cloud will be more spherical in shape.

Table 2 shows the comparison results, based on the defined values, for time, frequency and wavelet features separately, or
when using all (combined) features. The clustering within the class is for the three objects (mine, sphere and rock) in most of
the cases better in the RLS-processed data than in the raw data. Finally the classes are better separated using the RLS-processed
data.

Table 2. Comparison results based on feature selection

Raw Data Pre-processed Data

Clustering (�1=�2) Separability Clustering (�1=�2) Separability

Mine Sphere Rock Mine Sphere Rock

Time 1.45 3.96 3.06 5.76 1.06 4.29 1.23 8.14

Freq 3.33 3.19 2.83 4.47 1.99 2.74 2.67 3.31

Wavl 3.21 2.65 1.38 2.77 2.82 2.68 2.49 4.23

All 16.42 21.52 4.46 1.19 2.17 1.67 2.67 6.85



4. CONCLUSIONS

This paper describes system-identification-based methods of characterizing and removing background clutter from a GPR
signal. The methods were shown to provide quantifiable improvement in feature extraction applied to the detection of non-
metallic antipersonnel land mines.
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