
IEEE SENSORS JOURNAL, VOL. 11, NO. 6, JUNE 2011 1337

A Least Squares Approach to Buried Object
Detection Using Ground Penetrating Radar

Ahmet Burak Yoldemir and Mehmet Sezgin

Abstract—In this study, we utilize the least squares formulation
to solve the real-time buried object detection problem. Least
squares estimation is used to estimate the next ground penetrating
radar (GPR) signal from previous samples, where there is no
underground object. If the measured GPR signal is considerably
different than the estimated signal, presence of an underground
object is concluded. In order to attain real-time performance,
Cholesky factorization is used when solving the linear systems. The
proposed approach is tested on an extensive data set of different
surrogate mines and other objects that are commonly encountered
under the ground. The data are collected from three different
terrains with different soil types to reveal the true performance of
the method. It is demonstrated that our approach achieves almost
100% performance with a false alarm rate of approximately 10%
on real GPR data collected with a handheld GPR system.

Index Terms—Buried object detection, Cholesky factorization,
ground penetrating radar (GPR), least squares.

I. INTRODUCTION

D ETECTION of buried objects is a popular problem that
has a wide spectrum of application areas, such as archae-

ological investigations, forensic investigations, and security ap-
plications. Among many available techniques, such as nucle-
onic, radiometric, thermographic and electromagnetic methods,
ground penetrating radar (GPR) is especially proven to be useful
[1]. In this study, we propose a real-time buried object detec-
tion approach using GPR, with a special emphasis on buried
landmines.

Landmine detection is a challenging problem to be addressed
by nondestructive methods. According to the latest annual re-
port of Landmine and Cluster Munition Monitor, more than 70
states are believed to be mine-affected, as of August 2009. It is
also stated that, roughly 3000 km of land worldwide is mine
contaminated [2].

Conventional nondestructive landmine detection methods
use a metal detector (MD), however, MD cannot find plastic or
deeply buried minimum metal landmines. GPR, on the other
hand, can detect objects with little or no metal content, by
detecting any dielectric discontinuity under the surveyed area.
There are basically two GPR systems: vehicle mounted and
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handheld. Vehicle mounted systems produce more reliable sig-
natures by keeping both the detector speed and height constant.
In handheld systems, a human operator sweeps the detector
over the ground surface. In this case, constant detector speed
and height assumption is not valid. Hence, inconsistent object
signatures can be observed, which need to be balanced with ap-
propriate signal processing techniques. The focus of this work
is to present such a signal processing approach for a handheld
GPR system, which is developed at The Scientific and Tech-
nological Research Council of Turkey (TÜBİTAK-BİLGEM).
This detector is introduced in [3] along with its capabilities and
design parameters.

Basically, detecting a buried object using GPR requires the
evaluation of differences between consecutive GPR signals
taken at adjacent points. Each 1D GPR signal taken at a specific
point is called an A-scan. Hence, a detection algorithm should
distinguish between A-scans taken in the presence and absence
of a buried object. This can be viewed as an estimation problem.
From the A-scans taken in the absence of a buried object, the
next A-scan should be estimated. After measuring the GPR
signal at that point, the observed signal and the estimated signal
should be similar. Otherwise, the presence of a buried object
can be concluded.

In recent years, several strategies were proposed to solve the
estimation problem. In [4] and [5], the use of linear prediction
to estimate the next A-scan is proposed. In this method, each
sample is expressed as a linear combination of the past few sam-
ples plus random noise. Goodness-of-fit to the linear combina-
tion model is tested by computing the maximum-likelihood es-
timate of the linear prediction coefficients. In [6] and [7], PCA
was used to extract the main characteristics of GPR signals, and
deviation from these characteristics is used to detect buried ob-
jects. In [8], authors approached the problem from an inverse
scattering point-of-view, and solved the problem via support
vector machines. Using constant false alarm rate (CFAR) de-
tectors for anomaly detection, followed by a rule-based object
discrimination method is proposed in [9]. Representing the GPR
signals using wavelet packet transform was introduced in [10],
where a neural network is trained along with AdaBoost algo-
rithm to discriminate between buried landmines and clutter ob-
jects. Hidden Markov models were also used to achieve real-
time buried object detection [11]. In [12], a number of signal
processing approaches, with special emphasis on Kalman fil-
ters, are presented. Wiener filtering approach to buried object
detection problem was presented in [13]. However, Wiener filter
and other adaptive filters belong to the statistical framework,
i.e., a priori knowledge of the second-order signal statistics are

1530-437X/$26.00 © 2010 IEEE



1338 IEEE SENSORS JOURNAL, VOL. 11, NO. 6, JUNE 2011

required [14]. Clearly, these statistics are not available in the
buried object detection problem, as properties of the soil will
affect the GPR signal. These statistics can be estimated from
the data itself, however, for an accurate estimation, a vast data
set is required, which is generally not practical. Method of least
squares, on the other hand, belong to the deterministic frame-
work. Hence, this method abstains from the errors emerging
in the process of estimating the signal statistics, while solving
the signal estimation problem. Moreover, unlike heuristic or
rule-based methods, the proposed method provides a theoreti-
cally sound estimate of the next A-scan, which is optimal in the
least squares sense.

Method of least squares is probably the most popular method
in statistics [15]. Least squares method has been applied in many
areas such as statistics, geodetics, photogrammetry, signal pro-
cessing, and control [16]. In [17], least squares filtering is used
to attenuate the noise and sharpen the signal, thereby increasing
the seismic resolution of the signal. However, the estimates of
the signal shape and the noise autocorrelation are assumed to be
known. In this work, we apply least squares method to buried
object detection problem without assuming any signal or noise
model. We also propose using Cholesky factorization to speed
up the computations.

This paper is organized as follows. Section II explains the
proposed buried object detection methodology. Section III con-
siders computational issues and proposes the use of Cholesky
factorization to solve the linear systems that emerge in the so-
lution of least squares estimation problem. Section IV exam-
ines the detection performance of this method on an extensive
data set consisting of surrogate mines and some other common
underground objects, that is collected from three different sites
with different types of soil. Finally, the conclusion is drawn in
Section V.

II. METHODOLOGY

In least squares formulation, the objective is to estimate the
desired response of a system by filtering the input signal with a
linear adaptive filter. On such a purpose, sum of squared devi-
ations between the estimated signal and the observed signal is
minimized. In our problem, using some of the previous A-scans,
the next A-scan is to be estimated. Previous A-scans must cor-
respond to clutter samples for the algorithm to work correctly,
as the detection is based on the difference between clutter re-
sponses and buried object responses. At each different site, the
starting point of the inspection is assumed to be target-free and a
few A-scans are recorded to be used in the estimation. If this as-
sumption is not valid, the detector will give alarm for all clutter
samples as the operator sweeps the handheld detector, which
will warn the operator to record the clutter samples to be used
in the estimation again.

Data representation used throughout this paper is summarized
in Fig. 1.

As denoted in the figure, vertical lines correspond to A-scans.
Roughly speaking (assuming constant detector height and ig-
noring lateral variations in wave velocity), horizontal lines cor-
respond to different depth indices, which can be regarded as
snapshots of different depth levels. An A-scan is represented

Fig. 1. GPR data representation.

as , where is the index of the
A-scan, is the maximum depth index, and superscript is
the transpose operator. We define the data matrix of previously
observed A-scans as

...
...

. . .
...

(1)

where is assumed. In this case, the least-squares
problem is overdetermined. This assumption is perfectly valid
in buried object detection problem, as number of samples in an
A-scan is on the order of hundreds, whereas using that many
A-scans for estimating the next A-scan is not practical.

Our problem is to estimate the next A-scan, which is called
the desired response in least-squares terminology, using ,
which is the set of previously observed A-scans. As stated
above, will be passed through a linear adaptive filter for this
purpose. Letting denote the filter coefficients, the desired
response, the least-squares estimation, and the estimation
error, we can write the following relations:

(2)

(3)

To find the optimum filter coefficients, sum of the squared
values of the error samples are minimized. Letting denote the
sum of squared errors, we obtain

(4)

where and are defined for simplicity.
Setting the gradient of with respect to to zero gives

(5)

where is the set of optimum filter coefficients. When the data
matrix is invertible, this relation can be written as
[14]. Having obtained the optimum filter coefficients, we can
solve (2) to estimate the next A-scan. Corresponding estimation
error can be found via (3). Then, Euclidean norm of this error
vector will give our test statistic, amplitude of which will de-
termine whether or not a buried object is present at the current
point. This process is repeated at every position that the detector
is swept over.
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TABLE I
ELECTROMAGNETIC PROPERTIES OF SOIL TYPES

III. COMPUTATIONAL ISSUES

As stated before, the proposed detection method is meant to
perform real-time buried object detection. In a real-time appli-
cation, processing time must be decreased as much as possible,
as the speed of the algorithm will directly limit the maximum
sweeping speed of the detector. On such purpose, we propose
using Cholesky factorization to speed up the solution of (5), and
prove why this technique is viable in this section.

Cholesky factorization states that, if is symmetric
positive definite, there exists a unique lower triangular

with positive diagonal elements such that . If
Cholesky factorization is applicable, to solve the linear system

, we can solve and then [18]. When
this decomposition can be used, it is about a factor of two times
faster than alternative methods for solving linear systems [19].

To use Cholesky factorization in our problem, the data matrix
must be symmetric positive definite. It is trivial to see the

symmetry of the matrix

(6)

Also, a matrix of the form is always positive semi-
definite, as shown below

(7)

Hence, we can conclude that is positive semi-definite. In
addition, if a matrix has full rank, is positive definite.
It is known that, when a matrix is contaminated with noise, it al-
most always has full rank. As the handheld detector is quite sus-
ceptible to noise, the recorded A-scans are always noisy. Hence,
the matrix becomes noisy, which makes a full rank matrix.
From this discussion, we conclude that is always a symmetric
positive semi-definite matrix, and almost always a symmetric
positive definite matrix.

In our experiments, none of the data matrices turned out be
rank deficient, i.e., Cholesky factorization was always appli-
cable. However, it is evident that a prior rank deficiency check
is necessary for the robustness of the algorithm.

IV. EXPERIMENTAL RESULTS

In this section, detection results of the proposed algorithm are
presented. The tests are performed at three different controlled
terrains with different soil types. Dielectric constants and con-
ductivity values of the soil types are summarized in Table I. As
the dielectric constant of a material varies with frequency, an
average value is provided for each soil type for simplicity. Av-
eraging is performed between 200 MHz and 2.2 GHz.

The total number of object signatures (B-scans) is 522.
The number of distinct targets is 13. Surrogate antipersonnel
mines, surrogate antitank mines and some other objects that
are commonly encountered under the ground are used in the

TABLE II
DATA SET USED IN THE EXPERIMENTS

tests. Table II tabulates the types of the buried objects, metallic
content of each object, and corresponding number of object
signatures.

Content and size of surrogate mines have very similar char-
acteristics to the real mines. As these values follow the stan-
dards, they will not be repeated here. We only give some detail
on non-mine objects. The buried oil bin is a metallic rectangular
prism shaped object having a size of 12 20 3 cm. The buried
stone’s longest edge is 8 cm. The glass bottle has a height of
18 cm and the diameter of its largest cross section is 4 cm. The
buried coke can is a crushed cylindrical coke can, diameter of
which is 6.5 cm and height of which is roughly 2 cm. The burial
depth of surrogate antitank mines is 30 cm and that of surrogate
antipersonnel mines and other objects is roughly 10 cm.

In Figs. 2 and 3, sample GPR signals and corresponding nor-
malized test statistics, i.e., the detection functions as defined in
Section II, are given. First, B-scan is gathered over a surrogate
TS50 (antipersonnel) mine. The center of the mine is approx-
imately at the 115th index in the sweeping direction. Second,
B-scan belongs to a surrogate DM11AT (antitank) mine. The
center of this mine is around 110th index. It can be observed
that peaks of both detection functions are coincident with the
corresponding ground truths. As expected, the detection func-
tion in Fig. 2 is sharper compared to Fig. 3, as antipersonnel
mines are smaller than antitank mines.

To analyze the detection performance, receiver operating
characteristic (ROC) curves are provided, which are graphs of
probability of detection ) versus false alarm rate (FAR). A
detection alarm is given if there are five consecutive samples
in the inspected area with detection values greater than the
threshold, which corresponds to a target width of about 2.1 cm.
The and FAR definitions follow the ones in [4] and [9]
closely. is equal to the number of correct alarms divided by



1340 IEEE SENSORS JOURNAL, VOL. 11, NO. 6, JUNE 2011

Fig. 2. A sample GPR data (surrogate AP mine) and corresponding test statistic
(detection function).

Fig. 3. A sample GPR data (surrogate AT mine) and corresponding test statistic
(detection function).

the total number of B-scans. FAR is equal to the false alarms
divided by the number of maximum possible false alarms. For
a certain threshold, an object is detected if there is an alarm

Fig. 4. Detection results of the proposed method.

TABLE III
NORMALIZED ELAPSED CPU TIMES OF THE PROPOSED ALGORITHM

FOR DIFFERENT� VALUES

within 10 cm from the edge of the object with detection value
greater than the threshold. The remaining areas are defined to
be the false alarm zones. Number of maximum possible false
alarms is the ceiling of the number of false alarm positions
divided by 5, which is the alarm size. Using these definitions,
ROC curves are generated for different values (number of
A-scans used in the estimation of the next A-scan). The results
are given in Fig. 4.

As it is demonstrated in Fig. 4, the detection results of all
three cases are fairly comparable. Specifically, the results when

and are very similar. At a FAR of 0.1,
values for both cases attain values that are very close to 1. This
FAR value is considerably low, when the conventional detection
techniques are considered.

Although the law of diminishing returns applies, the conclu-
sion to be drawn from this figure is to increase as much as
possible. also depends on the sweeping rate (spatial sampling
rate). When the sweeping rate is high, a large value of would
be required. Evidently, disadvantage of increasing is the in-
creased CPU time. To compare the processing times for different

values, the normalized CPU times are given in Table III. The
values are normalized with respect to the processing time when

.
As given in Table III, more than 50% of the elapsed CPU time

can be saved using instead of . Selection of this
value is a matter of the hardware latencies and the frequency at
which A-scans are recorded, as the algorithm will work in real-
time. For our GPR system, the algorithm is perfectly capable of
real-time processing when .

As previously discussed, Cholesky factorization is a remedy
for speeding up the solution of linear systems. To test the effect
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TABLE IV
AVERAGE REDUCTION IN PROCESSING TIMES WHEN

CHOLESKY FACTORIZATION IS USED

of using Cholesky factorization, average reduction in processing
times for different values are given in Table IV.

In each case, the reduction in time for the cases where
Cholesky factorization is used and not used for the same

value are compared. Table IV shows that the ratio of the
processing time reduction increases when increases. From
this result, we can conclude that the advantage of Cholesky
factorization is more notable when the linear system to be
solved contains more unknowns and more equations.

V. CONCLUSION

This paper proposed an efficient real-time buried object de-
tection method using GPR. The proposed detection algorithm
uses least squares estimation to predict the next GPR signal
using previous signals that are recorded where there is no buried
object. If the estimated and the measured signals are consid-
erably different, existence of a buried object is inferred. Least
squares formulation results in a system of linear equations at
each point. To achieve real-time performance, Cholesky factor-
ization is used when solving these linear equations. The time re-
duction provided by Cholesky factorization is also given. Exper-
iments show that the proposed algorithm provides almost 100%
performance at a FAR of 10%, when ten A-scans are used to
estimate the next A-scan.
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Turkey (TÜBİTAK) since 1991. He completed numerous industrial, govern-
mental and military projects as researcher and project leader. He is now the
Head of the Department of Sensor Systems, TÜBİTAK BİLGEM BTE. He
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