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DAS-based imaging methods. The excellent performance of

the proposed method is demonstrated using experimental data

collected via two FLGPR systems recently developed by PSI

(Planning Systems, Inc.) and SRI (Stanford Research Institute).
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I. INTRODUCTION

The landmine crisis is a worldwide problem
[1—3]. Over the last 10 to 15 years, the significant
attention paid to the landmine problem has led
to a substantial increase in the efforts to develop
safe and cost efficient techniques for detection and
clearance of landmines [4]. However, due to various
landmine types and complicated survey scenarios,
efficient and accurate detection of landmines is
still an open problem. Some of the currently used
and ongoing research techniques include metal
detector, acoustic technology, electro-optical detection,
FLIR (forward-looking infrared) sensor, chemical
detection, quadrupole resonance detection, and
ground-penetrating radar (GPR) [4—6]. Among these
techniques, GPR has many important advantages over
the others and is being considered as a very viable
surveillance tool for landmine detection [7].
In GPR systems, an electromagnetic (EM) wave

is transmitted into the ground and the identification
of targets is obtained by examining the backscattered
field. Since GPR is able to discern the discontinuities
in the electric permittivity of the propagation medium,
nonmetallic objects such as plastic-cased mines can
also be detected. Most GPRs are ultrawideband
(UWB) systems with the working frequency range
from 0.5 to 3 GHz. Through the use of antenna array,
the state-of-the-art GPRs can produce high resolution
two-dimensional (2-D) or three-dimensional (3-D)
images of buried objects for landmine detection
[8—12].
Current landmine detection GPR systems can

be cast into two main categories as down-looking
GPR (DLGPR) and forward-looking GPR (FLGPR).
DLGPR places its antennas very close to the ground
surface. Due to the short standoff distance and
relatively large landmine radar cross section (RCS),
DLGPR has a good detection capability. However,
DLGPR requires the removing of the strong specular
reflection from the ground surface, which can also
cause the removal of mines, especially shallowly
buried mines. Additionally, it is time consuming to
use DLGPR for a large area interrogation. Unlike its
down-looking counterpart, FLGPR places its antennas
in front of the vehicle and inspects the ground surface
of interest with a long standoff distance. A diagram
of such a system is shown in Fig. 1. The landmine
RCS of FLGPR is smaller than that of DLGPR, which
makes landmine detection by FLGPR a challenging
problem. However, there are many advantages of
FLGPR over DLGPR. FLGPR does not suffer from
the problem of strong specular reflection from the
ground and is capable of collecting data for a much
larger area in a much shorter time than DLGPR.
Furthermore, FLGPR can usually provide multiple
observations on the same spot as the system moves
forward, and can take advantage of multi-look
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Fig. 1. Diagram of FLGPR system used for landmine detection.

processing to improve its detection capability. Due
to these merits, FLGPR is considered an important
technology by the landmine detection community
[10, 11].
Since the FLGPR system detects buried targets

based on the reconstructed reflectivity image of
a scene, at least for prescreening, high quality
radar image formation is essential. However, high
quality FLGPR imaging is a challenging task due
to the following reasons. EM waves scatter from
a random rough ground surface in unpredictable
ways, contributing to clutter which distort and
obscure the desired scattering field from a buried
target [13]. Problems such as refraction at the
air/ground interface will also result in errors to simple
propagation models. Furthermore, array calibration
errors and geo-registering errors will cause additional
uncertainties to our “steering vector.” (Usually, a
calibration procedure is used to remove system offsets
and adjusts system gains [14]; a differential global
positioning system is used to record the locations of
the antennas [11].)
The conventional imaging algorithm for FLGPR

is the delay-and-sum (DAS) method [15], which
is also known as the backprojection method [16].
However, DAS is a data-independent approach, which
is known to suffer from low resolution and poor
interference rejection capability. In practical scenarios
where strong clutter is present, the performance
of the DAS-based algorithms degrades severely,
which can result in far too many false alarms for
FLGPR systems. Many sophisticated radar imaging
approaches have been considered in the literature
[17—26]. However, due to the near-field beamforming
required by FLGPR, existing 2-D adaptive synthetic
aperture radar (SAR) imaging algorithms are not
directly applicable.
We present a new adaptive imaging method

here, referred to as the APES-RCB approach, for

FLGPR image formation. The new method consists
of two major steps. First, the APES (amplitude
and phase estimation) algorithm is used to estimate
the reflection coefficients for the focal points of
interest for each receiving channel. Since APES is
a nonparametric data-adaptive matched-filterbank
(MAFI) based algorithm, it preserves the robust
nature of the nonparametric methods but at the same
time it improves the spectral estimates in the sense
of narrower spectral peaks and lower sidelobes
than DAS, DFT (discrete Fourier transform), or
FFT (fast Fourier transform) methods [26, 27].
Second, a rank-deficient robust Capon beamformer
(RCB) is used to estimate the reflection coefficients
for the focal points of interest from the estimates
obtained via APES for all channels. By making
explicit use of an uncertainty set for the array steering
vector, the adaptive RCB can tolerate both array
steering vector errors and low snapshot numbers
[28]. By allowing the involved “data” matrix to
be rank-deficient, our method can be applied to
practical scenarios where the number of multi-looks
is smaller than the number of sensors in the array.
Furthermore, by using the rank deficient RCB, we can
achieve much better interference and clutter rejection
capability than most existing approaches, which is
useful in many applications such as target detection
and feature extraction. We apply the APES-RCB
approach to experimental data collected via two
recently developed FLGPR systems by PSI (Planning
Systems, Inc.) and SRI (Stanford Research Institute).
Experimental results are used to demonstrate the
excellent performance of our new imaging approach
as compared with the conventional DAS-based
methods.
The remainder of this paper is organized as

follows. In Section II, we present the data model
and formulate the problem of interest. In Section III,
we give a brief review of the conventional DAS
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method. The APES-RCB imaging algorithm is
presented in Section IV. In Section V, we introduce
the two experimental FLGPR systems and report the
corresponding experimental results. We conclude the
paper in Section VI.

II. DATA MODEL AND PROBLEM FORMULATION

As shown in Fig. 1, an FLGPR system is used
to detect the buried mines in front of the vehicle.
Let x, y, and z denote the cross-range, down-range,
and height (also depth) axes of a coordinate system.
Let (xr,m,n,yr,m,n,zr,m,n) denote the location of the mth
receiver during the nth scan, and let (xt,d,n,yt,d,n,zt,d,n)
denote the location of the dth transmitter, where m=
0,1, : : : ,M ¡1, d = 0,1, : : : ,D¡ 1, and n= 0,1, : : : ,N ¡
1 with M, D, and N denoting the total numbers of
receiving antennas, transmitting antennas, and scans,
respectively. The imaging region extends from xmin
to xmax in the cross-range dimension and from ymin to
ymax in the down-range dimension. Let p= fxF,yF,zFg
represent the location of a focal point in the imaging
region, where zF = 0 denotes the ground surface and
zF < 0 denotes the underground points. For simplicity,
consider a focal point on the ground (zF = 0). At the
nth scan, the time delay due to the system delay ¿sys
and the EM wave propagation from the dth transmitter
to the focal point p and then back to the mth receiver
is

¿d,m,n(p) =
1
c
[(xt,d,n¡ xF)2 + (yt,d,n¡ yF)2 + z2t,d,n]1=2

+
1
c
[(xr,m,n¡ xF)2 + (yr,m,n¡ yF)2 + z2r,m,n]1=2 + ¿sys

(1)

where c is the velocity of the EM wave in the air. The
stepped frequencies of FLGPR have the form:

fk = f0 + k¢f, k = 0,1, : : : ,K ¡ 1 (2)

where f0 denotes the initial frequency, ¢f represents
the frequency step, and K is the total number of
stepped frequencies. Given a focal point p, the
measured kth stepped-frequency response yd,m,n(k)
corresponding to the dth transmitter and the mth
receiver at the nth scan location has the form

yd,m,n(k) = ¯n(p)e
¡j2¼fk¿d,m,n(p) + ed,m,n(k,p),

d = 0,1, : : : ,D¡ 1, m= 0,1, : : : ,M ¡ 1,
n= 0,1, : : : ,N ¡ 1, k = 0,1, : : : ,K ¡1 (3)

where ¯n(p) denotes the “reflection coefficient” for
the focal point p at the nth scan, and ed,m,n(k,p)
denotes the residual term at point p, which includes
the unmodeled noise and interference from scatterer
responses other than p. In (3), we have assumed that
the reflection coefficient may change from scan to

scan. This is based on the fact that, in practice, as the
FLGPR system moves forward, the EM wave incident
angle relative to the fixed point p on the ground
changes. Consequently, the reflection coefficient for
point p may differ from scan to scan as the radar
moves forward [29].
The problem of interest herein is to estimate

f¯n(p)gN¡1n=0 , for each focal point of interest, from the
measured data set yd,m,n(k) with d = 0,1, : : : ,D¡ 1,
m= 0,1, : : : ,M ¡ 1, n= 0,1, : : : ,N ¡ 1, and k =
0,1, : : : ,K ¡ 1. These estimates can then be used to
form FLGPR images.

III. DELAY-AND-SUM ALGORITHM

A brief overview of the conventional DAS method
for FLGPR imaging is provided in this section.
The discussion on the DAS method is helpful for
presenting our new approach later on.
The idea of DAS is to sum all measured data

coherently at one focal point and repeat the process
for all points of interest. The DAS-based reflection
coefficient estimates for the focal point p have the
form

ˆ̄
n(p) =

1

D ¢PM¡1
m=0 jwr(m)j2 ¢

PK¡1
k=0 jwf(k)j2

£
D¡1X
d=0

M¡1X
m=0

wr(m)
K¡1X
k=0

wf(k)yd,m,n(k)e
j2¼fk¿d,m,n(p),

n= 0,1, : : : ,N ¡ 1 (4)

where wf(¢) and wr(¢) denote the weights for
the frequency and receiver aperture dimensions,
respectively. Based on the estimates f ˆ̄n(p)gN¡1n=0 of
f¯n(p)gN¡1n=0 , we can obtain the radar image as

I1(p) =
1
N

N¡1X
n=0

ˆ̄
n(p): (5)

The above method is referred to as coherent
multi-look processing. In practice, the phases of
f¯n(p)gN¡1n=0 for buried mines may vary with the scan
location. Consequently, the above coherent processing
tends to fail when the phase variations along the scan
dimension become too large [29]. Hence, in these
cases, we can take the absolute values of individual
images before the multi-look image is formed. This
method is referred to as the noncoherent processing
and can be expressed as

I2(p) =
1
N

N¡1X
n=0

j ˆ̄n(p)j: (6)

For stepped-frequency FLGPR systems, the above
DAS-based algorithms can be efficiently implemented
as follows.
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1) For each channel (transmitter/receiver pair),
calculate the inner sum in (4) via the inverse FFT
(IFFT) with zero padding.
2) Calculate the two outer sums in (4) by

summing up the signals corresponding to the given
focal point from all channels.
3) Perform coherent or noncoherent multi-look

processing along the scan dimension.

Note that DAS is a data-independent approach
which suffers from low resolution and poor
interference and clutter rejection capability. We
present next our data-adaptive imaging approach,
referred to as APES-RCB, for FLGPR image
formation.

IV. APES-RCB ALGORITHM

The APES-RCB algorithm is an adaptive imaging
approach which consists of two major steps. First,
instead of using the FFT-based method, APES is
adopted to obtain more accurate reflection coefficient
estimates for each receiving channel. This step
corresponds to a bistatic down-range compression for
the various channels. Second, rank-deficient RCB is
used to estimate the original reflection coefficients
based on the estimates obtained via APES from all
channels. This step achieves cross-range compression
and multi-look fusion.

A. Step One: APES

Consider the data model in (3). Let

®d,m,n(p) = ¯n(p)e
¡j!0¿d,m,n(p) = ¯n(p)e

¡j2¼f0¿d,m,n(p)

(7)
and

!d,m,n(p) = 2¼¢f¿d,m,n(p): (8)

With these notations, (3) becomes

yd,m,n(k) = ®d,m,n(p)e
¡jk!d,m,n(p) + ed,m,n(k,p),

d = 0,1, : : : ,D¡ 1, m= 0,1, : : : ,M ¡ 1,
n= 0,1, : : : ,N ¡ 1, k = 0,1, : : : ,K ¡ 1: (9)

Let d, m, n, and p be fixed. Then (9) can be expressed
as (whenever possible, we omit the dependence on d,
m, n, and p to simplify the notation)

y(k) = ®(!)e¡jk! + e!(k), k = 0,1, : : : ,K ¡ 1:
(10)

The problem of interest is to estimate ®(!) from
fy(k)gK¡1k=0 for any given !. This problem belongs to
the classical problem of complex spectral estimation.
The conventional approaches to complex spectral
estimation include DFT and its variants which are
typically based on smoothing the DFT spectral
estimate or windowing the data [30]. These methods

do not make any a priori assumptions on the data
and consequently they are very robust. However,
they suffer from low resolution and poor accuracy
problems.
Nonparametric adaptive MAFI methods can

mitigate the low resolution and poor accuracy
problems of the DFT-based methods [26, 31]. For
each frequency ! of interest, a MAFI method filters
the data with a normalized finite-impulse response
(FIR) filter h(!). The filter is chosen according to a
criterion which is different for the various spectral
analysis methods, but with the common constraint
that a sinusoid with frequency ! should pass the
filter without any distortion. Following the filtering, a
sinusoid is fitted to the filtered data in a least-squares
(LS) sense, and the amplitude of the so-obtained
sinusoid ®̂(!) is taken as the estimate of the amplitude
spectrum at the frequency ! of interest. This class of
estimators includes the classical Capon algorithm and
the more recent APES approach. Note that it has been
shown that Capon is biased downward whereas APES
is unbiased. In fact, both theoretical performance
analysis and numerical examples have demonstrated
that APES can provide excellent accuracy for complex
spectral estimation [27]. For FLGPR imaging, accurate
reflection coefficient estimates for the focal points of
interest for each receiving channel are essential. As
we will show, APES works well for this practical
problem. Additionally, APES is straightforward to
use due to the fact that it requires no search over any
parameter space. To make this paper as self-contained
as possible, we present a brief summary of APES
estimator in the next paragraph.
Assume the APES filter used here has P taps:

f(!) = [h1(!) h2(!) ¢ ¢ ¢hP(!)]T (11)

where (¢)T denotes the transpose. Let
ȳ(l) = [y(l) y(l+1) ¢ ¢ ¢y(l+P¡ 1)]T,

l = 0,1, : : : ,L¡1 (12)

be the forward overlapping vectors constructed from
the data y(k), where L=K ¡P+1. Likewise, the
backward data vectors are constructed as

ỹ(l) = [y¤(K ¡ l¡ 1) y¤(K ¡ l¡ 2) ¢ ¢ ¢y¤(K ¡ l¡P)]T,
l = 0,1, : : : ,L¡1 (13)

where (¢)¤ denotes the complex conjugate. Define
aP(!) = [1 e

j! ¢ ¢ ¢ej(P¡1)!]T. Let ḡ(!) and g̃(!) be the
normalized Fourier transforms of the forward and
backward vectors calculated as

ḡ(!) =
1
L

L¡1X
l=0

ȳ(l)e¡j!l (14)

and

g̃(!) =
1
L

L¡1X
l=0

ỹ(l)e¡j!l: (15)
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The (forward-backward) APES filter has the form (see
[26]):

h(!) =
Q̂¡1(!)aP(!)

aHP (!)Q̂¡1(!)aP(!)
(16)

where Q̂(!) = R̂P ¡G(!)GH(!), G(!) =
(1=
p
2)[ḡ(!) g̃(!)], R̂P = (1=2)(

ˆ̄
RP + J

ˆ̄
R
T

PJ), and
ˆ̄
RP = (1=L)

PL¡1
l=0 ȳ(l)ȳ

H(l). The APES estimate of
®(!) is given by

®̂(!) = hH(!)ḡ(!) =
aHP (!)Q̂

¡1(!)ḡ(!)

aHP (!)Q̂¡1(!)aP(!)
: (17)

Note that a computationally efficient implementation
of APES can be found in [31] where the inversion of
Q̂(!) for each ! can be avoid and various techniques
can be used to implement APES efficiently. After
applying the fast APES of [31], which requires a
uniform grid for !, the desired estimates at different
and possibly nonuniform values of ! (due to the
near-field beamforming required by FLGPR) can be
obtained by using interpolation.
From the APES estimate ®̂, we can readily obtain

intermediate reflection coefficient estimates based on
(7):

ˆ̄
¯d,m,n(p) = e

j!0¿d,m,n(p)®̂d,m,n(p),

d = 0,1, : : : ,D¡ 1, m= 0,1, : : : ,M ¡1,
n= 0,1, : : : ,N ¡ 1: (18)

We remark that at this stage we have obtained a total
number of DMN reflection coefficient estimates for
each focal point since we have overparameterized
the N unknowns f¯ngN¡1n=0 via DMN unknowns
fff¯d,m,ngD¡1d=0 gM¡1m=0 gN¡1n=0 (see (7)) in order to use
APES in a direct manner. In the next step, we use
the rank-deficient RCB to estimate the original N
reflection coefficients for each focal point from the
DMN estimates obtained via APES.

B. Step Two: Rank-Deficient RCB

For the focal point p, the reflection coefficients
estimated by APES satisfy

ˆ̄
¯d,m,n(p) = ¯n(p)+¹d,m,n(p),

d = 0,1, : : : ,D¡ 1, m= 0,1, : : : ,M ¡1,
n= 0,1, : : : ,N ¡ 1 (19)

where fff¹d,m,n(p)gD¡1d=0 gM¡1m=0 gN¡1n=0 denote the estimation
errors (such as caused by finite-sample effects and
mismodeling) as well as any leftover interferences.
(For each channel, the interferences from locations

other than p but having the same time delay (equal to
¿d,m,n(p)) cannot be suppressed by APES.) Let

xn(p)=[
ˆ̄
¯0,0,n(p) ¢ ¢ ¢

ˆ̄
¯0,M¡1,n(p) ¢ ¢ ¢

ˆ̄
¯D¡1,0,n(p) ¢ ¢ ¢

ˆ̄
¯D¡1,M¡1,n(p)]

T,

n= 0,1, : : : ,N ¡ 1 (20)
and

¹n(p)=[¹0,0,n(p) ¢ ¢ ¢¹0,M¡1,n(p) ¢ ¢ ¢¹D¡1,0,n(p) ¢ ¢ ¢¹D¡1,M¡1,n(p)]T,
n= 0,1, : : : ,N ¡ 1: (21)

Then (29) can be rewritten as

xn(p) = ¯n(p)a+¹n(p), n= 0,1, : : : ,N ¡ 1
(22)

where a is theoretically equal to 1DM£1, with 1DM£1
denoting a DM by 1 vector whose elements are all
equal to one. Note that, in practice, the “steering
vector” a in (32) may be imprecise, in the sense that
the elements in a may differ slightly from 1. This may
be due to many factors such as array calibration errors
and geo-registering errors for any given p. Our second
step is to estimate ¯n(p).
We choose rank-deficient RCB to perform the

cross-range compression and multi-look fusion due
to the following considerations. First, RCB can
effectively deal with the imprecise knowledge of
the “steering vector” and small sample size and
hence avoid the significant performance degradations
associated with the standard Capon beamformer [28].
Second, since the number of snapshots is usually so
small that the sample covariance matrix is singular, it
is natural to apply the rank-deficient RCB to estimate
the “waveform” ¯n(p) from the “snapshots” fxngN¡1n=0
[32]. Third, compared with simple approaches such
as the LS, which is the same as DAS, and the total
LS, which usually performs similarly as LS [33], RCB
has much better interference and clutter suppression
capability. To make this paper self-contained, we
provide a brief review of the rank-deficient RCB for
estimating the “waveform” f¯n(p)gN¡1n=0 . We refer the
reader to [32] for more detailed derivations of the
rank-deficient RCB.
We make use of the following “sample covariance”

matrix

R̂(p) =
1
N

N¡1X
n=0

xn(p)x
H
n (p): (23)

Note that usually in applications we have N <DM.
Hence R̂(p) is singular. Let N̄ denote the rank of R̂(p)
in (33). With probability one, N̄ =N. Let

R̂(p) = [Ŝ Û]
·
¤̂ 0

0 0

¸·
ŜH

ÛH

¸
(24)

where Ŝ is a DM £ N̄ (DM > N̄) full column rank
matrix whose columns are the eigenvectors of R̂(p)
corresponding to the non-zero eigenvalues of R̂(p), Û
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denotes the DM £ (DM ¡ N̄) orthogonal complement
of Ŝ with the columns of Û corresponding to the
zero eigenvalues of R̂(p), and ¤̂ is an N̄ £ N̄ positive
definite diagonal matrix whose diagonal elements are
the non-zero eigenvalues of R̂(p).
Let ā= 1DM£1 denote the nominal “steering

vector” as discussed above. (Note that 1DM£1 is the
only nominal “steering vector” needed here.) Owing
to the small “snapshot” number and the imprecise
knowledge of the true “steering vector” a, the “signal
term” in R̂(p) is not well described by j¯n(p)j2āāH ,
but by j¯n(p)j2ââH with â being some vector in the
vicinity of ā and â 6= ā. Consequently, if we designed
the weight vector w(p) by means of the standard
Capon beamformer:

min
w(p)

wH(p)R̂(p)w(p) subject to wH(p)ā= 1

(25)

the Euclidean norm of w(p), denoted as kw(p)k,
would be rather large since â is close to ā and w(p)
would pass the signal associated with ā undistorted
(see (25)) but attempt to suppress the signal associated
with â. A large kw(p)k indicates a large noise gain,
which may severely degrade the estimation accuracy
of ¯n(p). It follows that we should design w(p) by

min
w(p)

wH(p)R̂w(p) subject to wH(p)â= 1

(26)

where we used â, instead of ā, to avoid the
suppression of the signal term and a large noise gain.
First, we assume that â is given (the determination

of â is discussed later on in this subsection), and solve
the above optimization problem in (26) by considering
the following two cases.

Case 1 â belongs to the range space of R̂(p).
Let â be written as â

¢
= Ŝ°̂ for some non-zero vector

°̂; we have °̂ = ŜH â. Then the weight vector has the
form [32]

w(p) =
Ŝ¤̂¡1°̂

°̂H¤̂¡1°̂
=

R̂†(p)â

âHR̂†(p)â
(27)

where R̂†(p) = Ŝ¤̂¡1ŜH is the Moore-Penrose
pseudoinverse of R̂(p). Consequently, the final
estimates of the reflection coefficients can be obtained
as

ˆ̄
n(p) =w

H(p)xn(p) =
°̂H¤̂¡1ŜHxn(p)

°̂H¤̂¡1°̂
,

n= 0,1, : : : ,N ¡ 1: (28)

Case 2 â does not belong to the range space of
R̂(p). Let â be written as â= Ŝ°̂+ Û ˆ́ for some
non-zero vectors °̂ and ˆ́ . In this case the final

estimate of ¯n(p) would be [32]

ˆ̄
n(p) = 0, n= 0,1, : : : ,N ¡ 1: (29)

Next, we determine â via a covariance fitting
approach. We assume that the only knowledge we
have about â is that it belongs to the following
uncertainty sphere:

kâ¡ āk2 · ²: (30)

Furthermore, we want â to be such that j¯n(p)j2ââH
is a good fit to R̂(p). This leads to the following
optimization problem for â:

max
¾2(p),â

¾2(p) subject to R̂(p)¡¾2(p)ââH ¸ 0

kâ¡ āk2 · ² (31)

where ¾2(p) = j¯n(p)j2. The user parameter ² is used
to describe the uncertainty about â. Note that ² is
determined by several factors such as N [34], the
array calibration errors, and the system geo-registering
errors. Usually, ² is chosen experimentally for
different systems to make them robust against all the
possible errors mentioned above. Hence the smaller
the N or the larger the array steering vector and
system errors, the larger should the ² be chosen.
According to the previous discussion, a vector â

that is in the range space of Ŝ, i.e., â= Ŝ°̂ for some
non-zero °̂, is what we are after since otherwise we
will get an estimate equal to zero. Observe that both
the signal power ¾2(p) and the “steering vector” â are
treated as unknowns in our covariance fitting approach
(see (31)), hence there is a “scaling ambiguity”
between these two unknowns [28]. To eliminate this
ambiguity, we can impose the norm constraint that
kâk2 = k°̂k2 =DM. To determine °̂, we first obtain ˆ̂°
as follows:

max
¾2(p),â

¾2(p) subject to R̂(p)¡¾2(p)ââH ¸ 0

â= Ŝ ˆ̂°, kâ¡ āk2 · ²: (32)

(To exclude the trivial solution of ˆ̂° = 0, we require
that ² < kāk2 =DM.) Then °̂ is obtained as

°̂ =

p
DM ¢ ˆ̂°
k ˆ̂°k

: (33)

Consider now the solution to (32). Let °̄
¢
= ŜH ā and

²̄
¢
=²¡kÛH āk2. We consider the following two cases.

Case 1 ²̄ < 0, which occurs when ā is “far” away
from the range space of Ŝ. Then the optimization
problem in (32) is infeasible [32]. In such a case there
is no â of the form â= Ŝ ˆ̂° that satisfies the constraint
in (32). Hence the vector â cannot belong to the range
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space of Ŝ in this case and according to (29), we get

ˆ̄
n(p) = 0, n= 0,1, : : : ,N ¡ 1: (34)

Case 2 ²̄¸ 0, which occurs when ā is “close” to
the range space of Ŝ and hence of R̂. In this case, an â
belonging to the range space of R̂ can be found within
the uncertainty sphere in (32). By using the Lagrange
multiplier methodology to solve (32) in this case, we
get [32]

ˆ̂° =

Ã
¤̂¡1

¸
+ I

!¡1
°̄ (35)

= °̄¡ (I+¸¤̂)¡1°̄ (36)

where ¸¸ 0 is the Lagrange multiplier and the second
equality follows from the matrix inversion lemma;
¸ can be obtained as the unique solution to the
constraint equation [32]:

g(¸)
¢
=k(I+¸¤̂)¡1°̄k2 = ²̄ (37)

which can be solved efficiently via, for example, a
Newton’s method. Once ¸ has been determined, we
use it in (35) to get ˆ̂°, which can be used in (33) to
compute °̂. Then we obtain the estimate of ¯n(p) by
using the °̂ in (28).

Combining the two cases discussed above, the
rank-deficient RCB estimate of ¯n(p) can be written
as

ˆ̄
n(p) =

8><>:
°̂H¤̂¡1ŜHxn(p)

°̂H¤̂¡1°̂
²̄¸ 0

0 ²̄ < 0

,

n= 0,1, : : : ,N ¡1: (38)

Note that the rank-deficient RCB requires O(N̄3)
flops, which is mainly due to the eigen-decomposition
of the rank-deficient (rank N̄) matrix R̂. (See [35] for
an efficient eigen-decomposition of a rank-deficient
matrix.) Compared with the data-independent DAS
weight vector wDAS(p) = a(p)=ka(p)k2 = (1=DM) ¢
1DM£1, our rank-deficient RCB w(p) can provide
better resolution and much better interference rejection
capability.
In conclusion, the APES-RCB algorithm can be

briefly summarized as follows.

Step 1 Use APES for each focal point p to
estimate fff®d,m,n(p)gD¡1d=0 gM¡1m=0 gN¡1n=0 . Then, obtain

the intermediate estimates fff ˆ̄¯d,m,n(p)gD¡1d=0 gM¡1m=0 gN¡1n=0
based on (28).
Step 2 For each p, use the rank-deficient RCB to

obtain the final estimates f ˆ̄n(p)gN¡1n=0 of f¯n(p)gN¡1n=0 .
Step 3 The radar image is obtained by either

coherent or noncoherent multi-look processing based
on f ˆ̄n(p)gN¡1n=0 .

Fig. 2. (a) Ground truth of landmines on test lane.
(b) Photograph of metallic-cased mine.

V. EXPERIMENTAL RESULTS

PSI and SRI have developed FLGPR systems
under contracts to the U.S. Army CECOM Night
Vision and Electronic Sensors Directorate [11]. These
systems are designed with the goal of assessing
the capability of FLGPR for detecting plastic
and metallic-cased surface and buried mines on
roadways. We concentrate here on the buried metal
mine detection. Both of these systems are UWB
stepped-frequency GPRs and can be used to form 2-D
(or more precisely 3-D, but with poor resolution in
depth) images of the ground. The performances of the
systems have been tested on the practice mine lanes.
Results obtained from experimental data collected
by these systems are provided to demonstrate the
performance of our new adaptive imaging approach as
compared with the conventional DAS-based imaging
methods. Fig. 2(a) shows the data collection geometry
for the FLGPR systems and the ground truth for the
mine locations. In the concerned experiments, there
are 12 metallic-cased mines that are buried in groups
of 3 mines at depths of 0 (flush), 5, 10, and 15 cm,
respectively. Fig. 2(b) shows the photograph of a
metallic-cased mine.

A. PSI FLGPR Experimental Results

A photograph of the PSI FLGPR phase II system
is shown in Fig. 3. This system uses a vertical
3-element transmitter array precombined as a single
transmitter and a receiver array consisting of two
horizontal 15-element subarrays. The height of the
transmitting antenna is about 2.5 m above the ground
and the two receiving antenna subarrays are 1.9 m and
2.05 m above the ground. Each transmitting/receiving
element uses a 14 cm Archimedean spiral antenna.
The adjacent receiving antennas of each subarray
are 7.62 cm apart in the aperture dimension. The
stepped-frequency system operates with 201 discrete
frequencies evenly spaced over a frequency range
from 0.766 to 2.166 GHz. This system works in the
circularly polarized mode. Data are recorded for each
step of 0.1 m as the vehicle moves forward. At each
scan location, the image region is 5 m (cross-range)
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Fig. 3. Photograph of PSI FLGPR phase II system.

by 3.5 m (down-range) with a 4.5 m standoff distance
ahead of the vehicle. A pixel spacing of 4 cm is
chosen in both the down-range and cross-range
dimensions for radar imaging.
Fig. 4 shows the single-look imaging results (the

modulus is shown). In this example, 12 evenly spaced
scans (each scan covering 2 m in down-range) are
used to form the entire image covering 24 m in the
down-range. The images formed by different scans
are nonoverlapping. In this figure, three different
imaging methods are compared. Fig. 4(a) shows the
conventional DAS imaging result where the IFFT
without windowing is used. It can be observed that
the imaging result is poor due to the high sidelobes
and strong clutter. Fig. 4(b) shows the DAS imaging
result where the windowed IFFT is used. (We use

Fig. 4. PSI single-look imaging results. (a) DAS imaging result. (b) WDAS imaging result. (c) APES-RCB imaging result with ²= 23.

the Kaiser window with parameter 4.) This method
is referred to as the “WDAS.” (No weighting is used
in the aperture dimension for the DAS and WDAS
images.) From this figure, it is clear that the sidelobes
in the down-range dimension are reduced. However,
the image resolution in down-range is decreased as
well. Note also that due to the poor performance of
the DAS beamformer, deeply buried mines can hardly
be identified from Figs. 4(a) and (b). Fig. 4(c) shows
the APES-RCB imaging result. We use ²= 23 and
ā= 1DM£1 with M = 30 and D = 1 for the PSI system.
From this figure, we can see that the sidelobes and
clutter are effectively mitigated. Note that all 12 mines
can be identified.
The multi-look imaging results based on

noncoherent processing are shown in Fig. 5. The
output for each focal point in the image is obtained
using 10 consecutive scans with the standoff distance
from 4.5 to 5.4 m. Figs. 5(a) and (b) are the DAS
and the WDAS images, respectively. It is clear
that, compared with their single-look counterparts,
the multi-look images are better. However, the
strong clutter and sidelobes can still be observed in
Figs. 5(a) and (b). Fig. 5(c) shows the noncoherent
APES-RCB image, where ²= 14 is used in the
rank-deficient RCB. Again, the adaptive imaging
approach appears to be the best. Note also that the
multi-look APES-RCB image is less sensitive to
the choice of ² as compared with its single-look
counterpart.
Fig. 6 shows the ROC (receiver operating

characteristic) curves for the PSI system based on
four imaging methods, i.e., “single-look WDAS,”
“multi-look WDAS,” “single-look APES-RCB,”
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Fig. 5. PSI noncoherent multi-look processing results. (a) DAS imaging result. (b) WDAS imaging result. (c) APES-RCB imaging
result with ²= 14.

Fig. 6. Comparison of ROC curves for PSI FLGPR system via
four different imaging methods.

and “multi-look APES-RCB.” To obtain each ROC
curve, each image is first segmented into connected
regions by using a reasonably low threshold. For each
region, the peak value and its location are retained and
the rest of the pixels are set to zero. Then a simple
threshold detector is used to perform the detection.
The threshold increases in small steps. For each value
of the threshold, we obtain a list of alarms, which is
used to evaluate the probability of detection and the
false alarm number. Based on the ground truth, for
each mine, we define a detection circle. The center
of the circle indicates the true location of the mine
and the area of the circle is 1 m2. The alarms falling
within the circle are considered successful: the mine
was detected. Otherwise, they are counted as false
alarms.

It is clear from Fig. 6 that, as compared with the
conventional DAS-based methods, our APES-RCB
imaging approach improves the landmine detection
capability for both single-look and multi-look cases.
For example, to detect all mines, the noncoherent
multi-look APES-RCB approach reduces the number
of false alarms from 17 to 1 as compared with its
noncoherent multi-look WDAS counterpart. Note
also that the detection results based on multi-look
processing are better than those based on single-look
processing.

B. SRI FLGPR Experimental Results

A photograph of the SRI FLGPR system
is shown in Fig. 7. This system consists of 2
transmitters and 18 receivers using quad-ridged
horn antennas. The height of the transmitters (two
large horns) is about 3.3 m above the ground
and their phase centers are 3.03 m apart. The
18 receiving antennas are horizontally equally
spaced with 17 cm center-to-center spacing and the
height for the bottom row is about 2 m above the
ground. The stepped-frequency system operates at
893 discrete frequencies evenly spaced over the
frequency range from 0.5 to 2.9084 GHz. The two
transmitters work sequentially and all the receivers
work simultaneously. Hence there is a total number
of DM = 36 channels of received signals that can be
obtained for each scan. This system can work in both
VV (vertically-polarized transmitter and receiver) and
HH (horizontally-polarized transmitter and receiver)
modes. Data are recorded while the vehicle is moving
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Fig. 7. Photograph of SRI FLGPR system.

and the distance between two adjacent scans is about
0.5 m. The GPS (Global Positioning System) is
used to measure the location of the system for each
scan. At each scan location, the image region is 5 m
(cross-range) by 8 m (down-range) with an 8 m
standoff distance ahead of the vehicle. Again, a pixel
spacing of 4 cm is chosen in both the down-range
and cross-range dimensions for the radar imaging.
During the data collection for the SRI system, some
metal cans were placed on the sides of the mine lane.
To clearly illustrate the landmine imaging results, we
have masked out the metal can returns in the images
shown below.
Fig. 8 shows the single-look imaging results.

(Only the VV data are used here. Similar results can

Fig. 8. SRI single-look imaging results. (a) DAS imaging result. (b) WDAS imaging result. (c) APES-RCB imaging result with ²= 28.

be obtained from the HH data.) In this example, 9
evenly sampled scans (each scan covering 2.7 m
in down-range) are used to form the entire image
covering 24 m in the down-range. The images formed
using different scans are nonoverlapping. Figs. 8(a)
and (b) show the DAS and WDAS imaging results,
respectively. Note that the mines buried at the depths
of 10 and 15 cm can hardly be seen in these figures
due to the high sidelobes and strong clutter. Fig. 8(c)
shows the APES-RCB imaging result, where we
have used ²= 28 and ā= 1DM£1 with M = 18 and
D = 2 for the SRI system. It can be noticed from
this figure that the sidelobes and clutter have been
effectively removed due to the excellent performance
of APES-RCB, and that all 12 mines can be identified.
Note also that the SRI radar images have higher
resolution in the down-range dimension than the PSI
radar images due to the larger system bandwidth of
the SRI FLGPR system.
The multi-look imaging results based on

noncoherent processing are shown in Fig. 9. The
output for each focal point in the image is obtained
using 9 consecutive scans with the standoff distance
from 9 to 14 m. Figs. 9(a) and (b) show the DAS and
WDAS imaging results, respectively. Fig. 9(c) shows
the noncoherent APES-RCB image with ²= 14. It can
be noticed that by using APES-RCB in the multi-look
processing mode, high quality imaging results can be
obtained.
Fig. 10 shows the ROC curves for the SRI system

based on four different methods. The same detection
method as used for the PSI system is applied here.
We can see from this figure that, as compared with
the conventional DAS-based methods, the APES-RCB
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Fig. 9. SRI noncoherent multi-look processing results. (a) DAS imaging result. (b) WDAS imaging result. (c) APES-RCB imaging
result with ²= 14.

Fig. 10. Comparison of ROC curves for SRI FLGPR system via
four different imaging methods.

imaging approach improves the landmine detection
capability for both single-look and multi-look cases.
In particular, to detect all mines, the noncoherent
multi-look APES-RCB approach reduces the number
of false alarms from 5 to 1 as compared with the
noncoherent multi-look WDAS.
Finally, we remark that different ²s are used in

the examples above for the two different FLGPR
systems due to their different array calibration errors
and system geo-registering errors. We also note that,
in general, multi-look APES-RCB images vary less
with ² than their single-look counterparts.

VI. CONCLUSIONS

In this paper, we have presented a new algorithm,
referred to as APES-RCB, for adaptive FLGPR

imaging. The new method consists of two major
steps. First, APES is used to obtain accurate reflection
coefficient estimates for each receiving channel.
Second, the rank-deficient RCB is employed to
estimate the original reflection coefficients based on
the estimates obtained via APES. Using experimental
FLGPR data, we have shown that the images obtained
via APES-RCB have significantly reduced clutter
as compared with those obtained via the standard
DAS-based methods. We have also shown that the
landmine detection performance of the FLGPR
system is also significantly improved by using the
APES-RCB imaging approach.
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