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Multifrequency Reconstruction of Moderately Rough
Interfaces via Quasi-Ray Gaussian Beams

Vincenzo GaldiMember, IEEEDavid A. CastafionSenior Member, IEEEand Leopold B. Felsertife Fellow, IEEE

Abstract—In this paper, we present a new technique for deter- techniques. Such an approach was used in [1]-[4] for detec-
mining the surface profile of a moderately rough interface between tion of buried mines via both forward-looking and downward-
air and a homogeneous dielectric half-space. Based on sparselymoking GPR systems. However, this approach fails to exploit
sampled step-frequency ground penetrating radar measurements, ¢ inistic inf fi ’t in th ived si Is d
the proposed inversion scheme uses a quasi-ray Gaussian beanfie ermlnl_s IC Inorma |qn presen. In e receve S'Q”as - ue
fast forward model, coupled with a low-order parameterization tO scattering from the air-ground interface and thus yields lim-
of the surface profile in terms of B-splines. The profile estimation ited accuracy and robustness in classification and reconstruc-
problem is posed as a parameter optimization problem, which'is tion (see, e.g., [5]). In this paper, we address the problem of
solved using a multiresolution continuation method viafrequency estimating the profile of the air-ground interface from in-situ

hopping Numerical experiments establish that the algorithm is f t d GPR ts. f . b t
efficient and yields accurate reconstructions throughout most of requency-steppe Measurements, 1or tuse in subsequen

the illuminated region even in noisy environments, losing accuracy imaging and classification processing.
only in regions with very weak illumination. Estimation of rough surfaces from inverse scattering has re-

Index Terms—Gaussian beams, ground penetrating radars, in- ceived considerable attention in the past decade. However, most
verse scattering, rough surfaces. of the available algorithms have focused on conducting sur-
faces. Wombell and DeSanto [6], [7] used Kirchhoff approxi-
mation and Fourier transform to estimate surface profiles based
on measurements of the reflected field in all spectral directions.

HE problem of determining the properties of rough suMNoguchi and his colleagues [8], [9] used nonlinear optimiza-

faces from electromagnetic (EM) reflected field data aris¢®n techniques for direct estimation of surfaces illuminated by
in many important applications, ranging from nondestructiv@onochromatic Gaussian beams, based on the far-field scat-
testing to underground imaging. In this paper, we address d@aring amplitude for all spectral directions. In a different ap-
derground imaging via ground-penetrating radar (GPR). In GRRoach, Schatzberg and Devaney [10] used Rytov approxima-
systems, arrays of above-ground transmitters and receivers itign and backpropagation to estimate surface profiles based on
minate areas of interest and receive backscattered signals ffothmeasurements of the reflected wave.
underground objects and from surface reflections. The shape ofn contrast with the above contributions, our work in this
the air-ground interface is unknown and constitutes a princigeaper is focused on estimating surface profiles based on reflec-
corruptor of the backscattered signal from subsurface targetdioh from a moderately rough interface between air and a homo-
interest. In order to enhance subsequent detection, classificati@neous dielectric half-space (soil), as illustrated in Fig. 1. Fur-
and inverse scattering processing, it is important to compensttermore, we assume that the reflected field is measured only
for the distortion introduced by the air-ground interface. at receivers with discrete spatial locations, using a stepped-fre-

One possible approach for this compensation is to charatiency GPR. We assume that the incident field arises from a
terize the statistics of the distortion caused by unknown rougliscrete set of transmitters and thus has a finite aperture.
surfaces and then apply appropriate statistical signal processin§irst we employ a forward model relating the measured fields

at the receivers to the surface profile. This model, detailed in
[11], utilizes Gabor-based Gaussian beam algorithms in con-
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z receiver locations reader to [23], [24] for analysis of thetrievable information
z' AT from both theoretical and computational viewpoints.
aperture field Here, arobustinversion strategy via a well-posed inverse of
S) T (edirected) the problem is achieved by

/ l \ \'\A (i) i) Introducing a finite-dimensional compact geometrical pa-
rameterization of the unknown interface profile;
.:::'zs:;:f(gog:"#o} ii) Estimating the unknown parameters _Uj/tting the _
P, x model-based forward scattering prediction to the avail-
- - able (measured/simulated) data, i.e., minimizing a
iTluminated region suitablecost functional

A key issue in this robust strategy is selection of an appro-
Fig. 1. Setup geometry for the inverse scattering problem. Apriate interface profile parameterization. This requires tradeoff

aperture-excited, time-harmonic, TM-polarized EM field illuminates e .
homogeneous dielectric half-space with known relative permittiwityand Between Versat"lty’ compactness and ComPUtatlonal burden,

with a moderately rough interface whose coarse scale profile is describedl¥garing in mind that the number of unknown parameters to be
the continuous functioh(z). The reflected field is sampled &f,. receiver estimated must bemallerthan the collected reflected data size.
locations at: = =7 Therefore, assuming that the collected datarameredundant

[23], [24], the maximum number of parameters that can be
beam algorithm, the multiresolution continuation algorithm aneliably estimated is~ N, x Nx. For the purposes of this
the resulting optimization approach for determining the surfapaper, we assume that the surface shape can be approximated
profile. Section IV details the results of numerical experimenty a finite set of basis functions with unknown coefficients,
to illustrate the accuracy of the surface reconstructions under

different conditions. Section V provides concluding remarks. al

hz) = Z cnsn (). 2
n=1

Il. STATEMENT OF THE PROBLEM

refl/ . .r . )
The problem of interest is reconstructing the air-ground inter- Let £,°7(xy, Aq) denote the complex reflected fieliea

. L
face coarse-scale profile from a limited number of spatially sar%l-”ecjat wavelength\, at receiver locatiow,. Let c denote the

pled reflected field measurements, using a limited aperture iII\t/ﬁCtor of coefficients:,, n = 1,..., N. Given a vector of co-

mination from a frequency-stepped GPR system. We consi eﬂ;_ICIenth and the outgoing field from the aperture distribution

a two-dimensional (2-D) model, as depicted in Fig. 1 whelg (1), we can use the Gabor-based Gaussian beam algorithm

a TM-polarized EM field with implicit time-harmonic depen-In [11] (see aIsp _Section lll-B) for the ;urface profile in.(2) 0
denceexp(—iwt) iluminates a dielectric half-space with knoanenerate predictions of the reflected field at each receiver. Let

refl( .r . . .
relative permittivitye,, and a moderately rough interface, whoséb; gm (2, Aq: ¢) denote the complex reflected fiefatedicted

o : . c at (free-space) wavelength, at receiver location;,.
coarse scale profile is described by a continuous funétay. With this notation, we define the weighted approximation error

The field is assumed to be generated by an extended aperty{e> as follows:
distribution atz = z4, c :

] d J(C) :HErefl(c)_grﬁleQ
E™° (‘Tv ZA) = f(x)uyv |‘T| < 57 Z=Z4 (1) B R - -

N. Na
whereu, denotes a-directed unit vector. - Z Z g | By (2, Agi )

In this preliminary investigation, we neglect the presence of p=lgq=1
any buried object; surface estimation strategies in the presence —Sg’ffl (a:;, )\q) |2 , 3)
of shallowly buried plastic mine-like targets, not very different
in principle, are dealt with elsewhere [19]-[22]. Furthermord0r receiver locations:y, ...,z and operating wavelengths
we also neglect theoisy(incoherent) contribution of finer-scale A1, - - -, An, » g > 0 being (arbitrary) weight coefficients.

roughness and focus on estimation of the coarse shape, acknowlhe regularized inverse scattering problem can now be for-
edging the implicit limits of retrievable information through in-malized as finding the coefficient vecterin (2) which mini-
verse scattering (see, e.g., [23] and the more releveartprox- Mizes the cost functional (3), i.e., findiggsuch that

imity extension [24]). They-directed reflected electric field is

sampled at a numbe¥,. of fixed receiver locations?, . . ., #y_ ¢=arg mc_in I(c) (4)
at the observation plane = 2". As common in many GPR
systems, we assume to work instep-frequencyegime with In general, the predictive modélgefl(x;, Aq; c) is a highly

N, different operating wavelengths (frequencies), so that a semlinear function of the coefficients Thus, the resulting min-

of N, x N, complex (magnitude and phase) samples consiirization problem may have multiple local minima. In the next
tutes theobserved dataf the problem. It is well-known that section, we describe the choice of basis functions used in our
this inverse scattering problemiisposedand therefore &lind  representation, the forward scattering model and the optimiza-
implementation of inverse scattering techniques would restittn approach used for determining global minima of the cost
in ill-conditionednumerical algorithms. We refer the interestefunctional (3).
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10 | § a priori knowledge of the scale parametay, in (6) (i.e., the
08 | /\ N number of B-spline basis functions) and focus on retrieving the
= 06 [ ] unknown coefficients;, only. A more generahdaptiveframe-
= o0a [ 1 work is presented in [25].
? oz r ] B. The Gabor-Based Gaussian Beam Algorithm
0.0 N S
. . , . . The forward scattering predictive model is detailed in [11]. It
2.0 i ] is based on a recently developed Gabor-based narrow-waisted
10 | / . Gaussian beam (NW-GB) algorithm for reflection from and
E 00 [— ] transmission through, moderately rough dielectric interfaces.
£ .40 [ /—_ The main steps of the algorithm can be summarized as follows:
@ 20 [ / ] 1) The aperture field distribution in (1) is discretized
- . . - . self-consistently via Gabor expansion in termsafrow
y y y y y Gaussian basis functions, which generate narrow-waisted
40 ] ray-like Gaussian beams (GBs) launched from points on
3 00 / \ the aperture.
= I 1 2) Each individual GB interaction with the rough interface
$rn 4.0 i ] is tracked via the complex-source-point (CSP) paraxial
8.0 | . schemedquasi-reelray tracing) developed in [14] for cir-
00 1o 20 30 40  so0 cular cylindrical dielectric _Iayers and generalized in [11]
x/A to rough_ surface geometries. _ o
x 3) The various reflected/transmitted GB contributions are

) ) ) ) i N . recombined at the observer.
Fig. 2. uartic B-spline basis function and its first two derivativedenotes . . .
(dg/’dl,). Q P In [11], the NW-GB algorithm has been validated and cali-

brated against an independently generated rigorous numerical
solution [26] and has been shown to provide accurate and ro-
] o bust predictions over a range of calibrated combinations of the
A. Interface Profile Parameterization problem parameters, including moderate roughness with max-
As our choice of basis functions in (2), we used shifteinum slopes< 40°, (average) curvature radR. larger than
B-splines [15] selected with a fixed resolution matched to trewavelength, incidence directions far from grazing (incidence
coarse level of detail for the reconstruction. In particular, wangles< 30° relative toz) and dielectric contrasts with Re )
chose a quartic-spline basis functigi’ (), where (5), shown ranging from 1.2 to 10 and Ie,.) up to 0.5. Though based on
at the bottom of the page, add = = /A,.. This basis function high-frequency asymptotics, the algorithm was found to provide
has finite support and differentiable second derivatives (seatisfactory accuracy even for relativébww-frequencygeome-
Fig. 2). The surface profile is thus approximated as a linetires (R, ~ 0.5)) and near-zone observation distances {-
combination of shifted B-spline basis functions, A). We refer the interested reader to [11] for theoretical and com-
putational details and to [27] for extension to pulsed excitation.
As noted earlier, the computational feasibility of the proposed
nonlinear inverse scattering algorithm is strongly tied to the effi-
PN ciency of the forward solver. In this connection, full-wave tech-
Ty =Zmin + 10y, A, = w (7) niques are most likely not affordable in terms of computing time
h and resources. Conversely, NW-GB algorithms, though not suf-
The resulting linear combination (6) is a triply differentiabldering from failures near caustics and other ray-field transition
function with &V, + 4 degrees of freedom. We tried using cubicegions, preserve the attractive computational features of stan-
splines, but did not obtain satisfactory accuracy for the forwadérd ray methods in the presence of large computational do-
(beam) solver. We can speculate that the differentiability of tmeains, with minimal memory requirements and typical com-
secondderivative (and hence of the radius of curvature) is rguting times (for a field sample at a single position) of about
quired by the beam algorithm. In this investigation, we assurbe10 ms on a 500 MHz PC, which are fairly shorter than those

Ill. ALGORITHMIC ASPECTS

Np—1

h(a:) ~ Z Cn8(4) (-T — -Tn), Tmin < 2 < Trmax, (6)

n=—

=X 0<X <1,
— 135 (5 — 20X 4 30X? — 20X3 +4X*) 1<X <2,
sW(X) = { £ (155 — 300X +210X2 — 60X3 +6X%), 2<X <3 (5)

— = (655 — 780X + 330X% — 60X3 +4X*), 3< X <4,
S(X - 5)%, 4<X <5
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0.04 T - ' global minimum
0.03 + . 1.5
-- 1.800
0.02 1.0 - 1688
0.01 - 1575
. 05 — 1.463
— - 1.350
X,0.00 - - 1.238
= B 0.0 - 1.125
-0.01 “‘o\o - 1.013
-- 0.9000
-0.02 ~ 0 -~ 0.7875
3 — 0.6750
-0.03 -1.0 - 0.5625
* -- 0.4500
-0.04 S i 15 -- 0.3375
-0.50 -0.25 0.00 0.25 0.50 0.1125 - 0.2250
0 -- 0.1125
X -2.0
20 -15 -10 -05 00 05 1.0 15
Fig. 3. Interface profile and simulation parameters (in arbitrary units) for tt c /C (true)
synthetic experiment discussed in Section llI-C. Spline parametgrs= 12, 2f 72
A, = 1/12, 2 pin = —0.5, o = 0.5, maximum slopep,, .. = 34°; ] o ) )
aperture parameters (nonphased cosine distributiond8):0.8, z4 = 0.6; Fig.4. ParametersasinFig. 3. Reduced 2-D cost functional (3) as a function of
observation pointsV,. = 10,27 = 0.6,27 = —0.5+(p—1)/(N-—1), p=  c2 andes scaled to their true value§'™*<, ¢§"**) . The remaining coefficients
1,...,N,; operating wavelengthsVy, = 4, A\; = 0.2, Ay = 0.1, A\; = are set to their true value.
0.067, A4 = 0.05; weight coefficientsi,, = 1V p, ¢q. Relative permittivity:
€. = 3+ 0.054. inal probl
onginai problem smoothed problem
typical of full-wave techniques. Application of GB algorithms smoothing
to inverse scattering scenarios was also suggested in [28], whet PO
they were found to provide a good tradeoff between accuracy /
and computational burden.
(@ (b)

C. Optimization Strategy

original problem

As discussed in Section Il, we want a vector of coefficients reiax relax
¢ to minimize the weighted error functional (3). As stated pre- smeothing o0 smoothing 0)
viously, this minimization is nontrivial since the cost functional mn ¢ mn
in (3) is likely nonconvex with respect ) therefore, unless an f f
accurate initial guess is available, standard descent-based 0|
timization algorithms [29] are likely to end in local minima, © (d)

which correspond tepurioussolutions. To illustrate this issue, _

. ] . N ig. 5. Basic underlying scheme for continuation methods. (a): Original
we considered a S|mpI|f|ed experiment where all unknown Cgr'oblem; (b): Local minima are filtered out through a smoothing procedure and

efficients were set to their true value, with the exception of twgfirst rough estimate®(y, of the global minimum is obtained via a standard

that are left variable. The resulting cost function has two degre@g)ce_nt optimizer; (c): T<h£ smoothing is partially relaxed and a refined estimate
of freedom and can be easily displayed. The interface profile afygs 'S obtained using’, 5, as initial guess; (d): The smoothing is gradually

min

removed inM iterations, restoring the original problem and obtaining the final

experiment parameters are shown in Fig. 3. A nonphased cosi§nater .
tapered aperture illumination

cos (Z2) |z <%' based on stochastic frameworks such as simulated annealing
flz) = { |z > ®) [30] and genetic algorithms [31] converge too slowly to be
2 successfully exploited in realistic applications.
was assumed, with the aperture widtbhosen so as to irradiate  Our approach to finding global minima of (3) utilizes physics-

the region of interest while avoiding edge effects. basedmultiresolution conceptually analogous to what in the
In this example, the surface profile was generated ragptimization community is known as thfe@ntinuation method
domly by using 16 B-spline basis functions/{ = 12). [32]. The basic idea underlying continuation methods is illus-

We chosec, and ¢s as unknown and set the remaining l4rated in Fig. 5, with reference to a simple one-dimensional
coefficients to their true value. Fig. 4 shows the resulting 2-problem. Once a suitable smoothing parameter in the function

cost function, as a(zunc)tio(nt (Ifz) andcg scaled with respect to be minimized has been recognized, a smoothing procedure
rue rue

to their true values, ", ¢, respectively. As the figure is applied in order to filter out the unwanted local minima. A
illustrates, the cost function has a degjpbal minimum at standard descent minimization algorithm can be applied to the
(c2,c6) & (cg“‘“e),cg"“e)), but also has a number ddcal smoothed problem, yielding a rough estimation of the sought

minima. This behavior was verified for multiple choices oflobal minimum of the original problem. The smoothing is pro-
weight coefficientsy,,,, thus confirming that standard descengressively relaxed, restoring the original problem and the so-
optimization techniques (e.g., conjugate gradient [29]) mdytion is progressively refined, using at each stage a standard
end up in local minima and that some technique for globdkescent optimizer and exploiting as initial guess the estimation
optimization is needed. However, popular global optimizerbtained at the previous stage.
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global minimum

T T

BiE® 0.4688 - 0.5000
B8 0.4375 -- 0.4688
B8 0.4063 - 0.4375
- 0.4063
- 0.3750
- 0.3438
- 03125
-- 0.2813
-- 0.2500
- 0.2188
- 0.1875
- 0.1563
-- 0.1250
- 0.0938
0.03125 -- 0.0625
0 -- 0.03125

.50

{true)

-0.0: -
-8‘50 -0.25 0.00 0.25 0.50 “-0.50 -0.25 0.00 0.25 0.50
(true) x X

c,/¢c,

) . o ) Fig. 7. Parameters as in Fig. 3. Convergence example for the proposed
Fig. 6. Reduced 2-D cost functional as in Fig. 4, but using the long@fequency-hopping strategy. (a): Reconstruction using onlythe: 0.2 data
wavelength §, = 0.2) data only. and a flat interfaced, = 0,n = —4,..., N, — 1) initial guess; (b), (c), (d):

Refinements obtained using single-frequency data\foe= 0.1, A; = 0.067,
As typical of many inverse scattering problems, the Smoothé =A0.05, resp_ec.tively and the previqus stage reconstruction as initial guess.
. . ctual profile; ——— Reconstruction.

ness of the cost functional (3) strongly depends on the choice of
operating wavelength(s). In particular, using larger wavelengths )
(i.e., lower frequencies) will result in a smoother functionafOnsistency constraint
Furthermore, using lower frequencies reduces the possibility of
phase ambiguity, one of the major causes of local minima. As
an example, in Fig. 6 is shown the reduced 2-D cost function _ )
obtained using the same simulation parameters as in Fig. 4, Bieréz4 and-" are the aperture and observation heights, re-
only the longer wavelength\{ = 0.2) data. The resulting func- SPectively (see Fig. 1).
tion is considerably smoother. The function still has a global
minimum at(cy, cg) ~ (™, ™) with a large basin IV. NUMERICAL RESULTS
of attraction andho local minima. In this case, standard de- In order to test our surface profile estimation algorithms, we
scent optimizers (e.g., conjugate gradient [29]) can be appliggtnerated synthetic field measurement data using a reliable
The obtained estimate will need refining at other frequenciédl-wave solution of the forward scattering problem by means
for two reasons: at lower frequenci@sapoorerresolution can of the multifilament current method in [26], in conjunction
be expected anil) the accuracy of the beam forward solver isvith rigorous Kirchhoff aperture integration [33], for a variety
poorer[11]. Nonetheless, this first estimate provides a good indf surfaces. For all numerical experiments presented below,
tial guess that can be further refined through progressively itihhe accuracy of the NW-GB forward solver was preliminarily
troducing the higher-frequency information into the optimizavrerified. The simulation parameters are summarized in Fig. 3,
tion, in the spirit of the continuation method [32]. The proposedtith the dielectric half-space constitutive parameters chosen so
multiresolution strategy can be thus viewed as a continuatias to simulate a class of sandy soils in the GPR frequency range.
method, where the smoothing parameters are the weight cdafthis example, there are 16 unknown spline coefficients to be
ficients ., associated with the different wavelengths. Amongstimated, based on 40 complex (magnitude and phase) field
all possible ways of varying the weight coefficients,, which samples. Reconstruction results are shown in Fig. 7. Assuming
corresponds to different ways of controlling the smoothing aras initial guess a flat interface, (=0, n = —4,..., N, — 1),
the convergence behavior, we chose the simplest, i.e, an abthpt cost functional (3) was minimized using only the lowest
“on-off” variation. At each resolution stage, the frequency dafeequency dataX; = 0.2), obtaining the reconstruction shown
to be included in the cost functional are selected by setting timeFig. 7(a). Subsequent refinements of this reconstruction were
corresponding weight coefficients,, to O or 1. This corre- obtained by including higher frequency data, resulting in the
sponds to what in the inverse scattering community is usualipproved approximations shown in Fig. 7(b)—(d). Specifically,
known asfrequency hoppinf6]—[18]. each iterative improvement in Fig. 7(b)—(d) is obtained by

In our implementation, the partial optimization at each resasing only asingle frequencyat a time and exploiting the
lution level is performed using the Polak—Ribiere version of ttreconstruction at the previous (lower) frequency as initial
conjugate gradient (CG) algorithm [29], particularly suited foguess. The more time-consuming alternative of using at each
nonquadratic functions. Specifically, the needed gradietitisf iteration thecurrentfrequencyplus the lower ones was found
computed using a central difference formula, so that each grept to yield significant improvement. The example illustrates
dient evaluation requirezV;, + 8 functional evaluations (i.e., that the reconstruction is accurate throughout most of the
2N, + 8 solutions of a forward scattering problendy;, + 4 interval, except near the edges of the illuminated region; a sim-
being the number of unknown spline coefficients. The CG algdar phenomenon was observed in [8]. The likely explanation
rithm in [29] has been partially modified in order to enforce théor this loss of accuracy is due to the weak illumination in

max {h(z)} < z4,2" 9)
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Fig. 8. Reconstruction of randomly chosen example profiles via the four-stage frequency-hopping strategy in Fig. 7. Spline pdvamete2sA, = 1/12,
Tmin = —0.5, Tmax = 0.5; aperture parameters (nonphased cosine distributiond8):0.8, .. = 0.6; observation pointsN, = 10, 2" = 0.6, 2z, =
—054+(p—-1)/(N,.—1), p=1,...,N,; operating wavelengthsV, = 4, A\; = 0.2, A, = 0.1, A5 = 0.067, Ay, = 0.05. Actual profile; ———
Reconstruction.

these regions, corresponding to the aperture field tapering; thith a considerably stronger background nois&@ dB), the re-
tapering is required to avoid numerical artifacts attributed twnstruction of the central region of the interface profile is still
edge effects. relatively accurate.

We performed a thorough calibration of the proposed inver- Concerning the convergence rate, in the above examples an
sion algorithm, by reconstructing a large number of randoméwverage number of 20—30 conjugate gradient iterations per res-
generated surface realizations with moderate roughness botblirtion stage was typically required, resulting in an overall com-
height and slopet 40°). Representative results are shown iputing time of~ 1 min on a 500 MHz PC; no particular effort
Fig. 8. For all examples we used the four-stage frequency-hapas made to optimize the numerical code.
ping scheme as in Fig. 7. Again, except near the edge regions,
the reconstructions are quite accurate. As a general comment,
we found satisfactory reconstructions for problem parameters
(roughness, permittivity, etc.) in the range of validity of the for- We presented a new inversion algorithm for the reconstruc-
ward model summarized in Section IlI-B. tion of moderately rough dielectric interfaces using spatially

We also investigated the numerical stability of the algorithmampled (multifrequency) reflected field data. The proposed ap-
with respect to errors in the reflected field simulated/measurptbach is based on a compact parameterization of the unknown
data. In order to simulate the unavoidable measurement undaterface profile in terms of quartic splines, whose unknown pa-
tainty, we added to the full-wave-computed reflected field datameters are estimated by minimizing ttiéferencebetween
a uniformly distributed relative error. Furthermore, in order tmodel-based and measured reflected field data. The approach
roughly simulate the effect of possible clutter sources neglectaeses a fast forward model based on quasi-ray Gaussian beams
in the model, such as the incoherent scattering contribution frdérl]. In order to avoid local minima, a frequency hopping mul-
fine-scale roughness, we added a background noise with uiresolution approach is used, exploiting reconstructions based
formly distributed amplitude and phase. Reconstruction resuttsly on longer wavelengths to provide initial guesses for higher
are shown in Fig. 9, with the problem parameters as in Fig. i&@solution reconstructions.

As one can see, the reconstruction obtained from corrupted datdhe proposed algorithm was evaluated on noisy data gener-
with a relative error of:5% in amplitude and:10° in phase and ated from simulated profiles, illustrating that accurate and ro-
a background noise 6f20 dB, is not very different (apart from bust reconstructions can be obtained for moderate roughness
the edge regions) from that obtained using noise-free data, tifoximum slopess 40°), with reasonable computing times.
indicating the robustness of the proposed algorithm. Increasifus, extensions of the algorithmic approach to three-dimen-
the noise strength obviously results in a poorer reconstructi@mnal (3D) geometries should be feasible for realistic situations
especially in the edge regions whaseakerscattering contribu- where sparse (multifrequency) data and limited computing re-
tion is more noise-sensitive. It is interesting to notice that evenurces are available and near real-time estimates are required.

V. CONCLUSIONS
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Fig. 9. Parameters as in Fig. 3. Reconstruction from noisy data via the
four-stage frequency-hopping strategy in Fig.-~— Actual profile; ———
Reconstruction. (noise-free data); - - - Reconstruction (relative erro#:5%
in amplitude,£10° in phase; background noise:20 dB);
Reconstruction (relative erro#:5% in amplitude £10° in phase; background
noise:—10 dB).
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The approach presented in this paper is similar in spirit to
that of [8], although based on a different forward solver and[lg]
optimization schemes. In particular, our approach generalizes
naturally to sparsely sampled data.

The surface estimation algorithm has been extendedtotime dgy,
pendent (short pulse) GPR excitation [25] and has been incorpo-
rated into adaptive techniques for subsurface GPR image recon-
struction of shallowly buried plastic mine-like targets in the presypy
ence of unknown rough air-soil interfaces [19]-[22]; preliminary
outcomes seem encouraging. Extensions presently under inves-
tigation include generalization to fully 3D geometries. 2]
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