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The singular vectors of the time reversal operator (décomposition de 1’opérateur de
retournement temporel, time reversal operator decomposition (DORT) processing) are often
used for localizing small echogeneous targets in a cluttered environment. In this work, we show
that they can also improve the imaging of relatively large and contrasted targets in a
homogeneous environment. It is observed that non-linear inversion schemes, minimizing itera-
tively the discrepancy between experimental data and simulated field scattered by target esti-
mates, are more efficient when the illuminations correspond to the DORT singular vectors. In
addition, DORT preprocessing permits a drastic diminution of the data load and computer bur-
den. This study is conducted with experimental microwave data of targets with size comparable
or greater than the wavelength. Published by AIP Publishing.

[http://dx.doi.org/10.1063/1.4972470]

I. INTRODUCTION

In the last two decades, a wealth of research has been
devoted to the development of inverse techniques that
reconstruct targets from their electromagnetic (either
microwave or optical) scattered far-field measured for dif-
ferent illuminations. This task is particularly difficult when
the field inside the target differs significantly from the illu-
mination due to multiple scattering. This challenge is par-
ticularly interesting as accounting for multiple scattering
in the inversion model could ameliorate the image resolu-
tion.! In this case, the inverse problem becomes non-linear
and ill-posed and requires sophisticated reconstruction
techniques. The latter generally estimates iteratively the
permittivity distribution of the target within a given inves-
tigating domain so as to minimize a cost functional repre-
senting the distance between the data and the simulated
field scattered by the estimate. Two main approaches can
be distinguished. The linearized one assumes that, at each
iteration step, the field in the investigating domain is the
solution of the forward scattering problem for the best
available target estimation.”™* On the other hand, the non-
linearized ones consider the field in the investigation
domain as an additional parameter that is estimated
together with the permittivity distribution thanks to a mini-
mization procedure.”® A third approach, known as the
hybrid method (HM) in Ref. 6, combines both methods for
benefiting from the robustness of the non-linearized tech-
nique with the rapidity of the linearized one. However,
despite these different developments, the accurate inver-
sion of scattering data stemming from relatively large and
contrasted targets is not always ensured. To improve
the inversion performances, a popular technique relying
on a priori information on the sample consists in
adding regularization terms to the cost functional.”® In
this work, we propose a complementary approach based
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on the optimization of the illuminations through the
singular value decomposition (SVD) of the scattering
operator.

In most imaging experiments, the sample scattered field
is recorded on many observation points for different illumi-
nations. These illuminations may correspond to the field
emitted by antennas placed at various positions or to colli-
mated beams coming under various angles. In any case,
they do not depend on the sample. Now, using illuminations
that focus preferentially on the sample is a priori more effi-
cient for collecting useful data on the sample.”'* This can
be done using the décomposition de 1’opérateur de retourne-
ment temporel, time reversal operator decomposition tech-
nique (DORT), which consists in backpropagating the
dominant singular vectors of the scattering operator. DORT
has been widely used to detect, localize, and image small
(compared to the wavelength) echogeneous targets buried
in a cluttered environment.”''~'> It has been shown in this
case that the number of dominant singular values is directly
linked to the number of echogeneous targets and that the
associated singular vectors correspond to waves focusing
on the targets.

In this work, we consider relatively large and scattering
targets in a homogeneous environment. The imaging diffi-
culty does not come from the structural or external noise
but from the presence of multiple scattering which requires
non-linear or linearized inversion schemes to be handled
properly. We show that introducing the DORT technique in
the reconstruction schemes ameliorates significantly the tar-
get reconstruction and, in addition, decreases the computa-
tion time.

In the following, we first describe the DORT
approach. Then, we rapidly sketch different inversion
schemes accounting for multiple scattering and recall how
DORT preprocessing can be introduced in the iterative
reconstruction.” Lastly, we apply the inversion tools with
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and without DORT preprocessing to experimental micro-
wave data.

Il. SINGULAR VALUE DECOMPOSITION OF THE
SCATTERING OPERATOR

We consider a multistatic imaging experiment operating
at a single angular frequency w. In the experiment, the target
is assumed to be confined in a known bounded region Q. The
target is successively illuminated by /=1,...,L emitters
placed at r; and polarized along €,". For each illumination,
q=1,...,0 receivers, placed at r, and oriented along
¢,, measure the projection of its scattered field onto &,.
Thus, for the /-th illumination, Q scalar data are recorded
and gathered in a scattered field vector denoted by f"*
=[N, ,”‘Q“]t where ' denotes the transposed vector. The
scattering matrix K is built such that K, represents the scalar
projection of the scattered field measured at the g-th receiver
for the /-th emitter. The Singular Value Decomposition
(SVD) of the L x Q scattering matrix K yields a set of
singular real values o, p=1,...,min(L,Q), associated
with singular vectors of dimension Q, v,, and singular vectors
of dimension L, u,, such that, whatever the vector x of
dimension Q

u,0, [V, .x]. (1)

A similar expression is obtained for any vector y of dimen-
sion L by interchanging the role of u, and v, and replacing
K by its transpose. The Q-vector K'y is the scattered field
vector that would be measured on the Q receivers if the
amplitudes y were put on the L emitters. Thanks to the
reciprocity theorem, the role of the emitters and receivers
is interchangeable so that the L-vector Kx can be considered
as the scattered field vector on the L emitters (playing
the role of receivers) when the amplitudes x are put on the
Q receivers (playing the role of emitters).'>'%”

The analysis of the singular values permits us to distin-
guish the singular vectors that convey useful information on
the target from those that are mostly noise.'® Hereafter, we
call Nport the number of dominant singular values which
separates the signal space from the noise space.

When the targets are small compared to the wavelength,
the number of dominant singular values is equal to the num-
ber of targets times the polarization of the antennas, and it is
relatively easy to distinguish the singular vectors belonging
to the signal space from that belonging to the noise space. It
has been shown that the backpropagation of these dominant
singular vectors generates illuminations that focus on the
targets, even when the latter are placed in a cluttered envi-
ronment.”'*'? Keeping only the data corresponding to the
dominant singular vectors in an ill-posed inverse problem
has also been shown to act as a Tikhonov regularization
under certain conditions.**'

When the size of the scatterer is comparable to or larger
than the wavelength, the number of dominant singular values
is not simply linked to the number of scatterers, and it
becomes more difficult to distinguish the signal space from
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the noise space. In this case, it has been proposed to keep all
the singular vectors in the process but to weight their contri-
bution with their singular value.*? This approach is particu-
larly adapted to our imaging experiment where the targets
are relatively large and contrasted. Hereafter, the data proc-
essing uses exclusively the singular vectors multiplied by
their singular value, which are called DORT vectors. It is
worth noting at this point that the weighting of the singular
vectors can be combined with a discarding of the “noisy”
singular vectors (if the behavior of the singular values per-
mits a clear demarcation between the signal and noise
spaces). This is an important feature of our data processing,
which will be discussed in the “Reconstruction” section.

The focusing DORT incident field can be either calcu-
lated with the Q-vector v,, or the L-vector u,. In our experi-
mental configuration where Q > L, it is more interesting to
use v, to generate the DORT illuminations and to detect the
scattered field on the L emitters as it decreases the number of
data to Nport X L (in place of Nport X Q).

For one position vector r inside the investigating domain
Q, the focusing DORT incident field can be written as

Y
E[?ORT(F) — Z gpquG(l’, l’q)éq, (2)
q=1

where G(r,r,)p represents the field at r emitted by a dipole
p located at r,,. The corresponding scattered field detected on
the L emitters, f,?ORT associated with the DORT incident
field E,E)ORT, is equal to Kv,, and reads

9]

DORT __ mes 4

fr = ZUPUP«,qf},q €q- €)]
q=1

The DORT preprocessing consists in forming a set of
data f[?ORT for the Nport dominant singular values from the
measured £

lll. THE INVERSION PROBLEM

The realm of inverse scattering problems is to determine
the relative permittivity distribution of samples from the
measured scattered field. In this study, we consider the imag-
ing of targets that support multiple scattering. In this case,
the reconstruction of the target generally requires the rigor-
ous solving of Maxwell equations for the different permittiv-
ity estimates (forward problem). The Maxwell solver is
usually at the core of the inversion algorithm.

A. The forward problem

In our approach, the forward problem is solved thanks to
the Discrete Dipole Approximation (DDA).?*** Since this
method is well known, it is only briefly described to settle
the notation used for the inverse scattering problem.

The object is described by a permittivity contrast distri-
bution y = ¢ — &,, which is defined as the difference between
the object relative permittivity ¢ and the background
medium &,. It is assumed that y is null outside a bounded
investigating region Q. The DDA consists in discretizing
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Q into M small subunits so as to cast the Maxwell equations
into a self-consistent linear system, written in operator
notation

E = E™ + AyE )

that is solved numerically. In Eq. (4), x is a diagonal matrix
Tomm = % (Tm), A is a square matrix of size (3M x 3M) of gen-
eral term G(r,,, 1), and E and E™ are the total field and the
incident field, respectively. The scattered field corresponding
to the /-th illumination can be written in the following con-
densed form:

E] = ByE,, )

where [ = 1,...,L, and B is a matrix of size (3M x 3Q). The
matrix B contains the Green function G*(r,,r,,), where r,,
denotes a point in the scattering domain, m = 1, ..., M, while
r, is an observation point, ¢ = 1, ..., 0. Note that B does not
depend on the angle of incidence.

B. Inversion schemes

The reconstruction of the target permittivity distribution
from the measured scattered field in the multiple scattering
regime corresponds to a nonlinear and ill-posed inverse
problem. The most popular strategies consist to determine
the parameters of interest iteratively. In the present paper,
two iterative schemes have been applied. The first one is a
classical linearized approach base on conjugated gradient
technique (CGM)? and the second one is a non-linear hybrid
method (HM).6 Both methods have been well documented in
the past, and we provide only a rapid description of their
main features for consistency.

1. Conjugated gradient method: CGM

The basic idea underlying the CGM solution is to build
up iteratively a sequence of the sought permittivity contrast
% within Q by minimizing a cost functional of the form

L
Z IIfmesllr =

Fu(tn) =

with h;, =" —By,E;, is the residual error computed
from Eq. (5), which represents the discrepancy between the
measured scattered field and the simulated scattered field of
the estimation y,. The subscript I' in the norm ||.|| and later
in the inner product (., .) indicates that the integration is per-
formed over the receivers. The total field E;, is the solution
of the self consistent equation with the contrast distribution
It Ep = E o =[1— Ax,,_l]*lE}“C. At each iteration
step n, the permittivity contrast distribution y, is built up
according to the following recursive relation:

An = Xn—1 + :Bndﬂa (7)

where the updated contrast y,, is deduced from the previous
one, x,_1, by adding an updating term f3,d,. This correction
term is composed of two factors: a real valued scalar weight
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f,, and an updating direction d,. The scalar weight f3, is
determined by minimizing the cost functional F,(y,).
Substituting the expression of the parameter of interest y,
Eq. (7) into the cost functional Eq. (6) leads to a polynomial
expression with respect to the scalar weight f3,,

N
fn(Xn) = F(ﬁn) = Wr x Z(”h/-ﬁfl‘llz“ + ﬁiHBdnEl,n”f'
=1

+ zﬁnRe<hl,nfl|BdnEl,n>r>- (8)

() _

The unique minimum of F,(f,) is reached when 5.

1- ZRC h[n 1|BdnEl n> (9)

= IB&:Ewulr

As for the updating direction d,,, we take the standard Polak-
Ribiere conjugate-gradient directions. With CGM, the
improvement condition is not satisfied, i.e., the minimized
function does not always decrease,’ in particular, in the pres-
ence of high level of noise or in the multiple scattering
regime. In this case, the final reconstruction result is chosen
to be the one corresponding to the lowest value of the mini-
mized cost function.

The first estimate for " is derived from the backpropa-
gation procedure.?®?” We define a polarization density as

init -

Pilni[ _ XinitEilnit — VZBTf;neS7 (10)
where B denotes the transpose complex conjugate matrix of
the matrix B. The scalar weight y, is determined by minimiz-
ing the cost function H(y,) describing the discrepancy between
the data " and those that would be obtained with P

H(y) = [If™ —

Writing down the necessary condition 0H/dy; =0 for H to be
minimum leads to an analytic expression of 7,

BP™ | = [ — BB (11)

(BBIEP ),

12
BB, (12

Y=

Once the estimation of P™! is determined, an estimation of
the total field E;™" in the investigating domain can be derived

as E"* = EI™ + API™". Finally, the initial guess for the per-
mittivity d1str1but1on 7™ is given by the backpropagation
method

ll'lll )

Z Pmlt

init/ .\ _ =1
" (r) = 1+ Re{ =1 , (13)

> EM )
=1

where X is the complex conjugate of x.

2. DORT with conjugated gradient method: DORT-CGM

It has been shown that the backpropagation of the emer-
gent singular vectors provides a means for generating new
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incident fields focusing onto a given scatterer.” We propose
here to introduce this information in the inversion procedure.
In the DORT-CGM inversion procedure, the focusing
field derived from Eq. (2) is considered as the new incident
field for the inverse scattering problem. We consider only
the DORT singular vectors that are associated with the most
significant singular values. Then, instead of the original
fields EinC and ", we consider Nport incident backpropa-
gated DORT fields EDORT and Npogrt associated scattered
fields fDORT in the 1terat1ve scheme. Henceforth, the contrast
perm1tt1v1ty distribution within the investigating domain Q is
determined iteratively by minimizing a cost functional which
reads at the iteration step n

Nport

Z [
DORT
Fo (% ) NDORT ’ (14)
fDORT 12
> IR
p=1
where the residual error h[?SRT is defined as h,,,
hDORT — fDORT _ Bx"E[??RT:(Ot. (15)

The updating directions are taken to be of the same form as
the ones described in Section III B 1, where the involved gra-
dients are computed from the cost functional ZPRT instead
of F,. The initial guess of the permittivity is computed
through the footprint of the sum of the intensities of the
backpropagated dominant DORT fields

Nport

> IEDRT(r)

M) =1+0.1 x P . (16)

Nport

maxa | Y [EZO%T(r)[lg
p=1

In Eq. (16), the maximum permittivity contrast of the initial
guess has been set to 0.1. This value, which corresponds to
the maximum contrast that is generally obtained with the
backpropagation procedure, Egs. (10) and (11), ensures that
the light scattered by the first estimate satisfies Born approxi-
mation and that it is of the same order of magnitude as the
backpropagation procedure, Eq. (13).

3. Hybrid method (HM), with DORT (DORT-HM)

The hybrid method has already been detailed in previous
publications,”® and only its main features are recalled here.
It retrieves simultaneously the sample permittivity contrast y
and the total field E,; in the investigation domain. At each
iteration step 7, the cost functional reads

L L )
Z”hlnnr > g la
Fn (s Br) = +-= . an

f'““H% > IE
=1
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where g, is a residual error on the field inside the investigat-
ing domain

g, = B — Ei, + Az, Ep,. (18)
The minimization is performed using the Hybrid Method
(HM) described in Ref. 6. In order to take into account the
focusing fields derived from the SVD, the original scattered
and incident fields are changed to f?ORT and E]p)ORT, respec-
tively. The iteration process is stopped when the cost func-
tion reaches a plateau.

IV. RECONSTRUCTION OF DIFFERENT TARGETS
FROM EXPERIMENTAL MICROWAVE DATA

In this section, we compare the reconstructions given by
the inversion methods, with and without DORT preprocess-
ing, of different targets taken from the microwave database
presented in Ref. 29. These data are particularly suited for
our comparisons because many inversion techniques have
already been applied to these measurements.

A. Experimental configuration and targets geometry

The experimental configuration is depicted in Fig. 1,
for more details on the set-up see Refs. 30 and 31. The inci-
dent wave is assumed to be a plane wave propagating in the
(x, y) plane with 6;,. ranging from 0° to 350° with a step 10°
(green line) and polarized along z direction (¢, = 90°),
which corresponds to L = 36 emitters.

The receiver positions are indicated by the polar angle
Ogigr ranges from 0° to 320° with the angular step 40° and the
azimuthal angle ¢4 ranges from 30° to 150° with the angu-
lar step 15° (red line) yielding 81 different observation direc-
tions. For each position, the receiving antennas are oriented
along x, y, and z axes in order to record the full vectorial
scattered field. Following our notations, the detection config-
uration corresponds to Q =3 x 81 receivers. The background
medium is air, &, = 1.

O

Receiver

FIG. 1. Sketch of the experimental setup.?® The illumination is performed in
the (x, y) plane with 0;,. varying from 0° to 350° step 10° (green line). The
observation angle Oyig varies from 0° to 320° step 40° and ¢ from 30° to
150° step 15° (red line).
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(b)

FIG. 2. Geometry of the targets. (a)

‘47 L=8 cm *”

Three different targets are considered in this work.
The first one [Fig. 2(a)] is made of two cubes placed along
the z-axis of relative permittivity ée=2.4 and of side size
a="2.5cm, and separated along the z-axis by 5 cm. It is illumi-
nated at the operating frequency 8 GHz so that the side of each
cube is about one wavelength inside the object (1/+/¢ & a).

The second one is made of two dielectric spheres of rel-
ative permittivity ¢ =2.6 and of radius » =2.5 cm in contact,
as shown in Fig. 2(b). The operating frequency is 4 GHz so
that the diameter of each sphere corresponds again to one
wavelength inside the object (1/+/¢ ~ 2r). Target B is more
difficult to reconstruct than target A because the two spheres
are in contact.

Last, target C is a cylinder of length 8 cm, radius 4 cm,
and permittivity 3.05. In this case, the operating frequency is
3 GHz. This target is more difficult to reconstruct than tar-
gets A and B because its size is almost 1.5 times the wave-
length in the object and its permittivity is high. To our
knowledge, all the inversion methods without regularization
that have tackled this problem (including the CGM and HM)
failed.?>%*>-% Thus, target C is a particularly good example
for pointing out the interest of DORT preprocessing.

In a classical DORT procedure, the key point is to deter-
mine the number of useful singular values, Npogrr, Which
will be retained in the inversion. In Fig. 3, we plot the singu-
lar values of the scattering matrix for each target. All curves
exhibit a discontinuity when the singular value reaches
0=0.07. The experiments being performed with the same
additive noise, the latter can be interpreted as a boundary
between the signal and noise space. From these evolution
curves, one infers that the number of dominant singular val-
ues for target A is five while it is nine for target B and six-
teen for target C. As expected, the number of dominant
singular values increases with the target size.

Note however that, in our approach, the DORT illumina-
tions are weighted by their corresponding singular values,
Eq. (2). When the singular values are weak, the associated
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Target A: Two dielectric cubes of rela-
tive permittivity e=2.4 and of side
a=2.5cm located at (a/2, a/2, a/2)
and (a/2, a/2, 5a/2). (b) Target B: Two
dielectric spheres in contact of relative
permittivity ¢=2.6 and radius
r=2.5cm located at (—r, 0, 0) and (r,
0, 0). (c) Target C: Cylinder of radius
r=4cm, length L =8 cm, with relative
permittivity ¢ = 3.05.

\\\ X

r=2.5¢cm

scattered fields (Eq. (3)) contribute marginally to the cost
functional. Thus, with our formulation, the removal of the
noise space is not really necessary. It is essentially useful to
decrease the number of data and the computation time.

B. Reconstructions

For all the inversions, the investigation domain is a
bounded box Q sized (12.5 x 12.5 x 12.5) cm® and its discre-
tization size is taken equal to d=0.5cm, which is smaller
than one sixth of the wavelength whatever the experiment. In
all the reported results, only the real part of the reconstructed
permittivity is displayed, the imaginary part being always
very small.

In this section, we compare the final reconstructions
given by the classical conjugated gradient method (CGM),
the classical hybrid inversion method (HM), the conjugated
gradient method combined with DORT procedure (DORT-
CGM), and the hybrid method combined with the DORT
procedure (DORT-HM), for target A, Fig. 4; target B, Fig. 5;

0.5 R * Target All

o +
o ° Target B
: SOO*M + TargetC
OD
0.1, o+.{‘++7
©Co00, oy
©O 0-05’ : OOOOO&5{++'++
o OOOOOOO
R r%o00
* te %%
* ++++O
* x
0.01 e
Yxxx
* %
10 20 30

n

FIG. 3. Evolution curves of the singular values for target A (*), target B (O),
and target C (+).
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Initial Guess

1.05

1.1

Without DORT

1.05

1.05
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With DORT

1.05

x(cm)
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2
1.5
-5 0 5 1
x(cm) x(cm)

FIG. 4. Cut of the reconstructed permittivity of target A (two cubes along the z-axis) displayed in Fig. 2(a) using different inversion schemes. (a)—(c) and
(g)—(i): in the (x, y) plane at z=1.25 cm. (d)—(f) and (g)—(1): in the (x, z) plane at y = 1.25 cm. (a) and (d) permittivity obtained by the classical backpropagation
procedure, see Eq. (13). (g) and (j) Permittivity obtained with DORT, see Eq. (16). (b) and (e) Reconstruction using CGM. (c) and (f) Reconstruction using
HM. (h) and (k) Reconstruction using DORT-CGM. (i) and (1) Reconstruction using DORT-HM.

and target C, Fig. 6. In addition, we display the initial esti-
mates of the methods, either given by the backpropagation
technique Eq. (13)***” and/or by the DORT intensity map,
Eq. (16).

To quantify the quality of the images, a contrast recon-
struction error is defined as

2
EITX _ Xactual — XrecHQ ) (19)

2
”Xaclual ”Q

From Figs. 4-6 and Table 1, it is first seen that HM is
always superior to CGM for inverting the experimental data.
This observation is in agreement with previous studies by
analyzing the performances of the linearized and non-linear
inversion schemes.**

RIGHTS L

Second, whatever the inversion technique, the DORT
preprocessing ameliorates the target reconstruction. It
reduces the permittivity inhomogeneities inside the objects,
renders the value of the estimated permittivity closer to the
actual one, and in the case of target C, it is mandatory for
getting an accurate permittivity distribution. It is worth
recalling that, because of its size and high permittivity con-
trast, target C is very difficult to retrieve.*>*>*>¢ Sole regu-
larized inversion techniques were able to reconstruct it
relatively accurately.”® Here, using the DORT preprocessing
and without any regularization, we are able to reconstruct
the cylinder with DORT-HM. Our approach yields an esti-
mation of the relative permittivity of about 3 (for an actual
value of 3.05), while the regularized techniques obtained an
estimation of the relative permittivity about 2.”#
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Initial Guess

1.3
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With DORT
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25
2
1.5
1
25
2
1.5
1
x(cm)
2.
8(1 S
2
29
1.5
-5
-5 0 5 1
x(cm)
) 25
2(1)
2 - 2
o
15 = 1.5
-5
1 -5 0 5 1
x(cm)

FIG. 5. Cut of the reconstructed permittivity of the target B (two spheres in contact), displayed in Fig. 2(b) using different inversion schemes. (a)—(c) and
(g)—(1): in the (x, y) plane at z=0cm. (d)—(f) and (g)—(1): in the (x, y) plane at z=—1.25cm. (a) and (d) Permittivity obtained by the classical backpropagation
procedure. (g) and (j) Permittivity obtained with DORT. (b) and (e) Reconstruction using CGM. (c) and (f) Reconstruction using HM. (h) and (k)
Reconstruction using DORT-CGM. (i) and (1) Reconstruction result using DORT-HM.

One interest of the DORT procedure is that it provides
an initial estimate that is significantly better than that given
by the backpropagation technique. Although some high order
singular vectors have been known to backpropagate outside
the support of the object, the weighting of the backpropa-
gated DORT fields with their associated singular values
ensures the dominance of the singular vectors that are the
least sensitive to noise. Now the latter are usually producing
field maps that are confined in the target volume. When the
objects are small compared to the wavelength, backpropaga-
tion and DORT intensity maps are basically equivalent as
shown in Ref. 37 and observed in Fig. 4. On the other hand,
when the target size is comparable to or larger than the

RIGHTS LI L)

wavelength as in case C, the DORT guess is clearly better
than the backpropagation guess and even retrieves the shape
of the target. These results suggest that the DORT intensity
map could even be used alone, as a cheap direct inversion
scheme.

In addition, introducing the DORT procedure in
the inversion algorithm decreases the influence of the
noisy data via the weighting of the cost functional, and
it limits the search directions of the optimization
process to the target support via the use of focusing
illuminations.

Another advantage of the DORT procedure is that it per-
mits a significant decrease of the computation time, as can
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FIG. 6. Cut of the reconstructed permittivity of the target C displayed in Fig. 2(c) using different inversion schemes. (a)—(c) and (g)—(i): in the (x, y) plane at
z=0cm. (d)—(f) and (g)—(1): in the (x, z) plane at y=0cm. (a) and (d) Permittivity map obtained by the classical backpropagation procedure. (g) and (j)
Permittivity map obtained with DORT. (b) and (e) Reconstruction using CGM. (c) and (f) Reconstruction using HM. (h) and (k) Reconstruction using DORT-

CGM. (i) and (1) Reconstruction using DORT-HM.

be seen in Table II. This comes from the fact that the compu-
tational burden is directly proportional to the number of illu-
minations and that the DORT illuminations with the weakest
singular values have been discarded in the inversion process.
It is worth recalling at this point that because of the weight-
ing of the DORT illuminations with their associated singular
values, discarding the weakest illuminations has quasi no
impact on the reconstructions. By contrast, keeping the dom-
inant illuminations without any weighting yields signifi-
cantly deteriorated reconstructions (not shown). Thus, the
truncation of the singular vector matrix is interesting for

i,

accelerating the inversion, but the weighting is mandatory
for improving the reconstructions.

Lastly, we have conducted a rapid study on the noise
sensibility of the DORT inversion schemes by adding numer-
ical white noise with increasing magnitude to the experimen-
tal data of Target A. It was observed that the first singular
value increased with noise, reinforcing the dominance of the
first DORT vector over the others in the weighted inversion
procedure. The first singular vector conveying essentially
information on the target low frequencies, the resolution was
deteriorated but the reconstruction remained stable.
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TABLE I. Contrast error Err, in % for the different targets and for the differ-
ent inversion methods.

DORT-CGM CGM DORT-HM HM
Target A 58% 84% 53% 78%
Target B 40% 268% 37% 34%
Target C 483% 207% 74% 109%

TABLE II. Computation time and the number of iteration for CGM, DORT-
CGM, HM, and DORT-HM. The star indicates that the inversion scheme did
not converge: the iteration number has been chosen to yield the smallest
value of cost functional. (The better stabilized DORT-CGM achieves lower
cost functionals than CGM with slightly more iterations.)

DORT-CGM CGM DORT-HM HM

Target A Iteration number 23" 20" 15 10
Computation time (s) 520 1570 421 1426

Target B Iteration number 41" 30" 10 10
Computation time (s) 700 9900 460 1426

Target C Iteration number 10" 2" 10 10
Computation time(s) 340 278 871 2083

V. CONCLUSION

In an imaging experiment, the illuminations are not nec-
essarily adapted to the target under observation. From the
Singular Value Decomposition of the scattering matrix, it is
possible to synthesize incident fields, named DORT fields,
that focus preferentially on the target. We show that replac-
ing the initial illuminations by the DORT fields in the inver-
sion schemes yields a significant amelioration of the
reconstructions together with a decrease in the computation
time. The interest of DORT preprocessing is particularly evi-
dent when the target size is comparable or larger than the
imaging wavelength and when non-linearized inversion
schemes are used. Hence, in addition to the well known
interest of DORT illuminations for focusing on small targets
in a cluttered environment, DORT preprocessing is also
most useful for imaging large targets using non-linearized
inversion tools.
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