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A Hybrid Approach to 3D Microwave Imaging
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Abstract—In this paper a hybrid approach to inspect threedimensional homogeneous dielectric scatterers by using microwaves is proposed. Namely, the considered method consists
in two steps: first, the supports of the scatterers are retrieved
by the Linear Sampling Method; then the permittivities of the
targets are estimated by an Ant Colony Optimization algorithm.
The described strategy combines the efficiency of the Linear
Sampling Method with the global optimization capabilities of the
stochastic procedure. Numerical results assess the capabilities of
the approach also in the presence of noise.
Index Terms—Inverse scattering, Linear Sampling Method,
Ant Colony Optimization, stochastic methods

I. I NTRODUCTION

I

N the last years several methods have been proposed to
solve the inverse scattering problems arising in microwave
diagnostics, which finds application in several fields, ranging
from non–destructive testing and evaluation (NDT/NDE) to
medical imaging, and from civil engineering to target identification [1]–[6].
Current numerical methods for the solution of inverse scattering problems can be grouped into two families: qualitative
and quantitative approaches.
Basically, qualitative methods construct a criterion to decide
whether or not a point is in the support of the scatterers, so
that they are able to detect shapes and positions of the targets
under test. Usually, these methods are computationally highly
efficent, but do not provide any information on the values of
the electromagnetic parameters (dielectric permittivity, conductivity, and magnetic permeability.)
To this category belong the Linear Sampling Method (LSM)
[7]–[9], the Reciprocity Gap Function (RGF) [10], the Synthetic Aperture Focusing Technique (SAFT) [11] and the
Multiple Signal Classification (MUSIC) [12].
On the other hand, quantitative methods aim at determining
the point values of the electromagnetic parameters and can
be essentially divided into two categories: deterministic and
stochastic approaches. The former are usually iterative methods [13]–[16], [20], computationally rather efficient, but they
require specific actions to avoid local minima corresponding
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to false solutions (e.g., the iterative process must start with a
trial solution not too far from the true solution.)
Stochastic methods usually recast the problem solution to
the optimization of a suitable functional and are in principle
able to reach the global minimum of this functional ( see [21]
and the references therein.) Common advantageous features
of these techniques are the rich informative content of the
restored map, but, unfortunately, their computational cost is
usually very high.
In the last years, there has been a strong interest in developing hybrid strategies aimed at combining the positive
features of two or more methods [17]–[19]. Following this
trend, this paper presents for the first time the combination
of a qualitative method, the Linear Sampling Method (LSM),
with a stochastic optimization procedure, the Ant Colony
Optimization (ACO) algorithm, for the imaging of threedimensional scatterers.
More precisely, the imaging process is composed of two
stages. In the first one, the shapes and positions of the
dielectric scatterers are retrieved starting from the measured
scattered field by using LSM. When the shapes of the targets
inside the domain of interest are identified, the ACO method is
applied to determine the dielectric properties of these targets,
which are assumed here to be dielectrically homogeneous.
The LSM is proposed because of its robustness and generality: in fact it can be applied to an extremely wide class
of scatterers (e.g., dielectric and perfectly electric conductor
objects, weak and strong scatterers) without any a priori
information [9], [22]. On the other hand, the Ant Colony
Optimization has been used since in some applications it has
been found to converge within a reasonably small number of
iterations [21], [23].
The paper is organized as follows: in Section II the mathematical details of the two–step approach are discussed and
the LSM and the ACO algorithm are described. In Section
III several numerical results are presented to evaluate the
capabilities and limitations of the method. Finally, Section IV
draws some conclusions.
II. M ATHEMATICAL F ORMULATION
Let T ⊂ IR3 be a space region containing Nscatt scatterers
to be inspected, each of which is supposed to be non–magnetic
and homogeneous. Accordingly, εrj and σj denote the relative
(real) dielectric permittivity and the electric conductivity of the
j-th scatterer, respectively (e−iωt time dependence is assumed
and hereafter omitted.)
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If the targets are illuminated by the incident electric field
~ inc , the total electric field E
~ can then be determinated by
E
solving the integral equation [25]
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where, being ε0 the dielectric permittivity and µ0 the magnetic
√
permeability of the vacuum, k0 = ω ε0 µ0 is the vacuum
~~
wavenumber, G
is the dyadic Green tensor, and Dj ⊂ T
denotes the support of the j-th scatterer. Hereafter, we will
indicate by D = [D1 , . . . , DNscatt ], εr = [εr1 , . . . , εrNscatt ]
and σ = [σ1 , . . . , σNscatt ] the supports, the relative permittivities and the electric conductivities of the inspected scatterers,
scatt
respectively. Moreover, we refer to D = ∪N
j=1 Dj as the
region occupied by all the scatterers.
As it is well known [26], [27], the scattered field
~ scatt = E
~ −E
~ inc has the asymptotic behavior
E

 
1
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~
,
(2)
E∞ (r̂) + O
Escatt (~r) =
r
r
where r = |~r| and r̂ = ~r/r. It is worth remarking that the far~ ∞ is a tangential vector field, i.e. it belongs
field pattern E
to the Hilbert space L2t (Ω) = {f~ ∈ (L2 (Ω))3 : f~ · ~n = 0},
where ~n is the normal unit vector to the unit sphere
Ω = {~r ∈ IR3 , |~r| = 1}, equipped with the scalar product
defined for every f~1 , f~2 ∈ L2t (Ω) by
Z


~
~
f~1 (r̂) · f~2 (r̂) ds(r̂).
(3)
=
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Ω

Let us consider the unknown targets illuminated by an
incident plane wave impinging from direction
dˆ = sin θd cos φd x̂ + sin θd sin φd ŷ + cos θd ẑ,

(4)

being x̂, ŷ, ẑ the cartesian unit vectors, θd ∈ [0, π],
φd ∈ [0, 2π), and polarized along the vector p~, such that
p~ · dˆ = 0. The incident wave can then be written as
~ inc (~r) = p~eik0~r·dˆ. Accordingly, the polarization unit vector
E
will be denoted as p̂ = p~/ |~
p|.
For the future developments, it is useful to make explicit
the dependence of the far-field pattern on the observation
ˆ the polarization vector
direction r̂, the incidence direction d,
of the incident plane wave p~, the supports of the scatterers D
and their relative permittivities εr and electric conductivities
σ. For this reason, the far-field pattern will be denoted as
ˆ p~; D; εr , σ). Moreover, in the following, it will be
~ ∞ (r̂, d;
E
helpful to write the observation direction as
r̂ = sin θr cos φr x̂ + sin θr sin φr ŷ + cos θr ẑ,

(5)

with θr ∈ [0, π], φr ∈ [0, 2π).
It is worth remarking that, thanks to linearity,
ˆ p~; D; εr , σ) = |~
ˆ p̂; D; εr , σ). Hence,
~ ∞ (r̂, d;
~ ∞ (r̂, d;
E
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˜
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As a consequence, by defining H = {(r̂, d,
Ω3 : p̂ · dˆ = 0}, the normalized far–field pattern
~˜∞ ( · , · ; · ; D; εr , σ) belongs to the Hilbert space
E
L2t (H) = {f~ ∈ (L2 (H))3 : f~ · ~n = 0}, where ~n is the normal
unit vector to the unit sphere Ω, endowed with the scalar
product defined for every f~1 , f~2 ∈ L2t (H) by
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Z
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H

The aim of this work is to inspect dielectric scatterers
starting from the knowledge of the measured far-field pattern
~ ∞ ( · , · ; · ; D; εr , σ), by using a two-step hybrid approach
E
which combines the Linear Sampling Method and an Ant
Colony Optimization algorithm.
More precisely, in the first stage of the method, the LSM
is applied to find an approximation Dretr of the actual
supports D of the scatterers, as detailed in the Section II-A.
Subsequently, the Ant Colony Optimization algorithm is used
to determine an estimate εretr
and σ retr of the relative
r
permittivies εr and the electric conductivities σ, obtained as
(εretr
, σ retr ) = argmin ψ(ε̃r , σ̃),
r

(7)

(ε̃r ,σ̃)∈S

where S ⊆ IR2Nscatt is the set of the admissible solutions
and ψ : IR2Nscatt → [0, +∞) is the nonlinear cost function
defined by
~˜∞ ( · , · ; · , Dretr , ε̃r , σ̃)
ψ(ε̃r , σ̃) = kE
~˜∞ ( · , · ; · , D, εr , σ)k2 2 , (8)
−E
L (H)
t

where k · kL2t (H) is the norm induced by the inner product (6).
The implentation of the optimization procedure is explained
in Section II-B.
It is worth remarking that this hybrid procedure can be
applied to multiple scatterers only if each of them is homogeneous. Furthermore the effectiveness of the method depends on
the accuracy with which the LSM provides a visualization of
the shape of the scatterer. For example, as it has been shown
for the two-dimensional case in [28], the LSM may fail in
reconstructing some scatterers whose support is not convex.
Moreover, some numerical experiments [29] have shown that
the LSM can produce some artifacts when the scatterers
are large with respect to the wavelength. Obviously, in such
hypotheses the reconstruction of the dielectric permittivity can
significantly get worse and the proposed approach can provide
unsatisfactory results.
A. The Linear Sampling Method
The starting relation for the description of the LSM is the
so called far-field equation, which for the three-dimensional
vector case reads [9]
Z
ˆ ~g~z;~q (d);
ˆ D; εr ; σ)ds(d)
ˆ =E
~ ∞ (r̂, d;
~ e,∞ (r̂, ~z; ~q), (9)
E
Ω
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being ~z is a generic point in IR3 ; ~g~z;~q is a function in L2t (Ω)
~ e,∞ (r̂, ~z; ~q) is given by [9]
for each ~z ∈ IR3 and E

~ e,∞ (r̂, ~z; ~q) = ik (r̂ × ~q) × r̂e−ikr̂·~z .
E
(10)
4π
It is worth noting that, thanks to the linearity of (9), we don’t
loose in generality by setting |~q| = 1; hence in the following
it will be assumed ~q = q̂ ∈ Ω.
If we introduce the far-field operator F : L2t (Ω) → L2t (Ω)
defined by
Z
ˆ ~g (d);
ˆ D; εr ; σ)ds(d),
ˆ
~ ∞ (r̂, d,
E
(11)
(F~g (·)) (r̂) =
Ω

the far-field equation (9) can be written as
~ e,∞ (r̂, ~z; q̂).
(F~g~z;q̂ (·)) (r̂) = E

(12)

At the basis of the linear sampling method there is the
following theorem, which holds true for almost all frequency
as detailed in [9].
Theorem. Let F be the far-field operator (11), then:
1) if ~z ∈ D, then for every ǫ > 0 there exists a solution
~g~z;q̂ (·) ∈ L2t (Ω) satisfying the inequality
~ e,∞ (·, ~z, q̂)kL2 (Ω) < ǫ,
k(F~g~z;q̂ (·))(·) − E
t

(13)

lim k~g~z;q̂ (·)kL2t (Ω) = ∞;

(14)

lim k~v~g~z (·)kL2 (D) = ∞;

(15)

such that
~
z →∂D

and
~
z →∂D

2) if ~z 6∈ D, then for every ǫ > 0 every solution ~g~z;q̂ (·) ∈
L2t (Ω) of the inequality
~ e,∞ (·, ~z, q̂)kL2 (Ω) < ǫ,
k(F~g~z;q̂ (·))(·) − E
t

(16)

is such that
lim k~g~z;q̂ (·)kL2t (Ω) = ∞.

(17)

lim k~v~g~z (·)kL2 (D) = ∞;

(18)

δ→0

and
δ→0

Here
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Here the matrix F and the two column vectors g~z;q̂ and
Ee,∞ (~z; q̂) are the discrete counterparts of the far-field operator, the solution and the known term (10), respectively.
In practical applications the far-field pattern is affected by
the measurement noise, and therefore only a noisy version Fh
of the far-field pattern is at disposal, such that
Fh = F + H,

where H is the noise matrix and h = kF − Fk. As usual,
k·k denotes the operator norm of a linear continuous operator.
The linear system (20) is ill-conditioned and the numerical
instabilities due to the presence of noise in the measured farfield data can be reduced by applying Tikhonov regularization
method, i.e. by determining

2
Fh g~z;q̂ − Ee,∞ (~z; q̂)
g~z;q̂, α = argmin
+

~v~g~z (~r) =

ik~
r ·d~

α g~z;q̂

e

~
~
~g~z (d)ds(
d)

(19)

is the Herglotz wave function with kernel ~g~z .
It is worth remarking that analogous theorems hold for
scattering problems formulated as exterior problems [9], [22],
as when, for example, the scatterer is made up of a perfectly
electric conductor or an impedance condition can be written
on the boundary of the scatterer itself.
As a consequence of this theorem, there exists an approximate solution of the far-field equation which blows up near the
boundary of the scatterers and remains arbitrarly large outside
of them: these properties can then be used to visualize the
support of the scatterers.
In real experiments, the far-field pattern is measured for
M observation directions and N incidence directions, hence
a discretized version of the far-field equation (12) is required:
Fg~z;q̂ = Ee,∞ (~z; q̂).

(20)

2
N

o

,

(22)

where we have denoted with k · kM and k · kN the discrete
counterpart of the norm induced by the canonical scalar product (3) of L2t (Ω). Proving that (22) has in fact the properties
of the approximate solution of the far-field equation described
by the previous general theorem is still an open issue. Some
hints toward its solution are in [24].
The optimal regularized solution corresponds to the value
α~z∗;q̂ of the regularization parameter α fixed by means of the
generalized discrepancy principle [30], i.e. by finding the zero
of the generalized discrepancy function ρ : (0, +∞) → IR
such that
ρ(α) = Fh g~z;q̂, α − Ee,∞ (~z; q̂)

2
M

− h2 kg~z;q̂, α k2N . (23)

An explicit form for the regularized solution can be determined by using the Singular Value Decomposition (SVD)
h
{σph , uhp , vph }rp=1 of the far-field matrix Fh . Here rh is the
rank of Fh . In fact, the optimal Tikhonov regularized solution
is given by
h

g~z;q̂, α∗ =

Ω

M

g~
CN
z ;q̂ ∈I

~
z ;q̂

Z

(21)
h

r
X


σph
Ee,∞ (~z; q̂), vph M uhp . (24)
∗
2
h
(σp ) + α~z;q̂
p=1

Here, following the previous notation, (·, ·)M denotes the
discrete counterpart of the (3).
According to the previously stated theorem, LSM allows
one to visualize the scatterer profile peforming the following
steps:
• take a grid Z ⊂ T , which contains the scatterers;
• for each grid point ~
z ∈ Z, determine the optimal
Tikhonov regularized solution (24);
• for each grid point ~
z ∈ Z, consider the quantity
kg~z;q̂, α∗ kN
~
z ;q̂
It is worth noting that the norm of g~z;q̂, α∗ can be analytically expressed in terms of the SVD of the far-field matrix,
by exploiting the relation
h

kg~z;q̂, α∗ k2N
~
z ;q̂

=

r
X
p=1

(σph )2


(σph )2 + α~z∗;q̂

2

Ee,∞ (~z; q̂), vph



2
M

.
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The reconstruction is sensitive to the choice of the polarization q̂, and numerical experiments have shown that
better reconstrucitons are obtained by combining the value
of the optimal Tikhonov reglarized solution for three linearly
independent versors q̂ (see [9], [31]). A correct visualization
of the scatterer shape could be obtainedP
by plotting a suitable
3
level surface of the indicator function i=1 kg~z;êi , α∗ k−1
,
~
z ;êi N
where êi represent the i–th element of the canonical basis of
IR3 .
The output of the LSM is a binary map B retr (~z) which
is equal to 1 if ~z ∈ Z belongs to the scatterer, and equal
to 0 otherwise. Such a map is obtained by comparing the
indicator function with a treshold. In order to quantify the
support reconstruction error, it is useful to introduce the error
parameter
P
|B retr (~z) − B(~z)|
γ = ~z∈Z
(25)
|Z|
where B(~z) is the actual binary map describing the scatterers
and |Z| denotes the cardinality of the set Z.
B. Ant Colony Optimization
The Ant Colony Optimization (ACO) method is a newly
introduced stochastic optimization algorithm, which has been
inspired by the way ants find the optimal path from their nest to
the food [32]. By exploiting these ideas, the ACO method has
been initially developed to face hard combinatorial problem,
such as the Traveling Salesman Problem and recently it has
also been extended to continuous domains [33].
In this section the adopted ACO algorithm is described,
which is intended to find the global minimum of the cost
function (8) ψ : IR2Nscatt → [0, +∞), subjected to the
constraint the solution belongs to a set S ⊂ IR2Nscatt . For
the sake of simplicity, the U = 2Nscatt unknowns will be
referred to as x = [εr σ].
The ACO algorithm faces the constrained global minimization problem by iteratively modifying a population Bl of
(l)
P trial solutions {xi }i=1,...,P , where the index l denotes
the iteration number. The population is stored in an ordered
(l)
(l)
(l)
archive, i.e., ψ(x1 ) ≤ ψ(x2 ) ≤ . . . ≤ ψ(xP ). At each
iteration, a set of Q new trial solutions is created. In particular,
the U components of a new solution are obtained by sampling
a set of U Gaussian kernel Probability Density Functions
(PDF), defined as
!
(l)
P
X
(x − mj,i )2
1
(l)
wi (l) √ exp −
Gj (x) =
(26)
(l)
sj,i 2π
2(sj,i )2
i=1
(l)
mj,i ,

(l)
sj,i

where
and wi , i = 1, . . . , P , j = 1, . . . , U , are
parameters of the PDFs. More specifically, the ACO algorithm
is schematized as follows.
• Initialization
• While (termination condition not met) do
– Ant-based Solution Construction
– Pheromone Update
• end
The three algorithmic blocks work as follows.

4

•

•

Initialization: An initial set of P randomly chosen trial
(0)
solutions xi , i = 1, . . . , P , is constructed. In particular,
(0)
the components of xi are obtained by sampling a
uniform PDF. Furthermore, the Gaussian weights are
initialized as


1
(i − 1)2
√ exp − 2 2 , i = 1, . . . , P (27)
wi =
2q P
qP 2π
where q is a parameter of the ACO algorithm.
Ant-based Solution Construction: First, the parameters of
the Gaussian kernel PDFs , j = 1, . . . , N , are updated by
using the following relationships
(l)

(l)

mj,i = xi,j

i = 1, . . . , P

j = 1, . . . , U

(l)

(k)
sj,i

=ξ

(l)

P
xe,j − xj,i
X
e=1

(28)

l−1

(29)

for i = 1, . . . , P , j = 1, . . . , U , where ξ is the pheromone
evaporation rate. Then, Q new trial solution are constructed by sampling the obtained Gaussian kernel PDFs.
More precisely, the j-th component of each new trial
solution is obtained by sampling the corresponding PDF
(l)
Gj .
• Pheromone Update: The new population Bl+1 is obtained
by adding the newly created trial solutions to the ones
contained in the current population Bl and by discarding
the worst Q elements.
The algorithm stop when a maximum number of iterations,
lmax , is reached, or when the cost function value of the best
individual is below a fixed threshold, ψth .
Moreover, in this contribution a modified version of the
ACO algorithm has been developed. The devised algorithm,
namely Solution Cache ACO (SC-ACO), is based upon the use
of a cache of solutions for which the cost function has already
been calculated. The modified algorithm works as follows.
When a new solution is generated, the cache is searched for
a solution x whose all permittivities and conductivities differ
from those of the new ones less than dε and dσ , respectively.
If sufch a solution is found, then the cost function value is
assumed equal to ψ(x); otherwise the cost function is actually
computed. The SC-ACO algorithm allows a reduction in the
number of cost function evaluations, resulting in a speed-up
of the imaging method. Clearly, the thresholds dε and dσ may
affect the precision with which the optimal solution of the
minimization problem can be retrieved.
III. N UMERICAL RESULTS
In this section some numerical tests are described in order
to validate the proposed approach. In all the considered cases,
the far-field pattern is computed by means of the stabilized
biconjugate-gradient fast Fourier transform (BCGS-FFT) algorithm [34] and each of the evaluated sample is corrupted by
an additivive Gaussian noise of standard deviation equal to the
10% of the actual value. The working frequency is assumed
to be equal to 1 GHz.
The far-field pattern has been computed for a uniformly
distributed set of incidence and observation directions. More
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It can be noted that in all the cases the supports and
the permittivies are satisfactorily retrieved, although when
the permittivity increases the reconstruction becomes slightly
worse.
The second considered configuration is composed by a
homogeneous parallelepiped which occupies the region P =
{(x, y, z) ∈ IR3 : −0.1 ≤ x ≤ 0.1, −0.05 ≤ y ≤
0.05, −0.075 ≤ z ≤ 0.075} and is characterized by a relative
dielectric permittivity εr = 1.6 and by an electric conductivity
σ = 0.1S/m.

Fig. 1. Reconstructed shape for the case of a homogeneous sphere of relative
dielectric permittivity εr = 2.
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(a) Reconstructed relative dielectric permittivity versus the iteration
number.

30

24

18
Neval

precisely, it has been evaluated for θdn = π9 (n + 12 ), n =
π
π
1
1
n
1, . . . , 9, φm
d = 18 (m+ 2 ), m = 1, . . . , 18 and θr = 9 (n+ 2 ),
π
1
m
n = 1, . . . , 9, φr = 18 (m + 2 ), m = 1, . . . , 18. Moreover,
for every incidence direction two orthogonally polarized waves
have been used, namely polarized along p̂θ = cos θd cos φd x̂+
cos θd sin φd ŷ − sin θd ẑ and p̂φ = − sin θd x̂ + cos φd ŷ.
In the application of the LSM, all these data have been
used, while, in order to make the evaluation of cost function
ψ faster, only a subset of them has been employed in the ACO
based optimization procedure.
Furthermore, in all the numerical tests presented here,
the grid Z has been obtained by uniformly discretizing the
investigation domain T into 31×31×31 points. Such a grid has
been used to evaluate the cost function in ACO procedure. The
computation time required by LSM to retrieve the shapes of
the considered scatterers is about 20 minutes on a PC equipped
with a 3 GHz Pentium IV processor and 1 GB of RAM. As
concerns the cost function, in the conditions detailed below, it
can be evaluated by the same computer by using the BCGSFFT algorithm in about 35 seconds.
In the first performed tests, a homogeneous dielectric sphere
of radius Rsp = 0.075 m centered at the point of cartesian
coordinates (0, 0.15, 0) with reference to different values of
the relative dielectric permittivity has been inspected. The
considered values of relative dielectric permittivity are: 1.4,
1.7, 2.0, 2.3, 2.6, 2.9 and 3.2. For this case the ACO procedure
is responsible for the reconstruction of only one parameter,
which is searched in an interval ranging from 1.0 to 7.0. In
these numerical tests, we set T = {(x, y, z) ∈ IR3 : −0.3 ≤
x ≤ 0.3, −0.15 ≤ y ≤ 0.15, −0.15 ≤ z ≤ 0.15} and the
ACO algorithm has been applied with a population of P = 6
elements, with Q = 4, q = 0.1 and ξ = 0.7, dε = 0.015.
Moreover, the cost function (8) has been discretized by using waves impinging from directions (θdn , φm
d ), n = 3, 5, 7,
m = 1, 10 and collecting the scattered field along directions
(θrn , φm
r ), n = 3, 5, 7, m = 1, 7, 13.
In Table I some data relative to these tests obtained as
mean values over 10 runs of the optimization procedure are
presented. Namely, the actual relative permittivity εr , the
support reconstruction error γ (25), the mean reconstructed
relative permittivity εretr
and the mean number of evaluations
r
of the cost function Neval are reported. Figure 1 shows the
shape of the scatterer reconstructed by the LSM for the case
εr = 2. The reconstructed relative dielectric permittivity and
the cost function evaluation number are plotted against the
ACO iteration number for a run of the stochastic procedure
for the same configuration in Figure 2(a) and 2(b), respectively.
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(b) Number of cost function evaluations versus the iteration number.
Fig. 2. Reconstruction of the relative dielectric permittivities of homogeneous
dielectric sphere of εr = 2 versus the iteration number.
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TABLE I
R ECONSTRUCTION OF HOMOGENEOUS DIELECTRIC SPHERES
εr

γ

εretr
r

Neval

1.4

0.035

1.38

24.6

1.7

0.031

1.64

21.8

2.0

0.031

1.92

22.3

2.3

0.028

2.15

24.3

2.6

0.026

2.42

21.5

2.9

0.023

2.69

25.3

3.2

0.021

3.13

23.1

TABLE II
R ECONSTRUCTION OF A HOMOGENEOUS PARALLELEPIPED
εr

σ

γ

εretr
r

σ retr

Neval

1.6

0.1

0.13

1.56

0.107

45.6

In this case the relative permittivity is constrained to be
in the interval [1.0, 5.0], and the electric conductivity in the
interval [0.0, 0.3] S/m. In this case the ACO algorithm has been
applied with a population of P = 12 elements, with Q = 8,
q = 0.1, ξ = 0.7, dε = 0.05 and dσ = 0.005. Moreover,in
application of the LSM, T = {(x, y, z) ∈ IR3 : −0.15 ≤
x ≤ 0.15, −0.15 ≤ y ≤ 0.15, −0.15 ≤ z ≤ 0.15} has been
used. Finally, the same incidence and observation directions
have been employed as the previous case for the numerical
evaluation of the cost function.
Table II shows the actual relative permittivity εr and conductivity σ, the support reconstruction error γ (25), the mean
reconstructed relative permittivity εretr
and conductivity σ retr
r
and the mean number of evaluations of the cost function Neval .
Also in this case, mean values are obtained by averaging the
results of 10 runs of the optimization procedure. In Figure 3
the shape of the scatterer retrieved by the LSM is shown.
Figures 4(a) and 4(b) report the reconstructed relative dielectric permittivity and the electric conductivity, respectively,
versus the iteration number of the ACO algorithm in a run.
Finally, the corresponding cost function evaluation number is
shown in Figure 4(c).
In the last test, two cubes, referred to as C1 , C2 , are
inspected. The side of both of them measures 0.05 m. The
relative permittivity of C1 is equal to εr1 = 1.8 and its electric
conductivity is σ1 = 0.15 S/m. C2 is instead characterized
by εr2 = 2.0 and σ2 = 0.1. C1 occupies the region
C1 = {(x, y, z) ∈ IR3 : −0.175 ≤ x ≤ −0.125, −0.175 ≤
y ≤ −0.125, −0.175 ≤ z ≤ −0.125}, whereas the support of
C2 is C2 = {(x, y, z) ∈ IR3 : 0.125 ≤ x ≤ 0.175, 0.125 ≤
y ≤ 0.175, 0.125 ≤ z ≤ 0.175}. The LSM has been applied
with T = {(x, y, z) ∈ IR3 : −0.21 ≤ x ≤ 0.21, −0.21 ≤
y ≤ 0.21, −0.21 ≤ z ≤ 0.21} has been used and the ACO
algorithm has been used with P = 25, Q = 15, q = 0.05, and
ξ = 0.5. The relative dielectric permittivities are constrined
in the range [1, 3], while the electric conductivities in the the
interval [0, 0.3] S/m. The cost function (8) has been evaluated
by employing incidence directions (θdn , φm
d ), n = 3, 5, 7,

Fig. 3. Reconstructed shape for the case of a homogeneous parallelepiped of
relative dielectric permittivity εr = 2 and electric conductivity σ = 0.1S/m.

m = 1, 7, 13 and observation directions (θrn , φm
r ), n = 3, 5, 7,
m = 1, 4, 7, 10, 13, 16.
In Figure 5 the supports of the scatterers retrieved by the
LSM are shown. The corresponding error parameter (25) is
equal to γ = 0.0034.
Figures 6(a) and 6(b) report the reconstructed relative dielectric permittivities and the electric conductivities, respectively, versus the iteration number of the ACO algorithm in
a run. We set dε = 0.01 and dε = 0.001 for the inspection
of this configuration. Finally, the corresponding cost function
evaluation number is shown in Figure 6(c). The reconstructed
= 1.89,
values averaged on 10 runs are the following: εretr
r1
retr
σ1retr = 0.17, εretr
=
1.80,
σ
=
0.12.
The
mean
cost
r2
2
function evaluation is equal to Neval = 53.3.
IV. C ONCLUSION
In this paper a method combining the Linear Sampling
Method with Ant Colony Optimization for the inspection of
three-dimensional dielectric scatterers has been presented. The
proposed approach exploits the strengths of the two methods:
the high computational efficiency of the LSM, and the global
optimization capabilities of the ACO. Some numerical results
validate the described technique.
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