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Abstract—We propose to use a compressed sensing recovery method called IMATCS for improving the resolution in
microwave imaging applications. The electromagnetic inverse
scattering problem is solved using the Distorted Born Iterative
Method combined with the IMATCS algorithm. This method
manages to recover small targets in cases where traditional
DBIM approaches fail. Furthermore, by applying an L2 -based
approach to regularize the sparse recovery algorithm, we improve
the algorithm’s robustness and demonstrate its ability to image
complex breast structures. Although our simulation scenarios
do not fully represent experimental or clinical data, our results
suggest that the proposed algorithm may be able to overcome
persistent challenges in microwave medical imaging.

breast structures by considering a highly heterogenous breast
distribution. Although our simulation scenarios are simpliﬁed
and do not correspond to clinical data, they are very useful
in demonstrating the advantages of the proposed approach
over other existing MWI algorithms. The rest of the paper is
organized as follows: Section II reviews EM inverse scattering
within the DBIM and introduces the IMATCS approach.
Simulation results are presented in Section III, while Section
IV concludes the paper with some additional comments.

Index Terms—Microwave tomography, compressed sensing,
adaptive thresholding, breast imaging, inverse scattering

The DBIM algorithm is based on the distorted-wave Born
integral equation,

dr Ḡb (r, r )Δ(r )Eb (r )
Esc (r) = Et (r) − Eb (r) = ω 2 μ

I. I NTRODUCTION

V

Microwave tomographic methods for clinical applications
estimate the spatial distribution of dielectric properties in
a tissue region by solving an electromagnetic (EM) inverse
scattering problem [1]- [3]. In this paper, microwave tomography is implemented by applying the Distorted Born Iterative
Method (DBIM) which, as any GN approach, approximates the
non-linear inverse scattering problem with an underdetermined
set of linear equations.
We propose a novel solution to the resulting linear system
based on an Iterative Method with Adaptive Thresholding for
Compressed Sensing (IMATCS) [4], [5], which is a variant of
the so-called Iterative Hard Thresholding (IHT) method [6].
The main advantage of the IMATCS method over IHT is that it
does not require the sparsity dimension of the signal as a prior
knowledge for signal recovery. We also propose a novel L2 regularized version of IMATCS, which is tested in scenarios
where the original IMATCS becomes unstable. The proposed
approach belongs to a wider category of sparsity regularization
techniques, which are currently pursued in microwave imaging
(MWI). In [7], for example, an L1 regularizer is exploited
to encourage sparsity in contrast-enhanced MWI of breast
tumors. The elastic net method is proposed in [8] to solve the
linear problem within the DBIM, resulting in an improvement
in reconstructions of the breast interior.
To demonstrate that the proposed method can achieve superresolution in microwave imaging, we have considered simpliﬁed homogeneous breast models with closely located tumorlike scaterrers of various size. We have also tested the ability
of the regularized version of our algorithm to image complex
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II. M ETHODS

(1)
where Esc is the scattered electric ﬁeld, Δ(r ) = (r )−b (r )
is the unknown contrast function over the volume of support
V , and Ḡb (r, r ) donotes the dyadic background Green’s
function, which represents propagation from the source located
at r to the point r inside V . The (unknown) total ﬁeld Et is
approximated with the (known) background ﬁeld Eb inside the
integral in (1). The resulting linear integral equation is solved
in the discrete domain at each iteration of the DBIM algorithm
for the contrast function Δ(r ).
Based on the above, we can express the linear problem et
each DBIM iteration in (1) as,
y = Φx

(2)

where Φ is an M × N measurement matrix (M < N ) and
x represents the N -dimensional signal of interest. We wish
to recover the unknown signal from the measurement vector
y, given that the number of measurements M is much lower
than the number of signal entries N . Compressed sensing (CS)
theory solves this underdetermined problem by assuming that
the signal is sparse [9].
Among various CS approaches, the IMATCS method is
based on the IHT method, which solves the following optimization problem,
min y − Φx22 + λx0
x

(3)

The solution of (3) can be written as,
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xk+1 = H(xk + ΦT (y − Φxk ))

(4)
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xk+1 = H(xk + λΦT (y − Φxk ))

choice of the regularization parameters λ1 and λ2 , and the
thresholding function parameters T0 , α, and “maxiter”. In
the simulations of the next section, we have set λ1 as,
λ1 =

min y − Φx22 + λ1 x1 + λ2 x22

(6)

x

III. R ESULTS
Our simulations are based on the ﬁnite-difference-timedomain (FDTD) method with a uniform grid cell size of 2.0
mm to simulate measured data, which is also used for the
inversion process. This “inverse crime” assumption allows us
to benchmark the performance of our approach. The algorithm
estimates the parameters ∞ , s , and σs of the Debye model
s −∞
−
for the complex relative permittivity, r (ω) = ∞ + 1+jωτ
σs
j ω0 . As in previous work [3], τ is assumed constant for all
tissues (with a value of 17.1 ps). Dipole antennas (which correspond to point sources for the 2-D simulations) illuminate the
breast with a wideband pulse sequentially, and also record the
data to be used for the solution of the microwave tomographic
problem. The background medium is assumed lossless with
r = 2.6, and the Debye parameters for the various tissues are
extracted from UW-Madison’s repository data [10].
(a)

The above cost function is similar to the elastic net approach
in [8]. However, the L2 -IHT method is much simpler than the
elastic net approach, and thus leads to an algorithm which
is orders of magnitude faster. Based on (6), the L1 − L2

(b)
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Fig. 1. Dielectric constant r and conductivity σ distributions at 1 GHz of
a 2-D homogeneous breast phantom with two small tumors. The top plots
represent the true r and σ values and the bottom plots the values estimated
by the L2-IMATCS algorithm for λ2 = 0.005.
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where eig denotes matrix eigenvalues, and Φ is the measurement matrix in (2), which is updated at each DBIM iteration.

(5)

where λ is the relaxation parameter which controls the convergence of the algorithm and H is the thresholding function,
which is decreased in an exponential manner as T = T0 e−αi ,
where i is the iteration number, T0 is the initial threshold value
and α indicates the threshold step. The algorithm starts from
zero initial value, x0 = 0. The coefﬁcient vector is recovered
as xmaxiter , after a “maxiter” number of iterations. The
adaptivity of the threshold enables us to recover the embedding
signal from its linear measurements without any knowledge of
the sparsity number of the signal.
To deal with the ill-posedness of the EM inverse scattering
problem, we have implemented an L2 -regularized variant
of the IMATCS algorithm, which solves the minimization
problem,

1.9
max eig(ΦH Φ)

y (cm)

where H(z) is the hard thresholding function which discards
all but K absolutely maximum entries of z. The sparsity number K of the signal is required to be known a priori to recover
the underlying signal. However, it is usually impossible to
know the proper value of K before recovering it. In order to
get around this problem, IMATCS takes advantage of an adaptive thresholding procedure. The mathematical formulation of
the method rewrites (4) as,

(7)

The introduction of the Tikhonov parameter λ2 controls the
stability of the algorithm by promoting L2 -based solutions of
the minimization problem in (6). Thus, the overall performance
of the proposed L2 -IMATCS method is determined by the

Fig. 2. (a), (c) Dielectric constant r and (b), (d) conductivity σ distributions
at 1 GHz of the 2-D axial slice taken from a heterogenously dense breast
phantom [10], which is used as testbed for the proposed algorithm. A tumor
is included in the bottom images.

We ﬁrst consider two closely located tumor-like scatterers
in a simpliﬁed breast model, which represents cases where the
dielectric distribution is sparse in the reconstruction domain.
The true and estimated dielectric contrast and conductivity
distributions calculated at 1GHz for this simulation scenario
are shown in Fig. 1. It is clear from the ﬁgure that the
IMATCS-DBIM algorithm manages to reconstruct both tumors, while traditional L2 -based algorithms result in a blurred
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image of only one scatterer. This result demonstrates the superresolution properties of the proposed algorithm.
Next, we demonstrate the robustness of our regularized
IMATCS-DBIM algorithm in reconstructing complex breast
structures. To this end, we have applied the previous setup to
a 2-D coronal slice from a “heterogeneous breast” phantom
taken from UW-Madison’s online breast phantom repository
[10]. The dielectric constant and conductivity distributions
of the considered coronal slice are shown in Fig. 2. Fig. 3
presents reconstructions of the dielectric constant and conductivity distributions for the breast phantom depicted in Fig.
2, with and without a tumor. These images are obtained by
the regularized IMATCS-DBIM algorithm using data from six
equally spaced frequencies in the range 1.2−2.7 GHz, after an
initial estimate at 1 GHz is obtained. While a priori knowledge
of the skin properties was assumed in these reconstructions
as in previous work [3], we have obtained images of similar
quality without any prior knowledge of the skin layer. We
note that conventional CGLS or LSQR algorithms fail to
reconstruct the breast structure in these cases.
(a)
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IV. C ONCLUSION
We have proposed a novel MWI algorithm based on the
DBIM approach and the IMATCS algorithm. Our initial simulations have demonstrated the advantages and potential of this
method for super-resolution microwave breast imaging. Our
future work will focus on examining this approach further by
expanding it for three-dimensional conﬁgurations and testing
it with experimental data.
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Fig. 3. (a), (c) Dielectric constant r and (b), (d) conductivity σ estimated
distributions at 1 GHz of the 2-D breast phantom in Fig. 2. Small differences
in the neighborhood of the tumor are observed in the these images.
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