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Abstract

We investigate the use of ultrasound images as prior struc-
tural information (also known as ultrasound spatial priors)
to guide microwave breast imaging so as to enhance its
achievable complex permittivity images. In the main ap-
proach considered herein, the edges within the discretized
ultrasound compressibility image are fed as spatial priors
into a microwave imaging algorithm. It is shown that this
method requires minimal post-processing of the ultrasound
image and can enhance the achievable microwave image
accuracy. It is also demonstrated that small tumours can
still go undetected in microwave breast imaging using this
method if their edges are missing from the spatial priors.

1 Introduction

Microwave imaging (MWI) is an imaging modality that
aims to create quantitative images of the relative complex
permittivity of an object of interest (OI). Recently, to en-
hance the achievable MWI image accuracy, hybrid imaging
approaches have been considered. The main idea has been
to use a higher resolution imaging modality such as ultra-
sound [1, 2] or magnetic resonance imaging [3, 4] to cre-
ate structural information to be used by MWI algorithms.
These structural information are also referred to as spatial
priors (SP). In this work, we deal with tomographic mi-
crowave breast imaging, and in particular we derive the SP
from the reconstructed ultrasound compressibility image.
These SP will then be fed into an MWI inversion algorithm
so as to observe how much the MWI complex permittiv-
ity image can be improved. The important aspects of the
method considered are the followings. 1) The derivation of
the SP only requires a minimal and simple post-processing
of the ultrasound compressibility image; 2) no permittivity
assignment to SP is needed; 3) the MWI inversion algo-
rithm starts with a trivial initial guess, and the SP only guide
its convergence; 4) the SP can be partial, and does not need
to cover the whole domain; 5) If no SP are provided, the
algorithm converts back to the regular blind inversion.

2 Methodology

There are several reported methods with which SP can be
incorporated into MWI algorithms [4-10]. These meth-
ods have been classified under four categories in Fig-

ure 1. Herein, we consider the first two categories. The
first one favours the similarity between complex permit-
tivity within each region of the SP [4-7]. For this cate-
gory, we use the so-called MRSP-GNI algorithm [6] which
uses an extra layer of SP regularization in conjunction
with the multiplicative regularized Gauss-Newton inver-
sion (MR-GNI). In the second category, the SP are pro-
vided in the form of preferred edges to the inversion algo-
rithm [8]. For this category, we consider the following two
microwave imaging algorithms: augmented multiplicative
regularized Gauss-Newton inversion (AMR-GNI) and aug-
mented multiplicative regularized contrast source inversion
(AMR-CSI). These algorithms, described in [8], augment
the standard MR used with MR-GNI and MR-CSI with an
extra term which represents the preferred edges. As can be
seen in Figure 1, these favoured edges are provided in the
form of |VP| where V is the gradient operator and P can
be derived from an ultrasound image. The main novelty of
this paper compared to [6, 8] lies in obtaining the SP from
ultrasound imaging.!

3 Results

Consider the numerical breast phantom shown in Figure 2,
which includes three tumours. This figure represents the
real and imaginary part of the relative complex permittivity
of this breast model at 1 GHz as well as its true quantita-
tive ultrasonic compressibility at 100 KHz and its attenua-
tion slope respectively. MWI uses 36 transceivers and ultra-
sound imaging uses 64 transducers.> Before evaluating the
use of ultrasound-derived SP, let us begin by considering
the complete and perfect SP. The perfect SP for favouring
the similarity between the complex permittivity in each re-
gion are shown in Figure 3(a) whereas the perfect SP for
favouring edges are shown in Figure 3(b). The reconstruc-
tion results obtained by the MRSP-GNI and AMR-GNI al-
gorithms have been shown in Figures 3((:)—(t).3 As can
be seen, both of these algorithms are relatively successful.
In the next step, we consider a more practical case where

'We note that instead of using ultrasound images as SP in MWI inver-
sion, we can simultaneously reconstruct both ultrasound and microwave
properties using appropriate MR, e.g., the cross gradient MR [11] or using
the gradient of the ultrasound property within the microwave MR and us-
ing the gradient of the microwave property within the ultrasound MR [12].

2MWI and ultrasound data are contaminated with 3% and 5% noise.

3The reconstruction results of the AMR-CSI algorithm have not been
shown as they were not as successful as the AMR-GNI reconstructions.
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Figure 1. Four different categories of methods with which prior structural information, also known as spatial priors (SP),
can be incorporated into microwave imaging (MWI) inversion algorithms. The focus of this paper is on three MWTI inversion
algorithms equipped with SP, namely, MRSP-GNI, AMR-GNI and AMR-CSI. (For AMR-CSI and AMR-GNI, Q = 10.)
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Figure 2. Numerical breast phantom. (Top) Real and
imaginary parts of the relative complex permittivity. (Bot-
tom) Ultrasonic compressibility and attenuation slope.

the SP (favouring edges) have been derived from the ultra-
sound compressibility image. As shown in Figure 4, the
compressibility image is first reconstructed by inverting the
ultrasound data. This compressibility image is then given
to the MATLAB function discretize to generate a matrix P
with four discretized bins. The absolute of the gradient of
the matrix P, which represents the edges in the ultrasound
image, are then provided as the SP to MWI. The AMR-
CSI and AMR-GNI reconstructions which utilize the ultra-
sound SP are capable of reconstructing the tumours with
the AMR-GNI outperforming AMR-CSI in resolving all the
three tumours. It is also worthwhile noting the blind inver-
sion using the MR-GNI and MR-CSI algorithms in this fig-
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Figure 3. Perfect SP in the form of favoured (a) similarity
in each region and (b) edges. Reconstructed relative com-
plex permittivity using (c)-(d) MRSP-GNI (favoured simi-
larity) and (e)-(f) AMR-GNI (favoured edges).

ure in which the spatial resolution is not sufficient to resolve
these tumours. This example demonstrates the promising
potential of using SP in the form of preferred edges as it
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Figure 4. (First and Second Rows) Blind single-frequency microwave data inversion using the MR-CSI and MR-GNI algo-
rithms. (Third Row) Ultrasound data inversion and preparation of the spatial priors (SP) in the form of favoured edges. (Fourth
and Fifth Rows) Microwave data inversion with the ultrasound-derived SP using the AMR-CSI and AMR-GNI algorithms.

only requires a minimal post-processing of ultrasound com-
pressibility images. Finally, let us consider another practi-
cal case where the SP (favouring edges) does not include
any indications of tumours as shown in Figure 5. As can be
seen, the AMR-GNI algorithm is not able to resolve these
three tumours in this case. It should be noted that the diam-
eter of these tumours is about 6 mm or A;/10 where 4 is
the microwave wavelength in the background medium.

4 Conclusions

We have investigated the use of ultrasound images as prior
structural information, referred to as ultrasound spatial pri-
ors, for microwave breast imaging. In particular, we have
shown that such structural information can be provided in
the form of preferred edges to MWI algorithms. The inclu-
sion of prior structural information can enhance the achiev-
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Figure 5. (a) The perfect SP when the edges associated
with the three tumours are removed. (b)-(c) The reconstruc-
tion results using the AMR-GNI algorithm.

able MWI image accuracy. Two important observations
were also made. 1) The small tumours considered can still
go undetected in the MWI image if the provided spatial
priors do not include the tumour edges. 2) Once the SP
contain the edges of the tumours, the MWI algorithm was
able to reconstruct the tumours’ relative complex permittiv-
ity. (The reconstructed value was about 71 — j16 for what
it should be about 63 — j20.) These two observations may
suggest that the collected microwave data contained infor-
mation about some inclusions in the fibroglandular tissue;
however, the blind microwave imaging algorithm was not
able to retrieve the high spatial frequency components re-
quired to properly resolve these tumours. Once the SP in-
cluding the tumour edges are provided, the imaging algo-
rithm has access to high spatial frequency components to
represent the tumour regions. These observations are still at
the preliminary stage, and we need to perform more stud-
ies using different numerical breast phantoms to be able to
arrive at a firm conclusion. Finally, the use of ultrasound
attenuation image in conjunction with the ultrasound com-
pressibility image will be studied as SP for this application.
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