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abstract

Microwave imaging is an imaging modality that produces a 3D map of the dielectric prop-
erties of an object. It shows promise for medical imaging because it is portable, safe, and
low cost, and most importantly there is a strong correlation between tissue physiology and
dielectric properties. In breast tissue, there is a high dielectric contrast between fibroglan-
dular tissue and adipose tissue and a moderate contrast between malignant and healthy
fibroglandular tissue. Therefore, microwave imaging has excellent potential for breast can-
cer screening. Another promising application of microwave imaging is the monitoring of
thermal therapies for cancer treatment. During thermal therapies, such as microwave abla-
tion (MWA), the dielectric properties of the treated tissue change because of temperature
changes and damage induced in the tissue. The contrast between thermally damaged tis-
sue and healthy tissue can be exploited to monitor the evolution and completeness of the
treatment.

Some of the challenges of conventional microwave imaging are that it lacks high-
resolution and it is computationally expensive. Microwave imaging involves solving a highly
ill-posed microwave inverse scattering problem, which results in images with moderate res-
olution exhibiting blurred boundaries and poor dielectric properties estimation, especially
when imaging highly heterogeneous breast tissue. Additionally, the several computational
electromagnetic simulations that are necessary to construct the microwave scattering prob-
lem are computationally time consuming. The computational cost of microwave imaging
limits its applicability for monitoring MWA in real-time.

In this dissertation, I developed microwave imaging algorithms for breast cancer screen-
ing and MWA real-time monitoring. First, I explored the use of prior spatial information
to enhance the resolution of microwave breast imaging and developed an algorithm that
succeeds at producing high-resolution images by combining medical imaging modalities.
Second, I investigated the foundations for using microwave imaging to monitor MWA. I
characterized the changes in temperature and dielectric properties of breast tissue and liver
tissue during MWA and created models of the evolution of tissue properties during treat-
ment. Finally, I developed microwave imaging algorithms that can operate in real-time by
exploiting these models to achieve accurate and timely monitoring of MWA.
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1 introduction

The overall objectives of my Ph.D. research have been to further advance the algorithms
and techniques of microwave imaging, particularly in applications of breast cancer screening
and microwave ablation (MWA) treatment monitoring. Breast cancer is the second most
commonly diagnosed type of cancer worldwide, and it is by far the most common type
of cancer among women [1]. In 2012 death rates for female breast cancer in the United
States were down 36% from historical peak rates in 1990 as a result of improvements in early
detection and treatments [2, 3]. However, it remains the leading cause of death from cancer
in young women (20 to 59 years old), and holds second place, after lung cancer, in older
women [2]. These facts suggest the importance of early detection and effective treatment of
breast cancer. Part of my research has focused on developing microwave imaging algorithms
for breast cancer screening and the other part has focused on aiding the basic understanding
of the effects of MWA on tissue dielectric properties, temperature, and cell damage, and
developing microwave imaging algorithms for MWA treatment monitoring.

Breast Cancer Screening

The breast imaging modalities in clinical use for breast cancer screening have limitations
[4]. Conventional X-ray mammography is a 2D projection of the soft tissues in the breast,
and therefore the probability of detection of breast cancer (sensitivity) is relatively low,
particularly for women with dense glandular tissue. In a wide literature review, Berg [5]
reported that only 36% of all cancers were identified in high-risk women screened with
mammography. Additionally, mammography involves ionizing radiation that increases the
risk of future cancers. Magnetic resonance imaging (MRI) has the advantage of producing
high-resolution 3D images of the breast, and when used to complement mammography the
sensitivity improves considerably. According to Berg [5], 93% of all cancers in the study
population were identified by combining mammography and MRI. However, the high cost of
MRI precludes its use as a screening method for all women. Complementing mammography
with ultrasound can be more cost-effective, but the sensitivity is improved only to around
50% for high-risk women [6].

Given the need for alternative breast cancer screening techniques, there has been an
interest in exploring several emerging new imaging modalities, such as electrical impedance
imaging, thermography, optical imaging, and microwave imaging, which are still in an ex-
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perimental stage. Microwave imaging via inverse scattering (reviewed in Chapter 2.1) is
a promising technique because it provides 3D images of the dielectric properties, and is
portable, safe, and low cost. Microwave imaging involves having an array of antennas sur-
rounding the breast and transmitting low power, non-ionizing radiation, in the microwave
frequency range, through the breast. The received signals are then processed with a mi-
crowave inverse scattering algorithm to produce the image [7, 8, 9]. Large-scale studies of
the dielectric properties of breast tissues [10, 11] have shown that there is a correlation
between these properties and tissue physiology. There is a high dielectric contrast of 10:1
between healthy fibroglandular tissue and adipose tissue and a moderate contrast of about
10% between malignant and healthy fibroglandular tissue. Contrast agents to improve
tumor contrast are being investigated [12, 13].

A primary challenge of microwave imaging based on conventional inverse scattering
is that it lacks high resolution. The inverse scattering problem is highly ill-posed, and
therefore regularization techniques are needed to obtain bounded solutions and avoid over-
fitting to noise. Regularization techniques usually result in smooth edges between the
different tissue types and inaccurate property estimation for each tissue type. Different
types of regularization have been explored to try to overcome this issue, such as [14, 15,
16, 17, 18]. The use of prior spatial information, such as what can be obtained with a
high-resolution complementary modality, shows promise for enhancing the resolution of
microwave imaging.

Chapter 3 presents my work on microwave imaging for breast cancer screening. I
developed a microwave imaging algorithm that incorporates a priori information of the
spatial extent of different tissue types in the breast to achieve high spatial resolution and
accurate dielectric properties estimation. Accurate dielectric properties estimation offers
insights about the tissue’s health state. I evaluated the performance of the method by
imaging detailed, anatomically realistic numerical 3D breast phantoms, under different
levels of noise, for different choices of the regularization parameters, and various types and
amounts of error in the prior information.

Cancer treatment

Breast cancer is usually treated with a combination of treatments: chemotherapy, endocrine
therapy, radiotherapy, and surgery. However, all of these treatments have risks of short
and long-term side effects, such as pain, infections, lymphedema, dermal reactions, cardiac
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complications, peripheral neuropathy, secondary cancers, and psychological distress. Mi-
crowave ablation (MWA) (reviewed in Chapter 2.2) is a promising technique for low risk
and minimally invasive treatment of breast cancer, mainly as an alternative to surgery, and
for tumors that do not respond to pre-operatory therapies [19, 20].

Microwave ablation consists of delivering microwave energy into the malignant tumor
via an interstitial antenna. The microwave energy absorbed in the tumor produces heat
and induces cytotoxic effects that result in protein denaturation and coagulation necro-
sis. MWA offers significant advantages over other types of thermal ablation technologies,
including radiofrequency ablation (RFA), high-intensity focused ultrasound (HIFU), and
laser ablation [21]. Currently, MWA is being used clinically for treating unresectable ma-
lignant hepatic tumors [22], but it has also showed promise for treating a variety of other
cancers such as lung, bone, renal, and breast cancer [23, 19, 24, 25, 26].

The lack of suitable imaging technologies for monitoring and verifying the completeness
of MWA in real time is a limiting factor for its clinical application. Ultrasound is useful
for ensuring the antenna is well positioned in the tumor prior to the start of ablation, but
it is not suitable for imaging during the ablation treatment due to imaging artifacts that
arise during heating. These artifacts prevent accurate assessment of the extent of tissue
damage [27]. Using MRI for MWA monitoring is attractive, but the effects of heating MR
contrast agents are unknown [28], and the cost remains prohibitive. Radiation exposure
and lack of standard operating procedures and dose reference levels are a persisting concern
for computed tomography-guided interventions [29].

Microwave imaging algorithms show promise for monitoring the extent of tissue dam-
age during MWA. As tissue becomes ablated, there is a change in its dielectric properties
[30, 31]. A microwave imaging algorithm can take advantage of the contrast between ab-
lated and non-ablated tissue to image the ablated region. Also, it can exploit the presence
and knowledge of the location of the interstitial antenna for modeling and sensing pur-
poses. Finally, by using microwave imaging, the ablation and monitoring can be done
with an integrated microwave system that would be low cost, safe, and minimally invasive.
Microwave imaging for MWA monitoring is reviewed in Chapter 2.3.

Chapter 4 presents my work on advances in MWA as a tool for breast cancer treatment.
I conducted MWA experiments on ex vivo human breast tissue to study the effects of MWA
on breast tissue dielectric properties, temperature, and cell damage. This knowledge is
essential for MWA antenna and equipment design and for evaluating the success of MWA
as a technology for breast cancer treatment. Additionally, characterization of the changes
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in dielectric properties induced by ablation provides the foundation for using microwave
imaging as a MWA monitoring technique.

Chapter 5 of this dissertation presents additional groundwork for supporting microwave
imaging as a tool for MWA monitoring. I conducted MWA experiments in ex vivo porcine
liver tissue to characterize the spatiotemporal evolution of temperature and dielectric prop-
erties during MWA. Unlike breast tissue, liver tissue is homogeneous; therefore it provides
a more controlled testbed for studying the changes in temperature and dielectric properties
induced by MWA. This study is the first wide-band wide-temperature study of dielectric
properties of liver tissue during heating by MWA.

Chapter 6 and 7 present the microwave-imaging algorithms I developed for monitoring
MWA in real time. The algorithms exploit the knowledge of the dynamic properties of
tissues during ablation, studied in Chapters 4 and 5, to reduce computational burden
and achieve real-time monitoring capabilities. Chapter 6 presents a microwave imaging via
inverse scattering algorithm that estimates the size of the ablation zone in homogeneous and
heterogeneous tissues by comparing the measured scattered signals during ablation to pre-
computed simulated array measurements of patient-specific models containing candidate
ablation zones. The method is highly accurate but susceptible to modeling errors. Chapter
7 presents a microwave imaging algorithm that exploits the time-difference-of-arrival of
pulse signals sent before and during ablation to estimate the temperature profile of the
tissue during the procedure. In this strategy, the knowledge obtained in Chapter 5 serves as
a basis for creating a spatial model of the temperature during ablation that is combined with
radar time-difference-of-arrival calculations to image the ablation accurately and robustly
in real time.
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2 background and significance

2.1 Microwave Breast Imaging

Microwave breast imaging via inverse scattering is a low cost, portable, and safe experi-
mental imaging modality that entails an array of antennas that operate in the ultra-high
frequency range (UHF) (300 MHz - 3 GHz) surrounding the breast. Scattered fields are
measured for every channel throughout the array, and the dielectric properties of the breast
are estimated by solving an inverse scattering problem.

There is a correlation between dielectric properties and breast tissue physiology. There-
fore, the distribution and location of the different tissues that constitute the breast can be
inferred from the estimated dielectric properties.

Dielectric Properties of Breast Tissues

The breast is constituted primarily by adipose, glandular and fibrous tissues. The dielectric
properties of the tissues are related to the tissue’s water content [32]. The dielectric con-
trast between fibroglandular (high water content) and adipose tissue (low water content)
is large, on the order of 10:1 [10]. Malignant cancerous tissue usually originates from the
fibroglandular tissue and has higher water content due to increased blood flow and imma-
ture vascularization [32]. Therefore there is also a contrast between healthy fibroglandular
tissue and malignant tissue, of around 10% [11]. Figure 2.1 shows the dispersive dielectric
properties of breast tissues according to the large-scale Wisconsin-Calgary studies [10, 11]
where the dielectric properties of the different tissue types were measured shortly after
excision.

Dielectric properties of ex vivo breast tissue have been also reported in [33], and the
reported results are similar to the ones in [10, 11]. Some studies have reported higher
contrast between healthy and malignant tissue, e.g. [34], but they have been small-scale
studies.

Distorted Born Iterative Method

Several approaches have been developed for solving the microwave inverse scattering prob-
lem [35, 9, 36, 37, 8, 7, 38]. Because the inverse scattering problem is non-linear and
ill-posed, these approaches involve iterative techniques in which at each iteration the es-
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(a)

(b)

Figure 2.1: (a) Relative permittivity and (b) effective conductivity of healthy and malig-
nant breast tissues in the 50 MHz-20 GHz frequency range, obtained from [10, 11]. The
lines correspond to the 50th percentile and the variability bars show the 25th and 75th
percentiles.

timate of the map of dielectric properties of the scatterer is updated to minimize the
difference between simulated scattered fields and measured scattered fields. Some exam-
ples of algorithms are the Born Iterative Method (BIM) [38, 39], Distorted Born Iterative
Method (DBIM) [7, 39], Gauss-Newton methods [8, 36, 35, 40], and Contrast Source Inver-
sion (CSI) method [37, 9, 41]. All these methods exhibit similar performance [42, 43], with
the exception of BIM that falls behind for high contrast imaging scenarios. This section
describes the Distorted Born Iterative Method.

The electric field integral equation [39] governs the scattering of electromagnetic radi-
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ation by a non-magnetic object inside a volume V with dielectric properties ε, as in:

Es(robs) = ω2µ0

∫
V

Gb(robs|r′)Et(r′)[ε(r′)− εb(r′)]dr′ (2.1)

Here Es is the scattered electric field, defined as the difference between the measured
field when the scattering object is present and the incident field when only the background
dielectric profile, εb, is present; Gb is the dyadic Green’s function for the background; and
Et is the electric field inside the volume. The observation point is denoted as robs. The
permeability of free space is denoted as µ0 in 2.1.

To find the properties of an unknown scatterer, e.g., the dielectric properties of the
breast, we take measurements for a set of source-observation channels at one or several
discrete frequencies, ω, to form a set of equations for the unknown properties ε. Each of
the measurements corresponds to one equation in the form of 2.1. These equations are non-
linear since the total field inside the volume, Et, depends on the dielectric properties inside
it, ε. The DBIM linearizes each equation by approximating Et in the integrand of 2.1 by
the incident electric field inside volume V computed for the background dielectric profile.
Full-wave computational electromagnetic simulations are used to calculate the incident
electric field and the background Green’s function, which can be computed numerically as
in [7]. This step is denoted as the forward solution.

The set of linearized equations for all source-observation-frequency channels forms a
system of scattering equations,

Ax = b (2.2)

, which is then solved to find an approximation to the contrast between the actual properties
of the volume and the background properties, x = ε−εb. This step is denoted as the inverse
solution. The estimate of the dielectric properties of the scatterer is then used to update
the properties of the background. The forward solution, inverse solution, and updating
of the background properties are repeated iteratively until the residual scattered fields are
negligible. Once convergence has been reached, the dielectric properties of the updated
background correspond to the estimate of the dielectric properties inside the volume.

Since Eq. 2.2 is ill-posed, regularization techniques are required to obtain a bounded
solution. Different regularization methods favor solutions with different features. However,
usually the techniques for solving Eq. 2.2 result in overly smoothed images [7]. Figure 2.2
shows an example of microwave breast imaging using DBIM. The blurred boundaries be-
tween tissue types are representative of the moderate resolution observed with conventional
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microwave imaging techniques.

Figure 2.2: Exact [(a)-(c)] and reconstructed [(d)-(f)] profiles of ∆ε for the Class 1 breast
phantom shown in coronal (top row), sagittal (middle row), and axial (third row) cross-
sections. Source: Shea et al. [7].

High-resolution microwave imaging

Different strategies have been explored to improve the resolution of microwave imaging.
The studies [18, 14] proposed level-set methods to preserve dielectric boundaries. These
methods have demonstrated improvement for breast density estimation using microwave
imaging. Gao et al. [44] proposed using sparse regularization for the specific case of
finding tumors with the aid of contrast enhancement agents. Tumors as small as 1 cm in
diameter were accurately localized in 3D realistic numerical breast phantoms using sparse
regularization.

One particularly promising strategy to improve image resolution of microwave imaging
is to incorporate a priori structural information, also known as spatial priors, into the
inverse scattering algorithm. Structural information given by a high-resolution imaging
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modality can be combined into the moderate resolution microwave imaging algorithm to
produce high-resolution images of the distribution of dielectric properties in the breast.

The idea of complementing relatively low-resolution imaging with high-resolution imag-
ing has been studied for years in the context of several medical imaging modalities. Ex-
amples include improving the resolution of Positron emission tomography (PET), Single-
photon emission computed tomography (SPECT), and Electrical impedance tomography
(EIT) by using boundary information obtained from magnetic resonance imaging (MRI)
or computational tomography (CT) (see, for example, [45, 46, 47, 48, 49]). In the case of
microwave imaging, high-resolution information about the spatial distribution of the dif-
ferent tissue types in the breast can be obtained from a high-resolution imaging modality,
such as MRI or ultrasound imaging.

Information about tissue boundaries has been incorporated into microwave breast imag-
ing algorithms in [50, 51, 52]. The method used in these studies improves the accuracy
of the dielectric properties estimations greatly. However, it is computationally inefficient,
which prohibits its implementation for imaging large volumes such as the breast, and the
heterogeneity of the tissues cannot be captured effectively. There is an opportunity for im-
proving microwave imaging by using spatial priors in a computationally efficient manner.

2.2 Microwave Ablation (MWA)

MWA ablation as a cancer treatment is a thermal therapy that consists of delivering mi-
crowave energy into the tumor, through a minimally invasive antenna, that heats the tissue
to the point of cell death. Other thermal therapies for cancer treatment are radio-frequency
ablation (RFA), high-intensity focused ultrasound (HIFU), and laser ablation. MWA has
the advantages of achieving higher temperatures, larger ablation volumes, and shorter abla-
tion times than other thermal therapies [20]. Additionally, MWA does not lose effectiveness
as the tissue becomes ablated, since microwave propagation is not impeded by desiccated
tissue, and it can defeat the heat-sink effect of nearby blood vessels that usually reduces
the performance of thermal therapies because of its rapid heating rate [53].

MWA is being used clinically for the treatment of lung, kidney, bone, and liver cancer
[22, 23, 24, 25, 26]. The dielectric properties of these tissues are relatively homogeneous.
The clinical usefulness and safety of MWA as a treatment for tumors in heterogeneous
breast tissue is still being investigated. Initial studies have shown promising results [19, 20].
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2.3 Microwave Ablation Monitoring

The lack of suitable imaging technologies for monitoring and verifying the completeness of
ablation is a major limiting factor in the clinical application of MWA [54, 55, 20].

The majority of MWA studies have relied on computed tomography or ultrasound for
antenna placement. Thermocouple needles, ultrasound, or magnetic resonance imaging
have been used for monitoring the MWA procedure. However, they have some drawbacks.
Thermocouple needles increase the invasiveness of the treatment and only provide local-
ized information. Ultrasound is susceptible to artifacts during thermal ablation, such as
increased echogenicity and acoustic shadowing, that obscure the target lesion and impede
real-time ablation assessment [27, 55, 20]. Finally, magnetic resonance imaging monitor-
ing is expensive, and the effects of heating the required contrast agents are unknown and
potentially hazardous [28]. There is a need for innovative real-time image-guidance of
MWA.

Dielectric properties changes

During MWA, microwave energy heats the tissue to high temperatures, above 60◦C, causing
irreversible cell damage through protein denaturation and coagulation necrosis [56]. Figure
2.3 shows a sample of ablated liver tissue, where the changes in tissue appearance are
evident in the vicinity of the MWA antenna. The dielectric properties of the tissue in the
microwave frequency range also change as the tissue becomes ablated. Several studies have
reported the temperature dependence of tissue dielectric properties [57, 58]. During MWA,
the high temperatures additionally produce physiological changes in the tissue, making the
change in dielectric properties even more drastic and irreversible. For example, Lopresto
et al. [30] reported an irreversible decrease of approximately 38% in relative permittivity
and 33% in effective conductivity at 2.45 GHz during MWA of ex vivo bovine liver tissue.

Microwave imaging for MWA monitoring

The substantial dielectric properties changes that occur during MWA ablation inspire using
microwave imaging for monitoring the growth of the ablated zone. Microwave imaging
has been used for monitoring hyperthermia treatment [60, 61, 62], where the temperature
increase is relatively small (less than 20◦C), and so is the change in dielectric properties (less
than 10%). Haynes et al. [60] developed a microwave imaging algorithm to monitor the
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Figure 2.3: Photograph of a representative ablation zone created in ex vivo bovine liver,
using a 1.9 GHz balun-free helical monopole at 42 W for 5 min. Source: Luyen et al. [59].

temperature of water between 22 and 55◦C in real time. The algorithm produced estimates
as fast as one frame/s by using a linear approximation of the electric field integral equation.

However, linear approximations of the inverse scattering problem are not accurate for
the large dielectric contrasts produced by MWA. Iterative techniques, such as the Born and
Distorted Born iterative methods [39], in which the estimates of the interior fields are up-
dated in each iteration, are needed. The computationally expensive calculation of the inte-
rior fields precludes real-time assessment of the extent of the ablation zone. However, MWA
offers some unique aspects that can be exploited to achieve both accuracy and fast compu-
tation time: a priori knowledge about the tissue environment pre-ablation is available, the
MWA antenna location is known, and the dielectric properties changes are spatially local-
ized near the MWA antenna. Additionally, information about the spatio-temporal changes
that occur during ablation can be incorporated into the microwave imaging algorithm, to
improve accuracy and computational efficiency further.
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3 high-resolution microwave breast imaging using a 3-d
inverse scattering algorithm with a variable-strength
spatial prior constraint

This chapter was previously published in IEEE Transactions on Antennas and Propagation
[63].

3.1 Abstract

Microwave inverse scattering is an exploratory imaging modality with potential for several
clinical breast imaging applications including density evaluation, cancer detection, and
treatment monitoring. However, conventional regularization techniques used to solve the
ill-posed inverse problem typically result in blurred boundaries between tissue structures
exhibiting dielectric contrast, thereby limiting the effective resolution. We present a method
to improve microwave breast imaging resolution that incorporates a priori information
about the boundaries between different tissues in the breast into the inverse scattering
algorithm. This spatial prior information can be derived from another imaging modality,
such as MRI. Our method exploits the fact that the dielectric properties within a tissue type
exhibit low to moderate variability by favoring solutions to the inverse scattering problem
that have small variations in dielectric properties within each tissue region. The amount
of variation tolerated in each regions is controlled by a spatial prior constraint parameter.
We demonstrate the feasibility of the method by imaging detailed, anatomically inspired
numerical 3D breast phantoms. The performance in the presence of different levels of noise
and for different choices of the constraint parameter is evaluated. We also demonstrate the
robustness of the algorithm with respect to errors in the spatial prior information.

3.2 Introduction

Microwave breast imaging via inverse scattering consists of reconstructing the dielectric
properties of the breast from measurements of scattered electromagnetic fields. Microwave
imaging offers several potential advantages compared to other breast imaging modalities
such as X-ray mammography and MRI: it uses non-ionizing radiation, is low cost, and
provides 3D images with quantitative, complementary information about tissue proper-
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ties. Breast tissue dielectric properties are correlated with tissue physiology [10, 11]. The
diagnostic utility of this information extends to several clinical applications, including eval-
uation of breast density, detection of breast cancer, and monitoring of treatment.

However, microwave imaging spatial resolution is typically limited by the regularization
techniques used to solve the inverse problem’s ill-posed system of equations. Conventional
regularization techniques such as L2 regularization usually result in smooth or blurred
images. Several alternative regularization strategies have been investigated to improve
image resolution and preserve boundaries between regions with distinctly different dielectric
properties. Examples include total variation regularization, Krylov subspace regularization,
and level set methods [14, 15, 9, 16, 17, 18].

One particularly promising strategy to improve image resolution is to incorporate a
priori structural information, also known as spatial priors, into the inverse scattering algo-
rithm. The idea of incorporating anatomical information obtained from a high-resolution
imaging modality into a complementary lower-resolution imaging algorithm has been stud-
ied in the context of several imaging modalities. Examples include improving the spatial
resolution of PET, SPECT, and EIT by using boundary information obtained from MRI
or CT (see, for example, [45, 46, 47, 48, 49]).

In the case of microwave imaging, structural information about the breast can be ob-
tained from a higher resolution imaging modality, such as MRI or ultrasound imaging.
Microwave imaging algorithms that use this structural information can provide a high-
resolution quantitative image of dielectric properties. Spatial prior methods that favor
solutions with high contrast between regions of different tissue types and/or penalize solu-
tions with large variations within a tissue type are well suited for breast imaging because
the different types of tissues that constitute the breast – mainly adipose and fibroglandular
tissue – have distinct dielectric properties [10, 11]. Spatial priors have been previously
added to microwave breast imaging algorithms [64, 52, 51, 50] using soft constraints in the
regularization matrix to penalize solutions with large variations of the properties within a
region. A system for coregistration of MRI and microwave breast imaging scans was re-
ported in [52] and used in 2D microwave imaging studies with a human subject. Studies of
microwave imaging with spatial priors were also reported using simulated and experimental
data for simple phantoms in 2D [51, 50] and 3D [64].

In this paper we investigate a new method that we have recently proposed [65] for
incorporating spatial prior information into the microwave inverse scattering algorithm.
Our method also uses soft spatial prior constraints, but offers two unique features. First,
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the parameter that sets the weight of the spatial prior constraints is not directly linked to
the L2 regularization of the problem; consequently, the algorithm allows a wide range of
variation of the reconstructed properties within each spatial prior region without affecting
convergence of the solution of the inverse scattering problem. Secondly, the prior informa-
tion is stored in a sparse matrix, leading to computational efficiencies that are particularly
beneficial when implementing spatial prior methods in 3D.

We incorporate spatial prior information into the Distorted Born Iterative Method
(DBIM), a conventional technique to solve the inverse scattering problem [39], and use
numerical 3D phantoms to evaluate the performance of our algorithm. First, we image a
locally homogeneous breast phantom to assess the accuracy of property estimation under
conditions that closely match the assumptions of the algorithm configured with a hard
constraint. Then, we conduct performance evaluation studies on realistic heterogeneous
breast phantoms described in [66]. We investigate the effect of different levels of noise
in the measured data and the choice of different weights for the spatial prior constraints.
Finally, we evaluate the performance of the algorithm when there are errors in the prior in-
formation, namely shifts in the location of the a priori known regions, and discuss expected
performance with other types of errors in the prior information.

3.3 Method

In this section we present an algorithm that incorporates spatial prior information into
the DBIM. Similar modifications can be applied to other inverse scattering methods. We
first provide a brief description of DBIM. A more detailed description can be found in [39]
and [7]. Then we describe how we modify conventional DBIM to incorporate spatial prior
information.

Conventional DBIM

The DBIM reconstructs the complex permittivity1, ε, of a non-magnetic object inside a
volume V from the scattered electric fields at the observation point robs outside the volume,
by solving the following electric field integral equation:

1In this paper, we use the terms “dielectric properties” (i.e. relative permittivity and effective conduc-
tivity) and “complex permittivity” interchangeably.
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Es(robs) = ω2µ0

∫
V

Gb(robs|r′)Et(r′)[ε(r′)− εb(r′)]dr′ (3.1)

Here Es is the scattered electric field, defined as the difference between the measured field
when the scattering object is present and the incident field computed for the background
dielectric profile, εb; Gb is the dyadic Green’s function for the background; and Et is the
electric field inside the volume. The permeability of free space is denoted as µ0 in (1).
Measurements are taken for a set of source-observation channels at one or several discrete
frequencies, ω. Each of the measurements corresponds to one equation in the form of (1).

The DBIM linearizes the problem by approximating Et in the integrand of (1) as the
incident electric field computed for the background dielectric profile. Full-wave computa-
tional electromagnetics simulations are used to compute the incident electric field inside
V and at robs, and the background Green’s function. This step is denoted as the forward
solution. The forward solution for all source-observation-frequency channels is used with
the measured field data to form a system of scattering equations,

Ax = b (3.2)

which is then solved to find an approximation to the contrast between the true properties
and the background properties, x = ε − εb. This is denoted as the inverse solution. The
estimated contrast is used to update the properties of the background, and the forward
and inverse solutions are repeated. This iterative process of updating the background by
adding the latest estimate of the contrast, computing the forward solution (i.e., modifying
A and b) for that updated background profile, and then obtaining the inverse solution
(i.e., solving for x) is continued until the residual scattered fields are negligible. The
reconstructed dielectric properties of the scatterer are given by the updated background
once convergence has been reached.

A multi-frequency formulation of DBIM yields estimates for the dielectric properties
by solving either for the real and imaginary parts of the complex permittivity at each fre-
quency, or for the parameters in a frequency-dependent model for the complex permittivity.
Here, we adopt the latter approach. Specifically, we use a single-pole Debye model as in
[7]:

ε(ω) = ε0

(
ε∞ + ∆ε

1 + jωτ
+ σs
jωε0

)
(3.3)

where ε0 is the permittivity of free space and the relaxation time constant τ is treated as a
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material-independent constant (set to 15 ps in our study, as in [7]). The unknowns are the
three Debye parameters (ε∞, ∆ε, and σs); thus, there are three unknowns per voxel. We
assume k voxels in volume V , m source-observation channels, and f frequencies measured
for each channel in this compact multi-frequency treatment of the linear system of (2). In
this case x = [u,v,w]′, where u = ε∞− εb∞, v = ∆ε−∆εb, and w = σs−σbs, is a 3k× 1
vector, b is a 2mf × 1 vector, and A is a 2mf × 3k matrix. A more detailed description
can be found in [7].

Since the problem Ax = b is ill-posed, regularization techniques are required to obtain
a unique solution. In this paper we adopt the conjugate gradient method for least square
(CGLS) error minimization as implemented in [7] to regularize the solution. The degree of
regularization is inversely proportional to the number of CGLS iterations. To determine
an appropriate termination condition for the CGLS algorithm, we use an L-curve method,
in which the solution norm ‖xi‖2 is plotted against the residual norm ‖Axi − b‖2 for
CGLS iterations i = 1, 2, 3 . . .. Usually this plot depicts an “L” shaped curve in the case
of ill-posed problems. The early termination condition is determined by the number of
iterations at which the curvature of the L-curve is maximum. This achieves a reduction in
the residual while keeping the solution bounded.

DBIM with spatial priors

DBIM with spatial priors (DBIM-SP) assumes we have prior information about the struc-
ture of the breast. In particular, it assumes knowledge of the locations of different types of
tissues, obtained from a high resolution image of the breast that has been segmented into
regions corresponding to the different tissue types. DBIM-SP uses the fact that different
tissues have different electrical properties, but within the same tissue type the properties
variation is relatively small [10, 11].

Assuming we start with a homogeneous background, we constrain the solution, x, such
that if two voxels belong to the same tissue type, or equivalently, to the same region, the
update of the properties of the two voxels should be similar. This suggests solving an
augmented system of equations comprising not only the electric field integral equations,
but also equations of the form −xi+xj = 0 for voxels i and j in the same region. Consider,
for example, a problem consisting of two regions. For each set of unknowns (u, v, and w)
we can write the set of additional equations in matrix form as M0u = 0, M0v = 0, and
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M0w = 0, where M0 is of the form:

M0 =



−1 1 0 0 · · · 0 0 0 0 · · ·
−1 0 1 0 · · · 0 0 0 0 · · ·
−1 0 0 1 · · · 0 0 0 0 · · ·
...

...
...

... . . . ...
...

...
... . . .

0 0 0 0 · · · −1 1 0 0 · · ·
0 0 0 0 · · · −1 0 1 0 · · ·
0 0 0 0 · · · −1 0 0 1 · · ·
...

...
...

... . . . ...
...

...
... . . .



(3.4)

The upper left block of M0 enforces the constraint of equal properties in the first region,
while the lower right block does so for the second region. Matrix M0 is highly sparse
with dimensions (k − 2) × k. In the general case where there are n spatial prior regions,
the dimensions would be (k − n) × k. All spatial prior constraints can be summarized as
Mx = 0, where

M =


M0 0 0
0 M0 0
0 0 M0

 (3.5)

We introduce (5) as a soft constraint by minimizing:

‖Ax− b‖2 + λ2‖Mx‖2. (3.6)

The constraint parameter λ is used to weigh errors in satisfying the spatial prior constraints
against errors in satisfying the linearized electric field integral equations. A large λ ensures
the properties difference between two voxels in a region is small, while a small λ gives
more importance to matching the electric field integral equations. Thus a small λ reduces
emphasis on the spatial prior constraints and allows greater properties variation within a
region.

To solve (6) we define an augmented system of equations as A′x = b′ where A′ =
[A|λM]T , b′ = [b|0]T . We use CGLS with an early termination to further regularize the
solution. However, the number of CGLS iterations chosen by the CGLS L-curve algorithm
in DBIM-SP tends to be much larger than that chosen in DBIM, especially when the
spatial prior constraint parameter λ is large. This is because the additional spatial prior
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equations of DBIM-SP reduce the ill-posedness of the problem, and therefore it requires
less regularization than conventional DBIM.

There are other options besides this choice of M0 for achieving smoothness within
each region. Examples include comparing each voxel to an adjacent voxel in the same
region (i.e., a first order differential regularizer within each region) and comparing each
voxel to the average of the voxels in the same region (i.e., a Laplacian regularizer within
each region). In the case of a hard constraint, all these approaches are equivalent. In the
soft constraint formulation, these approaches will yield slightly different results. We have
chosen the matrix M0 in (4) for simplicity of implementation.

3.4 Models and implementation details

Breast phantoms

Our testbed for investigating the performance of DBIM-SP included a locally homogeneous
breast phantom and two realistic breast phantoms derived from MRIs of healthy women
[66]: a Class 3 “heterogeneously dense” phantom (ID number 062204 in the online Uni-
versity of Wisconsin repository [67]), and a Class 2 “scattered fibroglandular” (ID number
010204) phantom. Figure 3.1 shows the relative permittivity of the phantoms at 2 GHz.
The locally homogeneous phantom has the basic structure of the Class 3 phantom but
is composed only of homogeneous adipose tissue and homogeneous fibroglandular tissue.
This phantom allows us to evaluate the accuracy of property estimation using DBIM-SP
under a baseline scenario in which the phantom matches the assumptions of the algorithm
operating under a hard spatial prior constraint. The Class 3 and Class 2 phantoms were
chosen as examples of two different types of breast densities. The Class 2 breast phantom
has a larger volume than the Class 3 phantom, and consists of mostly adipose tissue with
a few small scattered regions of fibroglandular tissue.

The frequency-dependent complex permittivities of skin [68] and breast tissues [11] in
the phantoms were modeled using single-pole Debye models as in [7] over the frequency
range of 0.5-3.5 GHz (see table I in [7] for the list of Debye parameters used in our models).
The skin was assumed to be homogeneous with a thickness of 2 mm.
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(a) (b)

(c)

Figure 3.1: Relative permittivity at 2 GHz of breast phantoms used in the study. (a)
Locally homogeneous phantom, (b) Class 3 phantom (heterogeneously dense), and (c)
Class 2 phantom (scattered fibroglandular).

Simulated array measurements

The simulated array comprised 40 dipoles surrounding a particular breast phantom, all
immersed in a lossless medium (εr = 2.6). The dipoles were oriented vertically (z-polarized)
and were arranged on a cylindrical surface in five coronal rings, with a minimum distance
of 1 cm to the skin surface of the breast. The rings were equally spaced along the vertical
extent of the phantom, and they were rotated 22.5◦ with respect to adjacent rings to
maximize the distance between the dipoles.

Simulated array measurements were calculated using the finite-difference time-domain
(FDTD) method [69] on a 0.5 mm grid. FDTD simulates the propagation of electromag-
netic waves by solving Maxwell’s differential equations in the time domain. Each trans-
mitting dipole was excited by a modulated Gaussian pulse and the measurements at the
receiving antennas were transformed to the frequency domain and recorded at 1.0, 1.5, 2.0,
and 2.5 GHz. We use data only at four discrete frequencies to emulate the type of data we
would obtain with a realistic experimental array as in [70, 71].

We added white Gaussian noise to the recorded electric field measurements to simulate
different signal-to-noise ratios (SNR). Here, we define the SNR as the ratio between the
total received power across all channels and the total power of the noise added to the
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channels. Previous reports of DBIM performance for noisy simulated array measurements
indicated a significant degradation of imaging accuracy for SNR levels below about 20 dB
(see Fig. 17 in [21]). Therefore we chose SNR levels of 30 dB and 10 dB as representative
examples of lower and higher noise scenarios, respectively. An SNR of 30 dB for the
simulated array used in this study corresponds to a noise floor that is approximately 90
dB below the transmitted power [7]. This is on the conservative end of typical noise floor
estimates (see, for example, [64] and [8]).

Forward solver and inverse solution formulations

The initial guess used in our DBIM and DBIM-SP algorithms consisted of a spatially
homogeneous interior with properties equal to the average properties of the interior of
the breast. Gao et al [72] demonstrated that this is a robust choice of initial guess for
the DBIM problem. In our investigation we have confirmed that DBIM-SP is far more
robust than DBIM to the properties chosen for a spatially homogeneous initial guess.
Specifically, DBIM-SP converges to a meaningful solution in approximately 10 iterations
for homogeneous initial guesses with properties ranging from 100% fibroglandular (0%
adipose) to 20% fibroglandular (80% adipose) tissues.

In each iteration, the Green’s function and interior incident fields in the DBIM and
DBIM-SP were calculated using the FDTD method on a 2 mm grid. The grid used in the
forward solver in the reconstruction was chosen to be coarser than the grid used for data
acquisition to introduce some model error and thereby avoid the so-called “inverse crime”.
The A matrix and b vector for the inverse solution were created from equations for every
source-observation channel and for each of the four recorded frequencies. The dielectric
properties of the immersion medium, and the dielectric properties, location, and thickness
of the skin were considered known; therefore the unknowns correspond only to the Debye
parameters for each voxel in the interior of the breast (as in [7]). The number of voxels in
the interior of the breast in the locally homogeneous and Class 3 phantoms was 41, 578 and
in the Class 2 phantom it was 65, 003. The number of source-observation channels for the
40-element array was 780 after eliminating the monostatic and redundant channels. Thus
with f = 4, the 2mf number of elements in b was 6,240.
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Spatial priors

Figure 3.2 shows the two regions used as spatial prior in the DBIM-SP for each phantom.
The black region corresponds to adipose tissue and white region corresponds to fibroglan-
dular tissue. Only two regions were considered since the phantoms do not have lesions.
The regions were derived by applying a threshold on the phantom’s properties that yielded
an appropriate separation of the two tissue types. Note that because the data acquisition
takes place on a 0.5 mm grid, and the reconstruction on a 2 mm grid, the spatial prior
regions do not match the regions of the phantom exactly.

(a) (b)

Figure 3.2: Spatial prior regions for each phantom. Black corresponds to the adipose
region, and white corresponds to the fibroglandular region. (a) Regions used for the locally
homogeneous phantom (Fig. 3.1(a)) and the Class 3 phantom (Fig. 3.1(b)). (b) Regions
used for the Class 2 phantom (Fig. 3.1(c)).

Choice of the spatial prior constraint parameter

The amount of variation of the properties that is allowed in each spatial prior region
depends on the choice of the constraint parameter λ. We identify values of λ that will yield
well behaved and predictable results by plotting the normalized residual squared error of
the spatial prior constraints (‖Mx‖22) versus the normalized residual squared error of the
electric field integral equations (‖Ax−b‖22). To do so we solve (6) for a wide range of values
of λ using a homogeneous initial guess and a sufficiently large number of CGLS iterations.
The number of CGLS iterations is determined by a stopping criteria based on the difference
between the norms of the residual of two successive iterations. Our choice eliminates the L2

regularization provided by the early termination of CGLS, and therefore does not obscure
the effect of λ on the solution. The use of a warm start initialization between subsequent
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values of λ shortens considerably the computational time for solving the system. Figure
3.3 shows ‖Mx‖22 versus ‖Ax − b‖22, both normalized by ‖b‖22, for the Class 3 and Class
2 phantoms for 200 values of λ varying between 1 × 10−7 and 2 × 10−1, while using 60
CGLS iterations. The plots depict an L-shape, reflecting the trade-off between satisfying
the spatial prior constraints and satisfying the electric field integral equations. We denote
the value of λ that corresponds to the point of maximum curvature of the L-curve as λ∗.
Values of the constraint parameter that are smaller than λ∗ put small to negligible weight
on the spatial prior constraints, while values of the constraint parameter larger than λ∗

noticeably limit the amount of variation in each spatial prior region.
Once λ∗ is determined we perform DBIM-SP as described in section II.B.
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Figure 3.3: Norm squared of normalized residual of spatial prior constraints versus norm
squared of normalized residual of electric field integral equations for the first iteration of
DBIM-SP, for a wide range of values of λ. The point of maximum curvature is denoted by
λ∗. (a) Class 3 phantom. (b) Class 2 phantom.

3.5 Results

Locally homogeneous phantom

Figure 3.4 shows the actual and reconstructed dielectric properties with DBIM-SP (λ =
500λ∗) of adipose and fibroglandular tissue types for the locally homogeneous phantom in a
low noise scenario (SNR = 30 dB). A relatively large λ was chosen to assess the accuracy of
the estimated properties in an assumed locally homogeneous environment. The estimated
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relative permittivity and effective conductivity is accurate for both tissue types over the
entire frequency range of the reconstructed solution (1.0 - 2.5 GHz).

We define the mean absolute error (MAE) associated with the reconstruction of the
dielectric properties in a region with N voxels. The following expression illustrates the
MAE metric for the relative permittivity (or effective conductivity, if εr is replaced by σeff)
at a specific frequency:

MAE = 1
N

N∑
i=1
|εtrue
r,i − εestimated

r,i | (3.7)

We compute the MAE for the interior of the fibroglandular region, the interior of the adi-
pose region, and both regions. Table 3.1 shows the results. The 2-GHz relative permittivity
results for DBIM-SP with λ = 500λ∗ show an improvement factor of 20.5, 9.0, and 13.2
over standard DBIM for the adipose, fibroglandular, and combined regions, respectively.
The corresponding improvement factors for effective conductivity at 2 GHz are 5.7, 36.8,
and 8.0.
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Figure 3.4: Comparison of the true (solid) and DBIM-SP reconstructed (dashed) dielectric
properties in the adipose (light/dark blue) and fibroglandular (red/orange) tissue regions
of the locally homogeneous breast phantom.

Class 3 phantom: heterogeneously dense tissue

Figures 3.5 and 3.6 show cross-sectional cuts (coronal, sagittal, and axial views) of the
relative permittivity and effective conductivity, respectively, at 2 GHz of the Class 3 breast
phantom (first row) and three different reconstructions for a 30 dB SNR: conventional
DBIM (second row), DBIM-SP with a large λ, i.e., λ = 500λ∗ (third row), and DBIM-SP
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TABLE 3.1: Mean absolute error (MAE) for the reconstruction of the locally homogeneous
phantom with a 30 dB SNR.

Relative permittivity at 2 GHz
Adipose Fibroglandular Combined

DBIM 7.37 16.32 9.63
DBIM-SP (λ = 500λ∗) 0.36 1.81 0.73

Effective conductivity at 2 GHz
Adipose Fibroglandular Combined

DBIM 0.300 0.478 0.345
DBIM-SP (λ = 500λ∗) 0.053 0.013 0.043

with a relatively small λ, i.e., λ = 5λ∗ (fourth row). The reconstruction with conventional
DBIM shows evidence of correctly identifying the general regions of adipose and fibrog-
landular tissue, but it suffers from blurred boundaries between the different tissues and
inaccurate properties estimation. In particular, it significantly underestimates the proper-
ties of the fibroglandular tissue. In contrast, DBIM-SP preserves the edges between the
different tissues, and is more accurate in the estimation of the properties. The recon-
struction that results from using a large λ exhibits two locally homogeneous regions, each
with properties close to the average properties of the tissues in respective regions of the
phantom. The average relative permittivities at 2 GHz of the phantom are εr = 43 for fi-
broglandular tissue and εr = 6 for adipose tissue, while the DBIM-SP reconstruction yields
relative permittivities of εr = 45 and εr = 5 for each respective region. The DBIM-SP
reconstruction with a small λ preserves the boundaries between the tissues while capturing
some of the local heterogeneity within the tissues.

Figure 3.7 shows cumulative distributions of the properties of each region for the phan-
tom, the reconstruction using conventional DBIM, and reconstructions using DBIM-SP
with different values of λ. The cumulative distribution plots display the percentage of
voxels in the phantom and its reconstructions (y-axis) that are below a certain relative
permittivity or effective conductivity (x-axis). Figure 3.7 clearly depicts how DBIM over-
estimates the dielectric properties of adipose tissue and underestimates those of fibroglan-
dular tissue. Also, the cumulative distributions for DBIM are relatively smooth and flat
compared to the cumulative distribution of the properties of the original phantom. This is
because DBIM smooths the variation of the properties inside the whole imaging region. In
contrast, DBIM-SP with λ = 500λ∗ results in no variation of the properties in each region,
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and as we decrease λ we obtain variations of the properties that tend to follow those of the
original phantom. DBIM-SP with λ = 0.5λ∗ performs similarly to DBIM, indicating that
the role of the spatial prior constraints for small λ is negligible, as expected.

Table 3.2 shows the MAE analysis for these reconstructions. We see that the improve-
ment associated with the use of spatial priors is still very considerable in this far more
complex scenario of a heterogeneously dense phantom. For example, the MAE for the
relative permittivity at 2 GHz in the combined regions is reduced by a factor of 5.0 for
DBIM-SP using a large λ = 500λ∗ and a factor of 3.3 for DBIM-SP using a moderate
λ = 5λ∗ relative to standard DBIM.

Figures 3.8, 3.9, and 3.10 show the cross sections and cumulative distributions of the
relative permittivity and effective conductivity at 2 GHz of the phantom and the recon-
structions for a higher level of noise (SNR = 10 dB). We observe that DBIM completely
breaks down at this level of SNR (Figures 3.8 and 3.9, second row), while DBIM-SP con-
tinues to perform well. The cumulative distribution of DBIM is much flatter at high noise,
while the performance of DBIM-SP is very similar to the low noise results shown in Figure
3.7, even for small values of λ. The robustness to noise of DBIM-SP can also be appre-
ciated by inspecting the MAE results shown in Table 3.3. The MAE for the DBIM-SP
reconstructions for λ = 500λ∗ and λ = 5λ∗ are similar to the MAE obtained for these
reconstructions in the low noise scenario.

In this section, we presented both relative permittivity and effective conductivity re-
sults from all of our dielectric properties images. The results illustrated that the relative
permittivity and effective conductivity follow similar trends. That observation holds true
for all imaging experiments in this study. Therefore, we only show results for the relative
permittivity in the remaining sections of this paper to save space.

Class 2 phantom: scattered fibroglandular tissue

Figure 3.11 shows coronal, sagittal, and axial views of the relative permittivity at 2 GHz
of the Class 2 breast phantom (first row) and three different reconstructions for a 30 dB
SNR: conventional DBIM (second row), DBIM-SP with a relatively large λ, i.e., λ = 500λ∗,
and DBIM-SP with a small λ, i.e., λ = 5λ∗. A comparison between Fig. 3.11(a) and Fig.
3.5(a) highlights the significant differences in the breast volume and tissue composition
of the Class 2 and Class 3 phantoms. Despite these differences, the general imaging per-
formance trends observed in the Class 3 reconstructions (Fig. 3.5(b),(c),(d)) hold here
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Figure 3.5: Coronal (left column), sagittal (middle column), and axial (right column)
cross-sections of the relative permittivity at 2 GHz for the (a) Class 3 breast phantom, (b)
standard DBIM reconstruction, (c) DBIM-SP reconstruction (λ = 500λ∗), and (d) DBIM-
SP reconstruction (λ = 5λ∗). All reconstructions were obtained for 30 dB SNR. (Axes in
cm.)

as well. Namely, DBIM once again is able to reconstruct some of the fibroglandular tis-
sue, but those tissue properties are underestimated and the boundaries are blurred. In
contrast, DBIM-SP achieves a high-resolution reconstruction with more accurate dielectric
properties estimation. DBIM-SP with a relatively large λ yields spatially invariant prop-
erties in each primary tissue region of the image that are similar to the average properties
in the corresponding regions of the phantom, while DBIM-SP with a smaller λ preserves
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Figure 3.6: Coronal (left column), sagittal (middle column), and axial (right column)
cross-sections of the effective conductivity at 2 GHz for the (a) Class 3 breast phantom,
(b) standard DBIM reconstruction, (c) DBIM-SP reconstruction (λ = 500λ∗), and (d)
DBIM-SP reconstruction (λ = 5λ∗). All reconstructions were obtained for 30 dB SNR.
(Axes in cm.)

boundaries while capturing some of the mild properties variation within a specific tissue
region.

Figure 3.12 shows the cumulative distributions of the relative permittivity at 2 GHz of
each region for the Class 2 phantom, its conventional DBIM reconstruction, and several
reconstructions using DBIM-SP with different values of λ. Similarly to the trends depicted
in Fig. 3.7, here we see that DBIM smooths the properties of the phantom and underesti-
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Figure 3.7: Cumulative distributions of the relative permittivity (top row) and effective
conductivity (bottom row) at 2 GHz for Class 3 breast phantom reconstructions with 30
dB SNR. (a),(c) Adipose tissue region. (b),(d) Fibroglandular tissue region.

mates the properties of the fibroglandular tissue. Also, DBIM-SP with a large λ does not
allow variations in each region, but as we decrease λ we start to capture some heterogeneity
until DBIM-SP performs similarly to DBIM when λ = 0.5λ∗.

The MAE analysis shown in Table 3.4 indicates that the errors obtained for this phan-
tom with DBIM and with DBIM-SP for different values of λ are smaller than for the Class
3 phantom, yet there is still a considerable reduction in the errors relative to standard
DBIM performance. The error in the combined regions is reduced by factors of 1.6 and 3.4
with DBIM-SP using λ = 500λ∗ and λ = 0.5λ∗ respectively.
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TABLE 3.2: Mean absolute error (MAE) for the reconstruction of the Class 3 phantom
with a 30 dB SNR.

Relative permittivity at 2 GHz
Adipose Fibroglandular Combined

DBIM 7.91 18.34 10.54
DBIM-SP (λ = 500λ∗) 0.93 5.65 2.12
DBIM-SP (λ = 5λ∗) 2.28 5.80 3.17

DBIM-SP (λ = 0.5λ∗) 6.41 18.49 9.46
Effective conductivity at 2 GHz

Adipose Fibroglandular Combined
DBIM 0.376 0.507 0.409

DBIM-SP (λ = 500λ∗) 0.041 0.144 0.067
DBIM-SP (λ = 5λ∗) 0.069 0.179 0.097

DBIM-SP (λ = 0.5λ∗) 0.312 0.491 0.357

TABLE 3.3: Mean absolute error (MAE) for the reconstruction of the Class 3 phantom
with a 10 dB SNR.

Relative permittivity at 2 GHz
Adipose Fibroglandular Combined

DBIM 36.67 25.33 33.81
DBIM-SP (λ = 500λ∗) 0.93 6.27 2.28
DBIM-SP (λ = 5λ∗) 2.33 6.01 3.26

DBIM-SP (λ = 0.5λ∗) 9.72 21.37 12.66
Effective conductivity at 2 GHz

Adipose Fibroglandular Combined
DBIM 0.716 0.643 0.698

DBIM-SP (λ = 500λ∗) 0.041 0.144 0.067
DBIM-SP (λ = 5λ∗) 0.052 0.225 0.096

DBIM-SP (λ = 0.5λ∗) 0.275 0.706 0.383

Errors in prior information

In this section we provide results from an investigation of DBIM-SP performance when
the prior information contains greater errors than the mismatch that arises due to the
discretization of the imaging region. Namely, we consider two types of error: i) offsets
in the spatial prior regions relative to the phantom, and ii) error in the size of one of
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Figure 3.8: Coronal (left column), sagittal (middle column), and axial (right column)
cross-sections of the relative permittivity at 2 GHz for the (a) Class 3 breast phantom, (b)
standard DBIM reconstruction, (c) DBIM-SP reconstruction (λ = 500λ∗), and (d) DBIM-
SP reconstruction (λ = 5λ∗). All reconstructions were obtained for 10 dB SNR. (Axes in
cm.)

the spatial prior regions. The offsets represent shifts either to the right or to the left
in the coronal plane. This type of error could occur in practice due to a misalignment
between the reference coordinates in the MRI (or any other source of the spatial priors)
and the microwave scan. The error in the size of one of the spatial prior regions could
occur due to errors in image segmentation, for example. We present this type of error as
a complementary scenario to the case of an offset to study the robustness of DBIM-SP to
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Figure 3.9: Coronal (left column), sagittal (middle column), and axial (right column)
cross-sections of the effective conductivity at 2 GHz for the (a) Class 3 breast phantom,
(b) standard DBIM reconstruction, (c) DBIM-SP reconstruction (λ = 500λ∗), and (d)
DBIM-SP reconstruction (λ = 5λ∗). All reconstructions were obtained for 10 dB SNR.
(Axes in cm.)

different types of errors.
We use a moderate λ (i.e. λ = 5λ∗) to exploit the soft constraints that allow recon-

structions with heterogeneity within each region. The rationale behind this choice is that
the soft constraint provides flexibility to allow the algorithm to adjust for errors due to a
mismatch of the spatial prior. A large λ (e.g. λ = 500λ∗) estimates the average properties
of the tissues in each spatial prior region, and therefore the reconstruction has no flexibility
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Figure 3.10: Cumulative distributions of the relative permittivity (top row) and effective
conductivity (bottom row) at 2 GHz for Class 3 breast phantom reconstructions with 10
dB SNR. (a),(c) Adipose tissue region. (b),(d) Fibroglandular tissue region.

TABLE 3.4: Mean absolute error (MAE) for the reconstruction of the Class 2 phantom
with a 30 dB SNR.

Relative permittivity at 2 GHz
Adipose Fibroglandular Combined

DBIM 2.41 19.32 2.63
DBIM-SP (λ = 500λ∗) 1.55 7.35 1.62
DBIM-SP (λ = 5λ∗) 0.69 6.67 0.77

DBIM-SP (λ = 0.5λ∗) 1.75 20.12 1.98

to adjust the reconstructed properties locally where mismatches occur. Figure 3.13 shows
images of the Class 3 phantom using DBIM-SP with a moderate value for λ (λ = 5λ∗)
for our study of the impact of offsets of the spatial prior regions in a low noise scenario
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Figure 3.11: Coronal (left column), sagittal (middle column), and axial (right column)
cross-sections of the relative permittivity at 2 GHz for the (a) Class 2 breast phantom, (b)
standard DBIM reconstruction, (c) DBIM-SP reconstruction (λ = 500λ∗), and (d) DBIM-
SP reconstruction (λ = 5λ∗). All reconstructions were obtained for 30 dB SNR. (Axes in
cm.)

(SNR = 30 dB). The first row shows the reconstruction with no errors in the prior, the
second row uses a prior in which the fibroglandular region was shifted 4 mm to the left,
and the third row uses a prior in which the fibroglandular region was shifted 4 mm to the
right. The results show that the algorithm is robust to errors in the prior information. We
observe that the algorithm compensates for the mismatches between the tissues and the
spatial prior regions by changing the reconstructed properties within each region. In the
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Figure 3.12: Cumulative distributions of the relative permittivity at 2 GHz for Class 2
reconstructions with 30 dB SNR. (a) Adipose tissue region. (b) Fibroglandular tissue
region.

third row (prior shifted to the right) we see in the coronal view (first column) that the
estimation of properties of the adipose region where there is supposed to be fibroglandular
tissue is considerably higher than in the rest of the adipose region. In the sagittal view
(second column) we see that there is a large mismatch between the spatial prior regions
and the true tissue distribution, and the reconstruction compensates for the mismatch by
raising the properties of the adipose tissue where there is a mismatch. In the second row
(prior shifted to the left) we observe a similar effect.

Table 3.5 shows the MAE for the reconstructions when there are erroneous shifts in
the spatial prior regions for the Class 3 breast phantom in low noise (30 dB SNR) and
high noise (10 dB SNR) scenarios. We observe a slight degradation of the performance as
the mismatch increases, especially for rightward shifts of the fibroglandular region. The
performance for shifts to the left and to the right does not degrade in a similar way due
to the asymmetry and heterogeneity of the phantom. By comparing these results to those
in Table 3.2 for conventional DBIM in a low noise scenario, we see that DBIM-SP yields a
lower MAE than conventional DBIM for up to 4 mm of mismatch.

Another way to visualize the effect of errors in the prior information is to compare the
average properties of each tissue in the reconstructions. Figure 3.14 shows the average
properties of the adipose and fibroglandular tissues in the reconstructions of the Class 3
phantom using DBIM-SP (with λ = 5λ∗) for different amounts of erroneous shifts in the
prior with 30 dB and 10 dB SNR. The true average (phantom average) and the average
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obtained using conventional DBIM in a low noise scenario are also shown in the plots. The
estimation of the average properties of each tissue type is still accurate for small errors in
the prior. Interestingly, DBIM-SP with errors in the prior performs better than DBIM at
estimating the average properties of each tissue for up to a 6 mm error (shift) in the prior.
Similar performance degradation due to shifts in the prior are observed at low SNR for
both MAE and average properties. The addition of noise does not increase sensitivity to
this type of error in the prior information.
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Figure 3.13: Coronal (left column), sagittal (middle column), and axial (right column)
cross-sections of the relative permittivity at 2 GHz for the Class 3 breast phantom using:
(a) DBIM-SP reconstruction without errors in prior, (b) DBIM-SP reconstruction with 4
mm error in prior to the left, and (c) DBIM-SP reconstruction with 4 mm error in prior
to the right. All reconstructions were obtained for 30 dB SNR and λ = 5λ∗. (Axes in cm.)

Table 3.6 and Figure 3.15 show the corresponding results for the Class 2 phantom.
Again, the results reveal that DBIM-SP is robust in the presence of small errors in the
prior information.

Figure 3.16 shows images of the Class 3 phantom using DBIM-SP with λ = 5λ∗ for our
second investigation involving a mismatch in size. Here we consider the specific case when
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TABLE 3.5: Mean absolute error (MAE) for the reconstruction of the Class 3 phantom
using DBIM-SP (λ = 5λ∗) with erroneous shifts in the prior regions and different levels of
SNR. The − sign represents a shift of the fibroglandular region to the left and the + sign
represents a shift to the right.

Relative permittivity at 2 GHz
Adipose Fibroglandular Combined

Shift 30 dB 10 dB 30 dB 10 dB 30 dB 10 dB
-8 mm 6.09 6.25 17.84 20.46 9.05 9.83
-6 mm 5.69 6.11 15.42 16.49 8.15 8.73
-4 mm 4.59 3.94 10.87 11.08 6.17 5.74
-2 mm 2.89 2.77 5.82 6.86 3.63 3.80
0 mm 2.28 2.33 5.68 6.01 3.17 3.26
+2 mm 4.41 4.44 10.26 10.81 5.88 6.05
+4 mm 6.46 5.86 14.95 14.97 8.60 8.16
+6 mm 7.42 8.08 17.80 18.40 10.03 10.69
+8 mm 7.85 8.75 20.44 21.19 11.03 11.89

Effective conductivity at 2 GHz
Adipose Fibroglandular Combined

Shift 30 dB 10 dB 30 dB 10 dB 30 dB 10 dB
-8 mm 0.242 0.258 0.434 0.484 0.290 0.315
-6 mm 0.214 0.204 0.393 0.414 0.259 0.257
-4 mm 0.143 0.122 0.282 0.282 0.178 0.163
-2 mm 0.073 0.064 0.167 0.246 0.096 0.110
0 mm 0.069 0.052 0.179 0.225 0.097 0.096
+2 mm 0.134 0.113 0.301 0.460 0.176 0.200
+4 mm 0.200 0.174 0.432 0.502 0.259 0.257
+6 mm 0.241 0.201 0.510 0.648 0.309 0.314
+8 mm 0.276 0.230 0.558 0.688 0.347 0.346

the spatial prior for the fibroglandular region is 10% smaller (first row), and 23% smaller
(second row). The smaller regions were obtained by shrinking the fibroglandular region of
the original spatial prior of Figure 3.2 by 0.5 mm on every edge only in the axial dimension
(first row) and in all dimensions (second row). We observe similar effects for these two
cases. Namely, DBIM-SP increases the properties of the tissues on the edges between the
fibroglandular and adipose regions to account for the mismatch.
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Figure 3.14: Average relative permittivity at 2 GHz of (a) adipose tissue and (b) fibroglan-
dular tissue using DBIM-SP with different levels of erroneous shifts in the prior regions for
the imaging of the Class 3 phantom. Red circular markers correspond to reconstructions
with 30 dB SNR and green square markers correspond to reconstructions with 10 dB SNR.
The black dashed line corresponds to the phantom average and the blue point-dashed line
corresponds to the average using conventional DBIM with 30 dB SNR.
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Figure 3.15: Average relative permittivity at 2 GHz of (a) adipose tissue and (b) fibroglan-
dular tissue using DBIM-SP with different levels of erroneous shifts in the prior regions for
the imaging of the Class 2 phantom. Red circular markers correspond to reconstructions
with 30 dB SNR and green square markers correspond to reconstructions with 10 dB SNR.
The black dashed line corresponds to the phantom average and the blue point-dashed line
corresponds to the average using conventional DBIM with 30 dB SNR.
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TABLE 3.6: Mean absolute error (MAE) for the reconstruction of the Class 2 phantom
using DBIM-SP (λ = 5λ∗) with erroneous shifts in the prior regions and different levels of
SNR. The − sign represents a shift of the fibroglandular region to the left and the + sign
represents a shift to the right.

Relative permittivity at 2 GHz
Adipose Fibroglandular Combined

Shift 30 dB 10 dB 30 dB 10 dB 30 dB 10 dB
-8 mm 1.52 1.82 23.51 23.85 1.80 2.10
-6 mm 1.44 1.76 20.58 20.89 1.68 2.00
-4 mm 1.16 1.55 14.59 14.87 1.33 1.72
-2 mm 0.78 1.24 8.05 8.37 0.88 1.33
0 mm 0.69 1.18 6.77 6.79 0.77 1.25
+2 mm 1.00 1.46 12.02 11.88 1.14 1.60
+4 mm 1.36 1.76 18.47 18.60 1.57 1.97
+6 mm 1.56 1.92 22.14 22.37 1.82 2.18
+8 mm 1.61 1.95 23.57 23.89 1.89 2.23

Effective conductivity at 2 GHz
Adipose Fibroglandular Combined

Shift 30 dB 10 dB 30 dB 10 dB 30 dB 10 dB
-8 mm 0.051 0.057 0.666 0.685 0.059 0.065
-6 mm 0.048 0.053 0.592 0.613 0.055 0.061
-4 mm 0.040 0.047 0.444 0.464 0.045 0.053
-2 mm 0.031 0.040 0.316 0.317 0.035 0.043
0 mm 0.029 0.038 0.294 0.300 0.032 0.041
+2 mm 0.036 0.044 0.443 0.434 0.041 0.049
+4 mm 0.043 0.051 0.586 0.595 0.050 0.058
+6 mm 0.049 0.056 0.671 0.686 0.057 0.064
+8 mm 0.050 0.058 0.697 0.716 0.058 0.067

3.6 Discussion and Conclusions

Our proposed DBIM-SP approach uses extremely sparse matrices with elements either 1
or −1. This high degree of sparsity enables efficient implementation—both in terms of
memory and computation requirements—of a full 3-D reconstruction algorithm where the
number of voxels is on the order of thousands. In our approach, the matrix M0, which
stores all the spatial prior information, i.e. all the coefficients to form the spatial prior
constraints, is of dimensions 41,576 × 41,578 for the locally homogeneous and Class 3



39

(a) 0 4 8 12

0

4

8

12 0 4 8 12

0

4

8  

 

0 4 8 12

0

4

8
10

20

30

40

50

60

(b) 0 4 8 12

0

4

8

12 0 4 8 12

0

4

8  

 

0 4 8 12

0

4

8
10

20

30

40

50

60

Figure 3.16: Coronal (left column), sagittal (middle column), and axial (right column)
cross-sections of the relative permittivity at 2 GHz for the Class 3 breast phantom using
(a) DBIM-SP with a fibroglandular spatial prior that is 10% smaller in volume than the
true size, (b) DBIM-SP with a fibroglandular spatial prior that is 23% smaller in volume
than the true size. All reconstructions were obtained for 30 dB SNR and λ = 5λ∗. (Axes
in cm.)

phantoms and of dimensions 65,001 × 65,003 for the Class 2 phantom. Its density (i.e.
the percentage of non-zero elements) is 0.0048% and 0.0031%, respectively. Therefore,
the corresponding memory requirements for storing M0 in each case are only 1.6 MB and
2.6 MB. The computational time for performing reconstructions with DBIM-SP is only
2% higher than the computational time of conventional DBIM once the parameter λ∗ is
selected. This small increase is due to the additional sparse computations needed to invert
the system with spatial prior constraints. Finding λ∗ consumes additional time, but only
needs to be done once per breast scan. The computational time of this process depends
on how many λs are evaluated in the L-curve method described in section III.E. Using a
warm start between λs significantly reduces this computational time.

We showed that DBIM-SP performs substantially better than the conventional DBIM
at estimating the properties of the tissues in all phantoms. In fact, it achieves nearly
perfect property estimation when the assumptions of the algorithm are satisfied to a great
extent, as is the case when the phantom consists of locally homogeneous tissues. DBIM-
SP also performs substantially better than regularization methods that do not use spatial
prior information to promote boundary preservation and smoothness within regions. For
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example, the level set method presented in [14] which promotes smoothness within two
regions achieves a MAE of 5.48 for the relative permittivity and 0.168 for the effective
conductivity at 2 GHz for the Class 3 breast phantom with a 30 dB SNR. DBIM-SP
improves these results by 42% when using λ = 5λ∗; that is, DBIM-SP (λ = 5λ∗) achieves
a MAE of 3.17 and 0.097, respectively. Additionally, our results suggest that DBIM-SP is
robust to noise and to errors in the model assumptions. The accuracy of estimating the
average properties with DBIM-SP is high in all phantoms even in the presence of high levels
of noise and even when there are relatively large offsets in the spatial prior information.

We demonstrated that different levels of variation of the estimated properties inside
each region can be achieved by controlling the constraint parameter λ. In other spatial
prior algorithms that implement soft constraints [64, 52, 51, 50], the parameter that sets
the weight of the spatial prior constraints is linked to the L2 regularization of the problem,
and therefore it is difficult to obtain variations inside each region without the solution
diverging. In our approach, the L2 regularization is performed independently by using an
L-curve method that controls the number of CGLS iterations. This allows solutions to
have some heterogeneity within each region while keeping the solution bounded.

The appropriate value of λ will depend on the particular result that is being pursued.
If it is of interest to estimate the average value of the dielectric properties of a region,
a large λ should be chosen. If some heterogeneity within each region is of interest while
preserving the boundaries within each tissue type, a small λ should be chosen. The value
of λ∗ serves as a lower bound for λ. As demonstrated in section III.E, values of λ smaller
than λ∗ put negligible weight on the spatial prior constraints.

Allowing variations inside each region is particularly important for robustness with
respect to errors in the prior. We demonstrated that the algorithm compensates for errors
in the location of the spatial prior regions by raising/lowering the properties in the parts
of the regions that are mismatched with the actual phantom. Similar effects were observed
when the fibroglandular spatial prior region was smaller than the actual fibroglandular
tissue region.

This self-correcting feature of DBIM-SP suggests that this approach would be robust
with respect to other types of errors in the prior information. For example, if we set a false
inclusion as a third region immersed in the adipose tissue, DBIM-SP has the flexibility
to reconstruct its properties as those corresponding to adipose tissue. If we create a false
inclusion in the adipose tissue that is linked to the fibroglandular region, so that we still only
have two regions, the algorithm again has the flexibility to lower the estimated properties of
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the false inclusion compared to the fibroglandular tissue in that region. Similarly, DBIM-
SP would allow the estimated dielectric properties of a tumor to differ from those of the
surrounding healthy fibroglandular tissue regardless of whether there was a specific, distinct
spatial prior for the tumor.

An important requirement of DBIM-SP is accurate co-registration between the imaging
modality that provides the spatial prior information and the microwave imaging scan. As
discussed in section IV.D, misalignments of more than 6 mm may result in poorer image
quality than conventional DBIM. However, co-registration is an active area of investigation,
and the system presented in [52] has shown to produce good alignment results.
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4 a clinical study of the impact of microwave ablation
on the dielectric properties of breast tissue

This chapter is intended for submission to Physics in Medicine and Biology.

4.1 Abstract

Percutaneous microwave ablation (MWA) is a promising technology for patients with breast
cancer, as it has potential to treat individuals who have less aggressive cancers or do not
respond to targeted therapies in the neoadjuvant or pre-surgical setting. In this study we
investigate the changes induced by MWA in the microwave dielectric properties of breast
tissue. While these changes have been characterized for relatively homogeneous tissues
such as liver, those prior results are not directly translatable to breast tissue because of
the extreme tissue heterogeneity present in the breast. This study was motivated in part
by the expectation that the changes in the dielectric properties will be impacted by breast
composition of the targeted volume, and this knowledge is essential for the successful
development of MWA systems for breast cancer. We performed ablations in 14 human
ex-vivo prophylactic mastectomy specimens from surgeries conducted at the UW Hospital
and monitored the temperature in the vicinity of the MWA antenna during ablation. After
ablation we measured the dielectric properties of the tissue and analyzed the tissue samples
to determine both the tissue composition and the extent of damage due to the ablation. We
observed that MWA induced cell damage across all tissue compositions, and found that the
microwave frequency-dependent relative permittivity and conductivity of damaged tissue
are lower than those of healthy tissue, especially for tissue with high fibroglandular content.
The results provide information for future developments on breast MWA systems.

4.2 Introduction

The majority of new breast cancer cases are diagnosed at an early and localized stage
wherein the tumor is no more than 2 cm in size [73]. There is growing interest in applying
minimally invasive ablative therapies to patients with these small breast carcinomas to
minimize the side effects and risks of surgical treatment, particularly in individuals who
have less aggressive cancers and in those for whom surgery is prohibitive due to comorbidi-
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ties [74, 75, 76]. Additionally, there is a significant number of patients who do not respond
to targeted therapies in the neoadjuvant or presurgical setting. The response of a primary
breast tumor to either neoadjuvant chemo or endocrine therapy ranges between 5 and 50%
[77], and these patients have a worse prognostic outcome [78]. Ablative therapies are a
promising option for treating these tumors before surgery.

Percutaneous microwave ablation (MWA) is a minimally invasive thermal therapy that
delivers microwave energy to the tumor via an interstitial antenna [26]. The microwave
energy absorbed in the tumor induces the cytotoxic effects of heat, resulting in protein
denaturation and coagulation necrosis [56]. MWA has already emerged as a well-accepted
technique for treating unresectable malignant hepatic tumors [79, 22], in part because of
its advantages relative to other thermal therapies. Namely, MWA achieves higher tem-
peratures, larger ablation volumes (as needed), and shorter ablation times [53], thereby
avoiding the discomfort patients experience with prolonged heating.

MWA is under investigation for treating other types of cancer, including malignant
breast tumors [19, 20, 80]. Zhou et al. found that the rate of complete ablation of small
breast tumors was higher than that of radio-frequency ablation, high-intensity focused
ultrasound, laser ablation, and cryoablation [20]. Additionally, Yu et al. have shown a
reduction in volume and palpability of the lesions and satisfying cosmetic outcomes [80].
These preliminary in vivo studies suggest that MWA is a promising alternative to surgery
for minimally invasive treatment of breast cancer.

Knowledge about microwave-frequency dielectric properties changes throughout the
breast tissue during MWA is essential for the successful development of MWA systems for
breast cancer. Lazebnik et al. [11] and [10] characterized the dielectric properties of ex
vivo breast tissue at room temperature. However, the temperature increase during MWA
and the accompanying physiological changes in the tissue induce changes in the microwave
dielectric properties as the ablation progresses. The dielectric properties of other tissues
have been characterized over wide temperature ranges (e.g., [57] and references therein),
motivated by the interest in improving simulation tools for designing hepatic ablation
systems. However, breast tissue is very different than liver tissue in that it is composed
of fibrous, glandular, and adipose tissue types, and this is highly heterogeneous. The
heterogeneity present in breast tissue impacts changes in dielectric properties throughout
the ablation zone depending on the breast composition of the target volume.

In this study we investigate MWA in heterogeneous breast tissue and characterize the
changes in temperature during ablation and the resulting change in tissue microwave di-
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electric properties post-ablation. We performed ablations in 14 human ex-vivo prophylactic
mastectomy specimens from surgeries conducted at the University of Wisconsin Hospital
and Clinics. The ablations were performed at 1.9 GHz using between 35-100 W of power
for 2 to 5 minutes. The temperature was monitored during ablation in the vicinity of the
antenna, and dielectric properties were measured post-ablation after dissecting the ablated
zone. We evaluated samples of the tissue to determine both the tissue composition and the
extent of damage due to the ablation. All this information allows us to draw conclusions
on the dynamics and effects of microwave ablation of heterogeneous breast tissue. The
results provide information for future developments on breast MWA systems.

The paper is organized as follows. Section 2 presents the experimental procedures
performed in this study, including the handling of the mastectomy specimens, as well as
the MWA details and measurement details. Section 3 presents the results of this study,
namely temperature, histology analysis, and dielectric spectroscopy measurements taken
during the experiments. Section 4 discusses the results and the implications of our findings.
Section 5 presents a summary and conclusion of the investigation.

4.3 Experimental Procedure

Source of tissue and tissue handling procedure

Microwave ablation was performed in 14 whole-breast mastectomy specimens obtained from
prophylactic mastectomy surgeries at the University of Wisconsin Hospital and Clinics.
By using prophylactic mastectomy specimens, we focus on the effects and performance of
MWA in healthy (non-cancerous) tissue. The subjects who underwent the mastectomy
surgeries were between 37 and 56 years old, with a mean age of 43 years old. Ten of the
subjects had contralateral breast cancer at the time of surgery, and three of them had
received neoadjuvant chemotherapy treatment in the six months previous to the surgery.
In pre-operative radiology examination, twelve subjects were classified as BI-RADS density
class 3 “heterogeneously dense”, one was classified as BI-RADS density class 2 “scattered
fibroglandular elements”, and one was classified as BI-RADS density class 1 “predominantly
fatty”.

As soon as the surgeon removed the breast from the subject, it was transported from the
operating room to the hospital pathology grossing area where the pathologists’ assistant
weighed the specimen and inked its exterior, as per standard protocol. The weights of the
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specimens ranged between 400 g to 1720 g. Immediately following this initial examination,
MWA was performed and the measurements were taken. The microwave ablations began
20 to 35 minutes after the specimens left the operating room.

During the MWA procedure temperature measurements were taken at four locations.
Immediately after the power was turned off dielectric measurements and histological sam-
ples were obtained from the specimen from the same four locations. Finally, the tissue was
handed back to the pathologist’s assistant to gross the sample as per standard protocol.
The complete experiment, including the microwave ablation procedure and the measure-
ments, had to be done under strict time constraints to ensure that the tissue was placed
in a preservative within one hour of being removed from the subjects, to comply with the
tissue handling guidelines set by the American Society of Clinical Oncology and the College
of American Pathologists.

MWA details

Antenna

Temperature
probes

Figure 4.1: Photograph of the microwave ablation and temperature monitoring configu-
ration. The rigid ablation antenna is inserted horizontally into the mastectomy specimen
while four fiber-optic temperature probes are inserted vertically into the tissue through
biopsy needles. The yellow and dark blue color of the specimen is due to ink applied to
the specimen surface as part of the standard pathology grossing procedure.

Figure 4.1 shows the experimental set-up for MWA at the grossing room’s lab bench.
The blue and yellow color of the specimen is due to the ink applied by the pathologist’s
assistant. With the posterior of the breast lying down on the lab bench, the MWA antenna
was inserted horizontally into the specimen. Given the highly heterogeneous composition
of the breast (adipose tissue with regions of fibrous and glandular tissue), inserting the
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antenna by itself was difficult and would have bent the antenna. Therefore, to aid the
insertion, we used a hand-made 4 mm diameter stainless-steel needle guide that was then
retracted to the outside of the tissue. The antenna insertion was aimed in such a way that
the active portion of the antenna would be underneath the nipple to target tissue with
fibroglandular content.

Two different antennas were used in this study. For the first two experiments we used
a balun-free helical monopole antenna, as described in [59], which was modified to operate
at 1.9 GHz in breast tissue that has a 30% fibroglandular composition. This antenna offers
benefits such as a small diameter and compact heating zone; however, it is quite sensitive
to the dielectric environment of the surrounding tissue. For specimens 3-14 we used a
floating sleeve dipole (FSD) antenna [81] modified to operate at 1.9 GHz in breast tissue
that has 30% fibroglandular composition. The FSD design produces larger heating zones
and has a larger diameter than the helical monopole, making it more invasive. However, it
is less sensitive to the tissue environment than the helical monopole design and is physically
more robust. Due to the ex-vivo nature of this study, the sensitivity and physical strength
benefits of the FSD design outweighed its increased invasiveness and larger heating zone,
and this design was used for the majority of the experiments. The modifications made to
these antennas can be found in [82].

The ablations were performed using a continuous 1.9 GHz signal. The power levels and
ablation times are shown in table 4.1. The power and times varied between 35 and 100
W and 2 to 5 minutes. For the first two experiments, we used lower power levels as we
were still determining the necessary power levels to achieve high temperatures in less than
5 minutes. Starting with specimen 3, we adopted using always 100 W and modifying the
ablation time between 2 and 5 minutes, to ensure that the specimen reached temperatures
above 60 ◦C for significant amounts of time.

The equipment used for microwave ablation consisted of a 1.9 GHz signal generator,
namely an HP 8350B sweep oscillator with the 83522A plug-in to cover 1.9 GHz. The signal
was amplified to the desired power level with a DMS 7066 amplifier. The high power signal
was passed through a three-port circulator to the ablation antenna. The circulator directed
any reflected power from the antenna through a 40 dB attenuator to a Gigatronics 8542
universal power meter. The power meter arrangement facilitated monitoring the reflected
power and therefore the power that was actually being delivered into the tissue.

An Agilent N5221A vector network analyzer (VNA) was used to record the input reflec-
tion coefficient (S11) for the antenna inside the tissue, prior to the ablation. The antenna
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TABLE 4.1: Power level, duration, and antenna type used for each ablation experiment.

Specimen Power (W) Time (minutes) Antenna
1 35 5 Helical monopole
2 40 5 Helical monopole
3 100 2 FSD
4 100 2 FSD
5 100 5 FSD
6 100 4.5 FSD
7 100 4.5 FSD
8 100 4 FSD
9 100 4 FSD
10 100 5 FSD
11 100 5 FSD
12 100 5 FSD
13 100 4.5 FSD
14 100 5 FSD

was then disconnected from the VNA and attached to the output of the power amplifier.

Measurements

We obtained temperature measurements, dielectric spectroscopy measurements, and sam-
ples for histological analysis from four locations with respect to the antenna in a radial
horizontal direction. The locations were: 5 mm to the left, 5 mm to the right, 10 mm to
the right, and 15 mm to the right of the center of the active portion of the antenna. A
schematic of the measurement configuration is shown in Figure 4.2. The schematic shows
the cross-section transverse to the center of the active portion of the antenna.

Temperature

Four fiber optic temperature probes were inserted vertically into the tissue using 14 gauge
biopsy needles passing through a plastic template to ensure correct probe spacing. The
temperature probes are shown as vertical lines in Figure 4.2. All the needles were retracted
from the tissue prior to the start of the ablation, leaving only the non-conductive tempera-
ture probes and the antenna present in the tissue. Temperature measurements at the four
locations were recorded every 1 second while the power for the ablation was turned on.

Three temperature measurements were excluded from our results due to the tempera-
ture probes coming out of the tissue or getting damaged during the experiment.
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-5 0 5 10 15mm

Antenna

Temperature probes

Ablated 
tissue

Figure 4.2: Schematic showing measurement locations relative to the MWA antenna. In
this cross-sectional view, the ablation antenna is oriented perpendicular to the plane of the
page. The temperature probes are shown as vertical black lines. The tips of the temper-
ature probes are positioned along a horizontal line perpendicular to the longitudinal axis
of the antenna and spaced in 5-mm increments away from the antenna. Dielectric spec-
troscopy measurements and samples for histological analysis were taken from these same
temperature measurement locations. The dark region represents an example of ablated
tissue.

Dielectric spectroscopy measurements

After power for the ablation was turned off, the tissue was cut along the plane of the
temperature probes and transverse to the antenna (along the plane shown in the schematic
in Figure 4.2). A second cut was made, parallel to the first, to facilitate placing the slice
of tissue flat on the lab bench. Dielectric spectroscopy measurements of the tissue in the
same locations in which the temperature probes were placed were taken immediately after
the tissue was sliced.

The dielectric spectroscopy measurements were performed over the frequency range of
0.5 to 10 GHz using the Agilent Technologies 85070E Dielectric Probe Kit. The slim-form
probe used for these measurements has a diameter of 2.2 mm and an approximate sensing
volume extending 1.5 mm into the tissue from the surface, with a width of 5 mm [83]. The
dielectric probe was calibrated while the ablation was being performed, therefore the time
between probe calibration and the dielectric measurements was always under 5 minutes.
Two dielectric probe measurements were recorded in each of the measurement locations.
After the dielectric probe measurements were complete, the tissue was lightly dried with a
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Antenna
location

Figure 4.3: Photograph of a sliced tissue specimen post ablation. The orientation here is
the same as the plane of Fig. 4.2. Black ink spots mark the locations of the four dielectric
measurements. The second dark circle from the left is the hole where the MWA antenna
was inserted.

paper towel, and the measurement locations were inked with green ink using a toothpick.
These ink spots facilitated subsequent histological evaluation of the tissue composition at
the measurement locations. Figure 4.3 shows the slice of tissue after inking. The four ink
spots are visible as well as the hole from the antenna insertion (second from the left).

The data sets were fitted to Debye models. Given the small frequency range in which
the samples were characterized, the Debye models provided good fits that were comparable
to those of more flexible models such as Cole-Cole, while having less ambiguity in the model
parameters. To identify dielectric measurements that mischaracterized the tissue samples
due to experimental errors, such as poor contact between the probe and the tissue, we
conduct a Kramers-Kronig consistency test similar to the test performed in [11]. Here
we evaluate the quality of the physical model fit to determine if the data satisfies the
Kramers-Kronig relation. The quality of the fit was determined by its root mean squared
error:

e =

√√√√ N∑
i=1
‖ε∗meas,i − ε∗fit,i‖2/N (4.1)

where ε∗meas,i is the complex permittivity measured at frequency point i and ε∗fit,iis the
corresponding complex permittivity of the Debye fit. The number of frequency points
recorded N was 951. We set the threshold at e = 0.001. Any measurements that produced
fits with e > 0.001 were excluded from our results and analysis. This value was chosen
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to exclude the cases in which the best fitting Debye model did not match the frequency
dependence of the measured data set. A total of 10 characterized tissue samples were
excluded based on this criterion.

Another 8 measurements were excluded due to the location of the measurements not
corresponding to the standard locations shown in the schematic in figure 4.2. The exclusions
left 94 dielectric spectroscopy measurements for final analysis.

Histological analysis

Ink
spot

Histology 
slide

Tissue
1.5 m

m

5
 m

m

Figure 4.4: Illustration showing the orientation of the histology section taken at the location
of a black ink spot. The 1.5-mm by 5.0-mm region beneath the ink spot marks the area
assessed during histological analysis of the section.

After the dielectric spectroscopy measurements were completed and the location of the
measurements was inked, a small piece of tissue at each of the measurement locations was
removed and sent for histological analysis. The analysis consisted in evaluating the tissue
composition (proportion of adipose and fibroglandular tissue) and the damage observed in
the sample (proportion of fibroglandular cells that showed evidence of thermal damage).
Thermal damage was described by cautery-like effects and nuclear disruptions in epithelial
cells, and it could only be noticed in fibroglandular cells (not adipose cells). The volume
analyzed by the pathologist consisted of an area extending 1.5 mm into the tissue from the
surface, with a width of 5 mm. This region was chosen to correspond to the sensing volume
of the 2.2 mm diameter open-ended coaxial probe used for the dielectric measurements.
Figure 4.4 shows a schematic of the histology slide obtained from an the probe measurement
location (ink spot) and the region that was analyzed with respect to it.
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Of the 56 histology slides taken, four were excluded from our results and analysis since
they did not correspond to the standard locations shown in the schematic in figure 4.2.

4.4 Results
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Figure 4.5: Mean (solid) and standard deviation range (dotted) of temperatures observed
at the following locations as a function of time for the first 4 minutes of MWA: (a) 5 mm
to the left of the antenna, (b) 5 mm to the right of the antenna, (c) 10 mm to the right of
the antenna, and (d) 15 mm to the right of the antenna. The discontinuities are due to the
availability of measurement data sets for a larger number of tissue specimens during the
first 2 minutes of ablation. Only measurements for ablations at 100 W were considered in
this analysis.

Figure 4.5 shows the mean temperatures, as well as one standard deviation range,
observed at each of the four locations, as a function of the time the power was on. In
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these plots, only the data for experiments that used 100 W of power was considered, to
examine the evolution of temperature for a constant power level. The number of samples
available in each location varies because of the data that was excluded from our results.
The jumps are due to the varying duration of the experiments. We observe that within
the 10 mm next to the center of the active portion of the microwave ablation antenna, the
temperature increase behaves quite similarly (plots (a), (b), and (c)). In these locations,
the temperature observations reached averages above 60◦C within the first two minutes
of ablation. In the location 15 mm away from the antenna the temperature increase was
slower, achieving average temperatures above 60◦C after two and a half minutes. The
sudden increase in temperature we observe in the 75th percentile curve in plot (b) and 25th

percentile in plot (c) was something observed a number of times during the experiments.
This sudden increase could be due to steam reaching the temperature probe or a slight
movement of the temperature probe due to tissue deformation.
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Figure 4.6: Histogram showing tissue composition of each sample, as determined via his-
tological analysis. The bars show the number of cases at each measurement location (5
mm to the left and 5/10/15 mm to the right) in each of the following composition groups:
0-30% adipose, 31-84% adipose, and 85-100% adipose. Twelve of the 15 samples in the
85-100% adipose group were 100% adipose.

Figure 4.6 shows the histology results for the composition of the samples in the four
locations. In this histogram, we group the data into three groups according to the propor-
tion of adipose tissue present in the sample in the region of interest. The groups are 0-30%
adipose content, 31-84% adipose content, and 85-100% adipose content. This grouping
criterion follows that of [11]. We observe that the samples in the four locations span the
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whole range of possible tissue compositions for breast tissue. Of the 15 samples in the
85-100% adipose tissue, 12 of them were 100% adipose tissue. These samples did not give
us any further information about the damage of the tissue because the histology analysis
did not allow to appreciate damage in adipose cells.
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Figure 4.7: Histogram showing the histological outcomes for thermal damage assessment.
The bars show the number of cases at each measurement location exhibiting “damage”
versus “no damage”. The 12 samples of 100% adipose tissue are not reported here since
their damage state cannot be assessed via histological analysis.

The histology results for observed damage of the samples that contained at least some
non-adipose cells are summarized in figure 4.7. Here we consider that a sample was dam-
aged if 30% or more of the non-adipose cells showed nuclear disruptions and observable
cautery-like effects. We chose 30% because this was the smallest proportion of damaged
cells observed in the samples that showed damage, i.e. the samples in the “no damage”
group, in fact, did not show any signs of damage. The figure shows that, as expected,
damage is more predominant in the locations closer to the antenna and the proportion of
samples where damage was observed decreases as we move further away from the antenna.

Figure 4.8 plots the histology results for composition and damage, together with the
peak temperatures observed for each sample. Here red circles indicate samples that show
damage, and blue triangles indicate non-damaged samples. Firstly, we note that there are
samples across all tissue compositions that show damage. This indicates that the presence
of adipose tissue does not impede ablation of other types of tissues. Additionally, we
observe that 78% of the samples that reached temperatures above 60◦C showed evidence
of damage, while none of the samples that reached less than 40◦C showed signs of damage.
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Figure 4.8: Peak temperature observed at each measurement location versus adipose con-
tent of the tissue at that location. The marker style indicates whether damage was or was
not observed during the histological analysis.

Some samples seem to have reached very high temperatures, and however not present
damage. This seemingly inconsistency might be due to the temperature being high for only
a short amount of time or to poor co-location between the temperature measurements and
the samples taken for histological analysis, meaning that the location of the temperature
measurement might have been slightly different than the site from where we took the
histology slide.
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Figure 4.9: Median fitted dielectric properties of ablated breast tissue (red lines, this study)
compared to healthy breast tissue (gray lines, [11]). The variability bars show the 25th and
75th percentiles.
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Finally, figure 4.9 shows the median relative permittivity and effective conductivity of
the samples that showed damaged, for each of the three composition groups. These curves
were calculated using the median values of the Debye fit parameters for the measurements
in each composition group. For reference, the plots also show dielectric properties of
healthy tissue for each composition group, as reported by [11]. The variability bars show
the 25th and 75th percentiles of the properties of each group. We observe that the dielectric
properties of damaged tissue are considerably lower than those of healthy tissue, especially
for tissue with high fibroglandular content. This is consistent with what has been observed
for other tissue types, such as liver [30], where the dielectric properties of ablated tissue
are lower than those of healthy tissue.

4.5 Discussion

Performing these ablations in ex vivo human breast tissue was somewhat challenging,
mainly because of the heterogeneity of the tissue. Insertion of the temperature probes
through the fibrous tissue was difficult, and the angles of insertion could have been af-
fected causing misalignment of the measurement locations. This could explain some of the
inconsistencies in the data, such as samples reaching high temperatures but not showing
signs of damage. Also, we observed considerable tissue deformation during the course of
the ablation, where the tissue would swell up above the active region of the antenna. The
deformation was likely a side-effect of tissue contraction due to dehydration during abla-
tion. This distortion is potentially problematic as it introduces uncertainty in the locations
of the temperature probes with respect to the antenna.

This issue of exact location of measurement sites also arises for the dielectric measure-
ments and histological analysis. After dissecting the tissue, the hole where the antenna
was inserted is evident, and therefore the four locations for the dielectric measurements
can be determined confidently by using a ruler. However, after measuring, we ink the
measurement spot, the pathologist’s assistant takes the tissue samples, and the pathologist
analyzes the samples in the specified area. Because these three steps are done at different
moments in time and by different people, there is likely some mismatch between the areas
being analyzed.

Another practical consideration is that due to the fibrous tissue in the breast being
very tough and the adipose tissue being very brittle, a stainless-steel needle was needed
to aid the antenna insertion procedure to guide the insertion in the desired direction and
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protect the integrity of the antenna. This indicates that in practice, a physically strong
antenna will be necessary to perform ablations of tumors in breast tissue.

Of particular note is the fact that the presence of adipose tissue in a given region does
not impede the ablation of the fibroglandular tissue in that region. The samples showing
evidence of thermal damage span the full range of fibroglandular percentages. This is an
important result for assessing the efficacy of MWA in breast tissue: because the breast
is highly heterogeneous it is important that a proposed therapy is capable of destroying
target cells which are surrounded by adipose tissue.

As expected, the relative permittivity and effective conductivity in the microwave fre-
quency range of ablated breast tissue were lower than that of healthy breast tissue. This
was observed for tissue samples across all composition groups. This result is important for
antenna design considerations, as the antenna has to perform in tissue that will be chang-
ing dielectric properties during the course of the ablation. Also, this result is encouraging
for MWA monitoring strategies that use radar or inverse scattering techniques. However,
further investigations need to be done to increase the number of samples and provide a
more statistically significant analysis.

4.6 Conclusion and Summary

This study demonstrates a protocol for acquiring dielectric and histological data in con-
junction with MWA of ex-vivo human breast tissue. High temperatures, above 60 ◦C,
and accompanying cell damage were achieved for tissue across the whole range of possible
compositions (fibroglandular/adipose content). An important result is that the presence of
adipose tissue in a given region does not impede the damage of fibroglandular tissue in that
region. This is relevant because malignant cells are similar to fibroglandular cells. Finally,
we found that the ablation generally decreased the permittivity and conductivity of tissue.
These results provide a valuable reference point for the development of future microwave
ablation of breast tumor treatments and accompanying ablation monitoring techniques.
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5 characterization and analysis of wideband
temperature-dependent dielectric properties of liver
tissue for next-generation minimally invasive microwave
tumor ablation technology

This chapter was previously published in 2018 IEEE/MTT-S International Microwave
Symposium - IMS [84].

5.1 Abstract

Microwave ablation (MWA) is a minimally invasive thermal therapy that delivers mi-
crowave energy to a malignant tumor via an interstitial antenna. To date, MWA sys-
tems have primarily operated at 915 MHz or 2.45 GHz. Knowledge of the temperature-
dependent tissue dielectric properties at frequencies above 2.45 GHz is essential for future
development of MWA systems that leverage advantageous antenna design and ablation
performance characteristics at higher frequencies. This information is also critical for the
development of real-time microwave sensing techniques for MWA monitoring. We report
measured and modeled wideband (0.5-20 GHz) temperature-dependent (25-93◦C) dielectric
properties of ex vivo porcine liver tissue during MWA. The temperature-dependent dielec-
tric properties were modeled using two-pole Debye models with temperature-dependent
parameters described by third-order polynomials. The results address a gap in present
knowledge of properties over both a wide frequency band and wide range of temperatures
relevant to MWA.

5.2 Introduction

Percutaneous microwave ablation (MWA) is a minimally invasive thermal therapy for treat-
ing cancer. It consists of delivering a cytotoxic microwave-induced thermal dose to the
tumor via an interstitial antenna [26]. Microwave-induced heating of tissue to tempera-
tures above 50-60◦C induces protein denaturation and coagulation necrosis [56]. MWA has
already emerged as a well-accepted technique for treating unresectable malignant hepatic
tumors [79, 22]. While clinical microwave ablation treatments have been performed us-
ing 915 MHz and 2.45 GHz systems [53], there are compelling advantages in using higher
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frequencies. A recent study of MWA at frequencies between 1.9 and 26 GHz—a range
that includes three ISM bands—showed that the use of higher frequencies produces more
spherical ablation zones [85]. Furthermore, operating at higher frequencies facilitates the
design of shorter antennas that offer greater agility and flexibility in reaching the target
tissue, compared to conventional low-frequency MWA antennas.

Knowledge of the dynamic behavior of tissue dielectric properties at higher microwave
frequencies during MWA treatment is essential for the successful development of next-
generation minimally invasive MWA systems. Such data is also critically important for
the development of wideband or multiband microwave imaging techniques for real-time
monitoring of MWA, regardless of the ablation frequency [86, 87]. Wideband dielectric
properties (0.5 - 20 GHz) of bovine liver tissue over the temperature range between 20◦C
and 60◦C have been previously reported [57] (and references therein). However, during
MWA treatment the tissue temperature easily rises above 60◦C, at which point the tissue
undergoes significant irreversible changes in physiology. The dielectric properties of animal
liver tissue over a much wider range of temperatures (20◦C to 120◦C) have only been
reported at 2.45 GHz [31, 30, 88].

This paper addresses the gap in the present knowledge of tissue dielectric properties
over a wide range of frequencies, and simultaneously, a wide range of temperatures rele-
vant to MWA. In this study we measured and analyzed wideband temperature dependent
dielectric properties of liver tissue during MWA. We performed four ex-vivo liver ablations
and recorded in situ temperature and dielectric spectroscopy measurements during the
ablations. We modeled the measured temperature-dependent dielectric properties using
two-pole Debye models with temperature-dependent parameters. The results provide valu-
able information for the future development of MWA and ablation monitoring systems.

5.3 Methods

Experimental Procedure

We performed microwave ablations in four samples of ex-vivo porcine liver tissue specimens.
In all cases, the livers were kept sealed in a thermally insulated container from the time
of excision to experiment, and the experiments were concluded within 5 hours of excision.
The ablations were performed at a power level of 40 W using a 1.9 GHz floating sleeve
dipole antenna and system hardware similar to that reported in [89]. Ablation durations
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ranged between 1 and 17 minutes.
Figure 5.1 shows the experimental set-up. The MWA antenna was inserted horizon-

tally into the tissue, and the temperature and dielectric probes were inserted vertically
at a radial distance of approximately 1 cm from the active region of the antenna. The
temperature measurements were performed with a Neoptix fiber-optic temperature sensor.
The dielectric spectroscopy measurements were performed over the frequency range of 0.5
to 20 GHz using an Agilent 85070E dielectric probe kit with a slim-form probe. The 2.2-
mm-diameter probe has an approximate sensing volume extending 1.5 mm into the tissue
from the surface, with a width of 5 mm [83]. Two thin fiberoptic temperature probes were
bundled with the dielectric probe, one at each side, to reduce uncertainty in the tempera-
ture of the tissue that was being characterized. The temperature of the tissue at the tip of
the dielectric probe was assumed to be the average between the two temperature probes.
The tips of the temperature probes were positioned approximately 1 mm above the tip of
the dielectric probe to ensure that the dielectric measurements were not affected by the
presence of the temperature probes1. Temperature and dielectric spectroscopy measure-
ments were recorded every 20 seconds during each ablation. This resulted in a total of 127
measurements of wideband dielectric properties of liver tissue at different temperatures.

Data analysis

The following two-pole Debye model was fit to each dielectric spectroscopy data set by
minimizing the squared error in the complex permittivity over frequency:

ε′(ω)− jε′′(ω) = ε∞ + ∆ε1
1 + jωτ1

+ ∆ε2
1 + jωτ2

+ σs
jωε0

. (5.1)

A two-pole Debye model was chosen over a single pole model because it provided a better fit
over the wide frequency band of the measurements. We evaluated the quality of each fit and
excluded the measurement data set if the root-mean-square error exceeded a set threshold.
This type of exclusion criteria has been previously used to ensure consistency with the
Kramers-Kronig relation and eliminate measured data that may have been corrupted by
experimental artifacts [57].

This process yielded six Debye parameters (ε∞, σs, ∆ε1, τ1, ∆ε2, and τ2) as a function of
temperature. We fit a third-order polynomial to each Debye-parameter-versus-temperature

1The validity of this configuration was confirmed using reference liquid measurements.
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MWA antenna

Thermal lesion

Dielectric probe

Temperature probes 1 cm

Figure 5.1: Top view of the experimental configuration for characterizing the temperature-
dependent dielectric properties during ablation. The MWA antenna is oriented horizontally
inside the tissue specimen while the dielectric probe and two temperature probes are ori-
ented vertically at a radial distance of approximately 1 cm from the active central portion
of the antenna.

curve. This allowed us to capture the wideband, temperature-dependent dielectric proper-
ties of liver tissue during ablation using a very compact model.

5.4 Results

The temperatures recorded during the MWA procedures ranged from 25◦C to 93◦C. Six
of the 127 measurements were excluded because the root-mean-square error of the Debye
fit exceeded the chosen threshold. Approximately 65% of the remaining 121 data sets
corresponded to temperatures above 60◦C, which are the temperatures of greatest interest
in this study.

Figure 2 shows the parameters of the two-pole Debye fits for each measurement (indi-
vidual black circles) as a function of temperature and their corresponding polynomial fit
(solid red curves). All six parameters demonstrate temperature dependent effects during
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MWA. Table I shows the coefficients of the third-order polynomial fits for each two-pole
Debye parameter.
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Figure 5.2: Two-pole Debye parameters as a function of temperature for each measurement
(black) and the corresponding third-order polynomial fits (red).

Figure 3 shows our models for the dielectric properties—relative permittivity and
conductivity—as a function of temperature for five representative frequencies: 1, 2.45,
5, 10, and 15 GHz. We observe that for the lower frequencies (i.e. 1 GHz and 2.45 GHz),
the total decrease in relative permittivity is around 30-35% as temperature increases from
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TABLE 5.1: Coefficients of third-order polynomial fit (a3t
3 + a2t

2 + a1t + a0) to each
two-pole Debye parameter as a function of temperature (t in ◦C)

a3 (·10−5) a2 (·10−3) a1 a0

ε∞ 4.48 -6.22 0.25 5.00
σs (S/m) -0.42 0.55 -0.02 0.67

∆ε1 -0.90 2.00 -0.09 7.82
τ1 (ps) -32.88 57.36 -2.32 95.28

∆ε2 -8.56 8.71 -0.26 31.83
τ2 (ps) 1.03 -0.87 -0.08 10.33

25◦C to 93◦C. A higher frequencies the relative permittivity initially increases with tem-
perature and reaches a maximum at about 60◦C. It then quickly decreases as the tissue
temperature approaches 100◦C. In contrast, the conductivity at frequencies greater than
5 GHz decreases steadily as a function of temperature. At frequencies below 5 GHz the
conductivity increases slightly until the tissue reaches 70◦C and then decreases.

Figure 4 shows a comparison between our dielectric properties model evaluated at 2.45
GHz and previously published data at 2.45 GHz [57, 30, 90]. We observe that our model
is consistent with the trends reported in these previous studies within the range of over-
lapping temperatures and frequencies. Note that the results in [57] considered a maximum
temperature of 60◦C and that the temperature-dependent properties reported in [30] were
measured only at 2.45 GHz during MWA. We also observe that the variability across these
studies falls within the variability bars of the single-temperature, single-frequency study of
[90]. The upward slope in conductivity for temperatures up to 60◦C was also observed in
[57], while [30] found a slight decrease in conductivity for this temperature range.
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Figure 5.3: Relative permittivity and conductivity as a function of temperature during
MWA ablation for five discrete frequencies calculated from the two-pole temperature-
dependent Debye models.
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Figure 5.4: Comparison of models of relative permittivity and conductivity at 2.45 GHz
of liver tissue as a function of temperature. The solid line corresponds to our model, the
dashed line corresponds to the model in [57], the dotted line corresponds to properties
measured during MWA [30], and the error bar corresponds to the variability observed in
[90]. The insert in the conductivity plot shows greater detail by limiting the vertical axis
range.
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6 microwave ablation monitoring in real-time through
microwave inverse scattering using pre-computed
patient-specific breast models and candidate ablation
zones

6.1 Introduction

The lack of suitable imaging technologies for monitoring and verifying completeness of
MWA is a limiting factor in the practical application of MWA for the treatment of cancer.
The use of microwave imaging has long been investigated as a technique for monitoring
hyperthermia treatment, for which the targeted temperature increase is typically less than
10 ◦C. In MWA treatments, the temperature increase is much higher, typically above
20 ◦C. The microwave-frequency dielectric properties of tissue undergo significant changes
during ablation, not only because of the temperature dependence of the properties, but also
because of the physiological changes as the tissue coagulates. The changes in the dielectric
properties of tissue during ablation studied in Chapters 3 and 4 provide a strong physical
basis for using microwave imaging to monitor MWA. However, conventional quantitative
3D microwave imaging algorithms for imaging high-contrast objects are computationally
expensive and hence not suitable for real-time imaging. Additionally, the regularization
techniques required to solve the inverse scattering ill-posed problem produce overly smooth
images, making it difficult to determine an appropriate boundary for the ablation zone.

The proposed approaches estimate the ablation zone dimensions by choosing from a set
of possible candidate ablation zones that are based on patient specific models. Real time
monitoring can be achieved because all the expensive necessary electromagnetic simulations
can be pre-computed.

6.2 Approach 1: Born Approximation

We can expect to know the dielectric properties of the breast before ablation to some ex-
tent, given that the patient will have had several medical images taken, including perhaps
microwave imaging with spatial priors, which would at least provide an approximate 3D
map of the dielectric properties inside the breast. Consider an array of antennas surround-
ing the breast, the dielectric properties of the breast pre-ablation to be the background
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properties for wave propagation, and the scatterer ε(r′)−εb(r′) in Equation 2.1 to be the ab-
lation zone at time t = tN . The Green’s function and the incident field for the background
can be computed before the start of the ablation. For m source-observation channels and
f frequencies we can build a set of mf equations of this form. Consider linearizing each
equation by approximating the total field inside the volume by the field inside the volume
when the scatterer is not present, i.e. Et ≈ Eb. This is known as the Born Approximation.
Discretizing the equations as in [7], we can express this system as:

Ax = b. (6.1)

Directly solving this problem using classical regularization techniques would result in
overly smooth solutions for the ablation zone. We propose imaging the ablation zone by
first defining a set of candidate ablation zones {xi}ni=1, where each xi is the dielectric
contrast of a particular candidate ablation zone. The ablation zone at time t = tN can be
estimated by finding the xi that best solves 6.1, i.e. the xi that solves the problem:

Minimizei‖Axi − b‖2. (6.2)

The appropriate shapes, sizes, and dielectric contrast of the candidate ablation zones can
be defined by using a priori knowledge about the evolution of the ablation zone (Aim 2).

Because the electromagnetic simulations for wave propagation in the background (tissue
pre-ablation) can be computed before the start of the ablation, this approach is suitable for
real-time monitoring. Only a quick comparison of the cost function in 6.2 for the different
candidate ablation zones has to be done at time t = tN .

A clear limitation of this approach is that the Born Approximation breaks down when
the scatterer is big or its dielectric contrast is high. Preliminary studies on the effects
of MWA on dielectric properties have shown reduction in relative permittivity as high as
40% for liver tissue [30], and depending on the size of the tumor the target ablation zone
size can be of various centimeters in diameter. To overcome this limitation, we present
Approach 2.
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6.3 Approach 2: Updated Born Approximation

Instead of approximating at every time t = tN the total field inside the volume, Et, by the
field obtained when the scatterer is not present, consider approximating the total field by
the field obtained when the scatterer corresponds to the ablation zone estimated at time
t = tN−1, i.e. when the properties inside the volume are εb + x̂N−1. This leads to a system
of equations A′x = b for every time t = tN during the ablation. As in the first approach,
the ablation zone is estimated by choosing the candidate ablation zone xi that best solves
the system.

This approach updates the Born Approximation every time the estimated ablation zone
changes, allowing for higher dielectric contrast and larger ablation zones to be the scatterer
in the electric field integral equations. The rationale for updating the approximation of
the total field with the field given the current estimate is that the size of the ablation zone
increases slowly, therefore the estimate of the ablation zone at time t = tN−1 provides a
good approximation for computing the total field inside the volume. This approach requires
computing the electric field inside the volume for every candidate ablation zone. However,
despite the extra computations, this approach is still suitable for real-time monitoring
because all the expensive electromagnetic simulations can be done before the start of the
ablation.

6.4 Approach 3: Compare measured and simulated fields

Here we present a very straightforward way of estimating the ablation zone at a time t = tN .
It consists of comparing the measured fields at the observation points with simulated fields
at the observation points for each candidate ablation zone. We choose the candidate
ablation zone xi that minimizes ‖Emeasured −Eεb+xi

simulated‖2.
This approach also requires to compute the electric fields for each candidate ablation

zone before the start of the ablation. It is more simple to implement, but the robustness
to noise and to errors in the model have to be evaluated.



68

6.5 Performance evaluation: Homogeneous tissue in 2D

Test bed and simulation set up

The first simulation test bed for evaluating the performance of the three approaches is sim-
ulations of ablations of homogeneous tissue in 2D. In particular, the tissue has an ellipsoidal
shape with frequency-dependent dielectric properties of average fibroglandular tissue, as
determined in [10], and it is surrounded by a layer of skin of 2 mm. The ablation zone has
circular shape, growing up to 15 mm in radius. Because the dielectric contrast of ablated
tissue is still being studied, two dielectric contrasts of ablation zones were considered: low,
which corresponds to a 20% drop in relative permittivity and 15% drop in effective conduc-
tivity, and high, which corresponds to a 40% drop in relative permittivity and 30% drop
in effective conductivity. Figure 6.1 shows the test bed for the two contrasts of ablation
zones investigated.

(a) (b)

Figure 6.1: Simulation test beds for the (a) low contrast ablation zone and (b) high contrast
ablation zone of homogeneous tissue in 2D.

An array of 8 antennas in air surrounding the tissue and one antenna inside the breast
(which can be the MWA antenna) was considered to transmit and receive the signals.
Measurements during ablation were simulated using FDTD, and were recorded at 2.4,
2.45, and 2.5 GHz. For each simulated ablation, measurements were recorded 100 times
when the ablation zone was 1, 3, 5, 7, 9, 11, 13, and 15 mm. White Gaussian noise was
added to every simulated measurement.

The candidate ablation zones were also considered to be circular and centered at the
MWA antenna. Low contrast candidate ablation zones were considered for the low contrast
ablation case, and high contrast candidate ablation zones were considered for the high
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contrast ablation case.

Robustness to errors in background properties

It is likely that our knowledge of the properties of the pre-ablated tissue will not perfect. To
study the robustness of these approaches to errors in the assumed background properties
we perform two experiments: a scenario in which the assumed relative permittivity of
the background is underestimated by 5%, and a scenario in which the assumed relative
permittivity of the background is overestimated by 5%.

The dielectric properties of the candidate ablation zones will be based, as before, on
a percent drop with respect to the background properties. Since the background will be
under or over estimated, the error will propagate to the set of candidate ablation zones.
In other words, not any candidate ablation zone will provide an exact match to the actual
ablation zone.

Results

Figure 6.2 shows the results for estimating the size of the ablation zone for the simulated
ablations using the three approaches. The first row shows the result for the low contrast
ablation case and the second row shows the results for the high contrast ablation case. The
SNR in these cases was 30 dB. In each plot the darkness of the square above the actual
ablation zone size (x-axis) correlates to the number of times the ablation zone was estimated
to be a certain size (y-axis). The dotted line corresponds to the desired estimation. Using
the Born Approximation (approach 1) results in poor estimates of the ablation zone size
when the contrast of the ablation is large. Updating the Born Approximation (approach 2)
and comparing the measured fields to pre-computed simulations of different ablation zone
candidates (approach 3) produces good estimates of the ablation zone size for both the low
contrast and high contrast ablation cases.

Figure 6.3 shows the results for a high noise scenario, particularly an SNR of 10 dB. In
this case, several estimation errors of up to 4 mm in radius occur in the low contrast case.
However, approaches 2 and 3 perform much better when the contrast of the ablation zone
is high, reducing the error to only ±2 mm.

Figure 6.4 shows the results for an SNR of 30 dB when the assumed relative permittivity
of the background is underestimated (first row) and overestimated (second row). Focusing
on the performance of approaches 2 and 3, we can conclude that when the properties of
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Figure 6.2: Approach 1: Born Approximation (left column), Approach 2: Updated Born
Approximation (middle column), and Approach 3: Compare fields (right column) results
for ablation of homogeneous tissue in 2D with a 30 dB SNR. The first row shows results
for the low contrast ablation zone, and the second row shows results for the high contrast
ablation zone.

the assumed background are underestimated, the estimated ablation zone size is generally
smaller than the actual ablation zone. Contrarily, when the properties of the assumed
background are overestimated, the size of the ablation zone is generally overestimated.

6.6 Performance evaluation: Heterogeneous breast tissue
in 2D

Test bed and simulation set up

Now we will study how these approaches perform in simulations of ablations of heteroge-
neous breast tissue in 2D. A 2D cross section of the Class 3 breast phantom in [67] was
chosen to represent the pre-ablated tissue. The ablation zone was considered to be circu-
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Figure 6.3: Approach 1: Born Approximation (left column), Approach 2: Updated Born
Approximation (middle column), and Approach 3: Compare fields (right column) results
for ablation of homogeneous tissue in 2D with a 10 dB SNR. The first row shows results
for the low contrast ablation zone, and the second row shows results for the high contrast
ablation zone.

lar, growing up to 15 mm in radius. In this case, we assumes that only the properties of
fibroglandular tissue are affected by the ablation. In particular, we assume a drop of the
properties of the tissue to a value of 80% of the relative permittivity of healthy fibroglan-
dular tissue and 85% of the effective conductivity of healthy fibroglandular tissue. Figure
6.5 (a) shows the test bed for this simulation.

Similarly to the setup for homogeneous tissue, an array of 8 antennas in air surrounding
the breast and one antenna inside the breast was considered to transmit and receive the
signals. Measurements during ablation were simulated using FDTD, and were recorded
at 2.4, 2.45, and 2.5 GHz. For each simulated ablation, measurements were recorded 100
times when the ablation zone was 1, 3, 5, 7, 9, 11, 13, and 15 mm. White Gaussian noise
was added to every measurement.
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Figure 6.4: Approach 1: Born Approximation (left column), Approach 2: Updated Born
Approximation (middle column), and Approach 3: Compare fields (right column) results
for the ablation of homogeneous tissue in 2D with a 30 dB SNR. The first row shows results
for an underestimated background, and the second row shows results for an overestimated
background.

The candidate ablation zones were considered to also be circular centered at the MWA
antenna and affecting only fibroglandular tissue.

Robustness to errors in background properties

In this case we will consider a different type of error for studying the robustness of these
approaches to errors in the background properties. We assume we know the location of
the different types of tissues in the breast: adipose and fibroglandular, and their average
properties, not their spatial heterogeneous distribution. Figure 6.6 shows the exact dis-
tribution of dielectric properties of the 2D breast slice pre-ablation and the approximated
background.

As before, because the dielectric contrast of the candidate ablation zones is based on
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Figure 6.5: Simulation test bed for the ablation of a 2D cross-section of breast tissue.

our estimation of the background, there will be an inevitable error and not any candidate
ablation zone will provide an exact match to the actual ablated breast.

(a) (b)

Figure 6.6: (a) Exact distribution of dielectric properties of the breast pre-ablation) and
(b) approximated distribution of dielectric properties of the breast pre-ablation.

Results

Figure 6.7 shows the results for estimating the size of the ablation zone for an ablation using
the three approaches in a low noise scenario (SNR = 30 dB). The first row shows the results
for when there is perfect knowledge of the properties of the pre-ablated breast. In this case
we see that updating the Born Approximation (approach 2) and comparing the measured
and simulated fielsd (approach 3) perform perfectly. Using the Born Approximation by
itself (approach 1) fails when the size of the ablation zone is large.

The second row in 6.7 shows the results for when the properties of the breast pre-



74

ablation are correspond to the approximate model. In this case we observe errors for all
approaches, usually underestimating the ablation zone size.

Figure 6.7: Approach 1: Born Approximation (left column), Approach 2: Updated Born
Approximation (middle column), and Approach 3: Compare fields (right column) results
for ablation of heterogeneous breast tissue in 2D with a 30 dB SNR. The first row shows
results with exact knowledge of the pre-ablation properties, and the second row shows
results with assumed approximate pre-ablation properties.

6.7 Performance evaluation: Homogeneous tissue in 3D

Test bed and simulation set up

Finally, the performance of the approaches will be evaluated on simulations of ablations
of homogeneous tissue in 3D. In particular, we will consider tissue that is shaped like the
breast and has a 2 mm external layer of skin, but the inside is homogeneous with frequency-
dependent dielectric properties as average fibroglandular breast tissue [10]. The ablation
zone is considered to be spherical, growing up to 15 mm in radius, with a dielectric contrast
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corresponding to a drop of 40% in relative permittivity and 30% in effective conductivity.
This can be considered a high contrast scenario. Figure 6.8 shows the test bed for this
investigation.

(a) (b)

Figure 6.8: Simulation test beds for 3D ablations of homogeneous tissue. (a) Antenna
array and (b) distribution of dielectric properties of the tissue during ablation.

An array of 40 antennas in air surrounding the breast was considered to transmit
and receive the signals. Measurements during ablation were simulated using FDTD, and
were recorded at 2.4, 2.45, and 2.5 GHz. For each simulated ablation, measurements
were recorded 100 times when the ablation zone was 1, 3, 5, 7, 9, 11, 13, and 15 mm.
White Gaussian noise was added to each measurement. The candidate ablation zones were
considered to also be spherical.

Results

Figure 6.9 shows the results for the three approaches. Using the Born Approximation
(approach 1) performs very poorly in this case. However, updating the Born Approximation
(approach 2) and comparing the fields (approach 3) perform very well, especially as the
ablation zone gets larger in size.

6.8 Discussion and Conclusion

Three microwave imaging approaches were proposed for monitoring MWA. These ap-
proaches use pre-computed data and a set of candidate ablation zones based on patient-
specific models and a priori knowledge of the evolution of the ablation zone. Therefore,
these approaches are suitable for real-time monitoring of MWA.
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(a) (b)

(c)

Figure 6.9: Approach 1: Born Approximation (left column), Approach 2: Updated Born
Approximation (middle column), and Approach 3: Compare fields (right column) results
for ablation of homogeneous tissue in 3D with a 30 dB SNR.

Performance evaluation of these approaches was conducted under a set of different
scenarios, starting from a simple case of ablation of homogeneous tissue in 2D to ablation
of heterogeneous tissue in 2D. Finally validation of the performance of these approaches
was obtained for 3D in a simulation of an ablation of homogeneous tissue. The accuracy
of the estimations was observed assuming perfect knowledge of the dielectric properties
of pre-ablated tissue and ablated tissue, and for when there are errors in the assumed
properties of the pre-ablated tissue.

Updating the Born Approximation (approach 2) and comparing the measured fields
to simulated fields (approach 3) to find the ablation zone size proved to be very accurate
at estimating the ablation zone size. Both methods performed similarly. Using the Born
Approximation failed for large ablation sizes and high contrast ablation zones, as expected.
Errors in the assumed background led to errors in estimating the ablation zone size. An
underestimated assumed background led to underestimation of the ablation zone size, while



77

an overestimated background led to overestimation of the ablation zone size. For the
complex scenario of ablation of heterogeneous breast tissue, we found that the approximate
model did not provide good estimates of the ablation zone size, generally underestimating
it. This leads to believe that average properties of the different tissues in the breast might
not be a good enough approximation of the background properties in this heterogeneous
environment.

Even though these approaches provide reasonably good estimates, further studies in 3D
need to be performed more thoroughly to evaluate their performance. All three approaches,
especially approaches 2 and 3, rely heavily on computational electromagnetic simulations
that have to be performed before the start of the ablation. Also, they rely heavily on the
model of the tissue pre-ablation and on the model of the evolution of the ablation, for
example, on the ablation zone shape and its dielectric properties.
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7 real-time monitoring of microwave ablation using a
spatial temperature model and a
time-difference-of-arrival method

This chapter is intended for submission to the IEEE Transactions on Antennas and Prop-
agation.

7.1 Abstract

Microwave ablation is a cancer treatment that rapidly achieves malignant tissue denatura-
tion and necrosis by heating the cells to cytotoxic temperatures. Due to the short duration
of microwave ablation treatments, real-time monitoring is crucial to ensure treatment is
complete and temperatures are safely maintained in healthy tissue. Microwave imaging has
recently been explored as a monitoring modality, as there is a strong correlation between
the tissue’s dielectric properties and temperature. In this paper, we present a microwave
imaging method that combines the time-difference of arrival of sensing signals with spatial
models of the temperature during ablation to accurately estimate tissue temperature in
real-time. We obtain and model the spatial distribution of the temperature during abla-
tion using coupled electromagnetic-thermal computational simulations. We demonstrate
that our method achieves highly accurate results for ablations at different power levels in
the presence of noise.

7.2 Introduction

Microwave ablation (MWA) is a cancer treatment that achieves malignant tissue denatura-
tion and necrosis by heating the cells to cytotoxic temperatures, usually above 50 ◦C [26].
The tissue is targeted through a minimally invasive interstitial antenna, and the energy
is delivered in a volume around the ablation antenna. MWA can treat larger volumes in
a shorter amount of time and is less sensitive to the effects of blood perfusion than other
thermal therapies such as radiofrequency ablation and hyperthermia [91, 21].

Due to the shorter duration of MWA treatments, which usually last less than 10 min-
utes, real-time monitoring of the procedure is crucial to ensure completeness of the treat-
ment and avoid targeting tissue beyond the malignancy. Ultrasound is useful to precisely
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position the ablation antenna at the center of the target zone, but the formation of mi-
crobubbles during the ablation procedure hides the ablated region, limiting its usefulness
for real-time monitoring [27]. Magnetic resonance imaging is effective at imaging the ab-
lated region but has several drawbacks regarding cost and compatibility, and its lack of
portability makes it impossible to follow the progression of the ablation in real-time [28, 92].
Fiber-optic temperature probes are useful for monitoring the temperature of the tissue, but
the information they provide is limited to where the tip of the probe is placed.

In recent years, microwave imaging, which maps the dielectric properties or dielec-
tric contrast of the imaging volume, has been explored as a MWA monitoring modality.
The rationale for using microwave imaging relies on studies that show that the dielectric
properties of the tissues change during ablation, due to a strong temperature dependence.
Furthermore, there is an irreversible change in dielectric properties once the tissue has been
damaged [84, 30, 31, 57]. The microwave imaging techniques that have been recently ex-
plored are either based on inverse scattering methods [93, 62] or radar methods [94, 61]. In
inverse scattering, the imaging volume is illuminated with electromagnetic fields radiated
from antennas outside surrounding the volume, and the scattered fields are processed to
determine the dielectric properties inside the volume. The temperature map is obtained by
correlating the dielectric properties to temperature. These methods rely heavily on linear
approximations of the inverse scattering problem, which is also highly ill-posed; therefore
the accuracy and resolution of the obtained images are limited [39]. A radar method pro-
posed by Kidera et al. [94] uses the time difference of arrival (TDOA) from signals sent
from the ablation antenna itself to an array of antennas outside the imaging volume to
determine the extent of the ablation zone. This method proved to have good results in
cases where the ablation zone consisted of a uniform change in dielectric properties. How-
ever, in reality, the ablation zone’s temperature and dielectric properties are smooth and
heterogeneous; therefore the method is not suitable in realistic scenarios.

In this paper we extend the TDOA method to estimate the temperature profile of
the tissue during ablation in realistic scenarios. We accomplish this by modeling the
spatial distribution of temperature during ablation and including it in the solving part
of the TDOA problem. Recent literature on the temperature dependence of dielectric
properties of liver tissue during MWA for a wide range of frequencies and temperatures
[84] allowed us to study the evolution of ablation of liver tissue accurately by using coupled
electromagnetic (EM)-thermal computational simulations, which allowed us to update the
SAR pattern due to the changing dielectric environment as the ablation progresses. From
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these simulations, we obtained and modeled the spatial distribution of temperature of the
tissue during ablation. This information can be combined with a TDOA calculation to
estimate the temperature around the antenna during ablation accurately.

This paper is organized as follows. Section II presents the methods, which include the
coupled computational simulations of MWA at different power levels and the importance of
incorporating temperature-dependent dielectric properties to the simulations, the analysis
of the spatial profiles of the temperature at any moment during ablation and our spatial
temperature model, and our method which incorporates this model to a TDOA calculation.
Section III presents the results of the algorithm and evaluates its performance for different
ablation power levels and added noise. Section IV concludes.

7.3 Methods

Computational Simulations

CST Microwave Studio is used for our coupled EM-thermal computational simulations
of MWA of liver tissue. We chose the floating-sleeve dipole (FSD) antenna design from
[85] operating at 1.9 GHz as the ablation antenna because it performs well over a wide
frequency range and has a compact specific absorption rate (SAR) pattern. The radius of
the antenna is 1.75 mm, and it is inserted vertically in the center of a block of liver tissue.
The simulated dimensions of the liver tissue are 24 cm wide and deep, and the tip of the
antenna is placed 3 cm above the bottom of the tissue. This ensures the microwaves are
highly attenuated before reaching any tissue boundary.

The wide-band dielectric properties assumed for the liver tissue are based on [84], and
the tissue is considered to be at normal body temperature, i.e. 37 ◦C, at the beginning
of the simulation. During the course of the simulation, the tissue dielectric properties
are adjusted due to the temperature changes every 10 seconds. This modifies the SAR
pattern throughout the tissue. The time step interval of 10 s produces a smooth change in
temperature for every location in the tissue for 20 W to 40 W of input power. We simulate
five-minute ablations and assume that during the ablation the tissue is subject to blood
perfusion as in [95].

Figures 7.1, 7.2, and 7.3 highlight the importance of incorporating the temperature
dependence of the dielectric properties of the tissue in the simulations of MWA. The figures
show results for ablation at 40 W. Figure 7.1 compares the maximum temperature reached
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Figure 7.1: Maximum temperature of liver tissue during coupled electromagnetic-thermal
computational simulation of microwave ablation at 1.9 GHz and 40 W updating the SAR
pattern every 10 s during ablation (black circles), and without updating the SAR pattern,
i.e. keeping the SAR pattern constant as determined by the initial homogeneous dielectric
properties of the tissue (gray triangles).
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Figure 7.2: 2D cross-sections through the center of the antenna of the temperature profiles
of the tissue after 300 s of simulated ablation at 1.9 GHz and 40 W. (a) Updating the SAR
pattern every 10 s during ablation, and (b) without updating the SAR pattern.
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Figure 7.3: 2D cross-sections through the center of the antenna of the evolution of SAR
pattern (a,b,c), relative permittivity at 1.9 GHz (d,e,f), and conductivity at 1.9 GHz (g,h,i)
during ablation at 1.9 GHz and 40 W using temperature-dependent dielectric properties
model in [84]. The left column shows the properties before ablation, the center column
shows the properties after 60 s of ablation, and the right column shows the properties after
300 s of ablation.

by the tissue during the ablation when the dielectric properties’ temperature dependence is
incorporated and when it is not incorporated. The temperature of the tissue increases more
rapidly when the dependency is considered, and the temperatures reached are considerably
higher, i.e. more than 10 ◦C after five minutes of ablation. These higher temperatures
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agree with what has been observed in experimental studies such as [95, 84]. Figure 7.2
shows a 2D cross-section through the center of the ablation antenna of the temperature
profile at the end of the five minutes of ablation. The ablated region, considered to be
the region where the tissue reaches temperatures above 50 ◦C, is slightly more compact
and reaches higher temperatures when temperature dependent dielectric properties are
incorporated.

Figure 7.3 shows the same 2D cross-section as Fig. 7.2 but of SAR pattern, relative
permittivity at 1.9 GHz, and conductivity at 1.9 GHz at different times during the ablation
(t = 0 s, t = 60 s, t = 300 s). Here we can see the evolution of the electromagnetic
properties of the setup during the ablation. Note that over time the SAR pattern becomes
more compact, the relative permittivity decreases, especially close to the antenna, and the
conductivity decreases next to the antenna but increases in the region further around it.
The trends in these results were observed for ablations at different input power levels up
to 40 W. Power levels greater than 40 W resulted in tissue temperatures exceeding 105 ◦C,
the maximum temperature for which we had dielectric properties’ information. Therefore
we did not include power levels greater than 40 W in our analysis.

Spatial Distribution of Temperature During MWA and Exponential
Model

Figure 7.4 shows the 1D temperature profile of the liver tissue as a function of distance
from the center of the antenna at different times during ablation for 40 W and 30 W
input power. The direction of these temperature profiles is perpendicular to the ablation
antenna, and they extend outward from its dipole gap. We observe that the tissue reaches
its maximum temperature between 2.25 and 2.75 mm away from the antenna. From the
location of maximum temperature, the tissue temperature decreases rapidly as a function
of distance from the antenna.

We fit exponential decay curves of the form

T (x) = a · e−bx + 37, for x ≥ 2.5 mm (7.1)

to the temperature decays for ablations at 20 W, 30 W, and 40 W, every 10 seconds
during the ablation. The dashed lines in Fig. 7.4 show the corresponding exponential fits.
The values of a and b in the fits ranged between [18.48, 109.27] and [−0.2728,−0.1901]
respectively. The average and standard deviation of the RMSE of the 30 fits during the 40
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(a) (b)

Figure 7.4: 1D temperature profiles as a function of distance from the center of the antenna
during ablation (dashed lines), and their corresponding exponential decay fits (solid lines)
for (a) 40 W ablation and (b) 30 W ablation (b). The profile extends from the dipole gap
in the direction perpendicular to the antenna. The shaded area corresponds to the extent
of the MWA antenna.

W ablation were 0.59± 0.09 ◦C, for the 30 W ablation were 0.48± 0.08 ◦C, and for the 20
W ablation were 0.32± 0.06 ◦C. These average errors of less than a degree provide strong
support for modeling the spatial distribution of temperature using the exponential model
(Eq. 7.1).

TDOA Method With Incorporated Temperature Spatial Distribution
Model

Figure 7.5 shows the data acquisition configuration for the MWA monitoring strategy. The
FSD ablation antenna is used to ablate the liver tissue and send out a Gaussian pulse every
few seconds (or a synthesized Gaussian pulse) that is used for monitoring. In our ablation
simulations we use a Gaussian pulse centered at 2.45 GHz. An identical FSD antenna is
placed at a distance from the ablation antenna. This antenna records the received pulses.
The elapsed time of the ablation is denoted by t, where t = 0 corresponds to a time
before the ablation or just at the start of the ablation, as shown in Fig. 7.5(a), and t > 0
corresponds to a time during the ablation, as shown in Fig. 7.5(b). This setup allows us to
estimate the temperature profile between the two antennas at the depth of the active-most
portion of the antennas, which corresponds to the dipole gap.
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Figure 7.5: 2D cross-section of the data acquisition setup on plane through the center of
antennas. (a) Before the ablation at time t = 0 s. (b) During the ablation at a time t > 0
s. The dark gray area corresponds to the ablation zone.

The dielectric properties of the tissue change spatially during the course of the ablation.
This change leads to a TDOA between the signal before ablation (t = 0) and the signals
during ablation (t > 0). The TDOA of a signal at a time t = n, n > 0, during ablation
can be measured, or estimated by the following cross-correlation calculation:

∆τn = argmaxτ [s0(y)∗sn(y)](τ) (7.2)

where s0(y) is the received time signal before ablation at t = 0, sn(y) is the received time
signal during ablation at t = n, and ∗ denotes the cross-correlation operator.

Theoretically, in a one-dimensional non-dispersive wave propagation scenario, the TDOA
between two signals traveling between a point x = 0 and x = D through a changing di-
electric environment is equal to the space integral of the difference of the inverse of the
propagation speeds of the waves throughout the trajectory of propagation, as in the fol-
lowing calculation:

∆τn =
∫ x=D

x=0

( 1
vn(x) −

1
v0(x)

)
dx (7.3)

where vn(x) is the propagation speed of the wave through the tissue at time t = n and
v0(x) is the propagation speed at time t = 0.

In our TDOA algorithm, we will compute the TDOA using the previous expression and
making some assumptions. We assume a discrete domain where the propagation speed
at each location can be estimated by using the relative permittivity at frequency f of
the tissue at that location. The frequency f is chosen to be the predominant frequency
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present in the signals received by the sensing antenna. For our data acquisition setup and
Gaussian pulse, the predominant frequency of the received signal is f = 1 GHz. Also, we
discretize the grid to 0.5 mm voxels. In our setup, the trajectory between x = 0 and x = D

corresponds to the path between the ablation antenna and the sensing antenna located at
a distance D. Therefore, the variable x can also be regarded as the distance from center
of the ablation antenna, in the direction perpendicular to the antenna extending outward
from its dipole gap. The propagation speed of the wave throughout the tissue before the
ablation is denoted as v0(x) and during the ablation at a time t = n it is denoted as vn(x).

In this way, the propagation speed before ablation can be estimated by:

v0(x) = c
√
εr,0

= v0 (7.4)

where c is the speed in vacuum and εr,0 is the relative permittivity of healthy liver at
frequency f . Before ablation, the propagation speed throughout the tissue is constant
due to the homogeneity of healthy liver tissue. During the ablation, at a time t = n, the
propagation speed is a function of distance from the ablation antenna x, since the tissue
properties become heterogeneous. It can be estimated by:

vn(x) = c√
εr,n(x)

(7.5)

where εr,n(x) is the relative permittivity at frequency f at a distance x from the ablation
antenna.

The strong correlation between relative permittivity and temperature [84] allows us
to estimate the temperature profile at a time t = n during ablation from the measured
TDOA, since εr,n(x) = εr,n(Tn(x)). In our algorithm we solve for the temperature profile
of the form of Eq. 7.1 that minimizes the difference between the measured TDOA and the
approximated theoretical TDOA. Mathematically we solve for:

[an, bn] = argmina,b

∥∥∥∥∥∆τn −∑
i

(
∆x

vn,i(a, b)
− ∆x

v0

)∥∥∥∥∥
2

subject to: 18 ≤ a ≤ 110

−0.27 ≤ b ≤ −0.18 (7.6)

and estimate the temperature profile T ∗n(x) between the ablation antenna and the sensing
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antenna at time t = n as:

T ∗n(x) = an · e−bnx + 37, for x ≥ 2.5 mm (7.7)

In equation 7.6 the summation consists of the discretized version of Eq. 7.3. The number
of elements in the summation will depend on the grid size. However, note that it only
needs to consider voxels close to the ablation antenna, where there is a change in dielectric
properties. Far enough from the ablation antenna the summation terms do not contribute
to the summation, because the properties of the tissue will remain unchanged compared
to before ablation.
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Figure 7.6: Boxplots of time difference of arrival (TDOA) during ablation at 1.9 GHz. The
boxplots show the distribution (median,maximum, minimum, 10th and 90th percentile) for
1000 noise realizations at a 30 dB SNR. (a) 40 W input power, (b) 30 W input power.

7.4 Results

We evaluated the performance of our algorithm for computational simulations of MWA
of liver tissue at 40 W and 30 W, at 1.9 GHz. During the ablations, the monitoring
signal (Gaussian pulse) was sent out and recorded every 20 seconds. We added noise to the
received signals. In a typical microwave imaging array that uses a VNA to source and record
the signals, the practical observed noise floor lies around -80 dB. In our data acquisition
configuration, the received signal is around 20 to 30 dB lower than the transmitted signal,
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(a) (b)

Figure 7.7: Actual (dashed line) and estimated (solid band) temperature profiles for dif-
ferent times during ablation. The shaded region corresponds to the range of temperature
profiles between the 10th and 90th percentiles of estimations obtained for 1000 noise real-
izations at a 30 dB SNR. (a) 40 W input power, (b) 30 W input power. The gray shaded
area corresponds to the area occupied by the ablation antenna.

(a) (b)

Figure 7.8: Actual and mean of the estimated distances for 1000 noise realizations at a 30
dB SNR to the (a) 50 ◦C contour and the (b) 60 ◦C contour during a 40 W ablation of liver
tissue. The gray shaded area corresponds to the area occupied by the ablation antenna.

so we expect an SNR around 50 dB for the received signal. To be conservative, we added
noise to simulate a 30 dB SNR.
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Figure 7.9: Distribution of the errors for the estimated distances to (a) 50 ◦C contour and
(b) 60 ◦C contour during a 40 W ablation of liver tissue. The box plots show the median,
minimum, maximum, 10th percentile, and 90th percentile of the error distribution for 1000
noise realizations at a 30 dB SNR.

(a) (b)

Figure 7.10: Actual and mean of the estimated distances for 1000 noise realizations at a 30
dB SNR to the (a) 50 ◦C contour and the (b) 60 ◦C contour during a 30 W ablation of liver
tissue. The gray shaded area corresponds to the area occupied by the ablation antenna.

Figure 7.6 shows the TDOAs obtained during ablation from the cross-correlation cal-
culation in Eq. 7.2. The plot summarizes the results for 1000 noise realizations at a 30
dB SNR, showing the median, minimum, maximum, and 10th and 90th percentiles. We



90

(a)
0     100     200     300  

Ablation time (s)

-1

0

1
E

rr
or

 to
 5

0 
°C

 c
on

to
ur

 (
m

m
)

(b)
0     100     200     300  

Ablation time (s)

-1

0

1

E
rr

or
 to

 6
0 

°C
 c

on
to

ur
 (

m
m

)

Figure 7.11: Distribution of the errors for the estimated distances to (a) 50 ◦C contour and
(b) 60 ◦C contour during a 30 W ablation of liver tissue. The box plots show the median,
minimum, maximum, 10th percentile, and 90th percentile of the error distribution for 1000
noise realizations at a 30 dB SNR.

observe that for realistic ablations at 40 W and 30 W of input power, the TDOAs are in
the order of picoseconds. As expected, we observe the TDOAs increase over time during
the ablations, and they are larger for 40 W than for 30 W, due to more drastic changes in
the tissue dielectric properties. The variability we observe in the TDOA due to the noise
present in the signals is in the order of half a picosecond for a 30 dB SNR.

Figure 7.7 shows the estimated temperature profiles as a function of distance from the
center of the ablation antenna at different times during the ablation (20 s, 40 s, 60 s, and
300 s). We estimated the temperature profiles with our method, by solving Eq. 7.6. The
solid line shows the actual temperature profile for reference, while the shaded bands show
the range between the 10th and 90th percentiles of the estimated temperature profiles. We
observe that the estimated curves closely follow the actual curves during ablation.

The estimated temperature profiles can be used to calculate important information
during the ablation, such as the radius of the ablation zone, which can be considered to
be the distance to a relevant temperature contour. Figures 7.8 and 7.9 show the estimated
distances to the 50 ◦C and 60 ◦C contours during ablation at 40 W. The distances to
these two temperature contours have clinical application because they indicate the area
up to which doctors can confirm that the tissue has been damaged. Figure 7.8shows the
actual distance and the mean of our estimated distances for 1000 noise realizations at 30
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dB SNR. We observe that the size of the ablated zone increases as the ablation progresses
to reach around 1 cm in radius, and the mean of our estimations is very close to the actual
distances at all times during ablation. Figure 7.9 shows the distribution of the errors for
the estimations of the distances to these two contours. We observe errors of less than 1
mm; therefore the method is highly accurate for ablation zones this size.

Figures 7.10 and 7.11 show the actual and estimated distances to the 50 ◦C and 60 ◦C
contours for ablation at 30 W. For this power of ablation, the ablated region is smaller in
radius, reaching around 9 mm in radius. Again we observe that the errors of our estimations
are less than 1 mm during the ablation.

7.5 Conclusions

Our proposed TDOA method uses a spatial temperature model obtained from coupled
EM-thermal computational simulations to reliably estimate the temperature distribution
of the tissue at any moment during MWA. We showed that coupling the EM and thermal
MWA simulations every 10 seconds to incorporate temperature-dependent dielectric prop-
erties and update the SAR pattern, has significant effects on the spatial and temperature
characteristics of the ablated region.

We demonstrated that the TDOA principles can be used to estimate the temperature
of the tissue in realistic ablations by simplifying the calculation discretizing the spatial
domain and assuming the propagation speed at the predominant frequency of the received
signal. Furthermore, the TDOA calculation can be used in combination with the spatial
temperature model, obtained from computational simulations, to solve for the temperature
profiles during ablation accurately.

We showed that the method achieves highly accurate results in high noise scenarios.
The estimated radius the ablation zones, determined by distances to relevant temperature
contours, had errors of less than 1 mm.
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