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Abstract

Hepatocellular carcinoma (HCC) is the 6™ most common cancer worldwide with the 3™ highest
mortality rate. Although mortality with all other cancers have declined over the last decade, the age-adjusted
death-rate for HCC in the United States surged between 2000-2016 by 43% in men and 40% in women,
with an estimated 42,000 new liver cancer diagnosis in 2018. A common procedure to increase liver cancer
patient survival rates is surgical resection, yet many patients are nonviable candidates due to other liver co-
morbidities. Minimally invasive microwave ablation (MWA) is becoming an important alternative,
providing similar results to surgical resection with fewer complications. For MWA to provide these
excellent results, accurate imaging of tumors before and after ablation is essential to ensure adequate tissue
necrosis. Although contrast enhanced computed tomography (CECT) is most often relied upon for this task,
ultrasound-based elasticity imaging provides an excellent alternative due to its real-time, cost-effective, and
non-ionizing imaging advantage. Conventional B-mode is unfit to provide necessary delineation, but
electrode displacement elastography (EDE) has demonstrated high contrast and contrast-to-noise imaging
of liver ablations at all depths. However, EDE still retains some limitations from becoming a comparable
imaging modality to CECT in the clinical setting. The primary goal of this research is to utilize machine-
learning concepts to improve EDE liver ablation delineation and decrease image noise as well as providing
clinicians with feedback on ablated region size and location. Results have demonstrated feasibility of this
proposed work and verify that our approach has merit. The first aim of this project utilized dictionary
representations on displacement estimates demonstrating significant reduction of noise in strain tensor
images without negatively influencing boundary delineation. Our second aim tracked ablation dimensions
over clinician perturbations during EDE and accounted for physiological motion that can degrade ablation
size and contrast consistency. Finally, we utilized the ellipsoidal shape of ablations to autonomously locate
and segment strain tensor images with active contour snakes. Together this project is a major stepping-
stone to bridging the gap between ultrasound and CECT imaging modalities for monitoring and differential

imaging of MWA procedures.
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Chapter 1: The Research Problem

1.1 Background: Assessment of Liver Tumor Ablation

New liver cancer diagnosis affected approximately 780,000 individuals worldwide in 2012 and
claimed nearly 750,000 lives [1-3]. Although mortality with all other cancers have declined over the last
decade, the age-adjusted death-rate for liver cancer in the United States surged between 2000-2016 by 43%
in men and 40% in women [4]. As of 2018, liver cancer was the fourth leading cause of cancer related
deaths worldwide and the seventh most common in incidence [5, 6]. In 2015, the Global Cancer
Observatory (GLOBOCAN) reported 854,000 cases of liver cancer with 810,000 deaths globally, a third
due to the hepatitis B virus, a third from alcohol use, and the remainder a combination of hepatitis C virus
and other factors [7]. In the United States, liver cancer mortality showed an average annual percent increase
of 2.17% from 2005 — 2014 with the burden of liver cancer nearly doubling since the mid-1980s [8]. Noone
et al. predicted in 2018 that at least 1% of the United States population would be diagnosed with some type
of primary liver cancer [9]. Additionally, the Center for Disease Control reported that during the years
2004-2009 only roughly one fourth of liver cancer patients survived even when the cancer had not spread
outside the liver [10]. Not only does primary liver cancer depend on chronic viral- and alcohol-related
factors, but also as currently shown, factors such as obesity, type 2 diabetes, aflatoxin exposure and
nonalcoholic fatty liver disease are significant contributors to liver cancer, specifically hepatocellular
carcinoma (HCC) [11, 12]. Due to these contributing factors being widespread in the population and
heterogeneity of liver cancers, regimented surveillance and subsequent treatment are difficult to perform
before advanced cancer progression occurs and found at initial diagnosis [13, 14].

Surgical resection and transplantation are considered the gold-standard for treatment of malignant
liver tumors, however more than 75% of patients remain unsuitable candidates [15, 16]. Criteria for
ineligibility include inadequate liver function, advanced disease, multiple metastases, poor anatomic tumor
location, or presence of other medical co-morbidities [17-19]. As a result, patients with malignant tumors

are often offered minimally invasive, image guided interventional treatments such as thermal ablation or



transcatheter arterial chemoembolization [16]. These minimally invasive treatments are favorable as they
avoid large incisions, surgical morbidity and mortality with surgical resection while providing survival
benefits like surgical resection [20-22]. Additional benefits of thermal ablation therapies include low cost
and ability for repeated treatments if needed in an out-patient clinical setting [23].

Minimally invasive therapies, such as percutaneous thermal ablation, have become an essential
alternative to surgical resection and gained popularity for local and minimally invasive treatment of hepatic
malignancies [24-29]. Microwave ablation (MWA), a commonly used percutaneous thermal ablation
procedure utilizes electromagnetic energy propagation to heat biological tissue resulting in tissue necrosis
and thermal coagulation [30-38]. MWA procedures have reported survival rates of up to 10 years after HCC
treatment [20], similar in effectiveness as curative surgical resection [24, 39]. Technological advances,
including the use of multiple antennas and high-powered MWA devices, is changing treatment paradigms
as it enables effective treatment of larger tumors. Recent studies with modern equipment have shown that
ablation of primary liver tumors larger than 3 cm have comparable survival rates to tumors smaller than 3
cm [40, 41], expanding the target patient population. Because the placement of multiple antennas used for
larger liver tumors requires greater operator skill and improved image guidance, this places a premium on
these skills and image guidance optimization to maximize results [42].

Regardless of the underlying tumor being treated, the goal of thermal ablation, including MWA, is
to heat malignant tissues to temperatures above 60 °C resulting in thermal coagulation and necrosis. The
treatment is considered complete when the target tumor as well as a 0.5 — 1 cm ablative margin of normal
tissue is destroyed while sparing healthy liver parenchyma and vulnerable non-target anatomy [36, 43].
Ultimately, effective ablation is related to appropriate antenna placement, sufficient energy delivery, and
the creation of appropriate ablative margins [35]. Thus, an accurate mechanism for assessing the ablative
margin is critical to the success of the MWA procedure and unfortunately lacking with current B-mode
ultrasound imaging techniques [44]. Successful ablation therefore requires an imaging modality or
modalities that accurately depict the target tumor, allow accurate antenna placement, define the surrounding

anatomical structures, and appropriately monitor the growing ablation zone [45- 47].



Various imaging features have been used to characterize the ablation zone both during and after an
ablation procedure. These include decreased perfusion and changes in signal intensity on magnetic
resonance imaging (MRI), increased echogenicity on ultrasound, higher attenuation on CT, and decreased
radiotracer uptake on positron emission tomography (PET) [48]. Because of their availability and consistent
use by interventionalists, percutaneous MWA are generally performed with ultrasound and/or CT guidance
which complement each other in assessing technical success and efficacy at follow-up. Intra-operative CT
is well suited for percutaneous ablations as it visualizes tumors in relation to the antenna, ablation zone,
and neighboring pathology [49]. Contrast-enhanced computed tomography (CECT) provides a high success
rate imaging modality with minimal complications, however it exposes patients to an effective dose of 72
mSv ionizing radiation [50]. It also leaves clinicians with limited target tumor visualization along with the
low resolution of intrahepatic vessels [45, 51, 52] .

Conventional B-mode ultrasound is the gold-standard for performing ablative procedures and
commonly used to guide percutaneous procedures [36]. This is because ultrasound has advantages of real-
time guidance for antenna placement and monitoring of the vaporization created during ablations while
being relatively cost-effective and free from radiation exposure [53]. Unfortunately, boundary delineation
with ultrasound imaging is limited due to gas bubbles attenuating ultrasound signals, deep location, small
tumor size, ablation being obscured by other anatomical and physiological structures, and low echogenicity.
Additionally, gas bubbles do not directly correlate with direct tissue coagulation and often overestimates
the size of ablated areas [30, 53-56].

Ultrasound elastography, which visualizes the relative stiffness or strain in tissue utilizing
measurements of localized deformation and has been used for liver ablation visualization [57-59].
Elastography works well for post-ablation imaging as ablated volumes present with high stiffness contrast
in comparison to normal liver parenchyma [60], for both MRI [61] and ultrasound elastography [57, 58].
Post-ablation RF data loops also contain gas bubbles and is collected over a short duration. Echo signals
from the bubbles are therefore present in both the pre- and post-deformation RF frames after the ablation

procedure and can be used to track deformation. However, there is some loss of boundary delineation distal



to the bubbles, due to increased attenuation causing lower echographic signal-to-noise ratio (SNR) [62].
Pre-ablation tumor imaging on the other hand, has been limited as stiffness contrast varies between patients
and cancer types requiring elastographic imaging to be more robust to noise while sensitive enough to detect
low stiffness differences. For example, HCC masses are softer than its surrounding generally cirrhotic liver
tissue, while liver metastases are generally stiffer than normal liver parenchyma [63]. In this chapter, we
report on the use of electrode displacement elastography (EDE) an approach where deformation is induced
via manual perturbation of the ablation antenna [57].

Imaging to assess efficacy of MWA procedures most often takes the form of CECT [26] which is
costly, time-consuming, and exposes patients to undesirable ionizing radiation and contrast agents. An
alternative, real-time, non-ionizing imaging modality that can be used is ultrasound (US). With US,
conventional B-mode images show little success for tumor and ablation region visualization [64, 65],
however US elastography, which utilizes tissue stiffness as the contrast mechanism, provides higher
contrast for both tumor and ablation region delineation [66-68]. We have previously demonstrated that
using the microwave antennae for introducing quasi-static deformation required for elastography,
subsequently named EDE [69], allows for imaging at all tumor depths when compared to either acoustic
radiation force impulse (ARFI) [58] , shear wave elastography imaging (SWEI) [70, 71], or external
compression [72]. EDE has since demonstrated high contrast and contrast-to-noise ratios (CNR) for strain

imaging in phantoms [73-75], animal models [76, 77], and human patients [58, 78].

1.2 Motivation for this Research

One of the problems associated with treatment of HCC is the risk of tumor recurrence due to
metastasis from the original tumor, new tumor formation in a cirrhotic liver, advanced liver disease
contributing to higher risk for recurrence or incomplete treatment of the initial tumor. To properly plan
treatment for long-term disease-free survival, accurate imaging of mass dimensions and location is needed
[24, 97]. CECT is commonly used for accurate tumor portrayal including the spread of tumors and mapping

of liver vascular anatomy [26]. CECT is also used for assessment of MWA treatment’s efficacy [98].



Unfortunately, CECT is time-consuming, ionizing, and expensive. In search for an efficient imaging
modality, ultrasound elastography was evaluated.

Elastography was introduced for imaging tissue stiffness by Ophir et al. [99]. An elastographic
approach that has been applied for liver imaging, specifically during and after radiofrequency ablation
(RFA) or MWA procedures, is electrode displacement elastography (EDE) [57]. It was shown via
simulation that using the antennato induce quasi-static deformations provided a theoretically higher imaged
contrast than external compression elastography [69]. Phantom studies confirm the simulation’s findings
with the CNR, and strain contrast obtained being significantly higher for EDE due to the local nature of the
deformation applied [73-75]. To further validate EDE efficacy, in-vivo animal models were utilized
showing a high correlation between elastographic imaging and pathologic areas of ablated regions [77,
100]. EDE was then performed on human patients scheduled for a percutaneous minimally invasive ablation
procedure to further verify its ability to delineate ablated regions. Yang et al. has shown that image contrast,
CNR, and delineation are significantly higher for strain tensor images obtained using EDE than B-mode
[78] or ARFI [58] imaging. Furthermore, EDE has shown reliability in visualizing ablations following
MWA for a range of tumor types and tumor depths [101, 102]. However, EDE imaging may still result in
some ablated regions that are difficult to delineate due to decorrelation noise and out of plane motion. The
proposed work will further advance EDE image quality to produce comparable imaging results to CECT to
assess treatment efficacy. Success rates and visualization of ablations are improved using dictionary
represented displacements to reduce decorrelation noise accompanied by Lagrangian tracking to account
for extraneous motion that increase ablation size variability in strain tensor images. Utilizing improved
image quality, ablations will be automatically segmented using a novel snake initialization approach and
compared to registered CECT virtual slices to evaluate the effectiveness of EDE ablation size and location
depiction.

For EDE, RF data was collected and imported into MATLAB for processing following the flow-
diagram in Figure 1.1. Note in Figure 1.1 that the pre-deformation frames start on frame 0, while the post-

deformation frames start on frame 1. This is to point out that the frames used for displacement estimation



are consecutively sampled RF frames. Within MATLAB, displacement estimates were calculated using a

Multilevel 2-D Normalized Cross-Correlation (MNCC) method [79] from consecutive RF frames which

will be discussed further in Chapter 3.
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In this dissertation, we will demonstrate improvements in strain image quality for delineating ablated

region. Efficacy of EDE for differential imaging of both tumors and ablated regions in human subjects will

also be evaluated with a pilot study. Completion of the following Specific Aims formed the basis of the

research described in this proposal.



Aim_1: Dictionary learning and representation for enhanced boundary visualization and
decorrelation noise reduction of displacement estimations produced with electrode displacement
elastography (EDE).

Block-matching based displacement estimation techniques used by EDE are plagued with
decorrelation noise and out-of-plane motion. Many approaches have attempted to alleviate this problem
via pre-processing [80-83] or regularization approaches [84-89], yet commonly fail to improve ablation
boundary visualization. A recent approach regularized cardiac displacement estimation via dictionary
representations, showing good denoising results but was limited to a pre-constructed dictionary [90].
We will utilize an adaptively learned global dictionary for representing displacements after the
estimation process that can significantly reduce decorrelation noise and increase visualization of masses
in corresponding strain tensor images.

Aim_2: Reduction of physiological motion artifacts during electrode displacement
elastography using Lagrangian coordinate tracking.

During in-vivo EDE data collection, focused displacements are induced to the ablation via
clinician perturbations of the microwave antenna, yet other motions may be present due to essential
physiological functions. These deformations may result in unintended speckle pattern changes
introducing additional displacement estimation variance [91] and inhibiting accurate visualization of
the ablation zone degrading ablative margin delineations. We will account for these unintended motions
via Lagrangian tracking. When properly tracked, displacements can be accumulated over perturbations
to provide consistent strain tensor images and reduce ablation size variance.

Aim 3: Automatic EDE ablation segmentation evaluated against comparable registered CT
virtual slices.

Locating the ablation region and segmenting the ablation region is an easy process to perform
manually on strain tensor images, yet the process is time-consuming and requires the trained eye of a
radiologist for consistent segmentation. We will utilize active contour snakes [92] with the addition of

balloon forces [93] and gradient vector flow [94], conforming to strain depiction of ablations including



discontinuous boundaries. In addition, we will utilize random sample consensus [95] (RANSAC) and
an ellipsoidal parametric model of ablated masses for snake initialization providing autonomous
segmentation. To depict effectiveness of EDE ablation visualization, automatically segmented
ablations will be compared to registered CECT virtual slices [96] as a gold-standard of ablation
depiction.

Together the aims proposed in this dissertation demonstrate enhanced lesion visualization by
increasing boundary delineation and reducing lesion size variability followed by automatic segmentation
to provide lesion location and dimensions. These aims show the potential for transforming EDE into and
imaging modality for monitoring ablation therapies. EDE imaging performance is compared to the clinical
gold standard of CECT. Future computational capability improvements will enable these aims for validating
MWA efficacy to be performed in real-time in a clinical setting. These aims incorporate the EDE estimation

flow diagram shown in Figure 1.2.



Noisy Displacement Denoised Displacement
stimations Estimations
13 1 13
~ 10 .10
5 Global Dictionary g
= Representation =
o 6 a 6
[ D
o o
23 3
3 13 y 13
3 '3
0 ’w -2 Uk ol P 2
1 f 1 2 - ;
2 3 4 5 7 Width (cm) 3 4 5 7 width (cm)
Frame # (n) Frame # (n)
rLagrangian Traclging)l
L and AccumulatlonJ‘
Tracked Displacement "
Cycle Frame Final EDE Image
0 0
3 3
£ A TR £
g , - Savitzky-Golay Filtering C
»< 6 / - Histogram Contrast £6
o Equalization o
a (‘ - Bilateral Filtering o
10 4@ 10
13 13
7 2 3 8 13 7 2 3 8 13
Width (cm) Width (cm)

Figure 1.2 — EDE processing for strain images to evaluation pre-ablation tumors and post-ablation regions.

1.4 Summary of Dissertation Chapters

The dissertation to describe the aims described above, is organized as follows.

1.4.1 Chapter 2: Literature Review

This chapter provides an overview of liver cancer burden and various treatment modalities. After
treatments are discussed, the importance of medical imaging for microwave liver ablation is presented and
the modalities that are commonly used in the clinic are reviewed. Finally, this chapter describes
elastographic approaches and how electrode displacement elastography has shown promise for clinical use

during MWA.
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1.4.2 Chapter 3: Comparison of Displacement Estimation Approaches

Hepatocellular carcinoma and liver metastases are common hepatic malignancies presenting with
high mortality rates. Minimally invasive MWA vyields high success rates like surgical resection. However,
MWA procedures require accurate image guidance during the procedure and for post-procedure
assessments. Ultrasound EDE has demonstrated utility for non-ionizing imaging of regions of thermal
necrosis created with MWA in the ablation suite. Three strategies for displacement vector tracking and
strain tensor estimation, namely Coupled Subsample Displacement Estimation (CSDE), a multilevel 2-D
normalized cross-correlation method, and quality-guided displacement tracking (QGDT) have previously
shown accurate estimations for EDE. This chapter reports on a qualitative and quantitative comparison of

these three algorithms over 79 patients after an MWA procedure.

1.4.3  Chapter 4: Dictionary Learning and Representation for Electrode Displacement Elastography

Block-matching displacement estimation techniques used by EDE are plagued with decorrelation
noise and out-of-plane motion. Previous approaches have attempted to alleviate this problem via
preprocessing [80-83] or regularization [84-89], yet commonly fail to improve lesion boundary
visualization. A recent approach using regularized cardiac displacement estimation via dictionary
representations, showing good denoising results but was limited to a pre-constructed dictionary [90]. We
utilized an adaptively learned global dictionary for representing displacements after the estimation
process that significantly reduces decorrelation noise and increased visualization of masses in strain

tensor images.

1.4.4 Chapter 5: Reduction of Physiological Motion Artifacts Using Lagrangian Deformation Tracking

During in-vivo EDE data collection, focused displacements are induced to the lesion via freehand
clinician perturbations of the microwave antenna, however other motion may be present due to essential
physiological functions. These deformations may result in unintended speckle pattern changes introducing
additional displacement estimation variance [91], inhibiting accurate visualization of the ablation zone and

degrading ablative margin delineations. We will account for these unintended motions via Lagrangian
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deformation tracking. When properly tracked, displacements can be accumulated over perturbations to

provide consistent strain tensor images and reduce ablation size variance.

1.4.5 Chapter 6: Automatic Segmentation Using Ellipsoid Prior

Locating the ablation region and segmenting the ablation region is an easy process to perform
manually on strain images, yet the process is time-consuming and requires the trained eye of a radiologist
for consistent segmentation. This chapter presents the utilization of active contour snakes [92] with the
addition of balloon forces [93] and gradient vector flow [94], conforming to strain depiction of lesions
including discontinuous boundaries. In addition, random sample consensus (RANSAC) and an ellipsoidal

parametric model of ablated lesions is utilized for snake initialization providing autonomous segmentation.

1.4.6  Chapter 7: Computed Tomography to Ultrasound Registration

Registration of US and CECT images are essential for quantitative comparison of ablation
boundaries and dimensions determined using these modalities. This comparison is essential as stiffness-
based imaging using ultrasound has become popular and offers a non-ionizing and cost-effective imaging
modality for monitoring minimally invasive ablation procedures. This chapter presents results using a

manual image registration method that performs the required CT-US registration.

1.4.7 Chapter 8: Bringing Everything Together: Pre- and Post- Ablation Comparison for Ablative Margin

Evaluation

MWA efficacy is correlated with accurate image guidance, specifically validation of appropriate
ablative margins. However, conventional methods of B-mode ultrasound and computed tomography (CT)
have limitations for accurate visualization. Alternatively, ultrasound elastography has been utilized to
demarcate post-ablation zones yet shows some limitations for pre-ablation visualization due to variability
in strain contrast between cancer types, requiring more robust elastographic estimation. This chapter utilizes
the results from the work in Chapters 3-7 to characterize both pre-ablation tumors and post-ablation zones

using electrode displacement elastography for 13 patients with hepatocellular carcinoma or liver metastasis.
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1.4.8 Chapter 9: Research Contributions and Future Work

This chapter provides a summary of the research contributions to the field reported in this

dissertation and potential avenues for future work.
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Chapter 2:  Literature Review

2.1 Liver Cancer Burden

As of 2018, liver cancer is the third leading cause of cancer related deaths worldwide and the
seventh most common in incidences [1-3]. In 2015, the Global Cancer Observatory (GLOBOCAN) reported
854,000 cases of liver cancer with 810,000 deaths globally, a third of which was caused by the hepatitis B
virus (HBV), a third from alcohol use, and the remainder a combination of hepatitis C virus and other
factors [4]. In just the United States (US), liver cancer mortality significantly increased from 2005 — 2014
with the burden of liver cancer nearly doubling since the mid-1980s [5]. Noone et al. predicted in 2018 that
at least 1% of the US population would be diagnosed with a form of primary liver cancer [6]. Additionally,
the Center for Disease Control (CDC) reported that during the years 2004-2009 only roughly one fourth of
liver cancer patients survived even when the cancer had not spread outside the liver [7]. Not only is primary
liver cancer caused by viral- and alcohol-related reasons, but it is now shown that factors such as obesity,
type 2 diabetes, aflatoxin exposure and nonalcoholic fatty liver disease (NAFLD) are significant
contributors to liver cancer, specifically hepatocellular carcinoma (HCC), [8, 9]. Due to these contributing
factors being widespread in the population and the heterogeneity of liver cancers, regimented surveillance

and subsequent treatment are difficult to perform before advanced cancer progression occurs [10, 11].
2.2 Liver Cancer: Prevalence, Treatment, and Monitoring

Primary liver cancer, i.e., hepatocellular carcinoma, accounts for 75% of new liver tumor diagnosis
and remains one of the more difficult cancers to treat with only 20% of patients having a 5-year survival
outcome after their initial diagnosis, despite recent advances in treatment approaches [12, 13]. Notably, the
earlier liver cancer is detected for respective treatment, the higher the survival rate [14]. Recently, surgical
treatments have improved the short-term survival of HCC, but disease recurrence remains a problem for

long-term survival of patients [15]. The best options for liver cancer treatment are either surgical resection
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[16, 17] or liver transplantation [18, 19] as the best outlook is seen when all cancer is removed from the
liver [20], however other options such as chemotherapies [16, 21] and more recently minimally invasive

percutaneous treatments [22-26] have been growing as alternative treatment methods [27].

2.2.1  Liver Transplantation

Complete liver transplantation is the most effective method to treat liver cancer and chronic liver
disease where HCC typically develop [28]. Patients who have received a liver transplant have shown 5 year
survival rates at 72 percent [29]. Unfortunately, liver transplants are hindered largely by the limited number
of donors to supply livers for transplantation [30]. For example, in America and Europe the number of
patients waiting for liver transplants are dwarfed by the number of performed procedures per year such that
less than a third of patients on waiting lists receive a transplant [31]. Therefore, many patients leave waiting
lists due to cancer progression thereby weakening the intent to treat via transplantation [32, 33]. As a result,
procedures such as surgical resection, transarterial radiation, transarterial embolization, and ablation

attempt to slow the progression of liver cancers [12, 16].

2.2.2  Surgical Resection

Over the last decade excluding liver transplantation, resection has been deemed the most effective
treatment for early HCC and is the treatment of choice. [16] Liver resection is the standard choice for HCC
that develops in a normal liver for patients that qualify for resection, however less than 25% of patients
with HCC or colorectal liver metastases can undergo resection [34]. One of the most important factors to
ensure safe liver resection is tumor progression and liver function [35], resulting in many resections
occurring in regions where hepatitis B is the dominant risk factor for the liver cancer [28]. After surgical
liver resection, the recurrence rate is about 50% after 2 years and 75% at 5 years [30]. Recently surgical
resection and ablation have shown similar survival outcomes in the range of 60-70% for 5 years for early
stages of HCC, single tumor less than 2cm [16]. Improved surgical outcomes in liver resection may also be

found using laparoscopic liver resection [36] or specialized post-operative care [37]. Despite high treatment
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success using surgical resection, only 9-27% of these patients meet the criteria for surgical liver resection

[38, 39].

2.2.3  Chemotherapy

Chemotherapies are also a means of controlling HCC and liver metastasis, especially in conjunction
with other surgical methods for pre- [40] and post-operative therapy [41]. The two main methods for
chemotherapy are transarterial radioembolization (TARE) and transarterial chemoablation (TACE). TARE
is typically well tolerated and provides local radiation treatment, while TACE combines arterial obstruction
with chemotherapy [16]. TACE may be more commonly used on patients for whom most of the liver
function is still intact and no signs of extrahepatic spread are evident [21]. Unfortunately, chemotherapies
may be a high risk factor for patient comorbidities and poor liver function [42, 43] and may result in

unforeseen adverse effects when combined [44].

2.2.4 Image Guided Ablation Procedures

Unfortunately, many of the liver cancers treatments proposed above are difficult due to the high
risk of morbidity and mortality. Image guided ablations are percutaneous treatments performed under
guidance of fluoroscopy, ultrasound, CT, or MRI. These treatments include direct injection of alcohol,
temperature manipulations in the form of radiofrequency ablation, microwave ablation, laser ablation, high
intensity focused ultrasound (HIFU), and cryoablation, and finally non-thermal energies [45, 46]. Image
guided ablations provide a less invasive treatment method than surgical methods, and although surgical
resection is the preferred treatment method for liver cancers, ablation is the best suited treatment for patients
unable to have surgery due to other comorbidities [47], early stage HCC [48], and those on liver transplant
waitlists [21, 49] as they results in less damage to surrounding structures [50, 51]. Ablative procedures
result in fewer complications [34], and require accurate pretreatment imaging to detect lesions, their size

and location with respect to the surrounding structures. [48]
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2.2.4.1 Percutaneous Ethanol Injection

One method for local treatment of HCC is percutaneous ethanol injection (PEI). Ethanol injection
functions by inducing dehydration of cells leading to tissue coagulation and finally fibrinous scarring of
cancerous cells with clotting of local circulation surrounding the tumor [22, 45, 52]. Ethanol injection has
less local control effectiveness than that of thermal ablation but works well when the location of the tumor
implies risk of adverse effects [16, 53]. Although PEI has low overall cost and can be performed with only

local anesthesia [54], thermal ablations have shown increased survival rates [55].

2.2.4.3 Irreversible Electroporation

Another image guided treatment is irreversible Electroporation (IRE), a nonthermal ablative
technique that delivers short electrical pulses between electrodes which creates pores in cell membranes
leading to cell necrosis [56]. Although IRE has advantages in theory over thermal ablation methods, it lacks
a rigorous comparison to thermal ablation efficacy [27]. Following this, IRE also requires very precise
placement, use of more electrodes, and carries risks of cardiac dysrhythmia and muscle spasms to patients

[57] hence is not widely used for liver cancer treatments.

2.2.4.2 Cryoablation

Although non-thermal ablation methods are successful treatments for cancerous liver lesions,
thermal ablation is the preferred method of treatment for patients where surgical resection is not feasible
and tumors less than 2cm where transplantation is not possible [45, 58]. One method for thermal ablation,
less commonly used currently, is cryoablation (CA) [59]. CA operates by the Joule-Thomson effect to create
freezing temperatures, creating ice formation to cause cell death [60, 61]. For this to be successful, a 1 cm
ablative margin 360 degrees surrounding the cancerous tissue should be completely destroyed [62]. One
benefit of CA is that it can treat large tumors as multiple probes may be simultaneously used, and shows

very similar results to that of other ablation treatments [63]. Unfortunately, cryoablation requires accurate
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imaging is required to verify accurate probe placement and has shown limitations in use due to adverse

effects such as liver abscess formation, cryoshock, and hemorrhage [59, 62, 64].

2.2.4.3 Radiofrequency Ablation (RFA)

RFA was the most used thermal ablation treatment using elevated temperatures until the more
widespread use of Microwave ablation (MWA). A main advantage of RFA as compared to surgical
resection is the potential for minimal normal tissue loss and a comparable success rate for tumors less than
3 cm [46] as well as a more cost-effective treatment for early HCC [16]. RFA outcomes for hepatic tumors
has improved significantly, achieving necrosis without adverse liver function. RFA is accepted as the best
therapeutic choice for non-surgical patients with early-stage HCC and RFA was once established as the
primary ablative modality prior to the advent of MWA.. [65] Radiofrequency ablation has shown survival
rates up to 10 years after HCC treatment, showing RFA is a good first-line treatment for patients with early-
stage HCC. [66] For RFA, the entire tumor along with an appropriate ablative margin must reach cytotoxic
temperatures in order for adequate eradication of the entire tumor. [46]

The two main goals of RFA are to completely eradicate all viable malignant cells within the targeted
region, by attempting to include a 1.0 cm margin of normal tissue around the tumor, and to maintain
specificity and accuracy of the therapy. Maintaining an adequate tumor ablation margin lends to the best
success rates. [46, 50, 65] RFA utilizes thermal injury to tissue through electromagnetic energy deposited
on the tumor tissue. [48, 65] The thermal damage that is done by RFA is dependent on tissue temperature
and the duration of heating [65].

Incomplete treatment and tumor recurrence post RFA are still clinical challenges. Residual tumor
progression needs to be found at an early stage so therapy can be reperformed [34]. A main downfall of
RFA is the inability to eradicate larger tumors and a nonuniform temperature distribution in the ablated
region. Target tumor should not be larger than 3-4 cm in its largest axis to ensure that complete ablation
can be performed [65]. For tumors between 3cm and 5cm RFA has shown a decrease in success rate, so

treatments are often combined with TACE [21]. Current RFA equipment does not provide sufficient
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ablation volume to treat tumors larger than 5cm. [21] The only method using RFA for tumors larger than 5

cm is to used overlapping regions which may offer full eradication. [50]

2.2.4.4 Microwave Ablation (MWA)

A similar technique to radiofrequency ablation is that of microwave ablation (MWA) as a procedure
growing in popularity as it offers treatment similar in success rates as surgical resection with lower mortality
and morbidity [67-70]. Microwave ablation works by using microwave energy to agitate water molecules.
This agitation then produces friction and heat thereby causing cell necrosis [21]. Percutaneous microwave
coagulation therapy can be used for treatment of neoplasms with results shown using MWA as a method
for treating hepatocellular carcinoma, metastatic masses, and adenomas [71-73].

Microwave ablation is shown to produce much larger ablation regions than RFA with similar or
improved effects in terms of complete ablation and local tumor progression [74]. Microwave energy has
many advantages over other ablation technologies, including larger ablation volumes, faster ablation times,
less susceptible to tissue heat sinks, does not require as high cooling needs, use of grounding pads. In
addition, due to the manner MWA works, multiple antennae can be used at the same time allowing for
larger tumor treatment than with a single RF electrode [21, 69, 75]. These larger, more uniform, and
consistent ablation zones were shown to be produced by using up to 3 microwave antennae simultaneously
by utilizing constructive interference. The areas of treatment increased by much as 10% when using
microwave antenna simultaneously as opposed to sequentially, which is a clear benefit to RFA [76]. By
using multiple antennas, the treatment location can be maximized to ensure adequate safety margins [58,
76]. Improved survival rates and lower rates of local tumor progression is due to the MWA’s faster heat
generation that can overcome vascular perfusion better than RFA [77]. Some problems with using
microwave energy are that it is more difficult to generate and deliver to the antenna than RFA. This leads
to lower power delivery, shaft heating, and large diameter antenna to accommodate coaxial lines [75].

Many comprehensive studies have shown these positives of using MWA over RFA in a clinical

setting. [78-80] A further study showed an effectiveness rate of 91.6% for 107 patients from successful
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single session treatments from a multiantenna, high-power, and gas-cooled microwave devices. This was
followed with a 76% survival rate at the 14-month follow up appointment [81]. Ablative therapies appear
to be as effective as surgery in appropriate cases, especially for HCC less than 3 cm [16, 30].

Due to the growing popularity and utility of MWA at University of Wisconsin Hospitals and
Clinics, this dissertation focuses on liver cancer treatment using MWA. As such, one of the primary factors
in MWA success is verification of ablative margins, hence accurate and consistent imaging is required to
ensure proper procedure execution [24, 76, 82]. In the case of MWA, this is specifically aimed towards
proper placement of ablation antennae as well as verification of 0.5 — 1.0 cm margin of normal tissue

necrosis surrounding tumor cells to minimize any residual tumor progression [17, 76, 83].

2.3 Clinical Imaging Modalities for Monitoring Liver Cancer Ablation

To achieve proper treatment using MWA, correct energy delivery, proper antenna placement, and
most importantly verification of minimal ablative margins are needed, all of which require accurate image
representation of pre and post ablation regions [84]. Imaging for MWA treatment planning and post-
procedure evaluation takes various forms, with the most used modalities being computed tomography (CT)
and magnetic resonance imaging (MRI). B-mode ultrasound (US) has also been used, most commonly for
real-time antenna placement. Positron emission tomography (PET) is commonly used for metastatic follow-
up [85, 86].

Clinical imaging modalities used can also vary for pre-treatment diagnostics, post-treatment
follow-up or for real-time treatment monitoring. Pre-treatment and post-treatment imaging must accurately
detect lesion location and size, procedural planning, and location with respect to the surrounding structures
[48]. This pre-operative depiction of the hepatic lesion is performed using most commonly CT, MRI, or
occasionally US, while post-treatment follow-up utilizes CT, contrast-enhanced CT (CECT), MRI, or PET
most often for metastatic lesions based on clinician preference and availability [87]. The ablation procedure
is commonly but not universally performed under general anesthesia. General anesthesia is commonly used

to immobilize the diaphragm, pain and anxiety management, and to facilitate patient positioning thus aiding
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in antenna placement [58]. For use in the operating room or clinical ablation suite, US is most used however
contrast-enhanced US (CEUS), CT, CECT, and MRI have also been used for procedure monitoring and

efficacy [27, 85, 88].

2.3.1  Ultrasound

There are few studies that claim B-mode US can determine the characteristics of HCC based on
echogenicity in B-mode for diagnostic purposes [89]. Unfortunately, conventional B-mode imaging has
shown little success in specifically identifying HCC especially for proper delineation [90]. In a study of
160 patients, although a positive prediction rate of 96.3% was obtained, a high negative predictive value of
94% was obtained when using B-mode imaging alone for HCC detection. Hence it is rarely used for actual
diagnosis [91] as it is not sensitive enough for detection of smaller tumor regions, especially residual tumor
locations after treatment [92].

The primary use of B-mode ultrasound using fundamental and harmonic frequencies in ablation
procedures is for real-time guidance and monitoring treatment progress due to ease of use and lack of
ionizing radiation [86]. Unfortunately, delineation using B-mode is limited due to gas formation from tissue
heating, which results in increased signal attenuation. Despite this factor, a recent study has shown that B-
mode US correlates more accurately to in-plane pathology than CT [93]. B-mode ultrasound has also been
used for temperature monitoring during ablations and shows promise in real-time visualization, although is
not commonly utilized in the clinical setting because temperature estimates are based widely on mean gray
scale values, which may result in inaccurate temperature estimations [94, 95]. US Color Doppler flow
imaging may be used to assess blood flow to tumors without the use of contrast, although the level of
sensitivity and image resolution needed require the use of a technique called superb microvascular imaging
[96].
2.3.1.1 Contrast Enhanced Ultrasound (CEUS)

CEUS is another useful modality for visualizing tumor location and ablation efficacy by greatly

increasing specificity and sensitivity when compared to B-mode ultrasound so it does offer a more cost-
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effective imaging modality than CT and MRI [97-100]. Studies have shown that complete ablation success
rate after a single treatment session were higher when using CEUS over B-mode US [101]. In addition to
these benefits of CEUS, certain contrast agents allow for better visualization of vasculature in patients
presenting with liver cirrhosis [102].

Many first generation contrast agents, such as Levovist (Schering, Berlin, Germany), may only be
effective at higher acoustic power with high mechanical index and often only provide a temporary imaging
effect, as this effect is based on destruction of the microbubbles [101, 103]. Second generation contrast
agents utilize harmonic imaging modes thereby alleviating the need for high mechanical index values by
exploiting the nonlinear oscillation of microbubbles in contrast agents using methods such as phase
inversion or amplitude modulation [104-106].

Since the contrast agent cannot be continuously injected into patients, one group has shown use of
fusing a pre-ablation CEUS image with real time B-mode US for antenna placement and after ablation for
efficacy [107]. This allowed for 100% success in visualizing pre- and post-ablated regions and improved
workflow of the ablation procedure. Although few drug toxicities to patients have been reported [101],

CEUS still requires use of contrast which can be expensive.

2.3.2 Computed Tomography

The most used imaging modality for diagnostic pre-operative depiction of hepatic lesions, contrast
enhanced computed tomography (CECT) provides accurate detection of the number of lesions and location,
spread of the tumor, and mapping liver vascular anatomy [34, 108]. Treatment planning for microwave
ablation uses these CECT or MRI data sets in the manner similar to that used in surgery for tumor resection
[109].

Intra-operative CT, typically without the use of contrast is well suited for percutaneous ablations
as it visualizes tumors in relation to antenna, ablation zone, and neighboring pathology. Intra-operative CT
allows precise visualization of the position of MWA antenna and ablation monitoring for detection of

possible complications as well as the vaporization process [110, 111]. More specifically water vapor on CT
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appears as a low attenuation area against the background liver parenchyma and can be used to define the
potential ablation zone [112, 113].

After the procedure, a diagnostic CECT is often used for follow-up imaging as it shows less artifacts
than MRI and allows for visualization of the thorax [27, 114]. After procedure completion, non-contrast
enhanced CT does not demonstrate contrast enhancement between residual tumor tissue and the ablation
zone due to poor soft-tissue contrast [34] and has shown to be less correlated to pathology than US [93].
Alternatively, CECT shows high sensitivity and specificity for detection of residual tumor tissue so is
valuable for post-treatment evaluation [115]. CECT has shown high correlation to pathology after RFA,
however did tend to overestimate ablation dimensions [116]. CECT therefore provides a high success rate
imaging modality with a low complication rate, however it exposes patients to ionizing radiation and leaves
clinicians with limited target tumor visualization and low resolution of intrahepatic vessels [117-119] .

For near real-time monitoring of MWA, variations of conventional CT imaging have been
investigated. Use of reconstruction techniques such as highly constrained back-projection (HYPR) allow
for CECT reconstruction with lower doses of radiation therefore allowing the potential of real-time
visualization and showing higher signal-to-noise (SNR), contrast-to-noise (CNR), and correlation to
pathology against conventional low-dose CECT [120]. Despite this potential, utilization of this processing
technique has limited results so further investigation should be performed before clinical implementation.
Variations in computed tomography have been investigated for improving liver tumor ablation assessments
such as cone beam computed tomography [121]. Temperature monitoring using CT attenuation has shown
some promise in assessing thermal ablation progress in liver cancer treatments, yet further investigation is
needed for consistency due to initial result variability [122]. Despite these studies showing the viability of
near real-time imaging using CT, non-contrast CT has been shown to have lower correlation to pathology
for RFA and MWA than conventional B-mode US, further discrediting its use for real-time monitoring

[93].
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2.3.3 Magnetic Resonance Imaging

Magnetic resonance imaging (MRI) is a technique commonly used for pre-treatment planning and
patient follow-up, but less commonly used for guiding microwave ablation treatments. MRI is a preferred
method for detection and characterization of hepatic tumors as it provides improved anatomic coverage,
spatial resolution, and superior soft-tissue contrast compared to other imaging modalities. For example,
MRI showed a 97.5% specificity for hepatic mass characterization as compared to 77.3% for CT [34]. Post
procedure follow-up contrast enhanced MR imaging has improved soft tissue visualization for viewing
tumors and hepatic disease progression [27].

Although MRI is most often used for pre-treatment planning and for post treatment follow-up, real-
time images are difficult to use due to MRI time to acquisition time and special considerations need to be
taken with regards to the use of metal antennae during the procedure. Interventional magnetic resonance
imaging (iMRI) does allow for the real-time use in procedures, providing an open MR system which
clinicians can maintain patient contact throughout the procedure [123]. Specifically, iMRI has been utilized
with thermal ablations [124, 125], however the use of real-time MRI still requires specially designed
applicators, large equipment resulting in small working space for clinicians, and artifact formation from

radiofrequency or microwave energy [126].

2.3.4  Positron Emission Tomography

Positron emission tomography (PET) is an imaging modality that utilizes tracers attached to certain
molecular compounds the body uses such as glucose where the tracers can then be imaged to see where the
body is utilizing this compound [127]. This fact is especially useful for visualizing the enhancement of
metabolism in ablation zones [128]. Unfortunately, as PET requires the use of injected tracers, it is unable
to be used in real-time monitoring during ablations. Despite this fact, PET is used for improved visualization
of tumors and ablated zones and is limited in use due to dosing levels [129]. PET takes an important role

in post-procedural follow-up especially for metastatic diseases due to the tumor marker intake [86].
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2.3.5 Image Fusion

Image fusion of two or more clinical imaging modalities has shown utility in the clinic where pre-
operative CECT or MRI images are registered to the B-mode US to enhance real-time visualization [130].
Intrinsic registration and fusion of pre-operative CT/MR images to US [131-135] has been utilized in some
centers [131-133], using common landmarks such as the liver surface and/or vasculature [131-134, 136-
144], or electro-magnetic antenna tracking [133]. These approaches require appropriate and careful clinical
setup [132]. Data acquisition during breath holds or respiratory gating is essential to improve the accuracy
of image fusion [131, 134]. Registration/fusion of the images varies from real-time [131], 15~20 s [145],
29-74 s [136], to around 5-10 minutes [146]. Recent advancements in computing and automatic image
analysis have been able to significantly reduce the extra time required for image registration so that image
fusion becomes a feasible option in ablation procedures [147]. This initial rigid registration can be achieved
by defining a minimum of three (3) non-collinear common fiducial points in both datasets, or by defining
a common plane and single point [148]. Classical methods for implementing multi-modality image
registration use mutual information to measure differences and a rigid transformation to warp the previously
acquired data with the real time US B-mode images [149, 150]. Although image fusion tools for this purpose
have been under development for 20 years, the adoption of these tools has been delayed in the clinic due to
the extra time required to achieve satisfactory alignment between the image modalities [151, 152]. Intrinsic
registration and fusion of pre-operative CT/MR images to US [131-135] has been utilized in some centers
[131-133], using common landmarks such as the liver surface and/or vasculature [131-134, 136-144], or
electro-magnetic antenna tracking [133]. These approaches require appropriate and careful clinical setup
[132]. Data acquisition during breath holds or respiratory gating is essential to improve the accuracy of
image fusion [131, 134]. The registration/fusion of the images varies from real-time [131], 15~20 s [145],
29-74 s [136], to around 5-10 minutes [146]. Recent advancements in computing and automatic image
analysis have been able to significantly reduce the extra time required for the image registration so that
image fusion becomes a feasible option in ablation procedures [153-157]. This initial rigid registration can

be achieved by defining a minimum of three (3) non-collinear common fiducial points in both datasets, or
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by defining a common plane and single point [148]. Classical methods for implementing multi-modality
image registration use mutual information to measure differences and a rigid transformation to warp the
previously acquired data with the real time US B-mode image [149].

Similar rigid image registration techniques to fuse US with other whole-patient imaging modalities
are currently available on several commercial US systems. These systems incorporate CT/MR/PET imaging
modalities and fuse them with real time US. Position tracking for these systems uses an electromagnetic
system that incorporates a source transmitter along with sensors to track the position of the transducer
and/or ablation antenna [151, 158]. One example is the GE Logiq E9 that uses volume navigation (V Nav)
where the previously acquired diagnostic volume must first be uploaded in DICOM form onto the US
machine [148]. However, manual steps for registration of real-time US with the previously acquired images
are required for initial synchronization. The spatial accuracy and clinical efficacy of the V-Nav system from
the GE Logiq E9 was evaluated by Hakime et al. [132]. Their experiment specifically compared the choice
of landmarks (three anatomical vs. two anatomical and one non-anatomical landmark) and whether
anesthesia had any effect on the overall error. The maximum absolute difference between the location of
liver nodule in CT and US was used as an accuracy metric. The highest accuracy of 1.9 + 1.4 mm [132]
was achieved with the patient under general anesthesia and both US and CT performed immediately one
after the other before registration, which reduced to an accuracy of 7.05 + 6.95 mm with additional time
between the two modalities [132]. The choice of landmarks used also had a significant effect on the
registration accuracy. When comparing landmark selection, the maximum absolute difference increased by
5.2 mm when no non-anatomical landmarks were included. This is likely because non-anatomical
landmarks are more easily identifiable in both US and CT. There was also an increased registration error
of 7.05 £ 6.95 mm when CT was not performed immediately before registration and this is attributed to
patient respiration and involuntary distortion of the liver.

In addition, many other manufacturers have their own implementation of image fusion software
such as Siemens eSieFusion™, Samsung Sfusion™, and Philips AIUS™. Sfusion™ advertises three

different modes for data fusion on the US system: manual landmark-based registration, sweeping auto-
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registration, and positioning auto-registration. Positioning auto-registration is the simplest and fastest
method on the Samsung system for automatically registering the two datasets. The image fusion system on
the Philips system uses two methods for performing automatic registration, both of which use an US sweep
to collect data. The sweep provides three-dimensional (3D) information about the liver vessel trees and/or
the liver surface. Registration uses this information to automatically find the best fit between the preloaded
CT/MRI dataset and the real time US B-mode image.

Outside of commercially available systems, successful reports that automatically register US with
other imaging modalities have been discussed in the literature. Wein et al. in [138] presents the foundation
for a fully automatic CT to US fusion technique. The method formulates an optimization problem that seeks
to maximize the similarity between data from a 3D US sweep and corresponding simulated US data
generated from CT images. The experimental setup included a magnetic tracking system, which provided
information about the transducer orientation. Experimental results across 25 patients showed a mean
fiducial registration error (FRE) and target registration error (TRE) of 9.5 mm and 8.1 mm respectively
using an affine transformation. Here FRE represents the error associated with fiducial landmarks while TRE
is associated with the targeted tumor region.

MRI has also shown success in slice registration with US [154, 159-161]. Real time US-MRI fusion
imaging was evaluated by Kaplan et al. [162] for use in trans-rectal biopsies with the goal of increasing the
yield of the biopsy procedure. Image fusion was performed using six common fiducial markers on both the
US and MRI images. An affine transformation was used to minimize the distance between the fiducial
points and align the 3D MRI image set with US. The authors presented the results only as a proof of concept
and evaluated the accuracy of image fusion quantitatively using a split window of US/MRI data. Schlaier
et al. [163] assessed the fusion of US/MR using a physical model compatible with both imaging modalities.
Authors constructed a plastic box that consisted of water, wooden arrowheads, and plastic reflective
spheres. A paired point registration method was used by the navigation system to fuse US with MRI and to

automatically determine registration accuracy. Overall, the paired point registration method was highly
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accurate and achieved an overall accuracy of 1.08 mm + 0.61 mm (mean * standard deviation) for the

reflective spheres.

2.4 Research Oriented Imaging for Monitoring Liver Cancer Ablation

2.4.1 Imaging US Attenuation for Ablation Monitoring

Another interesting method for imaging microwave ablation utilizes quantitative US (QUS)
approaches specifically using the attenuation coefficient parameter. Several groups have shown the ability
of ultrasound attenuation imaging to estimate steatosis or fat content in the liver [164-167]. Ultrasound
attenuation has shown promise in estimating osteoporosis in simulation models [168]. With regards to
hyperthermia treatments such as MWA, attenuation imaging allows for monitoring as the ultrasound
attenuation coefficient increases based on the collagen fiber content in tissue and protein
coagulation/denaturation as a response to thermal treatment [169]. In a similar fashion, several groups have
reported a correlation between the liver tissue temperature to attenuation coefficient values [170-173]. A-
mode ultrasound attenuation shows utility in monitoring hyperthermia with the association of attenuation
and temperature [169]. This method, however, only utilizes 1D ultrasound for faster processing and use of
a simpler measurement instrument. Most notably, the results of Samimi et al. has shown that a local
attenuation imaging method using an optimized spectral shift method for monitoring ex vivo bovine liver
microwave ablation [174]. Additionally, Zhang et al. has shown the feasibility of ultrasonic attenuation
coefficient intercept imaging to evaluate MWA zones. Results showed that attenuation imaging provided

increased CNR and higher correlation to treatment progress than B-mode images [175].

2.4.2  Ultrasound Temperature Imaging

An additional method used for research in visualizing ablation zones is ultrasound temperature
imaging. To estimate temperature, a variety of methods can be utilized using echo- and spectral shifts from
changes in speed of sound and thermal expansion, acoustic attenuation coefficient measurements, or

changes in backscattered energy arising from tissue inhomogeneities [176]. The most commonly used of
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these methods is that of echo- and spectral shift showing results from HIFU ablations [177, 178] and
radiofrequency ablations [179, 180].

Although attenuation and temperature imaging show higher correlation to pathology than B-mode
ultrasound they do have several limitations. Temperature imaging using ultrasound is still limited to
visualizing the relative heating produced during the ablation procedure. Attenuation mapping requires

larger regions to accurately compute the power spectra essential for this parametric imaging modality.

2.4.3 Echo Decorrelation Imaging

Another researched approach for monitoring thermal ablations uses echo decorrelation. Echo
decorrelation is a real-time method that uses degradations in ultrasound signals, namely signal
decorrelation, to map thermal ablation [181]. This method has shown positive results in vitro, ex vivo, and
in vivo experiments for focused ultrasound ablations in 2D and 3D imaging planes as well as providing
real-time feedback on ablation progress and control [182-185]. Despite successes in monitoring ablation
progress, this method still lacks the ability to visualize pre-ablation index tumors against post ablation

regions for determining accurate ablative margins in MWA procedures.

2.4.4 Ultrasound Backscatter Imaging

In addition to ultrasound attenuation coefficient changes representing ablation progress, changes in
the spatial distribution of scatter in liver tissue provide a visualization method after tissue ablation. This
visualization comes from the thermal coagulation produced by ablation disrupting the pseudo-periodic
scattering seen in normal liver tissue [186, 187]. Despite progress using this method, limited in vivo results

have been reported so clinical use is still limited.

2.4.5 Ultrasound Nakagami Imaging

Another ultrasound imaging method that has been researched is Nakagami Imaging [188] which
quantifies local scatterer concentrations and distributions in tissue to provide more consistent images as

opposed to B-mode imaging over various system settings. Nakagami imaging has been shown to
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differentiate between benign and malignant tumors [189, 190], assessing tissue fibrosis [191-193], and to
monitor heart tissue regeneration in adult Zebrafish [194]. In addition, Nakagami imaging has shown recent
success in visualizing thermal and mechanical ablation for use with high-intensity focused ultrasound
(HIFU) [194]. This success is in part due to its ability to highlight the degrading shadowing effects seen in
comparable B-mode US during ablative therapies [195] as well as improving visual discrimination of
thermograms, an infrared thermal camera image showing radiation dose differences as grayscale intensity

image [196].

2.4.6  Elastography Using Ultrasound Radiation Force

Elastography was introduced for imaging tissue stiffness by Ophir et al. (1991). Elastography
utilizes a mechanical perturbation with subsequent measurement of displacement and strain from this
applied force [197], which can be quasi-static, dynamic, or impulse deformations [198-202]. The
mechanical force needed to provide deformation for measurement can be applied externally or internally to
the liver [203]. The use of ultrasound radiation force elastography has shown positive results for monitoring
tissue stiffness during ablation [204].

Elastography can be used for quantifying the elasticity of tissue using external tissue compression
or using the radiation force of ultrasound. By measuring the applied stresses, the calculated strain profile
can be transformed into an elastic modulus image of the tissue. Quasi-static elastography was first described
as a feasible clinical technique by Ophir [205]. Groups have shown that elastographic approaches are able
to visualize the size and position of stiffer lesions, providing an ultrasound imaging method that can
overcome some of the limitations of conventional B-mode ultrasound imaging and provide additional new
information using a different contrast mechanism [206]. Real-time breast strain imaging has been shown to
be reproducible and provides high CNRs as compared to B-mode imaging [207]. These elastograms also
provide valuable information on the stiffness of the lesions to aid in characterization of lesion properties
[207]. A comparison between imaging thermal lesions was done using B-mode and sonoelastography, with

a 100% success rate for complete boundary detection of the thermal lesions using sonoelastography, while
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B-mode only showed 37.5% boundary detection [208]. Although studies have shown that strain
elastography underestimated ablation zone sizes in human subjects when compared to gold-standard CT
imaging, elastographic approaches have demonstrated high correlation in ablation zones in animal models

when compared to histopathology [209].

2.4.6.1 Acoustic Radiation Force Imaging

A noninvasive approach for elasticity imaging utilizes acoustic radiation force impulse (ARFI),
which applies deformation using focused ultrasound pulses, alleviating the need for manual compression
by the operator [210]. Good contrast for pre-ablation and post-ablation malignant tumors has been shown,
indicating that ARFI provides superior boundary delineation as compared to conventional B-mode [211].
Despite ARFI showing good results for 2-D imaging, this method provides poor results at depths greater
than 8 cm due to the attenuation of the acoustic waves. In addition, ARFI imaging may show large relative
measurement bias at different depths when using a curvilinear transducer due to undesired attenuation and
A-line lateral spread [212].

In addition, focused ultrasound (FUS) beams have also been used to induce oscillatory
deformations for harmonic motion imaging (HMI). HMI has shown good results for tumor detection and
ablation monitoring [213, 214]. However when staging liver fibrosis, all approaches using radiation force
may fail for individuals with high liver fibrosis/cirrhosis due to high shear wave speeds that the system is
unable to track or those with high body mass index (BMI) [215], and for depths greater than 8 cm [216]

where attenuation becomes a factor.

2.4.6.2 Shear Wave Imaging

Shear wave elasticity imaging (SWEI) is a similar approach that also utilizes acoustic radiation
force but uses several pulse bursts at different focal depths to induce a planar shear wave front [217, 218].
Propagation velocities of shear waves are measured to characterize the elasticity or shear modulus of tissue

[219]. Shear wave speed estimation in the liver has been used to monitor RFA showing comparable results
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to MRI [220] and monitoring during peri-ablation periods [221]. Despite this result, many liver applications
of SWEI are used for staging liver fibrosis since SWEI presents with resolution of 2 mm, too large for the
resolution required of ablation monitoring [222]. This method however fails for individuals with high liver
fibrosis due to the inability to track high shear wave velocities in these regions, and for individuals with
high body-mass-index (BMI) due to the increased attenuation of acoustic waves [219, 223]. Other studies
have shown a 2-D sonoelastographic shear velocity estimation approach for characterizing the mechanical

properties of tissue [224].

2.4.7 Elastography Using Electrode Perturbation

2.4.7.1 Electrode Vibration Elastography

Electrode vibration elastography (EVE) is a shear wave imaging technique used to monitor RFA and MWA
procedures. Contrary to shear wave generation using radiation force or external mechanical vibration, EVE
uses transient vibrations to the ablation needle to generate shear waves which are then tracked using high
frame rate ultrasound [225]. Early results demonstrated good boundary delineation for phantom and ex vivo
data [225, 226]. EVE has shown efficacy in imaging thermal ablations, and good correlations in measured

areas between elastographic images and gross pathology [226, 227].

2.4.7.2 Electrode Displacement Elastography

Another approach that has been applied for ablation treatment monitoring, specifically during and
after RFA or MWA procedures, is electrode displacement elastography (EDE) [228, 229]. EDE comes from
the use of the microwave antenna to induce localized deformations in and around the liver tumor being
ablated, which due to elasticity contrast between tumors, ablated regions, and normal liver parenchyma,
provide real-time, high contrast visualization using ultrasound based methods [230].

It was validated via simulation that using the antenna to induce quasi-static deformations provided
a theoretically higher imaged contrast than external compression [231]. Phantom studies confirmed these

simulation findings with contrast-to-noise ratio (CNR) and strain contrast obtained being significantly
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higher for EDE due to the local nature of the deformation applied [232-234]. To further validate EDE
efficacy, in vivo animal models were utilized showing a high correlation between EDE strain and pathologic
areas of ablated regions [235, 236]. EDE was then performed on human patients scheduled for percutaneous
minimally invasive ablation procedures to further verify its ability to delineate ablated regions [216, 237].
Additionally, ablation zones from sonoelastography have been delineated from the nonablated tissue in
elastograms showing that the imaged ablated region correlated well with the pathology [238]. Yang et al.
has shown that image contrast, CNR, and delineation are significantly higher for strain images obtained
using EDE than B-mode [237] or ARFI [216] imaging.

Yang et al. [239] demonstrated for liver ablation procedures, that the image contrast and CNR are
much higher for images obtained using EDE than for from the same tumors and ablated region imaged
using ARFI. The number of patients that were accurately delineated by independent observers in the study
was shown to be 69% for EDE as compared to 12% from ARFI [240]. Additional improvements in
computer architecture have permitted accelerated processing of displacement estimation [241, 242] and
increased image consistency from advanced denoising [243] and lesion tracking [244]. Due to the extensive
utilization of EDE in simulation, ex vivo, and in vivo imaging for MWA, it is rational choice for further

investigation of imaging validation of MWA procedures.

2.4.8  Strain Imaging Algorithms for Elastography

2.4.8.1 Early Strain Estimation Methods

Initial elastography imaging was largely established based on the time shift differences estimated
using normalized cross-correlation (NCC) computation between a pair of 1D windowed pre- and post-
deformation ultrasound A-line segments which is derived from Fourier theory [197]. The peak of the cross-
correlation function between these segments is then the estimated time shift. This is then repeated along
each ultrasound A-line segment with an overlap factor to obtain a range of time shift or displacement

estimates. The strain profile is determined using Eqgn. (1).
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where s, is the strain estimate for the segment pair i,t is the time shift between segments for pair i, and

AT is the spacing between segments.. The spatial resolution of this strain measurement is limited by the
dimensions of the A-line segment used for NCC computation and corresponding overlap between A-line
segments. The sampling period at which the radiofrequency data is collected also impacts resolution but
can be improved using linear interpolation [245-247]. Signal decorrelation between pre- and post-
deformation A-line segments also impact the accuracy and precision of the estimated strain. Investigators
have attempted to alleviate this problem via companding [248] or temporal stretching before block-
matching [249-252].

For estimating local displacements for elastography accurately, tissue motion must satisfy two
conditions, namely maximizing signal correlation before and after deformation by ensuring that the out-of-
plane motion is minimized as well as ensuring a sufficient amount of deformation that can be tracked with
high signal-to-noise ratio [253]. Investigators have utilized the ‘strain filter’ approach to optimize strain
estimation which characterizes the performance of different strain estimation algorithms [254, 255]. The
strain filter approach enables optimization of signal processing parameters and applied deformation to
improve strain estimation performance. These tradeoffs are described in Varghese et al. 2001 [256].

2.4.8.2 Current Strain Estimation Methods

Many approaches have been proposed over the years that are mainly classified according to the
signal-processing method utilized. These are namely frequency domain, maximum likelihood time-domain
correlation-based, time and frequency hybrid methods, time-domain maximum a posterior (MAP) Motion-
Tracking, Optical Flow-Based, and Mesh based techniques [257].

2.4.8.2.1 Frequency Domain Based Strain Estimation

Tracking in the frequency domain can be performed after calculating the analytic signal from the
radiofrequency (RF) data. This can be done by adding an imaginary part to the signal as the signal’s Hilbert

transform. With the analytic signals, the cross-spectrum function is used to solve for the zero-phase angle
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using a root-finding algorithm which then is used to find the time delay [258]. These are reliable for robust
estimation in the axial direction, yet tissue deformation is often in 3D. This method cannot be translated to
2D or 3D tracking as there is no lateral phase component between separate A-lines of ultrasound echoes.
Frequency domain motion tracking then showed continued use in elastography through strain estimation
through power spectral correlation techniques [259, 260], nearest-neighbor weighted least-squares [261],
and for high-frame-rate imaging [262].

2.4.8.2.2 Maximum Likelihood Time-Domain Estimation Methods

The maximum likelihood time-domain correlation-based method is one of the most common
methods used for displacement estimation [263]. The correlation between two sampled signals which are
shifted in time without relying on a priori knowledge is estimated at each time shift. The maximum
correlation is used as the maximum time shift, which can then be converted to displacement estimates. As
this approach utilizes matching signals at different time delays, it can be easily utilized for 2D and 3D
estimation. Several algorithm variations have been developed with different pre-processing, correlation
functions, and subsampling to improve displacement estimates [248, 264-270]. However, these approaches
are often computationally intensive so they are more beneficial for smaller displacements where the
computational search range is smaller [257].

2.4.8.2.3 Combining Time-Domain and Frequency Domain methods

Combination of time-domain and frequency domain processing can take the best of both
displacement estimation domains yet is not commonly used. The literature has one method combining both
time and frequency directly for displacement estimation. This method uses a combination of the zero-phase
line in the frequency domain and the correlation map derived from the time-domain [271].

2.4.8.2.4 Time-Domain Maximum aposteriori (MAP) Speckle Tracking

As maximum likelihood time-domain methods may result in large errors which arise from cycle
jumps due to secondary peaks in correlation functions which occurs often in in vivo [272, 273]. To
counteract this artifact, motion estimation then utilizes coarse-to-fine displacement estimation with a bias

against large displacements [274-276]. This is called maximum aposteriori (MAP) speckle tracking as this
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method utilizes apriori information to reduce the interjected bias. This approach has evolved into motion
tracking using regularizers in the form of optimizing a cost-function. As an example, an optimization
problem may be posed as the sum of correlation and a measure of motion smoothness [277-285].
Alternatively, MAP estimators can utilize local displacements and iteratively improve their estimations
from neighboring displacement information through Bayes theorem [286, 287].

2.4.8.25 Optical Flow Tracking

Other methods for speckle tracking take utilize the computer vision formulation of optical flow
[288-290]. With estimation using computer vision, two methods are utilized namely region-based [289,
290] and smoothness constraint-based [291] methods. These methods are often used for sub-sample
displacement estimations [257].

2.4.8.2.6 Deformable Mesh-Based Tracking

Another method used for estimation is deformable mesh-based motion tracking which operate
under the fundamental principles of elasticity [253]. The essence of this method is that a computer mesh is
interconnected hence maintains a continuity of motion when displacements are estimated. This may also
take forms of a smoothness constraint [292] which is computationally intensive or utilizing the Lame-
Navier elasticity equation [293-295].

2.4.9.3 Machine Learning in Elastography

Outside of the conventional methods for displacement estimation, machine learning has seen
growing utilization in elastography, namely for classification, displacement/strain estimation and shear
wave imaging approaches for elastography. For classification, machine-learning has been used for staging
early liver fibrosis [296]. Another classification method utilizes a generative adversarial network (GAN)
for anomaly detection in ultrasound images [297]. This constructed computational model then detects
anomalous lesions and rates as normal tissue, benign masses, or malignant masses.

For strain estimation, an end-to-end convolutional neural network (CNN) was used for

reconstructing ultrasound strain images directly from RF data [298]. Results showed excellent correlation
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to ground truth and was also compared to conventional strain estimation [281]. Additionally more recent
peer-reviewed publications have shown improvements in computational speed [299] as well as strain
estimation using a pyramidal convolutional neural network [300].

In a similar manner, for shear-wave elastography a deep CNN was used to generates a synthetic
shear-wave elastography image directly from conventional B-mode ultrasound data [301]. When compared
to traditional shear-wave elastography, the synthetic images showed very similar results with very low
computational load and without mechanical stimulation that shear wave elastography normally requires.
Another machine-learning method allows for shear modulus imaging from a single radiation pulse, which
normally requires multiple radiation pulses focused at different depths [302]. This method was able to
reconstruct shear wave elastography results accurately but also showed lower noise artifacts against state-
of-the-art methods in phantom simulations [303].

Despite the variety of displacement estimation approaches described in the peer-reviewed
literature, it would be difficult to fully compare all approaches for the application of visualizing MWA
strain distribution. In this dissertation, three displacement estimation methods were chosen for comparison,
which lie under the category of MAP estimators. These are namely 2D multilevel-normalized cross
correlation [304], quality guided displacement tracking [276], and coupled subsample displacement
estimation [305]. The choice to further investigate these methods was their prior utility in EDE. The

comparison and detailed description of these methods is presented in Chapter 3.
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Chapter 3: Comparison of Displacement Estimation

Approaches

Three strategies for displacement vector tracking and strain tensor estimation, namely Coupled
Subsample Displacement Estimation (CSDE), a multilevel 2-D normalized cross-correlation method,
and quality-guided displacement tracking (QGDT) have previously shown accurate estimations for EDE.
This chapters reports on a qualitative and quantitative comparison of these three algorithms over 79

patients after an MWA procedure and was adapted from my peer-review journal publication [1].

3.1 Background for Displacement Estimation Methods

Electrode displacement elastography (EDE) utilizes a displacement estimation algorithm to
estimate antenna induced quasi-static deformations. Many of these algorithms employ time-delay
estimation (TDE) and have been implemented using one-dimensional (1-D) or two-dimensional (2-D)
algorithms utilizing sum squared differences (SSD), sum absolute differences (SAD), and normalized cross-
correlation (NCC) based methods [2, 3]. Most of these approaches estimate only the axial component of
the displacement vector and strain tensor, while both axial and lateral displacement vectors and strain tensor
estimations are essential for EDE due to angle of ablation needle insertion. Many algorithms have
incorporated 2-D tracking kernels for axial and lateral estimations [4, 5], however lateral estimation
accuracy and resolution is low due to conventional ultrasound imaging constraints [6]. 2-D algorithms have
incorporated interpolation [6, 7], scaling factors [8], pitch and beamwidth parameters [9], lateral phase [10,
11], regularization [12], and beam steering/ compounding [13-15] to increase lateral displacement accuracy
and resolution. In previous work, three NCC-based algorithms have shown accurate axial and lateral
displacement and strain tensor estimations for EDE, namely, quality-guided displacement tracking (QGDT)

[16], coupled subsample displacement estimation (CSDE) [17], and a Multilevel 2-D NCC method [18].

R. M. Pohlman, T. Varghese, J. Jiang, T. J. Ziemlewicz, M. L. Alexander, K. L. Wergin, J. L. Hinshaw, M. G. Lubner, S. A. Wells, and F. T. Lee,
Jr., "Comparison of Displacement Tracking Algorithms for in Vivo Electrode Displacement Elastography,” Ultrasound in Medicine and Biology,
vol. 45, no. 1, pp. 218-232, 2019, doi: 10.1016/j.ultrasmedbio.2018.09.001.
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Now that EDE based strain imaging has been shown to be feasible for imaging thermally coagulated regions

within the liver in a clinic, in this chapter we compare the performance of these three algorithms.

3.2 Comparison of Displacement Estimation Algorithms for EDE

3.2.1  In Vivo Data for Comparing Algorithms

Patients scheduled for a minimally invasive liver ablation procedure at the University of Wisconsin
Hospital and Clinics (UWHC) were approached to be part of this study. The study population mirrors the
patient population serviced by UWHC. Patients who could not provide informed consent or institutionalized
patients were excluded from the study. There was no upper limit on age. Patient data collection followed a
protocol approved by the health sciences institutional review board at UW — Madison after obtaining
informed consent from the patient. MWA procedures were performed under general anesthesia. After
placing the 17-gauge antenna under B-mode ultrasound guidance and fixation to the tumor with an ice ball
using CO, cooling at the probe tip, followed by location verification using intra-operative computed
tomography, 80 frames of pre-ablation radiofrequency (RF) data were collected utilizing a Siemens S2000
system (Siemens Medical Solutions USA, Inc., Malvern, PA, USA) system. A single focal zone with a
6C1HD curvilinear transducer was used, centered at the depth of the target tumor, with a center frequency
of 6 MHz enabling an approximately 20 Hz frame rate. Radiofrequency signals were sampled at 40 MHz
During data collection, the clinician(s) performing the procedure perturbed the antenna by approximately
3 mm to provide localized deformations to liver tissue. Motion of approximately 1 mm is desirable as it
provides sufficient deformations for EDE strain estimation without disrupting antenna location. After
MWA was performed and technical success confirmed using intra-operative CECT, an additional 80 frames
of post-ablation RF data were collected. After the procedure, signal and image processing was performed
offline using corresponding software packages in MATLAB 2019a (The Math Works, Inc., Natick,
Massachusetts). RF data acquired from 79 patients were analyzed in this chapter. Patient demographics are

described in Table 3.1.
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Table 3.1 -Patient Demographics. Values represent the mean (standard deviation).

Variable Hepatocellular Metastasis Benign Masses Total
Carcinoma
(n=51) (n=21) (n=7) (n=79)
Weight (Ib) 191 (56) 185 (32) 182 (107) 191 (41)
Age (years) 64 (8.7) 63 (14) 36 (6.0) 61 (13)
Depth: 14% 5% 0% 11%
<5cm
Scm< &<8cm 51% 52% 43% 52%
8cm< 35% 43% 57% 39%
Diameter: 37% 30% 29% 350
<2cm
2cm< & <3cm 43% 43% 14% 40%
3cm< 20% 27% 57% 25%

3.2.2  Quality-Guided Displacement Tracking (QGDT) Search Strategy

The first method evaluated was a QGDT search strategy described by Chen et al. [19]. This
displacement tracking algorithm utilizes a seed-based search strategy quantified by a data quality metric.
The quality metric used can be either the correlation coefficient, phase gradient variance, or other user
defined metrics. The algorithm begins by creating a grid of N seeds. The seed with the highest valued
quality is then processed to estimate its displacement and correlation, along with its nearest neighbors. If
the displacement quality of the neighbor is higher than that of the current seed, the current seed is discarded,
and the new seed processed. This is continued until all pixels in the RF frame are processed. The QGDT
method has been previously applied to EDE using a kernel size of 3.5 wavelengths x 7 A-lines using
normalized correlation coefficient values greater than 0.75 as the quality metric [20, 21]. A kernel size of

1 wavelength x 3 A-lines is used for the displacement estimation for this study.

3.2.3  Fast Hybrid Algorithm with Coupled Subsample Displacement Estimation

The second method used is a fast hybrid algorithm [22] with Coupled Subsample Displacement
Estimation (CSDE) [23], which incorporates regularized motion tracking and a predictive search approach,
similar to QGDT. The method begins by estimating integer local displacements with a regularized search

strategy using large 2-D kernels. A variant of the classic, block matching algorithm is then used to compute
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displacements on a 6-point diamond stencil grid with a cost associated with each possible solution. The
Viterbi algorithm is used to identify trusted displacement seeds and its path. If the first and last displacement
vectors of the diamond stencil are different and the correlation value of the displacement vector at the center
of the stencil is 0.7 or higher, then that center of the stencil is marked as a trusted seed. These seeds are
then used in a modified predictive search strategy described in [24]. Initialized seeds from the regularized
search and all displacements estimated with correlation coefficients less than 0.4 are then discarded. Any
holes that the latter produces are interpolated or extrapolated from immediate neighbors. Once this process
is completed, the search kernel on the post-deformation RF frame is shifted by the integer displacements
just found. Next the correlation functions around the vicinity of the correlation peak from the integer
displacements are solved to obtain subsample displacement estimates. Subsample displacement vectors
then found by fitting the coordinates of a selected iso-contour to an ellipse. The final displacement vector
is the sum of the integer and subsample displacements. CSDE was utilized to process EDE data sets on
human subjects that were reported in [25] where an initial kernel size of 7.5 wavelengths x 29 A-lines was

used. The algorithm resulted in a final density of 1 wavelength x 2 axial lines.

3.2.4  Multilevel Method

The third algorithm evaluated in this study is a 2D multilevel algorithm [26]. The multilevel
algorithm operates as a pyramid, where initial displacements are computed starting on a coarse grid using
large kernels, followed by computations on finer and finer spatial grids to obtain high SNR estimates with
high spatial resolution. This method first transforms the RF data into envelope signals for fast and coarse
displacement estimation. 2D normalized cross-correlation is then used on down-sampled envelope data to
track displacements using a large 2D kernel. The displacements who do not meet a correlation coefficient
threshold are either replaced with the nearest neighbors or interpolated. This coarse displacement map is
then used as an initial displacement estimate for the next level of displacement calculations. The next level
displacements are calculated on envelope data with more samples, with 2D cross correlation and correlation

coefficient thresholding performed again using a smaller kernel size and a higher correlation coefficient
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threshold. This is repeated for all levels until the final level is reached. Here 2D normalized cross
correlation is used on RF data to achieve the highest resolution displacement estimates using the smallest
kernel size [26]. For this study, 4 levels of the 2D multilevel algorithm were used, utilizing kernel sizes of
[8, 4, 2, 1] wavelengths x [7, 5, 3, 3] axial lines.

A normalized correlation coefficient metric of 0.75 was maintained for all methods in this
study. In addition, the final kernel size was reduced to 1 wavelength x 3 A-lines to be consistent
across all displacement estimation methods allowing for a fair comparison. Although, the
estimation performance of each of the methods compared was not optimized in this study, we
compare the performance of these methods using the exact same processing parameters for a fair

comparison.

3.2.5 Data Gridding

In addition to displacement vector tracking and estimation, an important step for all these methods
is the approach used to transform displacement data from a sector format to a rectilinear grid. Trigonometric
identities using both x and y displacement vectors were used [27] to generate axial and lateral displacement
vectors for the sector array data. An additional post-displacement task was to localize a rectangular region
of interest containing the ablated tumor region and regions of normal liver surrounding it from all the
displacement tracking methods for comparison. Because the displacement tracking methods described
above provide different displacement mapping spatial resolutions, all data sets were up-sampled to a grid
size of 0.1 mm x 0.1 mm. This is done to ensure that all filtering and additional processing done to
displacement data is consistent among the three methods. Once all data from the methods are on consistent
data maps, further filtering can be done to remove any displacement errors. The first filtering stage applied
a2 mm x 2 mm median filter to data sets to remove false-peak displacement errors, while retaining edge
information related to ablated regions. The final filtering stage used 1-D cubic spline smoothing to produce

a smoother displacement map by minimization of the expression in Egn. (2).
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where Y, = f(x) for {x :i=1,..,n}, f(x.) is the cubic spline estimate, and 1 is the smoothing factor.

Spline smoothing used a smoothing factor of 1,000 in the axial direction and 10,000 in the lateral direction.
After filtering of displacement data, a 9-point least squares method for strain calculation was performed on

all data sets [28].

4

Depth (cm)

Width (cm)

Figure 3.1 - An example of the region-of-interest (ROIs) selected for comparison on axial strain tensor

image produced using CSDE. The solid blue ROI denotes the ROI inside the ablation zone and the dotted
red ROIs are the halo regions outside the ablation zone at the same depth as the blue ROI. The area enclosed

within the blue ROI and both red ROIs combined were equal.
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3.2.6  Region-of-Interest (ROI) Placement

To quantitatively compare all three methods, a rectangular ROl was used with an example shown
in Figure 3.1. ROI locations were maintained the same for all three displacement estimation methods and
strain tensors computed. Measurements taken were the mean, standard deviation of estimates in the inner
ROI, the contrast between the inner ROI against the outer ROI, and the CNR of the inner ROI compared to
the outer ROI.

Once all masses were processed using CSDE, Multilevel, and QGDT strategies, axial and lateral
strain tensors obtained were compared to each other. Displacement tracking and strain tensor estimation
was performed on the exact same RF frame pairs to ensure accurate comparisons of results. The frame pair
was selected based on whether an ablation zone was visualized for at least 2 of the displacement tracking
strategies. If a RF frame pair exists where all three methods provided delineation of the ablated region, that

frame pair was preferred.

3.2.7 Contrast and Contrast-to-Noise Ratio Comparison

The ratio of mean strain outside to inside of the ROI’s placed in the ablated region and background,
where both are at the same depth, is computed to obtain the contrast using Eqn. (2). Contrast obtained using
EDE utilizes the halo region as the outside ROI for comparison [29, 30]. Contrast-to-noise ratio (CNR) is

calculated using Eqn. (4), as shown in [47].

H,
Contrast = — 3
K
2(u, )
CNR = ———— 4)
(o7 +07)

where u and ¢ are the mean and standard deviation, and subscripts s; and s, strain magnitudes inside and

outside the ablation zone, respectively.
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3.3 Results of Algorithm Comparison

Displacement and strain results were computed for all 79 patients in this study using all three
methods. Displacement vector estimates were median filtered and smoothened using spline interpolation,
with strain tensor images constructed at all stages: with no filtering, median filtering, and median filtering
combined with spline interpolation. An example of axial and lateral strain tensor images that incorporate
median filtering and spline interpolation for all displacement tracking methods are illustrated in Figure 3.2.
Note that consistent delineations of ablated regions with axial and lateral strain imaging are observed for
all methods in Figure 3.2. Over the 79 data sets investigated, computation with CSDE tends to estimate
larger ablated regions containing less noise artifacts in both axial and lateral strain tensor images as
compared to both Multilevel and QGDT approaches. Since lesion size is not a focus of this study, it is a
subjective measure noted by the authors. On the other hand, visualized noise artifacts are quantified by the
standard deviation metric on strain tensor images.

Quantitative comparison results over the 79 patients in our study were grouped based on the type
of liver mass diagnosed: HCC (n=51), metastases (n=21), and all masses (n=79) which also includes benign
masses (n=7). Distributions of mean, standard deviation, contrast, and CNR across all patients and all three

displacement estimation methods are shown in Figure 3.3 - Figure 3.6.
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Figure 3.2 - Illustration of axial and lateral strain tensor images produced using CSDE, Multilevel, and
QGDT approaches for a patient with colon metastasis at a depth of 6 cm. (a) B-mode image with ROI, (b)
CSDE axial strain tensor image, (c) CSDE lateral strain tensor image, (d) Multilevel axial strain tensor
image, (e) Multilevel lateral strain tensor image, (f) QGDT axial strain tensor image, and (g) QGDT lateral

strain tensor image.
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3.3.1 Mean Strain parameter

Figure 3.3 displays mean strain distributions across all masses (a), HCC (b), and metastatic masses
(c), respectively. For both CSDE and Multilevel methods, lateral strains have wider distributions than axial
strains which are reversed for QGDT as shown in Figure 3.3 (a). In most in-vivo human ablations the
antenna is inserted at a 30° - 45° angle with respect to the transducer, therefore strain distribution incurred
in the localized region around the antenna is expected in both axial and lateral directions. In addition, in
Figure 3.3 (a), CSDE appears to estimate lower values of axial and lateral strains with very narrow upper
and lower quartiles meaning very low variation between patients.

Axial and lateral strain estimation with all three approaches shows similar distributions near the
median strain for all masses in Figure 3.3 (a) and HCC masses in (b), except for the tighter distribution
with axial QGDT. Of all three estimation approaches, QGDT shows the highest variation in the axial strain
distribution and appears skewed toward larger strain magnitudes shown in Figure 3.3 (a) and (c). Metastatic
masses in Figure 3.3 (c) have similar distributions, except for the wider axial QGDT distribution. Another
important aspect is that all distributions are strongly skewed toward larger magnitude strains for metastatic

masses.
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Figure 3.3 - Mean strain magnitude distributions inside the ablation zone. Distributions are shown for (a)

all masses, (b) HCC masses, and (c) metastatic masses using CSDE, Multilevel, and QGDT methods.

3.3.2 Standard Deviation of the Strain Distribution

Standard deviation distributions of strain magnitudes illustrated in Figure 3.4 represent all masses
(a), HCC (b), and metastatic masses (c). Standard deviation values relate to the amount of variability and
noise seen within ablated zones. For all masses represented by Figure 3.4 (a), CSDE has the lowest standard
deviation median and range. Multilevel shows low median standard deviation and tight quartiles, but a
larger range than CSDE. QGDT on the other hand has the largest median standard deviation and largest
range. Both QGDT distributions are skewed toward larger standard deviations. Similar results are seen for

HCC masses in Figure 3.4 (b). Note that the metastatic masses in Fig. 4 (c), show similar standard deviation
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medians as the masses in Figure 3.4 (2) and (b), but CSDE and Multilevel present with tighter quartiles and

ranges. QGDT shows large standard deviation values inside ablated zones of metastatic masses.
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Figure 3.4 - Standard deviation distributions of the strain magnitudes inside the ablation zone. Distributions

are shown for (a) all masses, (b) HCC masses, and (c) metastatic masses using CSDE, Multilevel, and

QGDT methods.

3.3.3  Ablation Contrast in Strain Tensor Images

Strain magnitude contrast for each mass was calculated using Eqgn. (3), and the distribution shown

in Figure 3.5. Contrast is indicated as negative since ablated regions present with low strain due to their

increased stiffhess, while the halo around ablated regions has relatively high strain values. Therefore, lower

contrast values, i.e., large negative numbers, indicate increased contrast between ablated region and
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surrounding tissue. When all masses are considered in Figure 3.5 (a), axial strain estimated with CSDE
shows the largest contrast (median value), and other methods show relatively similar median contrast
values. CSDE also indicates larger quartile ranges than the Multilevel and QGDT methods and is skewed
toward lower contrasts. Main differences between the strain contrast metric for HCC masses shown in Fig.
3.5 (b), versus that for metastases in Figure 3.5 (c), is the smaller contrast range for metastatic masses when
compared to HCC. Axial strain tensors estimated with the Multilevel method provides a consistent contrast
range visualized by the tightest distribution for all methods and masses. In general, we anticipate that the
stiffness of the ablated region should only vary in a small range when the thermal dose distribution utilized

is similar [31, 32].
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Figure 3.5 - Contrast distributions of the strain magnitudes inside and outside the ablation zone.

Distributions are shown for (a) all masses, (b) HCC and (c) metastatic masses using CSDE, Multilevel, and

QGDT methods.

3.3.4 Ablation Contrast-to-Noise Ratio in Axial and Lateral Strain Tensor Images

CNR values are calculated using Eqgn. (4), and distributions obtained across patients are shown in

Figure 3.6. Higher CNR values indicate improved mass detectability [25]. In Figure 3.6 (a), Multilevel and

QGDT methods both show the highest median CNR values with tight, similar quartile ranges for all masses.

Axial strain estimated with CSDE shows the lowest CNR. In addition, both axial and lateral strains

estimated with CSDE have the largest ranges. The CNR for HCC masses in Fig. 3.6 (b) do not vary when

compared to the distribution for all masses in Figure 3.6 (a). On the other hand, metastatic masses in Figure



103

3.6 (c) present with very tight distributions for CNR estimated using QGDT and Multilevel, respectively.
Both strain tensors estimated using Multilevel present with positive CNRs for metastatic masses. Axial and
lateral strain tensors estimated using CSDE show the largest ranges in CNR, with CSDE axial strain tensors

having the lowest CNR.
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Figure 3.6 - Contrast-to-noise ratio distributions of the strain magnitudes inside and outside the ablation
zone. Distributions are shown for (a) all masses, (b) HCC and (c) metastatic masses using CSDE,

Multilevel, and QGDT methods.

3.3.5 Ablation Success Rates Based on Ablation Region Visualization

A final important aspect to consider with these displacements tracking methods is how successful

and consistent these methods are in visualizing ablation regions. Success rates were calculated using the
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same frame pairs that were used in the distributions previously reported in this study by a single observer.

0

w

Depth (cm)
)]

Depth (cm)

Width (cm) Width (cm)

[ . ]
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Strain (%)

Figure 3.7 - An example of axial strain tensor images of the same frame pair across the three methods. (a)
B-mode image with ROI, (b) CSDE axial strain tensor, (c) Multilevel axial strain tensor, and (d) QGDT
axial strain tensor. In this example, Multilevel and QGDT axial strain tensors would be deemed successful

since ablation region can be visualized, while CSDE is unsuccessful.

Table 3.2 - Success rates for visualizing the ablation region with CSDE, Multilevel, and QGDT for all

masSses.

CSDE Multilevel QGDT
Axial 63% 89% 83%
Lateral 69% 79% 68%
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The same strain dynamic range (0-1%) was used for all the strain tensor images computed from the three
methods. Examples of successful and unsuccessful results are shown in Figure 3.7. Success rates for the

three methods are reported in Table 3.2, and noted as a qualitative assessment of the strain tensor images.

3.4 Discussion of Performance of Displacement Estimation Methods

Patient demographics in Table 3.1 are also correlated to the distributions plotted in Figure 3.3 -
Figure 3.6, specifically for differences seen relative to mass type. For distributions of the mean strain metric
computed in an ROI within the ablated region of each mass type, the distribution for all masses shown in
Figure 3.3 (a), closely match that shown for HCC (h = 51) alone in Figure 3.3 (b). This is true for all
methods other than for the axial strain tensors generated using QGDT. A similar trend is seen in the
distributions of the standard deviation metric in Figure 3.4. These results demonstrate that metastatic masses
(n = 21) (see Figure 3.3 (c) and Figure 3.4 (c)), do not contribute significantly to the distributions plotted
for all masses for the CSDE and Multilevel methods. Furthermore, the tighter distribution also implies that
these methods provide lower noise artifacts for metastatic masses when compared to HCC.

On the other hand, the distribution obtained for the contrast metric estimated from the strain tensor
images in Figure 3.5, differ from the distributions seen for the other metrics. Here, the distributions obtained
with all three methods do not significantly differ for HCC (Figure 3.5 (b)), versus metastatic masses (Figure
3.5 (c)). On the other hand, CNR distributions in Figure 3.6 show significant differences among mass type.
Like Figure 3.3 and Figure 3.4, metastatic masses in Figure 3.6 (c) are represented by tight distributions for
the Multilevel and QGDT methods. These results indicate that the local EDE deformations for metastatic
masses are tracked with lower standard deviations when compared to HCC masses. These increased
standard deviations are also reflected in the CNR distributions.

Based on the distributions of the mean, standard deviation, contrast and CNR metrics shown in
Figure 3.3-Figure 3.6, we evaluated the statistical significance of the results for the different metrics and
methods. We found that the estimated mean, standard deviation, and CNR metrics computed from the strain

tensors demonstrate statistically significant differences between estimation methods with p <<< 0.001,
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while the contrast metric was not significantly different. Therefore, mean, standard deviation, and CNR are
valid metrics for the comparison of estimation methods against each another. In addition, within each
estimation method, we did not obtain any statistically significant differences between mass types, indicating

that each estimation method produces consistent results regardless of mass type.

Table 3.3 - Mean and standard deviation (std) of the contrast and CNR metric for the three methods.

Method Contrast (dB) CNR (dB)
mean (std) mean (std)
CSDE Axial -15.1 (13.9) -0.571
(1.98)
Lateral -8.94 (12.4) 0.215 (1.59)
Multilevel Axial -8.42 (4.61) 1.06 (0.633)
Lateral -8.93 (6.96) 0.953
(0.918)
QGDT Axial -8.87 (6.44) 0.924
(0.790)
Lateral -9.12 (7.31) 1.13 (0.998)

A comparison of contrast and CNR in axial and lateral strain tensor images for all patients is
presented in Table 3.3. CSDE presents with the largest contrast in the axial direction, while the lateral
direction for CSDE and both directions for other methods show similar contrasts. Note that the Multilevel
method has the highest CNR in the axial direction along with QGDT in the lateral direction. CSDE shows
the lowest CNR for both axial and lateral strain tensor images. To demonstrate the need for filtering on
displacement estimates, a comparison of CNR obtained with and without median filtering of displacement

estimates are shown in Figure 3.8.
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Figure 3.8 - Comparison of CNR distributions after filtering stages for all masses. Distributions are shown

for (a) no filtering, (b) median filtering, and (c) median filtering with spline smoothing of displacements

before strain estimation.

Observe that with median filtering and spline smoothing, the CNR increases for all displacement

tracking strategies, except for axial strain tensors estimated with Multilevel processing where quartile

ranges remain similar when compared to median filtered results, but with a larger range after spline filtering.

The increase in CNR can be attributed to the reduction of noise artifacts with both filtering approaches.

Another example of axial and lateral strain tensor images obtained from the same frame pair for the three

different strategies are shown in Figure 3.9. Note that additional filtering within the ablation region after

strain tensor estimation was performed to improve visualization of the ablation region. Analogous to results
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presented in Figure 3.2, CSDE seems to trend toward larger ablation region dimensions when compared to
either Multilevel or QGDT. Although the size differentiation among the methods is not quantified in this
study, it is an interesting trend to note and is an important factor for validating tumor ablation margins.
Axial strain tensor images obtained with CSDE show the sharpest delineation with the cleanest
looking interiors, but often fail to show delineation at the distal part of the mass. Lateral strain estimated
with CSDE does not provide a sharp delineation with clean interiors seen with axial strain but provides
better delineation of the distal mass. Axial strain images obtained using Multilevel processing typically
provide good delineation for masses over the entire circumference of the mass, however it does not match
the sharpness obtained with axial strain tensor images obtained with CSDE. Lateral strain tensor images
computed using Multilevel analysis show similar results as the lateral CSDE with improved mass
delineation and contrast. Axial strain tensor images estimated with QGDT show good delineation, but also
contain the most noise artifacts visualized inside and outside the ablated regions. These increased artifacts
are quantified by the standard deviation distributions shown in Figure 3.4. Lateral QGDT provides
improved delineation of ablated regions among lateral strain tensor images. An interesting aspect seen in
strain tensor images generated with Multilevel and QGDT is that ablated region dimensions are always
smaller than ablated regions delineated by CSDE, which is clearly demonstrated in both Figure 3.2 and

Figure 3.9.
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Figure 3.9 - Improved visualization of strain tensor images for a patient with HCC at a depth of 5 cm
generated using CSDE, Multilevel, and QGDT, respectively. Additional noise reduction is performed
within the ablated region using morphological operators to improve visualization of the ablated region. (a)
B-mode image with ROI, (b) CSDE axial strain tensor image, (c) CSDE lateral strain tensor image, (d)
Multilevel axial strain tensor image, (e) Multilevel lateral strain tensor image, (f) QGDT axial strain tensor

image, and (g) QGDT lateral strain tensor image.
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The success rates shown in Table 3.2 show that CSDE provides the lowest image success rate of
the three methods, while Multilevel presents the highest success rate for both axial and lateral strain tensors.
Interestingly, lateral strain tensor imaging with CSDE has a higher success rate than that obtained with axial
strain tensor imaging. Table 3.3 displays the mean and standard deviation for contrast and CNR of CSDE,
Multilevel and QGDT. Like the results shown in Figure 3.5, axial strain tensor images obtained with CSDE
shows the highest contrast with values approximately 6 dB lower than the other methods. It is also seen that
Multilevel and QGDT strain tensor images offer higher CNR than depicted with CSDE.

There are two important points regarding the results presented in this study. First, we
present a brief discussion on the need for comparison between mass sizes estimated on strain tensor
images and CECT imaging. Unfortunately, obtaining ‘true’ mass size and areas in-vivo in human
subjects is difficult, as the ablations are not excised for histopathological analysis. CECT imaging,
as the current “gold standard” for post-ablation assessments, offers a means of comparison of
ablated lesion dimensions, areas, and volumes. Since current B-mode imaging and RF data
collection utilize a curvilinear array, with a single 2D imaging plane, we are limited to
displacement tracking and strain estimation along this imaging plane. Therefore, registration of
the 2D ultrasound B-mode and strain images to the 3D CECT data sets is essential for accurate
comparison of lesion dimensions and areas. A second aspect to be discussed is regularization of
strain tensor images, if any, that is incorporated in these methods. CSDE integrates a Viterbi based
regularization scheme, while Multilevel and QGDT do not incorporate regularization.
Regularization in CSDE may explain the more consistent mean and lower standard deviations of
strain estimates within ablated regions due to the additional smoothening that regularization offers.
This regularization-based smoothening may also contribute to the differences of visualized lesion

size produced by CSDE when compared to the other methods presented.
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3.5 Selection of a Displacement Estimation Approach for EDE

CSDE provides the most consistent mean and standard deviation for strain magnitudes within
ablation regions as compared to Multilevel and QGDT. Axial strain tensors using CSDE also provide the
highest contrast between ablation zones and surrounding liver tissue. However, CSDE only has a 63%
success rate when compared to the other methods with higher success rates as shown in Table 3. These
results indicate that axial strain tensor images with CSDE may provide better delineation of ablated regions
from surrounding tissue than the other methods. Note that the CNR, lies in a similar range (with higher
CNR values) for both Multilevel and QGDT, when compared to CSDE. The CNR metric quantifies both
the contrast and noise properties of the strain tensor image and is a measure of the detectability of the
ablated region in the strain tensor images. Since the emphasis in this chapter is on the depiction and
delineation of the ablated region, we utilize the CNR metric. In addition, since the Multilevel method has
the highest success of 89% and 79% for axial and lateral strain tensor images, respectively, along with the
highest axial CNR and the tightest CNR distributions for axial and lateral strain tensors; it may be the best
approach in a clinical setting as it enables more consistent delineation of ablated regions in the clinic. Future
work will correlate strain tensor mass sizes with registered CECT mass sizes and will explore regularization

methods to improve means and standard deviations of ablated regions estimated with the Multilevel method.
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Chapter 4.  Dictionary Learning and Representation for

Denoising Displacement Estimates

Ultrasound based electrode displacement elastography (EDE) has demonstrated the potential to
monitor ablated regions in human patients after minimally invasive microwave ablation (MWA)
procedures. Displacement estimation for EDE is commonly plagued by decorrelation noise artifacts
degrading displacement estimates. In this chapter, a global dictionary learning approach is proposed for
denoising displacement estimates with an adaptively learned dictionary from EDE phantom displacement
maps. The resulting algorithm represents displacement patches sparsely if they contain low noise and
averages remaining patches thereby denoising displacement maps while retaining important edge
information. Results of dictionary represented displacements presented with higher signal-to-noise ratio
(SNR), contrast-to-noise ratio (CNR) with improved contrast, as well as improved phantom inclusion
delineation when compared to initial displacement, median filtered displacement, and spline smoothened
displacement, respectively. In addition to visualized noise reduction, dictionary represented displacement
maps presented with the highest SNR, CNR and improved contrast with values of 1.77 dB, 4.56 dB, and
4.35 dB when compared to axial strain tensor images estimated using the initial displacement map.
Following EDE phantom imaging, dictionary representations were validated using in-vivo patient data.
With dictionary representations utilized for single vector displacements, dictionary learning was then

extended to incorporate both displacement vectors to show improved denoising capability.

4.1 Motivation for Use in Elastography

Many algorithms exist for performing displacement estimation, some of which vary in accuracy,
sensitivity, spatial and temporal resolution, and complexity, respectively [1-8]. In this chapter we utilize a
2-D Multilevel method previously proposed by Shi and Varghese [9]. This approach uses block matching
on a hierarchical pyramid structure, first obtaining coarse estimates followed by finer displacement

R. M. Pohlman and T. Varghese, "Dictionary Representations for Electrode Displacement Elastography,” IEEE Transactions on Ultrasonics,
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estimates. Block matching technigues estimate motion by matching patterns of radiofrequency (RF) or
envelope signals between pre- and post-deformation echo signals [10]. Unfortunately, these displacement
estimates are commonly plagued by decorrelation noise from non-rigid motion [11]. Some approaches
attempt to alleviate this problem via companding [12] or temporal stretching before block-matching [13-
15], while many recent approaches utilize regularization during the motion estimation process [16-21].
Regularization during block matching attempts to reduce decorrelation noise and increase local
displacement estimate accuracy. A good example of this is shown by Jiang and Hall where the displacement
estimation is reframed as an optimization problem to incorporate regularization of the estimated
displacement [1]. With this optimization approach, their algorithm can simultaneously estimate a sequence
of displacement vectors which maximize correlation and ensure local motion continuity [1]. Another
proposed approach [3] applies Bayesian regularization [16] by redefining displacement estimation as a
probabilistic function of similarity metrics between neighboring displacement estimates. This is
incorporated by treating the similarity metric matrix as a probability density image and assuming
neighboring estimates are independent. This follows with modelling probability as the maximum of
neighboring probability density image values modulated via a Gaussian function. Rivaz et al. reported on
a regularization approach utilizing analytic minimization to incorporate constraints on displacement
intensity and continuity [17]. Simulation and phantom results present with improved signal-to-noise ratio
(SNR) and CNR [5]. Following phantom results, in-vivo axial strain images were shown to correlate well
with CT and pathology, yet these images lack strong thermal ablation boundary delineation. Despite the
reduction in decorrelation artifacts improved boundary visualization of the ablated region is essential for

MWA procedure success.

4.2 Background of Dictionary Learning
A more recent regularization approach utilizes the sparseness provided by dictionary learning for
cardiac displacement estimation [22], where sparseness is defined as an array or matrix where most of the

elements are zero. The idea of using dictionary learning to patch together sparse image patches was first
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shown in [23], and has been utilized in several imaging applications [24-28] including denoising [29]. The
regularization approach proposed by Ouzir et al. frames the displacement estimates as the minimum sum
of a data fidelity term based on the Rayleigh noise model and a regularization term based on spatial
smoothness and sparsity [22]. The spatial smoothness term enforces small gradients, while the sparsity term
reinforces the displacement estimate that is best approximated using a small set of atoms, or sparse set of
atoms, from a dictionary. Although implementation of dictionary learning within the displacement
estimation process was novel, their approach was limited to using a pre-constructed or offline dictionary.

Other approaches have incorporated machine learning algorithms for liver imaging mainly focusing
on classification or image generation. Classification using machine learning is utilized for diagnosing and
staging liver fibrosis [30-32]. Liver fibrosis is a pathological process as results in chronic liver diseases. If
fibrosis is detected, clinical intervention at early stages can slow the development of liver cirrhosis which
often results in liver cancer. Outside of classifying liver fibrosis staging, machine learning shows utility for
classifying breast mass as normal, benign, or malignant masses [33]. Machine learning has also been used
for reconstructing elastography images in the form elastography directly from radiofrequency (RF) data
[34-36] and B-mode images [37] as well as utility with shear wave elasticity images [38]. However, these
methods depend on obtaining accurate training models.

In this chapter, we utilize conventional displacement tracking methods but incorporate machine
learning utilizing dictionary learning to improve image denoising while retaining boundary information.
An adaptively learned global dictionary is utilized for denoising displacement estimates. Initial
displacement estimates were calculated using a 2-D Multilevel algorithm [9]. Once displacement estimates
are obtained, a sparse and redundant representation of “ideal”, non-synthetic, displacement maps were
implemented to reduce the decorrelation noise seen in the displacement maps. Corresponding strain tensor
images obtained with dictionary learning were then compared to current approaches used to reduce
decorrelation noise in strain imaging. Results are presented utilizing an EDE phantom and reproducibility

validated on in-vivo data sets acquired on human subjects.
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RF data was collected using a Siemens S2000 (Siemens, Malvern, PA) system with a 6C1 HD
curvilinear transducer on an EDE phantom with deformations introduced using an actuator (Physik
Instrumente (Pl) GmbH & Co. KG; Karlsruhe, DE). EDE phantom data collection incorporated 12
independent datasets from maximum distance to minimum distance from transducer with sinusoidal
displacements of 100 um peak magnitude. The transducer center beam line was affixed parallel to needle
placed in the phantom.

Human in-vivo data sets acquired after minimally invasive MWA procedures with deformations
introduced freehand at the University of Wisconsin-Madison Hospital and clinics were then utilized to
demonstrate feasibility. In-vivo data collection followed a protocol approved by the health sciences
institutional review board (HS-IRB) at UW-Madison with patients providing informed consent before
procedure commencement. Once MWA antenna placement was verified via CT imaging, 80 frames of RF
data were collected while the physician manually perturbed the antenna by approximately +1mm. Signal
processing for displacement estimation, dictionary learning, and strain tensor calculation was done off-line

using corresponding software packages in MATLAB.

4.3 Single Displacement Vector Dictionary
Elad and Aharon [29], derived a minimization algorithm for image denoising utilizing dictionary

learning. For consistency we will follow a similar notation as used in their paper. Let us assume that we

have a known dictionary, D € R™ | where k is the number of atoms (columns vectors d e R") in the

dictionary and+/n is the patch height and width, where k >n provides that we have an overcomplete,
redundant dictionary. Along with this known dictionary, let us assume we have a noisy displacement
estimation map calculated using our Multilevel algorithm. This noisy displacement estimate is median
filtered to remove extraneous, false peaks resulting in a median filtered noisy displacement map referred to
as Y . The sparsity term from Elad and Aharon’s approach utilized an £0-norm, which is non-convex,
thereby computationally intensive to compute and difficult to obtain an exact solution [39-41]. As a good

approximation, the ¢1-norm can be substituted [42-44] changing the minimization equation to (5)
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where (i, j) is the block location from the displacement estimate, X is the denoised displacement estimate,
Y is the median filtered noisy displacement estimate, and R; is the matrix that extracts the (i,j) block

from the displacement map. Following the same approach as shown in [45], the optimization problem of
Eqgn. (5) can be rewritten via proximal splitting and solved using the Douglas-Rachford (DR) algorithm
[46]. This results in an algorithm that represents patches sparsely if a sparsely represented patch and
corresponding noisy patch are similar, otherwise it simply averages a patch with overlapping neighbor
patches thereby reducing noise. The algorithm in (5) assumes a known fixed dictionary. There are three
different methods we can use for selecting the dictionary: predefining an overcomplete dictionary,
adaptively learning a dictionary on every displacement map that will be denoised, or adaptively learning a
global dictionary from a set of “good” examples that can be used globally over all the data for denoising
[29].

One of the simplest methods for evaluation of sparse representations is utilizing a pre-constructed
dictionary. Several examples of pre-constructed dictionaries are described in the literature [42, 47, 48].
Adaptively learned dictionaries on the other hand provide improved reconstruction performance [49].
Although an adaptively learned dictionary for each displacement map may provide the best reconstruction
results as shown in [29], a globally learned dictionary may be sufficient for producing reproducible
denoising performance. This will save computational time when compared to computing a dictionary for
each displacement map. In addition, all displacement maps can be represented using a linear combination
of these ideal displacement patches.

To adaptively learn a global dictionary, an additional iterative processing chain is added to the
algorithm. Now assuming dictionary D is unknown, we create our initial dictionary directly from our noisy

median filtered displacement Y estimated using a Multilevel method from an EDE phantom. This begins

by selecting an arbitrary number m of Jnx/n patches from Y with the largest root mean squared energy
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providing m representative noisy patches (y,)}, e R™" . Of these y; patches, k patches were randomly

selected as the initial atoms d for the dictionary, D. An example of normalized initial atoms for a
dictionary are shown in Figure 4.1 (a) where the atoms have dimensions of 10 pixels x 10 pixels (4 mm x

4 mm) chosen randomly from y,. Each atom was normalized independently such that minimum to

maximum values of each atom range from 0 to 1. The dictionary learning process then begins by minimizing

the constrained optimization problem shown by (2)

1 .
migglly - Do (6)

where x>0 is the upper bound sparsity of coefficients « . The iterative dictionary learning optimization
alternates between updating dictionary atoms d and coefficients « , and is solved using a block-coordinate
descent method [50]. Once this iterative process is completed, the global dictionary shown in Figure 4.1 (b)
can be used for dictionary representations. Note the adjustments of atoms shown in Figure 4.1 (b) that
occurs during the dictionary learning process to reduce noise and provide better sparse representations of

the median filtered displacements.
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Figure 4.1 - Examples of dictionary atoms before and after training. (a) The initial dictionary atoms selected
from the phantom median filtered displacement map and (b) the same dictionary atoms after iterative

training.

Displacements between frames of maximum to minimum axial displacement were estimated
utilizing a Multilevel approach demonstrated in [9] using a kernel sizes of [16, 12, 8, 4] wavelengths x [7,
5, 3, 3] A-lines. Median filtering with a window size of 1.9 mm x 1.9 mm was used to remove false peaks
from displacement estimation. After median filtering, the displacement estimate was resampled to result in
a pixel size of 0.4 mm x 0.4 mm and normalized. A globally learned dictionary was then trained from
median filtered displacement frames demonstrating the largest inclusion displacement (n=12). A patch
size of 10 x 10 pixels was chosen using a heuristic approach as a compromise between computational load
and denoising performance, utilizing k =200 atoms for the dictionary, resulting in D € R***® The upper

bound sparsity of x =4 was used and (6) is iterated until |D,,, —D,|<10™ or 500 iterations have been

reached. Utilizing this globally learned dictionary, median filtered displacements were denoised for all
displacement maps estimated. During the denoising iterative process, the sum of squared errors (SSE)

between estimated denoised patches and clean patches shown in (7) was computed. Denoising was iterated
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until the root mean squared error (RMSE) between iterations fell below a convergence value chosen

heuristically to be 5x10° as shown in (8).

Error. (j) = anl:(D(ai'j)T_yiyj)z} l<iem o
|:\/%i( EITOI'T (J) a Errorr_l(j))z :| <5x107° ©)

Computational time required for the global dictionary training was approximately 5 minutes while the
displacement dictionary representation convergence required approximately 2 minutes for a typical sector
ultrasound image of width and depth 8 cm x 12 cm (200 pixels x 300 pixels). All processing was performed

on a Windows 10 desktop PC with Intel Core i7-7700K CPU (4x 4.20 GHz) and 48 GB DDR4 RAM.
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Figure 4.2 — Axial strain tensor images showing visualization differences with the filtering approaches on
the EDE phantom. (a) B-mode image of EDE phantom pre-deformation with region-of-interest used for
guantitative metrics, strain tensor images from (b) initial estimated displacement, (c) median filtered
displacement, (d) spline smoothening of median filtered displacement, and (e) dictionary represented

displacement.
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4.3.1 Comparison with Conventional Filtering Approaches

After the displacement estimates were denoised via dictionary representation, the inclusion was
visualized from strain tensor images calculated using a least-squares method after filtering and dictionary
denoising [2]. Denoised strain tensor images were compared to strain tensor images after median filtering
and spline smoothening [51, 52]. In the interest of quantifying strain tensors from initial displacement maps
and displacement maps represented by a sparse set of dictionary patches, we utilized similar region-of-
interest (ROI) as used in [53]. We then calculated the following three quantitative metrics shown in Eqn.
(9), (10), and (11), namely the SNR, contrast, and CNR [51, 52]

5,

SNR =~ ©)
|
Contrast = :-' (10)
B
= =12
CNR = M (11)
(of +03)

where | and B refer to the inside and background ROIs respectfully, § and o are the mean and standard

deviation of strain tensor magnitudes.

4.3.2 Comparison of Single Displacement Vector Dictionary to Conventional Filtering

For the purposes of providing deformations to the inclusion in the EDE phantom, cyclic motions
using a linear actuator were used as previously discussed. Since cyclic motions were used, peak
displacements occur during downward and upward motions generated by the actuator. Peak displacements
were used because they provide the largest deformation applied to the inclusion. Over the 120 RF frames
collected, this peak displacement occurs n = 12 times. Strain tensor images for an EDE phantom with
sinusoidal displacements with a peak magnitude of 100 um are shown in Figure 4.2.

Figure 4.2 shows the advantages of dictionary-represented displacements for strain tensor
visualization. Figure 4.2 (a) displays the B-mode image of an EDE phantom with ROIs selected to avoid

the needle artifacts near the bottom of the inclusion representative of the inside and outside of the inclusion
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in red and blue, respectively. Figure 4.2 (b) shows the axial strain tensor image obtained from the initial
displacement calculated with a Multilevel method, (c) median-filtered Multilevel displacement, (d) spline
smoothened, median-filtered Multilevel displacement, and (e) dictionary represented Multilevel
displacement.

Qualitatively in Figure 4.2 (e), improvements obtained utilizing dictionary denoising were
observed in the increased homogeneity in strain tensor magnitudes above the inclusion as well as a slight
reduction in the noise artifacts seen inside the inclusion, disregarding the needle artifacts. Additionally, we
note no loss of inclusion delineation in the visualized strain tensor image, respectively. Note that with
utilizing solely median filtering, very small changes in the strain tensor magnitudes are seen inside and
outside the inclusion between the initial, nonfiltered displacement except for a slight smoothening seen
above the inclusion and along the boundary. Using spline smoothening after median filtering reduces noise
seen both inside and outside the inclusion while retaining the edge information, providing better
visualization over median filtering alone. However, inspection of strain tensor image produced from
dictionary represented displacements provides reduction in noise above the inclusion as well as in
homogeneous regions of the phantom, lateral to the inclusion. A slight reduction of noise is also perceived
within the inclusion without any loss of inclusion boundary sharpness. Note that a needle artifact exists in
all strain tensor images near the bottom and below the inclusion.

Following visualization of the inclusion, a quantitative comparison of displacement estimation
results was performed for strain tensor imaging. ROIs were selected to avoid the needle artifact near the
bottom of the inclusion and strain tensor magnitudes were used since visualization only requires relative
differences in strain. Quantitative distribution of the parameters over all displacement frames is shown in
Figure 4.3 - Figure 4.5 showing that dictionary represented strain tensor images provided statistically

significant improvements in SNR and CNR (p < 0.001) calculated using a one-way analysis of variance.
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Figure 4.3 — Signal-to-noise ratio distributions of the axial strain tensor magnitude utilizing ROIs inside
and above the EDE phantom inclusion and calculated over 12 independent realizations. Distributions are
shown for initial displacement (1.61 dB), median filtered displacement (1.73 dB), median filtered
displacement with spline smoothening (2.93 dB), and dictionary represented displacement (3.38 dB). Mean

values are presented in parenthesis.

Figure 4.3 displays inclusion strain tensor SNR distributions over the 12 displacement frames
estimated. All methods demonstrate a positive SNR above 1 dB. Median filtering increases the SNR seen
from initial displacement estimate, which can be attributed to reducing large peaks inside of the phantom
inclusion. Following median filtering, spline smoothening greatly increases strain tensor SNR, nearly
doubling the median SNR with similar distribution width. Greater SNR values can be credited to noise

reduction that spline smoothening offers. Now looking at distributions from the proposed, dictionary
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represented approach, we see the largest SNR values with median and quartile values greater than the
median SNR from any other method. Greater SNR values are likely from the denoising obtained with the

sparseness dictionary representation offers.
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Figure 4.4 — Contrast distributions of the axial strain tensor magnitude utilizing ROIs inside and above the
EDE phantom inclusion and calculated over 12 independent realizations. Distributions are shown for initial
displacement (8.72 dB), median filtered displacement (8.90 dB), median filtered displacement with spline
smoothening (10.92 dB), and dictionary represented displacement (13.07 dB). Mean values are presented

in parenthesis.

Using Egn. (10) contrast distributions were calculated and shown in Figure 4.4. Contrast values are
positive since the stiffer phantom inclusion presents with lower strain values while the softer background

regions outside of the inclusion provide higher strain values. Following this logic, larger values result in
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higher contrast between the phantom inclusion and surrounding medium. Median filtering of displacements
appears to provide little contrast improvement from initial displacement estimates. Spline smoothening
shows significantly more improvement for median and quartile values increasing entire distribution by
approximately 2 dB. Dictionary represented strain tensor images demonstrate the greatest distribution of
contrast values with an additional increase of 2 dB over spline smoothening contrast. Distributions from all
methods retain a similar width, while the spline smoothening and dictionary representation demonstrate

wider quartile ranges.
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Figure 4.5 — Contrast-to-noise ratio distributions of the axial strain tensor magnitude utilizing ROIs inside
and above the EDE phantom inclusion and calculated over 12 independent realizations. Distributions are
shown for initial displacement (1.37 dB), median filtered displacement (1.30 dB), median filtered
displacement with spline smoothening (3.66 dB), and dictionary represented displacement (5.73 dB). Mean

values are presented in parenthesis.
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In Figure 4.5, CNR distributions calculated using (11) are shown. Median filtered and initial
displacement distributions show positive and similar results slightly above 1 dB. Although median filtering
removes noise from displacement estimates, it does not affect contrast levels noticeably accounting for the
similar CNR values after median filtering. Spline smoothening after median filtering increases CNR values,
likely due to noise removal and some improvement in contrast. Utilizing a dictionary represented
displacement provides the highest CNR values seen as compared to the other methods. These higher CNR
values can be attributed to not only large noise removal of displacements but also improvement in contrast

that dictionary representations provide.
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Figure 4.6 — Displacement maps from a patient with colon metastasis at a depth of 6 cm demonstrating
improved displacements from dictionary representations. (a) The initial displacement map estimated after

median filtering and (b) the same displacement map after dictionary representation.

Now with knowledge that dictionary representations increase detectability and visualization of the
inclusion in the phantom, dictionary represented displacements were validated using in-vivo data.
Dictionary used for representing in-vivo displacements was the same dictionary learned from EDE phantom

median filtered displacement maps. Results on in-vivo data are shown in Fig. 4.6 — 4.8.
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Figure 4.7 — EDE based axial strain tensor images for a patient with colon metastases at a depth of 6 cm
showing visualization differences with the different filtering approaches. (a) B-mode image of the ablated
colon metastases, (b) correlation map between dictionary and initial displacement patch. Strain tensor
images using (c) estimated displacement with no filtering (SNR: 1.09 dB, contrast: 11.6 dB, CNR: -1.13
dB), (d) median filtered displacement (SNR: -1.89 dB, contrast: 13.7 dB, CNR: -1.40 dB), (e) spline
smoothening median filtered displacement (SNR: 1.58 dB, contrast: 14.9 dB, CNR: 0.51 dB), and (f)
dictionary represented displacement (SNR: 2.38 dB, contrast: 14.5 dB, CNR: 0.97 dB). Arrows indicate
locations where dictionary representation provided noticeable noise reduction, yet ablated region edge

information was maintained.
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Although quantitative improvements in dictionary learning on axial strain tensor images are
presented, these are also visualized on displacement maps as shown in Figure 4.6. Figure 4.6 (a) shows the
initial displacement map where decorrelation noise artifacts are seen as the blurred boundaries on the right
side of the ablated region. Alternatively, Figure 4.6 (b) presents the dictionary represented displacement
map that is smoother with better-defined ablated region boundaries and a clearly delineated right side of
the ablated region, retaining a similar displacement magnitude range to the median filtered displacement.

Figure 4.7 provides an example on the use of dictionary representation for EDE via axial strain
tensor images from the same in-vivo human subject data as shown in Figure 4.6. Using median filtering
shown in Fig. 4.7 (d) corresponding to the displacement map shown in Figure 4.6 (a), we see some denoising
of the ablated region when compared to initial displacements in Fig. 4.7 (b), yet the boundary remains noisy
and difficult to determine. Following median filtering, spline smoothening reduces ablated region noise and
provides a slight increase in ablated region contrast. Although noise is reduced, rough and jagged edges
linger along the ablated region boundary along with noise lateral to the ablated region. If instead of using
spline smoothening, we utilize a dictionary representation, the highest reduction of noise is visualized as
shown in Fig. 4.7 (f) corresponding to the displacement map in Figure 4.6 (b). This patch representation
effectively reduced noise seen both inside and outside the ablated region as shown by the red arrows, while
retaining a high contrast ablated region boundary. Figure 8 presents similar results for a patient with an

ovarian metastasis at a depth of 9 cm. These axial strain tensor images display a similar trend as in Fig. 4.7.
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Figure 4.8 — EDE based axial strain tensor images for a patient with ovarian metastasis at a depth of 9 cm
showing visualization differences with different filtering approaches. (2) B-mode image the ablated ovarian
mass with the MWA antenna, (b) correlation map between dictionary patch and initial displacement patch,
and strain tensor images from (c) estimated displacement with no filtering (SNR: 0.67 dB, contrast: 12.0
dB, CNR: -1.00 dB), (d) median filtered displacement (SNR: -0.47 dB, contrast: 14.5 dB, CNR: -1.73 dB),
(e) spline smoothening median filtered displacement (SNR: 4.75 dB, contrast: 14.8 dB, CNR: 0.46 dB), and

(F) dictionary represented displacement (SNR: 5.31 dB, contrast: 15.1 dB, CNR: 0.74 dB).
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4.3.3  Benefits of Dictionary Learning for Electrode Displacement Elastography

Improvements using dictionary representation from the phantom experiments are shown in Table
4.1. These results demonstrate that dictionary representations provide the highest SNR, CNR and improved

contrast. For all values compared, the trend is towards higher values with additional filtering performed.

Table 4.1 — Dictionary representation improvements for SNR, contrast, and CNR for displacement

estimates where peak inclusion displacement occurs (n=12).

DICTIONARY IMPROVEMENT
SNR Contrast CNR
INITIAL 23% 65% 185%
MEDIAN 21% 61% 177%
SPLINE 5% 28% 61%

For depicting success of utilizing sparse representations for the inclusion, we computed the
normalized cross correlation between sparsely represented displacement patches and initial noisy image
patches. Note the displacement patches that were represented via sparse representations and patches that
were averaged to reduce noise are clearly visualized in Figure 4.9, where (a) shows the estimated
displacement with median filtering, (b) the normalized cross correlation of patch representation, and (c)

dictionary represented displacement.
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Figure 4.9 — Demonstration of dictionary patch matching for axial EDE phantom displacement. (a)
Estimated displacement with median filtering, (b) correlation map between the dictionary patch and initial

displacement patch, and (c) dictionary represented displacement
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In Figure 4.9 (b), observe that patches in and around the inclusion were represented effectively by
patches from the learned dictionary. Patches outside the inclusion were not represented by dictionary
patches and therefore averaged. This provides us insight as to how the dictionary representation denoises
displacements. First, let us look at locations where displacements were represented by dictionary patches.
Here, dictionary patches sparsely represented noisy displacement patches. These sparse dictionary
representative patches retain high correlation to noisy displacements because displacement information at
these locations is more prominent as opposed to noise. In this manner, a sparse dictionary representation
provides denoising by representing the prominent displacements without noise, since noise can often not
be accurately represented sparsely. Following this logic, we see why patches outside of the inclusion were
not represented by dictionary patches. Displacement patches outside of the inclusion do not contain
prominent displacements over noise levels. These patches therefore cannot be represented sparsely by the
dictionary; hence, patch values are simply averaged reducing noise. Figure 4.7 (b) and Figure 4.8 (b) present
the dictionary patch representation used for denoising displacements for the in-vivo examples where we
observe a similar trend of patch representation shown in Figure 4.9 (b). As shown by Figure 4.7 and Figure
4.8, dictionary representation reduced noise and provided a smooth delineated boundary for in-vivo data as
opposed to the jagged boundary seen with spline smoothening, regardless of ablated region depth. Based
on these examples, an important takeaway from dictionary representation is improved ablation delineation

with no degradation in the ablated region boundary from denoising.

4.4 Combined and Magnitude Vector Displacement Dictionaries

After seeing the benefits of dictionary representation for single displacement vector estimates, the
next step was to extend the dictionary learning algorithm to incorporate both displacement vector estimates
for representation. These new developed algorithms are utilized on both phantom and in-vivo datasets. The
protocol used for analysis in this section is shown in Figure 4.10, where the red box labeled filtering
incorporates the adapted dictionary learning algorithms [52]. Flowchart steps in Figure 4.10 are further

described in the following subsections. For comparing the different methods, n = 15 patients were utilized
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Figure 4.10 — The flowchart from ablation procedure to producing strain tensor images for electrode

displacement elastography. Red box indicating filtering was the portion of flowchart that was varied based

on Table 4.2.
Table 4.2 — Description of various filtering methods utilized in this work.
FILTERING METHOD DESCRIPTION OF FILTERING METHOD
| Unfiltered — No filtering of displacement estimates from MNCC algorithm.
1 Median Filtering — Median filtering only.

After median filtering, dictionary representation of axial and lateral

1l Individual Dictionary — displacements separately.

After median filtering, dictionary representation of axial and lateral

IV Combined Dictionary - displacements together using Eq. (1).

Magnitude Vector

\Y Dictionary After median filtering, dictionary representation of vector d .
Magnitude Component After m_edlan_ filtering, dictionary representatlon of d then
\2 - — converting displacements back to axial and lateral displacement
Dictionary vectors

4.4.1 Filtering Displacement Estimates

Various approaches to filtering displacement estimates were used to assess visual and quantitative

differences. Description of each filtering method are shown in

FILTERING METHOD DESCRIPTION OF FILTERING METHOD
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| Unfiltered — No filtering of displacement estimates from MNCC algorithm.

1 Median Filtering — Median filtering only.

After median filtering, dictionary representation of axial and lateral

1l Individual Dictionary — displacements separately.

After median filtering, dictionary representation of axial and lateral

IV Combined Dictionary - displacements together using Eq. (1).

Magnitude Vector

\Y/ Dictionary After median filtering, dictionary representation of vector d .

Magnitude Component After m_edlan_ filtering, dictionary representation of d then
\2 - — converting displacements back to axial and lateral displacement
Dictionary vectors

. Median filtering utilized a kernel size of 1.9 x 1.9 mm and dictionary representation [52] utilized

a patch size of 4.0 x 4.0 mm and 80% patch overlap with dictionaries learned directly from displacement
estimates to be filtered. To maintain consistency, a single displacement frame showing largest cross-
sectional area was manually selected for each patient by an untrained observer for comparison.

When filtering using the individual dictionary method, the algorithm used is identical to that
described in [52] and performed individually on axial and lateral vectors. Conversely, for a combined
representation, the dictionary learning process had to be linked, where coefficients and denoised
displacement image for axial and lateral vectors were obtained using the combined dictionary representation

in (12). After minimizing (12), the coefficient vector, «,,, ,» was updated using (13). Here ¢=0.5 was used

to dictate the weight of the axial and lateral coefficient vector onto the combined coefficient vector, where

a ¢=0 used only the axial updated coefficient vector and ¢ =1 used lateral. Similarly to learning the
individual dictionary, the axial and lateral combined dictionaries, D, and D,_,, were found using a

common coefficient vector as shown in (14).

2

2

{an' X Ax} = arg am ixn l " X AX _YAX "; + Zlusparse ”aComb "1 + 2" DAxaComb - RinAx
Ax 1N AX ij ij
(12)

2

Aars Xat 2

{aLat' XLat} = arg min ﬂ’"XLat _YLat "i + Z:usparse "aComb "1 + Z" DLataCOmb - I:zinLat
ij 1j

Ccomp = ¢(aLat O )"' A py (13)
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The magnitude of the dictionary representation was also utilized by noting that all displacement estimates
contain an axial (dy) and lateral (dx) component which can also be represented as a magnitude vector (d )
and phase angle (@) shown in Figure 4.11. This allows a single individual dictionary to be learned by using
d as displacements in the individual dictionary representation algorithm. Strain tensors can be directly
estimated from magnitude displacement map or decomposed into axial and lateral components before strain

tensor calculation. All strain tensors were estimated using a 2D Savitzky-Golay digital differentiator of size

0.2 x 5.0 mm using 0™ x 2" order polynomials for x and y directions respectively [54].

Figure 4.11 — Displacement estimation variations of axial (dy) and lateral (dx) or magnitude (cf) and

phase (0).

4.5 Performance Comparison of Dictionary Learning Methods

After performing displacement estimation using MNCC, all filtering methods described in
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FILTERING METHOD DESCRIPTION OF FILTERING METHOD
| Unfiltered — No filtering of displacement estimates from MNCC algorithm.
1 Median Filtering — Median filtering only.

After median filtering, dictionary representation of axial and lateral

1l Individual Dictionary — displacements separately.

After median filtering, dictionary representation of axial and lateral

IV Combined Dictionary - displacements together using Eq. (1).

Magnitude Vector P - . ~

\Y Dictionary After median filtering, dictionary representation of vector d .

Magnitude Component After m_edlan_ filtering, dictionary representation of d then

VI - — converting displacements back to axial and lateral displacement
Dictionary Vectors

were performed, each followed by strain tensor calculation for an EDE phantom and 15 in-vivo

patients. First, quantitative metrics were obtained for each filtering method. Target and background ROIs
were placed to calculate SNR, contrast, and CNR for all methods and patients using the procedure defined
in [55]. EDE phantom metrics are shown in Table 4.3. The combined dictionary presents with the highest
SNR and CNR, while also showing a slight reduction in contrast. On the other hand, magnitude dictionaries
show higher SNR, contrast, and CNR than original and median filtered results, yet lower than other

dictionary methods.

Table 4.3 — Mean (u) and standard deviation (o) of various filtering methods on 15 axial strain

tensor images from EDE phantom data.

SNR (dB) CONTRAST (dB) CNR (dB)
METHOD 1l c n c 1l c
| 3.57 + 2.18 8.14 + 7.40 -0.48 * 5.18
I 3.27 * 3.11 8.83 + 7.77 0.74 + 2.82
1l 5.93 * 5.47 17.44 * 2.79 5.43 * 1.09
v 7.47 * 6.14 15.26 + 3.70 6.10 + 1.57
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\% 5.01 * 2.18 13.85 + 5.57 3.84 + 2.66

+
+
+

Vi 4.25 * 0.88 9.43 + 8.12 0.17 + 3.01

+
+
+

4.5.1 Quantitative Distribution Metrics with Filtering Methods

Following the same processing described for phantom data, in-vivo strain tensor metrics are shown
in the boxplots in Figure 4.12, where (a) shows SNR, (b) shows contrast, and (c) shows CNR with axial
results in blue and lateral results in red.

SNR distributions in Figure 4.12 (a) show very little difference between original and median
filtered filtering approaches except that the median value of median filtered slightly decreased when
compared to the original. Moving to dictionary representations, the individual and combined dictionaries
both show very similar results to each other, where axial SNR shows the highest values with the combined
dictionary representation. Axial SNR shows the tightest and highest distribution with mean and standard
deviation of 4.38 + 0.69 dB. Magnitude vector dictionary provides the lowest values with mean of 1.31 dB,
while magnitude components provide higher median values of 2.39 dB and 2.86 dB for axial and lateral,
respectively. Magnitude components also had the widest distribution with standard deviations of 1.4 dB
axially and 1.98 dB laterally inferring inconsistent SNR obtained across patients.

Contrast distributions shown in Figure 4.12 (b) again show very similar results for the original with
means of 26.0 dB and 15.0 dB and median filtered filtering with means of 26.6 dB and 15.6 dB. On the
other hand, lateral individual, lateral combined, and magnitude vector dictionaries show similar
distributions with mean values of 21.7 dB, 20.6 dB, and 20.8 dB, respectively. Axial individual and
combined dictionaries provide similar tight distribution widths with standard deviations of 2.2 dB and 1.5
dB while the individual dictionary representation has the highest and tightest contrast distribution with
mean of 26.7 dB.

CNR distributions are shown in Figure 4.12 (c), where again original and median filtered

distributions look very similar with mean and standard deviations of 1.92 + 1.09 dB and 2.15 + 1.02 dB
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axially and 2.34 + 0.70 dB and 2.60 + 0.64 dB laterally. However, CNR distributions of individual and
combined dictionaries are much higher than other distributions with combined dictionary with the highest
in axial and lateral directions with means of 3.90 £ 0.45 dB and 4.08 + 0.84 dB. The magnitude vector

distribution was the lowest of all methods with mean of 1.86 + 0.63 dB.
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Figure 4.12 — Distributions (n=15) of signal-to-ratio (a), contrast (b), and contrast-to-noise ratio (c) for all
filtering variations used where | is unfiltered, Il is median filtered, Il is individual dictionary, IV is

combined dictionary, V is magnitude dictionary vector, and V1 is magnitude dictionary component.
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Overall, the combined dictionary learning algorithm improved SNR and CNR by 1.54 dB (26%)
and 0.67 dB (12%) when compared to individual dictionary learning, while also showing a decrease in
contrast by 2.18 dB (13%) for EDE phantom data. Similarly, the combined dictionary improved SNR and
CNR by approximately 0.17 dB (4.0%) and 0.63 dB (19%), while also showing a decrease in contrast by

2.2 dB (8.2%) for in-vivo patients.

4.5.2 Visualization with Different Filtering Approaches

Finally, visualization using each of the filtering methods from Table 4.1 are shown in Figure 4.13
for a patient with colon cancer metastasized to the liver. Figure 4.13 (a) shows the B-mode and strain tensor
images with the following filtering applied (b) magnitude vector dictionary, (c) unfiltered axial, (d)
unfiltered lateral, (e) median filtered axial, (f) median filtered lateral, (g) individual dictionary axial, (h)
individual dictionary lateral, (i) combined dictionary axial, (j) combined dictionary lateral, (k) magnitude
dictionary component axial, and (I) magnitude dictionary component lateral. The approximate location of
the ablation zone shown in Figure 4.13 (a) were matched by size and location in strain tensor images in
Figure 4.13 (b-1). Looking at images Figure 4.13 (c,e,g,i) we observe a gradual increase in lesion boundary
contrast and lowered noise within the ablated region as well as lower noise outside the ablated region.
Conversely, although when lateral images Figure 4.13 (d,f,h,j) depict an ablated zone, this zone is smaller
and of reduced boundary smoothness than axial strain tensor images. Despite this fact, lateral strain tensor
images similarly reduce in noise as additional filtering is performed with the lowest noise and best boundary
delineation obtained with the combined dictionary representation. When looking at the magnitude
component images in Figure 4.13 (k) and (I), an increase in pixel resolution can be seen however, the noise
increases within the lesion. Similarly, the magnitude image in Figure 4.13 (b) shows lower boundary
smoothness and high noise levels. Despite varying levels of contrast and noise, all filtering methods

maintain lesion visualization in a similar location as seen on the B-mode image, i.e., Figure 4.13 (a).
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Figure 4.13 — Ultrasound B-mode and strain tensor images from a post-microwave ablation patient with
colon cancer metastasized to the liver. (a) shows the ultrasound B-mode, and strain tensor images from (b)
magnitude vector dictionary, (c) unfiltered axial, (d) unfiltered lateral, (¢) median-filtered axial, (f) median-
filtered lateral, (g) individual dictionary axial, (h) individual dictionary lateral, (i) combined dictionary
axial, (j) combined dictionary lateral, (k) magnitude dictionary axial component, and (I) magnitude

dictionary lateral component.
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4.6 Expanding Results to Larger Number of Patient Datasets

The results previously shown were published in a peer-reviewed conference paper [55]. However,
to better evaluate the proposed dictionary representations a larger sample of images were utilized. We
performed dictionary analysis on n = 94 pre-ablation and n = 92 post-ablation strain tensor image pairs
(axial and lateral strain tensors) or independent in vivo patient data sets. A total of n = 372 images was
analyzed for these patients. For analysis, regions of interest (ROIs) were selected manually as discussed in
Section 4.3.1. Instead of showing a distribution of computed quantitative metric values as shown in Figure
4.3, Figure 4.4, Figure 4.5, and Figure 4.12, in this section, the filtering method which provided the highest
SNR, contrast, and CNR for each patient were tallied and a histogram used to portray the methods that

provided improved performance.

4.6.1 Dictionary Results on Pre-Ablation Tumor Visualization

Results from n = 94 pre-ablation in vivo datasets is shown in Figure 4.14. These results show a
cumulated count for each patient index tumor where a tally was given for the method producing the highest
of each quantitative metric, i.e., SNR, contrast, and CNR. The results in Figure 4.14 depicts a histogram of
the method that outperformed all others over each of the n = 94 pre-ablation index tumors. Figure 4.14
shows that strain tensor images computed from the original displacement estimates provided the lowest
guantitative metric values. Median filtering provided improved quantitative metrics for axial strain, with
the highest contrast, second highest SNR, and third highest CNR, while for lateral strain median filtering
did not provide any significant improvement in the results. When reviewing the results obtained with the
individual component dictionary, axial strain tensor metrics did not outperform the other filtering
approaches, while for lateral strain images the individual dictionary representation presented with the
highest SNR and contrast, while the second highest for CNR. The combined dictionary representation
demonstrated the highest SNR and the second highest CNR for axial strain images, while showing the
lowest contrast. For lateral strain images the combined dictionary representation provided the second

highest SNR and highest CNR, while having the lowest contrast. The low contrast obtained with the
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combined dictionary method was likely from the extra smoothening and denoising that the combined
representation performed on the displacement estimates. The magnitude dictionary representation improved
the contrast when compared to the combined dictionary representation, yet the increased noise levels

reduced the SNR and CNR for both axial and lateral strain tensor images.
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Figure 4.14 — Histograms for the SNR, contrast, and CNR for pre-ablation strain tensor images for the

filtering approaches described in this chapter.
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4.6.2 Dictionary Results on Post-Ablation Strain Images

Results from n = 92 post-ablation in vivo datasets are shown in Figure 4.15. Like the results reported
in Figure 4.14, these results show a cumulated tally for each patient ablation zone strain tensor where a tally
was given for the method producing the highest of each quantitative metric, i.e., SNR, contrast, and CNR.
This results in a histogram indicating which method outperformed others over each of the n = 92 post-
ablation zones. Figure 4.15 shows that when filtering was not applied it results in low SNR, contrast, and
CNR. Median filtering shows similar results when compared to no filtering except for axial contrast where
median filtering provides the highest results and CNR in the axial direction shows the third highest tally
among all the methods. Individual vector dictionary representation shows the second highest SNR tally for
axial strain, third highest SNR for lateral strain, and the highest contrast for lateral strain. The combined
dictionary representation presents with the largest number of patients with high SNR for all the filtering
methods for axial strain and similar results as individual and magnitude dictionary representations for lateral
strain. The combined dictionary indicates the lowest contrast tallies, while CNR for axial strain is second
highest and CNR for lateral strain shows very high values over other methods. The magnitude dictionary
representation provided low tally values for axial strain while for lateral strain it provided the highest SNR
and second highest contrast with poor CNR. The decomposed magnitude dictionary representation method
showed poor SNR results, the second and third highest contrast for axial and lateral strain images

respectively, and the highest results for axial CNR.
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Figure 4.15 — Histogram of SNR, contrast, and CNR for post-ablation strain tensor images for the filtering

approaches described in this chapter.
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4.7 Choice of Dictionary for EDE

In conclusion, quantitative metrics obtained were compared from an EDE phantom and 15 in vivo
patient strain tensor images initially using dictionary learning as well as its adaptations to unfiltered and
median filtered displacement estimates. EDE phantom data shows that combined axial and lateral
dictionary-learning algorithms produced the highest SNR and CNR with improvements of 3.90 dB and 6.58
dB in the axial strain tensors when compared to unfiltered strain tensor images. In contrast, magnitude
dictionaries did not reduce visualized strain tensor noise and decreased SNR, contrast, and CNR as
compared to original displacement estimates. As a result, the combined axial and lateral dictionary-learning
algorithms are best for filtering displacements seen in EDE.

When comparing across a large set of axial and lateral strain tensor images on patients, the
combined vector representation method performed consistently and provided better results when compared
to other methods for SNR and CNR metrics for both axial and lateral strain images. Median filtering
provided the best performance for axial strain images, while the individual dictionary representation
provided the best results for strain contrast in lateral strain images. As a result, the combined axial and
lateral dictionary-learning algorithms provided the best performance for filtering displacement estimates

obtained with EDE based on SNR and CNR metrics.
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Chapter 5:  Physiological Motion Reduction using
Lagrangian Tracking for Electrode Displacement

Elastography

Minimally invasive treatments such as microwave ablation (MWA), have been growing in
popularity for extending liver cancer survival rates in patients, when surgery is not an option. As a
nonionizing, real-time alternative to contrast-enhanced computed tomography (CECT), electrode
displacement elastography (EDE) has shown promise as an imaging modality for MWA. Despite imaging
efficacy, motion artifacts present due to physiological motion result in unintended speckle pattern
variance thereby inhibiting consistent and accurate ablated region visualization. To combat these
unavoidable motion artifacts, a Lagrangian deformation tracking (LDT) approach based on freehand
EDE was developed to track tissue movement and better define tissue properties. For validating LDT
efficacy, a spherical inclusion tissue-mimicking phantom as well as 7 in vivo data sets were processed,
and strain tensor images compared to identical time sampled images estimated using a traditional
Eulerian approach. In vivo results demonstrate greater consistency among visualized LDT strain tensor
images, with segmented ablated regions showing standard deviation reductions of up to 98% when
compared to Eulerian strain tensor images. Additionally, Lagrangian strain tensor images provided Dice
coefficient improvements up to 25% and success rates improved from approximately 50% to nearly

100% for ablated region visualization.

5.1 Background Literature on Lagrangian Deformation Tracking (LDT)

According to the National Cancer Institute (NCI) Surveillance, Epidemiology, and End Results
Program (SEER), 1 in every 100 persons will be diagnosed with some type of primary liver cancer. Of
those diagnosed, less than 18% will survive 5 or more years after diagnosis [1]. Additionally, as of 2018,
liver and intrahepatic bile duct cancers are the fifth leading cause of cancer related deaths in the United

States with the number of cases more than tripling since 1980 [2]. Unfortunately these statistics do not take

R. M. Pohlman and T. Varghese, "Physiological Motion Reduction Using Lagrangian Tracking for Electrode Displacement Elastography,”
Ultrasound in Medicine and Biology, vol. 46, no. 3, pp. 766-781, March 01, 2020, doi: 10.1016/j.ultrasmedbio.2019.11.001.
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into account the vast numbers of metastatic liver cancers originating from a variety of primary cancer
locations, such as colorectal, lung, breast, and melanoma [3]. As an example, over 50% of colorectal
primary cancers (CRC) will result in liver metastasis leading to the high mortality of CRC patients due to
hepatic failure [4]. To address these diseases, several liver cancer treatments have been adopted, hamely
liver transplantation [5, 6], resection [7, 8], chemotherapies [7, 9], and recently minimally invasive
percutaneous treatments [10-14].

As a means of combating the growing trend of liver cancer diagnosis and low survival rates,
minimally invasive approaches such as microwave ablation (MWA) have shown promise in extending
patient’s survival for up to 10 or more years [5, 7, 15]. Yet a main contingency, as for any minimally
invasive method of treatment, is accurate and consistent imaging to ensure proper procedure execution [12,
16, 17]. In the case of MWA, this is specifically aimed towards proper placement of ablation antennae as
well as verification of 0.5 — 1.0 cm margin of normal tissue necrosis surrounding tumor cells to minimize
any residual tumor progression [8, 16, 18]. Most often visualization takes the form of contrast enhanced
computed tomography (CECT). Although this provides an accurate depiction of liver cancers and ablated
regions, CECT is ionizing, time-consuming, and expensive for clinical use. Consequently, there is
significant interest in developing other comparable imaging modalities.

As an alternative to CECT imaging, ultrasound is showing progress as a future comparable imaging
modality for visualizing MWA. Ablated regions are depicted in B-mode ultrasound via a hyperechoic
region surrounding ablated regions due to the high scatterer density of bubbles arising in tissue at high
temperatures. Unfortunately, B-mode ultrasound visualization lacks the specificity necessary to delineate
ablated regions accurately. The lack in accuracy is due to hyperechoic regions often overestimating areas
of tissue necrosis and bubbles migrating during and after procedures leaving echogenicity as an unreliable
predictor of MWA effectiveness [19]. Therefore B-mode ultrasound can only be considered as a rough
estimate of induced tissue necrosis [20]. Contrast enhanced US (CEUS), has shown improved effectiveness
in the assessment of ablation when compared to conventional B-mode US. In comparison to CECT, CEUS

provides faster image acquisition, lower cost, and reduced nephrotoxicity [21, 22]. Additionally, CEUS and
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CECT have presented with similar sensitivity and specificity, however CEUS still fails to detect some liver
masses detected with CECT [23].

Although CEUS may provide higher specificity than conventional B-mode US, elastography [24]
has shown similar or improved diagnostic accuracy of hepatic masses as compared to CEUS. [25, 26].
Fortunately, an elastography method, namely electrode displacement elastography (EDE), has overcome
B-mode ultrasound’s limitations for this application [27]. EDE uses the MWA electrode to induce localized,
guasi-static deformations directly to the liver mass and ablated region [28]. The tissue’s response to these
localized deformations is measured using ultrasound radiofrequency (RF) signals. RF echo signals are
processed to estimate and present the tissue’s elastic properties [29-31]. Additionally, gas bubble
echogenicity that degrades thermal ablated region boundaries in B-mode ultrasound does not inhibit strain
tensor estimation [32]. Many sequential publications have shown successes of EDE in simulation, tissue
mimicking (TM) phantom, ex vivo, and in vivo data [28, 33-40] as well as high correlation between
elastography strain tensor images and histopathology [37]. Further improvements to displacement
estimation used for estimating tissue properties in EDE have greatly improved visualization of liver masses
and ablated regions presented in [41] and with the addition of machine learning in [42], yet low success
rates and varying ablated region sizes hinder clinical utilization.

Despite improved visualization, a remaining constraint of EDE is low successful ablated region
visualization rates and varying ablation sizes previously shown in [40, 41]. A likely culprit of low success
rates and ablation size variability are the various motion artifacts present within the 2D imaging plane.
More specifically, as focused deformations are induced to the ablated region via electrode perturbations
other physiological motion still occur, such as essential physiological motion, out-of-plane motion,
freehand transducer movement, and electrode perturbation inconsistency. As a result, ideal cyclic electrode
movements are corrupted with motion artifacts likely resulting in unintended speckle pattern changes.
These speckle pattern changes may manifest as additional displacement estimation variance [43] and strain
tensor visualization inconsistencies, thereby inhibiting accurate visualization of the ablated region and

degrading delineation of ablated margins. This may have been perceived similarly in [41] as low success



162

rates and varying ablation sizes. Hence further improvements to EDE visualization require a reduction in
these motion artifacts.

Several approaches have been pursued to alleviate the impact of motion artifacts. One common
approach is to utilize increasingly robust displacement estimation approaches to reduce signal decorrelation.
Displacement estimation algorithms have reduced decorrelation by regularization [44-49], and recently
machine learning [50-53]. Although these methods improve displacement estimation, they do not
necessarily account for large motion artifacts, likely seen in vivo during EDE. Alternatively, a possible
solution may be to apply a known displacement or force to the electrode using a mechanical device such as
linear actuators [54]. With a known force acting on the liver mass, other motion artifacts can be accounted
for, thereby reducing effects of motion artifacts. Although this may offer good results, this approach would
add additional equipment, cost, and time; undesirable for MWA.. Therefore, other elastographic approaches,

which encountered similar large motion artifacts, were examined.

5.2 Motivation for Use in Elastography

Upon investigating elastographic approaches for other organs, a similar paradigm was observed
with carotid and cardiac elastography [49, 55-58]. During cardiac elastography, translational motion and
variability in the deformation present over the cardiac cycle impose large motion artifacts greatly impeding
accurate description of tissue elastic properties over time. A traditional Eulerian description of motion was
insufficient to describe tissue properties as it was limited to descriptions at specific time instances over a
cardiac cycle. Cardiac elastography overcame this hurdle by utilizing a Lagrangian description of
deformation for strain estimation. With a Lagrangian description, tissue deformation was tracked so that
tissue properties may be accurately described locally. Following a similar logic to carotid and cardiac
elastography, a Lagrangian description of tissue motion may be helpful in reducing the various motion
artifacts seen during EDE. In this work, we show that Lagrangian deformation tracking (LDT) accounts for

some of these motion artifacts. When properly tracked, accumulated displacements following a Lagrangian
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description present consistent, improved strain tensor image visualization and reduced ablation size

variance.

5.3 Algorithm Development for Lagrangian Deformation Tracking

5.3.1 Data Collection for Lagrangian Deformation Tracking

Ultrasound radiofrequency (RF) data was collected from two different sources for the study
reported in this chapter using a Siemens S2000 system with a 6C1 HD curvilinear transducer (Siemens,
Malvern, PA). First, RF data was collected from a CIRS ultrasound QA 049 phantom with a 4.3 cm?®
spherical 85 kPa inclusion embedded in 28 kPa background (Computerized Imaging Reference Systems,
Inc., Norfolk, VA) during manual cyclic compressions. The second preliminary data set was collected from
7 patients shortly after a minimally invasive MWA procedure at the University of Wisconsin-Madison
Hospital and clinics. Finally, the third completed data set was collected from 30 patients as an extension of
the initial 7 patients. In vivo data collections followed a protocol approved by the health sciences
institutional review board at UW-Madison with all patients providing informed consent prior to the
procedure. After verifying proper electrode placement, 80 frames of RF data were acquired during
controlled =1 mm electrode perturbation by the operating clinician. Signal and image processing were

performed offline using corresponding software packages in MATLAB.

5.3.2 Lagrangian Description of Motion

A LDT model for EDE was implemented following an approach described by Maurice and
Bertrand [43]. A Lagrangian description of tissue motion describes a feature’s position as its initial position
and motion trajectory as a function of time. As a result, conservation of motion can be represented through
inverse trajectory functions using a given trajectory of material features (speckle tracking). Following this
logic, motion reduction may be achieved by transforming coordinates through a forward trajectory function,

which may take the form of an affine transformation [59].
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5.3.3 LDT Algorithm Flowchart

The LDT algorithm derived for EDE is shown in Figure 5.1. First, features with higher echogenicity
were automatically selected from B-mode images and then tracked over an EDE cycle. Following the
trajectory of tracked features, affine transformations were estimated as a function of time and applied to a
rectangular coordinate grid. With this transformed grid, displacements estimated for a Eulerian description
of motion were interpolated onto the new coordinates of the transformed grid. The Lagrangian description
of deformation, now spatially aligned, were accumulated over an EDE deformation cycle. The resulting
LDT displacements were compared to the temporally aligned Eulerian displacements by segmenting

thermally ablated regions from the strain tensor images.
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Figure 5.1 - Flowchart of the Lagrangian Deformation Tracking (LDT) algorithm.
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5.3.4 LDT Feature Selection

The first step for LDT involved selecting B-mode features to be tracked over an EDE cycle. The
initial B-mode frame was chosen for selecting these features, as it offers visualization of the MWA antenna
and ablated region. An obvious approach to obtain these features would be manual selection, yet this process
may be time-consuming depending on the desired number of features. An alternative approach used in this
work enabled features to be automatically selected from this image following a prior probability distribution
derived as a function of brightness (hyperechoic intensity) in the B-mode image. This means that features
were randomly sampled from weighted probability distribution function with weights defined using the
relative pixel brightness of the B-mode image. Hyperechoic regions were chosen as they indicate tumors
and ablated regions in B-mode images. This process resulted in selection of 20 or more pixels with a relative
gray-scale intensity greater than 0.95 after normalizing gray values to a 0-1 scale. After a feature was
selected from the probability distribution, all pixels within a 2 mm window around the feature in the B-
mode image were removed from the distribution before sampling for the next feature. This process was
then repeated for the required number of samples. To demonstrate similarities in manual and automatic
approaches, an example feature selection is shown in Figure 5.2. Note the similar locations of the automatic

and manually selected features.
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Figure 5.2 - Example of automatic feature selection (blue squares) vs. manual feature selection (red circles)

in ultrasound B-mode image.

5.3.5 Feature Tracking using LDT

After feature selection, a kernel size of 6 wavelengths by 3 A-lines was centered about each feature
in RF frame n where n is the RF frame sampled at time 7, for n=1,---,N —1 and N is the total number

of RF frames sampled during EDE perturbations. Fixing this kernel in frame n, the same kernel location
in frame n+1 was shifted in arange of 1 wavelength by 3 A-lines. The normalized cross correlation (NCC)
values were estimated, and the peak value defined the movement vector of that feature kernel. Since high
resolution tracking was desired, RF data was then up-sampled after initial movement vector estimation
using sinc interpolation. Data was up-sampled by a factor 2x and 10x for axial and lateral directions while

the search range reduced by 2x and 10x respectively. The peak NCC and up-sampling process was repeated
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6x similarly to [49]. After tracking, any features where the peak NCC value dropped below 0.9 were

removed. The x and Y coordinates of remaining features were arranged into row vectors, U, and V, .

5.3.6  Affine Transformation Estimation

After tracking these selected features, the next step was to estimate the trajectory functions to be
applied to the displacement vector. For EDE tracking, an affine transformation was used to allow linear

transformations without introducing nonlinear distortions to negatively affect estimations. The affine

transformation from 7, to 7., was calculated using (15).

n+l

{UM} _ {sx (r)cosé(r) —h,(z)sin 9(7)}{‘%}? (T)} (15)

v, h,(z)sin@(z) s,(z)cosé(z) ||V, | |T,(7)

n+l
Where s is shear, h isscale, @ is rotation, and T is translation for X and Yy vectors as function

of time 7 solved using homologous coordinates. Affine transformation calculation required a minimum of
3 pairs of feature coordinates. Using more features may enable more robust transformation estimation (an
additional benefit of automatic feature selection). For this work, approximately 20 features were

automatically selected for each patient and the least squares solution of Eqgn. (15) was calculated resulting

in a single universal affine transformation from 7 to 7,

An example of this affine transformation coordinate tracking is shown in Figure 5.3. Figure 5.3 (a)
shows an example ablated region as an ellipse with inserted electrode with 5 selected features used for LDT.
Additionally (a) shows the initialized rectangular coordinate grid encompassing the ablated region. Figure
5.3 (b) - (d) show how the ablated region was deformed via electrode perturbations as time elapsed. Features
located in the B-mode image track this movement locally, with the corresponding features’ relative position
and displacement shown in (e) and (f), respectively, at sample times (a) - (d). (Note the cyclic motion of
coordinates, as this is similar to what is seen for in vivo perturbations.) As a result of tracking features over
time, affine transformations were estimated and applied to the rectangular coordinate grid. As shown in (b)

— (d), the grid deforms and follows the ablated region using the feature coordinates as guides.
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Figure 5.3 - An example of affine transformed coordinate tracking used in LDT. First frame (a), of image
with ablated region as an ellipse, initialized coordinate grid as rectangle, and 5 sample tracking features.
Panels (b-d) show transformation of coordinate grid over time as features follow antenna and ablated region.

Relative position (e), and displacement (f), of the features at time steps a-d.
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5.3.7 Coordinate Transformation

After calculating affine transformation variables of shear s, scale h, rotation &, and translation

T, the affine transformation matrix A can be formed shown in Eq. (16).

s,(7)cosO(z) -h,(z)sind(z) T,(7)
A(r)z hy(z')sin@(r) Sy(r)COSH(T) Ty(r) (16)
0 0 1

Next, we need to define the coordinate grid that will be tracked over 7. This was initiated after

manual selection of the initial region of interest (ROI) including the ablated region. The X and Yy

coordinates of the entire ROI were then sampled at 0.1 mm increments and placed into vectors X and Y,

respectively. These coordinates were transformed to remove tracked motion using Eq. (17).

X, X
Y, :A(rn) A(Tn_l)"-A(Tz) Ar)| Y (17)
1 1

where X and Y, are new sample coordinates for the displacement estimate n. To obtain spatially aligned
displacement ROI, the Eulerian displacement, I, estimated from 7, to z,,, and sampled at coordinates
X, and Y, using bilinear interpolation were used to create the transformed displacement estimate, 1.

For future calculations, these transformed displacement estimates of the ROl were stacked into a 3D matrix

I, where the first two dimensions are the size of the ROI and the third dimension is N —1.

5.3.8 Frame Selection and Interpolation

However, using an affine transformation as the trajectory function does not consider the possibility
of out-of-plane motion. Assuming tissue continuity, features neighboring each other should generally move
together, thus low variation in feature movement was expected especially due to high NCC constraints on

feature tracking (NCC > 0.9). Despite these considerations, some features presented with high variation in
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local movement, and thus a possible indicator of out-of-plane motion. Using this logic, a strategy was

determined for reducing the effects of out-of-plane motion.

Movement of feature coordinates can be defined in terms of vectors U, and v, 6 as

ou, U .,—U i _ oV ) . . .
H, = 5 . :% and similarly v, = 5 L The variance in feature trajectories at each sample frame n
T T T

was then calculated using Eqg. (18).

fo = E[ (2 —E[a]) |
v, :E[(Vn —E[Vn]ﬂ

With trajectory variation estimated at each sampled time, mean, A, and variance, A, were

(18)

calculated for each sample frame over the entire EDE data collection as shown in Eq. (19) and (20),
respectively. The feature trajectory variation was then standardized so that values could be compared using

z-scores [60] as shown by Eq. (21).

l:NL_l”_lﬂ/(,—ln)q(vn)z (19)
1 N-1 — — 2
A=W;{(J(un) +(V,) —/1” (20)
7 \/(ﬁn )2 +(Vn)2 —4 1)
“ A

The vector Z now contains the standardized feature trajectory variance at each sample n, and out-

of-plane motion was defined as outliers of this standardized set determined using a z-score threshold, ¢ .

Using this terminology, good frames ( were chosen as frames where |zi| < ¢ . The z-score threshold, ¢,

N-1
was chosen heuristically as the ming >1 such that O.8><(N _1)SZH{\Z.\SC;} , where T is the indicator

i=1

function that is 1 where |Zi| < ¢ . Plainly stated, ¢ was chosen as the minimum value greater than 1 so that
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at most 20% of frames are deemed outliers. The choice for a maximum number of outlier frames was
heuristically chosen as some in vivo cases may present with large deformations or out of plane motion
resulting in many frames to be deemed as outliers, thereby reducing the accuracy of the later interpolation
stage. As a compromise between removing outlier frames and retaining valid information for interpolation,
outlier frames were limited to a maximum of 20% of the frames in a tracked cycle. The displacement matrix
was then resampled at outlier frames using a spline interpolation estimated from good frames.

Finally the accumulated displacement matrix under a Lagrangian description of the deformation,

| was obtained by accumulating displacements over discrete sample frames of an EDE cycle, namely

Lag ’
{77,...,7]+K—1} in the set n, where 77 is the starting sampled frame and x is the number of sampled

frames in the tracked EDE cycle shown by Eq. (22). The first two dimensions of the resulting LDT
deformation matrix are the size of the ROI and the third dimension as the number of frames in the tracked

EDE cycle.
k-1

lagk = 2V euna VK E{L... Kk} (22)

a=0

5.3.9 Displacement and Strain Tensor Estimation

Initial Eulerian displacements were estimated using a Multilevel 2-D Normalized Cross-
Correlation (MNCC) method developed by Shi and Varghese [61]. This method operates in a pyramidal
hierarchy first estimating local displacements using large 2D kernels to provide high SNR and following
with smaller kernels to improve spatial resolution while maintaining high SNR by utilizing higher level
estimations as initial displacements for the lower levels. To further improve displacement estimation, 2D
sinc-interpolation in the discrete cosine transform (DCT) domain [62] was utilized to estimate subsample
displacements after each displacement estimation level. Displacement estimates with correlation
coefficients less than 0.75 were interpolated using its nearest neighbors. For this work, four levels were
used with kernel sizes of (8, 4, 2, 1) wavelengths by (8, 5, 3, 3) A-lines with the first, largest level using

envelope data and the remaining levels utilizing RF data. Since a curvilinear transducer was used for RF
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data collection, estimated displacements were converted from a polar to Cartesian coordinate system using

trigonometric functions. Following coordinate conversion, displacement maps were then median filtered
with a 1.9 mm x 1.9 mm kernel and then smoothed using dictionary representation with a patch size of
4.0 mm x 4.0 mm and 80% patch overlap. These estimated displacements were defined as the Eulerian

displacements, I, and Lagrangian model for deformations, | were estimated using Eq. (22). Finally,

Lag °
Eulerian and Lagrangian strain tensors were calculated using a 2D Savitzky-Golay digital differentiator of
size 0.2 mm x 5.0 mm using 0" x 2" order polynomials for x and y directions respectively [63, 64]. The
operation time for LDT algorithm, namely automatic feature selection, tracking of 20 points, affine
transformation estimation, coordinate transformation, and frame selection/interpolation, is approximately

3-5 min for each patient largely dependent on number of points tracked and size of ROI.

5.3.10 Segmentation and Comparison of Strain Tensor Images

Eulerian and Lagrangian strain tensors images were used to segment ablated regions using active
contours in the form of snakes. Snakes can conform to unique shapes and edges making them well suited
for segmenting ablation regions due to the high-contrast boundary delineation obtained with strain tensor
images [65-67]. Snakes were initialized by a single manually segmented image for each patient. That single
segmentation was used as an initial contour for axial and lateral strain tensor images of both Eulerian and
Lagrangian descriptions of motion. By using the same initialization for all tracked frames axially and
laterally, snake segmentation reduces the effects of observer bias. Following segmentation, areas were
calculated by summing segmented pixels and normalizing based on pixel size. The mean and standard
deviation of segmented regions over an EDE cycle were then compared.

In addition to segmented region areas, further comparisons were performed using center of mass
differences and Sgrensen-Dice coefficients, also known as the Dice similarity coefficient (DSC) [68].
Changes in center of mass (CoM) provided insight if subsequent segmented regions obtained over the strain
tensor loop were centered similarly to each other, while DSC provides a measure of segmented area overlap

throughout an EDE cycle. The center of mass for each image was determined by summing pixels within
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segmented region and normalized based on pixel size and CoM values were calculated using the 2-norm
between centers of mass measured using Eq. (24). DSC was calculated using Egn. (25) and values were

averaged over the EDE cycle to obtain a single value for each patient.

N M N M

ZZI X]I{B,le} ZZ j XH{B”:Q
C=(c.¢)=| = N (23)
ZZH{Bi,j=1} ZZH{B”:l}
i=1 j=1 i=1 j=1
CoM :<Cn'Cn'> (24)
DSC = M (25)
|Bn|+|Bn’|

where i, j are the X,y coordinates of the segmented image B, ]I{B”:l} is the indicator function that is 1 if

the 1, j lies within the segmented region and 0 otherwise, N is sample frame number, and <0> is defined

as the (,-norm. DSC is defined as twice the number of elements common to both segmented images

divided by the sum of elements in each image [68]. To compare the difference in segmented values, percent
difference was calculated from traditional Eulerian to Lagrangian description shown by Eq. (26).

Lagr — Eul

x100% (26)
Eul

5.3.11 Success Rates for Ablation Visualization

Since qualitative visualization is also vital to EDE, a qualitative assessment of ablated region
visualization was done using strain tensor success rates [41]. Success rates were calculated by a single
blinded observer visualizing Eulerian and Lagrangian axial and lateral strain tensor images for a strain

dynamic range of 0-1%.
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5.4 Tracking Results for Elastography Data

5.4.1 Tissue-Mimicking Phantom Tracking Results

Figure 5.4 and Figure 5.5 show a visual comparison between axial strain tensor images of a TM
spherical inclusion phantom with a stiffness of 85 kPa embedded within a 28 kPa background over a cycle
of manual external compression. Lateral strain tensors were not considered for phantom data as manual
compressions were performed axially. The B-mode image of the stiffest inclusion is shown in Figure 5.4
(a). Additionally, the set of chosen tracking features are shown in Figure 5.4 (a) along with the rectangular
tracking grid in green. The axial position and displacement of the tracked features are shown in Figure 5.4
(b) and (c), respectively over the manual compression cycle for 0.58 seconds. The feature position and
corresponding displacement are tracked very accurately as illustrated by the alignment of the curve
alignment in Figure 5.4 (b) and (c). Figure 5.5 (a) and (b) show the strain tensor images for Eulerian and
Lagrangian axial at 4 different time instants. Since Lagrangian tracked displacements are accumulated, note
the difference in strain tensor magnitudes between the methods. All strain tensor images provide a very
consistent inclusion size and location, but the Eulerian approach fails to visualize at time 0.332 seconds.
This is a reasonable outcome due to the small displacement vectors at that time verified in Figure 5.4 (b)
and (c). On the contrary, since LDT accumulates displacements, the strain tensor image at 0.332 provides

the maximum strain on the inclusion in Figure 5.5 (b).
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Figure 5.4 - Visual comparison between Eulerian and Lagrangian descriptions of motion in a TM phantom
undergoing manual compression. Ultrasound B-mode image (a), showing the rectangular coordinate grid
in green and sample of tracking features. Position (b), and displacement (c), of the tracked features over an

EDE cycle.

The inclusion strain tensor image segmentation results of area mean, and standard deviation, dice
coefficient, and center of mass are shown in Table 5.1. The segmented area means were found to be nearly
identical between the tracking methods, while there was a standard deviation reduction of 74%. The average
Dice coefficient of LDT increased by 10% to almost 1 and all center of mass differences fell to below 1
mm. These results demonstrate the improved consistency of LDT, hence tracking results of in vivo data

were investigated.
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Figure 5.5 - Visual comparison between Eulerian and Lagrangian descriptions of motion in a phantom

undergoing manual compression. Axial strain tensor images at 4 sample times during a single compression

cycle utilizing Eulerian (a), and Lagrangian (b), descriptions of motion, respectively.

Table 5.1 - Comparison between the segmented areas from Eulerian and Lagrangian descriptions

of strain tensors over manual compression cycle for the TM phantom.

CENTER OF MASS
SEGMENTED DICE DIFFERENCE

AREA (CM?) COEFFICIENT (MM)

Track
SAMPLE | Time Standard Standard

SIZE (N) (s) Method Mean Deviation | Mean Deviation | Min  Mean Max
Eulerian 4.9 1.1 0.88 0.09 0.004 | 0.13 | 0.37
21 0.58 L?;ir;gnltan 4.9 0.29 0.96 0.02 0.002 | 0.024 | 0.049
Difference | 0.2% -714% 10.% -713% -64% | -81% | -87%

5.4.2  Invivo Ablated Region Tracking Results

Ablated regions were successfully tracked for 7 in vivo data sets for approximately one cycle of

electrode perturbation. Examples of strain tensor images from both descriptions of motion can be seen in
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Figure 5.6-Figure 5.9. Quantitative results of comparing segmented regions are shown in Table 5.2 and
CoM and DSC in Table 5.3. Figure 5.6 and Figure 5.7 shows visualization of an ablated region over an
EDE cycle for Patient ID 2. A small subset of chosen tracking features can be seen in Figure 5.6 (a) along
with the rectangular grid used for tracking shown in green. Figure 5.6 (b) and (c) represent the axial position
and displacement, respectively, of this subset of tracked features over the EDE cycle with color
corresponding to feature colors in Figure 5.6 (a). Figure 5.7 (a) — (d) show the strain tensor images for
Eulerian axial, Eulerian lateral, Lagrangian axial, and Lagrangian lateral, respectively, at 4 different sample
times over the EDE cycle. It is important to note that the Eulerian descriptions shown in Figure 5.7 (a) and
(b) failed to provide ablated region depiction at tracked sample times 0.649 seconds. On the other hand, the
Eulerian description at sample times 0.081, 0.24, and 0.487 seconds successfully provided ablated region
depiction, but the size, shape, and contrast of the ablated region delineation varied. In contrast the
Lagrangian descriptions shown in Figure 5.7 (c) and (d) show very consistent ablated region depiction, size,
and shape at all sample times. A similar visual example is shown in Figure 5.8 and Figure 5.9 where lesion

is shown tracked over two consecutive EDE cycles.

Table 5.2 — Comparison between the segmented areas from Eulerian and Lagrangian descriptions

of strain tensors over a single EDE cycle.

EULERIAN LAGRANGIAN
SEGMENTED SEGMENTED PERCENT
AREA (CM? AREA (CM?) DIFFERENCE
Sample | Track
Size Time Standard Standard Standard
ID # (n) (s) Direction | Mean  Deviation | Mean  Deviation Mean  Deviation
1 9 0.61 Axial { 23 11 10 0.89 -55% -92%
Lateral | 24 7.0 9.8 0.40 -59% -94%
) 8 0.65 Axial | 22 11 11 0.37 -51% -97%
Lateral | 20 6.5 9.6 1.7 -53% -73%
Axial { 32 4.1 24 2.9 -26% -28%
3 13 083 Lateral | 28 53 16 2.7 -42% -50%
Axial | 30 6.6 14 5.0 -53% -24%
4 15 087 Lateral | 28 6.0 21 2.8 -26% -53%
5 3 0.43 Axial | 25 7.6 5.7 0.18 -78% -98%
Lateral | 25 7.9 6.3 0.19 -715% -98%
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6 9 0.73 Axial { 40 1.2 6.0 0.35 -85% -12%
Lateral | 38 3.0 3.4 0.39 -91% -87%
7 7 0.47 Axial | 18 9.7 3.5 0.74 -81% -92%
Lateral | 26 8.0 3.4 0.30 -87% -96%
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Figure 5.6 - Visual comparison between Eulerian and Lagrangian descriptions of motion in EDE for patient
ID 2. (a) Ultrasound B-mode image showing the rectangular coordinate grid in green and subsample of
tracking features. (b) and (c) show the position and displacement, respectively, of the tracked features over

an EDE cycle.
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Figure 5.7 - Visual comparison between Eulerian and Lagrangian descriptions of motion in EDE for patient
ID 2. Axial (a) and lateral (b) strain tensor images at 4 sample times during an EDE cycle utilizing an
Eulerian description of motion. Axial (c), and lateral (d), strain tensor images at the same 4 sample times

during the EDE cycle utilizing a Lagrangian description of motion.

Table 5.2 provides a comparison of the mean and standard deviation of segmented ablated region
sizes using Eulerian and Lagrangian description of motion. Note that the perturbation frequency of the
applied deformation varied with clinicians and depth of the liver mass varied with the patient. Therefore,
asingle cycle of electrode perturbation varied in the number of frames ( n) and total tracked time in seconds
ranging from 0.43 to 0.87 seconds as shown in Table 5.2. For all the patients within each description of the
deformation, the mean segmented area for axial and lateral directions showed similar sizes meaning little

discrepancy between directions. On the contrary, Eulerian and Lagrangian description differed with a
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segmented area mean and standard deviation reduction of 61.5% and 75%, obtained with the Lagrangian

description, respectively.
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Figure 5.8 - Visual comparison between Eulerian and Lagrangian description of motion in EDE for patient
ID 6. (a) Ultrasound B-mode image showing the rectangular coordinate grid in green and subsample of

tracking features. Position (b), and displacement (c) of the tracked features over two EDE cycles.
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Figure 5.9 - Visual comparison between Eulerian and Lagrangian descriptions of motion in EDE for patient
ID 6. Axial (a), and lateral (b), strain tensor images at 4 sample times during the tracked EDE cycles
utilizing an Eulerian description of motion. Axial (c), and lateral (d), strain tensor images at the same 4

sample times during the tracked EDE cycles utilizing a Lagrangian description of motion.

The Dice similarity coefficient and center of mass differences also provided insight into the
consistency of ablated region location and size. Table 5.3 shows results of the DSC and CoM for all 7
patients in this study. All patients provided the same or higher DSC values using a Lagrangian description
of motion when compared to that of a traditional Eulerian description of up to 25%. Minimum, mean, and

maximum CoM differences over the EDE cycle are shown in Table 5.3. In all datasets, lower values of
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minimum, mean, and maximum are seen with LDT as opposed to Eulerian description, except for axial

strain tensor image for patient 4.

Table 5.3 - Segmented area comparisons for ablated regions with Eulerian and Lagrangian

description of maotion.

DICE COEFFICIENT

CENTER OF MASS DIFFERENCE (CM)

ID # % Eulerian Lagrangian
Direction | Eul Lag Increase | Min  Mean Max | Min Mean Max
1 Axial 0.74 0.94 20% 0.048 0.39 1.0 A 0.004 015 0.27
Lateral 0.83 0.96 13% 0.015 033 0.73 | 0.004 0.088 0.18
’ Axial 0.73 0.98 26% 0.11 0.43 1.1 | 0.001 0.016 0.050
Lateral 0.81 0.94 13% 0.016 031 052 | 0.004 0.054 0.17
3 Axial 0.89 0.94 4.9% 0.056  0.43 1.0 A 0004 022 0.74
Lateral 0.86 0.91 5.2% 0.060 040 098 | 0.005 0.25 0.60
4 Axial 0.83 0.84 0.8% 0.026  0.57 1.2 | 0.008 051 1.3
Lateral 0.84 0.89 5.1% 0.052  0.58 1.2 | 0009 037 0.83
5 Axial 0.82 0.98 16% 0.025 042 0.77 | 0.004 0.021 0.046
Lateral 0.78 0.97 19% 0.080 0.64 1.2 | 0.004 0.088 0.22
6 Axial 0.98 0.97 -1.3% | 0.021 0.10 0.19 | 0.013 0.049 0.089
Lateral 0.95 0.94 -0.5% | 0.047 024 0.61 0.007 0.047 0.084
7 Axial 0.71 0.88 17% 0.11 0.67 15 0.011 0.21 0.42
Lateral 0.81 0.95 15% 0.14 0.53 1.1 | 0.009 0.075 0.20

5.4.3  Success Rates for Ablation Visualization

Success rates offer valuable insight to visualization performance of the two descriptions of motion.

Success rates are defined as an ablated region visualization by a single observer over the tracked EDE cycle.

It is calculated as a percentage of sample frames that an ablated region can be seen over the number of

sample frames in an EDE cycle. Examples of positive visualization can be seen in Figure 5.9 (a) and (b) at

sample times 0.08 and 0.57 seconds and all sample times for Figure 5.9 (c) and (d), while Figure 5.9 (a)

and (b) at sample times 0.33 and 0.49 seconds provide examples of failed ablated region visualization.

The success rates for each of the patients is shown in Table 5.4. It is shown that none of the patients

using a Eulerian description show ablated region visualization for the entire EDE cycle, and the average of



184

all patients only resulted 55% and 49% of frames in the EDE cycle be seen for axial and lateral strain tensors

using Eulerian description. In contrast, LDT shows 100% success for axial and 91% success for lateral.

Table 5.4 — Success rates over an EDE cycle of Eulerian and Lagrangian description of motion

for 7 patients

EULERIAN

LAGRANGIAN

ID #

~N o ol WN -

ALL

Axial Lateral
89% 78%

63% 63%
31% 54%
67% 20%
38% 50%
44% 44%
S57% 57%
55% 49%

Axial Lateral
100% 100%

100% 100%
100% 92%
100% 67%
100% 100%
100% 100%
100% 100%
100% 91%

55 Extension to Larger Number of MWA Patients

5.5.1 Data Selection and Methods for Extended Lagrangian Study

With feasibility shown initially with 7 patients, the next step was to apply LDT to a larger set of

patient datasets to statistically evaluate performance. For this larger study, we utilized n = 30 patient data

sets.

Automatic segmentation that will be discussed in Chapter 6 was utilized for segmenting strain

tensor images for both Lagrangian and Eulerian tracked cycles in this larger study. Although automated

segmentation results may not be ideal, this was beneficial for several reasons as described below. Automatic

segmentation was much faster to perform without the requirement to manually segment each strain tensor

image, i.e., approximately 10 frames per patient x 2 images: Eulerian and Lagrangian image x 30 patients

= 600 images requiring manual segmentation and allowed for unbiased segmentation of strain tensor

images.
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5.5.2 Results of the Extended Lagrangian Study

Analysis of LDT was performed like the initial study of 7 patients with results for n = 30 patients
shown in Figure 5.10 - Figure 5.12. Figure 5.10 presents a scatter plot of the Dice coefficients (DSC)
between Lagrangian and Eulerian tracked EDE cycles for the 30 patients in the extended study. Although
some DSC values are low, DSC obtained with LDT provides consistently greater DSC values than the

corresponding Eulerian DSC by an average of 27.7%.
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Figure 5.10 — Dice Coefficient values for n=30 patients with LDT denoted in blue and Eulerian tracking in

red.

The extended results for cross-sectional ablation areas are shown in Figure 5.11. In Figure 5.11, the ‘x’s
represent the average cross-sectional ablation area for each patient obtained using LDT in blue and Eulerian
tracking in red. The standard deviation of cross-sectional areas over each cycle is represented by the
associated bar for each patient example. The cross-sectional area from the Lagrangian deformation
approach showed on average 45% lower cross-sectional area over the perturbation cycle than the Eulerian
approach and similarly standard deviations of segmented area over each cycle reduced by approximately

153%.
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Figure 5.11 — Cross-sectional ablation area comparison of n=30 patients from LDT in blue and Eulerian
tracking in red. The ‘x’s represent the average cross-sectional area over the tracked cycle, while the line

represents the standard deviation from the mean over the tracked cycle.

The extended results for centroid difference are shown in Figure 5.12. In Figure 5.12, the ‘x’s represent the
mean centroid difference for each patient for LDT in blue and Eulerian tracking in red. The range of
differences over each cycle is shown by the associated bar for each patient example. The average mean
centroid difference is 0.7 cm less for the LDT than Eulerian tracking across all patients. Similarly, the
average minimum and maximum centroid differences were 0.17 cm less and 1.4 cm less, respectively, for

LDT.
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Figure 5.12 — Centroid or center of mass difference comparison for n=30 patients with results from LDT in
blue and Eulerian tracking in red over a tracked EDE cycle. The ‘x’s represent the average centroid
difference over the tracked cycle, while the line represents the centroid difference range over the tracked

cycle.

In addition to centroid differences, success rates which were shown for the smaller data set were
repeated for the larger in-vivo dataset which is shown in Figure 5.13. The LDT approach showed an average

success rate of 89% which was 57% higher than the average Eulerian success rate of 32%.
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Figure 5.13 — Success rate over a tracked EDE cycle comparison for n=30 patients with results from LDT

in blue ‘x’s and Eulerian tracking in red ‘+’s.

5.5.3 LDT Comparison to CECT

In addition to comparing metrics between Lagrangian and Eulerian deformation tracking
approaches, it is important to verify cross sectional areas obtain on the corresponding strain images to
segmented areas of current clinical standard of care CECT imaging. The mean cross-sectional segmented
area from both Eulerian and Lagrangian tracking approaches was compared to manually segmented clinical
standard of care image which was completed using RadiAnt [69]. Results of this comparison are shown in
Figure 5.14 where red asterisks denote the Lagrangian obtained cross-sectional areas while the blue
triangles denote that obtained with Eulerian tracking. Results showed that Lagrangian tracking provided

cross-sectional areas that more closely correspond to the clinical standard of care 2D CECT virtual slice
with a R* =0.91, while the Eulerian approaches resulted in R*>=0.68. These results also indicate that
Eulerian tracking provided significantly larger cross-section areas with EDE when compared to the clinical

standard while the Lagrangian results aligned closely with clinical standard of care.
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Figure 5.14 — Cross-sectional areas from EDE segmentations for Lagrangian and Eulerian deformation

tracking approaches against the clinical standard of care manually segmented cross-sectional areas.

As shown in Figure 5.14, there are some examples where Lagrangian and/or Eulerian
segmentations differ from the clinical standard of care CECT images. To visualize these changes, Figure
5.15 and Figure 5.16 are presented that show two different in-vivo cases where the image panel depicts (a)
clinical B-mode ultrasound, (b) virtual slice from CECT, (c) s Eulerian tracked strain tensor image, and (d)
the Lagrangian tracked strain tensor image. Figure 5.15 shows an in-vivo example of patient post-ablation
images for MWA of a liver adenoma. Both Figure 5.15 (¢) and (d) show very similar ablation regions both
in size and location as well as similar alignment with Figure 5.15 (a) and (b). The example from Figure
5.15 presents with cross-sectional areas of 0.99 cm? from CECT, 0.95 cm? for Eulerian axial strain tensor
image with a percent difference of 3.0% with CECT, and 1.01 cm? for Lagrangian strain tensor image with
a percent difference of 2.0% when compared to CECT. Note that both Eulerian and Lagrangian strain tensor

images provide cross-sectional areas like that obtained with CECT.
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On the other hand, Figure 5.16 presents an in-vivo example of post-ablation images for a patient with a
rectal metastasis where the different tracking methods provided cross-sectional areas that did not align with
each other or the clinical standard of care. Figure 5.16 (c) from the Eulerian tracking presents with a cross-
sectional area of 26.5 cm?, while the LDT strain tensor image in (d) results in 16.5 cm?. These both differ
from the cross-sectional area found from the virtual slice CECT with a cross-sectional area of 15.5 cm?,
differing from Eulerian by 71% and Lagrangian by 6.5%. This example reinforces how LDT provides more

consistent lesion visualization versus conventional Eulerian tracking.
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Figure 5.15 — A post-ablation example of a patient presenting with a liver adenoma at an approximate depth
of 9 cm where Eulerian and Lagrangian strain tensor images aligned well with CECT. (a) shows the clinical
B-mode image, (b) shows the virtual slice from CECT, (c) shows the Eulerian tracked strain tensor image,

and (d) shows the Lagrangian strain tensor image.
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Figure 5.16 — A post-ablation example from a patient presenting with rectal metastasis at an approximate
depth of 7.5 cm where Eulerian tracked strain tensor does not align well with CECT, while the Lagrangian
strain tensor image aligned well with CECT. (a) shows the clinical B-mode image, (b) shows the virtual
slice from CECT, (c) shows the Eulerian tracked strain tensor image, and (d) shows the Lagrangian strain

tensor image.
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5.6 LDT Discussion of Results

In this chapter, we describe the use of Lagrangian deformation tracking for microwave ablation
elastography in the liver. In our approach, clinician introduced ablation antenna perturbations are the
primary deformation of interest, which may be corrupted by various physiological deformations due to
respiratory, cardiac, and patient movements, sonographer movement of the transducer. These extraneous
deformation factors can differ greatly from patient to patient, and even within the same patient based on the
liver lobe that is imaged.

Since the true ablated region size is not known, we are unable to draw any conclusions regarding
the size or dimensions of the ablated region. For the phantom tracked cycle, the mean segmented area from
the Lagrangian description did not differ from the traditional Eulerian description but showed improved
consistency over time. For this reason, phantom results validated the consistency and accuracy of
Lagrangian description of deformation as compared to the traditional Eulerian description. Although the
true ablated region size is not known, we obtain a reduction in the segmented area standard deviations for
the ablated regions, of at least 25% with the LDT approach when compared to the Eulerian approach for in
vivo assessments. More importantly, we attain a large average reduction in the standard deviation by 75%
demonstrating that LDT successfully provides more consistent segmented areas as opposed to the Eulerian
approach. Additionally, LDT ablated regions resulted in much higher Dice coefficients and lower center of
mass differences. This showed that segmented areas were similarly positioned and segmented overtime
verifying the consistency of LDT and reduction in motion artifacts that plague the Eulerian description of
motion. As a result of accurate tracking of ablated regions, success rates were greatly benefited with a
nearly 100% successful visualization for axial and lateral directions using LDT.

Results of the extended study showed similar results as the initial study, a small reduction of mean
segmented areas and a large reduction in standard deviation of areas over EDE cycles. It was also shown in
Figure 5.10 that the Dice coefficient values for the Lagrangian tracking were 27% higher on average than
the Eulerian tracking results. Also, important to note that the Dice coefficient values for the extended study

are much lower than those in the initial study of 7 patients, this is likely due to the fully automatic
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segmentation approach utilized in the extended study. Comparison of cross-sectional areas estimates
obtained using both Lagrangian and Eulerian deformation tracking, demonstrating the close correspondence
of cross-sectional areas obtained using LDT to the current clinical standard of care 2D CECT ‘virtual slice’.

We obtain Pearson’s correlation coefficient values of R*=0.91with Lagrangian tracking, while the

Eulerian approach resulted in a Pearson’s coefficient values of R> =0.68 on 30 independent patient data
sets. Further shown by Figure 5.15 and Figure 5.16, there are a few examples of Eulerian tracking where
cross-sectional areas align with those of CECT, while more examples of LDT align with CECT. Finally,

success rates of LDT outperformed Eulerian tracking by 57% as shown in Figure 5.13.

5.6.1 Limitations of the work

A major limitation of this work is that we do not know the true size or location of ablated regions
for patients, therefore we are unable to make any claims directly on the accuracy of the Eulerian or
Lagrangian description of the deformation. We however demonstrate a comparison of size and locations of
ablation zones using virtual slicing of the “gold-standard” CECT imaging for comparison to Eulerian and
Lagrangian strain tensor images [70]. Although claims cannot be made on the accuracy of Eulerian or
Lagrangian descriptions of deformation for in vivo cases, we are able to gain insight from phantom data

and CECT comparisons.

5.7 Lagrangian Deformation Tracking Conclusion

Success rates and consistency of ablated region visualization using EDE have been previously
limited by physiological and non-ideal motions present during in vivo data collection. To combat this issue,
we proposed a Lagrangian deformation tracking approach (LDT) that tracks an ablated region temporally
using affine transformations, significantly reducing the impact of these motions for ablated region
visualization. Results of LDT showed a large decrease in segmented area standard deviation of nearly 100%
on average and, using an ellipsoidal model, with low expected uncertainty of visualized ablative margins.

Additionally, LDT showed higher consistency in ablated regions through an increase of Sgrensen-Dice



195

coefficients of up to 25% from the traditional Eulerian approach as well as lower differences in center of
mass between segmented regions. The results of this work show that LDT will be a vital addition to EDE
for providing increased consistency and success in visualizing ablated regions. Utilizing LDT reduces the
negative effects present during EDE visualization. Physiological motion artifacts are an inevitable
consequence during in vivo MWA procedures, yet LDT shows reduction of these motion artifacts resulting
in more consistent visualization of ablation regions. Incorporation of LDT further closes the gap between

ultrasound and contrast enhanced computed tomography for imaging MWA procedures in a clinical setting.

5.8 Appendix A: Segmented Area and Ablated Margin

The main goal of MWA is to induce thermal necrosis of cancerous tissue of the liver and a margin
of normal tissue necrosis of 0.5-1.0 cm. It is beneficial to relate segmented areas to size and error of desired
ablated margins. If we assume that microwave energy radiated from the electrode created an ellipsoidal

shape of necrosis [37], we can relate segmented area to ablated size and margin error by looking at Eq. (27)

AreatA=7(p,£5)(p, £5) (27)

Equation (27) is a modified equation for the area of an ellipse including the relationship of standard

deviation on the area and radii of an ellipse, where p, and p, are the major and minor radii of the ablated

ellipse, o is the uniform radii standard deviation (ablated margin of error), and A is the segmented area
standard deviation. Figure 5.17 visualizes this relationship between segmented area standard deviation and
ablated margin error. Table 5.5 provides examples of expected area and deviation from an area given an
ablative margin of error, o . In addition to Table 5.5, Figure 5.18 shows the results against the § = 0.1 cm

and 3 = 0.25 cm curves.
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Figure 5.17 - Example of the relationship between the standard deviation in the segmented area versus the

standard deviation of ablative margins.

Table 5.5 — Reference to ellipse area and standard deviation given ellipse radii and uncertainty in

radius.
Ellipse Radii (cm)
A (ecm?) given A (ecm?) given

2 P2 Area (cm?) 0=0.1cm 0=0.25cm
1 1 3.1 0.66 1.8

15 1 4.7 0.82 2.2

2 1 6.3 1.0 2.6

2 15 94 11 3.0

2 2 13 1.3 3.3

2.5 2 16 15 3.7

3 2 19 1.6 4.1

3 2.5 24 1.8 4.5
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Figure 5.18 - The delta values for given segmented areas of the 7 in vivo examples for both Eulerian and

Lagrangian tracking schemes with associated delta 0.1 cm and 0.25 cm.

As an example, if a clinician deems that the ideal ablation size for a patient is 2 cm -3 cm, referring
to Table 5.5, this results in an ideal segmented area of 18.9 cm?. If a segmented area showed a standard
deviation of A <1.60 cm?, then we may assume that given an ellipsoidal ablation region the ablated margin

should be within 0.1 cm of the ideal ablated margin. This of course only gives us a rough idea of the type
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of consistency required for a method to be deemed reliable in detecting the true ablative margin. We cannot
make any claims as to the accuracy of location or true shape of ablated regions.

We can estimate that the segmented area of the phantom inclusion provides a circular radius of 1.25
cm, while the radius of a 4.3 cm? inclusion is 1.01 cm. Although segmented inclusions from Eulerian and
Lagrangian descriptions are slightly larger, area standard deviation of the Lagrangian description are well
below a 8 = 0.1 cm using Table 5.5 as a guide. The Eulerian description on the other hand is greater than &
= 0.1 cm. Additionally for in vivo cases, we can see that only one example, namely ID #6, of Eulerian
segmented areas provided a standard deviation in the range of 8 = 0.1 cm for axial and & = 0.25 cm for
lateral. This means that a high uncertainty of ablated margins was present using a Eulerian description of
motion. On the contrary, standard deviations of Lagrangian segmented areas for ID #s 1, 2, 5, 6, and 7
demonstrated values representing close to 6 = 0.1 cm, or 10% of the ideal 1 cm margin and ID #3 of § <
0.25 cm. This result validates the importance of LDT’s consistent segmented regions and resulting certainty

that visualized ablated regions were relatively close (8 < 0.1 cm) to the mean imaged ablated margin.
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Chapter 6:  Automatic EDE Ablation Segmentation

Microwave ablation (MWA) is rapidly becoming a popular minimally invasive percutaneous
ablation method for treating liver tumors. One of the main contributing factors for the success of
microwave ablation treatments is the accurate assessment of ablative margins, i.e., the amount of normal
ablated region encompassing the index tumor. Elastography has been shown to be a novel and effective
imaging modality for visualizing liver tumors and associated ablation zones. Despite qualitative imaging
with elastography, the entire boundary of the targeted region may not be delineated requiring clinicians
to make assumptions on the target size and shape. An automatic segmentation approach to provide a
means for consistent delineation is described in this chapter. We chose to utilize automatic segmentation
with initialization using an ellipse finding algorithm. To find an ellipse automatically, adaptation of the
Hough transform was utilized. To test this method, the algorithm was applied to 14 strain tensor images
from an inclusion phantom and 27 in vivo datasets from liver cancer patients. Results showed that 83%
of segmentations were within £10% of the ground truth phantom segmentation and 91% of segmentations
were within £16% of the ground truth for in vivo strain tensor images with an R-squared value of 0.95.
The proposed work provides a segmentation method that will aid in treatment and assessment of liver

tumors using MWA.

6.1 Segmentation for Electrode Displacement Elastography

6.1.1 Need for Automated Segmentation of Ablated Regions

With imaging provided with EDE, the requirement of verifying ablative margins is still necessary
to evaluate treatment efficacy. For this task, manual segmentation is conventionally performed to determine
ablative margins. Although manual segmentation on strain tensor images from EDE is not difficult, it still
is time consuming and requires the trained eye of a radiologist for consistent segmentation. Despite training,

segmentations may also vary between different observers (interobserver) as well as incur intraobserver
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variation for the same observer or rater. Therefore, to increase productivity and consistency for

interventional radiologist, a semi or fully automatic segmentation approach would be beneficial.

6.1.2 Segmentation Methods Described in Literature

Robust segmentation is very important for medical image processing to properly visualize sensitive
anatomical structures for microwave liver ablation and to ensure that the entire tumor is encompassed to
ensure effectiveness of ablative treatments [1]. To accomplish automated segmentation many methods have
been described in the literature, namely thresholding, watershed algorithm, fuzzy and neutrosophic
domains, or active contour segmentation [2-5].

The watershed method has shown good results for segmenting medical images yet is limited by
possible over-segmentation [6-8]. Fuzzy logic is a clustering method that allows data pixels to belong to
multiple classes with a varying level of membership, as opposed to conventional classification methods
where pixels are exclusive to a single group [9]. The fuzzy set and neutrosophic domain are also used for
mapping segmentations as shown in lung segmentation in CT images [10], glomerular basement membrane
[11], and breast segmentations [12]. When compared to CT segmentations, iterative neutrosophic lung
segmentations showed percentage overlap area (POA) to the ground truth to 91.2% and reduced Hausdorff
and average distance by 6.6 mm and 1 mm, respectively when compared to expectation-maximization
analysis and morphological operations [10]. Neutrosophic segmentation for glomerular basement
membranes, a normally challenging segmentation due to large variants in microscopic images, showed a
POA of 68%, Hausdorff distance of 4.6 pixels and average distance of 2.0 pixels [11]. For breast
segmentation, the neutrosophic were used as a fully automatic segmentation method for accuracy in
determining breast cancer diagnosis resulting in a true positive rate of 92.4 % and false positive rate of

7.2% [12].

6.1.3 Active Contour Models for Segmentation

Active contour models segment based on a curvature or contour flow utilizing constraints and

energy forces to segment image pixels. Active contours take many forms including geodesic contours [13],
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snakes [14], explicit functions [15], gradient vector flow and balloon models [16, 17]. Unfortunately, active
contour models remain largely dependent on relatively accurate contour initialization to avoid local minima

convergence [18].

6.1.4 Deep Learning and Neural Network Segmentation

With the recent advancements in computational hardware processing capabilities, deep learning
approaches have grown in popularity for medical image segmentation [16]. Many deep learning approaches,
namely those utilizing convolutional neural networks [19] have been used for brain image segmentation
[20], based on training sets with non-medical image sources [21], and performing segmentation using
multiple planes from the orthogonal domain [22]. Additionally, one of the most popular network
architectures, U-Net [23], which utilizes deconvolution in the network [24] has been extensively used for
medical image segmentations [25, 26]. Finally Convolutional Residual Networks allow the use of deeper
networks as they can learn more features than shallower networks and utilize skip connections to reduce
the degradation commonly seen in deeper neural networks [27]. An unfortunate downside to segmentation

using neural networks is the requirement for training with large datasets to improve performance.

6.1.5 Segmentation of Elastographic Images Using a Coarse-to-Fine Active Contour Model

A previously developed method for automatic segmentation of strain tensor images for the purpose
of EDE utilized correlation matching with templates from different radius circles [28]. Although this
method showed good results when compared to ex vivo volumes and in vivo slices, this method was limited
to circular targets due to the templates used. Additionally, results mainly dealt with inclusions that are fully
contained by a delineating boundary. However, many in vivo elastograms do not present with these high
contrast boundaries needed for active contour segmentation.

The novelty of this work will be incorporating the ellipsoidal shape as a means for initializing an
active contour. By modelling an ellipse from edge points of the strain map, random sample consensus

(RANSAC) was used to find the best-initialized ellipsoidal contour for automatic ablation segmentation.
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Additional outcome of segmentation will provide a means of comparing registered CECT virtual slices [29]

to evaluate the effectiveness of EDE ablation size and location depiction.

6.2 Automated Segmentation Methods

In this chapter, we utilized active contour snakes [14] with the addition of balloon forces [30] and
gradient vector flow [31], conforming to strain depiction of ablations including discontinuous boundaries.
In addition, we utilized an ellipsoidal parametric model of ablated masses and random sample consensus

(RANSAC) [32] for snake initialization providing autonomous segmentation.

Iterate Snake inal
Strain Tensor pi nitialized by DSC(1-5,1)>0.98 Final
Ima_gy Ellipse or Segmentation
Create Find Best

&% edgeMap | FitEllipse

Figure 6.1 — Flowchart of proposed automatic segmentation algorithm.

6.2.1  Active Contours: Snakes

Active contours in the form of snakes can conform to unique shapes and edges making them well
suited for segmenting ablations due to the excellent boundary delineation strain tensor images provide [14,

31, 33]. A traditional snake is a curve, X(S) , and is demonstrated as Eq. (28).

x(8) =[x(s), y(s)], s €[0,1] (28)

E= j:%(a X(S) + AX'S) )+ CxEyq ((5))+ DxF, (x(s)) s (29)
Eee (X(8)) == [VIX(S))[ [V (G, (x(s) * (1(x(s)))| (30)

F, (X(5)) = kin(s) K @

[VPl
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Active contour snakes aim to minimize the energy E in Eq. (29) with additional energy terms
derived from image intensities, namely Eq. (30) and balloon force Eq. (31). The image intensity energy
allows the snake to be attracted or opposed to landmarks of an image (i.e., edges, lines, intersects, etc.),
while the balloon force helps in avoiding issues when an active contour is initialized too far from an edge
or does not have sufficient forces to keep the snake from shrinking on itself. Here « and £ are weight
parameters that control the 1%t and 2" derivatives, the snake’s tension and rigidity, respectively, C is the

weight of external energy, D is the weighting parameter of the balloon force, V is the gradient operator,

G, (X(s)) is the 2-D Gaussian filter with standard deviation o, P is the pressure force, n(s) is a normal
unit vector to the curve at X(s) , k is the amplitude of the balloon force, and the sign of K, dictates whether

the force is inflation or deflation. The external energy E.,, , is found from the image itself such that smaller

values occur at edges of interest. The term o dictates the blur in image boundaries allowing the snake to
detect the boundary from farther distances. The pressure force P dictates how strong of edges will inhibit

the balloon force. Parameters used in this work are shown in Table 6.1.

Table 6.1- Parameters used in automatic segmentation algorithm.

Parameter Value
(04 = 2.4
Vi = 2.7
C = 20
o = 25
k = 1.2
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6.2.2  Ellipse Finding Using Hough Transform

A limitation for consistent segmentation using active contours is the requirement for contour
initialization relatively close to the target contour to ensure convergence to the true boundary. We utilized
the ellipsoidal shape for initialization, which is often seen in tumors and ablated regions [34]. To find
possible ellipses, the general quadratic form representing all conic sections [35], including ellipses, was

used as shown by Eq. (32).

w(X) =X AX+B"X+c=0

e
y a, a, bz

Using 5 point eigenvalues [35] or singular-value decomposition [36] the algebraic distance of Eqg.
(32) was minimized to find an ellipsoidal fit for a given 5 points. Points were selected using RANSAC [32]
from an edge map created using a Canny edge detector [37] on a strain tensor image. To improve the
computational efficiency of the ellipse finding algorithm, a generalized Hough transform was utilized to
find ellipses largely based on [38]. This is repeated to find M possibilities for the best-fit ellipse. An added

minimal roundness constraint of 0.3 (ratio of minor to major axis) was added to the ellipse calculations to

eliminate unrealistic ellipse estimates leaving M, viable ellipses for the best-fit ellipse.

After finding M, ellipses, k-means was used to group similar ellipses. Each ellipse is then

compared to the ellipse circumference that lies on the edge map, G, and range of strain tensor texture

values, such as mean, iy, q.in» @Nd standard deviation, o, ¢.in - TO COMpare, the ellipses are scored using

a value named normalized ellipse matching potential (NEMP) lying in the range of 0 — 1 shown in Eq. (33)
. Here, the first term of Eq. (33) is the ratio of points along the ellipse circumference that lie on edges over
the ellipse circumference while the second term is how low the mean strain inside the ellipse is over the

max strain. An additional weighting term, y, was utilized to adjust the weight of circumference and texture

matching. A NEMP of 0 implies no overlap between the given ellipse and ideal ablation texture, while 1

means complete overlap.
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NEMP.

ellipse

]:[ .
= arg max 7m+(1_7) 1 Hewsran 33)
Circum, max (strain)

For this work, 7 was set to 0.3 to put more weight on mean strain tensor magnitude inside the

ellipse. Now that each ellipse has a rating score, the snake initialization curve was selected as the ellipse
with the greatest NEMP as shown in Figure 6.2 (a) where the blue ellipse is selected as the initialization
ellipse.

With the initial ellipse determined, the snake propagation is iterated until convergence. Figure 6.2
(b) shows the algorithm’s converged segmentation in blue against the manual segmentation in red. Figure
6.2 (c) was created to show the repeatability and accuracy of the algorithm against the ground truth. The
repeatability curve was produced by repeating the automatic segmentation algorithm 50 times for each
frame from the TM Phantom. When the 50 repetitions of the algorithm were completed, the average
segmentation cross-sectional area was calculated for each frame and the percentage error of each repetition

from that average was found using Eqn (34).

T AF - AFi
Repeatibility, , = ——" (34)
A

where A is the area for frame, F , and repetition, i, and the () denotes the average over all repetitions.

This resulted in 50 repetitions x 14 frames =700 percentage error measurements which the probability
density function (pdf) is shown by the red curve in Figure 6.2 (c). The ground truth curve in blue was found

similarly by using Egn. (35).

Truth. — Ac;

TruthError. , = —
ruthe

(35)

Where Truth is the area for the manual segmentation at frame F . Like the repeatability measurement, this

results in a distribution of 700 values which the pdf is shown as the blue curve in Figure 6.2 (c).
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Figure 6.2 — TM Phantom strain image of a stiffer inclusion with the automatic segmentation algorithm
applied. (a) shows the top 3 NEMP ellipses for possible snake initialization, (b) shows the automatic
segmentation convergence in blue against the manual segmentation in red, and (c) shows the probability
density function of the repeatability of the automatic segmentation algorithm in red and the accuracy of the

automatic segmentation against the ground truth in blue.

6.2.3 Snake Banding Constraint for Segmentation

Unfortunately, snakes may have some limitations in this application as ablated regions may not be
completely encompassed by high strain contrast due to low displacement estimates, attenuated ultrasound
signal, or patient physiology. To combat this occurrence, a band constraint was established utilizing the
initialization ellipse. The band constraint sets a small range or band inside and outside of the initialization

ellipse that constrains snake propagation. For this work, the band was set as 0.5 ¢cm to limit snakes from
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propagating past discontinuous boundaries. Figure 6.3 shows segmentation on a patient example without

using the snake banding constraint in Figure 6.3 (b) and with snake banding constraint in Figure 6.3 (c).
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Figure 6.3 - Patient example with hepatocellular carcinoma demonstrating the banding constraint on snake
propagation. (a) shows the B-mode image with the initialization curve in blue and banded snake
convergence in red, (b) shows the strain tensor image with the initialization ellipse in blue and the
unconstrained snake convergence, and (c) shows the strain tensor image with the initialization curve in the
solid blue line, constraining band in the dashed blue line, and the constrained snake convergence in the

solid red line.

6.2.4 lterative Segmentation Algorithm

As the snake active contour iterates and is constrained by the band, the contour will converge
quickly. Unfortunately, the initial chosen ellipse or snake iterations may result in a suboptimal convergence.
To combat this possibility, the algorithm was iterated through the different stages of finding the optimal
ellipse, contour initialization, and finally snake propagation to convergence. The next iteration begins by
finding the ellipse that lies within the last iteration’s contour convergence. These iterations are then repeated
until the active contour segmentation retained a Dice-Sorensen coefficient of 0.98 for 5 consecutive

iterations or after 100 iterations were completed.

6.2.5 Automated vs Manual Segmentation

To compare automatic segmentations, the in vivo ablated regions were manually segmented by a

single blinded observer 5 times. The average contour obtained with manual segmentation was chosen as
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the true segmentation that was then compared to results obtained with the proposed automatic segmentation
algorithm.

We performed segmentation on data acquired using a CIRS phantom and in vivo data. All in vivo
data used for analysis was tracked over a single antenna perturbation cycle with Lagrangian tracking to
provide a more consistent strain tensor image. Visualized strain contrast was then set to maximize the
contrast between strain estimated inside the target against the boundary. Strain tensor images were then
normalized to this maximum contrast to maintain consistency for the segmentation algorithm.

To test efficacy of the automatic segmentation algorithm, the algorithm was executed 50 times for
each sample image. This allowed for analysis of robustness of the algorithm against itself and its
repeatability as well as independent realizations to compare against the ground truth segmentation shown

by Eq. (36). The percent error versus the ground truth was found using Eq. (37).

( Area g o — Areasgorinm )
(36)
AreaAlgorithm
Area, . . — Area
( Algorithm Truth ) «100% (37)
Area.

Truth

6.3 Automated Segmentation Results

6.3.1 Segmentation Results from the CIRS Phantom

For this work, n =14 strain tensor images were collected from a single inclusion phantom during
manual quasi-static compression. For each strain tensor image, the algorithm was executed 50 times to
assess segmentation repeatability. The percent error from all segmentations to the ground truth and from
the average segmentation for each strain tensor image is shown in Figure 6.2 (c). Figure 6.2 (b) shows the
comparison for a single frame to visually compare the algorithm converged segmentation in blue and the
manually segmented ground truth shown in red. Results from Figure 6.2 (c) show two main peaks in

algorithm’s segmentations when compared to the ground truth. Of these peaks, the largest was centered at
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-1.6% with 83% of segmentations lying in a range of -14% — 10% from the ground truth. The remaining
17% of segmentations are centered at 24%. The algorithm showed strong repeatability with a range of -5%

- 5%.

6.3.2 Segmentation Results for Patient Data

For this work, n =27 in vivo datasets were used. Figure 6.4 shows an example of the automatic
segmentation algorithm from a patient with colon metastasis with the ground truth segmentation in red and
algorithm segmentation in blue. Figure 6.4 (a) shows segmentations on a B-mode image where the
segmentations do not necessarily align with the hyperechoic regions created during ablation. Contrary to
Figure 6.4 (a), Figure 6.4 (b) shows the segmentations alignment with the strain tensor image with very

similar segmentations between the algorithm and ground truth.
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Figure 6.4 — Patient example with colon metastasis showing automatic segmentation in blue and ground

truth segmentation in red with (a) B-mode and (b) axial strain tensor image.
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Figure 6.5 — Patient example with a carcinoid metastasis with automatic segmentation in blue and ground

truth segmentation in red with (a) B-mode and (b) axial strain tensor image.
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Figure 6.6 — Patient example with hepatocellular carcinoma with automatic segmentation in blue and

ground truth segmentation in red with (a) B-mode and (b) axial strain tensor image.

Figure 6.5 shows an example of the proposed segmentation algorithm on a patient with carcinoid

metastasis. Like Figure 6.4, the segmentations shown on the B-mode image in Figure 6.5 (a) do not align
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with the hyperechoic regions from bubble formation. The automatic segmentation in blue shows good
agreement with delineation of the strain tensor image as well as the ground truth in red in Figure 6.5 (b).

Figure 6.6 shows an example of the proposed segmentation algorithm on a patient with
hepatocellular carcinoma. Like Figure 6.4, the segmentations shown on the B-mode image in Figure 6.6 (a)
do not align with the hyperechoic regions from bubble formation. The automatic segmentation in blue
shows good agreement with delineation of the strain tensor image as well as the ground truth in red in
Figure 6.6 (b).

In addition to visualizing segmentation against the ground truth, quantitative measurements of R?
value, percent error and repeatability are shown in Figure 6.7. Results using the median of repeated
proposed segmentation algorithm surface area against the ground truth surface area showed an R?
coefficient of 0.98 for the 27 patients in this study. The median algorithmic segmentation provided an
average of 95% accuracy when compared to manual lesion segmentation with an average standard deviation
of 0.2%. Algorithm segmentations also provided an average consistency of 98% over repeated
segmentations on the same strain tensor image. Repeatability ranged from -25% — 28%. Against the ground
truth, segmentation alignment showed main peak value at -1.2% error with a cumulative density of 91%
between -16% - 16%. Finally, the segmentation algorithm provided a median Dice coefficient value of 0.91

+0.05.
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Figure 6.7 — Comparison of automatic and ground truth segmentations. (a) shows the correlation between
median algorithm with and average standard deviation of 0.22 cm? and ground truth segmentation cross-
sectional areas. Grey dots in (a) represent the algorithm segmentation values when repeated. (b) shows the
probability density function of the repeatability of the automatic segmentation algorithm when repeated 50

times in red and the accuracy of the automatic segmentation against the ground truth in blue.

6.4 Discussion of Automated Segmentation for Ablation Monitoring

The proposed algorithm shows good alignment with manual ground truth segmentations. Since
ablation zones are primarily represented as an ellipse from the manner energy is deposited as shown in
Figure 6.8 [39]. Due to this ellipsoidal shape, the Hough transform ellipse initialization for snakes is very
consistent and robust to noise seen in strain tensor images as well as initializing in proximity to the ground
truth segmentations. Following similar logic, the snake banding constraint also allows for an ellipse
approximation for segmentation where strong strain tensor delineation does not encapsulate the entire target

circumference.
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Figure 6.8 — Example of ellipsoid shape seen in microwave ablation procedures.

Although results of this algorithm are very promising, there is still room for improvement. If
discontinuities are too large, this may introduce large approximation errors. To compensate for this, we will
incorporate boundary information from both axial and lateral strain tensors and utilize ellipsoidal convexity
to bridge larger discontinuities while retaining small discontinuities. Another potential problem may be
presence of noise that may hinder texture matching to find the correct ellipse. If this problem occurs, we
will implement a semi-automatic strategy for human intervention. Alternatively we will incorporate
information from B-mode data to increase probability of segmenting ablations, as presented in [40]. This
method utilizes bivariate distributions to include B-mode intensity information and elastography

information which was derived using a Markov Random Field and maximum a posteriori framework [41].
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Future work will incorporate additional means of verifying the robustness of this algorithm to
delineate ablation boundaries. Corresponding CECT planes which are utilized as the clinical-gold standard
of care for visualizing ablation effectiveness will be compared to strain segmentations. Additionally, the
algorithm will also be assessed on pre-ablation index tumors for identifying the ablative margin which is a
strong indicator of ablation efficacy. Finally, manual segmentations should be performed by multiple
observers for robustness.

In this chapter, we presented an algorithm for automatically segmenting strain tensor images
produced during electrode displacement elastography. This algorithm utilizes active contours in the form
of snakes using initialization of an ellipsoidal boundary found automatically using RANSAC and Hough
transforms. Results of the algorithm show high repeatability of 98% and an R?-value of 0.95 when compared
to the ground truth manual segmentation. This segmentation algorithm provides a means to verify efficacy

of microwave ablation in real-time in the clinic.
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Chapter 7:  Computed Tomography to Ultrasound Image

Registration

Deformable registration of ultrasound (US) and contrast enhanced computed tomography
(CECT) images are essential for quantitative comparison of ablation boundaries and dimensions
determined using these modalities. Stiffness-based imaging using ultrasound has become popular and
offers nonionizing and cost-effective imaging modality for monitoring minimally invasive microwave
ablation (MWA) procedures. A manual registration method is presented in this chapter. The two-
dimensional (2D) virtual CT image plane that corresponds to the clinical US B-mode was obtained by
“virtually slicing” the 3D CT volume along the plane containing the MWA antenna. The initial slice
plane was generated using the vector acquired by rotating the normal vector of the transverse (i.e., xz)
plane along the angle subtended by the antenna. This plane was then further rotated along the MWA
antenna and shifted along with the direction of normal vector to obtain similar anatomical structures,
such as the liver surface and vasculature that is visualized on both the CT virtual slice and US B-mode
images. Finally, an affine transformation was estimated using anatomic and non-anatomic landmarks to
account for distortion between the co-located CT virtual slice and US B-mode image resulting in a final
registered CT virtual slice. Registration accuracy was measured by estimating the Euclidean distance
between corresponding registered points on CT and US B-mode images. Mean and standard deviation
of the affine transformed registration error was 1.85 + 2.14 [mm] and 3.40 + 3.79 mm for the target
registration error, computed from 20 co-registered data sets. Results demonstrate the ability to obtain
2D virtual CT slices that are registered to clinical US B-mode images. The use of both anatomical and

non-anatomical landmarks results in accurate registration useful for validating ablative margins and

comparison to electrode displacement elastography (EDE) based images.

R. M. Pohlman, M. R. Turney, P. H. Wu, C. L. Brace, T. J. Ziemlewicz, and T. Varghese, "Two-dimensional ultrasound-computed tomography
image registration for monitoring percutaneous hepatic intervention," Medical physics, vol. 46, no. 6, pp. 2600-2609, 2019, doi: 10.1002/mp.13554.
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7.1 Background of CT and Ultrasound Registration

Although image fusion tools for CT-US registration have been under development for 20 years, the
adoption of these tools has been delayed in the clinic due to the extra time required to achieve satisfactory
alignment between the image modalities [1, 2]. Intrinsic registration and fusion of pre-operative CT/MR
images to US [3-7] has been utilized in some centers [3-5], using common landmarks such as the liver
surface and/or vasculature [3-6, 8-16], or electro-magnetic antenna tracking [5]. These approaches require
appropriate and careful clinical setup [4]. Data acquisition during breath holds or respiratory gating is
essential to improve the accuracy of image fusion [3, 6]. The registration/fusion of the images varies from
real-time [3], 15~20s [17], 29-74 s [8], to around 5-10 minutes [18]. Recent advancements in computing
and automatic image analysis have significantly reduced the time required for the image registration so that
image fusion becomes a feasible option in ablation procedures [19-23]. This initial rigid registration can be
achieved by defining a minimum of three (3) non-collinear common fiducial points in both datasets, or by
defining a common plane and single point [24]. Classical methods for implementing multi-modality image
registration use mutual information to measure differences and a rigid transformation to warp the previously

acquired data with the real time US B-mode image [25].

7.2 Motivation for Registering CT to Ultrasound Imaging Plane

Need for image fusion during percutaneous ablations arises when hepatic tumors cannot be clearly
visualized with US because of their size or location [26, 27]. A growing alternative modality for visualizing
liver masses and ablated regions utilizing US is electrode displacement elastography (EDE). EDE uses
localized perturbations to detect differences in the tissue stiffness between normal liver and the ablated
region to determine ablation zone dimensions. EDE has demonstrated high visualization and delineation in
strain tensor images on phantoms [28-30], animal models [31, 32], and human patients [33-36]. In addition,
to ablated region visualization using EDE, an important metric to be evaluated is the area of the ablation
region. The hyperechoic area on the B-mode image has been previously segmented and utilized for

comparison to EDE [37]. However, the hyperechoic region on B-mode images does not provide an accurate
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estimate of the ablation area, and can also shift due to outgassed bubble movement after ablation [38].
Comparison of EDE derived delineations of ablated regions with the current clinical gold-standard CECT
are therefore necessary to verify EDE viability in clinical settings. Previous reports on area comparisons of
ablated region obtained with EDE to pathology have demonstrated a close correspondence in animal models
[39-41]. Comparisons of ex vivo ablation areas to CT without contrast have also demonstrated close
correspondence of ablation areas between strain imaging, CT and pathological measurements [42].
However in vivo datasets require the proposed CT-US registration [37] for a direct comparison of EDE with
CECT. In this chapter, a method for fusing intraoperative CT volumes with US B-mode is presented for
potentially evaluating the efficacy of EDE for monitoring MWA [43].

In this chapter, an algorithm is derived for extracting, matching and co-locating a CT virtual slice
[44] to clinical US B-mode images from 20 patients during ablation procedures under general anesthesia
[18]. We utilize the non-anatomical microwave antenna to initiate and co-locate possible planes and finalize
the virtual slice [44] with anatomical landmarks common between the CT and US B-mode image. Finally,

an affine transformation is utilized to register the CT virtual slice to the US B-mode imaging plane.

7.3 Materials and Methods

7.3.1 Data Collection for Registration

This study was conducted under a protocol approved by the institutional review board at the
University of Wisconsin-Madison. Informed consent was obtained from patients scheduled for a minimally
invasive MWA procedure prior to data acquisition for EDE. We report on 20 patients with HCC or liver
metastases with both US and CT data sets. All patients in this study were placed under general anesthesia

prior to the procedure.

7.3.2  Microwave Ablation (MWA) Procedure

Microwave ablation procedures were conducted with a 2.45 GHz MWA system and 17-gauge

antennas (Certus 140, Neuwave Medical Inc., Madison, Wisconsin). One or more antennas were used
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depending on the number and size of tumors being treated. Antennas were generally guided using real-time
US if the tumor could be visualized. Most ablations were performed using a power level of 65 Watts for
5 minutes.

In our facility, MWA procedures are performed on a CT imaging table, to ensure that the patient is
in the same position for all treatment and imaging studies performed in the ablation suite. Patient position
was determined during pre-ablation treatment planning based on the location of the tumor(s). All 20 patients

used for this analysis from this cohort were placed in the supine position.

7.3.3 Imaging Before and After Microwave Ablation

US B-mode imaging with a C1-6 curvilinear array was utilized for ablation antenna placement (GE
Logig E9, GE Healthcare, Waukesha, Wisconsin). After the antenna was inserted into the tumor based on
the treatment planning guidelines, it was locked into place using the cyro-lock feature of the system. CT
scanning without contrast was then performed to verify antenna placement accuracy before initiating the
ablation procedure (750HD, GE Healthcare).

The standard MWA procedure performed in our facility includes immediate post-ablation
assessment using CECT while the patient is still under anesthesia. For the patients in this dataset, we also
acquired radiofrequency (RF) data for EDE-based strain imaging induced through a manual perturbation of
the antenna immediately before and after the ablation procedure. We anticipate tissue deformation due to
respiratory and cardiac motion between the capture of both datasets would be present. Based on previous
image fusion results, the expected accuracy of registration in this setting based on peer-reviewed literature

results should fall between 1.90 and 6.55 mm [4, 10].

7.3.4 CT “Virtual Slice’ Selection[44] and Registration

In this section, we describe computation of the 2D CT virtual slice [44] that would correspond to
the clinical B-mode image used for antenna placement. A flow-chart of the registration processing sequence
is shown in Figure 7.1. The first registration stage performs a rigid registration to co-locate both US B-

mode and ablation-suite CT virtual slice along the same imaging plane. The second stage estimates an affine



231

transformation for deformable registration of the CT virtual slice to the US B-mode imaging plane.
Although manual selection process is time-consuming, it provided robust registration for initial

transformation irrespective of B-mode ultrasound quality, where automatic registration schemes often fail.

US B-mode Pre-Ablation Post-Ablation
CTVolume CT Volume

\ 4
Virtual Slice

Initial Rigid - - - — - »
Registration

v

Select Feature
Points

I

Estimate Affine
Transform

Post-Ablation
Registered CT

Pre-Ablation
Registered CT
Slice

Figure 7.1 - Strategy for co-locating and registering a CT virtual slice from the 3D CT volume to the US

B-mode imaging plane.

A plane in 3D space can be represented by the point-normal formula shown in (38)
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Ay -(h—1)=0 (38)
where ﬁvs denotes the normal vector to the desired plane and [}, I, are arbitrary points on that plane. ﬁvs

can be calculated from the cross-product of any two vectors passing through a common reference point
on the plane, as:

Mg =(r1—l'0)><(l’2—r0) (39)

To locate the imaging plane from the CT volume slices, we need to derive two vectors on the US
B-mode image plane that encompasses the antenna as illustrated in Figure 7.2. An example of this approach
on 3D CT volume data is shown in Figure 7.3 (a) and (b) with Figure 7.3 (c) showing an enlarged CT
volume encompassing the antenna highlighted in green. For vector selection, the most intuitive choice was

one vector along the orientation of the antenna and another vector along the direction of antenna to

transducer. The vector denoting antenna orientation, N, was derived based on the antenna tip-point and

centroid of the antenna. The second vector, \, , was derived by the projection of §, onto the normal vector
of the xz-plane (see Figure 7.2) using the following vector reduction formula,

N, =N, —(N,,f, )n (40)

The reasoning is that US transducer position will be parallel to the xz-plane under the assumption

that the US transducer was positioned perpendicular to the patient surface [45] . This slice was obtained

using the normal vector parallel to the xz plane, also representing the plane tangential to the patient surface

where N, and N, are shown by green and blue arrows respectively as illustrated in Figure 7.2 and

reproduced with actual data in Figure 7.3 (€). A vector selection example on patient data is shown in Figure
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(e) where N, and N, are shown by green

and blue arrows respectively. The virtual slice generated by these two vectors in the CT image space does
not necessarily define the US B-mode image plane. The final virtual slice was identified by rotating the
antenna plane until three clearly visible anatomic landmarks (e.g., un-deformed liver surface or vasculature
points) match in both images. Landmarks are selected based on common visualization in both the US and
CT slices. The virtual slice selected is primarily based on ablation antenna visualization over the 3D CT
volume followed by rotation to align these common anatomical landmarks in both CT and US slices. This
task does not require significant proficiency for the operator. For affine transformation, although the
accuracy of selected points may vary based on operator’s proficiency level in viewing these images, more

than three set of non-collinear points can be selected so that the affine transformation can be found using
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least squares formulations. Example images for landmark selection is illustrated in Figure 7.3 (d) and (e)

indicated by the red sectors.

‘av T T T

Needle 7 | Y |

,...»- /

) ) ———

Figure 7.2 - Strategy for obtaining the CT virtual slice from the 3D CT volume. Potential slice planes were
obtained by varying a normal vector around antenna to acquire the plane corresponding to the ultrasound

B-mode image.
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Figure 7.3 - An example workflow using patient image data illustrating the US B-mode — CT registration
process. (a) Transverse slice with the antenna location highlighted in blue. (b) CT volume as a stack of
transverse slices with the antenna location highlighted within the blue cube. (c) Zoomed in region of the
antenna location in the CT volume with the antenna shown in green. (d) Comparable US B-mode image
from patient after ablation with outline of sector image highlighted in red. () Zoomed in CT volume with
the two vectors creating the virtual slice plane highlighted in green and blue for the vector along the
direction of the antenna and the vector projected onto the xy-plane, respectively. An example sector US

outline is transposed onto this plane which is rotated about the antenna to match three clearly visible
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anatomic landmarks. (f) The resultant CT virtual slice after affine transformation in green transposed onto
the red US B-mode image. (g) The entire CT virtual slice collected pre-ablation. (h) The CT virtual slice

estimated post-ablation.

7.3.5  Affine Transformation for Virtual Slice Refinement

The final estimated virtual slice, shown in Figure 7.3 (g), may not co-register completely to the US
B-mode image plane due to distortion from the US transducer placement (US imaging deforms the skin
surface to make skin contact without an air interface) as well as respiratory and physiological motion. To
correct for this distortion, an affine transformation was used in the second stage of the registration pipeline.

Mathematically an affine transformation can be represented by (41).

X' s, cos(d) -—hsin(@) t, || x
y'|=|h,sin(@) s,cos(d) t |y (42)
1 0 0 11

where s is scale, h is shear effects, and 1 is translation for the coordinates in CT images respectively, and
6 allows for rotation correction. The parameters of the transformation matrix were estimated by registering
the anatomical points on both CT and US images used in the virtual slice selection, and the transformation
matrix was applied on the CT virtual slice to refine the registration to the US B-mode image plane. The
resulting transformed CT virtual slice is shown overlaid in green on the underlying red US B-mode in
Figure 7.3 (f). The ablated region shape and dimension on the registered CT images is considered as the
gold standard for assessment of a successful ablation procedure and used for comparison to the US B-mode
and EDE results. Assuming no gross patient movement, the estimated CT virtual slice and affine
transformation parameters can be utilized on the post-ablation CECT to visualize the post-ablation region

shown in Figure 7.3 (h).
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7.3.6  Reqgistration Error Analysis

Target registration error (TRE) is a measure used to validate the performance of point-based image
registration accuracy [46, 47]. TRE was measured by comparing the Euclidean distance between

corresponding identified points in both the image sets using (42).

2

TRE = J( by —T(a,)) (42)
where P and a,, are the x and y coordinates of a target registration point in the fixed image (US) and

moving image (CT) respectively. T the estimated affine transform that attempts to register the CT image
plane with US. Therefore, TRE quantifies how close features points in the transformed CT image are to
the same features in the US B-mode image after registration. The points used for the registration error
analysis include points near the antenna along with other anatomical landmarks visible in both the US and

CT images. A minimum of three feature points were used for each pair of registered images.
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7.4 Results and Discussion for Manual Registration

7.4.1 Registration Examples

Figure 7.3 (d), (f)-(h) illustrates the image fusion results for a patient starting with the B-mode image
in Figure 7.3 (d) and the corresponding CT virtual slice in Figure 7.3 (g). Affine transformation to warp the

virtual CT slice and merge it with the B-mode image is shown in Figure 7.3

(f). Note the complete overlap of the ablation
antenna in Figure 7.3 (f); the green map shows the CT virtual slice while the red image denotes the B-mode
image. The final image in shows the corresponding post-ablation CECT virtual slice in Figure 7.3 (h), which
is obtained using the same slicing parameters used for the CT-US registration and used to obtain Figure 7.3

(9), respectively.
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Figure 7.4 - An example of US B-mode — CT registration result for a second patient (a) US B-mode prior

to ablation with antenna visible. (b) Co-located CT virtual slice. (¢c) The registered CT virtual slice after

affine transformation in green transposed onto the red.

In a similar manner, Figure 7.4 presents image fusion results for a second patient, with the B-mode
image in Figure 7.4 (a) and the corresponding CT virtual slice in Figure 7.4 (b). The affine transform used
to align and fuse the virtual CT slice with the B-mode image is shown in Figure 7.4 (c). Note that the
ablation antenna in Figure 7.4 (c) lies completely on the ablation antenna visualized in Figure 7.4 (a). The
liver surface seen in Figure 7.4 (a) and Figure 7.4 (b) also coincide. The green image depicts the CT virtual
slice while the red image depicts the US B-mode image. The corresponding post-ablation CECT virtual

slice is shown in Figure 7.4 (d), which is obtained using the same slicing parameters used for the CT-US
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registration to obtain Figure 7.4 (b), respectively. Both results demonstrate registration by the agreement of
both anatomical and non-anatomical features.

The identified landmarks used for the registration error analysis in both image data sets include
points near the antenna along with other anatomical landmarks visible in both the US B-mode and
corresponding CT virtual slices. A minimum of three different (independent) manually selected feature
points were used for each pair of registered images for both registration and validation. The fiducial
mean * standard deviation registration error was 1.85 + 2.14 mm using both anatomical and non-anatomical

landmarks.

7.4.2 Linear Regression Analysis of Registration

Linear regression analysis was performed for the feature points to determine correlation between
the results for landmarks on US and CT. For each image set, the Euclidian distance from the origin was
calculated for each feature point location in both the CT virtual slice and the US B-mode image as shown
in Figure 7.5. The results show that points with the highest correlation come from non-anatomical
landmarks (Figure 7.5 (a)) due to the rigid structure of the ablation antenna. Anatomical feature points also
show good agreement on US and the transformed CT image but suffer from small differences due to minor
tissue deformations in the US B-mode as displayed in Figure 7.5 (b). Figure 7.5 (c) shows the high
correlation (R? = 0.98, p<0.001) between the complete set of feature points on corresponding CT and US
B-mode images. These results are anticipated since the non-anatomical landmark (antenna) is clearly
visualized in both modalities and does not deform with its dimensions remaining constant in both
modalities. In addition to Figure 7.5, Figure 7.6 depicts the registration error reduction obtained using the
affine transformation after the initial rigid registration (virtual slice) using 5 independent feature points for
each registered data set. In addition, Figure 7.6 presents registration errors incurred after the rigid
registration (virtual slice) stage, after the corresponding rigidly registered image pairs were appropriately
scaled. Figure 7.6 also presents registration error results after rigid translation, rotation and the combination

of scaling, rotation, and translation (SRT). Note that registration errors present after rigid registration are
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significant when compared to registration errors after the affine registration stage. Utilizing the affine

transformation allows for significantly lower registration errors.
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Figure 7.5 - CT virtual slice registration accuracy to US B-mode. (a) Plot of non-anatomical registration
points (antenna) from US and CT. R? = 0.98, p < 0.001. (b) Plot of anatomical registration points on US
and CT. R?2=0.98, p < 0.001. (c) Final plot of both anatomical and non-anatomical points on CT and US.

R2=0.98, p <0.001.
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Figure 7.6 — Registration error distribution with translation, rotation, scaling rotation and translation (SRT)
and affine transformation after the initial rigid registration (virtual slice) stage. Error is plotted on a log

scale along the y-axis. The ** denotes statistically significant improvement with affine transformation.
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7.4.3 Rationale for CT Regqistration

The results presented in this chapter describes utilization of the ‘CT wvirtual slice’ concept
previously described by Wu et al. [44]. The CT virtual slice is obtained from a 3D CT volume by co-
locating the imaging planes corresponding to a 2D clinical US B-mode image used to guide placement of
the ablation antenna into the liver tumor to be ablated. Following computation of the co-located virtual slice
from the 3D CT volume comprised of cross-sectional images or slices through the body, we account for
local deformations present in these due to differences in the respiratory and cardiac phases and local
deformation present with the US transducer. An affine transformation is used for deformable registration
of the co-located CT virtual slice to the B-mode image.

Registration of US to CT images can be directly applied to ablation area delineation results obtained
with electrode displacement elastography for comparative performance analysis in human subjects. Yang
et al. [37] used the contrast and contrast-to-noise ratio to measure the feasibility of EDE for patients with
HCC since no ground truth images were available. These metrics, by definition, require a defined region of
interest (ROI) in and around the ablation region on the image. This variation in the calculation method for
CNR makes it difficult to compare the performance of elastography algorithms across research studies and
consequently imposes limitations on the reproducibility of this evaluation process. The method proposed
in this chapter offers a solution to this problem by obtaining a ground-truth ‘virtual’ CT image, which can
be compared with results from EDE. Comparison between ablation areas and dimensions between EDE and

CECT images can therefore be performed, enabling a comparison to the current clinical gold standard.

7.4.4 Reqgistration Processing Time

As the implementation in this chapter is a proof of concept, the computational requirement currently
is not significant when compared to the time required for the manual selection of the virtual slice and feature
points for registration. Most of the processing time is determined on operator’s experience for selecting the
virtual slice and feature points for registration. To improve registration accuracy, users can select more than

the minimum three points to obtain a least squares solution to the affine transformation. Approximate
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processing time for registration was primarily dictated by manual selection of features used for rigid
registration of the virtual slice at 15 minutes, while the rigid registration and affine transformation steps

take less than 1 minute combined.

7.4.5 Performance Against Other Algorithms

Schlaier et al. [48] on a phantom achieved an overall accuracy of 1.08 mm x 0.61 mm (mean *
standard deviation) for the registration of reflective spheres between US and MR. However, these results
were for a phantom with no motion errors. Wein et al. [10] across 25 patients showed a mean FRE and TRE
of 9.5 mm and 8.1 mm respectively. Hakime et al. [4] using the GE Logiq E9 V-Nav system obtained their
best accuracy of 1.9+1.4 mm with the patient under general anesthesia and both US and CT performed
immediately (no motion artifacts). However, the registration accuracy reduced to 7.05 + 6.95 mm when
some time had elapsed (with motion artifacts) between the two modalities. In addition, the maximum
absolute difference increased by 5.2 mm when no non-anatomical landmark was included in the registration
process. Additionally, Banerjee et al. [15] reported an automated registration error of 3.6 mm using 300
matching points with a mean TRE of 3.9 mm for affine registration and 4.2 mm for rigid registration. For
the patients studied in this chapter, post-ablation CT was performed under general anesthesia after the
ablation procedure with US for antenna placement performed prior to the CT procedure used to verify
antenna position. We obtained a fiducial mean registration error of 1.85 + 2.14 mm (mean * standard
deviation) over 20 independent data sets using a minimum of three fiducials for each registered image pair
(CT and US). This registration error lies between the errors reported in Hakime et al. [4] and compares
favorably with the registration errors reported by Wein et al. [4, 10].

The low registration error was achieved by the two-stage registration process; first utilizing rigid,
non-anatomic landmarks provided by the antenna to co-locate images from the two modalities, thereafter,
incorporating visible anatomic landmarks for affine transformation and final registration. This is visualized

in the merged images where the combined anatomic and non-anatomic landmarks depict the close
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registration of the common image features such as the antenna and liver surface obtaining a target

registration mean error of 3.40 + 3.79 mm (mean + standard deviation) over 20 independent data sets.

7.5 CT Registration Progress and Future Work

This chapter presents a registration method for fusing CT and US images from percutaneous liver
ablation procedures. A virtual slicing technique was used to find and co-locate the slice corresponding to
the US B-mode image plane, followed by affine registration using the antenna and anatomical markers. The
resulting algorithm obtained fiducial and TRE of 1.85 + 2.14 mm (mean + standard deviation) and 3.40
3.79 mm (mean * standard deviation), respectively, over 20 independent data sets and using a minimum of
three fiducials for each registered image pair (CT and US). This work is directly applicable to EDE
performance analysis by providing the gold standard clinical CECT imaging plane for measuring the

accuracy of EDE results.

7.5.1 Limitations of This Work

Manual selection of the anatomical landmarks is a limitation to this approach, and automated
approaches will be pursued in future work. Future work will also, under the assumption that patient
movement is minimal between the pre-ablation and post-ablation CT scans, apply the estimated registration
and affine transformations from the pre-ablation CT volumes to post-ablation CT volumes to visualize the
ablated tumor dimensions in the same plane as the US B-mode for further investigating accuracy of
estimated registration and transformation parameters for post-ablation CECT volumes. Finally, registered
CECT slices will be used as the gold-standard for validating electrode displacement elastography

performance.
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Chapter 8.  Differential Imaging of Liver Tumors Before
and After Microwave Ablation with Electrode

Displacement Elastography

Liver cancer is a leading cause of cancer related deaths, however primary treatments such as
surgical resection and liver transplants may not be viable options for many patients. Minimally invasive
image-guided microwave ablation (MWA) provides a locally effective treatment option for these
patients with an impact comparable to surgery for both cancer specific and overall survival. MWA
efficacy is correlated with accurate image guidance, however conventional modalities such as B-mode
ultrasound and computed tomography (CT) have limitations. Alternatively, ultrasound elastography has
been utilized to demarcate post-ablation zones yet has limitations for pre-ablation visualization due to
variability in strain contrast between cancer types. This study attempts to characterize both pre-ablation
tumors and post-ablation zones using electrode displacement elastography (EDE) for 13 patients with
hepatocellular carcinoma or liver metastasis. Typically, MWA ablation margins of 0.5 — 1.0 cm are
desired, which are strongly correlated with treatment efficacy. Our results demonstrate an average
estimated ablation margin inner quartile range of 0.54 — 1.21 cm with a median value of 0.84 cm. These
treatment margins lie within or above the targeted ablative margin indicating the potential for using
EDE for differentiating index tumors and ablated zones for use during clinical ablations. We also
obtained a high correlation between corresponding segmented cross-sectional areas from contrast-
enhanced computed tomography (CECT), the current clinical gold standard, when compared to EDE

strain images with R? values of 0.97 and 0.98 for pre- and post-ablation regions.

8.1 Introduction to Differential Imaging
Minimally invasive tumor ablation modalities, including MWA, can be used for both curative and
palliative patient treatments [1]. Based on the Barcelona Clinic Liver Cancer guidelines, a single HCC less

than 5 cm in diameter or three HCCs less than 3 cm in diameter should be treated with curative intent using
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ablative techniques as long as there are no extra-hepatic metastasis or portal vein invasion and the patient
does not qualify for surgery [2]. If the patient meets these guidelines, curative intent aims for complete
tumor eradication which is defined as destruction of the tumor plus an ablative margin surrounding the
tumor. While larger tumors can be effectively treated with image-guided ablation procedures, the efficacy
decreases in the setting of larger tumors and in those cases, palliative treatments may be utilized to reduce
tumor burden, control disease progression, reduce pain, or control hormonal symptoms related to metastatic
neuroendocrine tumors [3, 4]. Similarly MWA of liver metastases is typically reserved for patients with
low volume disease, namely those deemed not suitable for surgical resection and those who have failed
other therapies [5]. In curative treatment of liver tumors using MWA, insufficient ablative margins have
been shown as an independent and significant risk factor for local tumor progression [6]. Although various
imaging modalities are available, CT and ultrasound are useful for monitoring the water vaporization, tissue
contraction, coagulation, and desiccation arising from water and ion interactions immediately after the

ablation and on follow-up imaging [2].

8.1.1 Computed Tomography for Ablation Monitoring

Diagnostic CECT or MRI are the primary imaging modalities used for initial diagnosis. Treatment
planning for MWA then utilizes these CECT or MRI data sets similar to surgery for resection [7]. Intra-
operative CT allows precise visualization of the position of MWA antenna and ablation monitoring for
detection of possible complications as well as the vaporization process [1, 4]. More specifically water vapor
on CT appears as a low attenuation area against the background liver parenchyma and can be used to define

the potential ablation zone [8, 9], and also utilized for follow up [10].

8.1.2 Ultrasound for Antenna Placement

Free hand, real-time scanning with ultrasound is especially helpful as antennas often lie outside the
axial plane of other imaging modalities, such as CT, enabling ultrasound to achieve full visualization of the
antenna. Ultrasound contrast agents may also improve the visualization of tumors, their relationship to

antenna placement, and any residual tumor post-ablation [11-13]. During the tissue heating phase of MWA,
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water vaporization disperses from the center of the ablation zone where the backscatter from hyperechoic

bubbles can be seen in B-mode ultrasound to approximate the developing ablation zone [3, 7, 14].

8.1.3  Fusion and Other Advanced Technigues

Image fusion, needle tracking, and robotic tracking are other techniques that may be used for more
accurate visualization of tumors and adjacent structures that are not visible with ultrasound or CT alone
[15-17]. Commonly, image registration and fusion are used for co-localization of an imaging modality with
certain imaging strengths with another imaging modality that has different imaging strengths using
anatomical or non-anatomical landmarks for alignment [18, 19]. Examples of registration include PET to
CT, MRI to ultrasound, and CT to ultrasound [20-22]. However, co-localization requires accurate tracking
and alignment to be useful requiring high computational capabilities [19].

Differential imaging to differentiate pre-ablation tumors and post-ablation ablation zones for use
in verifying ablative margins along with a comparison to the current clinical standard of care is essential to
evaluate the efficacy of microwave ablation procedures. Electrode displacement elastography (EDE),
specifically has demonstrated promise via simulations where higher imaged contrast was obtained when
compared to external compression elastography [23]. Phantom and in-vivo studies confirmed these
simulation findings with contrast-to-noise ratio (CNR) and strain contrast obtained being significantly
higher for EDE due to the local nature of the deformation applied [24-26]. In addition, in vivo animal models
showed a high correlation between EDE strain and pathologic areas of ablated regions [27, 28]. EDE has
recently been performed on human patients after the MWA procedure, verifying its ability to differentiate
ablated regions with improved contrast, CNR, and boundary delineation when compared to B-mode or
acoustic radiation force imaging [29-32]. The goal of this chapter is to demonstrate the ability of EDE for

differential imaging by identifying and comparing pre-ablation tumor and post-ablation boundaries.
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8.2 Methods and Materials

8.2.1 Patient Data Collection Protocol

Radiofrequency data was collected following the same procedure outlined in Chapter 3, subsection
3.2.1. Clinical B-mode images for this study were collected using a different ultrasound system (General
Electric Medical Systems, Waukesha, WI) than the system used to collect RF data used to generate the B-
mode and elastography images (Siemens Inc., Malvern, PA). Additionally, different transducers and image
settings were used for the clinical images based on the operating clinician and sonographer’s preferences.
Segmentation curves shown on strain tensor images were estimated using the EDE strain tensor images and

not obtained from the clinical images.

8.2.2 Electrode Displacement Elastography for Differential Imaging

After RF data collection, the data is imported into MATLAB for processing Within MATLAB,
displacement estimates were calculated using a Multilevel 2-D Normalized Cross-Correlation (MNCC)
method [33] from consecutive RF frames. Displacement estimation was improved with subsample
estimation using 2D sinc-interpolation in the discrete cosine time domain after each displacement level
[34]. Data was then filtered using median filtering of size 1.9 « 1.9 mm and then dictionary representation
with a patch size of 4.0 x 4.0 mm and 80% patch overlap [35]. Physiological motion reduction using
Lagrangian deformation tracking was utilized to ensure repeatability of strain tensor images across several
frames [36]. Of these frames, with sufficient displacement to produce strain tensor images, an observer
manually selected corresponding pre- and post-deformation frames that depict a mass with the largest cross-
sectional area. After filtering displacements, strain tensors were calculated using a 2D Savitzky-Golay
digital differentiator of size 0.2 x 5.0 mm using 0" x 2" order polynomials for lateral and axial directions
respectively [37, 38]. As the estimated axial and lateral strain tensor images often present with large
variance, histogram contrast equalization and bilateral filtering were performed for improved strain tensor
visualization. Histogram equalization utilized Contrast-Limited Adaptive Histogram Equalization

(CLAHE) [39] which creates a contrast transform function for image tiles such that each tile’s histogram
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roughly matches this specified distribution. Additionally, a clip limit can be implemented to reduce noise
amplification in homogenous image locations. For this work, an exponential distribution was utilized with
arate of 0.5 and clip limit of 0.01. After CLAHE, bilateral filtering [40] (Tomasi and Manduchi 1998) was
performed 5 times using spatial kernels of 0.5 mm and range kernels of twice the variance inside the ablation

Zone.

8.2.2.1 Contrast Optimization for Differential Imaging
Despite strain tensor estimation and filtering, visualization may still be limited due to varying

stiffness contrast from patient to patient resulting in different relative strain tensor magnitudes seen from
patient to patient. To achieve more consistent image contrast across patients, an algorithm was developed

to optimize visualized contrast using (43).

r!]in (eST )(el‘sg ) (43)

. 1 . -
s =mi; mln(smax,\s(l, J)‘) (44)
s :Smﬁ .ZB Min (,,.[s (i, 1)) (45)

where ST is the mean normalized strain tensor within the user-defined region of interest (ROI) inside the
inclusion where strain values are limited to s__ , the maximum strain value. In Eq. (2) and (3), i and j are

summation variables, and m and n denote the height and width of the target and background ROlI,

respectively. Similarly, Sg is the mean normalized strain tensor within a user-defined ROI in background

tissue surrounding the inclusion. The ROIs were selected such that the target ROl was around the needle
tip and background ROIls was at the same depth around the target boundary. When the target ROl was
placed near the needle tip, the background ROIs locations were not sensitive to position as long they were
outside of target and at the same depth as the target ROI. The maximum strain tensor value in the image is

defined as the s__ which minimizes Eq. (43), to improve the strain tensor image contrast between the
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inclusion and background tissue. By defining the strain maximum for each image, the perceived image

contrast between tumor or ablation zone and background tissue can be maximized to improve visualization.

8.2.3  Tumor and Ablated Region Segmentation

After optimizing the strain tensor image contrast, segmentation was performed to differentiate pre-
ablation tumors and post ablation zones. To avoid introducing operator bias, segmentation was done semi-
automatically utilizing snakes. To begin, the mass (tumor or ablation) ROI from Eq. (44) was utilized to
initialize the snake, which was iterated until convergence as previously discussed in [36]. Snhake
propagation was determined converged after the segmentation deviation between iterations dropped below
0.1 mm. After snake convergence or 300 iterations, pre and post-segmented regions were compared. Since
depth, translational motion, and the 2D ultrasound imaging plane may differ between pre and post-ablation
data collections, the pre and post image sets may not be co-localized since only 2D imaging planes were
acquired in our study. Therefore, registration was required to accurately compare pre and post segmented

regions.

8.2.4 Reqistration and Ablation Margin Estimation

Registration was initiated by aligning antenna axis found through manual delineation of the MWA
antenna in B-mode frames as shown in Figure 8.1. After antenna alignment, the segmentation centroid, and
other anatomical landmarks such as liver surface and vasculature were selected to align pre- and post-
segmented regions along the antenna axis. However, regions may still be misaligned due to slightly different
transducer placement between the pre- and post-ablation imaging sessions resulting in slightly misaligned
2D ultrasound imaging planes, speed of sound changes, or tissue contraction during heating [41-43]. To
remedy for any remaining misalignment, post ablation segmented regions were translated along the axial
and lateral directions by less than 0.5 mm to maximize overlap of the pre ablation segmentation. Although
more advanced techniques for registration are essential to ensure treatment efficacy, these methods are

beyond the scope of the 2D ultrasound and EDE data acquired for this study.
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Estimated Ablative Margin (EAM)

Now that pre-ablation tumors and post-ablation zones were segmented and registered, estimated

ablative margins (EAMs) were computed. For EAM estimation, the pre-ablation tumor segmentation

boundary was resampled uniformly with 500 points. EAM is defined as the distance between each

uniformly sampled pre-ablation point to the point along the post-ablation segmentation boundary that was

normal to the pre-ablation segmentation as shown in Figure 8.1. This results in a distribution of 500 EAM

values for each patient.

8.2.5 Quantitative Metric Calculation

To quantitatively compare strain tensor images, SNR, contrast, and CNR were calculated using

region-of-interest (ROI) similar to that described in [24]. Definitions for the quantitative metrics of SNR,

contrast, and CNR are shown in Eqgn. (4), (5), and (6),

SNR =T
Oy

S

B

Contrast =

wn

CNR =

(JTZ +a§)

2(5-5,)

(4)

®)

(6)
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where T and B refer to the target and background ROIs respectively, s and O are the mean and standard
deviation of strain tensor magnitudes. In addition to quantitatively comparing images, it is important to
compare Dice-Sorensen coefficient values (DSC) between EDE and clinical standard of care segmentations.

DSC values were estimated using:

_ 2|BEDE N BSCI|

DSC =
|Beoe| +[Bsci|

()

where B is the binary mask of the EDE and SCI (standard of care image) segmentations, respectively.

8.2.6 EDE vs Clinical Standard CECT Segmentation

With segmentations of pre-ablation tumors and post-ablation zones from EDE images, an important
consideration is validation against the current clinical gold standard. To accomplish this, diagnostic MRI
or CECT images used for pre-procedure planning were used to locate and segment pre-ablation tumors and
CECT images taken after the ablation procedure used for segmenting the post-ablation zone. Procedure
planning images were used for pre-ablation tumors as during the procedure intra-operative images collected
using CT typically have the antenna inserted making it difficult to segment the tumor accurately. MRI and
CECT DICOM images were imported into RadiAnt DICOM Viewer (Radiant Version 2020.1, Mexidant,
Poznan, Poland) and a multiplanar reconstruction was performed. Within the multiplanar format, the planes
collected from initial antenna placement were adjusted so that the antenna lies along the intersection
between two planes which are rotated around the antenna until anatomical markers, such as liver surface,
surrounding organs, and vasculature points were aligned with clinical B-mode ultrasound images.
Transformations performed for alignment were then utilized to transform the post-ablation CECT planes to
locate the post-ablation volume and similarly for the pre-ablation tumor. Clinical segmentation was then

performed by a trained medical physicist from the plane aligned with the clinical B-mode image.

8.3 Differential Imaging EDE Results
Demographic data for the 13 patients included in this study are shown in Table 8.1. Patients had an

age range of 57 + 16 (mean % standard deviation) years and a body mass index (BMI) of 30.6 + 6.6.
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Representative in vivo patient images are shown in Figure 8.2 - Figure 8.6, depicting B-mode, CT slices,
and EDE strain tensor images for patients with HCC in Figure 8.2, Figure 8.3, and Figure 8.6 and metastatic
liver cancers in Figure 8.4 and Figure 8.5. The subfigures show the clinical B-mode images for (a) pre-
ablation, (b) post-ablation, complementary CT or MRI planes for (c) pre-ablation, (d) post-ablation, B-
mode images from the frames for which elastographic images were estimated for (e) pre-ablation, (f) post-

ablation, and the axial strain tensor images (g) pre-ablation, and (h) post-ablation.

Table 8.1 — Demographics of the 13 patients included in this study.

Patient Age at Procedure Sex BMI Race Mass Type Procedure
(years) Intent
1 59 Male 26.7 Caucasian Metastasis Curative
2 64 Female 21.1 Caucasian Metastasis Palliative
3 48 Male 28.7 Caucasian HCC Curative
4 55 Male | 27.8 A’?::;'r‘i’ign HCC Palliative
5 67 Male 245 Caucasian HCC Curative
6 51 Male 33.3 Caucasian Metastasis Palliative
7 28 Male 23.0 Caucasian Metastasis Palliative
8 54 Male 28.1 Caucasian HCC Curative
9 58 Male 40.5 Caucasian HCC Palliative
10 28 Female 38.0 Caucasian HCC Palliative
11 80 Male 26.4 Caucasian Metastasis Palliative
12 74 Female 40.0 Caucasian HCC Curative
13 79 Male 39.4 Caucasian Metastasis Palliative

Figure 8.2 represents patient ID 5 from Table 8.1. In Figure 8.2 (a), the ablation antenna can be
seen clearly in the B-mode image, however, the tumor is not visible when compared to background tissue.
Note that in Figure 8.2 (g) for the pre-ablation EDE axial strain tensor image, we obtained SNR, contrast,
CNR and DSC values of 2.68 dB, 11.3 dB, 3.13 dB and 0.84. In addition observe that the axial strain tensor
image shows a delineated tumor along a similar axis as the antenna shown in Figure 8.2 (a). Interestingly,
this strain tensor image presents with two different stiffer regions along the antenna axis shown by the green
arrows in Figure 8.2 (g). The distal region of these two regions was chosen as it enclosed the MWA antenna
tip, which is the active ablation zone shown by the solid green arrow. This region also corresponds to the

true tumor segmentation shown by the blue curve that occurs at a similar depth as the tip of antenna where
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energy was deposited. In Figure 8.2 (b), in the B-mode image we visualize an approximate location of the
ablation zone based on the hyperechogenic region located near the tip of the ablation antenna. Although the
proximal region of the ablation zone provides adequate contrast for delineation, distal region delineation
is difficult due to attenuation of ultrasound signals. On the other hand, Figure 8.2 (h) for the post-ablation
EDE axial strain tensor image presents with SNR, contrast, CNR and DSC values of 4.50 dB, 13.9 dB, 5.08
dB and 0.87 and provides significant contrast around the entire circumference of the ablation zone, enabling
complete ablation zone delineation. Note that the segmentation shown by the red curve fully encompases

the pre-ablation segmentation of the targeted tumor.
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Figure 8.2 - An example of differentiating pre and post ablation regions from a patient with hepatocellular
carcinoma (HCC). Subfigures (a) and (b) show the clinical B-mode images of pre and post ablation
respectively, (c) and (d) show the CT slices complementing the planes shown in (a) and (b), (e) and (f)
show the B-mode images from the frames which elastography images were estimated, while (g) and (h)
show results of EDE with improved lesion visualization. Blue and red curves in (g) and (h) represent the

pre-ablation tumor and post-ablation zone segmentations respectively from strain tensor images.
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The second HCC example, patient ID 12, in Figure 8.3, provides a case where the B-mode contrast
of pre-ablation tumor in Figure 8.3 (a) and post-ablation zone in (b) are low enough that delineation is very
difficult and ablation antenna is not visible. This may be due to liver cirrhosis or the fat layer seen
proximally in both images pointed out by the red arrows. When looking at pre-ablation tumor strain tensor
images in Figure 8.3 (g) we obtain SNR, contrast, CNR and DSC values of 8.02 dB, 8.96 dB, 0.92 dB and
0.80. The distal location of the tumor in the EDE strain image shows higher contrast providing easier
segmentation as shown by green arrows. However proximally, likely due to liver cirrhosis, the pre-ablation
tumor has lower contrast pointed to by the yellow arrows, yet sufficient enough to provide tumor
segmentation as shown by the blue curve. A similar phenomena is seen in Figure 8.3 (h), for the post-
ablation EDE strain image where we obtain SNR, contrast, CNR and DSC values of 4.32 dB, 14.5 dB, 5.75
dB and 0.95. Note that post-ablation the ablation zone shows much higher contrast distally and slightly
lower contrast proximally resulting in the segmentation shown by the red curve. The lower contrast seen
proximally in both strain tensor images, Figure 8.3 (g) and (h), is likely caused by stiffer liver paranchyma
due to cirrhosis thereby reducing the relative stiffness contrast between target tumor/ablation zone and
background tissue. Despite lower proximal contrast, both pre and post ablation regions provided adequate

contrast for segmentation with the post-ablation zone fully encompassing tumor segmentation.
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Figure 8.3 - An example of differentiating pre and post ablation regions from a patient with HCC.
Subfigures (a) and (b) show the clinical B-mode images of pre and post ablation respectively, (c) and (d)
show the CT slices complementing the planes shown in (a) and (b), (e) and (f) show the B-mode images
from the frames which elastography images were estimated, while (g) and (h) show results of EDE with
improved lesion visualization. Blue and red curves in (g) and (h) represent the pre-ablation tumor and post-

ablation zone segmentations respectively from strain tensor images.
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In a similar manner, Figure 8.4 and Figure 8.5 show results from patients presenting with
metastasized tumors in the liver. Figure 8.4 shows patient ID 7 presenting with colon-adenocarcinoma.
Here, the B-mode image in Figure 8.4 (a) clearly shows the MWA antenna along with an approximate
location and size of tumor. Like previous examples signal attenuation reduces distal tumor contrast reducing
accurate delineation of the tumor boundary. On the other hand, for the metastatic tumor in Figure 8.4 (9)
we obtain SNR, contrast, CNR and DSC values of -1.03 dB, 11.06 dB, 3.77 dB and 0.83. We also observe
high contrast delineation around the entire circumference of the tumor in the EDE strain tensor image
providing clear tumor segmentation as shown by the blue curve. Post-ablation B-mode in Figure 8.4 (b), in
a similar manner as Figure 8.4 (a) provides adequate contrast for antenna visualization as well as the ablated
zone. Differing from previous examples, the target tumor seen in Figure 8.4 (g) has some jagged edges
indicated by arrows in the figure. This results in a rough estimation of target tumor, as the jaggedness
reduces ability to provide accurate segmented depiction of the target tumor. However, if the ablated region
encompasses the target tumor, the ablation procedure would be considered a success. Conversely, post-
ablation strain tensor image in Figure 8.4 (h) with SNR, contrast, CNR and DSC values of 5.42 dB, 10.4
dB, 4.28 dB and 0.91 shows a very smooth, high contrast ablation zone versus the surrounding tissue
resulting in segmentation shown by red curve, which encompasses the entire pre-ablation tumor
segmentation. One may note that Figure 8.4 (g) and (h) provide significantly higher contrast between
targeted pre-ablation tumor and post-ablation zone against the surrounding liver parenchyma as opposed to
axial strain tensor images shown in Figure 8.2 and Figure 8.3, (g) and (h). This is likely attributed to the
patient in Figure 8.4not presenting with liver cirrhosis and a tumor metastasized from the colon embedded
in normal liver parenchyma. As the colon metastasis provides higher stiffness than normal liver

parenchyma, this results in higher strain tensor contrast seen in Figure 8.4.
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Figure 8.4 - An example of differentiating pre and post ablation regions from a patient with colon-
adenocarcinoma. Subfigures (a) and (b) show clinical B-mode images of pre and post ablation respectively,
(c) and (d) show the CT slices complementing the planes shown in (a) and (b), (e) and (f) show the B-mode
images from the frames which elastography images were estimated, while (g) and (h) show results of EDE
with improved lesion visualization. Blue and red curves in (g) and (h) represent the pre-ablation tumor and

post-ablation zone segmentations respectively from strain tensor images.
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Figure 8.5 shows patient ID 1, a metastasis patient presenting with a carcinoid tumor. Note that in
the pre-ablation B-mode image in Figure 8.5 (a), it is difficult to visualize not only important features such
as antenna or tumor, but also the proximal liver surface, hence segmenting the pre-ablation tumor from B-
mode images would be extremely difficult. On the other hand, observe that in Figure 8.5 (g) with SNR,
contrast, CNR and DSC values of 7.62 dB, 10.6 dB, 6.10 dB and 0.83, the pre-ablation strain tensor image
provides high contrast at the boundary of tumor allowing for complete segmentation of the tumor shown
by blue curve. Like the pre-ablation B-mode, observe that in Figure 8.5 (b), the post-ablation B-mode shows
a visualized antenna with an approximate ablation zone represented proximally by gas bubble formation.
As seen in previous images, these bubbles cause significant attenuation of the ultrasound signal causing
distal portion of ablation zone to be lost in the noise floor of the B-mode image. The post-ablation axial
strain tensor image in Figure 8.5 (h) with SNR, contrast, CNR and DSC values of 6.41 dB, 14.6 dB, 6.44
dB and 0.91 depicts an ablation zone with high contrast in a similar location seen from bubble formation in
Figure 8.5 (b). Although located in similar location, Figure 8.5 (h) shows a slightly larger region than seen
in (b) with the ablation zone segmented by the red curve. This post-ablation segmentation again fully

encompasses pre-ablation segmented tumor.
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Figure 8.5 - An example of differentiating pre and post ablation regions from a patient with a carcinoid
tumor. Subfigures (a) and (b) show the clinical B-mode images of pre and post ablation respectively, (c)
and (d) show the CT slices complementing the planes shown in (a) and (b), (€) and (f) show the B-mode
images from the frames which elastography images were estimated, while (g) and (h) show results of EDE
with improved lesion visualization. Blue and red curves in (g) and (h) represent the pre-ablation tumor and

post-ablation zone segmentations respectively from strain tensor images.
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In addition to the use of CECT imaging for pre-procedural planning, MRI is also used. An example
of using MRI for pre-procedural planning is shown for patient ID 8 with HCC in Figure 8.6, where (a) and
(b) show the pre- and post- ablation clinical B-mode ultrasound, (c) shows the pre-procedural planning MRI
images taken 2-3 months prior to the procedure, (d) shows the post-ablation CECT image, (e) and (f) show
the B-mode from the frame that EDE strain was estimated with the strain tensors overlaid in color, and (g)
and (h) show the pre- and post-ablation elastographic images. Figure 8.6 (g) presents with SNR, contrast,
CNR and DSC values of 10.1 dB, 12.1 dB, 5.73 dB and 0.88 and Figure 8.6 (h) presents with SNR, contrast,
CNR and DSC values of 7.70 dB, 9.76 dB, 4.70 dB and 0.87. It is important to note the difference in location
of the tumor from the pre-procedural planning scan in (c) when compared to post-ablation image in (d)
likely due to differing patient position during the scan and movement of organs over the duration between

each of these scans.
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Figure 8.6 — An example of differentiating pre and post ablation regions from a patient with HCC.
Subfigures (a) and (b) show the clinical B-mode images of pre and post ablation respectively, (c) shows the
pre-procedural MR image of the target tumor and (d) shows the CT slice complementing the planes shown
in (a) and (b), (e) and (f) show the B-mode images from the frames which elastography images were
estimated, while (g) and (h) show results of EDE with improved lesion visualization. Blue and red curves
in (g) and (h) represent the pre-ablation tumor and post-ablation zone segmentations respectively from

strain tensor images.
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Table 8.2 - Distribution of EAMs, Dice coefficients, and percentage of pre-ablation tumor
segmentation inside of post-ablation zone segmentation for 13 patients with hepatocellular carcinoma or
liver metastases. *Figures 8.2 — 8.5, 8.8, and 8.9 are represented in Table 8.1 as Patients 5, 12, 7, 1, 8 and

13, respectively.

Estimated Ablative Margin (cm) Pre-Tumor Inside
Patient | Minimum | 25th% | Median | Mean | 75th% | Maximum Post-Ablation
1 0.61 0.82 1.08 1.20 1.45 2.20 100%
2 0.05 1.02 1.26 1.20 1.44 2.11 100%
3 0.04 0.42 0.83 0.88 1.13 2.25 100%
4 0.09 0.56 1.29 1.38 2.31 2.75 100%
5 0.35 0.79 1.07 1.01 1.19 1.67 100%
6 0.10 0.45 0.62 0.78 1.10 1.72 100%
7 0.23 0.55 0.63 0.59 0.67 0.84 100%
8 0.18 0.49 0.78 0.71 0.97 1.08 100%
9 0.06 0.26 0.50 0.55 0.83 1.20 100%
10 0.35 0.52 0.71 0.86 1.15 1.47 100%
11 0.13 0.43 0.76 0.91 1.44 1.90 100%
12 0.00 0.33 0.91 0.82 1.28 1.51 100%
13 0.01 0.33 0.49 0.52 0.71 1.09 100%
Average 0.17 0.54 0.84 0.88 1.21 1.68 100%

EAM distributions for each of the 13 patients are represented as boxplots as shown in Figure 8.7,
with median value represented by central line and notch within each box, the box top and bottom edges
representing data at the 25™ and 75" percentile, while dashed lines represent outer quartiles of the
distribution. In the EAM distributions, HCC data sets were colored blue while metastatic datasets are shown
in red with target EAM region highlighted in green and statistical values from boxplot shown in Table 8.2.
EAM values plotted in Figure 8.7 indicate that all patients had positive EAM values indicating that
segmentations of the ablated regions were outside or encompassed pre-ablation tumor segmentations apart
from patients 12 and 13 where tumor segmentations aligned with ablation zone segmentations at the

extreme boundary of the distribution.
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Figure 8.7 — Distributions of EAMs for 13 patients with hepatocellular carcinoma or liver metastases shown

in blue or red, respectively.

Of the patients in this study, 12 of the 13 had CECT or MRI images that were utilized for
comparison against EDE strain images with the results shown in Figure 8.8 where Figure 8.8 (a) represents
pre-ablation tumor segmentations and Figure 8.8 (b) represents post-ablation zones. Results showed a high
correlation between segmented sizes of the current clinical standard to EDE images with an R? values of

0.97 and 0.98 for pre- and post-ablation, respectively.
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Figure 8.8 — Comparison of EDE segmented areas against the clinical segmented areas from respective MR

or CT images. (a) represents pre-ablation tumors and (b) represents the post-ablation zones where the red

asterisks show data points and dashed line represents the 45° correlation line.

Quantitative analysis to evaluate the overall quality of the strain images including the SNR,

contrast, and CNR is shown in Table 8.2. Median values for SNR, Contrast, and CNR of 7.62 dB, 11.0 dB,

and 3.84 dB for pre-ablation while post-ablation resulted in 5.42 dB, 12.2 dB, and 4.73 dB, respectively.

Another important quantitative measure was the Dice-Sorensen coefficient (DSC) between the EDE and

clinical standard of care segmentations shown in Table 3. DSC with a median value of 0.81 for pre-ablation

tumor segmentations and 0.89 for post-ablation validate the correlation between EDE and clinical standard

of care images.

Table 8.3 — Patient follow-up detailing local tumor progression, new tumor foci formation, and

approximate time to recurrence in addition to current survival.

Liver Tumor Recurrence

Survival After Procedure

Patient

Local Tumor
Progression

New Tumor
Foci

Months Post
Surgery

Months Post

Deceased Cause

Surgery
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1 No No 45 No N/A 76
2 No Yes 43 Yes Metastasis 62
3 No No 13 No N/A 75
4 No Yes 23 Yes Metastasis 64
5 No No N/A* Yes Other Health 29
Complications
6 No Yes 24 Yes Metastasis 35
7 No Yes 27 Yes Metastasis 40
8 No No 51 No N/A 60
9 No No 9 No N/A 58
10 No No 11 No N/A 41
11 No No N/A+ Yes Other Health 6
Complications
12 No No 10 Yes Oliney [rIElihn 13
Complications
13 No No N/AL Yes Other Health 8
Complications

* Patient follow-up imaging was not performed at routine 1-3 month interval. No recurrence was seen 1

year after procedure.

+ Patient follow-up imaging was not performed at routine 1-3 month interval as patient moved out of state
and medical records were not available. Patient died from other medical complications not related to

tumor treated.

1 Patient follow-up imaging was not performed at routine 1-3 month interval to verify procedure efficacy

due to patient comorbidities.




276

8.4 Discussion of EDE Differential Imaging

To completely assess elastographic imaging, patient follow-up is presented to correlate EAM
values and technical success of the MWA procedure. Table 8.3 presents clinical follow-up information for
the 13 patients included in this study. Of these patients, no local tumor progression was seen with follow-
up imaging resulting in a 100% technique success and efficacy, which is also corroborated by the
elastographic imaging results. Despite no local tumor progression, 31% of patients did present with new
tumor foci in the liver at 26 + 9 (median * standard deviation) months after treatment arising from
metastases from primary tumors. Following the procedure, patient survival rate was 39% with median
survival of 41 + 24 months, however, none of the patient’s survival was negatively affected by the
procedure. For the deceased patients, 50% were due to new liver tumor metastases and the other 50% was
related to other co-morbidities. Surviving patients have remained liver tumor recurrence free for 60 + 13

months.

8.4.1 Visualization Differences Between Pre- and Post-Ablation EDE

We present visualization of the target tumor pre ablation and ablated tumor post ablation in this
chapter. Note that post ablation axial strain tensor images in Figure 8.2 - Figure 8.6 (f) demonstrate high
contrast between the ablation zone and surrounding background liver tissue resulting in excellent
visualization of the ablated region and boundary delineation regardless of malignancy type. This improved
visualization is due to the high stiffness contrast between the ablation zone and surrounding liver tissue as
tissue stiffness increases significantly in response to ablation or temperature elevation [44-46]. On the
contrary, pre-ablation tumors do not always present with the high tissue stiffness contrast. This is
particularly evident when comparing Figure 8.2 - Figure 8.6 (g), particularly Figure 8.2, Figure 8.4, and
Figure 8.5 (g) where visualization contrast is significantly higher than that in Figure 8.3 (g). This is because
most metastatic tumors are typically stiffer than normal liver providing sufficient stiffness contrast to
visualize delineation via elastography. On the other hand, Figure 8.3 (g) shows lower visualized contrast

likely seen as HCC is often present in liver with increased stiffness due to cirrhosis as compared to normal
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liver stiffness [47-49] resulting in lower stiffness contrast between tumor and surrounding tissue. This
finding shows that although differentiation is possible for all liver mass types, improved visualization
success is more likely with metastatic tumors with an average median EAM of 0.81 ¢cm as opposed to HCC
patients with an average median EAM of 0.87 c¢cm, especially those presenting with significant cirrhosis.
Although improved visualization is more likely with metastatic patients, this work shows 100% success for
visualizing all liver mass types. Despite significant filtering performed on patient data, all approaches used
maintained boundary information while smoothing high variance regions. Preservation of EDE ablation
dimensions were verified by comparison to the clinical standard of care image areas with R values of 0.97
and 0.98 for pre- and post-ablation, respectively.

Visualization of the ablation zone relative to pre-ablation tumor segmentation is important for
clinical feedback, therefore EAMSs are important as they correlate with successful ablation and reduced
tumor recurrence. Box plots in Figure 8.7 show that all patients had a median EAM value within the target
EAM, i.e., EAM values suggest accurate ablative margins. Additionally, all patients except patients 9, 12,
and 13 also provided 25" percentile EAM value within target EAM demonstrating the consistency of
ablation around the entire tumor. However, we do note that all patients except patient 1 showed outliers
with positive EAM values that did lie outside the targeted region. Although this may suggest inadequate
ablation, more likely culprits are locations where registration of pre and post segmentation could be
inaccurate. Despite this possibility, average EAM values of inner guantiles and median values shown in
Table 8.2 represent a more general indication of successful ablation margins for patients in this study.

In addition to visualization, quantitative EAM results with lower values may be due to possible
registration errors due to physiological motion, misalignment of the 2D B-mode imaging planes, and local
speed of sound changes with temperature. Other factors that influence strain tensor imaging of post-ablation
zones include tissue contraction and desiccation due to ablation. Most notably, increased speed of sound in
ablated tissue results in faster echo signal arrival at a given depth thereby creating the illusion that the
heated tissue is shallower than the corresponding CECT images. Other than speed of sound variations, water

vapor formation and tissue contraction also occur due to the high ablation temperatures [40,50]. Due to this
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contraction, post ablation imaging may underestimate the true volume of tissue destruction by up to 50%,
additionally affecting differentiability with EDE [42,43].

Pre-Ablation Post-Ablation

Research
Ultrasound
Depth (cm)

4 \'/' #

Wldth (cm)

Research
Elastography
Depth (cm)

Width (cm) . Width (cm)
Figure 8.9 - An example of differentiating pre and post ablation regions from a patient with a squamous
lung tumor metastasized in the liver. Subfigures (a) and (b) show the B-mode images for pre and post
ablation respectively, while (c) and (d) show axial strain tensor imaging results of electrode displacement

elastography with improved lesion visualization.

Additionally, low EAM values may also be due to segmentations including portions of background
tissue that are not the target of the ablation procedure. This aspect is clearly exemplified by the patient
images shown in Figure 8.9, where the patient presented with squamous lung cancer metastasized to the
liver. This example is one of the cases where the ablation antenna can be seen clearly in both Figure 8.9
(a), pre-ablation B-mode, and (b), post-ablation B-mode. On top of clear antenna visualization, there is
sufficient contrast enabling tumor delineation in the B-mode image itself, Figure 8.9 (a), and similarly the

ablation zone can be delineated from the B-mode image in Figure 8.9 (b). Observe from the pre-ablation
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strain tensor image in Figure 8.9 (c), the tumor is clearly delineated and segmented by the blue curve
resembling the depiction seen in Figure 8.9 (a) on the B-mode image. Interestingly, the tumor alone does
not appear in strain tensor image, but also a portion of tissue surrounding the antenna near the left proximal
tumor boundary shown by the green arrow. This is possibly due to freezing the antenna to tissue with a
nonlethal ice ball commonly used to reduce probe migration or compression of tissues adjacent to the
antenna. This results in segmentation including a portion of tissue that may not necessarily represent the
targeted tumor. A very similar phenomenon is seen post-ablation in Figure 8.9 (d) where the ablation zone
can be delineated due to high boundary contrast, but a portion of the tissue surrounding antenna is also
delineated. This results in a post-ablation segmentation shown in red curve that fully encompasses pre-
ablation tumor segmentation but aligns where segmentation follows the antenna. Although low EAM values
may suggest improper ablation, one may infer from B-mode and corresponding strain tensor images in this
example that the portion of segmentation with low EAM values is in fact not part of targeted tumor, but
instead tissue adjacent to the antenna. Despite this observation, comparison against current clinical standard
of care images show that EDE segmented areas correlated well with these images. Future work will utilize
registered CT ‘virtual slices’ to look more closely into locations with low EAM values [19] and compare
our displacement tracking algorithms with other ablation monitoring techniques [51] and their fit for EDE
for validating estimation efficacy. Additionally, three-dimensional (3D) ultrasound imaging may
significantly mitigate the registration issues between pre- and post-ablation ultrasound and EDE data sets
resulting in more consistent EAM values. This chapter demonstrates the differential imaging capability of
EDE to differentiate pre-ablation tumors and post-ablation ablation zones for use in verifying ablative
margins along with a comparison to the current clinical standard of care. Although important to compare
against other liver cancer treatments, in this chapter in-vivo differential imaging was demonstrated on a
small number of patients to validate EDE as a pilot study. For assessment of the efficacy of EDE as a
diagnostic methodology for MWA efficacy, future work will perform a significantly larger number of

patient studies.
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8.5 EDE Conclusions on Differential Imaging

For the 13 patients in this study, electrode, or antenna displacement elastography was successful in
delineating pre-ablation index tumors and post-ablation ablation zones for the purposes of differentiating
tumors and respective ablation zones for validating ablative margins. Future work using 3D ultrasound and
elastographic data sets are necessary along with accurate registration of the pre-ablation tumor with the
ablation zone to verify that the margins obtained are consistent around the entire circumference of the
malignant tumor. Registration with corresponding CECT images to verify size and location of images
presented using EDE is also essential. Despite these remaining challenges, EDE not only successfully
demarcates the ablation zone, but also pre-ablation tumor for clinical visualization in patients, thereby

moving us closer to the application of this technology in the ablation suite.
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Chapter 9:  Research Contributions & Future Work

9.1 Contributions of this Research

We have previously demonstrated that using the microwave antennae for introducing quasi-static
deformation required for elastography, subsequently named Electrode Displacement Elastography (EDE)
[1], allows for imaging at all tumor depths when compared to either acoustic radiation force impulse (ARFI)
[2] , shear wave elastography imaging (SWEI) [3, 4], or external compression [5]. EDE has also
demonstrated high contrast and contrast-to-noise ratios (CNR) for strain imaging in phantoms [6-8], animal
models [9, 10], and human patients [2, 11]. The work in this dissertation improves the efficacy of EDE for
depicting ablated regions by accomplishing the results discussed below.

The work performed in this dissertation takes the previously completed work with EDE and
translates it for use in a clinical setting. This was completed in multiple stages illustrated by each Specific
Aim. First, common methods for performing displacement estimation were compared in Chapter 3 to
illustrate the benefits and pitfalls for EDE resulting in the Multilevel approach being chosen for EDE due
to high success rates and improved CNR. Chapter 4 demonstrated the benefits of dictionary representation
for denoising displacement estimates and comparing various dictionary representation approaches. Our
results demonstrated that using a combined dictionary representation improves CNR for strain tensor
visualization. Following dictionary denoising, Lagrangian tracking from Chapter 5 showed that tracking
lesions over time allows for consistent strain tensor visualization as opposed to conventional Eulerian
tracking. In addition, Lagrangian tracking provided cross-sectional areas closer to the CECT segmentations
than the Eulerian approach. Chapter 6 next utilized strain tensor images and derived a fully automatic
segmentation approach, which provides robust segmentation of ablated regions for feedback of ablation
size and location. Chapter 7 takes a step away from ultrasound and develops a manual deformable
registration model for showing the virtual CT slice corresponding to clinical ultrasound images which offers
benefits to validating EDE performance. Finally, Chapter 8 combines contributions from the previous

chapters demonstrating EDE’s ability to determine pre- and post-ablation cross sectional areas for
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estimating ablative margins, an essential measure of microwave ablation efficacy. EDE results were then

compared to cross-sectional areas from clinical standard of care CECT images validating EDE’s imaging

performance as well as correlating local tumor progression with estimated ablative margins. As a result, the

work in this dissertation will advance EDE to bridge the gap to possibly eventual clinical utilization.

9.2

Future Work

There are several avenues for future work in this research area that are listed below.

1.

The results presented in this dissertation are primarily preliminary assessments of EDE feasibility in
patients. Future work will correlate strain tensor mass dimensions with a larger set of registered CECT
mass dimensions and positions. Regularization methods to improve the mean and standard deviations
of ablated regions estimated with the Multilevel method need to be performed.

Dictionary learning using different size patches for reconstruction instead of singular 1 mm size patches
used in this dissertation must be explored.

Lagrangian tracking would benefit from extension to three-dimensional ultrasound data sets when they
become available. Three-dimensional tracking will enable more accurate lesion tracking over time and
provide the ability to obtain volumetric information critical to ascertaining the success of the ablation
procedure.

Automatic segmentation approaches utilizing machine learning is a topic with a lot of attention in the
scientific community, hence comparing our approach to modern machine learning segmentation
approaches may be beneficial. Like dictionary representation, improvements in computational
efficiency will further improve utility for clinical application. Future work may also incorporate B-
mode data as a means of improving accuracy.

Registration and fusion of CECT to EDE must be performed in an automated or semi-automated
manner and on a larger number of data sets to demonstrate the accuracy and precision of EDE for use

in a clinical setting.
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6. As mentioned previously differential imaging must be performed on a larger group of patients to
demonstrate the efficacy of EDE for evaluating both pre-ablation tumor imaging and post-ablation
margin assessments. Utilization of automated and accurate registration and fusion will enable
guantitative metric comparison between EDE and CECT segmentations, namely improved Dice

coefficient calculation, centroid difference estimation, and boundary distance comparisons.
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