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Abstract

Metastases are the most common malignancies in the liver, affecting 25% - 50%
of patients with non-hematological cancers. They are formed by angiogenesis driven
by the tumor, leading to an irregular and disorganized vascular network.

In this context, contrast-enhanced ultrasound (CEUS) is a useful imaging method
that allows the visualization of the microvasculature in real time. Contrast agents
administrated intravenously enhance lesional detection and characterization of
the vascular pattern. Metastatic liver lesions on sequences obtained from CEUS
are usually hypoechoic and present rim enhancement. CEUS data are typically
analysed through qualitative and semi-quantitative approaches. Time-intensity
curve (TICs) analysis can be used to provide semi-quantitative parameters such
as peak and mean transit times, commonly used for lesion characterization and
treatment monitoring. However, enhancement spatial heterogeneity is still mainly
assessed visually, making it subjective and operator-dependent.

To address this limitation, this work investigates contrast-ultrasound dispersion
imaging (CUDI) as a quantitative framework for spatial characterization of enhance-
ment heterogeneity. Pixel-wise TICs are modeled using a convective dispersion
model that describes the contrast dynamics, while local spatiotemporal behavior is
evaluated by comparing each pixel with its neighborhood in time and frequency.
Spatial similarity metrics, such as coherence and correlation, are inversely related
to dispersion, and they are a surrogate of vascular organization and angiogenic
activity. While previously applied to other cancer types, this framework has not
yet been employed in liver metastases and may enable a detailed characterization
of lesion microvasculature, supporting personalized treatment strategies.

One of the most important requirement for this analysis is that the levels of
intensity in the pixels must be consistent across time. However, in liver imaging, this
is usually affected by motion. Therefore, motion correction (MC) was performed
to guarantee reliable temporal alignment of CEUS sequences before CUDI analysis.
The parameters of motion correction and CUDI-derived parameters were then
statistically analyzed using the Wilcoxon signed-rank test.

This study included multiple CEUS sequences from 11 patients with colorec-
tal liver metastases acquired at UMC Utrecht. No MC strategies were applied
during data acquisition. Postprocessing MC approaches were explored and the
best-performing in terms of similarity metrics was integrated prior to the CUDI
analysis. The final MC pipeline consisted of a breath-wise two-tier rigid registration
followed by a deformable registration improving image alignment, with increases
in normalized cross-correlation (0.64—0.76), mutual information (0.43—0.69) and
structural similarity (0.36—0.48) (p < 0.001).



To study spatial variations in perfusion and structure, extracted CUDI param-
eters were evaluated using a radial analysis centered on the tumor. Statistically
significant differences were observed between outer, inner and core regions. Or-
thogonal coherence discriminated across all regions (p < 0.01), while peak time
and mean transit time were significantly different between outer and tumoral areas
(p < 0.05). The results showed increased vascular activity on the rim and distinct
dynamics in the core, consistent with spatial heterogeneity.

In conclusion, motion corrected CUDI-derived parameters enable a quantitative
and region-specific assessment of CEUS in liver metastases, supporting a more
robust and less operator-dependent interpretation of CEUS imaging and a more
personalized evaluation of tumor microperfusion.
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Chapter 1

Introduction

1.1 Problem statement

[rregular microvascular networks often develop during tumor angiogenesis, which
may include increased tortuosity, structural disorganization and heterogeneity.
These vascular abnormalities affect the perfusion of tissues and may influence the
transport and distribution of therapeutic agents within the tumor. For this reason,
quantification of tumor vascularity has become very important to understand
treatment response and patient outcome, in addition to the evaluation of liver
lesions.

Techniques that can image these vascular characteristics play an important role
in the characterization of liver lesions. Of these, contrast enhanced ultrasound
(CEUS) is a useful technique that allows real-time imaging of blood flow on both
macro and microvasculature. After the injection of an ultrasound contrast agent
(UCA), the movement of the microbubbles through the blood can be continually
observed, providing information on the blood flow patterns within the tissues.

Currently, CEUS is mainly used for the detection and characterization of lesions.
The enhancement pattern, however, during CEUS may also provide quantitative
data of the microvascular architecture. Spatial heterogeneity of contrast enhance-
ment could reflect regional variations in vascular density, tortuosity of the vessels,
efficiency of vessel perfusion, and potentially drug delivery in the lesion.

While these enhancement patterns are usually evaluated qualitatively in clinical
practice, resulting in subjective and operator-dependent methods, quantitative
methods are required to objectively characterize their spatial heterogeneity. Such
approaches may provide imaging biomarkers capable of describing tumor vascu-
lar architecture in a reproducible manner and may ultimately contribute to the
investigation of relationships between vascular heterogeneity, therapeutic drug
distribution, treatment response and clinical outcome.
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1.2 Research questions

In this context, the overall aim of this thesis is to investigate whether contrast-
enhanced ultrasound (CEUS) and Contrast Ultrasound Dispersion Imaging (CUDI)
can be used to provide a quantitative characterization of the microvascular hetero-
geneity of liver metastases.

To achieve this objective, several research questions are addressed. Firstly, this
thesis investigates how respiratory and probe-induced motion can be compensated
to enable reliable extraction of time-intensity curves (TICs) and quantitative CEUS
parameters. Secondly, the usefulness of CUDI in clinical CEUS examinations of
liver metastases is investigated. Special emphasis is given to the identification of
whether these parameters derived from the perfusion and spatiotemporal similarity
metrics, such as temporal correlation, spectral coherence and mutual information,
can provide meaningful information on the vascular architecture and the local
contrast transport dynamics inside the lesion. Lastly, the study examines if a radial
analysis framework can uncover regional variations in vascular heterogeneity.

Finally, the goal of this work is to provide objective and reproducible quantitative
characterization of this vascular heterogeneity of liver metastases, as a basis for
future studies that could examine the correlation between vascular heterogeneity
and drug concentration, to monitor response to treatment and clinical outcome.

1.3 Technical and clinical background

1.3.1 Basis on ultrasound imaging modalities

Ultrasound (US) plays an important role in medical diagnosis. Initially limited
to simple measurements of anatomical dimensions, US imaging has progressively
evolved, enabling many different applications such as fetal abnormalities screening,
blood flow assessment, and the evaluation of tissue texture and characteristics [1].
Ultrasound refers to high-frequency acoustic waves that can propagate through
human tissues. The propagation of these waves in biological tissues is commonly
described by their relationship between frequency f, wavelength A, and propagation
speed c:

c=fA (1.1)

where c¢ is the speed of sound in the medium, which depends on its mechanical
properties. When US waves interact with tissue interfaces, they are partially
reflected and scattered back toward their source, creating diagnostic images of organs
and structures within the body [2]. Figure 1.1 provides a simplified illustration of
the principles of ultrasound wave emission and reflection.

2
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Figure 1.1: Simple scheme of US emission and reflection.

Several US imaging modalities exist. The most used is the brightness mode
(B-mode) imaging, which provides a two-dimensional representation of tissues and
organs. In B-mode imaging, the brightness of each pixel is proportional to the
amplitude of the received echo originating from a certain spatial location. To
acquire a B-mode image, a source of US waves is necessary.

For this purpose, a transducer is located on the patient’s skin and it emits short
US pulses into the body. After penetrating the body tissues, the signals generate
echo signals once they come across interfaces of different acoustic impedance. These
echoes are detected and processed to form the final B-mode image [1].

Based on the type of transducer, reported in Figure 1.2, image geometry can vary.
Linear transducers produce rectangular images with parallel scanlines. Convex
probes produce sector shaped images with diverging scanlines. Phased transduc-
ers also produce sector images, but this type of transducer is typically used for
applications requiring a smaller acoustic window.

In addition to image geometry, intrinsic features of US images need to be
considered. One critical aspect of US imaging is the presence of a characteristic
granular appearence known as speckle. This phenomenon is not merely random
noise, but rather the physical result of constructive and destructive interference
among echoes backscattered by tissue structures that are smaller than the system
resolution limits. The spatial characteristics of speckle are related to the imaging
system resolution and beam geometry. In particular, when convex probes are used,
the radial divergence of the scanlines causes a progressive degradation of lateral
resolution with increasing depth, while axial resolution remains comparatively
stable. This imbalance results in a spatially anisotropic pattern: at greater depths,
speckle grains appear laterally elongated, introducing a depth-dependent variability

3
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Figure 1.2: Different types of US probes.

across the image.

An alternative to standard B-mode imaging is contrast-enhanced ultrasound
(CEUS), on which this project focuses. A schematic picture on CEUS imaging is
illustrated in Figure 1.3.
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Figure 1.3: Simple scheme of how CEUS imaging modality works.

CEUS uses microbubbles as ultrasound contrast agents (UCAs) to enhance
vascular imaging and allow real-time visualization of blood flow and microvascular
perfusion. By analysing wash-in and wash-out dynamics of the microbubbles, CEUS

4
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allows the assessment of tissue perfusion characteristics. The principle of CEUS lies
in the similar echogenicity of blood and surrounding soft tissues in conventional US
imaging; by intravenously administrate microbubbles, acoustic scattering within
the vascular compartment increases, enhancing image contrast without exposing
patients to ionizing radiation or toxic agents [3].

Figure 1.4 shows an example of a CEUS and a B-mode acquisition, from one of
the patients whom sequences were analysed in this study. As shown, the two images

EPIQ 76
Abd Gen . 16-ME30-0024M10.08 )L o7
: MIO.74 F

7

ST: ©.00 mm

US

JPEGBaseline

Images:|670/1064 s bpm
Series: a WL: 128 WW: 256

Figure 1.4: Example of a CEUS (on the left) and a B-mode (on the right)
acquisitions from RASTRIC dataset.

provide complementary information. CEUS sequences highlight the presence of
microbubbles in the vascular system, resulting in increased signal intensity and
allowing the visualization of blood flow dynamics. In this way, CEUS enables the
functional evaluation of tissue perfusion. In contrast, B-mode images provide the
display of different tissues in grayscale according to their echogenicity, giving a
structural representation of the organ that is useful to assess anatomical features
and morphology.

Another important aspect of US imaging involves the interpretation of displayed
gray levels. In clinical US systems, these pixel values do not directly correspond to
the raw backscattered acoustic intensity. Instead, the received signal is processed
in several steps, including amplification and logarithmic compression, to map the
vast dynamic range of acoustic echoes into a limited grayscale range suitable for
visualization. As a result, the relation between the displayed gray level and the
acoustic intensity is nonlinear and it depends on the system, possibly affecting

5
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quantitative intensity-based image analysis.

This is especially important to consider in the context of quantitative analysis in
CEUS. The measured signal in applications like TIC analysis and CUDI is typically
viewed as an indirect indicator of the concentration of the UCA. However, the
relationship between the true acoustic response of the microbubbles and the resulting
image intensity can be distorted using nonlinear signal processing. Therefore, it is
important to linearize the UCA concentration and intensity relationship in order to
allow quantitative assessments to be performed with the same physical consistency
and reliability.

1.3.2 Liver anatomy

The liver is the biggest solid organ and largest gland in the human body. It is
located in the superior right quadrant of the abdomen, beneath the diaphragm
and to the right side of the stomach, and it is partially protected by the rib cage
[4]. Anatomically, the liver is divided into two main lobes, known as right and left
lobe. Functionally, however, this organ can be described as a collection of eight
independent segments, each characterized by its own vascular inflow, outflow and
biliary drainage [4].

On the cellular scale, the liver consists of a network of blood vessels and
hepatocytes (liver cells) that form layers around a central vein. Blood flows
through the sinusoids from the portal regions towards the central veins, resulting in
gradients of oxygen, nutrients and metabolites in the liver. These gradients result
in region-specific functional roles, a process called metabolic zonation [5][6]. In
addition to hepatocytes, the liver is composed of other cells that are also associated
with the liver and contribute to its vascular function, which may this affect the
contrast dynamics in the liver tissue.

The liver is involved in several vital functions, including metabolism, detoxifica-
tion, synthesis, storage and immunity [7]. The functional importance of this organ
is closely related to the characteristics of its vascular system: the liver receives
blood from two distinct sources, the portal vein and the hepatic artery. Its complex
vascular system is shown in Figure 1.5. The portal vein carries about 70-75%
of the liver blood volume, with blood that is rich in nutrients, coming from the
gastrointestinal tract. The hepatic artery, on the other hand, provides oxygenated
blood, accounting for the remaining 25-30% of the total blood supply. These two
inflows converge within small vessels, known as sinusoids, where the interaction
processes between the blood and hepatocytes occur [4][5].

Therefore, the correlation between the vascular system and the cellular structure
of the liver plays an important role in the behavior of the organ and directly impacts
the blood flow and contrast agent dynamics [6].

6
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Figure 1.5: Liver and its dual blood supply. From [7].

1.3.3 Liver metastases

A tumor represents a localized tissue overgrowth characterized by uncontrolled
expansion and invasive and aggressive behavior. Liver metastases are a hallmark
of the aggressive dissemination of numerous extrahepatic cancers and represent
the most common malignant lesions of the liver, with an incidence nearly 40-fold
higher than primary liver tumors [8]. Indeed, between 25% and 50% of patients
with non hematological malignancies develop liver metastases when diagnosed [9],
making them a leading cause of cancer related mortality [8].

Metastatic progression reflects the ability of tumor cells to overcome multiple
host dependent constraints, including stromal remodeling, vascular and neural
infiltration, immune evasion at the primary site, and immune reprogramming at
metastatic locations [8]. The high frequency of liver metastases is further explained
by the liver’s susceptibility to secondary colonization [8], as metastases can originate
from a wide range of primary tumor sites [9]. The most common ones are:

e Breast cancer

« Lung cancer

o Genitourinary system cancers

o Gastrointestinal tract carcinomas
e Melanomas

e Sarcomas
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In particular, colorectal carcinoma (CRC) represents the most common primary
source of liver metastases. At the time of diagnosis, approximately 15-25% of
patients with CRC already present with metastatic involvement of the liver [9].

In clinical settings, the time interval between the diagnosis of a primary ma-
lignancy and the detection of liver metastases differs markedly depending on the
tumor type. In addition, hepatic metastases themselves differ in their dissemination
pathways, intrahepatic growth patterns and the extent of liver injury they cause.
Despite these differences, when viewed from the perspective of the target organ,
metastatic tumors arising from diverse primary sites share broadly similar biological
behaviors within the liver and induce overlapping hepatic responses. Consequently,
research and therapeutic approaches to liver metastases should be grounded in an
integrated framework that embraces tumor specific heterogeneity while also focusing
on the common mechanisms governing metastatic establishment and progression in
the liver [8].

These biological differences are reflected in diagnostic imaging findings. On
the grayscale B-mode ultrasound imaging, the appearance of hepatic metastases
varies widely depending on their primary origin and histological characteristics.
Hypoechoic metastases are most frequent, especially in lung, breast and pancreatic
cancer [9]. As the word hypoechoic suggests, they generate relatively few echoes,
therefore they don’t bounce many sound waves and they appear darker in an
ultrasound image, a feature commonly associated with increased cellularity and
reduced acoustic interfaces [10]. On the other hand, hyperechoic masses reflect
many sound waves, therefore they appear brighter in an ultrasound image. They are
usually less dense and contain air, fat or fluid [10]. This other type of metastases is
present in colorectal, renal and neuroendocrine carcinomas [9]. Other types of liver
metastases include metastases with peripheral halo, calcified metastases, cystic
metastases and infiltrative metastases [9]. Due to this wide spectrum of grayscale
appearances and the substantial overlap with benign hepatic lesions, B-mode is
not the optimal imaging modality for the reliable detection and characterization of
liver metastases, highlighting the need for advanced imaging techniques.

1.3.4 CEUS in liver metastases

Contrast enhanced ultrasound (CEUS) plays an important role in the detection
and characterization of liver metastases, with a sensitivity ranging from 86% to
94% [11]. This high diagnostic performance is primarily related to the distinct
perfusion dynamics of ultrasound contrast agents (UCAs) within metastatic lesions
compared to the normal liver parenchyma. Following UCA administration, CEUS
imaging allows the evaluation of three well defined vascular phases that are crucial
for the identification of liver metastases [12].

The arterial phase corresponds to hepatic artefial perfusion. It starts 10-20

8
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seconds after the injection of UCA and lasts 30-45 seconds. The portal venous phase
begins approximately 20-45 seconds after the injection and lasts approximately
120 seconds, or until the portal vein is enhanced. Lastly, in the late phase, which
occurs after about 120 seconds, the contrast agent is uniformly distributed in the
normal liver parenchyma [12]. In Figure 1.6 there is an example of the mentioned
three liver metastases phases during CEUS acquisitions.

Figure 1.6: Three liver metastases phases on CEUS acquisitions. From [12].

Liver metastases are usually classified as hypovascular or hypervascular based on
the vascularization of the metastases. The most common hypovascular metastases
have only a few arteries and are usually found in adenocarcinomas and squamous cell
carcinomas, such as colorectal, gastric, and pancreatic cancers [13]. In the arterial
phase, these lesions shows either non-enhancing, hypoenhancing or peripherally rim
enhancing [13][14]. Hypervascular metastases, on the other hand, show considerable
arterial perfusion and they are seen as metastases with diffuse or heterogeneous
hyperenhancement in the arterial phase. This is a common feature of metastases
from melanomas, neuroendocrine tumors, breast cancers and renal cell carcinoma
[13].

Despite their different arterial enhancement patterns, both hypo and hyper-
vascular liver metastases have different perfusion patterns in the arteries but,
characteristically, show progressive hypoechogenicity in the portal venous and late
contrast phases, with a progressive contrast wash-out. This phenomenon reflects
fundamental differences in vascular supply: while normal liver tissue receives ap-
proximately 70-75% of its blood flow from the portal vein and 25-30% from the
hepatic artery, metastatic lesions rely exclusively on arterial neovascularization and
lack portal venous perfusion [9][12]. As a consequence, UCAs are cleared more
rapidly from metastatic tissue resulting in wash out, a key CEUS feature indicative
of non hepatic tissue origin [12]. In Figure 1.7 a summary of how metastases appear
in the three CEUS phases is shown.
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Figure 1.7: Different enhancement patterns of how liver metastases can appear
during the three CEUS phases. From [14].

Thanks to these characteristic enhancement and wash-out patterns observed
across the three CEUS phases, CEUS represents a highly sensitive and reliable
imaging modality for the detection and diagnosis of liver metastases.

1.3.5 Qualitative and quantitative analysis of CEUS images

CEUS images can be analysed using both qualitative and quantitative analysis.
Qualitative analysis refers to visual assessment of perfusion patterns. In particular,
microbubble wash-in and wash-out phases can characterize the lesion, enabling
the assessment of whether the lesion enhances before, after or at the same time
as the surrounding tissue. One interesting parameter to visually evaluate is the
lesion echogenicity, which can be compared to the surrounding healthy tissue in
order to assess if the lesion is hyper-, iso- or hypo-enhanced with respect to the
healthy portion of the tissue. Enhancement homogeneity can also be important to
determine if the UCA distributes equally or not in the tissue.

On the other hand, quantitative analysis aims to reduce subjective interpretation
by extracting numerical descriptors from the recorded CEUS sequences. Typically,
signal intensity is measured over time to generate TICs, from which perfusion-
related parameters can be derived. More advanced methods also examine how the
contrast agent moves through the lesion, in both space and time, to give data on the
vascular structure. Thus, quantitative CEUS analysis allows to objectively describe
tumor vascular properties, which will decrease dependence of observer and allow
to obtain reproducible parameters that could be useful for lesion characterization,
follow-up, and study of the relationship between vascular structure and therapeutic
response.
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1.3.6 Motion correction in liver

Motion correction (MC) is the first fundamental aspect of liver acquisitions. Despite
efforts to minimize motion during image acquisitions, liver imaging is always affected
by both periodic and non-periodic movements. Periodic movements primarly come
from diaphragmatic displacement due to respiration while non-periodic movements
may be the result of intentional or unintentional probe adjustments, as well as
patient movement. Specific acquisition protocols have been proposed to reduce
motion artifacts. For example, probe positioning could be optimized by aligning
the imaging plane with the predominant direction of breathing movements, in order
to minimize out-of-plane (OOP) displacements and restricting motion mainly to
the imaging plane. However, conducting acquisitions in this way is often difficult,
due to the anatomical position of the liver. Indeed, the rib cage limits the available
acoustic window, making it difficult to maintain the ideal probe orientation while
still achieving adequate visualization of the target region [15].

Nevertheless, respiratory motion remains a problem. Conventional 2D ultrasound
imaging can only acquire one imaging plane: during respiration the anatomical
structures may move in and out of the field of view (FOV) part of the time and
thus create motion out of plane that cannot be corrected by conventional image
registration alone. This restriction is mostly attributed to the use of 2D imaging,
the most prevalent imaging technique used in liver CEUS. In fact, 3D US imaging
offers volumetric information and allows the tracking of tissue structures, potentially
minimizing the effect of OOP motion.

Moreover, quantitative analysis requires temporal consistency of pixel intensities
across the acquisition. Therefore, pixel intensities must remain as stable as possible
over time to accurately reflect contrast enhancement dynamics.

Numerous MC methods for liver CEUS sequences have been suggested. First
methods focused principally on rigid image registration, where motion is modeled
and compensated using affine or translation models. Correlation-based methods and
block matching algorithms were commonly used to estimate frame-to-frame move-
ments and improve spatial alignment of the liver structures during the acquisition
[16].

For this reason, several strategies that take breathing into account have been
proposed. These techniques use the temporal periodicity or respiration to to detect
frames recorded during similar phases of respiration. Zhang et al. designed an
automatic respiratory motion correction system using the reference frame selection
and respiratory-cycle identification. The method automatically chooses the optimal
reference image using multiple learning and clustering methods and then keeps the
frames of similar breathing states. It proved to be a great increase in temporal
consistency and minimization of fluctuations in TICs [17].

Ta et al. introduced a two-tier in-plane motion correction scheme with adaptive
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OOP motion filtering, which was a significant improvement. Within each breathing
cycle, intermediate sub-reference frames (SRFs) are chosen and registered consecu-
tively with respect to a main reference frame (MRF) in this framework, in order to
reduce the accumulation error that is present in long image sequences. Furthermore,
an adaptive motion filtering procedure is able to detect and eliminate any acquired
frame that is out of plane to the imaging plane, which enhances the reliability of
quantitative CEUS analysis [18].

More recently, Tiyarattanachai et al. introduced the Iterative Local Search
Algorithm (ILSA) which is a comprehensive MC framework that performs motion
compensation in the presence of periodic respiratory motion, irregular breathing
and probe motion and OOP displacements. In contrast to purely respiratory-
based methods, ILSA tracks the lesions by iterative local correlation search, and
automatically discards OOP moving frames. The method was validated on a large,
multicenter clinical dataset and showed major improvements in the quality of the
TIC fitting and image consistency [15].

In general, current methods for liver CEUS motion correction include image
registration techniques with techniques for respiratory motion and OOP motion
management. However, obtaining strong corrections when there are complicated
breathing components and long acquisitions is still a field of research.

1.3.7 Contrast Ultrasound Dispersion Imaging

Contrast Ultrasound Dispersion Imaging (CUDI) is a method proposed by Kue-
nen et al. [19] as an approach for quantitative characterization of microvascular
architecture using CEUS data. In this framework, the transport of an UCA is
modeled as a convective-dispersive process, where the temporal evolution of con-
trast concentration reflects the distribution of transit times through the vascular
network.

The traditional perfusion-based analysis focuses on the amount and rate of
blood flow. This kind of analysis can be strongly affected by other factors, such as
irregular diameters and high tortuosity of the microvessels that cause flow resistance,
and extravascular leakage that can lead to increasing interstitial pressure.

In contrast, CUDI aims to capture the spatiotemporal spreading of the contrast
bolus, which is strongly influenced by structural features such as vascular density,
tortuosity or the presence of multiple flow pathways. In fact, a complex microvas-
cular network generates dispersion primarily because of the presence of multipath
trajectories and heterogeneous flow conditions within the tissue, which makes
dispersion more closely related to tissue architecture than to perfusion parameters.
Ultimately, the goal of this characterization is to develop a more precise tool for
the non-invasive identification of cancer lesions, supporting clinical diagnosis in
biopsy targeting and guiding focal therapy.
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The importance of CUDI methodologically is the extraction and analysis of
time—intensity curves at the pixel level. The assumption that ultrasound signal
intensity is proportional to the contrast concentration makes it possible to interpret
TICs as indicator dilution curves (IDC) of the local contrast concentration as a
function of time. These curves can be analysed either with a model-based method
(e.g., by fitting the Local Density Random Walk (LDRW) model in order to estimate
the local dispersion parameters) or with model-free methods (e.g., by calculating a
spatiotemporal similarity between neighbouring TICs). In the latter case, similarity
between neighboring TICs is inversely related to local dispersion. This leads to high
similarity scores in angiogenesis areas where the pathways of contrast transport are
correlated locally, although the microvascular network is tortuous and structurally
disorganized.

An important practical limitation highlighted in the original work is that CUDI
relies on the assumption that measured acoustic intensity can be related to contrast
agent concentration, which requires appropriate calibration of the imaging chain.
In particular, linearization of the signal is required to compensate for scanner-side
logarithmic compression, ensuring that TICs accurately reflect contrast dynamics
rather than system-dependent distortions. Therefore, a dedicated calibration exper-
iment is essential to guarantee the physical consistency of the estimated parameters
and to allow meaningful comparison across different acquisitions. This requirement
highlights the sensitivity of the dispersion-based analysis to imaging conditions,
which is an important step towards a robust and reproducible implementation.
Before performing CUDI analysis, another crucial preprocessing step is speckle
size regularization. Since CUDI evaluates spatiotemporal similarity using spatial
kernels with fixed geometry, it assumes that the speckle pattern is spatially ho-
mogeneous and isotropic throughout the image. In practice, however, ultrasound
acquisitions often deviate from these assumptions, causing similarity measurements
to be influenced by image formation characteristics in addition to the underlying
contrast dynamics. Consequently, a speckle size regularization procedure is required
to reduce these effects and to improve consistency with the assumptions of the

CUDI framework [19] [20].
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Chapter 2

Materials and Methods

This chapter describes the methodological pipeline adopted in this study. The
workflow can be summarized as follows:

1. Motion correction was performed to correct for in-plane and out-of-plane
(OOP) movement, in order to ensure temporal consistency for pixel-wise
analysis.

2. Time-intensity curves were fitted and extracted from selected regions of inter-
est.

3. Spatial similarity analysis on CUDI framework was carried out in order to
characterize dispersion patterns within the lesion.

4. Quantitative TIC and CUDI analysis results were evaluated and compared
with each other.

All the processing and analyses of the dataset were performed using MATLAB
(versions R2022a [21] and R2025b [22]).

2.1 Clinical Dataset

The dataset used in this study was acquired at UMC Utrecht and it includes
CEUS acquisitions from 14 patients, all diagnosed with liver metastases originating
from colorectal cancer (CRC). Each acquisition consists of both B-mode and
contrast-enhanced ultrasound (CEUS) imaging.

For eight of the fourteen patients, data were collected at two different time
points, separated by an interval of approximately two to three weeks. The other six
patients were examined at one single time point. During each acquisition session,
two different injections of the ultrasound contrast agent (UCA) were administered,
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allowing for two CEUS sequences per session. These sequences were useful in
detecting the wash-in and wash-out of the contrast agent in the liver metastases.

All acquisitions were performed using a Philips EPIQ 7G ultrasound system.
Most of the datasets were acquired with a C5-1 probe, but a subset of the acqui-
sitions was performed using alternative probes: C9-2, LL12-3, L.12-5, and elL18-4.
As the CUDI framework requires a consistent speckle pattern to enable reliable
spatiotemporal analysis, additional preprocessing was necessary to standardize the
speckle size. Preliminary experiments on speckle regularization were conducted
using only data acquired with the C5-1 probe. Consequently, to ensure consistency
across the analysis, all acquisitions obtained with probes other than the C5-1
were excluded from the final dataset. Additional acquisitions were excluded due
to excessive motion, that made them incompatible with both preprocessing and
subsequent analysis. Moreover, one acquisition presented flashed frames generated
by a US system setting that enables the operator to destroy the microbubbles
and observe the tissue replenishment. This acquisition was also excluded from the
analysis.

Therefore, the final dataset used in this project includes a total of 28 acquisitions
from 11 patients. A schematic representation of the exclusion criterion is illustrated
in Figure 2.1.

Initial acquisitions
N=44

4 )
o Different probes:
g N=6
-
( . .
| Excessive motion:
~ N=9
-
o Flashed frames:
~ N=9
Y - J

Final acquisitions
N =28

Figure 2.1: Schematic workflow of the exclusion criterion.

A summary of the dataset characteristics is reported in Table 2.1.
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Table 2.1: Summary of the clinical dataset used in this study.

Parameter Value

Initial number of patients 14

Final number of patients 11

Pathology Liver metastases from CRC

Patients with two acquisition days 8
Patients with single acquisition day 6

CEUS sequences per session 2

Ultrasound system Philips EPIQ 7G

Main probe Ch-1

Excluded probes C9-2, L12-3, L12-5, elL18-4

Final number of useful acquisitions 28

2.2 Motion Correction

2.2.1 Implemented algorithm

The proposed motion correction framework was developed to address motion
artifacts in CEUS acquisition of the liver both in-plane and out-of-plane (OOP)
without compromising the physiologically relevant contrast enhancement dynamics.
All processing steps were done in a user-defined ROI centered on the lesion, with
the aim to have motion estimation mainly driven by the tumor motion and its
surroundings without being influenced by highly distinctive anatomical features.
Figure 2.2 shows an example of the selected ROI for RASTRIC patient 45.

The pipeline has five principal steps. The first step is the selection of a represen-
tative main reference frame (MRF), and temporal analysis is limited to the frames
that include meaningful information of the contrast enhancement. Secondly, an
OOP motion detection process is performed at the beginning to detect the low
similarity frames with the MRF. Complementary CEUS information is then used to
re-evaluate potentially relevant frames to prevent unnecessary data being excluded.
Third, the respiratory motion is analyzed, to find breathing cycles and to group
the acquisition into a temporally coherent set of frames. This breathing-aware
organization allows the implementation of a two-level registration approach which
minimizes the effect of respiratory motion. Fourthly, motion correction is carried
out by rigid and deformable image registration. Motion estimation is performed
on B-mode images and the transformation obtained is then applied to B-mode
and CEUS images. Last, quality control measures are used to identify possible
non-physiologic frames and to discard noisy registrations. Several image similarity
metrics are then computed before and after the MC pipeline is performed, and the

16



Materials and Methods
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Figure 2.2: ROI selected on RASTRIC patient 45, on the CEUS (left) and the
corresponding B-mode (right) image.

performance of the pipeline is quantitatively assessed. MC was then integrated
prior to the CUDI framework in order to increase the temporal consistency of
pixel intensities, thus enabling a more robust and reliable TIC fitting as well as
a more precise spatial similarity analysis. The proposed workflow is presented in
a schematic overview in Figure 2.3. The next sections detail each phase of the
pipeline and the alternate techniques that were explored during its construction.

Choice of MRF and pre-processing

The selection of a representative MRF is a crucial step in the MC pipeline, as all
subsequent registrations and transformations are estimated with respect to this
frame. An inappropriate choice of the MRF may propagate errors and negatively
affect registration accuracy and quantitative analysis.

Before selecting the MRF, a temporal pre-selection of frames was performed
to focus the analysis on the contrast-enhanced portion of the acquisition. A
TIC was obtained in the ROI and automatic detection of the start of contrast
enhancement (wash-in) was performed using intensity- and slope-based criteria.
Frames acquired before wash-in were generally excluded from further analysis, since
they are characterized by low signal intensity and provide limited information for
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Figure 2.3: Workflow of the proposed motion correction framework.
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similarity assessment. However, a short baseline segment preceding wash-in was
retained, with its duration adaptively determined according to the sequence length.
This ensured that relevant pre-contrast information was preserved while preventing
a large number of non-enhanced frames from biasing the MRF selection. The TIC
was then employed in subsequent steps along the pipeline, for the re-evaluation of
the OOPs and to choose the final analysis range.

Several strategies for MRF selection were investigated during the development
of the framework. A first simple approach consisted of manually selecting the
MRF from the CEUS acquisition. During the arterial phase, contrast enhancement
allows the tumor to be clearly visible, enabling the user to identify frames with
optimal metastasis delineation. Even if this method is intuitive and can lead to
good results, it is subjective and user-dependent. A second strategy followed the
approach proposed by Ta et al. [18]. The MRF was selected from the B-mode
acquisitions as the frame exhibiting the highest NCC with respect to the temporal
mean frame. The main advantage of this method lies in its fully automatic nature.
However, it relies on a fictitious reference image rather than a physically acquired
one, potentially affecting the reliability of the similarity assessment. To overcome
these limitations, a third approach combined the previous two methods. In this
case, MRF was defined as the B-mode frame showing the highest NCC with respect
to the B-mode frame that corresponds to a user-selected CEUS frame known
to clearly show the tumor. Although this strategy links the reference selection
to a real and clinically meaningful frame, it still requires user interaction and
therefore does not completely eliminate subjectivity. A final and selected method
was developed aimed at obtaining a fully user-independent MRF selection while
preserving clinical relevance for CEUS analysis. The NCC was computed between
all pairs of frames within the CEUS acquisition, and the MRF was identified as
the frame exhibiting the highest overall similarity with respect to all other frames.
Selecting the MRF directly from the CEUS sequence increases the likelihood that
the reference corresponds to a time point in which the tumor is clearly visible
due to contrast enhancement. In this way, the selected MRF represents the most
temporally consistent and spatially stable configuration of the sequence, improving
scalability and reproducibility across different patients and imaging conditions.
MC is subsequently performed on B-mode sequence to ensure robustness against
contrast-induced intensity variations, while the resulting transformations were
applied to both B-mode and CEUS sequences.

For all strategies, similarity measures were computed within a ROI initially
defined by the user, rather than over the entire image. Restricting the analysis to
the ROI allows the MC to focus on the relevant area and reduces the influence of
background structures. The same ROI is subsequently used in all following steps
of the pipeline.

After MRF selection, a pre-processing step is performed to all of the frames. A
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median filter with a 3 x 3 pixel neighborhood is applied to reduce speckle noise while
preserving edges and anatomical boundaries. Furthermore, intensity normalization
is done to compensate for global intensity variations and enhance the robustness of
similarity metrics in future processing steps.

Thresholding for OOP frames

After the selection of the MRF, an initial rough OOP frame detection is performed.
The NCC is calculated between the MRF and each of the remaining frames of
the B-mode sequence. If the similarity between two frames is low with respect
to the MRF, the frame may be affected by OOP motion and thus it could be a
candidate to excluded. Various NCC-based thresholding techniques are examined
to account for the different severity of motion and preferences of the user. These
thresholds provide the user with options for either a “harder” or a “softer” OOP
frame removal. In particular, percentile-based thresholds are used to identify frames
with the lowest similarity values. The 5th percentile is a more conservative criterion,
discarding only the frame which has the lowest NCC possible, whereas the 10th
percentile is a more aggressive criterion that discards larger proportion of frames
with low similarities. In addition, a robust statistics-based threshold defined as the
median minus 1.5 times the MAD is adopted to reduce sensitivity to outliers and
non-Gaussian distributions of NCC values. Figure 2.4 illustrates the NCC values
calculated for RASTRIC patient number 45, together with the possible threshold
values that can be selected by the user to determine if a frame is classified as OOP
or not.
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Figure 2.4: NCC and possible thresholds for initial detection of OOP frames.

Once the user selects the desired threshold, frames from the sequence with NCC
values lower than the selected threshold are considered to be OOP frames and they
are temporarily removed from the sequence. In fact, low values of NCC mean that
the structure is less similar to the reference frame, and typically in US acquisitions
this is due to OOP motion or decorrelation of speckle patterns.

Reinsertion of OOP frames

A CEUS-based navigator signal is added after the threshold selection, in order to
support the re-evaluation of frames that were not included. The navigator consists of
a single line intersecting the tumor, defined as the average of five input lines manually
selected by the user. This signal is plotted over time, allowing visualization of the
tumor motion after UCA enhancement. On the CEUS navigator plot, candidate
OOP frames identified in Section 2.2.1 are highlighted in red, enabling a direct
visual assessment of their temporal correspondence with the UCA enhancement
pattern. In addition to the navigator signal, the corresponding TIC is displayed.
An example of this combined visualization is shown in Figure 2.5. CEUS navigator
and TIC together allows the user to identify frames presenting low similarity that
may be incorrectly excluded because they correspond to physiological contrast
dynamics, such as wash-in or wash-out phase of the UCA.
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Figure 2.5: Plots used to decide whether the initially detected OOP frames should
be reinserted. Top: navigator-based CEUS signal, with OOP frames identified
during the initial detection highlighted in red. Bottom: averaged TIC within the
ROI to visualize the UCA dynamics.

Based on this evaluation, the user may decide to reinsert some or all the selected
frames into the sequence if they are clinically and/or temporally relevant (for e.g.
if they are located within the wash-in period). This step introduces a supervised
validation stage that complements the automatic thresholding, reducing the risk of
excluding clinically relevant frames.

Breathing period, SRFs and clusters

Once the final set of in-plane frames has been defined after OOP frames exclusion
and reinsertion, the frames are divided into clusters in preparation for a two-tier
registration strategy, inspired by the work of Ta et al. [18]. To this end, respiratory
motion periodicity is first estimated in order to enable a breathing-aware registration
[17]. The NCC is computed on B-mode acquisition after removal of OOP frames.
The fast Fourier transform (FFT) of the NCC signal is then calculated and the
dominant frequency within a physiological respiratory range is identified in order
to estimate the breathing cycle period, following the approach proposed by Zhang
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et al. [17]. The frequency search range is set between 0.1 and 0.7 Hz, which
correspond approximately to 6-42 breathings per minute.

After the identification of the dominant frequency, the corresponding breathing
period is derived as the reciprocal of the dominant frequency. Peaks in the NCC
signal are then detected using the estimated breathing period as the minimum
peak distance, scaled by a factor of 0.8 to allow tolerance to respiratory variability.
These peaks are chosen to be SRFs and they serve as intermediate reference points
during the two-stage registration approach [18]. Specifically, one SRF per breathing
cycle is identified.

All other remaining frames are then assigned to clusters that are temporally close
to each of the SRFs. Therefore, each cluster is associated with a correspondant
SRF, which guarantees that the frames are in a breathing cycle. In this way,
registration accuracy is stabilized and improved. An example of the resulting
clustering is shown in Figure 2.6. This clustering strategy assumes a relatively
regular respiratory cycle. In reality, respirations can be asymmetric or vary over
time, which can lead to suboptimal frame assignments. However, the method offers
a useful approximation for classifying frames into a similar respiratory state.

NCC with Out-of-Plane frames, SRFs and respiratory clusters

1.2
Original NCC
NCC (valid frames)
1L ¢ QOP frames
@ SRF peaks

0 . . . . . . . . |
200 300 400 500 600 700 800 900 1000 1100

Frame index

Figure 2.6: NCC values (blue), OOP frames (black dots), SRFs (red markers),
clusters assigned to each SRF shown in different colors.
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Effective motion correction

Navigator-based motion correction Before choosing a final efficient MC
pipeline, several other strategies were investigated. A first, simple approach relied
on the CEUS-based navigator signal to estimate and compensate motion. Since
the navigator provides a one-dimensional temporal trajectory of the tumor, this
approach was initially used to estimate vertical translational motion by identifying
a sinusoidal pattern associated with respiratory displacement, as seen in Figure 2.7.

Figure 2.7: Example of the sinusoidal pattern extracted from the navigator signal
of the RASTRIC patient 38.

The tumor trajectory was extracted by applying morphological operations to
the navigator signal, estimating the displacement of the tumor position for each
frame. A frame-wise vertical translation was then applied in order to reverse this
displacement and realign the tumor to a fixed position over time. The application
of this correction resulted in stable tumor positioning at the expense of vertical
motion in the surrounding image. Although this approach proved effective in
cases dominated by vertical respiratory motion, it failed to handle more complex
motion patterns, such as horizontal or oblique displacements. Therefore, due to its
limitation to a single direction of motion, this approach was not retained as part of
the final motion correction pipeline and was instead used as a qualitative tool to
support OOP frame identification and the interpretation of contrast dynamics.

Explored alternatives and discarded approaches To overcome the limitation
of navigator-based compensation, which is inherently constrained to a vertical
direction, alternative strategies were investigated to estimate motion direction
directly from image data. Among these, Principal Component Analysis (PCA) was
evaluated as a potential approach to identify the dominant direction of motion in a
data-driven manner to later compensate the acquisition using the navigator in that
principal direction. PCA identifies orthogonal directions that maximize variance in
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the data [23]. In this context, it was assumed that respiratory motion represents
the dominant source of variance in the image sequence, so that the first principal
component would be aligned with the main direction of respiratory displacement
and could be compensated using a single directional correction. However, in CEUS
acquisitions, total variance is strongly influenced by additional factors, including
speckle noise, contrast enhancement dynamics and local tissue deformation. As a
result, PCA did not lead to a clear separation between motion-related components
and other sources of variability. Multiple components exhibited comparable variance
contributions, preventing the identification of a unique dominant motion direction.
Consequently, PCA-based motion estimation proved unreliable and insufficiently
discriminative for robust MC in CEUS liver acquisitions and was therefore not
pursued further.

Since PCA can be formulated through the singular value decomposition (SVD) of
the centered data matrix, SVD-based analysis was also explored to confirm whether
motion-related energy could be isolated into a small number of dominant modes.
However, similarly to PCA, motion-related information was distributed across
multiple singular components with comparable energy contributions, preventing
reliable motion characterization. Consequently, SVD-based motion analysis did
not provide additional advantages and was not pursued further.

Block matching techniques were also evaluated to estimate a displacement field
for each frame, with the aim of identifying the predominant motion direction and
magnitude within each acquisition. This approach involved monitoring local image
blocks between adjacent frames and computing a median displacement vector to
represent global motion. This method, however, was unsuccessful for US imaging.
CEUS images present high speckle noise, low signal-to-noise ratio and quick decor-
relation of intensity patterns from frame to frame. These properties significantly
impair reliable block correspondence, leading to unreliable and incoherent displace-
ment vectors. As a result, the resulting displacement fields were found to be highly
inhomogeneous and produced no meaningful and consistent quiver plot. Basing
MC on these noisy displacement fields led to worse alignment and generation of
artifacts. Therefore, block matching-based displacement field correction proved
inappropriate for MC in CEUS liver acquisitions and it was not included in the
final MC pipeline.

Registration framework Following the preliminary investigations, MC was
formulated as an image registration problem, as these methods provide a more
general and robust framework to estimate motion directly from spatial information.
Two alternatives were tested to find the best framework for implementation: the
open-source image registration software Elastiz and the MATLAB built-in functions.

FElastiz is an intensity-based registration framework that offers a library of
algorithms to perform image registration by optimizing registration parameters in
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an iterative manner. The registration workflow is controlled by an easily configured
parameter set that defines key registration elements like the similarity metric, the
optimizer, the interpolator and the transformation model. The framework operates
by defining a fixed image and a moving image: the fixed image serves as the
reference towards which the registration is performed, while the moving image is
iteratively transformed to achieve alignment [24].

In parallel, MATLAB built-in functions, including imregtform and imregdemons,
were evaluated. The function imregtform estimates global geometric transformations
(e.g., rigid or affine) between a moving and a fixed image by optimizing a similarity
metric. The resulting transformation is represented by a 3 x 3 matrix encoding
translation and rotation in the rigid case, and scaling and shear in the affine case.
The function imregdemons instead estimates a dense displacement field that aligns
a moving image to a fixed reference by computing a local displacement vector for
each pixel, allowing local non-rigid alignment between images.

All registration procedures were implemented within the ROI previously defined,
ensuring that motion estimation was driven by the lesion and its surrounding
region. A preliminary comparison was done by directly registering all frames to
the MRF using various transformation models, such as rigid, affine and deformable
registration. This simple configuration enabled a comparison of the two frameworks
under very similar conditions.

In this context, the navigator based correction was also compared to registration-
based methods. As a result, the navigator did not offer any improvement on motion
compensation over rigid image registration. Intensity-based registration methods,
in contrast, were more successful at capturing the dominant motion components
without the need of a predefined direction of motion.

The evaluated transformation models demonstrated to have significant advantage
in frame alignment, with rigid registration being the best one. Affine transforma-
tions, which extend the rigid model by including scaling and shear components,
showed only marginal additional benefits while significantly increasing compu-
tational cost. For this reason, affine registration was not retained in the final
pipeline. Deformable registration was further considered to compensate for residual
local motion not addressed by rigid alignment. Both FElastiz and MATLAB-based
implementations were tested. Both frameworks gave similar results, so practical
considerations were done for the final choice. Built-in functions of MATLAB
enabled simpler integration into the existing processing workflow, and reduced
implementation complexity. Therefore, for the final MC pipeline, MATLAB built-in
functions were chosen as the final one.

Pipeline configuration and selection After selecting the optimal framework
and transformation models for registration, various pipeline configurations were
tested to identify the most effective approach to MC.
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Initially, rigid registration was carried out by directly registering all the frames
to the MRF. However, this approach was often resulted in aligning frames from
different breathing cycle due to the presence of respiratory motion, increasing
misalignment and temporal inconsistency.

In order to address this limitation, two alternative pipeline configurations were
evaluated. In the first configuration (Configuration A), a two-tier method was
adopted to perform rigid registration. Each frame was aligned to its respective
SRF, which was subsequently registered to the MRF. The resulting transformations
were then composed to form a set of transformations that would map all frames
to the MRF, minimizing the effect of inter-cycle differences. Each frame was then
directly registered to MRF using deformable registration.

In the second configuration (Configuration B), rigid registration was done be-
tween the individual frames and the MRF without an intermediate SRF. Deformable
registration, instead, followed a two-tier strategy, where each frame was first aligned
to the SRF and the resulting deformation was subsequently propagated towards
the MRF. These configurations were designed to evaluate whether the two-tier
strategy is more effective when applied to global (rigid) or local (deformable) motion
components. Figure 2.8 summarizes the difference between them.

| CONFIGURATION A || CONFIGURATION B |

RIGID TRANSFORMATION: 2-TIER APPROACH RIGID TRANSFORMATION: SINGLE REFERENCE

Main Reference Subreference Image Registration
Frame (MRF) Frame (SRF) @ frame ™ (Rigid or Deformable)

Figure 2.8: Comparison between different MC pipeline configurations. Schematic
workflows are taken from [18].

Motion estimation was performed on B-mode data within the defined ROI, and
the resulting transformations were applied identically to both B-mode and CEUS
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sequences, ensuring consistent alignment across modalities. A subset of 8 repre-
sentative acquisitions was used to compare the candidate pipeline configurations.
The subset included one acquisition per patient and it covered different levels of
motion, signal quality, and lesion characteristics. The selected configuration was
subsequently applied to the full dataset of 28 acquisitions for the final analysis.
The two configurations were quantitatively compared using the similarity metrics
NCC, SAD, SSIM and MI, defined in Section 2.2.1, computed before and after MC.
Configuration A demonstrated superior robustness and reduced accumulation of
local deformation errors in all the evaluated sequences. By implementing direct de-
formable registration to the MRF, consistent spatial reference was ensured, avoiding
progressive distorsions introduced by multiple transformation steps. Based on this
comparison, Configuration A was adopted as the final motion correction pipeline.
The detailed quantitative results of this comparison are reported in Section 3.1.1,
while a more deepen discussion of these results is presented in Section 4.1.1.

Quality control

A dedicated quality control (QC) procedure was conducted separately for each
registration step to identify potentially unreliable transformations and residual
OOP frames. The QC strategy was based on the analysis of the transformation
parameters returned by the MATLAB registration functions.

For rigid registration, the translation magnitude and rotation angle were ex-
tracted for each frame. The frames where the transformation values exceeded the
95th percentile of the distributions for the associated parameters were marked as
possible OOP frames. For deformable registration, QC was based on the analysis
of the estimated displacement field. The same approach was used for frames
that contained deformation magnitudes that exceeded the 95th percentile of the
distribution of deformations within the ROI.

The results of the rigid and deformable QC were subsequently combined. Frames
exceeding either criterion were considered potentially affected by OOP motion
or registration failure and were excluded from further analysis in both B-mode
and CEUS data. The motivation of this strategy is the expected characteristics
of physiological liver motion. Despite the presence of motion throughout the
acquisition, it is mostly driven by respiration, therefore relatively smooth and
limited in magnitude. Transformations which significantly diverge from the sequence
may indicate that they are unlikely to be physiological motion and may indicate
the presence of residual OOP motion or registration failure. On the basis of this,
frames that were found to have unusually large rigid or deformable transformation
were removed.
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Similarity metrics

To ensure a fair comparison between pre- and post-motion corrected data and
to avoid bias introduced by edge artifacts resulting from the registration process,
similarity metrics were computed within a smaller ROI focusing on the tumor
region. This ROI was used for both the pre- and post-corrected data, in order to
compare the same spatial support.

Several similarity measure parameters such as Normalized Cross-Correlation
(NCC), Sum of Absolute Differences (SAD), Structural Similarity Index Measure
(SSIM) and Mutual Information (MI) were used to measure the performance of the
MC pipeline. These metrics are complementary and give information about the
quality of global and local alignment between frames.

The NCC between two images [; and I, is defined as:

S — L)(1 — I)
VI = L) (I — I)?

where I; and I, represent the mean intensities. NCC measures the linear correlation

between images, with higher values indicating stronger similarity.
The SAD is defined as:

NCC = (2.1)

This metric quantifies the absolute intensity difference between images and it is
sensitive to misalignment.

The SSIM evaluates perceptual similarity by combining luminance, contrast,
and structural information:

(2p1p2 + C1) (2012 + Cs)

SSIM =
(13 + p3 + Ch)(0F + 03 + Cy)

(2.3)

where p, 0 and o5 represent mean, variance and covariance, respectively, and Cf,
C5 are stabilizing constants.
MI measures the statistical dependency between images and is defined as:

MI => p(i,j)log (M) (2.4)

i p(1)p(j)

where p(i, j) is the joint probability distribution and p(7), p(j) are the marginal
distributions. MI is robust to intensity differences and reflects the amount of shared
information between images.

For each metric, values were computed with respect to the MRF both before
and after MC. Summary statistics were reported using the median and the Median
Absolute Deviation (MAD) to ensure robustness to outliers. Results are presented
in Section 3.1.2.
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2.3 Speckle Size Regularization Experiment

As previously discussed in Section 1.3.1, US images acquired with convex probes
present a depth-depedent anisotropic speckle pattern, due to divergent scanlines.
However, spatiotemporal similarity analysis employed in CUDI assumes a homo-
geneous and isotropic spatial structure, since it relies on spatial kernel with fixed
geometry. As a result, the presence of anisotropic and depth-dependent speckle may
introduce bias in the estimation of similarity metrics and dispersion parameters.
This discrepancy between model assumptions and acquisition physics motivates the
need for speckle size regularization. For this reason, a dedicated experiment was
designed to characterize and regularize the speckle size under controlled conditions,
in order to enforce spatial homogeneity and reduce depth dependency [20].

Experimental setup

The experiment was conducted at UMC Utrecht, aiming at reproducing a con-
trolled acoustic environment together with a homogeneous distribution of UCA
microbubbles. The complete setup is visible in Figure ?? A clinical ultrasound
system (Philips EPIQ 7G) equipped with a C5-1 convex probe operating in CEUS
mode was used. A water basin was filled with degassed water to minimize cavitation
and unwanted acoustic reflections. To guarantee a homogeneous distribution of the
microbubbles in the medium, a magnetic stirrer (IKA RCT basic) equipped with a
magnetic bar submerged into the basin was used. The ultrasound probe was placed
slightly below the water level and kept non-orthogonally to minimize specular
reflections, following standard in-vitro CEUS protocols. An acoustic absorber was
added to the basin to suppress reflection artifacts even further.
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Figure 2.9: Experimental setup. (a) Water basin filled with degassed water,
probe and probe holder, magnetic stirrer and magnetic bar, acoustic absorber. (b)
Complete setup and US system Philips EPIQ 7G used for the acquisitions.

Acquisition Protocol

SonoVue (25 mg lyophilized powder) was used as UCA. The solution was prepared
by adding 5 mL of saline (9 mg/L concentration) to the vial, and then extracting
0.25 mL of UCA to obtain an estimated final concentration of ~ 0.05 mg/L in the
basin. The chosen low concentration was used to allow the detection of individually
distinguishable scatterers and to be able to estimate the speckle size accurately
[20]. Each acquisition lasted 30 seconds. A baseline acquisition was first performed
using only degassed water to characterize the background signal. Subsequently, the
contrast agent was injected and multiple acquisitions were recorded under varying
imaging conditions. The selected imaging parameters correspond to standard US
system settings that influence signal strength, image contrast and image quality. A
brief explanation of these parameters is provided below.

The mechanical index is a safety-related parameter that quantifies the likehood
of mechanical bioeffect, such as cavitation. It depends on the acoustic pressure
and the transmission frequency, and it is particularly relevant in CEUS due to its
effect on microbubble stability [25]. Dynamic range (DR) controls the number of
gray levels displayed in the image, determing in this way the contrast resoluton. A
higher DR results in smoother grayscale transitions, while a lower DR increases
contrast between structures. Output power defines the amplitude of the transmitted
US waveform. Increasing this parameter improves the intensity of the received
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echoes, increasing signal strength but also acoustic exposure. For this reason,
it requires careful adjustment according to safety guidelines [26]. Gain refers to
the overall amplification of the received echo signals and it controls the global
brightness of the image. On the other hand, Time Gain Compensation (TGC)
adjusts the amplification as a function of depth. In this way, it compensates for
signal attenuation and it ensures a more uniform brightness of the image [26].
Persistence is a temporal filtering technique that averages consecutive frames,
reducing noise while compromising temporal resolution. Increasing this parameter
will smooth the image, while decreasing it generates a more speckled image [27].
The imaging depth determines the penetration of the US beam and the FOV:
increasing depth allows the inspection of deeper structure, but the frame rate and
spatial resolution are reduced. Finally, XRES is a proprietary image technique
for speckle reduction and edge enhancement [28]. Overall, these parameters were
selected and controlled to ensure a consistent acquisition protocol.
The following parameters were kept constant:

Mechanical Index: 0.08

Dynamic Range: 50 dB

Output Power: -27.5 dB

e TGC: centered

Persistence: OFF

The following parameters were varied:
e Gain: 40%, 50%

e Depth: 4, 7, 10 cm

« XRES: ON/OFF

The variations of certain parameters were introduced to evaluate their effect
on speckle appearance, considering that image processing and acquisition settings
directly influence the measured intensity distribution and, therefore, subsequent
quantitative analysis.

In the end, the magnet rotation speed was primarily set to 150 RPM to maintain
homogeneous bubble distribution, with an additional acquisition performed at 100
RPM to assess the effect of reduced motion of the magnet.
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2.3.1 Acquisition Overview

A total of 12 acquisitions were performed, including both baseline and contrast-
enhanced conditions (see Table 2.2). Most of the acquisitions were performed in
CEUS mode. Two acquisitions were performed in dual mode to allow comparison
between contrast-specific and conventional imaging modalities.

Table 2.2: Summary of acquisition parameters for the speckle size experiment.

Magnet Speed

Condition Acquisition Gain (%) Depth (cm) XRES (RPM)
1 20 10 ON 150
Without contrast 2 50 7 ON 150
3 20 4 ON 150
4 20 10 ON 150
5) 40 10 ON 150
6 20 10 OFF 150
With contrast / 40 10 OFF 150
(0.25 mL SonoVue) 8 40 ’ OFF 150
9 40 4 OFF 150
10 (dual) 40 10 OFF 150
11 (dual) 50 10 OFF 150
12 40 10 OFF 100

2.3.2 Analysis

Speckle size characterization was conducted through a detailed 2D spatial autoco-
variance analysis of the CEUS signal.

Local regions were extracted for each frame using a window sliding method.
The 2D autocovariance function was calculated and then averaged across all frames
to minimize temporal variation for each window position. The autocovariance
function was averaged with the assumption of a gaussian shape of the speckle
pattern. The lateral and axial dimensions of the speckle were then estimated by
fitting the elliptical model to the averaged autocovariance function. The resulting
values of the speckle sizes were therefore converted to physical units (mm) using
the spatial calibration parameters derived from the DICOM metadata. Unrealistic
values were excluded from the data based on predefined thresholds, and orientation
inconsistencies were corrected to maintain alignment with the expected pulse
propagation direction. Finally, the relationship between speckle size and depth was
investigated by fitting the estimated speckle dimensions as a function of the distance
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from the probe using a linear model, giving a clear mathematical description of
how speckle characteristics change with the distance from the probe [20].

2.4 Calibration experiment

The aim of the calibration experiment is to verify the relationship between UCA
concentration and backscattered acoustic intensity. For low concentrations of UCA
and low mechanical index, the relationship between the concentration and the
acoustic intensity is expected to be linear [29]. This correlation, however, is not
directly seen on the image intensity that is observed, since the image intensity
displayed from the ultrasound scanner is logarithmically compressed.

Since the compression function used by the scanner is proprietary and unknown,
a simplified logarithmic model was used to approximate between the gray level
displayed and the acoustic intensity.

Q=ua-In (hm) (2.5)
]ref

where [};, is a quantity proportional to the acoustic intensity after compensation
for logarithmic compression, and I, is an internal reference intensity defined by the
scanner manufacturer and it is unknown. Since I,.; is constant for a given scanner
configuration, it only affects the scaling of the recovered signal and can therefore
be absorbed into the model parameters. Under this assumption, the displayed gray
level can be related to a linearized signal intensity [, assuming [y, /Les & Ljin.
This intensity is expected to be linearly proportional to the concentration of UCA,
at low concentrations:

[lin = ai - C + a9 (26)

For this reason, the experiment was designed to compensate for the image
compression and verify if the relationship between the UCA concentration and
acoustic intensity is preserved after linearization, so that the relationship between
UCA concentration and acoustic intensity can be assumed as an IDC and the
parameters can be obtained from the IDC fitting analysis.

Experimental setup

The experiment was conducted at UMC Utrecht. Similarly to the speckle size
regularization setup (Section 2.3), a clinical US system Philips EPIQ 7G was
equipped with a C5-1 probe. The probe was fixed on a probe holder and positioned
just below the water surface in a basin filled with degassed water, with an inclination
of approximately 120°. An acoustic panel was used to reduce reflection artifacts.
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Condom-based phantoms containing different UCA concentrations were used as
imaging targets.

Figure 2.10: Schematic drawing of the experimental setup: C5-1 probe, connected
to the Philips EPIQ 7G scanner, is fixed on a probe holder and immersed in a basin
filled with degassed water. A condom filled with UCA is positioned just below
the water level in the basin, while an acoustic absorber panel is used to minimize
reflection artifacts. Al-generated image based on author’s prompt.

Acquisition protocol

For each UCA concentration, a separate acquisition was recorded according to
the protocol described below. A starting SonoVue contrast solution (5 mL of
45 mg/mL lyophilized product) was made by placing 5 mL of saline (9 mg/L
concentration) into a contrast vial and gently shaking. Subsequently, 0.0111 mL of
this solution was diluted into 200 mL of saline, resulting in a base concentration
of 2.5 mg/L. From this base solution, multiple volumes were taken and different
dilutions were generated to obtain a range of UCA concentrations. The list of all
the concentrations used is reported in Table 2.3.

35



Materials and Methods

Table 2.3: Preparation of UCA dilutions starting from a base concentration of
2.5 mg/L (final volume = 120 mL).

C (mg/L) Volume contrast solution (mL) Volume saline (mL)

0.05 24 117.6
0.10 4.8 115.2
0.20 9.6 110.4
0.40 19.2 100.8
0.60 28.8 91.2
0.80 38.4 81.6
1.00 48.0 72.0

For each concentration, the solution was mixed and 120 mL were used to fill
a condom phantom, minimizing air inclusion before closing the phantom. Each
phantom was then submerged in the water basin and manually translated under the
probe for approximately 30 s during a dual-mode acquisition. Sliding the phantom
was important to ensure that each frame corresponded to a slightly different slice,
improving the sampling of bubble distribution. All the performed acquisitions
are summarized in Table 2.4. For each concentration, multiple acquisitions were
performed.

Table 2.4: Acquisition protocol for the C—I calibration experiment. Acquisitions
were performed at different UCA concentrations under constant imaging conditions
(XRES OFF, mechanical index = 0.08, depth = 10 cm). Each concentration

presents multiple acquisitions.

Concentration (mg/L) Gain (%) DR (dB)

0.05 47 20
0.1 47 40-60
0.4 47 40-60
0.8 47 40-60

1 47 40-60
2 47 40-60
10 47 20

Analysis
From the adopted model (Equation 2.5), the linearized intensity was computed as:

L = €0 (2.7)
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In addition, consistently with the behavior reported in the literature [29], lin-
earized intensity can be expressed as:

Ilz’n = ai - C + a9 (28)

where a; represent the sensitivity of the scanner, while as is the baseline intensity.
Therefore, knowing () from the acquisitions and the relative UCA concentration, it
is possible to compute the corresponding [;;,, and verify whether the relationship
between C and [ is linear.

The analysis was performed using MATLAB (version 2025b). Prior to the
analysis, the gray level () was compensated by reversing the colormap applied by
the scanner, in order to obtain a quantity proportional to the compressed signal
before displaying the mapping.

Several frames were selected for each concentration and a ROI was manually
defined. The phantom was tracked across the selected frames and the mean gray
level was extracted for each frame. A corresponding value of I;;, was derived from
Q. The resulting pairs (C, Ij;,,) were plotted and fitted with a linear model.

2.5 CUDI-based analysis

As briefly introduced in Section 1.3.7, CUDI-based analysis consists of two main
components: IDC fitting analysis and spatiotemporal similarity analysis. Both
methods require dedicated preprocessing steps before the actual analysis can be
executed. Once preprocessing is completed, quantitative parameters for tumor
characterization can be extracted.

The ultimate output of both analysis types is the generation of parametric maps
that display the estimated quantitative parameter as color-coded values overlaid
on the anatomical US image.

2.5.1 1IDC fitting analysis

TICs quantify the acoustic backscattered intensity following the injection of an
UCA at a given pixel or ROI in the US image as a function of time. For physi-
ological modeling of perfusion, however, information is needed in terms of UCA
concentration. This type of information is provided by the IDCs, which indicate
the relative distribution of UCA over time.

The measured TICs are then used to derive the concentration curves in the
IDC and fitted with a mathematical model to obtain important hemodynamic
parameters for the characterization of the tumor. The conversion from TICs to
IDCs is based on the linear relationship between the UCA concentration and the
acoustic intensity at low concentrations and low mechanical index. For this reason,
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a dedicated calibration experiment was conducted and it is reported in Section
?7?. Since acoustic intensity can be assumed to be proportional to microbubble
concentration under these conditions, a properly calibrated and linearized TIC can
be interpreted as an IDC. This step is essential, as the mathematical models used
to characterize tumor vasculature operate on concentration-based data rather than
raw intensity values.

A schematic representation of the IDC fitting analysis pipeline is provided in
Figure 2.11 to summarize the main processing steps.

Preprocessing

Before IDC fitting, spatial and temporal filtering are applied on raw US sequences
to improve the signal-to-noise ratio and reduce the computational time.

 Spatial filter: a Gaussian filter (¢ = 0.5 mm, downsampling factor 3) is
used to match the typical spatial scale of microvascular structures relevant
to angiogenesis imaging. This choice follows the rationale proposed in [19],
assuming that microvascular heterogeneity occurs at similar spatial scales
across solid tumors, including liver metastases, making an organ-independent
filter design appropriate. Downsampling by a factor of three after spatial
filtering reduces computation time substantially while preserving the relevant
spatial information.

» Temporal filter: a zero-phase finite impulse response (FIR) low-pass filter is
applied along the time axis. A cutoff frequency of 0.2 Hz is adopted, lower
than the 0.5 Hz used in prostate CUDI studies [19] to better capture the
slower perfusion dynamics characteristic of hepatic tissue and to limit the
influence of noise and residual motion on the TIC profiles.

All subsequent processing steps are performed on the filtered signals and follow
Kuenen’s approach[19].

Conversion to IDC and fitting domain

After filtering and linearization, TICs are interpreted as IDCs and used for model
fitting. The fitting procedure is performed in the logarithmic domain, since US
intensity noise has a multiplicative nature and becomes approximately additive
with more homogeneous variance after logarithmic transformation.

Recirculation removal

A critical aspect of IDC analysis is the presence of recirculation: after the first
passage of the UCA bolus, subsequent passages through the same region distort
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Figure 2.11: Workflow of the IDC fitting analysis. Motion-corrected CEUS
sequences are filtered and converted into IDCs, which are fitted using the LDRW
model to extract perfusion-related and dispersion-related parameters. The resulting
parametric maps are subsequently used for radial lesion analysis.
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the tail of the curve, making it no longer representative of the first-pass dynamics
that the model describes. To avoid fitting the corrupted tail, the curve is truncated
at a time t4,p, estimated by identifying the interval over which the IDC decay in
the logarithmic domain is best approximated by a linear function, corresponding
to a purely exponential decay in the real domain. The search for ¢y, is restricted
to the range where the IDC amplitude has decayed to between 20% and 50% of
its peak value, and an additional low-pass filter at 0.1 Hz is applied beforehand to
minimize effects of noise on this estimate. For the area of the curve beyond g, an
exponential extrapolation is performed to reconstruct the complete first-pass IDC
tail, which is needed for the subsequent moment-based parameter initialization.

LDRW model

The physical and mathematical framework adopted to model the temporal evolution
of the IDC is the Local Density Random Walk (LDRW) model. This model
represents an intravascular UCA transport as a one-dimensional convective diffusion
process and it represents the movement of the microbubbles and their dispersion
throughout the vasculature. In particular, it offers an analytical solution to the
mono-dimensional convective diffusion equation. This analytical solution is given

by:

K k(t —tg — p)?

C(t) = AUC memp <_2(t—t0)> (2.9)

where C(t) represents the UCA concentration at time ¢, AUC denotes the area
under the curve and acts as a scaling parameter related to local perfusion and
contrast agent concentration, t; is the arrival time of the UCA in the tumor,
p stands for the mean transit time (MTT), defined as the average time needed
for microbubbles to transverse the microvascular network, and finally x is a key
parameter, as it represents the dispersion parameter. It is defined as the ratio of
the squared convective velocity to the dispersion coefficient, as visible in Equation

2.10.

_
7>}

where v; is the local convective velocity of the microbubbles and D; is the
dispersion coefficient.

Physically, x quantifies the balance between convection and dispersion. From the
previous work on prostate [19], a high x value indicates that convection dominates
over dispersion. This behavior is typically associated with tumor tissue, where
increased vascular tortuosity and microvascular confinement limit lateral dispersion
of microbubbles.

(2.10)

40



Materials and Methods

Parameter estimation

By fitting the LDRW model to the measured IDCs, obtained after pixel-wise
linearization of the raw TICs, local hemodynamic parameters can be estimated
independently of the bolus dilution history. This is a significant benefit over the
standard perfusion-based methods that can be affected by overall dilution dynamics.
The framework to be used for the estimation of parameters is Maximum Likelihood
(ML) estimation, which treats the IDC as an observed histogram of the transit time
of microbubbles. This statistical approach is particularly selected for its superior
robustness in the presence of multiplicative noise, typical of CEUS.

The estimation process proceeds in two distinct stages that guarantees compu-
tational efficiency and accuracy. First, a non-iterative initialization is found by
calculating the statistical moments of the IDC. In this way, closed-form estimates
of the model parameters are obtained requiring iterative optimization. These initial
values are then given into Levenberg-Marquardt (LM) algorithm, which numerically
optimizes the likelihood function in the logarithmic domain, refining the solution.
As done in Kuenen work[19] at most, five iterations are carried out, which has been
demonstrated to not significantly improve precision of the estimation.

A quality control step was added to ensure the reliability of the extracted
parameters, based on the goodness-of-fit. Pixels whose determination coefficient
(R?) of the LDRW fit in the logarithmic domain was greater than 0.5 were used
for further analysis. Pixels that did not satisfy this criterion, usually because
of low SNR or motion artifacts, were discarded from the parametric maps to
avoid inclusion of non-representative hemodynamic data. This study lowered the
threshold for R? < 0.5 compared to Kuenen’s original work on prostate tumors, in
order to capture the higher noise levels observed in hepatic CEUS than in prostate
imaging.

Extracted parameters

Several parameters were extracted from the fitted IDCs in order to characterize the
hemodynamic properties of the lesions. These parameters can be categorized into
a dispersion-related parameter, derived from the LDRW model, and conventional
perfusion-related parameters used for comparative analysis.

o Dispersion parameter x: derived from the LDRW model and already defined
in this Section, representing the balance between convective and dispersive
transport.

o Mean Transit Time (MTT): represented by the model parameter i, it identifies
the average time required for the UCA microbubbles to traverse the local
microvascular network.
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» Peak Time (PT): defined as the time elapsed between the injection time (o)
and the time when the IDC reaches its maximum value.

o Wash-in Time (WIT): this parameter represents the time needed to increase
UCA concentration from 10% to 90% of the peak concentration.

Figure 2.12 illustrates representative IDC together with the conventional perfusiont
related parameters extracted from it.
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Figure 2.12: Representative IDC illustrating the perfusion-related parameters
extracted in this study. Al-generated image based on author’s prompt.

The four extracted parameters are subsequently used for lesion characterization
and for comparison with conventional perfusion-based metrics.

2.5.2 Spatiotemporal similarity analysis

As an alternative to IDC fitting, spatiotemporal similarity analysis offers an indirect
assessment of local dispersion by evaluating the relationship between IDCs at
neighboring pixels. This methodology is based on the physical rationale that
the chaotic and tortuous microvascular architecture of a tumor limits the spatial
spreading of the contrast bolus and thus results in lower dispersion. Consequently,
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in angiogenic regions, IDCs of adjacent pixels tend to exhibit a higher degree of

shape similarity compared to those in healthy tissue [19].

A major advantage of this analysis is that it does not require model fitting
or isolation of the bolus first-pass, making it less sensitive to artifacts such as

recirculation and baseline noise.

Similarly to IDC fitting analysis, Figure 2.13 shows a workflow of the spatiotem-
poral similarity analysis, summarizing the main processing steps from CEUS signal

preprocessing to the generation of similarity parametric maps.
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Figure 2.13: Workflow of the spatiotemporal similarity analysis. Motion-corrected
CEUS sequences are linearized, regularized, and temporally aligned before com-
puting similarity metrics within an annular spatial kernel. The resulting similarity
maps provide information on local contrast transport dynamics and vascular het-

erogeneity.
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Preprocessing

To ensure that similarity estimates reflect true hemodynamics rather than imaging
artifacts, the following preprocessing steps are implemented:

o Data linearization: as in IDC fitting analysis, raw TICs are linearized to
compensate for scanner-side logarithmic compression. This step ensures that
the resulting data is proportional to the actual concentration of microbubbles.

o Speckle size regularization: as explained in Section 2.3, US system resolution is
anisotropic due to divergent scan lines and depth dependency. In order not to
bias similarity results, a spatial filtering step based on Wiener deconvolution
is applied to regularize the speckle size to an approximately isotropic value,
ensuring that similarity measures present homogeneous spatial resolution
in the entire image and is not influenced by direction-dependent resolution
differences.

o Time windowing: a time window of 35-40 s is applied to each TIC, starting at
the estimated local appearance time (,,), in order to focus the analysis on the
most informative portion of the bolus passage and to minimize the influence
of background noise. In this way, the signals are aligned and not distorted by
bolus arrival time differences when performing similarity calculations.

Spatial kernel and parametric mapping

A ring-shaped (annular) kernel is used to compute similarity at each pixel, in order
to ensure the statistical independence of the similarity values and not introduce
artifacts from the resolution limitations of the system. This kernel compares the
central pixel with those located at a distance between 1.0 mm and 2.5 mm. The
inner radius allows to not consider pixels that otherwise would be too similar just
because of US beam width. On the other hand, the outer radius is selected to
match the physical scale of angiogenic networks. This kernel design also ensures
that the analysis remains independent of the dominant flow direction.
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Figure 2.14: Annular kernel used when computing spatiotemporal similarity
analysis. From [19].

The final output is a parametric similarity map, where color-coded values of the
extracted parameter are overlaid on the anatomical images, highlighting regions of
reduced dispersion.

Extracted similarity parameters
The similarity can be quantified using different parameters:

« Spectral coherence (p): it is calculated in the frequency domain (usually within
a 0-0.5 Hz bandwidth) and it measures the correlation between the magnitude
spectra of neighboring curves [19]. The main advantage of this parameter is
that it does not take into account phase shifts, but it evaluates the shape of
the curves regardless differences in contrast arrival times.

 Correlation coefficient (r): it is calculated in the time domain. Even if it
is inherently sensitive to time offsets, the use of a window-based realign-
ment allows r to be used effectively. The main advantage of r is that it
keeps phase information, capturing additional kinetic details useful for tumor
characterization.

o Orthogonal coherence: it is calculated in the frequency domain and it quantifies
how similar neighboring TICs are after subtracting the common spectral
component. Therefore, it emphasizes local variations in the transport of
contrast and it is more sensitive to spatial heterogeneity.

» Conditional entropy: it measures the uncertainty in the neighboring TICs after
taking into account the information in the current TIC [30]. Higher values
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correspond to more variability and complexity in the dynamics of local contrast
enhancement over time, while lower values correspond to more predictable
dynamics over time.

o Mutual information: it measures statistical dependency of neighboring pixels
without the assumption of a linear relation. This method describes nonlinear
similarities in the UCA transport kinetics which may not be detected by
traditional correlation or coherence techniques.

2.5.3 Radial analysis of tumor regions

For the extraction of the parameters of interest described in the previous paragraphs,
a region-based analysis was performed to investigate the spatial heterogeneity of
tumor perfusion.

For each CEUS sequence, the contour was manually delineated. In most cases,
the lesion exhibited a rim-enhancing pattern presenting a hyperenhanced ring
surrounding a hypoechoic or necrotic core. Based on this manually defined contour,
a set of concentric regions was automatically generated. In particular, three external
rings and three internal rings were constructed around the original contour, all
geometrically concentric. In this way, multiple radial region were defined, enabling
the characterization of perfusion properties from the outer area toward the inner
tumor regions. The core of the tumor, not belonging to any of the defined internal
rims, was analysed as a third separated region. In Figure 2.15 an example of these
regions is present.

For each region, parameter values were extracted from the corresponding para-
metric maps and summarized using the median. Median was chosen to provide
a more robust estimate of central tendency, reducing the influence of noise, the
presence of outliers and inaccuracy of local fitting. Therefore, to highlight global
trends, the median values of the three external rims were combined across all the
datasets to obtain a representative value for the outer tumoral region. The same
was done for the three inner rims. Median was also computed on core values to
obtain global values base on all the datasets. Regions with a number of pixels
below a certain defined threshold (Th = 100) were not considered for the global
analysis, in order to ensure robust statistical estimates and to avoid potential
biased results from poorly sampled rims. Regions with a limited number of pixels,
in fact, are more likely influenced by noise, local fitting inaccuracies and outlier
values. Implementing this threshold, resulting measures of median and dispersion
are derived from significant sample size, providing a more reliable characterization
of the tumor.

In the end, these descriptors were compared to investigate radial patterns of
perfusion and to assess tumor heterogeneity. This analysis allows the identifica-
tion of characteristics spatial trends in the extracted parameters, supporting the
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Radial regions (0 = boundary, + = inside, - = outside)

Figure 2.15: Representation of rims for the radial analysis on one patient. The
white line corresponds to the manually delinated tumor contour; negative rims are
the outer rims; positive rims indicate the inner region of the tumor; the central
area is the core of the tumor.

differentiation between tumor regions and surrounding tissue.

2.5.4 Statistical analysis

To establish whether the considered parameters were able to discriminate between
different tumor regions, a non-parametric statistical analysis was performed. In
particular, the Wilcoxon signed-rank test was computed using the MATLAB in-
built function signrank. It was used to determine paired comparisons between
regions (outer, inner, core). This test was selected because the data did not
necessarily satisfy the assumptions of normality required for parametric tests, and
because measurements from different regions were derived from the same dataset,
constituting paired observations. The Wilcoxon signed-rank test is used to compare
the difference between two observations, to rank the magnitudes of the differences
and to determine whether there is symmetry of sign of difference around zero. This
enables the test to determine whether there is one region in which the parameters
tend to have higher or lower values than in the other or not, without taking any
assumption about the distribution assumed by the parameters. In this case, it was
used for comparing;:

 outer vs inner regions, to evaluate differences between surrounding parenchyma
and tumor rim;
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e inner vs core regions, to investigate intratumoral heterogeneity;

e outer vs core regions, to compare overall contrast between healthy tissue and
necrotic areas.

A p-value < 0.05 was considered as statistically significant for each comparison.
The Wilcoxon test gave a powerful structure to test for systematic differences in the
distribution of parameter values between regions, because of the paired structure
of data and the possibility of potential outliers.
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Chapter 3

Results

This chapter presents the results obtained at the different stages of the proposed
analysis pipeline. First, the performance of the MC approach is evaluated. Then,
the results of the speckle size regularization and calibration experiments are reported.
Finally, the outcomes of the quantitative analysis of CEUS data are presented.

3.1 Motion Correction

3.1.1 Choice of best pipeline

In order to select the most suitable MC pipeline configuration, a quantitative
evaluation of performance was carried out by comparing similarity metrics (MI,

NCC, SSIM, SAD) before and after correction for both configurations A and B on
a subset of 8 representative sequences.

Figure 3.1 reports the distribution of the absolute improvements obtained
for each metric. As shown in Figure 3.1, pipeline A achieved larger median
improvements than pipeline B for all of the investigated metrics. The higher
differences were observed for MI and SAD. The paired Wilcoxon signed-rank test
indicated statistically significant differences between the two pipelines for all metrics
(p = 0.0078).
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Motion correction: Pipeline A vs Pipeline B
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Figure 3.1: Boxplots of improvement for NCC, SSIM, MI, and SAD comparing A
and B MC. Each box represents the distribution across all datasets. Gray lines

connect paired observation from the same dataset. P-values correspond to paired
Wilcoxon signed-rank tests.

Table 3.1 reports a quantitative summary of the comparison between pipelines.
In addition to median improvements, the table presents also the relative AM AD
values (defined as post-MC MAD — pre-MC MAD) quantifying the variation of
temporal variability. Negative values indicate a reduction in temporal variability
after MC, whereas positive values indicate a slight increase.
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Table 3.1: Comparison between motion-correction pipelines A and B on the
analysed datasets. Improvements are reported as median post—pre differences for
MI, NCC, and SSIM, and as median pre—post differences for SAD. AMAD is

defined as post—pre for all the metrics.

Median Median Median Median
Metric | improvement A improvement B AMAD A AMAD B
MI 0.1714 0.0748 0.0114 0.0047
NCC 0.0861 0.0553 -0.0078 -0.0001
SSIM 0.0891 0.0408 0.0120 0.0068
SAD 1.5057 0.5052 -0.2730 -0.1518

3.1.2 Similarity metrics on the entire dataset

As it was established that Pipeline A achieved the best performance in the 8 test
cases, this pipeline was implemented to analyse the entire dataset.

All similarity metrics computed on the entire dataset showed an improvement
after applying the selected pipeline configuration A. MI, NCC and SSIM exhibited
higher values after MC, while SAD showed a reduction, indicating improved image
consistency. Figure 3.2 presents the distribution of pre- and post-MC values for
each metric. Boxplots are reported using the median and interquartile range, as
these statistics are more robust to outliers compared to mean-based measures.
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(c) Boxplot of SSIM. (d) Boxplot of SAD.

Figure 3.2: Comparison between pre- and post-motion correction values for all
similarity metrics on the entire dataset. Boxplots illustrate the distribution of each
metric, showing the overall improvement after MC.

A quantitative summary of the motion-corrected data on the entire dataset is
reported in Table 3.2. The presented values correspond to the median improve-
ment, AMAD and p-value from Wilcoxon signed-rank test to compare statistical
significance.
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Table 3.2: Quantitative effect of the selected motion-correction pipeline on the
complete dataset (N = 28). The reported values to the median improvement and
AMAD for all four metrics.

Metric ‘ Improvement AMAD p-value

MI 0.1560 0.0483 3.79 x 107°
NCC 0.0873 -0.0150  5.26 x 107°
SSIM 0.0869 -0.0030  3.79 x 107°
SAD 1.3614 0.0831 3.79 x 10~°

Figure 3.3 shows an example of a TIC extracted from pixel [68,56] in the
first contrast-agent injection of the second-day acquisition of RASTRIC patient
47, before (on the left) and after (on the right) MC. The blue curve in the plot
represents the raw pixel values, the red curve is the preprocessed TIC used for the
analysis, the yellow curve represents the fitted LDRW model and the gray vertical
lines represent the OOP frames selected within the MC. Explanation of the LDRW
model and the extracted TIC can be found in Section 2.5.1 A visible reduction
of signal fluctuations can be observed after MC, together with an increase in the
overlap between the measured samples and the fitted curve.
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(a) Pre-motion correction. (b) Post-motion correction.

Figure 3.3: Example of time-intensity curves extracted from pixel [68,56] of
RASTRIC patient 47 before and after motion correction.

3.2 Speckle size regularization

Figure 3.4 illustrates the results of speckle size as a function of depth before and
after the regularization process for axial and lateral directions.
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Figure 3.4: Fitted curve on axial (left) and lateral (right) speckle size.

Table 3.3 reports the coefficients of the fitted curves to the axial and lateral
speckle size measurements before and after regularization.

Table 3.3: Linear regression coefficients obtained before and after speckle-size
regularization for the axial and lateral directions. o, refers to the intercept,
while 0,,, is the slope of the fitted curve.

Direction Regularization  oceonst  Ovar

Axial Pre 0.005 0.490
Post 0.0007 1.128
Lateral Pre 0.0728 0.503
Post 0.0068 1.215

Before regularization, the axial speckle size remained approximately independent
from depth, as indicated by the almost zero slope of the fitted curve, but the values
were around 0.5 mm. After regularization, the axial dimension remains independent
of depth but with dimensions around 1 mm. On the contrary, lateral speckle size
was highly depth-dependent before regularization, presenting a positive slope, while
after regularization the slope value reduces, as depth-depencency does.

Figure 3.5 shows representative 2D autocovariance maps before and after reg-
ularization. Prior to the regularization, the autocovariance has a strong lateral
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elongation, indicating an anisotropic speckle pattern having a larger lateral di-
mension (6.04 px) than axial dimension (1.58 px). The regularization makes the
autocovariance more symmetric and the speckle sizes more similar (lateral = 3.13
px, axial = 4.09 px) which suggests a more isotropic speckle pattern.
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(a) Before regularization. (b) After regularization.

Figure 3.5: Examples of 2D autocovariance functions before and after speckle size
regularization. After regularization, the autocovariance becomes more symmetric,
reflecting a more isotropic speckle pattern.

Figure 3.6 shows the 2D autocovariance patterns obtained from two ROIs at
different depths of imaging before and after speckle size. Before regularization, the
deeper ROI shows a greater lateral elongation of the autocovariance, due to the
depth dependency of the speckle pattern. After regularization, the autocovariance
is closer together at different depths, which means the speckle size is isotropic and
spatially uniform throughout the FOV.
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Figure 3.6: Representative 2D autocovariance patterns extracted from two ROIs
located at different imaging depths before and after speckle size regularization.

3.3 Calibration experiment

From the fitting of the pairs (C, I;;;,), an approximately linear relationship was
obtained. In this fitting, the concentration of 10 mg/L was excluded, as the
expected linear relationship between concentration and intensity is valid only at
low UCA concentrations. The result is shown in Figure 3.7.

Consequently, the sensitivity of the scanner (a;) and the baseline intensity (as)
can be found. The estimated parameters are:

a; = 11.026 (3.1)

as = —0.1639 (3.2)
with a coefficient of determination:

R? = 0.9569 (3.3)

3.4 CUDI-based analysis

The following figures illustrates the spatial distribution and radial behavior of the
parameters extracted for tumor analysis and characterization. A representative
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Concentration - intensity relationship
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Figure 3.7: Relationship between concentration and intensity. The curve is based
on the following concentrations in mg/L: 0.05, 0.1, 0.2, 0.4, 0.6, 0.8, 1, 2.

case is presented before extending the analysis to the entire dataset.

Figures 3.8, 3.9, 3.10 and 3.11 represent the parameters derived from the
IDC fitting analysis: respectively «, peak time, wash-in time, mean transit time.
Figures 3.12, 3.13, 3.14, 3.15 and 3.16 show the parameters derived from the
spatiotemporal similarity analysis: coherence, correlation coefficient, orthogonal
coherence, conditional entropy, mutual information.

For each parameter, a parametric colormap extracted from the CUDI framework
is displayed with its corresponding color bar. In addition, two side-by-side plots are
reported. For each plot, specific values are shown for each rim of the radial analysis
under consideration and for the core. Negative rims correspond to the regions
outside the manually delineated tumor contour, with -3 indicating the outermost
rim and -1 representing the rim immediately outside the contour. Positive rims
correspond to the regions inside the tumor, with 1 indicating the innermost rim
closest to the contour, and 3 indicating the innermost rim, just preceding the core.
The left plots report the radial profile of the parameter using the median value for
each rim (blue continue line), and the 25th and 75th percentiles range (yellow and
orange dashed lines). The right plots illustrate the full distribution of parameter
values for each rim using boxplots and providing information about variability,
distribution shape and outliers.
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Figure 3.8: Parameter k. On the left: radial profile. In the centre: distribution.
On the right: colormap extracted from CUDI framework.
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Figure 3.9: Parameter peak time. On the left: radial profile. In the center:
distribution. On the right: colormap extracted from CUDI framework.
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Figure 3.10: Parameter wash-in time. On the left: radial profile. In the center:
distribution. On the right: colormap extracted from CUDI framework.
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Figure 3.11: Parameter mean transit time. On the left: radial profile. In the
center: distribution. On the right: colormap extracted from CUDI framework.
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Figure 3.12: Parameter
distribution. On the right:

coherence. On the left: radial profile. In the center:
colormap extracted from CUDI framework.
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Figure 3.13: Parameter correlation coefficient. On the left: radial profile. In the
center: distribution. On the right: colormap extracted from CUDI framework.
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Radial profile Distribution
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Figure 3.14: Parameter orthogonal coherence. On the left: radial profile. In the
center: distribution. On the right: colormap extracted from CUDI framework.
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Figure 3.15: Parameter conditional entropy. On the left: radial profile. In the
center: distribution. On the right: colormap extracted from CUDI framework.
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Figure 3.16: Parameter mutual information. On the left: radial profile. In the
center: distribution. On the right: colormap extracted from CUDI framework.

Table 3.4 reports the p-values obtained from Wilcoxon signed-rank tests com-
paring outer, inner and core regions for each parameter. The test was computed
considering only datasets satisfying the minimum valid-pixel threshold, as described
in Section 2.5.3.
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Table 3.4: Statistical comparison between outer, inner, and core regions for all
analyzed parameters. P-values were obtained using paired Wilcoxon signed-rank
tests. Significant differences (p < 0.05) are highlighted in bold and marked with a
*. N indicates the number of datasets considered for the analysis.

Parameter Outer vs Inner Inner vs Core Outer vs Core N
Coherence 0.228 0.849 0.218 26
Conditional entropy 0.713 0.395 0.517 26
Correlation coefficient 0.568 0.585 0.585 26
K 0.005%* 0.408 0.003* 22
Mean transit time <0.001* 0.050% <0.001* 22
Mutual information 0.025%* 0.144 0.006* 26
Orthogonal coherence <0.001* 0.049%* <0.001* 26
Peak time 0.003* 0.062 <0.001* 22
Variance 0.077 0.355 0.016%* 22
Wash-in time 0.463 0.845 0.327 18

Among the analysed parameters, parameters such as coherence, correlation coef-
ficient, conditional entropy and wash-in time do not present significant differences
between the analysed regions. In contrast, five of them emerge as statistically
significant differences in at least two of the three regional comparisons: x, peak time,
mean transit time, orthogonal coherence, mutual information. In particular, mean
transit time was the only parameter showing statistically significant differences
across all the three regional comparisons.

The distribution of these five parameters is illustrated in Figures 3.17 and 3.18.
For each parameter, the boxplots illustrate the distribution of the values for outer,
inner and core regions across all the sequences. Colored markers indicate the value
associated with each single dataset, while dashed lines connect the values from the
same lesion across the three regions. This visualization is helpful to appreciate
both population-wide distributions and lesion-specific trends during the analysis.
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Regional comparison - kappa
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(c) Mean transit time.

Figure 3.17: Regional comparison of IDC fitting parameters. Boxplots summarize
the distribution across all datasets, while dashed lines connect values belonging to

the same lesion.
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Regional comparison - orthogonalcoherence
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Figure 3.18: Regional comparison of the most significant spatiotemporal similarity
parameters. Boxplots summarize the distribution across all datasets, while dashed
lines connect values belonging to the same lesion.
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Chapter 4

Discussion

4.1 Motion Correction

4.1.1 Choice of best pipeline

As shown in Section 3.1.1, both pipelines improved similarity metrics in most
cases. However, the magnitude and consistency of these improvements differed
between the two versions. From the results, it can be observed that the pipeline
A gives better improvement than pipeline B with respect to NCC, SSIM and MI.
Similarly, a larger decrease for A was seen in the SAD (in which more positive
improvement was seen as less SAD), suggesting a more effective reduction of the
intensity inconsistencies at the frame-to-frame level. The improvements in NCC
and SSIM are larger for the larger, indicating that image similarity and local
structural information were better preserved following MC. The greatest differences
were seen in MI, indicating a better preservation of the statistical relationships
between frames and signal characteristics, which is important for good extraction
and analysis of TIC. The larger reduction in SAD further supports a more effective
compensation of frame-to-frame intensity inconsistencies.

All metrics had the same p-value < 0.01 when using the paired Wilcoxon signed-
rank test. This is because of the small sample size (n = 8) and the fact that the
same pipeline consistently performed better than the other pipeline in all of the
datasets. Thereby, all the paired differences were positive and the two-sided p-value
for eight paired differences was the smallest possible value obtainable with the
Wilcoxon signed-rank test.

Changes in temporal variability quantified through AM AD, are dependent from
metrics. Pipeline A shows a larger reduction in variability for NCC and SAD, while
MI and SSIM present small increases in AM AD for both pipelines. In addition,
some failure cases are observed for B, where improvements are minimal or even
negative.
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These findings suggests that the superior performance of pipeline A stands in
the stage at which the two-tier strategy is applied. Rigid registration is primarily
intended to compensate for large-scale global displacements, whereas deformable
registration is more suitable for correcting residual local deformations. In pipeline
A, frames are first aligned to motion-consistent SRFs, which which reduces inter-
cycle variability and gives a more stable initial alignment for the next deformable
registration. On the other hand, if rigid registration is done directly towards the
MRF, as is the case in pipeline B, it may lead to larger registration errors, which
the deformable registration stage has to compensate for in the following pipeline
step.

Furthermore, rather than using a standard spatial registration, deformable
registration is used directly between each frame and the MRF in pipeline A
to ensure that they share a common spatial reference throughout the sequence.
Pipeline B propagates deformable transformations through intermediate SRFs,
which leads to higher chances of local deformations being accumulated and causing
progressive spatial distortions.

This interpretation is in line with the initial concept of the two-tier approach
proposed by Ta et al., which incorporated intermediate respiratory references, to
better ensure the robustness of the registration when long CEUS acquisitions and
breathing motion are present. In previous CEUS motion correction studies similar
observations have been made, with intermediate reference frames providing more
stable registrations than a direct alignment to a single reference image, taking into
account the respiratory cycles.

The evaluation was performed on a limited dataset and ROI configuration.
Therefore, even if these results indicate A as the better pipeline, more validation on
a larger and more diverse set of data would be needed to establish generalizability
of the findings. Based on these considerations, A was chosen for further analysis,
because it not only shows the highest improvements for all similarity measures but
also a similar or slightly better temporal stability.

4.1.2 Similarity metrics on the entire dataset

The boxplots in Section 3.1.2 reveal that in all of the evaluated metrics there is a
general improvement of the image sequences after applying MC, demonstrating
the efficienty if the pipeline for improving temporal and spatial consistency of the
image sequence.

In the post MC sequence, MI had higher shared information between frames
and a greater temporal coherence of the signal, meaning that the corresponding
anatomical structures aligned better over time. Similarly, the higher NCC indicates
more stability in pixel intensities across frames, therefore more reliability in spatial
correspondence of anatomical features throughout the sequence. These results
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are reinforced by the improvement in SSIM. Differently from NCC, SSIM also
preserves local structural charcateristics, such as contrast and texture. Thus, its
rise indicated that in addition to the intensity patterns also the structure of images
is better preserved across frames. This demonstrates higher spatial coherence and
lower motion-induced distortion. The reduction in SAD confirms a decrease in
spatial misalignment and increase in stability after MC in the sequence.

These results are further strengthened by the use of median-based statistics,
where the observed improvements are not due to a few frames that are affected by
extreme motion, but are instead observed across the entire sequence of frames.

While MC generally leads to an overall improvement in similarity metrics, the
behavior of the MAD is slightly different. As shown in Table 3.2, MI and SAD
present positive AM AD values, indicating an increase in metric dispersion after
MC. On the other hand, NCC and SSIM report small negative values, corresponding
to a reduction in variability metric. These small changes need some caution in the
interpretation. In particular, the higher AM AD value of the MI may be attributed
to the fact that MC restores spatial consistency and reduces temporal averaging
effects. By reducing this motion-induced blurring, local differences between pixels
become more distinct and well-defined, leading to an increased dispersion of the
metric values. Consequently, a rise in MAD should not be considered as a sign of
bad MC, but rather as an indicator of improved spatial consistency and reduced
motion-induced smoothing caused by tissue displacement. In contrast, the reduction
in variability for NCC and SSIM suggests a more homogeneous improvement across
the analysed dataset.

Overall, regardless the limited changes in AM AS, these results demonstrate that
the implemented MC pipeline successfully improves image stability by enhancing
alignment, intensity-based and structural consistency. This is particular relevant
for subsequent CUDI-based analysis, since greater temporal coherence of pixel-wise
signals allows TICs to be extracted and fitted more reliably, ultimately enabling
a more robust assessment of spatiotemporal similarity and tissue heterogeneity.
This improvement in TIC fitting can be seen in Figure 3.3. Before correction, the
raw intensity pixel values exhibit clear oscillations. These variations recall the
breathing movement and tissue displacement, which cause the tracked pixel to take
place into different positions over time. After MC, the intensity pixel values appear
more compact and better aligned with the TIC shape, The oscillation movement is
reduced, sign of the effectiveness of the implemented MC pipeline. This create a
smoother and more coherent temporal evolution of the signal. Consequently, the
fitted LDRW model is closer to the measured data. In this way, a more reliable
estimation of perfusion-related parameters can be carried out.

This result supports the quantitative results obtained from the similarity metrics
and underlines the importance for MC to enable proceeding with subsequently
analysis in a more reliable and robust manner. In this way, temporal consistency
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of pixel-wise signals and characterization of tissue perfusion and heterogeneity are
enhanced.

4.2 Speckle Size Regularization

As expected, before regularization the speckle pattern presented a clear anisotropy,
characterized by lateral elongation depth-dependent and axial dimension indepen-
dent of depth, as demonstrated by the near-zero slope of the fitted model in Figure
3.4 and Table 3.3. However, the measured dimensions were below the desired value
of 1 mm. The observed behavior is consistent with the physical principle that
CEUS signals originate from the collective nonlinear backscatter of microbubble
populations rather than isolated reflectors. The depth-dependent elongation of
speckle patterns can be explained by the divergence of ultrasound beams emitted
by the convex probe, leading to an increase in lateral resolution with depth and
therefore to intrinsic anisotropy of the speckle field [20].

After regularization, the axial size remained independent of depth while approach-
ing the target dimension. In contrast, lateral speckle size exhibited a reduction in
the slope of the fitted curve, indicating a more homogeneous lateral speckle size
throughout the FOV.

Additional proof is illustrated in Figure 3.5. Before regularization, the estimated
speckle shape is wrongly anisotropic, showing a larger lateral size than axial size.
After regularization, the dimensions of the two axis become similar, resulting in a
closer to isotropic speckle pattern. This observation is consistent with Figure 3.6,
where visual examples extracted from near and far field ROIs show more uniform
speckle size after regularization.

From CUDI perspective, these results are very important. Depth-dependent
variations in speckle size may introduce artificial differences in local image texture
and affect the subsequent analysis of similarity-based parameters. By reducing
lateral depth-dependency and generating a more homogeneous speckle pattern, the
regularization procedure improves the comparability of measurements obtained at
different image depths. Moreover, it was proved that the reliability of analysis of
similarity in space and time is greatly influenced by the regularity of the speckle
pattern [19] [20].

Overall, the results show that speckle size regularization framework is able to
decrease the depth-dependent anisotropy of the speckle field while maintaining
spatial consistency. This achieves a more uniform representation of local image
texture, and creates more reliable basis for the subsequent extraction of dispersion-
related parameters as part of the CUDI framework.
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4.3 Calibration experiment

The results indicate that, even if the exact form of the scanner’s compression
function is difficult to identify, using simplified modeling assumptions the linear
relationship between concentration and linearized intensity is well preserved. The
high coefficient of determination R* ~ 0.96 confirms that the selected model
provides a good approximation of the measured data across the entire analysed
concentration range. A marginal increase in variability at higher concentration
can be observed, as visible with larger error bars. This behavior is aligned with
the documented nonlinear response of UCAs: at higher concentrations, physical
phenomena such as bubble-to-bubble interactions and acoustic attenuation begin
to interfere with signal linearity and affect it.

These findings support the validity of adopting a simplified linear model to
describe the relationship between microbubble concentration and acoustic inten-
sity within the low-concentration regime, which is an interesting area for clinical
CEUS applications. Therefore, within this regime, the relationship between UCA
concentration and linearized intensity can be reasonably approximated as linear.
This justifies the use of a linear model in subsequent CUDI analysis and related
quantitative approaches.

4.4 CUDI-based analysis

The representative case illustrated from Figure 3.8 to Figure 3.16 highlights the
effectiveness of the radial analysis to reveal spatial variations in both perfusion-
related and spatiotemporal similarity parameters. Several parameters exhibited
non-uniform radial profiles, sign of spatial heterogeneity between the outer, inner
and core of the tumor. Even if the radial behavior observed in this case cannot
be generalized to the entire dataset, this example demonstrates how the proposed
radial analysis captures spatial patterns that would not be visible when averaging
parameter values over the entire lesion.

The global analysis on all the datasets identified several parameters exhibiting
statistically significant differences between the compared regions. In particular,
Kk, mean transit time, peak time, mutual information and orthogonal coherence
exhibit significant differences in at least two of the three regional comparisons,
suggesting the presence of reproducible spatial patterns across lesions.

The dispersion-related parameter x shows significant differences between the
outer and inner regions and between the outer region and the tumor core. Since
k is related to the dispersion characteristics of the local TIC, these findings may
suggest that UCA transport dynamics differ between the tumor and the surrounding
tissue. The absence of significant differences between the inner region and the
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core indicates that this transition may occur primarily at the tumor contour.
Peak time and mean transit time show some of the highest differences. Mean
transit time is the only IDC fitting parameter that reaches p-values < 0.05 in
all three regional comparisons. These parameters indicate a progressive increase
from the surrounding tissue towards the tumor core, suggesting that the temporal
characteristics of contrast enhancement vary clearly across the different spatial
regions and reflecting heterogeneous perfusion dynamics within and around the
lesion.

Regarding the spatiotemporal similarity metrics, the largest regional differences
in measures are observed in the orthogonal coherence measure with significant
differences (p-value < 0.05) in all comparisons. In particular, differences in the outer
region indicate that the temporal behaviour of neighboring TICs is significantly
different from the outer tissue and the tumour.This result supports the hypothesis
that orthogonal coherence is able to capture spatial heterogeneity in local contrast
enhancement patterns, giving complementary information to conventional perfusion
parameters. Mutual information also presents significant differences between
the outer region and both the inner and the core zones of the lesion. Since
mutual information quantifies the statistical depencency and the amount of shared
information between neighboring TICs, these findings suggest that the temporal
organization of contrast enhancement differs when moving from outer to tumoral
tissue.

In contrast, coherence, correlation coefficient, conditional entropy and wash-in
time do not exhibit statistically significant regional variations. This absence of
significant differences may imply that these parameters are either less sensitive to
localized changes within the lesion or influenced by inter-patient variability.

One possible biological explanation for these regional differences may be the
heterogeneous vascular structure that is often encountered in the liver metastases.
At the tumor boundary, the activation of angiogenesis has been linked to tumor
growth, because the tumor cells come into contact with the nearby liver parenchyma
that stimulates the formation of new microvessels. On the other hand, the central
regions of metastases may present lower vascular density, hypoxia or necrotic
regions. This results in an outer, inner and core zone of the lesion that can
have very different contrast agent transport and perfusion characteristics. These
differences in vascular architecture may explain the observed differences in x, peak
time and mean transit time, which are influenced by the local contrast transport
and perfusion characteristics. In the same way, variations in orthogonal coherence
and mutual information between regions could be an indicator of variations in
spatial organization and connectivity of the underlying microvascular network.

The observations on the extracted parameters are aligned with previous CUDI
studies, which demonstrated that dispersion-related parameters and local spa-
tiotemporal similarity metrics are sensitive to angiogenesis-induced alterations
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in microvascular architecture, including changes in vessel density, tortuosity and
branching patterns.

Among the dispersion parameters, k is always reported as one of the most
informative parameters. Studies on prostate cancer reported significant differences
in Kk between benign and malignant tissue, which indicates that the parameter is
sensitive to the vessel tortuosity, the microvascular density and the organization
of the vessels that are linked to angiogenesis [19]. The results agree with the
idea that x is not only a measure of the intensity of perfusion but also a measure
of the spatial variability of the contrast transport dynamics. Similarly, Schmit
et al. found that the parameter  is one of the most discriminative parameters
for the characterization of uterine disorders [31]. Their findings showed that the
dispersion-related parameters offer additional information to the conventional
perfusion parameters derived from TIC and that structural vascular differences,
which are not fully accounted for using perfusion kinetics, can be partly explained
using dispersion-related measures.

Other parameters based on coherence have also been found to be highly vascular
architecture dependent. The prostate cancer datasets showed that the coherence-
related metrics also had better discriminatory power than several traditional
perfusion parameters, suggesting that temporal similarity between adjacent TICs
holds significant information about the underlying microvascular network [19].
These findings agree with the significant differences found in the present study for
orthogonal coherence and suggest that coherence-based approaches are sensitive to
the vascular heterogeneity.

Different conclusions for conditional entropy have been reported. In studies
of breast lesions, the researchers found that conditional entropy was one of the
most discriminatory similarity parameters describing the spatiotemporal behavior
of tumors, with the temporal contrast behavior of malignant vascular networks
being less predictable than that of benign tissue [30]. In contrast, in the present
study no significant regional differences were found in conditional entropy. This
may indicate that the parameter is more suitable for differentiating the various
types of lesions rather than for distinguishing heterogeneity in a particular lesion.

CUDI was also applied to the case of adenomyosis, where both x and spatiotem-
poral similarity metrics presented heterogeneously high values when compared
to healthy myometrial tissue. These findings were interpreted as evidence of
angiogenesis-related alterations in microvascular architecture and local disper-
sion within the tissue, showing that CUDI can capture spatially heterogeneous
microvascular patterns in diseased tissue [32].

Taken together, these findings support and extend the observations previously
reported in the CUDI literature. Significant regional differences were observed for
several dispersion- and similarity-related parameters, indicating that CUDI can
be used not only to characterize vascular differences between tissues but also to
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investigate regional variability within individual liver metastases. In particular, the
significant differences involving the outer region suggest that important vascular
changes may occur at the tumor boundary.

By separately evaluating outer, inner, and core tumor regions, the proposed
radial framework directly addresses the spatial analysis concept previously suggested
in the CUDI literature. The observed differences indicate that relevant information
may be lost when parameters are averaged over the entire lesion.

It is important to consider that this work was relatively limited in size. Further-
more, the number of valid datasets varied between parameters due to the minimum
pixel threshold implemented to ensure statistical robustness. Consequently, the
observed trends should be considered exploratory and require further validation in
larger datasets.

Ultimately, the proposed radial analysis framework successfully reveals spatially
heterogeneous patterns difficult to appreciate with traditional approaches. The
significant differences observed for kappa, mean transit time, peak time, orthog-
onal coherence, and mutual information suggest that both perfusion-related and
spatiotemporal similarity parameters contain complementary relevant information
for liver metastases regional characterization.

Overall, while previous CUDI studies mainly demonstrated the ability of
dispersion-based parameters to distinguish tissues with different vascular architec-
tures, the present work suggests that the same framework can also reveal spatial
heterogeneity within a single lesion, extending the application of CUDI to liver
metastases. The proposed radial framework allows the separate evaluation of outer,
inner, and core tumor regions, highlighting the potential of spatially resolved vas-
cular characterization and extending the application of CUDI beyond conventional
lesion-averaged analysis.

71



Chapter 5
Conclusions

This thesis aimed to investigate the use of contrast enhanced ultrasound (CEUS)
and contrast ultrasound dispersion imaging (CUDI) as new quantitative tools to
characterize the microvascular heterogeneity of liver metastases.

For this purpose, a full processing pipeline was developed. Proposed framework
consisted of motion compensation, CEUS signal calibration, speckle size regu-
larization, extraction of the perfusion related parameter and the spatiotemporal
similarity parameter using CUDI, and assessment of these parameters by a radial
analysis of the lesions.

Particular attention was devoted to the challenges associated with clinical CEUS
acquisitions, which are often affected by respiratory and probe-induced motion. A
number of motion compensation methods were tested and compared. The final
framework was able to incorporate both rigid and deformable registration and
led to better alignment of CEUS sequences, allowing accurate extraction of time—
intensity curves and calculations of subsequent quantitative parameters. The results
demonstrate that, for quantitative CEUS analysis, liver acquisitions in clinics will
require strong motion compensation.

The analyses performed were shown to be feasible for clinical CEUS examinations
of liver metastases using CUDI. The reliable extraction of time-intensity curves
was possible thanks to the motion correction, and the calibration and speckle size
regularization ensured consistency with the assumptions of the CUDI framework.

The radial analysis showed that there are substantial regional variations for
some parameters such as the dispersion-related parameter x, the mean transit time,
the peak time, the orthogonal coherence, and the mutual information. Based on
these findings, it seems that both the perfusion-related and the spatiotemporal
similarity parameters have useful and complementary information regarding the
intratumoral vascular heterogeneity. Specifically, the differences between outer,
inner and core regions indicate that information of interest may be lost when the
parameters are averaged across the entire lesion.
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The results are aligned with previous CUDI studies, where dispersion and
similarity parameters have been shown to be sensitive to microvascular changes
related to angiogenesis. Most previous studies have examined the difference in
tissue vascular architecture between different tissues but in the present work the
same framework was used to explore regional variation within individual liver
metastases.

In conclusion, this work showed the importance of reliable motion compensation
for quantitative analysis of CEUS, that CEUS radial CUDI analysis can give
relevant information about intratumoral vascular heterogeneity and that both the
spatiotemporal similarity parameter and the perfusion-related similarity parameter
offer complementary information in the characterisation of liver metastases.

However, several limitations should be noted with these results. There were
relatively few datasets available, and the number of valid observations varied for
each parameter, due to quality requirements of the analysis pipeline. The present
results, therefore, must be regarded as preliminary and need confirmation in a
larger patient population.

The methodological and clinical implications are recommended for further studies.
In terms of methodology, the motion correction framework could be enhanced by
minimizing user dependency and maximizing automation. The statistical threshold
method employed for quality control and out-of-plane motion detection could be
improved. Moreover, the clustering algorithm applied to identify similar respiratory
states requires fairly regular breathing cycles and might not be optimal when
breathing cycles are asymmetric or irregular. Respiratory variability could also
be accounted for in more advanced approaches to increase the robustness of the
registration and consistency in the TIC.

Larger patient cohorts are needed from a clinical perspective to examine the
reproducibility and generalizability of the identified perfusion related and spatiotem-
poral similarity parameters. The clinical relevance of these quantitative descriptors
becomes apparent when considering how they may be correlated with the delivery
of therapeutic drugs, therapeutic responses, and patient outcomes. It is therefore
important to explore the correlation between CEUS-based measures of vascular
heterogeneity and intratumoral drug concentration and clinical outcome to therapy
in future studies. In this way, future development of quantitative CEUS biomarkers
for liver metastases characterization and the development of personalized treatment
strategies could be assessed.
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