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Abstract

Ultrasound Localization Microscopy (ULM) has emerged as a promising ultrasound-based
technique to characterize microvascular structures, due to its ability to overcome the ul-
trasound diffraction limit. The enhanced resolution capability is a consequence of precise
localizations of microbubbles (MBs) injected in the circulatory system. These localiza-
tions can be used to track MBs over time to obtain not only geometrical, but also dynamic
information of microvascular flow. ULM combines its ability to achieve a micrometric res-
olution with the advantages of ultrasound (i.e. low-cost, non-ionizing, portability). Thus,
the technique might represent an indispensable clinical tool for understanding various
diseases, such as cancer and stroke, which are known to be associated with changes in vas-
cular structures. However, ULM clinical translation is hindered by various requirements,
including high frame rates (FR), low MB concentrations, leading to prolonged acquisition
times, and lack of validation methods. This thesis addresses these challenges by showing
how to reduce the FRs of a factor 10 and reduce the acquisition times to 1/4 while main-
taining similarity with original ULM-generated images. Furthermore, the thesis addresses
the constraint of low concentrations by introducing a bi-disperse MB population. The un-
coupling of this population, characterized by a couple of monodisperse MBs populations,
allows to increase MB concentrations, and, potentially decreasing the acquisition times.
Finally, we demonstrate the feasibility of 3D printing vascular phantoms for ULM image
generation. With the goal of bridging the gap between various critical ULM trade-offs and
clinical practice, this research is presented.
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Chapter 1

Introduction

This chapter aims at walking the reader through the anatomy of the circulatory sys-
tem and the commonly used clinical imaging modalities to visualize and characterize the
vasculature. In addition, the standard Ultrasound Localization Microscopy (ULM) pro-
cessing pipeline together with advanced ULM state-of-the-art methods are introduced. The
shortcomings that delay clinical translation lead to the identification of several research
problems. Finally, this introductory part discusses the novel contributions of the thesis in
light of the pinpointed challenges.

1.1 Cardiovascular System

The cardiovascular system delivers hormones, nutrients and oxygen throughout the bods
and removes waste products and excessive heat. As shown in the schematic in figure
the cardiovascular system is composed by the heart, acting as a pump, and an intricate
network of vessels in which the blood flows. Blood vessels include arteries, capillaries and
veins. Arteries carry the blood from the heart to the organs and are divided into big and
small depending on their diameter. Small arteries further branch into capillaries, which
can reach down to 10 um of diameter [1]. The thin wall at the capillary level allows the
exchange of nutrients, gases, and waste between tissues and organs. Veins begin from
capillaries and increase in diameter as they converge towards the heart [2, B].

1.1.1 Vascular variations as pathological biomarker

To introduce the potential benefits of ULM clinical application, we present some patholo-
gies and their correlation with vascular alterations. It is well known that variations of
the circulatory system are a marker of a broad set of diseases. These (micro-)vascular
alterations can be diverse, and include modifications such as angiogenesis and reduction
of microvascular flow.

During angiogenesis, new vessels are formed. Since these vessels are more tortuous and
have fewer branchings compared to normal vasculature [4], they could be used to detect
an active angiogenic process. Angiogenesis may occur in malignant tumors [5], as well as
in other inflammatory processes such as rheumatoid arthritis [6] and atherosclerosis [[7].
Being able to detect and monitor microvascular alterations would provide a powerful tool

1
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Figure 1.1: Schematic image of the cardiovascular system. Arteries and veins are color-coded
by red and blue respectively.

to guide early diagnosis and tempestive clinical treatment [H, E]

Angiogenesis is also observed in healing processes. For instance, differences in blood
volume, flow velocities, and tortuosity are observed after acute spinal cord injuries [9].
Therefore, the characterization of vascular alterations could help to understand the sever-
ity of lesions and to predict the prognosis of treatment.

Another disease correlated to alterations of the vasculature is chronic kidney disease,
which is associated with a dysfunction of the vasculature and reduction of capillary den-
sity [L0]. In particular, in the transition from acute to chronic, changes in the vasculature
might play an important role.

Pathologies of small vessels are also related to diabetes [] and neurodegenerative dis-
eases such as Parkinson’s and Alzheimer’s [, ] In these pathologies, an increased
tortuosity in the brain and decreased blood volume is observed.

The clinical benefit to characterize the microvasculature and its variations could be
critical. Here, we described some correlations between diseases and vascular alterations.
However, the number of these pathologies and the extent to which we understand mi-
crovascular alterations is limited by commonly used imaging modalities. A thorough
understanding of the microvascular structures and their alterations would be ground-
breaking if applied to the clinical context. Nevertheless, microvascular imaging is limited
to bigger vessels due to a lack of imaging methods having microscopic resolution, low cost,
and non-toxicity for patients [g, ]



Table 1.1: Comparison of various vascular imaging modalities. To better compare the modalities,
the diameter of the smaller vascular structures can reach down to 10 pm.

Modality Source Resolution Depth

MRI Radio Wave 1 mm no limit
cT X-Ray 50-200 pm no limit
Optical Imaging Light 0.3 pm <1.5 cm
US Ultrasonic wave 200-500 ym <15 cm

1.2 Vascular Medical Imaging

There are various methods to visualize the vasculature which are currently applied in the
clinical context. These include Magnetic Resonance Imaging (MRI), Computed Tomog-
raphy (CT), Optics, and Ultrasound (US). These imaging modalities are compared based
on the source allowing the imaging, the resolution (i.e. the smallest spatial distance for
which two scatterers can be distinguished in the image) and tissue penetration depth. A
summary of the different vascular imaging modalities is displayed in Table [1.1I.

1.2.1 Magnetic Resonance Imaging

Magnetic Resonance Imaging (MRI) generates 2D and 3D images of inner body structures,
including arteries and veins. MRI deploys a magnetic field and radio waves to image
different body tissues. At first, the hydrogen ions, positively charged, are excited by
the magnet embedded in MRI, which causes them to align along the direction of the
magnetic field. Then, a radiofrequency (RF) pulse is used to disturb the alignments of the
magnetically active nuclei, which start spinning in-phase along the perpendicular direction
of the magnetic field. Once the RF pulse ends, the hydrogen nuclei would spin out of phase
and realign with the direction of the magnetic field. The differences happening in different
body tissues during RF pulse sequences are measured, producing the MRI image [15]. A
specific type of MRI to visualize the vasculature is MRI Angiography (MRA). In MRA,
repetitive RF pulses saturate the stationary structures (e.g. tissues and background),
allowing to visualize non-stationary structures (e.g. blood) [16]. An example of 3D MRA
cerebral vasculature is shown in figure [I.2. Based on the power of the magnetic field,
MRI can reach a spatial resolution of 10-100 um. However, the approved magnetic field
strength allows for a resolution of only 1 mm for humans [17]. MRA can work with or
without contrast agents, is non-invasive and does not require ionizing radiation. However,
as for MRI, the resolution is limited to few millimeters, it is expensive and time consuming
technique.

1.2.2 Computed Tomography

Computed Tomography (CT) is a 3D medical imaging modality that uses X-ray beams
for the visualization of organs and tissues. In CT, X-rays at different angles are used to
measure _energy-mass attenuation and energy-mass absorption to differentiate and image
tissues [[17, 19]. In Computed Tomography Angiography (CTA), high-resolution images

3



Figure 1.2: MRA coronal and axial 3D reconstruction of cerebral venous system, figure from
[18].

(b)

Figure 1.3: CTA of a thrombic carothid bulbs, axial (a) and sagittal (b) images (Image from
[20]). The white arrow indicate the thrombotic bulb extending from the outer wall into the
lumen.

of the vasculature are created using electron-dense contrast agents. Despite the high
resolution of the CTA images (50 pum), CT X-ray exposure could be harmful, which
avoids this technique from being employed for frequent exams. An example of CTA of a
carotid thrombus is shown in figure [L.3, from [20)].

1.2.3 Optical Imaging

In optical imaging, light properties are combined to obtain detailed images of tissues
and microvascular structures. Vascular optical methods can be divided into two main
subgroups: ballistic (e.g. single and two-photon fluorescence microscopy) and diffusive
imaging (e.g. diffuse optical tomography). The first category provides better resolution,
but low penetration depth (0.5 - 1.5 mm), whereas the second provides few centimeters
as imaging depth but poorer resolution. Optical imaging has attracted interest due to
being non-invasive and highly sensitive, providing a resolution down to nanometer scale
[21]. The major limitation is small penetration depth (< 1 mm) [17]. An example of
one-photon fluorescence microscopy is shown in figure Q
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500 ym

Figure 1.4: Images of the vasculature with white light image photograph (a) and single-photon
fluorescence microscopy (b). Figure from [22].

1.2.4 Ultrasound

In Ultrasound (US) medical imaging, the backscattered echos produced at the interface
between different media (e.g., between blood and muscle) insonified by the ultrasonic
wave are combined to generate anatomical images of subcutaneous structures, such as
organs and muscles [@% ]. US can be used to visualize the vasculature with or with-
out injecting contrast agents. Contrast agents enhances the back-scattered signal when
insonified with the US wave. The benefits of US include high temporal and spatial reso-
lution, compatible with real-time applications, low cost and non-toxicity. However, US is
limited by low penetration depth (bigger than optical imaging), operator-dependent re-
sults, and diffraction-limited resolution, impeding its applicability for micro-vasculature
imaging [24]. Vascular US methods are in depth discussed in the next section.

1.3 Ultrasound Medical Imaging

Ultrasound is one of the most popular medical imaging modalities and is used to image a
broad variety of organs in diverse applications (e.g. gynecology, oncology, vascular imag-
ing, etc.). The principle of ultrasound imaging, and ultrasound techniques to visualize
the vasculature (Power Doppler, Color Doppler, Contrast Enhanced Ultrasound) and the
microvasculature (Ultrasound Localization Microscopy) are discussed.

1.3.1 Introduction

In medical US, ultrasound waves generated by a transducer propagate in the body, gen-
erating backscattered waves at the edge between different tissues. These backscattered
signals are combined to generate images of tissues, organs, and blood flow. The spatial
resolution can be either perpendicular (lateral) or along (axial) the direction of propaga-
tion of the US wave. While lateral resolution depends on US beam shape and worsen with
depth, axial resolution does not. The axial resolution depends on pulse length, which in

5
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Figure 1.5: Principle of US data acquisition using a plane wave. The MB produces a backscatterd
wave. The PSF images the MB as bigger than it really is because of the resolution limit. In
ULM, the MB is precisely localized, increasing US imaging resolution. Image inspired by [30].

turn depends on the transducer bandwidth. A shorter pulse length improves axial reso-
lution [25]. Spatial resolution ranges from 50 pm to 1 mm, making veins and capillaries
undistinguishable to conventional US imaging [26, 27].

There are various ways to generate US images. In conventional US, the transducer emits
a focused beam by applying delays to each element of the transducer in transmission and
reception. Instead, in ultra-fast imaging, or plane wave imaging, an aperture (typically all
the elements of the transducer) transmit one or few unfocused plane waves. A schematic
view of US plane wave acquisition is shown in figure [L.5. The advantage of plane wave
imaging lies in the high frame rate (FR) achievable since only one or few emissions are
needed to produce an image. After the emission of the ultrasound beam, the backscat-
tered signal is recorded by the same transducer. The signal is referred to as RF signal.
The RF signals can be transformed to b-mode images by filtering, envelope detection,
log-compression, digitalization, and converting to gray-scale.

1.3.2 Point Spread Function

The Point Spread Function (PSF) represents the spatial impulse response of the ultra-
sound system [28] and depends on various factors among which transmit and receive
parameters, speed of sound in the medium and its variations, depth, and transducer char-
acteristics 28, 29]. The quality of the US image can be determined by the PSF. In fact,
the spatial resolution can be practically defined as the full width half maximum (FWHM)
of the PSF along the axial and lateral axis. An example of PSF of a contrast agent (di-
ameter 3 ym) acquired with plane wave imaging and transmission frequency of 3 MHz is
shown in figure .



Figure 1.6: Imaging of the rat brain using Doppler (a) and ULM (b), with two highlighted ROIs.
Image taken from [33].

1.3.3 Vascular Ultrasound Imaging

US-based vascular imaging modalities including Doppler and Contrast Enhanced Ultra-
sound are next described.

Doppler

The blood flow in large vessels can be characterized by Doppler. Doppler is a non-contrast
ultrasound imaging method, which uses the shift in frequency between transmitted and
received signals (Color Doppler) or the energy (Power Doppler) produced by red blood
cells backscattered signal to estimate the velocity [B1]. Plane wave imaging enhances
Doppler capability to image smaller vessels, giving birth to ultrafast Doppler. The key
behind ultrafast Doppler imaging is the use of plane wave imaging to achieve thousands of
frames per second and capture smaller changes in blood flow [@i |. The major advan-
tages of Doppler are portability, contrast-free and high temporal resolution. Limitations
remain the need of high FR, high computational power and electroni¢cs demand [B] An
example of brain vascular imaging through Doppler is shown in image (a) with a mag-
nified Region of Interest (ROI). The ROT highlights the low resolution of images obtained
with Doppler.

Contrast Enhanced Ultrasound

In Contrast Enhanced Ultrasound (CEUS) the backscattered signals produced by injected
MBs are used to gather information about underlying vascular structures [34, B5]. An
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Figure 1.7: Image of a Carothid Body Tumor through CEUS, b-mode image and visualizing the
TICS for two ROIs (in blue and red), image from [36].

example of CEUS intensity analysis is the time-intensity curve (TIC), where the maximum
pixel intensity over time is evaluated (figure [L.7]). The TIC curve allows to derive a number
of clinically relevant indexes. Among these, perfusion parameters such as time-to-peak,
peak enhancement and area-under-the-curve. One of CEUS main limitation is the high
variability of the results, which depend on the scanner setting, patient and MBs injection,
and dosage. Furthermore, CEUS does not allow to individually visualize microvessels and
characterize their flow [14, B4].

1.3.4 Microvascular Ultrasound Imaging
Ultrasound Localization Microscopy

Ultrasound Localization Microscopy (ULM) fills an important gap in microvascular imag-
ing, allowing to visualize vascular structures at a micrometric scale. The technique allows
for bigger penetration depths with respect to optical imaging, while providing a better
resolution with respect to non-optical methods such as MRI, CT and conventional US.
As an example, the improvement in_spatial resolution between ULM and Doppler images
is highlighted by the ROI in figure @

Inspired by optical localization microscopy [37], the pioneering work by Couture et al. [3§]
and later by Errico et al. [39] demonstrated that ULM could achieve an impressive lat-
eral resolution of 6.3 um, which is significantly finer than the typical 200-300 micrometer
resolution of standard ultrasound imaging [40]. The core of ULM lies in the localization
of a point target (i.e. microbubbles) with a resolution far below the diffraction limit.
For example, the PSF of a 3 ym diameter microbubble (MB) imaged by conventional
US imaging appears in the order of several hundred of ym (Fig. [L.5), due to the normal
spatio-temporal sampling in US. In ULM, a MB PSF can be localized with a microscopic
precision, see figure [1.5. Repeating the localization process and accumulating the result-
ing MB centroids for multiple MBs flowing in the circulation, it is possible to obtain
micro-resolved images of the vascular structures crossed by MBs. Besides the resolution,
a key feature of ULM is the possibility to track MBs. Having the MB positions at different
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Figure 1.8: ULM framework.

time points, it is possible to track them and derive flow velocity quantification, such as
flow direction and flow magnitude. In figure m is displayed an example of ULM imaging
of the brain. ULM is particularly beneficial for visualizing microvascular structures, such
as capillaries and small blood vessels, thereby improving diagnostic capabilities [41-44].

1.3.5 Monodysperse vs polydisperse Microbubbles

Thanks to the enhanced backscattered signal produced by MBs, CEUS and ULM improve
vascular imaging [45, 46]. These techniques make use of polydisperse MBs, in which the
radius of a MBs suspension varies in the range 1-10 um [47]. Because MB signals depend
on various factors, among which MB size, shell characteristics, ultrasound pressure and fre-
quency [48, 149], there has been a tendency to replace the polydisperse with monodisperse
MBs. Being characterized by a narrow size distribution, monodisperse MBs guarantee
consistent behavior [b0], improved acoustic performance, and reduced artifacts [51, 52].
Furthermore, monodisperse MBs could be useful for deeper vessels imaging, thanks to the
possibility of optimally tuning the imaging frequency on MBs characteristics.

1.4 Ultrasound Localization Microscopy

1.4.1 How does it work

ULM relies on the precise localization and tracking of MBs injected in the circulation_to
characterize microvascular structures with sub-millimetric precision. As shown in Fig. [1.§,
a traditional ULM framework consists of six basic steps: data acquisition, pre-processing
and filtering, MB detection, MB localization and tracking, and track accumulation.

1. Data acquisition: Data are acquired after MB injection, which can be either
performed through continuous or through bolus injections. US data are acquired as
a set of 2D or 3D videos, at a conventional or ultrafast FR. Standard ULM demands
data acquired at high FR (kHz range) [63]. The received data can be collected as
pre-beamformed RF or IQ data, as well as beamformed images.

2. Pre-processing: US data is pre-processed to reduce clutter and tissue noise, and
to suppress motion. Common technique to remove background and tissue signals
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are background subtraction [b4, b5] and singular value decomposition (SVD) spatio-
temporal filtering. For instance, SVD allows to distinguish MBs signal from the
surrounding tissue by decomposing the signal into its spatial and temporal com-
ponents. Since background tissue signal is more spatio-temporally coherent with
respect to the signal coming from moving MBs, by eliminating the first & singular
values, the tissue signal is filtered out from the data [56, 57].

3. Detection: The goal of detection is to isolate candidate PSF patches containing
MBs. MB signals are detected on either pre-beamformed RF data or on B-mode
images. Detection on RF data can be performed by fitting a parabola to the spheric
wave generated by a point scatterer [B8, b8]. Instead, detection on US images can
be performed based on the pixels intensity in each frame [57] or normalized cross
correlation [59, 60].

4. Localization: Each MB is localized by evaluating the corresponding centroid from
PSF patches obtained from the detection step. There are various methods to perform
localization such as Gaussian fitting [39, b7, 61], weighted average [57, 62, 63], or
radial symmetry [57]. Deep learning has also been applied for MBs localization
[64-68].

5. Tracking: One key advantage of ULM is its ability to uncover flow dynamical fea-
tures by tracking MBs, thus improving the final vascular image quality and estimate
MBs velocities. Since generally tracking associates MBs over consecutive frames
based on MBs distances, its performance depends on factors such as FR used to
acquire data. High FR are preferred to track fast moving MBs. To improve tracking
performance and eliminate spurious noise tracks, a threshold on track length can be
defined. Tracking algorithms include the Hungarian algorithm, based on optimally
matching MBs in subsequent frames based on distances [57, 69-71], Markov chain
[63] and Kalman filtering [60, [72].

6. Accumulation: ULM intensity maps are obtained by accumulating the tracks,
previously smoothed and interpolated to fill in the missing points. Velocity and
velocity-direction map are generated by evaluating MB velocity and direction at
each pixel corresponding to a MB localization.

1.5 Thesis Objective

ULM has bypassed the penetration-depth and resolution trade-off of conventional US
imaging. By characterizing vascular structures at a sub-millimetric scale, ULM could
represent a groundbreaking clinical tool for the diagnosis and treatment of various diseases.
Although the method has been implemented in various preclinical [44, 73, 74] and clinical
studies [61, 75-77], its clinical translation is slowed down by the following factors:

1. Long acquisition times. MBs signals need to be spatially isolated for localiza-
tion. If MBs PSF overlap, precise MB localization becomes challenging [78]. Figure
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Figure 1.9: Schematic view representing scenarios with high MB concentrations (overlapping
PSFs), where localization becomes more difficult, and low MB concentrations. On the lower
side, high FR acquisition, where tracking MB is easier compared to low FR. The green dashed
line shows the track of the MB flowing in the vessel.

shows an example of overlapping MBs signals, compared to a sparse scenario.
This sparsity constraint practically translates in low MB concentrations, reducing
the likelihood of signal overlap. However, such low concentrations require prolonged
acquisition times to accumulate a sufficient number of MB events for reliable vas-
cular characterization. Extended acquisition times are also essential for imaging
smaller vessels with low perfusion rates [30]. In preclinical settings, ULM typically
requires several minutes of continuous data acquisition. When translated to human
imaging, this acquisition time would need to be further extended, presenting a signif-
icant challenge for integration into routine clinical practice. Furthermore, extended
acquisitions also increase susceptibility to motion artifacts, which can introduce lo-
calization errors and degrade overall image quality [30, 61].

2. High frame rate. ULM requires high FR to coherently track MBs. In fact, many
tracking algorithms match MBs based on minimizing their pair-wise distance in
consecutive frames. Since the assignment depends on the frame-to-frame distance,
high FR are fundamental to accurately pair MB signals [[79, 80]. As shown in Fig.
@, if FR are high, tracking MBs flowing in a vessels is more representative of
vascular geometry and less prone to erroneous matches. As a consequence, US data
for ULM imaging are generally acquired at high FR (i.e. in the order of kHz).
However, such high FR are generally beyond the capabilities of clinical US scanners,
which typically operate up to 100 Hz FR [81].

3. Lack of validation methods. For ULM to be reliably adopted in clinical prac-
tice, particularly for image generation and quantitative vascular analysis, rigorous
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validation of the results is essential. Validation can be achieved using ground truth
data obtained either in silico or in vitro. In silico approaches simulate vascular flow,
providing known ground truth for MB positions and velocities. However, such simu-
lations are limited by their inability to fully capture the complex MB to MB and MB
to vessel interactions. Additionally, these simulations are computationally intensive
and often rely on simplified models [82, 83]. Conversely, in vitro experiments al-
low algorithms to be tested on physical systems, offering a more tangible evaluation
framework. Nevertheless, these experiments also face constraints in reproducing the
full physiological and anatomical complexity of in vivo environments.

1.6 Structure of the thesis

The key challenges presented in the previous section are addressed in this thesis, where
novel algorithms are proposed and evaluated to help the clinical integration of ULM in
clinical practice.

Chapter E presents a method to relax the constraint on high FR required by ULM. In
particular, it proposes the use of Radial Basis Function (RBF) interpolators to up-sample
US data from low to high FR based on spatio-temporal information. The results validate
the use of this technique in a variety of preclinical in vivo data, successfully reconstructing
ULM images with a FR as low as 100 Hz.

In Chapter a we take a further step by applying the RBFs interpolation technique
along two directions and combine the interpolated results. The use of a bi-directional
interpolation helps to improve recovery of data not only structurally, but also regrading
the dynamics. This method is validated for two scenarios: to reduce either the FR or the
acquisition time.

Chapter Y focuses on ULM long acquisition times constraint by utilizing a bi-disperse
MB population. The uncoupling of the bi-disperse population may allow for increased
MBs concentration, reducing the acquisition times. The technique is tested on in wvitro
data acquired in a 3D printed phantom. In addition, this chapter also introduces the
possibility of 3D printing vascular models for ULM validation.

Chapter B extends the use of the bi-disperse MB population, proposing the use of Or-
thogonal Frequency Division Multiplexing as uncoupling method. The proposed method-
ology is tested in a vascular phantom.

Chapter p draws the conclusion of the thesis, open issues and possible future works
are also discussed.
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Chapter 2

Time Efficient Ultrasound
Localization Microscopy Based on A
Novel Radial Basis Function 2D
Interpolation

This C’haptefﬁ] relazes the requirement of high frame rates (FRs) to obtain microvascular
images using Ultrasound Localization Microscopy (ULM). To this end, we propose a new
time-efficient ULM (TEULM) pipeline built on a cutting-edge interpolation method. More
specifically, we suggest employing Radial Basis Functions (RBFs) as interpolators to
estimate the missing values in the 2-dimensional (2D) spatio-temporal structures. To
evaluate this strategy, we first mimic the data acquisition at a reduced FR by applying
a down-sampling (DS = 2, 4, 8, and 10) factor to high FR ULM data. Then, we up-
sample the data to the original FR using the suggested interpolation to reconstruct the
missing frames. Finally, using both the original high FR data and the interpolated one,
we reconstruct SR images using the ULM framework steps. We evaluate the proposed
TEULM using four in vivo datasets, a Rat brain (dataset A), a Rat kidney (dataset B),
a Rat tumor (dataset C) and a Rat brain bolus (dataset D), interpolating at the in-phase
and quadrature (1Q) level. Results demonstrate the effectiveness of TEULM in recovering
vascular structures, even at a DS rate of 10 (corresponding to a FR of sub-100Hz). In
conclusion, the proposed technique is successful in reconstructing accurate SR images while
requiring FRs of one order of magnitude lower than standard ULM.

2.1 Introduction

Despite the advantages that ULM may bring in the clinical setting, its utilization is
currently limited by high FR._is necessary to coherently pair the MB signals from one
frame to the successive one [79, 80, 84]. To date, this need for high FRs has hampered

!This Chapter appears in:
[JO] Tuccio G., Afrakhteh S., Iacca G., Demi L., "Time Efficient Ultrasound Localization Microscopy Based on A
Novel Radial Basis Function 2D Interpolation” in IEEE Transactions on medical imaging, 2024
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the ULM clinical translation.

Guo et al. [79] evaluated by a quantitative investigation the loss of ULM performance
when decreasing the FR. The study demonstrates, by utilizing an in vivo dataset, that a
decreased FR results in an unreliable microbubble detection and tracking, which in turn
leads to a decreased spatial resolution (from 9.9 pym to 15 pum when going from 1kHz
to 250Hz) as well as a decreased saturation (saturation drop above 50% from 1kHz to
100Hz). Furthermore, the FR has a significant impact on the precision of the velocity
measurements.

To tackle the high FR requirement, Ackerman et al. [63] and Opacic et al. [61] imple-
mented a modified Markov chain Monte Carlo data association to recover UCA tracks at a
lower FR, which optimally associate MBs positions based on an underlying motion model.
Another approach [60] uses a Kalman filter as a tracking backbone, and introduces MB
image features on top. Although these approaches can recover UCAs tracks at a lower
FR, their improved performance comes at a significant computational cost. Enabling
lower FR acquisitions using TEULM would alleviate some of the data size constraints for
ULM and would make the technology more pragmatic for clinical translation, where low
FRs are standard. To be more precise, adopting lower FR acquisitions in ULM can bring
about numerous advantages in the clinical context. These benefits encompass reduced
data size, compatibility with standard equipment, and cost-effectiveness.

In this study, we aim at bridging the gap between the high FRs required by ULM (in
the range of 1kHz) and the limited FR of the standard clinical scanners (in the sub-range
of 100Hz).

To this end, we propose a new time-efficient ULM (TEULM) pipeline based on a
novel 2-dimensional (2D) interpolation technique to relax the requirement on the high FR
necessary to obtain super-resolved images. The article is structured as follows. Section

gives a detailed explanation of the interpolation technique used upstream the ULM
pipeline. Next, we describe the key steps of ULM framework, as well as the TEULM
pipeline. In the result section (Sec. ), we quantify the quality of the reconstructed
images using TEULM, and compare these images with the SR images obtained through
standard ULM. Finally, we provide the discussion and conclusions of the proposed method.

2.2 Materials and Methods

2.2.1 RBF-based 2D interpolation

Radial Basis Functions (RBFs) have been frequently used in recent years to interpolate
high-dimensional sparse data [85, 8G]. The main advantage of this technique is that it
delivers respectable numerical results without entailing complicated computations. This
makes it simple to apply to complicated geometries in a variety of spaces. In the following,
we provide the formulation of the 2D interpolation problem using RBFs.

Given the data (X;,Y;), j=1,2,..., N, where X; and Y; € R? (in our problem d =
2), we aim to find a continuous function S(X) so that S(X;) =Y; Vj € {1,2,...,N}. In
addition, the interpolation bases are chosen as {¢ (X — X1),¢ (X — X3),..., ¢ (X = Xy)},
where X1, Xo, ..., Xy are predetermined interpolation nodes. These assumptions lead to
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the definition of RBFs as:

o(rj) = o(IIX = X)) = \/IIX—XJ'I@JrT2 (2.1)

where || - ||2 indicates the ¢2 norm (i.e., the Euclidean distance) and 7 represents the so-
called shape parameter. Due to their radial dependence, these functions are referred to
as RBFs. Some possible RBFs are listed in Table @

Table 2.1: RBF basis used in this study (e is a constant, r is the radius of the RBF, and Ln(.)
indicates the natural logarithm).

Method Acronym Formula

Infinitely smooth

Multiquadric MQ d(r) = /1 + (er)?
; s madric ! N 1

Inverse multiquadric IMQ o(r) e

Gaussian GA o(r)=e e’

Piece-wise smooth

Cubic CU o(r) = |r?

Thin plate spline TPS é(r) = r2La|r|

Following that, we develop a linear combination of RBFs ¢(r) to move forward with
the 2D interpolation:

N
S(X) = Bio(IX = X2, 7), (22)

j=1
where X = (21, ,...,2q), T is the shape parameter, 3; is the interpolation coefficient,

and r = [|X]|,. If we intend to estimate f : R? — R utilizing the interpolators determined
by Eq. (R.Z), we need to find the interpolation coeflicients ;. To do that, we use the
following interpolation condition:

S(X;) = f(X;), j=1,2,...,N. (2.3)

By applying Eq. (@) at the central points of X§ for j = 1,..., N, we obtain the linear
system:

Py nBnxi = Fnx B =31, 5,...,0n5]" (2.4)
which can be expanded as follows:

¢(7’1,1) ¢(7”1,2) e ¢(7’1,N) Br f(Xl)
é(r21) d(ran) ... O(ran) B2 f(X2)

: SN =] (2.5)

¢(7'N—1,1) ¢(7'N—112) e ¢(7‘N—1,N) Br-1 f(XN—l)
¢(7’N,1) ¢(7‘N,2) cee ¢>(7“N,N) By f(XN)
S B F

where X, indicates the imaging pixels, f(X;) refers to the pixel intensity of the imaging
point Xj, r;; = [| X7 — X[ is the Euclidean distance, and N is the number of points in
the 2D grid (i.e., the imaging points in our problem).

15



Based on the system in Eq. (@), to solve the interpolation problem (i.e., finding
the  values), we must invert the coefficient matrix ®, as discussed in the next section.
Now, using the coefficients calculated from the above system, if we seek to analyze the
interpolator at M points X;, ¢« = 1,2,..., M, the new coefficients matrix entries must
be constructed as follows: hi; = ¢([|X; — Xf|l2) Vj € {1,..., N}. Finally, the following
matrix multiplication is used to evaluate the interpolant at the M points:

F.;=HB =H® 'F, (2.6)

where F represents the estimated F (i.e., in our interpolation problem, Feg indicates
the interpolated data).
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Figure 2.1: Main processing steps of Ultrasound Localization Microscopy (ULM) and Time
Efficient Ultrasound Localization Microscopy (TEULM).

2.2.2 Proposed Approach
Standard ULM framework

As shown in Fig. @, the traditional ULM framework consists of five basic steps: data
acquisition, pre-processing and filtering, MB detection, MB localization and tracking,
and accumulation. For the data acquisition step, the standard framework demands data
acquired at high FRs. Following that, the high FR data is pre-processed to reduce clutter
and tissue noise. In this study, we employ singular value decomposition (SVD) spatio-
temporal filtering to distinguish the MBs signal from the surrounding tissue [@] The
SVD filter takes advantage of the fact that back-scatter tissue signals have a high spatio-
temporal coherence compared to MB echoes. Therefore, by eliminating the initial &
singular values, the tissue signal is filtered out from the data.

Next, MB signals are detected based on the pixels intensity in each frame. As in
[67], an estimate of the number of MBs (i.e., n) in each frame is utilized instead of
creating a threshold to identify the minimum pixel intensity value representative of the
MB signals, which is non-trivial and may result in poor MB detection. In this paper, for
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each frame, the n pixels characterized by the most intense values are selected. Individual
MBs are then localized using the Gaussian fitting algorithm [57, 87, 88] , which fits a 2D
multivariate Gaussian distribution. This approach assumes that the maximum intensity
value (I) in a grid of [N,, N,] pixels corresponds to the MB centroid. To recover the
super-resolved location, the original image is up-sampled by a resolution factor res. Each
pixel is interpolated into a res x res grid, allowing to localize the MBs with a precision
res times higher than the pixel size. The final image is then obtained as a _grid of size
[N, x res, N, x res|. Here, we define res as the empirical limit found in [57], namely
10. The localization problem can then be mathematically described as an optimization
problem. After centering the subspace in the maximum value of the sub-sampled grid,
the super-resolved z and x coordinates, (c,,c,), of each MB is evaluated as the location
of the Gaussian peak as follows:

max 1 = eap (- (Ep ek o el
e (|-ELE) L))

where f, and f, respectively indicate the FWHM along z and x directions. The stan-
dard deviations o, and o, are empirically evaluated to be equal to 1, as in [57]. Then,
the bipartite tracking algorithm matches each detected MB location in a frame-to-frame
fashion. Thanks to their simplicity, the bipartite graph-based pairing methods are well
established in the ULM context [57, 60, 69, 70, 79, 80, 84]. These algorithms solve the
tracking problem through an optimal assignment, based on the MBS frame-to-frame dis-
tance. In particular, the relative distance between all the UCAs in two successive frames
is evaluated. The MBs are then considered to be the same, or matched, in such a way
that the total distance between all the MBs in the two frames is minimized. Since the as-
signment depends on the frame-to-frame distance, it is easy to understand the importance
of a high FR to accurately pair MB signals [79, 80]._This paper implements a modified
Khun-Munkres bipartite tracking algorithm, as in [71]. Generally, the method works on
the assumption that each MB in one frame is paired with one MB in the subsequent frame.
However, due to the uncertainty originated by the arbitrary estimation of the number of
MBs in each frame in the localization step, the assumption may result in a sub-optimal
solution. Furthermore, a sub-optimal solution might be caused by unpredictable UCAs
events, such as MB appearance and/or disappearance. As such, the Khun-Munkres algo-
rithm is modified to cope with partial assignment. In particular, a MB in a frame f which
has depleted all the possible assignment options in the next frame f + 1 is discarded [84].
Moreover, we establish a threshold for the minimum length of a track in order to further
strengthen the robustness of the tracking performance, i.e., a track is discarded if it is
lower than the threshold because it is considered as noise.

Finally, an SR intensity map is obtained by accumulating the tracks, previously
smoothed and interpolated to fill in the missing points, over all frames. The velocity
map, which defines a MB’s velocity by its displacement over time, can also be retrieved
and superimposed onto the SR intensity map.

(2.7)
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TEULM framework

TEULM introduces, in the pre-processing stage, the RBF-based 2D interpolation tech-
nique to relax the FR required by standard ULM. The interpolation method aids in
recovering the lost data, which is the result of adopting a reduced FR acquisition. More
specifically, we propose sparse (low FR acquisition) combined with 2D interpolation to
reconstruct the unknown information corresponding to the frames that are not recorded
in the low FR acquisition (i.e., for a given down-sampling (DY) rate, interpolating DS - 1
middle frames to achieve high FR IQ) data needed for high-quality SR _imaging). Following
that, we adopt the standard ULM framework, described in Section R2.2.2. We pre-process
the interpolated data by applying SVD filer first, keeping the k-values used for filtering
as the original ones, and successively a Butterworth filter. Then TEULM’s framework
comprises of detection, localization and tracking of the MBs. The final images are then
obtained through accumulation (see Fig. El]) ULM and TEULM parameters are sum-
marized in Table . In the case of using ULM at the original FR and TEULM, we
use the same parameters used in [57]. However, for the ULM at down-sampling rates >
1 (non-interpolated data), we adapt the maximum linking distance and minimum track
length by a factor that is proportionate to the level of down-sampling. For example, when
down-sampling by a factor of 2 (DS=2), the maximum linking distance is adjusted to
be twice the original linking distance, while the minimum track length is set to half of
its original value. This adjustment is made for a fair comparison, which accounts for the
fewer frames used yielding in larger gaps between microbubble positions in consecutive
frames. Similarly, due to the reduced number of frames, a shorter minimum track length
is necessary.

Table 2.2: Datasets summary in this study.

Dataset MB Dose Tilted Angles
Rat Brain Infusion (dataset A) 400 pl (-3° 0°; 3°)
Rat Kidney Bolus (dataset B) 500 pul (-10°; -5°; 0°; 5°; 10°)
Rat Tumor Bolus (dataset C) 100 gl (-10°%; -5° 0° 5° 10°)
Rat Brain Bolus (dataset D) 400 pl (-5°% 0% 5°)

2.2.3 Data

To assess the proposed strategy, we use four in vivo datasets. We denote the in vivo
datasets as dataset A for the Rat Brain, dataset B for the Rat Kidney, dataset C for the
Rat tumor and dataset D for the Rat Brain bolus.

The datasets, presented in [57] and summarized in Table @, are recorded with a
15 MHz center frequency probe (Vermon, France). We opted for the use of in wvivo
datasets due to their capacity to encompass a wide range of hemodynamic structures
across different organs (such as the brain and kidney) and various injection modalities.
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Table 2.3: ULM and TEULM parameters used in this work. * and *x indicate the parameters
which were adjusted for the non-interpolated data (ULM at DS > 1). In particular, * and **
respectively multiply and divide by a factor equal to the DS rate used.

Dataset Frame k-value Max. Linking Min. Track Number of

Rate (Hz) (SVD) Distance* length®™  MB / Frame
Dataset A 1000 5 2 15 70
Dataset B 1000 10 1.5 15 100
Dataset C 500 10 1 10 100
Dataset D 1000 10 2 10 100

2.2.4 In vivo evaluation metrics

We use the following metrics to evaluate the TEULM-generated SR image quality and
compare it with that obtained by standard ULM.

Root Mean Square Error (RMSE)

The similarity between the original image, reconstructed at 1KHz (I;), and the images
interpolated at different DS rates (Ipg), with DS = 2,...,10, is assessed pixel-by-pixel
using the root mean square error:

Npia 2

(I7ps — 1))

RMSE = -
>N

i=1 P

(2.8)

where N,;, denotes the total number of pixels in the reconstructed image. Both density
maps, which depict the vascular anatomy, and velocity maps are evaluated. The Root
Mean Square Error (RMSE) is employed to gauge the resemblance in terms of vascular
structure and intensity among the reconstructed images acquired through TEULM and
ULM at various levels of DS rates. Indeed, the RMSFE conducts a pixel-level assessment
of the error, taking into account the image reconstructed from the initial high frame-rate
data (1KHz for datasets A, B, and D, and 500Hz for dataset C) as the reference standard.

DICE score

The DICE score evaluates the similarity between two images by measuring the overlap-
ping area of two images over the area of their union [89:

2 X |IDSﬂ.71\

DICE = ,
[Ips| U |1

(2.9)

The DICFE score quantitatively assesses the resemblance of the reconstructed binary
images generated by ULM and TEULM across various DS rates.
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Percentage of preserved tracks

Since the number of detected tracks has a significant impact on the saturation and on
the quality of the reconstructed images, we analyze the statistics related to the number
of tracks at various D.S rates. The ratio of the number of tracks found at the various DS
rates (DS = 2,...,10) to those found at DS=1 is used to calculate the percentage of
preserved tracks. The percentage of preserved tracks is evaluated for density maps only.
In ULM, a density map refers to a spatial representation of vessel density within a region
of interest.

Saturation

We further assess the TEULM performance at different DS rates through saturation
(i.e., indicating the number of pixels crossed by MBs) [79, 80]. The evaluation of the
saturation is meaningful since the reconstructed images are the result of the accumulation
of the pixels crossed by the MBs. In this study, the saturation curve is calculated as the
percentage of filled pixels over the total area of the image. The saturation is evaluated
only for density maps.

Fourier Ring Correlation (FRC)

Fourier Ring Correlation is a commonly used method in the ULM context to estimate
the spatial resolution of the super-resolved images [90]. The FRC' evaluates the spatial
frequency correlation along iso-spatial frequency rings (r;) between two sub-images in the
frequency domain, formed by random splitting the tracks:

S BNBE
Ve IROP S, o B

The resolution is the inverse value of the FRC' curve, when the FRC drops below the
threshold value. In this study, we select the 1/2 bit as thresholding method, which
corresponds to the highest spatial frequency necessary to collect the information to fill
half a bit [91, 92]. To achieve an unbiased and objective quantification, we conduct global
(i.e., whole image) F'RC' resolution estimates.

(2.10)

2.3 Results

In this section, we present the results obtained through TEULM using the in vivo datasets
described in section P.2.3.

We provide the in vivo results of standard ULM on the original high FR data (namely,
1kHz for dataset A, B and D and 500Hz for dataset see Fig. . These images are
considered as a reference. Figures %, , , and% depict the ULM and TEULM
reconstructed density and velocity maps for datasets A, B, C, and D, respectively, across
different DS rates. It’s worth emphasizing that for dataset C, we provide the results
until down-sampling 6 (which implies a FR of 83Hz) which demonstrates the capability
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of our proposed TEULM approach to the FRs close to the current clinical system’s FR.
In addition, it should be noted that conventional ULM fails to reconstruct any tracks
using a higher down-sampling (DS > 7). The results show that for DS > 2, TEULM
performs better than standard ULM in recovering the local and global information (i.e.,
ULM even fails to recover the global information at higher DS rates). As expected, a
decrease in the FR (from left to right) results in a proportional degradation in the image
quality. Qualitatively, the vessel definition appears to be less continuous and more blurry
at higher DS rates compared to the original images, see Fig. . We quantitatively assess
this loss of definition in TEULM’s generated density maps through the spatial resolution
obtained using F'RC' on the entire image (Table Q), for all the in vivo datasets. The
Fourier Ring Correlation evaluates the spatial resolution as the correlation between 2
sub-images formed by randomly splitting the tracks forming the density maps.

In addition, we evaluate the consistency of the density maps generated by TEULM and
ULM with the ones obtained using the high FR data using the DICE score, see Table @
For all the in vivo datasets, we further evaluate the efficiency of the proposed technique
by means of two of the previously introduced metrics;_the percentage of preserved tracks,
and the saturation. The metrics are shown in Fig. considering down-sampling 2, 4,
8 and 10. Fig. @ clearly shows that TEULM preserves the majority of the tracks, as
well as a constant saturation level compared to ULM, for which both the metrics decrease
exponentially with increasing down-sampling.

Table 2.4: Spatial resolution (in pm) measured by the F'RC curve and the 1/2 bit thresholding
method for the high FR ULM (1KHz for datasets A, B and D and 500Hz for dataset C) and
TEULM at different DS rates for the in vivo datasets.

Original DS =2 DS=4 DS8 DS=10
Dataset A 11.49 10.27 11.35 14.5 17.8
Dataset B 26.3 25.71 27.9 28.6 30.3
Dataset C 24.75 25.8 26.52  30.95 33.11
Dataset D 13.9 12.94 13.74 19.72 20.08

When under-sampling, we can generate multiple datasets from the high FR data. To
assess the consistency across different datasets, we generate the permutation starting
from frame 6 at down-sampling of 10 and compare the results with respect to the dataset
generated starting from frame 1. The choice of the permutation allows us to evaluate the
performance of the proposed approach for the most asynchronous couple of data that we
could generate. Particularly, we assess the performance of TEULM through the statistical
results (mean + standard deviation) of the DICFE score, the saturation percentage, and
the percentage of preserved tracks. The results of the DICE score are presented in Table

. The percentage of preserved tracks for dataset A, B, C, and D is 0.98 & 7x 107%, 0.77
+4x1072,0.37 £ 1 x 1072, and 0.83 £ 2 x 1072, respectively. In addition, the saturation
percentage reaches the value of 0.96 & 2 x 1072, 0.68 £ 1 x 1072, 0.77 = 3x 1072, and 0.9
+ 1 x 1072 for dataset A, B, C, and D, respectively. The results certify the consistency
of TEULM across permutations.

In addition, we analyze the influence of the FR on the velocity maps obtained with
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Dataset A Dataset B Dataset C Dataset D

Figure 2.2: Reconstructed density maps (first row), flow direction map (second row) and velocity
magnitude maps (third row) for the in vivo datasets using the original high FR data (1kHz for
dataset A, B and D and 500Hz for dataset C). The colorbar of the density maps shows the
number of counts of MBs centroids found in each pixel of the image. The colorbar of the Flow
direction map indicates values in M Bs/(piz.sec). The Velocity magnitude color-map encodes
different mean velocities. Red corresponds to the maximum velocity (V,4,) of 70 mm/s, 40
mm/s, 48 mm/s and 63 mm/s for dataset A, B, C and D, respectively).

TEULM and ULM. To this end, we calculate the flow direction and the velocity magnitude
maps for the in vivo datasets. For the rendering of the flow direction of the blood flow,
we use the red and blue colors to encode the different directions (see second row of Figs.

, @, @, and @, for dataset A, B, C and D _respectively). About the mean velocity
magnitude encoding (see the third row of Figs. , @, , and @, for dataset A, B, C
and D respectively), the slowest velocities are encoded in blue, whereas the high velocities
are encoded in red. The results of the velocity profiles, provided in row two and three of
the Figures @ (dataset A), @ (dataset B), g(dataset C), and @ (dataset D), clearly
show that there is a lower limit to the FR reduction under which it is not possible to
recover the global and local velocity information of the vascular structure.

Moreover, we quantify the error for both the intensity and velocity maps of the sparse
ULM and TEULM with respect to the original ULM (i.e., obtained with a FR equal to
1kHz for dataset A, B and D and FR equal to 500Hz for dataset C) utilizing the RMSE
metric (Figure R.7). The results allow us to evaluate the trend of these two metrics with
respect to different DS rates, up to 50Hz i

Finally, we have conducted an evaluation of the mean velocity profiles for all the in
vivo datasets (see Fig. @) These profiles represent the mean velocity values (in mm/s)

ntensity maps available in the link.
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Figure 2.3: ULM- and TEULM-generated density maps (first row), flow direction map (second
row), and velocity magnitude map (third row) for Dataset A at different FRs of 500Hz (DS=2),
250Hz (DS=4) and 100Hz (DS=10). The color bar of the figure is the same as original ones in
Fig. .

Table 2.5: DICE score for all the in vivo datasets of ULM and TEULM density maps. *
indicates that for TEULM at DS=10, we present the mean and the standard deviation of the
DICEFE score with respect to two permuted datasets.

Dataset Method DS rates
2 4 8 10*
Dataser 4 TEULM 090 0.87 0.8 079 +5 x 10~
ULM 0.78 0.60 0.29 0.19
Dataser g TEULM 087 0.85 0.82 081+ 1 x 10~
ULM 0.76  0.49 0.20 0.14
Dataset ¢ TEULM  0.72 0.72 0.69 0.68 %7 x 107
atase ULM 043 021 - -
Dataset b TEULM 091 0.89 0.84 0.82 + 2 x 1074
atase ULM 0.82 0.73 0.58 0.52

against the number of tracks associated with each mean velocity across all the tracks
within their respective datasets. Fig. shows that the mean velocities are misestimated
at higher down-sampling, confirming that recovering the dynamic profile is a challenging
task for the RBFs interpolators.
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Figure 2.4: ULM- and TEULM-generated density maps (first row), flow direction map (second
row), and velocity magnitude map (third row) for Dataset B at different FRs of 500Hz (DS = 2),
250Hz %ﬁ’ = 4) and 100Hz (DS = 10). The color bar of the figure is the same as original ones
in Fig.

ULM TEULM ! ULM TEULM ULM TEULM

Figure 2.5: ULM- and TEULM-generated density maps (first row), flow direction map (second
row), and velocity magnitude map (third row) for Dataset C at different FRs of 250Hz (DS = 2),
125Hz (DS =4) and 83Hz (DS = 6). We have presented images up to a DS rate of 6 because,
at higher DS rates, ULM is unable to recover any tracks. The color bar of the figure is the same
as original ones in Fig. @
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Figure 2.6: ULM- and TEULM-generated density maps (first row), flow direction map (second
row), and velocity magnitude map (third row) for Dataset D at different FRs of 500Hz (DS=2),
250Hz (DS=4) and 100Hz (DS=10). The color bar of the figure is the same as original ones in
Fig. .
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Figure 2.7: Heatmaps representing the normalized Root Mean Square Error (RMSE) of the
reconstructed density and velocity maps at DS=2, 4, 8, 10 for TEULM and ULM for the in
vivo datasets (A, B, C and D). The RM SE is normalized with respect to the maximum value
for each dataset.
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Figure 2.8: Variation of the percentage of preserved tracks (shown as bar plots) and the percent-
age of saturation (shown as line plot) versus the changes in DS rate (for the in vivo datasets).
The results are normalized with respect to the tracks and the saturation of the reconstructed
images using the high FR datasets, corresponding to 1KHz for Dataset A, B and D, and 500Hz
for Dataset C. For dataset C, since ULM fails to recover any track for DS >7, the saturation
and the number of preserved tracks in equal to 0.
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2.4 Discussion

The primary goal of this study is to present an innovative approach to enable ULM at
low FRs, which will facilitate ULM clinical translation. In this regard, we propose a
modified ULM framework, called TEULM, that can cope with low FR data by employing
the suggested 2D interpolation technique.

The proposed technique has been tested on four pre-clinical in vivo data (dataset A,
B, C and D). For the in vivo datasets, we demonstrate the high efficiency of TEULM in
recovering the information lost when using a low FR (Figures R.3, , E and .4, for
datasets A, B, C and D respectively). More specifically, while both TEULM and ULM
face an image quality loss at lower FRs, as we can see in Figures R.3, , and .6,
the extent of the loss varies significantly between the two techniques. In other words,
the vessel’s appearance for ULM degrades quickly. For instance, at a FR lower than
250Hz, the vascular structure is almost unrecognizable for all the datasets, which shows
the ULM’s low performance at lower FRs. In contrast, when using TEULM, the overall
vascular structure remains unchanged. Besides, an increase in the DS rate results in a
loss of vascular definition, manifested by more blurry areas, mostly in the fine vasculature
(See an example shown in the magnified Region of Interest (ROI) in Fig. @ and high-
lighted by the green box. This loss of definition is quantitatively assessed by the spatial
resolution estimates using the FRC (Table R.4). Despite the loss in spatial resolution,
the saturation and the percentage of preserved tracks are invariant in the reconstructed
images using the suggested TEULM method (see Fig. @) Further, for dataset B, we
observe the appearance of vascular structures in TEULM at DS = 10, i.e., 100Hz, (Fig.

highlighted by the yellow arrow) that are absent in the original FR, i.e., IKHz (see
Fig R.2). It should be noted that, in the absence of the ground truth, it is difficult to
judge whether the appearing vascular structures are artifacts or real vessels. Neverthe-
less, we observe that for the dataset B the global bloodstream structure in the proposed
TEULM is not substantially impacted by either the loss of definition or the emergence
of vascular artifacts, resulting in a DICFE score of 0.81 at DS = 10. In Table we
provided the DICFE score values for the in vivo datasets, which allows to quantitatively
evaluate TEULM’s performance in recovering the vessel’s structure at a lower FR. The
minimum DICE score values (at DS = 10) obtained using TEULM are 79%, 81%, 68%
and 82% for dataset A,B,C and D, respectively. TEULM’s high DICFE scores show the
effectiveness of the suggested technique in reconstructing the missing information. On the
other hand, ULM demonstrates poor DICFE similarity indices (19%, 14% and 52% for
dataset A, B and D respectively), which could be justified by the failure of the tracking
algorithm at lower FRs. Thus, for ULM, in regions characterized by complex structures
(e.g. crossing vessels or junctions) the algorithm falsely pairs MBs, resulting in unreliable
vessel depiction. This assumption would also explain why dataset B and C has a much
lower similarity compared to dataset A and D. It seems in fact that the vasculature of the
kidney and tumor (dataset B and C) is much more tortuous and characterized by short
vessels, which are easily lost at lower FRs.

The reason behind ULM’s poor performance at low FRs can be attributed to the
tracking algorithm, which significantly relies on the FR as it employs a frame-by-frame
matching approach. In other words, with a decrease in the FR, MBs may be discarded
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due to the inability to find the correct match in successive frames. Consequently, several
tracks are not found or rejected because of an insufficient amount of known information,
leading to a decrease in saturation and vessel definition. In fact, the number of preserved
tracks in ULM for both datasets decreases exponentially as we increase the DS rate.
As can be seen in Figs. , which presents the saturation curve and the percentage of
recovered tracks at different FRs for datasets A, B, C and D, in comparison to the original
image. Additionally, at the lower FRs, the saturation curves clearly show a decline in the
ULM’s capability to reconstruct the vasculature (i.e., at a DS rate of 5, the saturation
on all the in vivo datasets decreases by more than the 50%).

TEULM, on the other hand, maintains a high percentage of recovered tracks. The
value remains consistently around 1 for dataset A and approximately 0.85 for dataset D
across all DS rates. However, we do notice a reduction in the percentage of preserved
tracks at DS=6 for dataset B and DS=4 for dataset C. Nevertheless, TEULM’s ability
to preserve the number of tracks is reflected by the saturation of the density maps. The
saturation levels for datasets A, B, and D remain consistently near 95%, while dataset C
exhibits a saturation level of around 80%, when compared to the SR image generated using
the original high FR data. The number of preserved tracks and saturation percentage
indicate that datasets B and C are more challenging for TEULM. There might be a
physiological reason for this. In fact, dataset B relative to the Rat Kidney and dataset
C representative of the Rat Tumor are characterized by shorter and broken tracks, which
are more difficult to recover when using a higher DS rates.

TEULM and ULM super-resolution density and velocity maps are further evaluated
through the RMSE at different DS = 2, 4,8, 10 rates (shown as a heatmap in Fig. @)
In both TEULM and ULM, the error, which is color-coded, exhibits an upward trend
as the down-sampling rate increases. When examining TEULM’s density maps RMSFE
across all the in vivo datasets, it is noteworthy that the error gradient gradually rises.
Remarkably, it appears that this gradient has not yet reached a plateau. Specifically, the
RM SE remains below 50% for all datasets when employing TEULM, whereas it surpasses
80% when using ULM. This observation implies the potential for further increasing the D.S
value. In contrast, the error gradient for ULM stabilizes rapidly, particularly for dataset
C (it’s important to mention that ULM cannot recover any tracks with a DS greater
than 6). This phenomenon underscores ULM’s challenge in accurately reconstructing the
morphology of vessels in a clinical setting marked by limited FR acquisition capabilities.

We investigated the efficacy of TEULM in reconstructing flow dynamics in terms of
axial velocity and its magnitude. The maps of the axial velocity and velocity magnitude
for the in vivo datasets are given in rows two and three of Figs. (dataset A),
(dataset B), @ (dataset C) and @ (dataset D). The results confirm that recovering
the flow dynamics is a more challenging task even when using TEULM, due to the loss
of spatio-temporal information at lower FRs. At DS rates greater than 4 we observe
high deviations in the flow direction information even in larger vessels. TEULM’s poor
performance in recovering the velocity information is further highlighted by the RMSFE
evaluated on the velocity magnitude and flow direction maps for the in vivo datasets
presented in Fig. . In particular, the error reaches above the 80% already at DS=4
for all the datasets when using TEULM, and above 95% when using ULM.
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Figure 2.9: Mean velocities (mm/s) evaluated for ULM at the original FR and TEULM at
down-sampling rate 10, for all the in vivo datasets.

Furthermore, TEULM misestimates the velocity magnitude, which tends to become
more_homogeneous as the DS rate increases for all the datasets, as seen in Figs. ,

, and @, for datasets A, B, C and D respectively. The loss of the magnitude
information may be explained by the reduced amount of information available at lower
FRs, which yields to a loss of short micro-vessels, as well as a loss of longer tracks, which
become shorter. To further analyze the velocity misestimation phenomena, we evaluate
the mean velocity across all the tracks within their respective datasets in Fig. ). As
can be seen from the figure, there is a noticeable decrease in mean velocities for the down-
sampling rate of 10 for all the in vivo datasets. The results clearly indicate that accurately
estimating velocities becomes a formidable challenge at lower FRs, particularly when the
microbubbles are moving at high speeds. Consequently, this leads to inaccuracies in
velocity estimation. Moreover, the tracking algorithms heavily rely on both spatial and
temporal information to match microbubbles across frames. In our current approach,
the interpolation technique utilizes spatial and temporal information along a 2D plane to
reconstruct the missing frames, see Fig. . Hence, we believe that implementing a 3D
interpolation technique has the potential to enhance the accuracy of velocity estimation.
This approach may better capture the intricate dynamics of microbubble movement and
improve the overall performance of the tracking process.

Another consideration concerns the clinical utility of TEULM. The proposed TEULM
represents a step towards transitioning ULM into clinical practice, addressing the current
constraint of high FR requirements. However, despite the striking similarity in global
information between the SR images reconstructed at DS=10 using TEULM and those
obtained through high FR ULM, we observe a substantial loss in the definition of vessels,
particularly in the intricate microvascular structure. This loss may adversely affect both
the quantity and quality of clinical information within the SR images. Furthermore, we
note a marked decline in the retrieval of dynamic information at DS values exceeding
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4, which imposes a limitation on TEULM'’s applicability in clinical scenarios. Therefore,
if these SR images are to be used in a clinical context, we assert the need for further
enhancements in the representation of vessels within the microvasculature and in the
recovery of dynamic information at sub-100Hz FRs before considering the extension of
utilization with higher DS factors.

There are some limitations that are not explored in the study. First, in this paper,
we only tested TEULM on 2D datasets. As future work, we envision extending the
proposed approach to a 3D dataset, since 3D TEULM would represent an additional and
fundamental step towards facilitating the clinical translation of this technology.

Second, the impact of motion on TEULM performance has not been explored in this
paper. However, motion may lead to errors in reconstructing the signal path and target
localization when using higher DS rates. Therefore, addressing motion effects through
the implementation of motion compensation techniques could be explored as a potential
avenue for future research. In addition, we aim at implementing a 3D interpolation
technique. We anticipate that this approach will enhance the performance of TEULM in
capturing dynamic profiles, even at lower FRs.

2.5 Conclusion

This study presents TEULM, a technique to alleviate the high FR data acquisition (in
the range of 1kHz), generally necessary to frame-to-frame pair the microbubbles in the
ULM framework. Relaxing such constraint would promote the ULM clinical transition,
as the US systems used in hospital can reach a FR of a magnitude lower. Results show
that TEULM allows the generation of SR density maps with data acquired at FRs as low
as 50 Hz (an order of magnitude lower than the standard ULM). On the other hand, even
if still capable to relax the FR by factor 4, TEULM required slightly higher FRs (250 Hz)
for the generation of consistent velocity maps with respect to the high FR’s generated
maps.
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Chapter 3

A Novel 2x2D Radial Basis

Functions-based Interpolation for
Short Acquisition Time and Relaxed

FR Ultrasound Localization
Microscopy

This C’hapzferE addresses one major challenge is the high frame rates (FR) and lengthy
acquisition time needed to produce Ultrasound Localization Microscopy (ULM) images.
To overcome this, our goal is to relax the FR and shorten this acquisition time while
preserving ULM image quality, thereby enhancing ULM’s clinical applicability. To this
end, we propose two distinct strategies: first, we suggest acquiring the data at lower FR
followed by applying the reconstruction technique to compensate the lost information due
to the low FR imaging. Secondly, to tackle the prolonged acquisition time, we propose
compressing acquisition time by a compression ratio (CR), which can degrade ULM image
quality due to reduced temporal information. To mitigate this, we temporally upsample
the in-phase-quadrature (1Q)) data by a factor equal to the CR after the compressed acqui-
sition. Additionally, we introduce a novel 2x2D interpolation using radial basis function
(RBF)-based reconstruction to estimate unknown values in the 3D IQ data (xz-z-t), thereby
enhancing temporal resolution. This bi-directional approach improves the reconstruction
of microbubbles’ dynamics by interpolating along both x and z directions. The method was
tested on rat brain and ratkidney datasets recorded at 1kHz, demonstrating relazing the
FR to 100 Hz (using the first strategy) and a reduction in acquisition time by a factor
of 8 to 4 (using the second strategy) while maintaining ULM image quality comparable to
the original uncompressed data, including density and velocity maps.

2This Chapter appears in:
[J1] Afrakhteh S., Tuccio G., Demi L., A Novel 2x2D Radial Basis Functions-based Interpolation for Short
Acquisition Time and Relaxed FR Ultrasound Localization Microscopy” In IEEE transactions on ultrasonics
ferroelectric and frequency control, 2024
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3.1 Introduction

The adoption of ULM in clinical practice faces several challenges that require ongoing re-
search and innovation. The key challenges lie in prolonged data acquisition times, low FR
scanners, restricted clinical doses of contrast microbubbles, and difficulties in accurately
localizing and tracking microbubbles due to ultrasound noise and phase aberrations.

Over the past decade, the ULM framework has seen significant growth, with numer-
ous signal processing and machine learning technologies developed to enhance its perfor-
mance. The fundamental principle of ULM involves pinpointing the center positions of
microbubbles and tracking their movement to determine blood flow properties. When
the signal-to-noise ratio (SNR) of the microbubble signal is low, distinguishing the iso-
lated microbubble signal from ultrasound noise becomes difficult due to high levels of
noise from factors like ultrasound attenuation, thermal noise, and residual tissue clut-
ter, which results in error in tracking and consequently unreliable localization. Song et
al. [93] introduced non-local mean (NLM) filtering to maintain microbubble tracks cre-
ated by microbubble movement while reducing random background noise. They then
employed bipartite graph-based pairing for tracking. When applied to a rabbit’s kidney,
their technique effectively suppressed background noise, leading to improved localization
of microbubbles. In [94], the authors proposed a technique utilizing randomized SVD
(rSVD) to efficiently reject tissue clutter with low computational complexity. They im-
plemented a noise suppression version on a Verasonics ultrasound scanner, demonstrating
its effectiveness at FRs exceeding 25 Hz. Additionally, techniques based on sparse image
reconstruction combined with compressed sensing have been proposed for localization and
super-resolution, leveraging the assumption that microbubbles are sparsely distributed in
each imaging frame [95, 96]. However, the effectiveness of these approaches is limited to
areas with high microbubble concentrations.

Differently, in [97], the authors proposed an approach for reducing the acquisition time
based on separating spatially overlapping microbubble events into sub-populations utiliz-
ing the spatiotemporal differences in flow speeds and directions. Microbubble localization
and tracking were then conducted for each sub-population individually, allowing for more
robust ULM imaging even with high-concentration microbubble injections. In [98, 99],
we proposed acquiring data at lower FRs and then applying temporal interpolation to
achieve high-performance microbubble localization. The interpolation approach used in
the study involved interpolating 2D spatiotemporal information along the depth. The
results demonstrated that the FR could be relaxed by a factor of 10 based on density
maps. However, when considering dynamic maps (velocity magnitude and direction), the
feasible relaxation rate was determined to be 4.

In this study, we introduce an advanced ULM framework utilizing a bi-directional in-
terpolation technique based on RBF. The performance of the RBF interpolator relies on
the distance between data points; therefore, by integrating spatiotemporal information
along both the x-t and z-t directions, this technique effectively compensates for informa-
tion loss encountered when using a clinical scanner to acquire ultrasound data. Moreover,
we propose utilizing the approach to address two distinct challenges in ULM including
the high FR and prolonged acquisition time needed for precise localization. Therefore,
the main contributions of the papers lies in the following:
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o We present the new development of the previously designed 2D-RBF interpola-
tion technique in [98], which is called bi-directional 2D RBF Interpolation (i.e.,
2x2D RBF Interpolation). In ULM, accurately tracking microbubble positions over
time is critical for super-resolution imaging. Microbubbles move within the vascula-
ture, creating complex spatio-temporal signals that can be difficult to capture with
single-plane interpolation due to anisotropies and non-uniformities in their motion
and distribution. The main hypothesis behind the 2x2D bi-directional interpola-
tion strategy is that integrating interpolation results from two orthogonal spatio-
temporal planes (x-t and z-t) provides a more accurate and robust reconstruction of
microbubble trajectories.

o Moreover, we design two different sparse coding strategies to test the proposed 2x2D
bi-directional interpolation strategy. Firstly, for relaxing the need for a very high
FR (in kHz range) and successively, for decreasing the prolonged acquisition time.

The rest of the paper is structured as follows: In Section @, we outline the proposed
technique designed to reduce the FR and acquisition time requirements for ULM. Section

presents the results and discussion of applying this technique to ULM followed by
discussing and analysing the results in Section B.4. Finally, the paper’s conclusions are
provided in Section)@

3.2 Materials and Methods

3.2.1 Proposed RBF-based 2x2D Interpolation
2D RBF-based Interpolation

Radial basis function (RBF) interpolation is a powerful technique for interpolating multi-
dimensional sparse data. The interpolation function f(x) is expressed as a weighted sum
of radial basis functions centered at the known data points:

flx) = Zwm) = Zwmx—xiu), (3.1)

where f(x) is the interpolated function at unknown value point x, x; are the known value
points, \; are the coefficients to be determined, ¢ is the radial basis function, M is the
number of all points in the 2D grid, and r; = ||x — x;|| denotes the Euclidean distance
between x and x;. It should be noted that we use the Multiquadric (M Q) function (i.e.,
o(r) = /14 (er)?) as the RBF basis because of its better smoothness property and the
convergence speed, which makes the interpolation faster. In this function, € is a constant
and r is the radius of the RBF [86, [100]. The RBF-based interpolation process involves
two essential steps. First, a model is constructed by evaluating the RBF function at
known data points (determining the A). Therefore, the interpolation task is to determine
the \; for each data point, i.e., solving the linear system ®y.nvAnx1 = Fnx1, which can
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be expanded as follows:

¢(T’1,1) ¢(7‘1,2) e ¢(T’1,N) Al f(Xl)
d(r21)  (rep) ... d(ran) A2 f(Xz)
: S L= S (3.2)
¢(TN—1,1) d)(TN—l,Q) S ¢(rh'—1,]\’) AN—1 f(XN—l)
d(rna) o(rnz) ... o(raw) AN f(Xn)
® A F

In the second step, this model is used to reconstruct the missing values in the incom-
plete dataset. Since for the known data points the values (F) and their distances (r) are
known, we can simply use A = & 'F to determine the A at N data points. Now, the
interpolation model is created and it can be used in the utilization step to reconstruct
the unknown values. To estimate the unknown values at M data points, where their
values are not available, a new evaluation matrix, ®,,,, needs to be constructed. This
matrix is formed based on the distances between these M points and the known N points.
Using this newly constructed evaluation matrix and the weight vector derived from the
known data points (as described in Eq. (B.2)), the missing values at the M points (i.e.,
[Frec]Mmx1) can be estimated according to Eq. (B.3)):

Frechl = (I)newaNANXb (33)
which can be expanded as follows:
free(X1) o(rin) (i) .. d(miw) wy
free(X2) o(ran) d(ra2) ... Plran) Wy
: = : S S (3.4)
free(Xnr-1) O(ry—11) O(rm-12) .. O(rv-1n) WN-1
frcc(XM) @(M{,l) <Z5(T’M,2) cee @(T’M,N) wN

where Fpec includes the reconstructed values at M (M > N) data points in the 2D grid.

RBF interpolation presents scalability and numerical instability issues, especially with
large datasets. The M(Q function has a shape parameter that can be adjusted for different
datasets. Specifically, instability issues arise when the shape parameter is set to small
values (as indicated by the condition number). By selecting a sufficiently large shape
parameter (i.e., in this study € > 10%), we were able to reduce the instability issue in RBF
interpolation, resulting in a well-posed problem.

bi-directional Interpolation Strategy (2x2D)

The 2x2D strategy uses RBF interpolation in two separate planes, x — ¢ and z — ¢, and
then combines the results. The main hypothesis behind the 2x2D bi-directional interpola-
tion strategy is that combining interpolation results from two orthogonal spatio-temporal
planes (z — t and z — t) enhances the accuracy and robustness of reconstructing a 2D
spatio-temporal structure. By leveraging information from both directions, this method
can capture complex dependencies and variations in the data that might be missed when
using a single interpolation plane. This bi-directional approach aims to reduce interpo-
lation errors and improve the overall quality of the reconstructed data by integrating
complementary perspectives from the x — ¢t and z — ¢ planes. After performing the RBF
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interpolation in both the x —t and z — ¢ planes, the next step is to combine these results
to obtain the final interpolated data:

<zr—t> <z—t>
Frec = Wg—¢ X Frec +w, 4 X Frec ) (35)

where w,_; and w,_; are the weights assigned to each direction’s interpolation. In this
study, to ensure a balanced combination, we set w, ; = w,_4, as we did not have any
prior knowledge about the relative importance of the two directions.

To minimize errors and biases in combining the results of the RBF interpolation across
two planes, several precautions are essential. In particular, the size of the kernel along
the time domain should be the same for each block in the same dataset to prevent any
bias. Matrix conditioning is also important for numerical stability, particularly in large
systems of equations related to 3D data. An appropriate shape parameter for the RBF
basis function helps maintain stability and reduce numerical instability, facilitating a reli-
able integration of results from both planes. This linear combination of orthogonal planes
enhances data representation by effectively integrating complementary information. For
example, estimating velocities in two orthogonal planes is equivalent to evaluating two
velocity components of the velocity vector in two orthogonal planes. Thus, the final veloc-
ity map consists of the sum of the results of the interpolations along the two orthogonal
planes. Without prior knowledge of the flow information, the density map is the aver-
age of the results of the interpolations along the two orthogonal planes to reduce the
unnecessary errors.

3.2.2 Proposed strategies for relaxing the requirements for ULM
Strategy 1 (Relaxing the Requirement for FR)

One of the main parameters that limit the real-time application of ULM in clinical settings
is the FR. The FR in ULM is crucial for accurately tracking microbubbles and measur-
ing flow velocity. Higher FRs capture fast-moving particles more effectively, providing
detailed images of the microvasculature and reducing motion artifacts and blurring. This
improves the precision of microbubble localization, leading to more accurate reconstruc-
tions of vascular structures and flow patterns. Consequently, an optimal FR is essential
for high-quality imaging and reliable data acquisition in both clinical and research ap-
plications. For high-precision ULM, the feasible FR is typically in the range of kHz,
achievable with ultrafast ultrasound imaging [32, 100, 101]. However, this FR is often
beyond the capability of clinical scanners. To address this issue and mitigate the trade-off
between super-resolved image quality and FR, we propose acquiring data at a lower FR
followed by applying the suggested 2x2D interpolation (see Section ) This approach
compensates for the temporal connectivity, reconstructing the temporal information to
enhance microbubble tracking. More specifically, our first strategy to relax the high FR
requirement in ULM involves the following steps:

Step 1: Acquire data at a lower FR (F'R’), which is closer to the FR typically available
in clinical settings.

Step 2: Beamform the low FR data using the delay and sum (DAS) technique. At this
step, we obtain the beamformed in-phase and quadrature (I1Q) or radio frequency
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Figure 3.1: The block diagram of the proposed approach for applying the 2x2D RBF-based
interpolation to reduce FR requirements and acquisition time. (a) The first strategy focuses on
relaxing the high FR demands by recording data at lower FR (FR’) followed by applying the
interpolation to compensate for low FR data, i.e., the FR will be synthetically increased from
FR' to FR depending on the upsampling factor UpS (FR = FR' x UpS). (b) The second
strategy targets shortening the acquisition time from T, to 7. with a compression ratio (CR),
where T, = T,,/CR. In both strategies, the 2x2D RBF-based interpolation technique, depicted
in (c), is employed to reconstruct IQ data, enhancing FRs in the first strategy and extending
acquisition times in the second. In (c), the black image frames represent frames are missing,
while the green image frames indicate frames where data is available.

(RF) data necessary for ULM. However, the number of frames available for each
recording might be insufficient for high-performance tracking due to the loss of
temporal information from low FR acquisition.

Step 3: Upsample the recorded video by a factor of UpS (i.e., insert UpS — 1 frames
with NaN values between the successive frames in the 3D beamformed IQ or
RF data).

Step 4: Reconstruct the missing values marked with Na/N in the 3D structured beam-
formed data using the suggested 2x2D RBF interpolation.

The proposed technique improves information retrieval in the temporal direction (re-
sulting in # of frames = UpS x F'R’'), while acquiring data at a low FR (FR').
The strategy is also summarized in the first row of Fig. . To test this approach, we
simulate a low FR data acquisition by down-sampling of a factor DS = ULPS data acquired
at high FRs.

Strategy 2 (Relaxing the Requirement for Acquisition Time)

In ULM, the sufficient length of acquisition time (7)) is crucial for achieving high spa-
tial resolution and precise localization of microbubbles within the bloodstream, which
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enhances the overall image quality and accuracy of the microvasculature maps. Long ac-
quisition times are needed to ensure sparse microbubbles signals for precise localization,
as well as the transit of the microbubbles in the region of interest. However, the pro-
longed acquisition times must be balanced against potential motion artifacts, increased
computational load, and patient comfort in clinical settings. Thus, shortening acquisition
time is essential to ensure detailed and reliable imaging while maintaining practical and
comfortable procedures for patients. In this paper, we propose compressing the acquisi-
tion time by a factor of a compression ratio (CR), i.e., T\, = %, followed by applying the
proposed 2x2D RBF interpolation to compensate for the spatial resolution and quality of
microvasculature maps. The strategy is also summarized in the second row of Fig. .

3.2.3 Standard ULM

After modifying the FR or acquisition time of the recorded data using the proposed
strategies 1 and 2, respectively, we proceed with the standard ULM framework to ob-
tain super-resolved images. The steps in the ULM framework include k-SVD filtering,
microbubble detection and localization, tracking, and finally accumulating the tracks to
generate the vasculature map:

k-SVD Filtering

The k-SVD leverages the fact that backscattered signals from tissue exhibit higher spatio-
temporal coherence compared to microbubble echoes. By removing the first & singular
values, the tissue signal is effectively filtered out from the data [102].

Microbubble Detection and Localization

At this stage, pixels with maximum intensity values are identified as microbubbles, and
their localization is achieved using a Gaussian fitting algorithm [[103].

Microbubble Tracking

For tracking, we employ the modified Kuhn-Munkres bipartite algorithm [103].  The
core assumption of this method is that each MB in one frame should be paired with an
MB in the subsequent frame based on their relative distance. In the standard approach,
the algorithm requires all MBs to be paired, but this can be suboptimal due to the
unpredictable behavior of contrast agents, such as the disappearance of MBs. To address
this, as outlined in [93], we adopted a modified version of the Hungarian algorithm. This
approach allows for partial assignments, meaning that MB pairing occurs only when the
pairing distance is mutually minimal. If an MB cannot find a valid match after exploring
all potential assignment options, it is discarded in the next frame. Moreover, to improve
the robustness of the tracking algorithm, we set a threshold for the maximum linking
distance to pair MBs, i.e., MBs further than the threshold can not be paired and a
threshold for the minimum track length, i.e., tracks with lengths less than the threshold
are considered noise.
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Table 3.1: ULM Parameters used in this work.

Frame k-value = Max. Linking Min. Track Number of

Dataset Rate (Hz) (SVD) Distance (pixel) Length MB/frame
In silico 500 - 3 10 40

Rat Brain 1000 5 2 15 70

Rat Kidney 1000 10 1.5 15 100

Accumulating the tracks

Finally, a vasculature intensity map is generated by accumulating the microbubble tracks,
which have been previously smoothed and interpolated to fill in any missing points, across
all frames. Finally, from the positions it is possible to derive the functional information
(velocity magnitude and flow direction). The functional maps are color-coded. In partic-
ular, the colorbar of the flow direction maps encodes the flow towards (blue) and against
(red) the probe, whereas the colorbar of the velocity magnitude encodes the flow velocity
in mm/s.

3.2.4 Datasets

To evaluate the proposed strategy, we utilized three datasets benchmarked in [103]. In
particular, we selected one in silico dataset and two in vivo datasets: rat brain and
rat kidney data. The in vivo datasets were recorded with a 15 MHz center frequency
probe (Vermon, France). While the in silico dataset provides a ground truth and conse-
quently, the opportunity to evaluate the performance of the proposed technique, the in
vivo datasets cover a broad spectrum of hemodynamic structures across different organs
(such as the brain and kidney) and various injection methods. Table El], presents the
ULM parameters, which are dataset-dependent. Although clutter filtering can be signif-
icantly affected by the FR, we set the k-value of the SVD filter to the same value used
with high FR data [30]. The choice comes after performing a study on the impact of the
k-value of the SVD filter on the performance of the interpolation technique at different
FRs on two publicly available datasets [30], rat brain and rat kidney. In particular, we
performed a parametrisation study, in which we varied the k-value from its original value
at the original high FRs (5 for the Rat Brain and 10 for the Rat Kidney dataset) by
-50%, +50%, 100% and 150%. Finally, the density maps are rebuilt for each of these
variations. Rat brain and the rat kidney datasets were used for these analysis. Then,
results considering resolution (FRC) and Dice Score at 100 Hz are presented in Table B.2.
The results show that at 100 Hz the k-value does not impact the Dice Score for both
datasets. Furthermore, while the resolution for the Rat Brain dataset remains the same
when varying the k-value, the resolution sensibly worsens for the Rat Kidney dataset. In
particular, the resolution in um increases with increasing k-value. Although optimizing
the k-value of the clutter filter might improve some of the metrics (e.g. FRC), it does
not impact others (e.g. Dice Score). While parameter optimization might be useful to
improve the selection of the k-value, we have decided to keep its value constant in this
comparative study among different interpolation techniques.
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Table 3.2: Resolution and Dice Score for the Rat Brain and Kidney datasets while varying the
k-value of the SVD filter after applying the interpolation to data acquired at 100 Hz. Original
value of FRC is shown in brackets for comparison.

Rat Brain Rat Kidney
FRC (pm) 17.9 £ 3.6 (11.49) 52.7 + 21.2 (26.3)
Dice Score 78.9 + 0.02 80 £ 0.05

3.2.5 Evaluation Metrics
Tracking Precision and Recall

To evaluate the validity of the tracks generated after applying the proposed technique,
we assess the tracking performance utilizing an in silico dataset [103]. By providing
the tracks’ ground truth, the dataset allows computing the True Positives (TP), False
Positives (FP) and False Negatives (FN). In particular, a MB assigned to the same track
ID is considered as a true positive (TP); a MB assigned to a different ID is a false
negative (FN) and two MBs assigned to the same track ID are false positives (FP). Then,
the tracking performance is evaluated through precision and recall as follows:
TP TP

Precision = PP TP’ Recall = FNLTP (3.6)
We only keep the true positive detections to evaluate the tracking performance indepen-
dently from the detection’s performance. The Precision represents the validity of the
generated tracks, whereas the Recall represents the fraction of tracks recovered by the
technique among all the tracks in the original dataset. We evaluate the tracking perfor-
mance for both strategies.

Fourier Ring Correlation (FRC)

A frequently utilized metric for evaluating the quality of super-resolved images is the
frequency ring correlation (FRC') [104]. This metric assesses the correlation of spatial
frequencies along spatial frequency rings (r;) between two sub-images in the frequency
domain with the frequency band [Fy, F3], which are created by randomly dividing the
tracks in two subsets. In particular, the FRC is computed as follows. First, we split the
tracks forming the micro-resolved ULM image in two subsets. For each of the two subsets,
we generate the density maps and then compute the Fourier transform for each of the
two images F} and F5.Next, we compute the norm of the wave vector for all the points
in the Fourier domain, which represents the frequency distribution (r). The size of the
frequency domain corresponds to the super-resolution image size. Here, it is equivalent
to ten times the ultrasound image size. Finally, we compute the correlation between the
images along iso-frequency rings r; = 1/L,2/L, ..., where L is the pixel size in Fourier
space. Thus, the FFRC' is calculated as follows:

Zr er; Fl(T)FQ(T)*
Ve [BEPE, .,
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The resolution value is determined by the inverse value of the FRC curve at the
point where the F'RC falls below a specific threshold. In our study, we use the 1/2
bit thresholding method, which corresponds to the highest spatial frequency required to
gather sufficient information to fill half a bit.

DICE Similarity Index

The DICE score assesses the similarity between two images by quantifying the intersec-
tion area of the two images relative to the total area of their combined regions.

2 X ‘Ipsﬂ[ﬂ

DICE = :
[ Ips| U |11

(3.8)

where, in the relaxed FR strategy, Ips denotes the reconstructed image at a reduced FR,
and in the relaxed acquisition time strategy, it represents the image reconstructed with a
decreased acquisition time. Similarly, I; refers to the reconstructed image at the original
FR (in the relaxed FR strategy) or the total acquisition time (in the relaxed acquisition
time strategy). The Dice score is without units.

Root Mean Square Error (RMSE)

Another parameter employed to assess the quality of the reconstructed image (Ipg) un-
der conditions of either reduced FR or short acquisition time involves comparing it with
the reference image (I;) at either the original FR or the original acquisition time. The
formulation for RMSFE can be expressed as follows:

Npifc 2
(I/ps — 1)
RMSE = - 3.9

with N, total number of pixels in the reconstructed density map. The RMSE unit of
measure is the pixels’ intensity.

3.3 Results

The paper introduces a novel technique based on two strategies aimed at reducing the
high FR and high acquisition time requirements in ULM imaging. To achieve this, we
implemented two different sparse coding approaches to lower FR and acquisition time
needs, followed by a novel 2x2D RBF-based interpolation to compensate for the temporal
information. In the following, we present the results of applying the proposed technique
to datasets from a rat’s brain and kidney.

To evaluate the performance of our proposed technique under the relaxed FR strategy,
we follow this procedure: the original FR serves as the reference for high FR imaging,
with super-resolved images at 1 KHz considered the reference images. To model the
proposed low FR strategy, we temporally down-sample the acquired frames and apply
the ULM framework to obtain the results, referred to as low FR ULM. In this study, a
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down-sampling factor of 10 is used to remove temporal frames, resulting in a FR of 100
Hz, which is closer to clinical settings. Finally, we apply the proposed 2x2D interpolation
technique to the I1Q) data acquired at the lower FR to reconstruct the missing temporal
information. Density maps are shown for the relaxed FR strategy in Fig. and

for the in-silico and rat brain datasets respectively. For the in-vivo dataset, this strategy
represents an advancement of our previous approach detailed in [98] and it is used as a
reference for comparison.

Given that some microvascular structures exhibit pronounced directional blood flow,
such as predominantly vertical flow (i.e. in the cerebral cortex), we conduct compar-
ative studies on interpolation methods based on individual planes (x-t, z-t) and their
combination (2x2D interpolation). Furthermore, to justify the use of RBF-interpolators
over a standard interpolation technique, we compare it with standard linear interpolation
(LinIP) and provide quantitative and qualitative results. Results are provided for the rat
brain dataset at 100 Hz in Figure and Table B.3.

To evaluate the performance of the proposed technique in a short acquisition time
scenario, we considered the first K frames based on the compression ratio (CR), where
K = Nulrames e then interpolated C'R—1 middle frames between the successive frames
to enhance the reconstruction quality of the super-resolved image. Here, the original long
acquisition time (7. = T,) serves as the reference for comparison and reference-based
evaluation metrics calculations. This strategy was applied to the in-silico dataset, rat’s
brain and kidney datasets. The results are presented in Fig. , Fig. @ and Fig.
for the in-silico, rat’s brain and kidney datasets, respectively.

To obtain quantitative results, we extracted the evaluation metrics discussed in Sec-
tion . These metrics provide insight into the improvement level achieved by using the
proposed low FR and short acquisition times techniques, enhanced by the 2x2D interpo-
lation technique. In particular, the in-silico dataset offers the opportunity to evaluate the
precision and recall after tracking the MBs. Tracking precision and recall are presented
for both strategies in Table B.4. Furthermore, for the in-vivo datasets, we evaluate the
performance of the interpolation considering FRC', RMSE, and DICE similarity score.
The results are presented in Table for the Relaxed FR strategy, and are reported in
Table and Table for the reduced acquisition times for the rat’s brain and kidney
datasets, respectively.

Finally, we evaluate the performance of the bi-directional interpolation in recovering

velocity information for the relaxed FR strategy (Fig B.7).
In particular, we compute the mean velocity profiles for the Rat Brain dataset at 100
Hz when using the bi-directional interpolation to up-sample the data, and provide the
comparison with the velocity distribution of the original high FR data and TEULM at
100 Hz.

Results are produced for FRs 100 Hz for the relaxed FR strategy and at 1/4 acquisition

time for the relaxed acquisition time strategy.
These results confirm the improvement in the tracking with respect to not applying the
interpolation technique for both strategies. While the quality of the detected tracks is
above 70% for both strategies, the percentage of tracks is low, especially for the relaxed
FR strategy at down-sampling 10.
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Figure 3.2: Density maps of the in-silico dataset when applying the proposed techniques: Re-
laxed FR at 100 Hz and Relaxed Acquisition Time at 1/4 of the original acquisition time. Density
maps are presented for two regions of interest (ROIs) without the interpolation (Without IP)
and when applying the interpolation technique (With IP).
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Figure 3.3: Results of the proposed technique (last column) when applying the interpolation
technique to rat brain dataset at 100Hz in comparison to the original FR ULM at 1 KHz (first
column). The second column show the super-resolved images derived at 100 Hz FR without
applying interpolation. The third, fourth, and fifth columns show the super-resolved images
after applying interpolation using RBF along z-t, RBF along x-t (noted as TEULM), and LinIP,
respectively. The first, second, and third rows represent the density, flow direction, and velocity
magnitude maps for each case, respectively.
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Figure 3.4: The results of the suggested technique for the relaxed acquisition time strategy when
applying to the rat brain data. The first column displays the results for the scenario where the
total acquisition time is used (7, = T,). The second and third columns show the outcomes
when using half of the original total acquisition time, with and without applying the suggested
2x2D interpolation (IP) based on the relaxed acquisition time strategy (7, = T, /2), respectively.
Similarly, the fourth and fifth columns show the results for 7/, = T, /3 with and without applying
the proposed 2x2D IP, respectively. Differently, the first, second, and third columns represent
the density, flow direction, and velocity magnitude maps for each case, respectively.

Table 3.3: The quantitative results without the interpolation and with interpolation along dif-
ferent planes and utilizing a linear interpolation to the rat brain data.

Methods FRC (wm) RMSE DICE
ULM (1 Kilz) 115 - -
ULM (100 Hz) 22 0.9 0.19
z-t (100 Hz) 18.9 0.87  0.55
TEULM (x-t [98]) (100 Hz) 17.8 0.85  0.79
Linear Interpolation (100 Hz) 20.7 0.71 0.62
Proposed (x-t and z-t) (100 Hz) 19 0.67 0.82

3.4 Discussion

Fig. @ shows the results of the evaluation of the relaxed FR strategy when applied to the
Rat’s brain data. The figure depicts a comparative analysis of various imaging techniques
across different levels: density maps (first row), velocity direction (second row), and
velocity magnitude (third row). The ULM at 1 kHz FR consistently displays the highest
detail and clarity due to its superior spatial resolution. Conversely, the ULM at 100 Hz FR
exhibits significant loss in detail, with blurred and less defined structures. This is because
of the loss of the information along the temporal dimension due to the down-sampling. The
TEULM at 100 Hz, which combines ULM with interpolation in the x — ¢ plane, improves
clarity, resolution, and detail over the standard ULM at the same frequency. Remarkably,
the proposed method at 100 Hz, which employs 2x2D interpolation in both x —¢ and z —¢
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Figure 3.5: The results of applying the proposed technique (relaxed acquisition time strategy)
to the rat kidney data. The first column displays the results for the scenario where the total
acquisition time is used (7. = T,). The second and third columns show the outcomes when
using half of the original total acquisition time, with and without applying the suggested 2x2D
interpolation (IP) based on the relaxed acquisition time strategy (7. = T,/2), respectively.
Similarly, the fourth and fifth columns show the results for 7, = T, /3 with and without applying
the proposed 2x2D IP, respectively. Differently, the first, second, and third columns represent
the density, velocity direction, and velocity magnitude maps for each case, respectively.

Table 3.4: Tracking precision and recall on in-silico dataset with and without the 2x2D RBF
interpolators for the Relaxed FR strategy (100 Hz) and Relaxed Acquisition Times strategy (1/4
T).

Precision Recall
100 Hz (with IP) 0.72 0.34
100 Hz (without IP) 0.39 0.07
1/4 T (with IP) 0.81 0.48
1/4 T (without IP) 0.64 0.28

planes, demonstrates the best performance, delivering detail and clarity nearly comparable
to the 1 kHz ULM across all dimensions. The qualitative analysis also are confirmed
by the quantitative results in Table , where the results demonstrate the promising
improvement in RMSE, and DICE similarity compared to ULM (100 Hz). This superiority
of the performance of the proposed method in terms of similarity compared to the TEULM
can be attributed to the combination of information in both orthogonal directions to
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Figure 3.6: The preserved tracks fraction and FRC(m) evaluation without and with applying
the proposed 2x2D interpolation technique for the relaxed acquisition time strategy. The first

and the second rows respectively indicate the Rat’s brain and kidney results (CR: compression
ratio, i.e., T’z = Tx/CR).
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Figure 3.7: Mean velocity distribution for the Rat Brain dataset. The performance of the
proposed technique at 100 Hz (blue line) is compared to ULM at 1 kHz (red line) and TEULM
at 100 Hz (yellow).
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Table 3.5: The quantitative analysis of the proposed technique (relaxed acquisition time) when
applied to the rat brain data.

Method FRC (pm) RMSE DICE
Tx=Tzx Original 11.50 - :
R R S v
Te=Tofs Wit e om0 06
Te=Tot G om0

Table 3.6: The quantitative analysis of the proposed technique (relaxed acquisition time strat-
egy) when applied to the rat kidney data.

Mothod  FRC (wm) RMSE DICE
Txr=Tx Original ~ 24.75 - -

Before IP  26.16 54 0.84

! e
T'e=Tx/2 o 1P 2451 9.0 0.83
Before IP 31.25 9.9 0.81

!
Te=Tz/3 jno1p  27.03 11.3  0.78
Before IP  30.1 114 0.79

!
Te=Tz/d o 1P 2667 16.3  0.78

compensate for the missing temporal information. By performing interpolation along
both = and z directions, the method integrates data from multiple spatial dimensions
more effectively, leading to a more comprehensive and accurate reconstruction of fine
structures.

To show the effectiveness of the proposed 2x2D interpolation technique compared to
using a single plane (either x-t or z-t), we provided the results for each plane separately in
Fig. and Table @ (in the third (z-t) and fourth (x-t) columns) and standard LinIP.
Additionally, we presented quantitative evaluations, including RMSE, resolution in pm
(measured by FRC), and Dice score. Both qualitative and quantitative analysis of the z-t
and x-t planes separately confirm that interpolation along the x-t direction carries more
impactful information. While the z-t plane interpolation yields higher RMSE and lower
Dice scores than even LinIP, its combination with the x-t plane as 2x2D enhanced the
results. More specifically, the quantitative results indicate a higher structural similarity
between the density maps produced by the proposed 2x2D RBF interpolation (82%)
compared to the single-plane RBF interpolation (55% for the z-t plane and 79% for the
x-t plane) and the LinIP method (62%).

Having demonstrated the effectiveness of the proposed 2x2D interpolation technique
for the relaxed FR strategy, we applied this technique to the relaxed acquisition time
strategy focusing on short acquisition times. The technique was deployed on datasets from
the rat’s brain and kidney, with results presented in Fig. and Fig. , respectively.
Evaluation metrics are detailed in Table@ and Table @
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In both datasets, when employing 7. = T,./2, the ULM technique without the interpo-
lation also showed promising results, indicating that extremely long acquisition times are
not always necessary. However, our suggested technique, when used to enhance resolution
in combination with ULM, consistently produced higher quality super-resolved images.
This improvement is quantitatively evident from the F'RC' values.

Increasing compression ratios lead to a loss of temporal information, which reduces
the ability to resolve vasculature. The incorporation of our proposed technique becomes
more significant as it notably enhances the depiction of vasculature. This enhancement
is quantitatively supported by the resolution evaluation in terms of the FFRC'. It should
be noted that the improvement in the resolution of the super-resolved images has been
achieved without significant compromise in the RMSE and DICE similarity scores in
the relaxed acquisition time strategy, which further reveals the efficacy of the suggested
technique. The qualitative and quantitative results show that we are allowed to shorten
the acquisition time in both datasets by a factor of 3 to 4, while still we can reach a
comparable resolution and vasculator depiction compared to the case of considering the
whole acquisition time. It should be noted that increasing the compression ratios larger
than 4 (CR > 4) leads to the appearance of some vascular artifacts and loss of the
vasculature in the final super-resolved images.

Given that the number of detected tracks significantly affects the quality of the re-
constructed images, we analyzed the statistics related to the number of tracks at various
compression ratios (7, = T,./CR, where CR = 2,3,4) relative to the number of tracks
at CR =1 (i.e., T, = T,). A higher fraction of preserved tracks signifies more accurate
tracking of microbubbles, leading to better representation of blood flow dynamics, higher
resolution, and improved image quality. To further investigate the veridicity of the tracks
recovered utilising the proposed RBF interpolators, we have computed the precision and
recall of the tracks for both strategies in an in-silico dataset (Table B.4) and produced
the density maps (Fig. ). Results show the improvement in the depiction of com-
plex vascular structures (magnified in the two ROIs in Fig. ) for both strategies. In
particular, when applying the 2x2D interpolation (With IP), the precision is above 70%
for both strategies. The high precision value confirms the quality of the detected tracks
after utilising the proposed interpolation technique. On the other hand, the percentage
of recovered tracks (e.g. recall) is low, especially for the relaxed acquisition time strategy
at 100 Hz. The analysis demonstrates the ability of the RBF interpolators in recovering
tracks even at reduced FRs and decreased acquisition times. However, it also shows that
relaxing the FR is more challenging. In fact, while the interpolation technique helps in
correctly tracking MBs (high precision), it does not recover all the tracks present in the
original dataset (low recall).

Furthermore, we assess the performance of the proposed technique through the res-
olution (FRC) trend at different compression ratios (Fig. ). The figure illustrates
the impact of 2x2D IP on preserved track fraction and F'RC across different compression
ratios. The left graphs show that using 2x2D IP significantly enhances the preserved
tracks fraction for all tested compression ratios (CR = 2,3,4), indicating a substantial
improvement in tracking quality. In contrast, the right graph shows that F'RC values are
generally lower with 1P, particularly at CR = 2 and C'R = 4, suggesting that IP not only
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improves the fraction of preserved tracks but also enhances the resolution as measured
by FRC. The improvement in F'RC' can be attributed to the increased preserved tracks
fraction, as higher track numbers contribute to more precise localization. These findings
highlight the dual benefits of using 2x2D IP, enhancing both tracking robustness and
precision, and making it a favorable approach in ultrasound localization microscopy with
the short-time acquisition process.

Considering the dynamic profiles in both the relaxed FR and acquisition time strate-
gies, as demonstrated in TEULM [98], it is evident that increasing either the DS (down-
sampling) or CR (compression ratio) rates leads to a rise in the error of the reconstructed
velocity profiles compared to the original ones. This increase in error is attributable to
reconstruction inaccuracies in motion, highlighting the need to integrate a motion com-
pensation technique into the proposed 2x2D interpolation method. Nevertheless, it’s
worth noting that although there is an underestimation of the velocity magnitudes in the
relaxed acquisition time strategy, as evident in Fig. and Fig. (second rows), the
proposed 2x2D interpolation technique successfully improves the reconstruction of flow
directions compared to the results without applying interpolation.

Furthermore, by utilizing a bi-directional interpolation technique the velocity’s mag-
nitude estimate improves with respect to TEULM, which consists in applying the inter-
polation along one plane (x-t). In fact, Figure @ shows that the proposed approach
better recover velocity information when compared to TEULM at 100 Hz. Although there
is an underestimation of the mean velocities, the bi-directional RBF-interpolators better
capture the dynamics of MBs.

As a limitation of this study, we can mention that in the suggested 2x2D approach,
we need 2 times interpolation in the x — ¢t and z — t planes, therefore the improvement
in the performance of the ULM imaging via 2x2D is achieved by increased computational
complexity in the post-processing stage. Nevertheless, it is important to highlight that
the total processing time is the sum of the beamforming time and the interpolation time.
In addition, the proposed interpolation technique is applied after the beamforming stage,
which also has the benefit of reducing the beamforming time. For instance, in the original
scenario with a 1000 Hz FR, 1000 frames would need to be beamformed, leading to sig-
nificant beamforming time even when using a simple delay-and-sum (DAS) beamformer.
In contrast, with the proposed technique and a DS of 10, the total beamforming time is
reduced by 90% per block. However, the total processing time is offset by interpolation
time, which takes less than one minute (47 sec) for both planes with a regular computer
(i.e., a system with Intel® CoreTM i7-8700 K CPU @ 3.70 GHz and 32 GB RAM) for
each data block in dataset A when using the DS rate of 10 (i.e., reconstructing a data
block of 800 temporal frames from 80 recorded frames at 100Hz).

3.5 Conclusion

In this paper, we applied a novel 2x2D RBF-based interpolation to ultrasound localization
microscopy with two key objectives: to relax the requirement for very high FRs and to
reduce acquisition time. We designed two strategies to achieve these goals. Additionally,
we introduced a novel 2x2D interpolation technique that uses 2D RBF interpolation along
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two orthogonal planes, integrating them for more accurate reconstruction. We applied
the 2x2D technique to rat brain data, demonstrating that the FR can be reduced from
1 KHz to 100 Hz. Next, we applied the proposed technique, following the relaxed acqui-
sition time strategy, to the rat’s brain and kidney datasets. The results show that our
technique can shorten the acquisition time by a factor of 3 to 4, while still achieving a
super-resolved image quality close to the original case (77, = T) in terms of resolution,
as measured by the F'RC metric.Therefore, the proposed technique presents a promis-
ing strategy to relax acquisition requirements during preprocessing and instead design
an efficient post-processing technique to compensate for the loss of temporal informa-
tion, thereby producing high-quality super-resolved images. Finally, as highlighted in
the discussion section, we plan to design a motion correction approach integrated with
the suggested interpolation in future studies to further improve flow information in ULM
imaging. It is confirmed that the low FR acquisition brings significant tracking errors,
leading to low resolution, an underestimate of the velocity measurement, and a decrease
in saturation for ULM reconstruction [105]. To tackle the issue, in future studies, we
will focus on further improving the tracking stage utilizing the tracking with velocity
constraints in the state-of-the-art [105] to be well adopted to the proposed technique.
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Chapter 4

Towards reduced ULM acquisition
times by uncoupling a bi-disperse
microbubble population

This C’fLCL]?1567E proposes a solution to relax Ultrasound Localization Microscopy (ULM)
constraint on low MB concentrations. ULM relies on precise localization and tracking
of individual MBs. High MB concentrations yield to increased localization errors and,
ultimately, ULM failure. ULM constraint on low MB concentrations results in long ac-
quisition times, posing challenges in clinical settings. Here, we show the feasibility of
uncoupling a bi-disperse MB population, composed of two monodisperse MB populations,
in a 3D-printed vascular phantom. The uncoupling is performed through a signal process-
ing pipeline that exploits the strong nonlinear response of MBs having resonance frequency
tuned with the transmission frequency. After uncoupling, super-resolved density and veloc-
ity flow maps are generated for each MB population. The results demonstrate the capability
of uncoupling the selected bi-disperse MB population, potentially permitting increased MB
concentrations. This, in turn, could reduce acquisition times for microvascular ultrasound
imaging, potentially facilitating ULM clinical translation.

4.1 Introduction

MB localization precision is crucial for the quality of the reconstructed images. However,
ULM requires isolated MB signals for accurate localization. Failing to ensure MB sparsity
would cause overlapping MB PSF in ultrasound images. Because localization errors re-
lated to such situations are high, these MBs are usually excluded from the analysis. As a
result, ULM often operates with low MB concentrations, leading to long acquisition times
to accumulate an adequate number of MBs to cover the micro-vasculature in the region
of interest. To improve MB localization despite high concentrations, different flavors of
deep neural network architectures have been proposed [106-109]. Furthermore, in [110],

3This Chapter appears in:
[J2] Tuccio, G., Te Winkel, Bruggeman C, Van Hoeve W, Demi L., "Towards reduced ULM acquisition times by
uncoupling a bi-disperse microbubble population”, In review, 2025
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Table 4.1: Populations ps 5375 and p3arg, dimensions in micro-meter and resonance frequency
in MHz.

P5.5MHz | P3MH=z
Diameter 2.5 pm | 4.0 pm

Resonance Frequency | 5.5 MHz | 3 MHz

Huang et al. alleviated the localization problem for high-density injections by dividing
the MBs into subpopulations based on flow dynamics.

Unlike the polydisperse MBs commonly used in ultrasound localization microscopy (ULM),
monodisperse MBs exhibit a narrow size distribution. This small size variability enables
optimal tuning of the imaging frequency to match the MBs specific characteristics (e.g.
MB resonance frequency), thereby enhancing acoustic performance and improving ultra-
sound contrast imaging. This has been demonstrated by studies showing that monodis-
perse MBs reduce imaging artifacts and enable the visualization of deeper blood vessels
[60-52]. In this study, we leverage the advantages of monodisperse MBs to overcome the
trade-off between MB concentration and acquisition time. Specifically, we introduce a
bi-disperse MB population composed of two distinct monodisperse MB types. We pro-
pose an uncoupling pipeline to separate these two populations based on their different
frequency response. As a proof of concept, we apply this technique to ultrasound data
acquired from a 3D-printed vascular phantom.

4.2 Methods

4.2.1 Bi-disperse MB population

By localizing and tracking the echoes produced by individual MBs flowing in the circula-
tion, ULM generates micro-resolved density maps [111-114].

In this study, we uncouple a bi-disperse MB population. The bi-disperse population
is composed of two monodisperse MB populations, each having a different frequency re-
sponse. In particular, we select one population (pssum.) generating mainly the fundamen-
tal response, having the resonance frequency not tuned with the transmission frequency
and one population (psprg.) producing a strong nonlinear signal, having the resonance fre-
quency matching the transmission frequency. Thus, the non-linear signal intensity allows
for the uncoupling of the two populations. vH. and ps3yrg. diameter and resonance
frequency are presented in Table @ Figur@ shows the Point Spread Function (PSF)
and frequency response of ps sy (in Fig. fl.1a) and psyp. (in Fig. @b) obtained when
acquiring the data at 3 MHz in water. The frequency response is evaluated as the Fourier
transform along the fast time at the maximum-intensity line, shown in Figure with
the red dashed line. Being psyg. the population whose resonance frequency matches
the transmission frequency, its frequency response is strongly nonlinear (in Figure §.1b).
Oppositely, pssym.’s frequency response exhibits a linear behavior.

The bi-disperse MB population used in this study is produced by Solstice Pharma-
ceuticals. Each monodisperse MB population is created using a microfluidic chip device
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Figure 4.1: Full field Point Spread Function (PSF) and frequency response in dB for pssarm.
(a) and psprm. (b). The frequency response is evaluated as the Fourier transform along the fast
time at the maximum-intensity line, highlighted by the red dashed line.
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Figure 4.2: Size distribution (a) and resonance frequency (b) measurements for pssarm. (2.5
pm) and psarpz (4.0 pm), evaluated after MB production.
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Figure 4.3: Experimental set up. The phantom has three injection points, two of which are
connected through tubes to a pair of syringes, each containing a specific MB population. Con-
tinuous injections are performed using a syringe pump. Data acquisitions are performed using
the ULAOP and and a linear array.

(MicroSphere Creator, Solstice Pharmaceuticals, Enschede, the Netherlands) [115]. The
microfluidic chip allows for control of the dimension, and consequently, the resonance
frequency of the MBs, ensuring monodispersity [116]. During the production phase, the
chip mixes the gas and liquid with a flow rate tailored to the desired MB size. Followin

production, the MB size distribution and resonance frequency are measured. Figure @
shows the size distribution of the bi-disperse population when mixed over an hour. The
size distribution is measured every 5 _minutes using a Coulter Counter (MultiSizer 4e,
Beckman Coulter, Brea, CA). Figure [?%a_demonstrates that the MBs remain bi-disperse
in a time window typical of ULM. Figure [?7b displays the resonance frequency of ps sy
and pspp.. As in [117], the resonance frequency is estimated through attenuation for
individual populations. Briefly, a 7.5 MHz (for pssym.) and 5 MHz (for pspp.) trans-
ducer (V309-SU and V320-SU, Olympus, Waltham, Massachusetts, USA) generate an
acoustic beam, which after traversing a bubble screen, is reflected and received by the
same transducer. The pulser (DPR300 Ultrasonic Pulser Receiver JSR Ultrasonic NY,
USA) synchronises the transmitting and receiving phases [117]. In transmission, a broad-
bandwidth pulse is sent to the bubble screen. Then, the attenuation is measured as the
difference between the received power spectrum crossing the MB screen and a reference
spectrum measured without MBs. Finally, the resonance frequency is estimated to be the
frequency showing the highest attenuation. The high control of the MB dimensions and
their stability over time offers the possibility to select two distinguishable MB populations.

4.2.2 Data Acquisition

Ultrasound data were acquired with MBs flowing through a custom 3D printed flow phan-
tom running at a constant flow rate with MBs varying concentrations (dilution of 10000x-
20000x in de-gassed water). The phantom is printed in collaboration with PROM Facility,
Rovereto, Italy, using the Selective Sintering Laser technique, which fuses polymer pow-
ders material via laser [118]. The laser thermal source allows heating of the polymer at
a specific location, thus building the 3D solid structure layer-by-layer at a sub-millimetre
scale. The material used to print the 3D vascular phantom (Flexa TPU, elastic module
76 MPa, and, density 1.04 g/cm?) permitted ultrasound imaging. The 3D model design
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is visible in Figure @ The model has three injection points, and channels with varying
dimensions ranging from a diameter of 2 mm to 1.5 mm.

The experimental data acquisition is performed with the phantom positioned vertically
in a tissue-mjmicking gel to avoid any movement during the acquisition process, as shown
in Figure #.3. In the study, we utilize two injection points, each connected to a syringe
pump flowing at a constant rate of 2 ml/min. Each syringe contains a different MB
population. MB populations are diluted in de-gassed water and kept in suspension with
a steering plate. Injections of 20 ml are performed continuously. Ultrasound data are
acquired for each MB population singularly and simultaneously. For individual injections,
we inject MBs into the first channel and water in the second channel for pssng., while
for ps3arm., the injections are reversed.

To acquire the radio-frequency data, we employ a programmable ultrasound platform
(ULAOP), and a linear array probe (Esaote LA533, Florence, Italy [119]), placed horizon-
tally to the 3D printed channels, as shown in Figure 1.3. Line-by-line was implemented
acquiring 64 lines for each image. A pulse with a center frequency of 3 MHz and band-
width of 1 MHz was used in transmission. For each record, 250 frames are acquired with
a frame rate of 187 Hz. The sampling frequency is 50 MHz.

4.2.3 Ultrasound Data Processing for ULM

To generate the density and dynamic maps of the MB populations, we implement a
common ULM framework, summarized in Figure {1.4. After data acquisition, filtering is
applied to the ultrasound RF data. Specifically, filtering is implemented by a Butterworth
band-pass filter, with 2 MHz and 20 MHz as lower and upper cut-off frequencies. A spatio-
temporal SVD filter is then applied. The SVD filter removes the first k-value of the
decomposition, assuming that these represent the coherent spatio-temporal background
signal [111, 114]. In this study, the k-value is experimentally selected to 5, consistent with
the range discussed in other studies [111, 120]. Next, the MBs uncoupling is deployed to
generate two subsets of ultrasound images, each of which represents one of the uncoupled
populations (h,,,,,. for population psy g, and h,, .,,,. for population pssarpr.). Finally,
the ULM framework comprising detection, localization, tracking, and accumulation is
applied. The detection step is performed using two different methods (1, and ncc):

1. Localization using Pixel Intensity (I,). The technique, presented by Couture et.
al. [120], assumes that an MB echo is represented by the brightest pixels in the
ultrasound image. The technique requires estimating m (the number of MBs) present
in each frame. Here, m is optimally selected to 30-50 MBs/frame based on the
dilution. Next, the m brightest pixels, isolated at least by the dimensions of a MB
PSF are considered MB detections.

2. Localization through correlation (ncc). Similar to [121, 122], this technique utilizes
a mean PSF obtained by acquiring the ultrasound data of pssyg. and psyg. in
water. The PSF is specific to each population and is obtained by averaging the PSF
of 20 MBs in different acquisitions. The PSF for the two populations can be seen
on the right side of Figure 1.4b. For each frame, a 2D normalized cross-correlation
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between the filtered images and the MB PSF is evaluated. This results in a cross-
correlation map, where the peaks correspond to MB detections. To further improve
the detection performance, a threshold of 0.5 is selected as the minimum correlation
to consider the pixels as MB signals. This threshold value was empirically selected
based on the data of this study. If the correlation is lower than the threshold value
the pixels are considered background noise and excluded.

The comparison between two detection algorithms provides a proof of the robustness
of the proposed uncoupling pipeline. In this way, we confirm the uncoupling capability
when using a standard algorithm (brightest pixel), while demonstrating the possibility of
improving the performance using a model-based algorithm (normalized-cross-correlation).
To ensure a fair comparison between the two methods, the parameter values were deter-
mined empirically through a parameter search optimization.

After detection, a Gaussian fitting 111, 112, 120] is performed to further refine the
localization estimate. For each detection, a Gaussian distribution is fitted by sub-sampling
the pixels by a factor of 10, as described in [120].

Next, MB centroids for each population are tracked through a bipartite matching
algorithm. The algorithm finds the optimal frame-to-frame pair for all the MB signals,
matching them in such a way that the total distances of all the MBs are minimized
[120, 123]. Repeating the process for all the frames in a record generates MB tracks.
To improve tracking precision, MBs with persistence shorter than 7 frames are discarded.
Finally, density and dynamic maps are obtained through the accumulation of these tracks.

4.2.4 Microbubble Uncoupling

The uncoupling is performed as a pre-processing stage (see Fig. Q) First, we apply a

Butterworth filter to separate the first and second harmonic components. The filter has

a center frequency of 3 MHz and 6 MHz for the first and second harmonic respectively,

and 1 MHz of bandwidth. Next, we apply a Hilbert transform to generate the ultrasound

images associated with the first (h1) and second (hy) harmonic signal. As shown by Fig.
b, the uncoupling is performed as follows:

e pssmu. 1S the population characterized by a resonance frequency (5.5 MHz) not
matching the transmission frequency (3 MHz) and, as a consequence, by a linear
response. pssym. images (hy, .,,,.) are obtained by subtracting the first (h;) and
second (hy) harmonic images:

h

P5.5MHz

An example of PSF for Ay, hy and h

is shown in Figure @b.

P5.5MHz

e psyrm. is the population whose resonance frequency matches the transmission fre-
quency (3 MHz) and thus has a strong nonlinear response. pspp, is isolated by

imaging the second harmonic:
hpsMHz = hs. (42)

The first (hy) and second (hs) harmonic PSFs of a MB belonging to population
psmi- are shown in Figure Y.5b.
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Figure 4.4: At the top (a) uncoupling pipeline for the bi-disperse MB population. Uncoupling
is performed after data acquisition and filtering. As a result of the uncoupling, a set of images
for each population (hp, ;.. for pssya. and hy,,,,. for psara.) are obtained. Next, a ULM
framework comprising of detection, localization, tracking and accumulation, is applied. At the
bottom (b) detail of the uncoupling procedure of ps 5n5. and p3prp.. First, the first and second
harmonics are filtered employing a Butterworth filter in the frequency domain. Successively, the
envelope detection is used to generate the images of the first (h;) and second harmonics (hsg).
Images of the two populations hy, ;. and hy,,, . are evaluated as hy — hg and hy respectively.
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Figure 4.5: Example of hy and he for population psyrp. and pssym. (a). Results of applying
Equations [1! and @ to both populations (b).

Note that, by applying [1! to population psprg. would cancel out this MB population
signal. Similarly, using equation to image ps.sarp. would cancel out its contribution.
As such, the equations allow to selectively image each MB population, thus allowing
the uncoupling. To verify this, we perform the experiments having only one population
injected in one channel, meanwhile flushing water in the other. This choice would allow us
to understand the potential cross-talk between the two MB populations. Next, we apply
the proposed pipeline when injecting the two MBs populations at the same time.

4.3 Results

This work demonstrates the feasibility of uncoupling the bi-disperse MB population based
on the intensity of each MB’s population nonlinear response. In fact, we are able to
reconstruct density and flow dynamics maps in a 3D printed phantom using the proposed
uncoupling pipeline (Fig. §.4).

Figures h.Ga and Y.6b show respectively the density and flow direction maps for the
detection method based on the brightest pixels (/) and normalized cross-correlation
method (nce). After data acquisition for separate injections of each population, the uncou-
pling generates images of population pssarm. and psaym., marked as hy, .. and Ay arms.
Figure §.6b shows the flow direction images which are color-coded, with red marking the
flow away from the probe, and blue the flow towards the probe. Individual injections
serves as an initial validation for the uncoupling pipeline while having a ground truth.
During single injections and in case of perfect uncoupling, the residual images, obtained
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by attempting to image the non-injected population, should be empty. For instance, in
@a first column, only pspp. has been injected. After injection, the uncoupling and ULM
pipeline produce images of both populations hpsyr. and hyssam, using Equations
and {.2, respectively. As such, hpsy . displays tracks of the MB population, since psasrr.
is the population injected. On the other hand, hss5y/5. is empty, as it attempts to image
the population which is not present. We mark the residual images with a red background
for both the density and flow direction maps (Fig @)

Intensity profiles of two cross-sections for both detection methods (1, and ncc) are
displayed in Figure §.7a and @b, for psyrm. and pssarp. respectively. Additionally, the
full width half maximum (FWHM) values further highlight the ability of the proposed
pipeline to depict the geometry of the vascular structures (see arrows in Fig. ).

Table shows the quantitative metrics for the density maps generated for the two
populations utilizing I,,, and ncc as detection methods. The table presents the results
in terms of saturation, evaluated as the number of pixels covered by MBs tracks, mean
detections per frame and mean tracks per record. The mean track/record is the average
value of the total tracks found after applying the bi-partite tracking algorithm. The mean
detections/frame and mean tracks/frame metrics are particularly relevant in discussing the
performance of the uncoupling pipeline. In fact, knowing which MB population is present
in each channel, the number of residual detections and tracks is a direct evaluation of
false positives. Finally, we evaluate the percentage of mean accepted track per record,
which represents the percentage of the total number of tracks after filtering out short
tracks. This metric reflects tracks quality, since short tracks are likely the results of
poor detections and noise, and, as such, are unreliable for micro-vascular reconstruction
(124, 125].

Figure shows the nce generated tracks for both populations superimposed with the
3D printed phantom design.

Figure @ and Table @ show the density maps and the evaluation metrics generated
when injecting the two populations simultaneously for both detection methods. Further-
more, a comparison with density maps generated by using a standard ULM pipeline before
uncoupling for both methods is presented in Fig. . Note that for the I,;, detection
method the number of MBs present per frame has been increased to account for more
MBs present in one frame. Regarding the ncc detection method, the same correlation
threshold has been applied.

4.4 Discussion

We have proposed and demonstrated the effectiveness of an uncoupling pipeline that
exploits the nonlinear response differences of two MB populations forming a bi-disperse
MB population. Results highlight the performance of the technique when_individual
(Fig. @) and simultaneous (Fig. ) injections are performed. Figures and

show density maps obtained utilizing two detection methods: the brightest pixel (1,;;), a
context-unaware detection method, and normalized cross-correlation (ncc), a model-based
detection approach. These results confirm the robustness of the proposed uncoupling
pipeline in separating the bi-disperse population. Furthermore, the flow direction maps
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(Fig. @b) demonstrate that the proposed pipeline preserves flow information. Note how
the color encoding, with blue representing MB flow towards the probe and red away from
it, is consistent with the direction imposed by the experimental setup. The performance of
the proposed method is further supported by the quantitative results in Table @, where
saturation, mean detections and mean tracks decrease in the residual column (marked in
red in Table §.2, reinforcing uncoupling capability).

Fig. demonstrate that ncc outperforms I,,,. This is visible from the spurious
tracks present in the residual images. For instance, observe the tracks present in the
lower part of image h,, .,,,. generated using I,;, for injections of psrp.. In this image,
I,;,-generated images show a high number of false positives tracks compared to ncc. The
reason for I, lower uncoupling performance lies in the way I, works. I, detections
are pushed to find the m brightest pixels. However, these pixels might be the result
of uncoupling errors or the filtering results, leading to false positive detections and the
appearance of spurious tracks. I, detects on average 4.2 MBs/frame for ps s pm, when
injecting p3arg. (see Table f.2). For the same case, nce detects 1.5 MBs/frame, showing
better uncoupling performance. The improved separation capability of a model-based
detection method (nce) is confirmed by the mean tracks per record and the mean per-
centage of accepted tracks in Table §.2. On average for psp g, injections, ncec accepts 3.1
% of the detected tracks for pssarm., whereas I, accepts 15 % of the tracks, causing the
appearance of false tracks. Despite a similar mean number of tracks/record for psy g, for
acquisitions where only p3prp. is present, the mean tracks/record substantially drops for
Pssmm. (from 124.9 to 14 tracks/record) when using nce method. The high number of
tracks indicates a large number of tracks likely caused by false positive MB detections,
reflecting I,;; poorer uncoupling performance. However, these false positive tracks are
partially filtered out by the track length threshold.

The robustness of nce’s detection performance is further evident from the density profiles
shown in Figure §.7. For instance, observe the profile for cross-section 1 in Figure §.7b,
where ncc allows the visualization of different phantom branches with comparable inten-
sity. Although I,,;, produces tracks for both channels, the number of detected MBs flowing
in one of the two channels is significantly higher. While ncc shows better separability, the
performance improvement comes at the cost of a higher computational demand. Table
confirms the superiority of ncc for uncoupling the two populations when injected together
across all the metrics. The mean detections per frame (see Table |1.3) are higher for the
ncc method, leading to more tracks and a more saturated final density map, confirming
the analysis of single injections. However, the tracks obtained with the ncc method for
population p3prp. (Fig. b) appear to be more scattered and less smooth, probably due
to_the higher number of detections, which make the tracking more challenging. Figure
presents a few spurious tracks, which could be the result of errors in the uncoupling
pipeline. However, the number of tracks resulting from the uncoupling allow to uncouple
the two MBs populations. To demonstrate the potential advantage of using the proposed
technique with respect to standard ULM, we compare the density maps generated before
(Fig. @) and after uncoupling (Fig. @) The reconstructed map highlights how the
proposed pipeline better reconstructs the geometry of the phantom for both methods.
The main reason for the improved performance can be explained by the fact that, when
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Table 4.2: Results for the two detection methods I, (brightest pixel) and ncc (normalized
cross-correlation).

I iz

Injections of p3arp. | Injections of pssyrm-

Ppsarrr | Pops snrr s sarm | hpsnrsr
Saturation (%) 9.1 4.1 10 0.5
Mean detections/frame 6 4.2 15 2
Mean tracks/record 150.3 124.9 358 20
Mean accepted tracks (%) 57 15 27.7 1

nce

Injections of p3arm. | Injections of pss5prH-

hpB]VIHz hp5451\/IHz hp5.51\/IHz hPBIWHZ
Saturation (%) 10.7 1 12 0.4
Mean detections/frame 5 1.5 11.2 1
Mean tracks/record 104.5 14 334 12
Mean accepted tracks (%) — 28.2 3.1 16.7 0.1

Table 4.3: Results for the two detection methods Ip;; and ncc when injecting the two MB
populations simulaneously.

Lyia nec
hp3MHz hp545MHz thMHz hpS.S]V[Hz
Saturation (%) 12.4 14.1 18.3 13.2
Mean detection/frame 10 10 17 21
Mean track/record 347 168.6 923 822
Mean accepted tracks (%) 44.7 74.2 62.8 57.3

both MBs are present, there is a higher concentration of MBs, which make standard ULM
more difficult. For I,;, density maps, fewer tracks are present, probably due to the higher
number of overlapping MBs detections. On the other hand, ncc appears to reconstruct
the vasculature, but more spurious tracks are present.

Results highlight the advantage of using 3D printed vascular phantoms as physical
ground truth for assessing ULM-generated maps. There are few missing branches in
the reconstructed density maps, which can be explained by the misalignment between
the imaging plane and the phantom positioning. Nevertheless, the reconstructed tracks
align with the phantom geometry (Figure .§) and the vascular dimension estimated from
ULM images are consistent with those of the phantom. In Figure 4.7, the channel width
is evaluated at the FWHM of the intensity profiles and found to be approximately 2 mm,
matching the phantom’s inner diameter.

This study presents several limitations. Firstly, the stability and separability studies
have been tested on data acquired in a 3D printed phantom. While these in vitro results
provide an opportunity to validate the proposed approach, testing it on clinical in vivo
data is essential to assess the method’s feasibility in a physiological context, character-
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ized by many challenges, such as attenuation of MB signals and motion. Furthermore, a
natural extension of the study involves injecting a mixture of the two monodisperse pop-
ulations, rather than performing injections either individually or simultaneously. This
next step is crucial not only for validating the MB response when both populations are
present, but also verifying the uncoupling performance of the proposed algorithms and
investigating the feasibility of increasing MB concentrations. By mixing the two popula-
tions, we can assess the effectiveness of the uncoupling technique in real-world scenarios.
Furthermore, given the control on 64 elements, line-by-line imaging has been implemented
for this study. While this choice guarantees a wide field of view, it comes at the price of
lower frame rates compared to ultrafast imaging normally implemented in standard ULM.
In future in vivo studies, we plan to implement plane wave imaging, which would allow to
achieve higher frame rates. Finally, a limitation of this study is the variability of the in
vitro experiments due to the manual selection of the imaging plane and phantom insta-
bility. As a consequence, some vascular branches present in the phantom are not visible
in the final density and velocity maps. To solve this, improvements on the replicability
of the set up can be performed. In addition, 3D imaging would solve the imaging plane
selection issue.

4.5 Conclusions

In this study, we demonstrate the feasibility of uncoupling a bi-disperse MB population.
Results show the ability of the proposed uncoupling pipeline to generate dynamic and
functional maps when singularly and simultaneously injecting distinct MB populations
in two separate phantom branches. We tested the proposed uncoupling framework using
two detection methods. I, performs detection based on the brightest pixels, whereas
nce utilizes cross-correlation for detecting MBs. Both methods allow the uncoupling of
the two selected populations. However, results show a better performance of a model-
based approach (ncc) with respect to a context-unaware method (I,;;). Furthermore, we
compare the reconstructed density maps before and after uncoupling. Results confirm
that standard ULM fails to capture the vasculature, possibly due to high MBs concentra-
tions, whereas by utilizing the uncoupling technique, the reconstructed vascular structures
appear to better represent the ground truth geometries. As a future work, we plan to
simultaneously inject in the same channel the two populations to verify the advantage of
using a bi-disperse population over a poly- and/or mono-disperse population. Further-
more, we plan to perform in vivo experiments to verify the separability of the bi-disperse
MB population and the performance of the proposed uncoupling pipeline towards ad-
vanced ULM. This would ultimately allow for an increase of MBs concentrations, thus
alleviating the need for long acquisition time for micro-vascular imaging.

In addition, it is worth highlighting that in this study we 3D-printed a vascular phantom
compatible with ultrasound imaging. As a next step, we aim at 3D printing structures
having dimensions and geometries comparable with the in-vivo vascular bed. The phan-
toms would provide a fully controllable tool to validate ULM’s results both in terms of
geometry depiction and velocity information.

Finally, the use of different populations might benefit not only on a practical level (short-

65



ening the acquisition time) but also on a more diagnostic and monitoring level. Depending
on the MBs’ sizes, different populations might selectively transit in micro-vessels charac-
terized by different properties.
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Chapter 5

Increasing Microbubble
Concentrations in Microvascular
Imaging via Microbubble Separation
by means of Orthogonal Frequency
Division Multiplexing

This C’hapte7H introduces a bi-disperse MB population (i.e. two monodisperse MB popula-
tions), which are separable through Orthogonal Frequency Division Multiplexing (OFDM).
Results in a flow channel phantom demonstrate the feasibility of uncoupling the two MB
populations. Thus, the proposed approach might alleviate the requirement of low MBs
concentration, ultimately allowing for faster microvascular imaging.

5.1 Introduction

The quality of the ULM-generated images depends on the precision of MBs localizations,
which in turn is influenced by the spatial distance between the MBs signals. While
sparser MBs signals ensure more precise localizations, they extend the time necessary for
microvessel imaging. This substantially affects the imaging of capillary structures, where
the limited perfusion and the constraint on spatially isolated MBs negatively influence
the acquisition times [b4, 125, [126]. Intuitively, increasing MBs concentrations would
shorten the acquisition times, but would decrease the probability of isolated MBs signals.
Thus, ULM is limited to low MBs concentrations and long acquisition times, which are
challenging in the clinical setting.

In this study, we introduce OFDM to separate different monodisperse MBs populations
based on their backscattered signals. This allows for increasing MBs concentrations and,

4This Chapter appears in:
[CP1] Tuccio G, Te Winkel L., Bruggeman C., Van Hoeve W., Demi L., "Increasing Microbubble Concentrations
in Microvascular Imaging via Microbubble Separation by means of Orthogonal Frequency Division Multiplexing”
in IEEE Ultrasonics, Ferroelectrics, and Frequency Control Joint Symposium, UFFC-JS, 2024
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Figure 5.1: PSF and frequency response of population pspsp. (first row) and pssarm. (second
row) when acquired in water at 3 MHz (a) and 5.5 MHz (b) transmission frequency.

ultimately, reduces the acquisition times for microvascular imaging.

5.2 Materials and Methods

5.2.1 Monodisperse Microbubbles

MBs backscattered signal depends on their dimension, which is linked to the resonance
frequency [[127]. By selecting two monodisperse MB populations characterized by different
diameters, it is possible to discriminate between the signals produced by each population.
Thus, having a way to discriminate hetween MB signals would offer the possibility of
increasing MBs concentrations. Table shows the features of the two populations used
in this study (psym. and pssym.). The monodisperse MB populations are produced
through a microfluidic chip, which allows control on their size and, consequently, on their
resonance frequency.

5.2.2 Proposed method

OFDM allows ultrasound imaging by transmitting multiple parallel beams [128, [129].
Here, OFDM is used to separate MB populations based on the different frequency re-
sponse of each MBs population when insonified with a transmission frequency tuned with
the MB’s resonance frequency. Thus, we utilize OFDM to transmit two parallel beams
with center frequencies at 3 MHz and 5.5 MHz, and 1 MHz bandwidth. The Point Spread
Function (PSF) and frequency response of psprp. and ps sprg. when acquired using the
two transmission frequencies are displayed in Figure @ Data are acquired in a flow
channel phantom composed by two parallel channels. To acquire the radio-frequency
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Table 5.1: Diameter and resonance frequency of the selected MBs populations.

Diameter Resonance Frequency
Ps.5MHz 2.0 pm 5.5 MHz
P3MHz 4 pm 3 MHz

data we employ a programmable ultrasound platform (ULAOP), and a linear array probe
(Esaote LA533). MBs separation is performed at the detection step, see Fig. 5.2. After
background filtering, for each frame of the acquisition, the normalized cross-correlation
between each MB signal (M B;) and the MB signal of each population acquired in wa-
ter when transmitting at the same frequency as the resonance frequency (M By, and
M Bs sp1.) is evaluated. The maximum cross-correlation is used to assign each detec-
tion to one population. After the assignment, for each population, the MBs are localized
through a Gaussian fitting and tracked by means of the Hungarian algorithm [[111], [130].

Finally, the micro-resolved density maps for each population are obtained through
accumulation.

As a proof-of-concept, we first perform injections of a single population. This would
allow us to quantitatively assess the performance of the separation algorithm. In fact,
knowing that only one population is present in the data, it is possible to evaluate the
number of MBs of each population correctly assigned (true positives, TP) and the number
of MBs erroneously assigned (false positives, FP). The number of true and false positives
allows us to quantitatively assess the precision as precision = = PTJFP +p- Next, we generate
the density maps utilizing the proposed pipeline when injecting the two MB populations
simultaneously.

5.3 Results

After performing single injections of each population, the precision for psyrg. and ps sy
is 0.73 and 0.62, respectively. Figure @ shows the density maps when injecting the
two populations simultaneously and the normalized intensity profile associated with the
density map at -4.5 mm lateral dimension, indicated by the green dashed line. Results
demonstrate MBs separability, thus confirming the feasibility of increasing the concentra-
tions and reducing the acquisition times.

5.4 Conclusion

In this study, we propose a novel approach toward the increase of MBs concentration. In
particular, we demonstrate in vitro the feasibility of separating a bi-disperse MB popula-
tion by utilizing two parallel beams tuned with MBs’ resonance frequency. Quantitative
and qualitative results confirm the separability of the two MBs populations. As a next
step, we plan to test in vivo the proposed approach, thus testing the performance of the
proposed approach in high MBs concentrations scenarios.

70



71



72



Chapter 6

Conclusion

This chapter presents the conclusions of the research carried out as part of this PhD and
summarizes the results presented in this thesis. In addition, it proposes potential future
research directions for further development of the proposed methods.

6.1 Final Discussion

Clinically, ULM holds promise as a powerful tool for the monitoring, diagnosing, and
delivering follow up treatment of vascular-related pathologies. Moreover, it offers the
potential to enhance our understanding of vascular function and to establish correlations
between vascular alterations and disease mechanisms. Despite these promising prospect,
ULM clinical implementation remains limited by several technical and practical chal-
lenges, including the need for high FRs, prolonged acquisition times, and the absence of
validation tools [30, 70, [73]. This thesis proposes solutions to these limitations.

The_impact of FR on ULM performance has been extensively discussed in the liter-
ature [[79, 80]. Although a limited number of studies have attempted to apply ULM at
FRs typical of clinical ultrasound scanners (i.e., sub-100 Hz), such low FRs are primarily
effective for tracking slow-moving MBs. This results in the loss of information regarding
faster flows, as the FR is insufficient to capture rapid changes in the MB trajectories.
To alleviate the high FR need, Ackerman et al. and Opacic et al. [61, 63] proposed a
modified Markov chain Monte Carlo data association. This method optimally associates
MB positions by incorporating an underlying motion model, thus facilitating the tracking
of MBs even at lower FRs. Similarly, Jeffries et al. [60] employed a Kalman filter as the
tracking backbone, integrating MB image features to improve tracking accuracy. While
these approaches enable the recovery of MB trajectories at FRs as low as approximately
50 Hz, the performance comes at the price of high computational cost. In this regard and
to relax the high FR constraint, we propose in Chapters P and H the use of RBF inter-
polators. Chapter E presents TEULM, a modified ULM framework capable of handling
low FR data acquisition. The RBF interpolation utilize the spatio-temporal information
to synthetically upsample low FR data. As such, TEULM improves tracking capabilities.
Our results demonstrate that TEULM significantly enhances the visualization of vascular
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structures, even with FRs as low as 100 Hz. The method produces comparable density
maps across a range of organs and pathologies, showcasing its effectiveness in clinical
scenarios with limited FR capabilities.

However, it is important to note that TEULM'’s ability to recover velocity information
is less robust compared to its success in depicting vascular morphology.

As an extension of the work presented in Chapter @, where the interpolation is ap-
plied along a single x-t plane, Chapter B proposes the use of RBF interpolator along 2
orthogonal planes (x-t and z-t). The core idea behind this study resides in the fact that
MBs move within the vasculature, creating complex spatiotemporal signals that can be
difficult to capture with single-plane interpolation. Integrating the interpolation results
from two orthogonal spatiotemporal planes provides a more accurate and robust recon-
struction of MBs trajectories. This technique is tested on publicly available datasets with
the aim of relaxing the constraints associated with high FRs. The study demonstrates
that the proposed method not only improves the recovery of structural information, but
also enables a more accurate depiction of dynamic vascular parameters at a FR as low as
100 Hz. In addition to improving FR limitations, we also evaluate the impact of reduced
acquisition times. Specifically, we assess the quality of vascular depiction and velocity
estimation when the data is acquired in as little as 1/4 of the time typically required for
a standard ULM acquisition. Our results indicate that the proposed method allows for a
reduction in acquisition times by a factor of 4, while still producing comparable results
in terms of both structural imaging and dynamic velocity estimates when compared to
longer acquisition scenarios.

Another main concern for the clinical application of ULM is the acquisition time
required to achieve a complete microvessel image. To fully reconstruct the microvascula-
ture, it is essential that each capillary is perfused by at least one MB. Previous studies
have demonstrated that, for imaging of a rat brain, 10 mins are required to achieve ade-
quate perfusion and coverage [80]. In a clinical setting, this acquisition time would likely
elongate. However, the measurement duration in clinical context should balance consid-
erations such as patient comfort, volume of data generated and computational resources
required to process such data. As a result, a compromise between acquisition time and
degree of reconstruction needs to be established.

Various research groups conducted extensive research to shorten the acquisition times.
One straightforward approach is to increase the number of injected MBs [64]. However,
high MB concentrations often results in overlapping MB signals, making it difficult to
distinguish individual MB echoes and accurately localize them. To address this challenge,
several methods have been proposed, including sparse recovery [65, [76], deconvolution
[131] and velocity filtering [132]. Additionally, in [69] Huang at al. proposes to define
different sub-populations based on the different flow dynamics to separate overlapping
MBs signal. However, all the aforementioned techniques rely on ultra-fast plane wave
imaging, which is out of the reach for most clinical systems.

In Chapters ff and B, we introduce a bi-disperse MB population (i.e. composed of two
well-separated monodisperse MB populations). By uncoupling this population, we aim
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at increasing MB concentrations, thus potentially reducing acquisition times. Chapter

introduces an uncoupling technique based on the distinct frequency responses of the
two monodisperse MB populations. Specifically, we adjust the transmission frequency to
match the resonance frequency of one of the MB populations. This results in a higher
nonlinear response from the population whose resonance frequency aligns with the trans-
mission frequency, while the other population (with a non-matching resonance frequency)
exhibits a mainly linear response. This uncoupling technique is tested using a 3D-printed
phantom, where the two MB populations are injected both individually and simultane-
ously. The individual injections allow for testing the cross-talk between the two popu-
lations, while the simultaneous injection provides a more realistic scenario. The results
demonstrate that the proposed technique is effective in uncoupling the bi-disperse MB
populations, potentially allowing for higher MB concentrations without signal overlap.
This approach has the potential to significantly reduce acquisition times while maintain-
ing high-quality imaging.

In Chapter H we present another uncoupling strategy using the same bi-disperse MB
population as the one presented in W. This uncoupling relies on OFDM. OFDM trans-
mits parallel pulses at different transmission frequencies. The idea here is that each MB
population will respond differently when insonified with beams at different frequencies.
In particular, a MB excited with a beam tuned with the resonance frequency would have
a stronger response. By evaluating the PSFE of each MB acquired at their respective
resonance frequency, we develop an algorithm able to assign each MB detection to one
of the two populations. We test the approach in an in wvitro phantom when injecting
the two populations simultaneously, each in one channel. Results validate the proposed
uncoupling approach. As in chapter @ the possibility to uncouple the bi-disperse popu-
lation allows to increase MB concentrations, thus potentially decreasing acquisition times.

The development of methods or tools for evaluating the density and dynamic maps
generated by ULM is crucial for utilizing these images in clinical practice. In this context,
we initiated a collaboration with the PROM Facility at Trentino Sviluppo, Rovereto,
Italy. The facility’s 3D printing capabilities allow the creation of vascular structures, thus
providing a valuable ground truth for ULM-based imaging.

Printing microvascular structures presents several challenges. First, it is essential to
select an appropriate printing technique and material capable of supporting complex,
hollow structures. Second, the material must be ultrasound-compatible, ensuring that it
generates a sufficiently strong backscattered signal to allow for the detection of moving
MBs and, consequently, for effective ultrasound imaging. Third, the material must be
robust enough to prevent structural collapse during the printing process.

To address these challenges, we selected the Sintering Laser Technique as the printing
method. This technique utilizes the heat produced by a laser source to selectively heat the
polymer at specific locations, thereby enabling the layer-by-layer construction of 3D solid
structures at sub-millimetric resolution. The material used for printing the 3D vascular
phantom, Flexa TPU (with an elastic modulus of 76 MPa and a density of 1.04 g/cm?),
was chosen for its compatibility with ultrasound imaging.
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The 3D printed vascular phantom was employed in the study presented in Chapter @,
demonstrating the feasibility of producing ultrasound-compatible vascular structures via
3D printing. This approach opens the door to the use of realistic, reproducible phantoms
for validating and refining ULM techniques.

The limitations of the methods proposed in this thesis are:

1. The methods proposed in the thesis have not been tested on in vivo clinical data.
The proposed algorithms have been tested on pre-clinical in vivo or in wvitro data from
either publicly available dataset or acquiring the data ourselves. Although testing the
methods with pre-clinical in vivo and in vitro data is a natural step in the research pro-
cess, validation with clinical in vivo data is fundamental for ULM clinical translation.

2. Motion correction is not addressed in this thesis. However, to image the vascu-
lature, ULM required acquisition spanning over tens of minutes. Over this time, tissue
motion (e.g. breathing, hand motions due to human held US probe) might importantly
affect the data acquired [39, [133, [134]. If not corrected, tissue motion leads to loss in
resolution by motion blur and misleading reconstructions [[75]. The data used in this
thesis are acquired ensuring little movements. While motion within of the data utilized
in this thesis can be considered negligible, motion compensation plays a crucial role and
is of fundamental importance.

3. 3D ULM is not considered in this work, yet it represents a natural and essential
progression for ULM. The incorporation of the third dimension addresses several inherent
limitations of 2D ULM. Specifically, 3D ULM enables the detection and localization of
MBs in three spatial dimensions, thereby facilitating a more comprehensive visualization
of the vascular volume. Moreover, 3D imaging helps mitigate the issue of localization
overlap, which often arises due to the projection of a dense MB cloud in 2D. Additionally,
3D ULM offers improvements in tracking accuracy, as the third dimension reduces the
likelihood of erroneous MB pairings that can occur with 2D acquisitions. Finally, 3D
imaging provides a more effective means of compensating for out-of-plane tissue motion,
further enhancing the reliability of ULM in dynamic imaging scenarios.

6.2 Future Work

In the immediate future, the author proposes an extension of the research carried out in
this thesis as follows:

1. Applying the RBF-interpolation for reduced FR and decreased acquisition times in
3D dataset.

2. Applying the interpolation technique for reduced FR and reduced acquisition time
on data acquired in a more challenging scenario and close to the clinical context (e.g.
with motion).
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3. Validation of all the proposed methods on in vivo clinical data.

4. An extension of the study on the bi-disperse MB population involves injecting a
mixture of the two monodisperse populations, rather than performing injections either
individually or simultaneously. This next step is crucial not only for validating the un-
coupling performance of the proposed algorithms but also for investigating the feasibility
of increasing MB concentrations. By mixing the two populations, we can assess the ef-
fectiveness of the uncoupling technique in real-world scenarios, where overlapping MB
signals are more likely to occur. Moreover, this approach will provide valuable insights
into the potential for enhancing MB concentrations without compromising the accuracy
of signal localization, ultimately contributing to improved imaging quality while reducing
acquisition times.

5. 3D print vascular structures of a full organ. We aim at printing different organs’
vasculature both healthy and featuring pathological vascular conditions. This would al-
low to have a controllable tool to perform experiment and validate ULM algorithms for
vascular imaging.

From its invention in 2011, ULM has been considered as a revolutionary technique
for microvascular imaging. To validate its potential, the technique has been applied to
various use cases both in preclinical and clinical studies. However, it is still not integrated
in clinical practice. This thesis focused on investigating and understanding some require-
ments and constraints of ULM, which are preventing the technique to be implemented
as a routine exam. This thesis successfully addressed key challenges such as high FRs,
long acquisition times, and 3D printing a vascular phantom for validation. Incorporating
the proposed solutions into ULM may accelerate its adoption in routine clinical practice.
However, an important unanswered question remains regarding the clinical application
of ULM: has its optimal use case been identified? Defining this would provide a critical
drive force for its integration into routine clinical practice.
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