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ABSTRACT 

 
Contrast Enhanced Ultrasound imaging is a safe, reliable, and inexpensive diagnostic 

method that can provide information on the vascularisation of an organ and is currently 

applied in a range of diagnostic protocols. This thesis combines the fields of mathematical 

biology for vascular network modelling with Contrast Enhanced Ultrasound and with 

Super Resolution Ultrasound to expand the range of diagnostic applications in different 

conditions. The fact that microbubbles are intravascular agents allows the study of 

diseases that affect organ vascularisation like obstructions and tumours. Under this scope, 

vessel networks with certain blood flow conditions and dedicated, large scale organ 

vascularisation models were constructed, with and without the aforementioned 

pathologies, and their impact on organ perfusion was studied. Then, Contrast Enhanced 

Ultrasound imaging was applied on microbubble flow through these vascular networks 

and the results were compared to the readily available ground truth results. The novelty 

of this approach lies on combination of the two fields: the mathematical biology models 

allowed the systematic comparison of healthy organs and of disease on ground truth level, 

thus allowing the investigation of ultrasound parameters that can be improve image 

quality or be used as diagnostic markers.  The results showed that the use of SRU provides 

useful information on the structure (recovery of vessel radius) and rheological properties 

of microcirculation which can be used for early detection of disease.     
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Chapter 1 – INTRODUCTION 

 

1.1 Motivation 

The use of ultrasound, US, imaging is established in the daily clinical practice due to 

being safe, accessible, and cost effective. An additional benefit of US over other medical 

imaging modalities, is that it can provide real-time imaging information making it a point-

of-care diagnostic tool.  In spite of the methods limitations, related to user dependency or 

lack of robust quantification protocols, the modality is widely accepted, e.g. for NHS the 

US take up 20% of all imaging scans.  

The US research and development of the past few decades has focused not only on 

improving the classical US performance, but also introducing new methods that utilise 

ultrasound to provide a new type diagnostically valuable information. One of these 

methods is Contrast Enhanced Ultrasound, CEUS, which is being studied in this thesis. 

In this imaging method the use of microbubbles, MBs, improves image quality by 

increasing the contrast but also provides information on the vascularisation of an organ. 

The MBs, are injected in the bloodstream, they travel to the organ of interest through the 

circulation and provide increased contrast when imaged with ultrasound due to the 

significantly different acoustic impedance of the MB material in comparison to the 

surrounding tissue. The MBs, have diameters at the order of micrometres, hence called 

micro-bubbles, and do not diffuse in the tissue of the organ. This property makes them 

true intravascular markers and allows for the study of vascular physiology and organ 

perfusion. This is the motivation behind this thesis: to use mathematical biology models 

of blood flow, or large scale organ models of the microcirculation to inform the 

development of CEUS and SRU methods. This type of information can be valuable for 

the diagnosis of diseases that affects the vascularisation and tissue perfusion. An example 

of successful adoption is that of liver disease diagnosis for which indicates that 

information on flow and organ vascularisation, when combined with the many benefits 
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of US may lead to diagnostics protocols with great impact on daily clinical practice. The 

impact off this thesis, provided by the improved recovery of vascular information and the 

identification of SRU parameters that correspond to pathology, is on the expansion of 

current CEUS diagnostic protocols.  

A strong influence behind the large scale organ models of the microcirculation that are 

presented in chapter 4 and 5, is the study of cancerous lesions and tumour induced 

angiogenesis. The term ‘cancer’ is used to describe a wide range of lesion types that can 

have different characteristics. The characteristics that are relevant to this thesis are the 

tumour vascularisation and tumour perfusion. The outcome of cancer treatment is 

improved for early diagnosis, therefore the vascular models of this work focus on the 

microcirculation i.e. on the early stages of tumour induced angiogenesis.   The vascular 

characteristics of pathology are thoroughly studied with the help of mathematical biology 

models which provide controlled conditions that can be used to link imaging parameters 

to underlying flow changes. Furthermore, it is equally important to study the 

vascularisation and blood flow of healthy tissue in order to compare with the results 

obtained from disease and draw conclusion of diagnostic importance. This is an additional 

feature that is being also studied in this thesis with the help of appropriate mathematical 

biology models.  

1.2 Approaches and Novelties/Contribution 

The introduction of mathematical biology models in the field of ultrasound imaging can 

have multiple benefits in different aspects of this imaging field. Specifically, it can be the 

intermediate stage between purely theoretical studies of pairs of stationary scatterers and 

complex in vivo image acquisitions. The mathematical models provide a controlled 

environment of realistic conditions in which the effects of realistic MB injection and 

blood flow conditions can be studied, and their impact on image formation can be 

evaluated. The various aspects of the imaging process that can benefit from the 

combination of the fields are the resolution, recovery of structural properties of the 
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vascularisation, recovery of rheological properties, and the identification of appropriate 

parameters for the detection of certain types of disease. 

The work of this thesis is divided in 3 separate studies (in silico experiments of chapter 

3, chapter 4, and chapter 5) in which the degrees of vascular model complexity are 

gradually increased.   In each of these chapters the effect of vascular/injection model 

complexity on image formation is studied and certain benefits are shown for each case. 

In this sense, each experimental chapter has a separate contribution on the field of 

ultrasound. However, the final experimental chapter, chapter5, which is the most complex 

in terms of vascular structure and blood flow modelling, combines the degrees of 

complexity of the previous chapters and yields appropriate parameters for early stage 

cancer diagnosis. This fulfils the goal of this thesis which is the contribution towards the 

expansion of CEUS diagnostic. The completion of this thesis paves the way for 

appropriately designed in vitro and in vivo studies in which the identified useful 

parameters can be further studied.  

A subject of interest throughout the thesis has been the use of CEUS in combination with 

particle tracking algorithms in the post processing stage. It has been shown to improve 

resolution, due to the estimation of the particle centre position instead of a broader Point 

Spread Functions, PSFs, hence the term Super Resolution Ultrasound, SRU. The benefits 

of improved resolution are highly relevant to the process of vessel recovery, which in turn 

is important for diagnostic evaluation of images using vascular information. Hence, a 

common thread in the chapters is the use of SRU. The novelty of this work lies on the use 

of SRU for optimal vascular characteristics recovery, or for the identification of SRU 

parameters that better reflect characteristics of pathology. SRU is the method of choice 

for optimal vascular characteristics recovery. Nevertheless, the work of chapter 4 

examines and evaluates conventional (non-SRU) approaches and estimates the extend at 

which they can be applied or particular cases for which they can be useuful.  
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Finally, the SRU algorithms are probabilistic giving the MB position estimations with 

uncertainty that depends on the imaging conditions. An additional goal of this study is to 

investigate imaging conditions that could improve vessel recovery. In summary, the 

novelties/contributions of this thesis are given in the following list:   

1. The work of chapter 3 helped determine the efficiency of SRU when used with 

different imaging conditions for the case of realistic MB injections in which MBs 

overlap may occur at a certain degree. Specifically, the combination of adaptive 

beamforming with SRU was studied in terms of resolution improvement and 

vascularisation information recovery. The realistic injection used in this chapter 

provides an estimate of SRU efficiency for different imaging conditions which is 

different from simply examining stationary pairs of scatterers.  

2. An additional novelty of chapter 3 is the quantification of the uncertainty of vessel 

size estimation using SRU under different imaging conditions and propose an 

optimal method for vessel size recovery.  

3. Chapter 4 maintains a realistic MB injection and further studies a realistic in terms 

of blood flow, vascular bed for a heathy state and under disease. It is a study of 

the greater impact of small changes/abnormalities in the flow of a capillary bed 

and determines whether these changes can be correlated to imaging properties 

qualitatively and quantitatively. The results showed that there is correlation and 

that CEUS an appropriate modality for the imaging of microcirculation but the 

conventional method of indicator dilution models cannot provide information on 

the smallest of the vessels. For these vessels, the use of SRU would be more 

appropriate.  Nevertheless, the use of TIC and classical indicator dilution models 

is still relevant for organs that are affected by motion in which SRU cannot be 

easily applied.  

4. An additional novelty of chapter 4 is the comparison of classical Time Intensity 

Curve, TIC, and analysis for microvascular flow quantification with SRU. The 

analysis of the same vascular networks with SRU showed improved results 

qualitatively and lead to the work of chapter 5.   
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5. Finally, chapter 5 assessed the ability of SRU parameters to correlate to ground 

truth (GT) rheological and structural properties of various tumour stages. The 

contribution of the chapter is the identification of the most appropriate parameters 

that reflect the changes of the microcirculation that are related to tumour induced 

angiogenesis. These parameters could be used as imaging markers of cancer in 

future in vivo studies. This chapter completes the purpose of this thesis which is 

the adoption of mathematical biology models for the identification of markers of 

disease and potential expansion of CEUS diagnostic protocols.  

 

1.3 Thesis overview  

Chapter 1. Introduction 

This chapter states the motivation behind the research presented here, the    

approaches taken for the design of each in silico experiment, and the 

contribution of the experiment to the field. 

Chapter 2. Literature review 

This chapter reviews the role of US and CEUS in clinical practice, the 

currently established diagnostic protocols, and the individual research fields 

that are combined in this multidisciplinary thesis. The separate reviews of the 

fields of CEUS and mathematical biology of vascular modelling lead to the 

conclusion that the combination of the fields can provide a new type of 

diagnostically valuable information and expand the list of protocols to 

diseases that are currently diagnosed by different methods.  

Chapter 3.  Introduction of blood flow model: effects on SRU processing for        

                   different beamforming and methods 

In this chapter the blood flow model is introduced for the first time in CEUS 

as a realistic MB injections. It is applied on a simplistic network of a pair of 

vessels which can be used to study the combination of adaptive beamforming 

with SRU. The contributions of this chapter are vessel distance estimation, 

and vessel size recovery uncertainty. The work of chapter 3 is being used for 
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a journal paper under preparation with title:  “Vessel Recovery using 

Adaptive Beamforming for improved super-resolution ultrasound imaging: A 

simulation Study”.  

Chapter 4. An Organ Flow Model of the Microcirculation for the Evaluation of 

                   Indicator Dilution Models used in Ultrasound Imaging 

An investigation of the use of TICs for the quantification of flow changes 

related to vascular obstructions in a capillary bed stem. The chapter uses the 

same realistic blood flow model as in chapter3 but on a, large-scale organ 

model in healthy state and under disease (generic obstructions of flow). The 

contribution of this chapter is the evaluation of conventional indicator dilution 

models and their limitations. These limitations indicate that the use of SRU is 

more appropriate for the differentiation of smaller structures. Nevertheless, 

the results of this chapter are relevant to the cases in which SRU cannot be 

applied, e.g. for organ that are subject to motion. The work of chapter 4 is 

being used for a journal paper under preparation with title: “An Organ Flow 

Model of the Microcirculation for the Evaluation of Indicator Dilution 

Models used in Ultrasound Imaging”. 

Chapter 5. Particle detection algorithm for CEUS imaging applied on a flow model  

                   of tumour microcirculation: a simulation study 

Correlation of SRU parameters with GT tumour structural and rheological 

properties. Comparison of SRU performance with TIC performance. This 

chapter uses the same blood flow model and large scale organ as in chapter 

4, but here a specific vascular abnormality is added, cancer. Cancer causes 

vascular changes in the micro-vessel bed which can affect the organ flow 

dynamics. This chapter is dedicated on the flow dynamics of cancerous 

lesions. The work of chapter 5 is being used for a journal paper under 

preparation with title: “Particle detection algorithm for CEUS imaging 

applied on a flow model of tumour microcirculation: a simulation study”.  

Chapter 6.  Conclusions and future work 
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The connection between the chapters is the gradual evolution of complexity in vascular 

network designs and blood flow modelling. Each chapter uses appropriate imaging 

methods for the corresponding vascular design. In each chapter, a specific contribution to 

the field of CEUS is made.  
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Chapter 2: Literature review 

This thesis examines whether the use of mathematical biology models of vascularisation 

and blood flow can inform the development of CEUS and SRU to provide a new type of 

diagnostically valuable information that can lead to the expansion of current diagnostic 

protocols. It was therefore useful to divide the literature review in three relevant sections:  

1. Ultrasound imaging: this section reviews: 

 The evolution of ultrasound and the currently established diagnostic protocols. 

The list of available diagnostic protocols shows the fields in which CEUS has 

a significant contribution and the lack of diagnostic protocols indicates the gap 

that can be addressed with CEUS research. 

 Some of the current and relevant to this thesis research directions for the field 

of CEUS like adaptive beamforming and SRU 

 Previous research work on CEUS for vascular flow to indicate the gaps in the 

fields which could be addressed by the use of mathematical biology models. 

2. Mathematical Biology:  

 The research interests in the field of mathematical biology are quite varied and 

the ones described in this section are only the ones relevant to vascular network 

modelling, blood flow modelling and modelling of disease. 

3. Previous work that combines the fields  

This thesis examines how mathematical biology can inform CEUS development for the 

detection of specific types of disease therefore the literature review focuses on a larger 

proportion on the field of ultrasound imaging. This is done to explain the gap/need in 

current diagnostic protocols, why the current ultrasound approaches do not address this 

need, why the current research approaches are not tailored for this need, and finally why 

the introduction of mathematical biology will address this need.  
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2.1 Ultrasound imaging 

2.1.1 Introduction to ultrasound imaging, contrast enhanced ultrasound imaging, 

and range of diagnostic protocols 

The use of medical ultrasound (US), which is currently mostly known for routine prenatal 

testing, is an application that became widely adopted in 1960s. The technology that allows 

the control of ultrasonic waves was first introduced with the discovery of piezoelectric 

materials by the Curie brothers in 1880 but was not introduced in medicine until 1920 [1]. 

In the years between 1880 and 1920 research was focused on instrumentation 

development with applications mostly in engineering. Some notable examples are 

underwater sonars, Langevin’s ‘hydrophone’ which is a predecessor of the modern 

transducer, and the pulse-echo metal flaw detector used in naval applications [1]. The use 

of ultrasound on in medical applications was introduced in the 1920s, primarily for 

therapeutic applications due to the energy deposition and heating effects that it has on soft 

tissue. The first formal mention of ultrasound use in diagnostics is in 1930 with the work 

of the Dussik brothers on cerebral tumour detection [2, 3] but the true evolution of the 

field came later in 1958, with the publication of Donald et al. on ‘Investigation of 

abdominal masses by pulsed ultrasound’ [4]. 

Some typical clinical applications, given in chronological order of development are: A-

mode, one of the primary ultrasound applications which follows the principles of pulse-

echo metal flaw detectors and is not common anymore; B-mode or brightness mode, 

which generates the 2D, cross-sectional images that everyone is familiar with; Doppler 

ultrasonography  for blood flow measurements [5]; and Contrast Enhanced Ultrasound 

(CEUS), which utilises solutions of microbubbles (MBs)as contrast agents. The use of A-

mode is was mostly focused on ophthalmological applications [6]. The nature of B-mode 

imaging favours the imaging of superficial structures in the body with the resolution 

deteriorating for structures that are found at greater depths. This, has made it very popular 

in diagnostic protocols of relatively superficial organs such as the thyroid [7], gallbladder 
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[8], a complement to mammography [9] (for which it can increase  sensitivity up to 97% 

for the challenging cases of dense tissue parenchyma), and  prenatal routine examinations. 

The use of strongly convex curvilinear arrays allows intracavitary applications including 

prostate disease [10], and the analysis of female pelvic organs [11, 12]. However, the use 

of convex arrays with larger beam widths provides images of poorer resolution and the 

aforementioned intracavitary applications usually refer to the detection of larger masses 

in these organs or monitoring of disease progression or treatment. The protocols for 

suspicious but inconclusive US images usually require adjuvant types of imaging 

examinations such as MRI to provide a final diagnosis. This indicates a need for improved 

resolutions for the organs that lie deeper in the body.  

The development of CEUS and contrast agents improved the quality of B-mode images 

and widened the application spectrum of diagnostic ultrasound. The primary purpose of 

the MBs is to enhance the contrast of the images of blood vessels and the fact that they 

do not diffuse into tissue makes them ideal intravascular markers and provides a new type 

of information related to tissue vascularisation. This development found application in 

liver disease with multiple studies on cirrhosis, liver lesions and metastasis [13-16], and 

cardiac applications for the delineation of endocardial border to provide ejection fraction 

measurements applications [17-20]. Finally, some promising potential applications that 

are being researched are renal disease [21] and spleen disease [22],.  

Doppler Ultrasound (DUS) makes use of the Doppler Effect. When the blood flows in a 

vessel below the transducer it causes a measurable change of frequency in the received 

signal which can be valuable for diagnostics either on spectral mode or on colour doppler 

displays.[5] The nature of the method indicates that stronger Doppler shifts can be 

acquired for larger vessels with high flow rates, and for vessels that are relatively 

superficial, as their shift is easy to distinguish from noise. Therefore the current common 

applications for DUS are mostly related to vascular applications like carotid artery 

stenosis [23, 24], abdominal DUS for iliac artery aneurism [25, 26], Deep Venous 

Thrombosis (DVT) [27, 28] or peripheral artery disease [29]. DUS can also be used in 

combinations with other imaging modalities, e.g. MRI, for cardiac gating [30, 31]. 
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The currently popular US applications are a good illustration of the fields in which US 

can be considered established and the fields in which it can only act complementary to 

other diagnostic tools. One of the limitations of US is the non-constant performance with 

depth, the variable PSF due to the near field distortion, and the lack of quantitative results. 

These limitations are the motivation behind the currently ongoing global research in the 

field of US imaging. Some examples of popular research fields are on US instrumentation 

[32], contrast agents[33-36], signal processing [37-41], flow quantification [42-44], and 

particle tracking methods(image analysis) on CEUS images [45-47]. Furthermore, the 

technological advancement in computing and AI methods is a new additional direction to 

the current research approaches in post processing stage of US imaging e.g. signal 

processing and image processing [48, 49].  

US imaging is a safe, portable and cost efficient imaging method that has replaced other 

diagnostic tools for the diagnostic protocols that was proven highly effective, e.g. liver 

disease.  The goal of this thesis is to address the limitations of US, and more specifically 

CEUS, on resolution and on blood flow quantification and to broaden the spectrum of 

possible applications. In order to push the resolution boundaries, the experimental designs 

of this project combine signal processing methods with image analysis, and flow 

quantifications methods with image analysis. On the quantification aspect, the CEUS 

images and measurements are correlated with vascular properties using biological models 

of organ vascularisation and blood flow.  The research fields relevant to the chapters of 

this thesis are described below. 

2.1.2 Research on ultrasound signal processing and beamforming 

US contrast imaging uses various techniques of signal manipulation to improve the 

quality of the image or achieve good image quality from less data. Some examples are 

methods like pulse inversion [50, 51], amplitude modulation [52], synthetic aperture [53] 

or CEUS specific methods like harmonic imaging [54, 55].  In terms of beamforming 

which is relevant this thesis, the conventional approach is that of Delay and Sum (DAS) 
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beamformers (BFs), [56] in which the reception signal are delayed by a time factor, 

weighted with values predetermined for the transducer specifications, and summed. This 

type of BF has different sub-categories depending to the weighing functions applied on 

the signal, and is developed to distinguish tissue properties and not necessarily to identify 

point scatterers [34]. In addition to DAS, there are adaptive BF methods like the standard 

Capon [39, 57] or minimum variance, MV, BFs [58]. The minimum variance BFs are 

different from the DAS in that they adaptively depend on the data as they alter their 

windows and weighting functions depending on the received signal they read at each 

element every time aiming to improve image quality. This variability of the possible 

minimum variance methods is shown in the range of studies that investigate the degree 

of improvement in lateral resolution of the different methods, by the reduction of side 

lobes and the better delineation of edges for each approach [59-63]. The positive results 

of MV in comparison to DAS have also been studied in more focused investigations of 

optimal data recovery for specific clinical applications [64, 65] which again showed 

positive results in comparison to DAS. The use of adaptive BFs was shown to have 

benefits on image quality but comes with increased computational demands and 

significant challenges related to dedicated hardware architecture. The relation of cost 

versus benefit currently hinders the wider application of adaptive BFs in clinical practice.  

The field has not shown a clear benefit on a range of applications and the related 

challenges have made use of DAS is more common. This also explains why in all 

investigations of adaptive BFs the developed methods are compared with the approach of 

DAS.  The positive results of adaptive beamforming in lateral resolution, side lobe 

reduction, and particle delineation were the motivation behind the first part of this thesis, 

in which adaptive BFs are combined with SRU imaging techniques to investigate if they 

provide a clear benefit in comparison to DAS.  

The first study on this thesis in chapter 3, examines the improvement in lateral resolution 

when adaptive BF methods are combined with image analysis techniques, and the 

additional type of information that can be recovered by this novel combination for a 

realistic MB injection. This study builds on the work of Diamantis et al., Figure 2.1, who  
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has shown that minimum variance BF using the subband and the temporal method [61, 

62] provide a 6.3-fold improvement in single scatterer FWHM in comparison to DAS and 

1.5-fold improvement in resolution, by using the scatterer separation limit for a pair of 

scatterers, in comparison to DAS which could characterise the method as a super 

resolution BF.  These improved results could aid the performance of SRU image analysis 

techniques and this is currently investigated in this thesis. The novelty and contribution 

of chapter 3 is the study on how the presence and interaction of multiple MBs in a realistic 

blood flow scenario introduced by an appropriate mathematical biology model can affect 

the quality of vessel reconstruction. A degree of PSF interaction was observed in the pair 

of MBs in the Diamantis et al. [62] which was affected by the relative position of the 

scatterers. Chapter 3 investigates whether the introduction of a realistic blood flow 

scenario affects these theoretical results. Furthermore, the additional type of information 

that can be retrieved from the use of SRU is validated by the realistic blood flow model. 

This provides a first estimate of how close are the ultrasound measurement from ground 

truth information which leads to the next, more complex chapters 4 and 5. This is the first 

time that the blood flow model is introduced in the field of CEUS and the results need to 

be comparable with available literature. The experimental design of chapter 3and the 

beamformers that were studied were based on the work of Diamantis et al. [62] in order 

to make the current results directly comparable with this work. A similar investigation 

could be done in the future as a generalised comparison of adaptive BF with DAS. 

(a) (b) (c) 

Figure 2.1: Example of point scatterers used in Diamantis et. al [62]. The scatterers are stationary: (a) single scatters 

at a certain depth, (b) paired scatterers at a certain depth, or (c) paired scatterers at a certain depth at a fixed 

displacement. When there is relative motion between the scatterers it is expected that the resolution outcome will vary 

for the different relative positions. This effect is studied in chapter 3 of the current thesis.    
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2.1.3 Research on super-resolution ultrasound image analysis with the method of 

particle tracking for CEUS applications  

The lateral resolution of an imaging system is minimum distance for which two closely 

spaced point targets at the same range in the image plane can be identified as two 

separable images [5]. The imaging systems that use wave mechanics, either in the form 

of optical waves for optical systems or compressional waves for the case of ultrasound, 

are subject to the diffraction limit (diffraction of the wave through the aperture of the 

system). Due to the diffraction limit, a point source is not represented as a point by the 

imaging system but as a larger area, the Point Spread Function, PSF. Figure 2.2a shows 

an example of a PSF generated by an aberration free, circular aperture optical system: the 

circular area is the Airy disc of diffraction. A similar PSF is generated by ideal ultrasound 

systems, although the FWHM of the PSF along the lateral axis is not the same as the one 

on the axial axis(axial resolution is half of the pulse length [5]) creating an elliptical shape 

[66].  

The diffraction limit is the physical resolution limit of a system but there have been 

developed methods to circumvent this and provide information on objects smaller than 

this. The methods that provide information in scale smaller than half of a wavelength are 

considered super resolution methods [67] and the approach that is relevant to this thesis 

is the method of particle tracking. In this method, statistical algorithm process the PSF 

and provides a single point in space, the detection, for which the algorithm estimates that 

there is increased likelihood that corresponds to the point that generated the PSF. Figure 

2.2b illustrates the method of particle detecting for super resolution. 

The term tracking refers to the identifications of a certain object/particle in the image and 

following its’s path of movement across a series of time frames. Similar to the field of 

ultrasound, the first applications were engineering problems [68, 69]. It was later 

introduced into the field of biomedical sciences in applications such as optical microscopy 

[70], and led to new super-resolution techniques such as photo activated localisation 
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microscopy, PALM or stochastic optical reconstruction microscopy, STORM, [71-74]. 

In these optical microscopy techniques the stochastic blinking of the fluorescently labels 

which is utilised for improved localisation, has common behaviour with ultrasound point 

scatterers, such as MBs, and lead to the adoption of super resolution methods by CEUS 

imaging [75-77], namely Super Resolution Ultrasound, SRU methods. The first in vitro 

studies of this adoption were published in 2011 [78] and were followed by many other 

studies, in vitro and in vivo [76, 77, 79]  which investigate different technical aspects of 

the process of SRU methods such as MB concentrations, the use of ultrafast imaging, or 

the use of AI for improved localisation. The technical developments of the field are 

described in a comprehensive review by Couture et al. [80]. The first in vivo preclinical 

studies that showed subwavelength reconstruction were performed in 2015 [45, 75] 

followed by similar preclinical investigations with applications in tumours [81-83] and 

kidney imaging [84]. The positive results of these investigations indicate the potential of 

benefits of SRU in clinical applications which justify the rapid evolution of the SRU field. 

However, the method is still at the initial steps of investigation and the studies presented 

in this thesis aim to evaluate the performance of SRU in controlled clinical scenarios and 

develop protocols for information recovery through the comparison with GT information.  

The image analysis methods in this review section refer specifically to particle tracking 

applications. The process of SRU is described by the sequence of: MB detection, 

Figure 2.2: (a) PSPF of an aberration free, circular aperture optical system. The circular area is the Airy disc of 

diffraction, (b) same PSF with a red cross indicating a centre of mass detection. The positioning of a single point on 

the PSF illustrates the concept of super resolution imaging with the method of particle detection.  
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segmentation, localisation, and finally linking. Each of these steps can be considered a 

different field of study. Detection refers to the primary stage of ‘reading’ an image and 

identifying areas that corresponds to a particle/MB or background. The challenges and 

the corresponding research for the stage of detection is to correctly identify overlapping 

events [45] and various techniques have been developed to address this [76, 79]. The 

stage of segmentation refers to the correct identifications of the boundaries of a region 

that corresponds to a particle. This is later useful for correct tracking and consequent track 

density estimation. The challenges for SRU in this stage arise from non-accurate 

knowledge of the PSF, a trait that is not found in optical microscopy applications [85, 

86].   The stage of localisation is the last stage of MB identification during which the 

position of the particle is estimated in a location within the particle region. One of the 

most common method is that of intensity-weighted centre of mass, COM [45, 76, 81, 87]. 

Alternative methods are the FWHM[88], deconvolution of the PSF [46, 75, 76, 89] , 

determination of local maxima [90, 91], or 3d Gaussian fit [79]. Finally the stage of 

linking refers to the linking of detections across time frames to reconstruct the individual 

particle tracks, and strongly depends on the quality of the detections. There are two 

common approaches in linking: the maximum intensity cross correlation in a specific 

searching area [45] and the nearest neighbour method [75]. More advanced linking 

algorithms include the Markov Chain Monte Carlo data association in B-mode images[81, 

90], Kalman filter regularised though optical flow estimates [92], the Hungarian 

algorithm adapted for CEUS from optical microscopy [93, 94], and some more recent 

approaches that make use of deep learning [95].   

The SRU tracking algorithm that is being used in this thesis is described by Kanoulas et 

al. [47]. The scope of the in silico experiments presented in this thesis is to apply the 

algorithm in different clinical scenarios in order to examine the improvement in resolution 

and the type of vascular information that can be retrieved from US images. The focus is 

on retrieving and quantifying information from complicated underlying vascular 

structures that are imaged under different CEUS conditions, and not necessarily the 

improvement of the SRU algorithm aspects. Therefore, the studies of this thesis were 

designed using COM localisation, and the linking described in [47] to aid the process of 
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tracking and to examine the value of using SRU versus conventional CEUS imaging in 

the detection of certain vascular networks. These studies also aim to identify challenges 

for SRU on detecting certain pathology types that are related to MC changes. 

2.1.4 Flow and perfusion quantification using CEUS 

CEUS research has focussed for a long time in creating diagnostic information related to 

flow in the Microcirculation (MC), which refers to the part of the circulatory system that 

contains vessels with diameters <150μm and its study reveals important information 

related to pathology. Changes in the MC could be attributed to pathologies such as 

inflammation, tumour induced angiogenesis, diabetes, ischaemia, small clots, cysts etc. 

The investigation of flow dynamics at a MC level would be beneficial for the early 

detection of these diseases. However, the detection of such changes are very difficult or 

impossible to make using current imaging technology, and this thesis partly aims to 

resolve this and inform development of SRU into a diagnostic tool that enables the 

detection and quantification of MC changes.  

The effect of obstructions on perfusion has been studied for larger vessels and for 

conditions that have an acute impact on the human body such as myocardial ischaemia, 

infarction and reperfusion [96-98], cerebral ischaemia [99-101], mesenteric thrombosis 

[102], and deep vein thrombosis [28]. When it comes to the microcirculation, the focus 

of most studies is on the metabolic processes of coagulation [103, 104]. Even for the 

studies that take into account the flow dynamics of the MC, the scope of the research is 

the metabolic process of clot formation and not necessarily the perfusion impact on the 

capillary bed [105]. In terms of clinical approach, an MC obstruction is often detected at 

the postoperative stage from histopathology exams [103]. The lack of an imaging tool for 

detection of MC obstruction can be attributed to the limited resolution of imaging tools 

currently used at medical practices, which is around the millimetre scale.  
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Under the scope of choosing an appropriate a diagnostic tool for MC obstructions, 

ultrasound imaging is a safe, accessible, and efficient way of reading real-time blood flow 

information even at a MC level. The ultrasound methods that can be used for blood flow 

measurements are Doppler ultrasonography (DUS) or CEUS. DUS makes use of the 

Doppler effect of blood flowing through a vessel and is particularly successful on larger 

vessels [23]. The signal in DUS originates from the red blood cells of the blood and, for 

the case of capillaries, it is often weaker than the tissue signal making it difficult to detect 

[106]. For smaller vessels it has been shown that DUS can effectively detect but not 

necessarily resolve vessels that have a diameter of up to 100 μm [107, 108].  CEUS uses 

microbubbles (MBs) as contrast agents. The bubbles  are intravascular markers [109] 

which can be used for the MC, whereas Doppler cannot be used to image MC. This 

property, in combination with the strong echo signal from the MBs, indicates that CEUS 

is a modality that could successfully be used to detect changes in MC perfusion. 

The unique properties of microbubbles as sound scatterers and as intravascular markers 

have attracted research attention both in the field of signal processing and perfusion 

quantification [109]. The evolution of imaging performance allowed the study of tissue 

perfusion quantification at the level of MC. The research on perfusion makes use of the 

fact that the image intensity in a region of interest (ROI) is proportional to MB 

concentration, and therefore can be linked to blood flow and volume of the region. There 

is an abundance of research on tissue perfusion quantification with results that describe 

the perfusion of both macro and micro circulation [43, 109-111]. Some of the applications 

include diseases such as cirrhosis [14], skeletal muscle conditions [112], rheumatoid 

arthritis [113], cancer detection on various organs [15, 16], and cancer treatment 

monitoring [42, 114, 115]. An additional topic of study is healthy organ perfusion [116, 

117] which is important for the comparison with the results of the studies that focus on 

disease. Particularly for the category of disease that is represented by obstructed blood 

flow, there is research on coronary stenosis and its effect on myocardial perfusion [118, 

119], acute cerebral strokes that are related to obstruction in the middle cerebral artery 

[120, 121], and renal perfusion defects [122, 123]. The common thread among all 

obstructed perfusion studies is the fact that that the obstruction occurs on larger vessels 
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which affects all the downstream MC. However, there are studies that focus on MC 

perfusion [42, 43, 114, 124] but not necessarily on obstructions, therefore US has the 

potential of being used for the detection of MC obstructions.  

CEUS quantification relies on the spatio-temporal evolution of MBs in the blood stream 

and after their intravenous injection. The MB echoes are registered as intensity which 

changes with time in a specific region of interest (ROI) and this is related to the blood 

flow dynamics of the ROI as well as the previous upstream circulation. In addition, the 

intensity pattern is captured in the ultrasound scanner display macroscopically i.e. with 

near-millimetre resolution, for a typical abdominal ultrasound application, thus not 

enabling the differentiation of macro- and micro-vasculature.  There are two categories 

of perfusion quantification models: (i) wash-in models of constant infusion used with the 

destruction-reperfusion method, Figure 2.3 [110], and (ii) transient MB concentration 

measurements after bolus injection [125],Figure 2.4. The constant infusion with the 

destruction-reperfusion method makes use of the fact that MBs can be selectively 

destroyed by high amplitude US. After destruction, the wash-in of MBs repeats through 

the constant infusion. This allows for the cycle of wash-in and destruction to be repeated 

multiple time intervals and for the wash in behaviour to be modelled. Examples of such 

models for different organs and disease can be found in [110]. Figure 2.3 shows a typical 

perfusion curve for kidney reperfusion generated from the destruction reperfusion 

method. There is an organ-appropriate model that is fitted to the intensity data which 

provides quantification. The curve parameters that can be measured are peak intensity, 

the initial slope of the refill, the maximum amplitude of the refilling curve, the area under 

the curve and the mean transit time models for different organs and disease can be found 

in [110]. Figure 2.3 shows a typical perfusion curve for kidney reperfusion generated 

from the destruction reperfusion method. There is an organ-appropriate model that is 

fitted to the intensity data which provides quantification. The curve parameters that can 

be measured are peak intensity, the initial slope of the refill, the maximum amplitude of 

the refilling curve, the area under the curve and the mean transit time 
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 Figure 2.4 shows a typical Time Intensity Curve, TIC, for the bolus injection method for 

the perfusion of the ovine ovary [124].  The curve parameters that can be measured are  

the Area under the Curve (AUC), Mean Transit Time (MTT), and peak Intensity (Ip), 

Time to Peak(tP), Wash-In Rate (WIR), Wash-In(time), Wash-Out rate(WOR), Wash Out 

Time(WOT). The method can be used to create organ-specific or even disease specific 

models of perfusion also known as indicator dilution models [43].  

All the above indicate that CEUS could be used for the imaging of MC perfusion 

quantification but the method has some limitations at this scale. The review by Tang et 

al. [126] groups the limitations in three categories: (i) scanner related: the scanner settings 

could vary in different clinical sites making a uniformly acceptable model difficult to  

create, (ii) patient related: organs are not identical and small variations from patient to 

patient could affect the dilution model, and (iii) MB related: factors such as MB stability 

and preparation and injection protocol could create variation between different 

experiments. These limitations show that the use of CEUS based quantification analysis  

 

Figure 2.3:Ttypical destruction reperfusion curve for quantification of kidney perfusion (a) normal refilling 

curve measured in a kidney of a 45-year-old volunteer (b) renal perfusion curves that are typical example 

of the destruction-reperfusion method. The upper figure shows the various ROIs for which measurement 

were taken and the different coloured curves correspond to the different ROIs. The different slopes show 

the different blood kinetics for the different ROIs of the kidney. Images taken from [88] 
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is rather semi-quantitative at best and mostly is hard to reproduce. It has therefore not 

been extensively used in clinical application. These limitations are likely to affect at a 

greater degree perfusion measurements of the MC, therefore the current thesis presents a 

dedicated MC flow model of realistic rheological properties that can be used to evaluate 

the performance of CEUS and indicator dilution models for the perfusion quantification. 

This organ flow model will essentially provide a controlled environment, unaffected by 

the previously mentioned limitations, which will allow unhindered evaluation of CEUS 

as a macroscopic method.  

The investigation described in chapter 4 uses this organ flow model and has two goals: to 

determine the degree by which an obstruction affects the flow distribution in a micro 

vessel system and then to determine whether Contrast Enhanced Ultrasound Imaging 

(CEUS) and indicator dilution models can be used to detect these changes. In order to 

study the effect of obstructions in a micro-vessel system it is important to create a realistic 

vascular bed that has a realistic flow distribution, since flow-related parameters are being 

Figure 2.4: A typical TIC after a bolus injection f a contrast in an ovine ovary [92]. The intensity 

measurements of the TIC were taken from the ROI indicated with a red circle in a,b,c,d,e, CEUS 

snapshots. 
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measured by CEUS. For the imaging problem, the detection of MC obstructions will be 

studied in the ideal case where all the real imaging limitation factors are controlled in 

order to evaluate the performance of the modality on detecting different degrees of 

change. Given the resolution of CEUS, the process is designed to incorporate an 

obstruction that will have an impact in the greater neighbouring area of the bed and can 

be measured by CEUS.  

This study focuses on alterations that are represented by a complete obstruction of blood 

flow in a MC region and could be a result of thrombosis, arteriosclerosis, increased 

interstitial pressure due to a mass, cyst or inflammation, or even the necrotic core of 

tumour [127]. The presence of an obstruction in the MC is affecting the number of vessels 

and flow perfusion on the site of the obstruction but it can also affect the perfusion in a 

greater area within the organ. From a diagnostic point of view, the impact of an 

obstruction in the perfusion of a larger area could be potentially easier to detect than the 

actual obstruction, given its small size. The presence of small obstructions is often 

asymptomatic or causes significantly milder symptoms than the obstructions of larger 

vessels but it is usually related with the presence of serious chronic disease, therefore 

early detection would improve the prognosis. Particularly for the future study of cancer, 

it would be helpful to consider the combination of the avascular region (necrotic core) 

that has “obstructive” properties with the hyper perfused tumour rim created by tumour 

induced angiogenesis. Chapter 5 investigates this with a series of vascular networks that 

model tumour stages within a large vascularisation region.  

2.2  Mathematical biology 

2.2.1 Mathematical flow modelling for medical application 

The scope of the in silico experiments in this thesis is to evaluate the performance of 

CEUS and SRU in retrieving and quantifying structural information on the 

vascularisation. A critical part of this study is to have a variety of vascular conditions to 
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investigate, and to be able to fully control and measure the ground truth, GT, properties 

of the vasculature and to subsequently validate the imaging observations. At this stage, 

the field of mathematical biology was introduced to the project with the use of 

mathematical models that describe disease and disease evolution. The models are usually 

coupled with numerical simulations which provide a controlled environment to generate 

in silico phantoms for CEUS research.  

The primary type of models which is relevant to CEUS are rheological models that 

describe the transport of blood and nutrients to specific regions [128, 129]. These models 

are relevant to CEUS because the transport of nutrients is identical to the transport of 

contrast agents. These models can be considered sub-categories of generic computational 

fluid dynamics models for the fact that they may incorporate the effect of a certain 

biological property on the flow like shape [130, 131] or interactions of the fluid with the 

vessel wall [132]. It is important to note that it is common in mathematical biology to 

study fluid diffusion models usually applicable to drug diffusion [133-136], and even 

consider in the equation of diffusion metabolic parameters related to specific disease [137, 

138]. However, the diffusion models are not relevant to this thesis because the MBs do 

not cross vessel barriers and do not diffuse.  

The models that are relevant to this thesis describe the structural vascularisation of an 

organ in the presence or the absence of disease [139-141]. The flow distribution is studied 

in both cases and the effect of disease on flow is evaluated on GT level. The two big 

categories of disease that have been studied are obstructions in rather larger vessels [96-

99] and tumour induced angiogenesis. The mathematical modelling of angiogenesis 

started from a simplistic basis of continuous, deterministic models in 1D [142-145]  and 

evolved over time to more realistic models of more dimensions and to stochastic 

approaches [146-148]. The majority of angiogenesis models focus on the metabolic 

behaviour of proliferating and migrating endothelial cells that build the vessels. A 

comprehensive review of the modelling done on the angiogenesis field can be found in 

[149]. The impact of blood perfusion during angiogenesis was considered by McDougall 

et al. [150], Alarcon et al. [151] and Stephanou et al. [152, 153]. Specifically the model 
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of McDougall et al.[154] takes into account the effect of blood perfusion during the 

angiogenic process by combining two models: one of metabolic vessel growth due to the 

presence of tumour angiogenic factors and one model of dynamic vascular adaptation due 

to wall shear stress and other metabolic stimuli caused by blood flow[139].  

The phantoms that were built for this project follow the flow model described by [154]. 

Their structure is specific to the type of disease that is the focus of the corresponding 

study. In chapter 3, the phantom consists of 2 linear vessels in which MBs flow according 

to the blood flow model. The structure is simplistic but it is the intermediate step between 

purely theoretical studies of isolated or pairs of point scatterers to more complicated 

structures like the ones shown in chapter 4 and 5. This chapter confirms that the 

introduction of a blood flow model can have an impact on SRU measurements, it is 

therefore reasonable to use appropriate models for the study of particular conditions. In  

chapter 4, a large, interconnected vascular bed was built using the adaptation model [154] 

in order to create an organ model which is realistic in terms of flow. In chapter 5, the 

tumour models that were built were informed by the model described in [154], although 

a greater variety of structures was considered to account for tumour variabilities.  

2.3 Previous work that combines the fields 

Specifically for Ultrasound imaging there are various studies that have used flow models 

and simulated data for validation of the investigated SRU methods [47, 91, 92]. The 

common thread in these investigations is that the purpose of creation of these models is 

to test certain attributes of the SRU algorithm. Hence the vascular structures were 

simplistic and designed without taking into vascular flow dynamics, Figure 2.5. 

Furthermore, most of the models currently found in literature refer to larger vessels with 

diameters at the order of millimetres and not the microcirculation [155, 156] The 

approach that is different in this thesis is that the flow dynamics of a whole organ model 

are considered through a large scale interconnected system of vessels. This approach is 

taken because the vascular bed functions as a system, and local changes caused by 
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abnormalities can affect the distal flow dynamics. This would make even smaller changes 

detectable by SRU and is diagnostically relevant.   A realistic organ structure [157] is a 

priority along with a realistic mathematical modelling of disease evolution [150, 154], 

and the first stage of all experiments is to examine the anatomical and rheological 

properties of disease before introducing imaging.  This large scale organ vascularisation 

analysis in a controlled simulated environment is a missing step between the simplistic 

synthetic models for validation [47, 91, 92], and the in vitro [46, 158-160] and in vivo 

[45, 75, 84, 88, 95, 161, 162] models for validation. This missing step will inform the 

development of the young field of SRU with new types of information that can be 

recovered and allow the development of protocols for optimal information recovery.  

The use of organ vascularisation phantoms which have specific structural and rheological 

properties which are characteristic for specific pathologies, is highly relevant to CEUS 

given that the MBs are vascular markers. The phantom designs of the studies presented 

here are realistic in terms of flow and structural properties and are valuable for the 

correlation of CEUS image changes to the presence of a pathology. To our knowledge, 

the correlation of SRU imaging properties with controlled vascularisation properties on 

large scale organs has not been investigated by others and will be addressed in this thesis 

for the first time.  

Figure 2.5: Examples of simplistic in silico vascular networks that were constructed in previous SRU studies. (a) 

Artificial vascular network taken from Ackerman et. al [89], (b) in silico network representing a bifurcation, image 

taken from Solomon et. al [90]. 

(a) (b) 
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Chapter 3 : Introduction of blood flow model: effects on SRU 

processing for different beamforming and methods 

3.1 Introduction 

A key focus of medical imaging research, including CEUS, is to improve the resolution 

limit in order to provide more detailed images and benefit clinical diagnosis. There is 

series of non-communicable diseases − including diabetes, cancer and neurodegenerative 

conditions such as Alzheimer’s and Parkinson’s − that have been shown to cause changes 

in the microcirculation [163-165]. The treatment of these illnesses would therefore clearly 

benefit from a diagnostic tool capable of resolving vessels of the smallest sizes, 

facilitating early diagnosis and improved treatment prognosis. The research review 

described in section 2.1.2 shows that significant work has been done in the field of 

adaptive beamforming in order to improve lateral resolution. However, the logistical 

challenges that come with adaptive beamforming mainly related to dedicated hardware 

and increased computational demands have hindered the wide adoption of adaptive BF. 

The observed benefit from adaptive BF is not higher than the cost of adopting the method 

clinically. However, the use of adaptive BF methods which provides improved scatterer 

resolutions, may aid the localisation process of SRU methods reviewed in section 2.1.3.  

Regardless of the method, the use of beamforming in receive has the goal of increasing 

the SNR and, more relevant to the current study, to steer or focus the sensor array towards 

a signal coming from a specific direction or point [58, 166]. This effectively means that 

signals detected from direction other than the point, whether they are side lobes or noise, 

they are being filtered. In the Delay-And-Sum, DAS, method the transducer element 

signals are time-delayed, weighted, and finally summed to form maximised output Figure 

3.1 [62, 167]. The weights are fixed modified cosine functions that do not depend on the 

data.  In adaptive beamforming the sample covariance matrix is estimated and the 

weighting adapts based on the profile of the covariance matrix.  
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The combination of adaptive beamforming with SRU is investigated the current chapter 

in a realistic MB flow scenario and the improvement in imaging is evaluated in 

comparison to standard DAS procedures. The conventional DAS approach has been 

shown to improve structural and anatomical imaging and not the detection and 

localisation of point scatterers such as contrast MBs[34]. On the other hand, the use of 

adaptive beamforming and particularly the use of MV methods, the most common method 

in medical ultrasound [168], has been shown to provide sub-wavelength lateral 

localisation of ultrasound point scatterers [40, 57-59, 61, 166, 169, 170] and higher point 

resolvability compared to conventional beamformers [37, 58]. The use of a realistic MB 

injection and flow model that is currently investigated, can be considered as an 

intermediate case between anatomical imaging and isolated point scatterer resolution 

studies, and will be used to investigate if the use of MV can improve SRU results and 

estimate the degree of this improvement.  

An additional aspect that is also investigated is the use of particle detections for the 

recovery of vascular information in a realistic blood flow scenario. The use of particle 

detecting algorithms provides was initially developed to provide super resolution but it 

can also provide an new type of information that is applicable even on structures that are 

Figure 3.1 Illustration of Delay And Sum, DAS, method. The time delays applied are proportional to the distance 

between the considered region and the probe elements. An apodisation can be used during the beamforming in order 

to reduce side lobes or control the energy. Figure taken from [165].  
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above the super resolution limit. The recovery of structural and rheological vascular 

characteristics is the main focus of tis thesis. The additional type of vascular information 

that can be retrieved from this method-combination of MV and SRU is also studied with 

the scope of investigating if there is a clear benefit of the method-combination that would 

be more significant than the adaptive BF associated costs.  

The scope of this chapter in which lies the novelty of this investigation, is to study the 

combination of super resolution adaptive BFs when used in combination SRU methods 

and to illustrate the degree of improvement obtained by this combination. The hypothesis 

is not method-specific meaning that various adaptive BFs of significant improvement in 

lateral resolution could be used in combination with SRU and vice versa, various SRU 

approaches could benefit from the use adaptive BFs that have shown improved 

resolutions. 

However, this chapter, as a part of the complete investigation shown in this thesis, is an 

intermediate step between purely theoretical studies in the field of ultrasound that 

compare single scatterers or isolated pairs of scatterers, to studies that utilize complex 

mathematical biology models like the ones shown in chapter 4 and 5. The current 

investigation introduces the blood flow model, and compares the results of this 

introduction to previous work found in the literature. The results show that even though 

complex blood flow in the microcirculation (the vessels studied here are micro-vessels) 

would deteriorate imaging measurements, the combination of mathematical biology and 

SRU methods provides useful results. It is therefore reasonable to introduce mathematical 

biology models of the microcirculation for more complex studies like the ones in chapters 

4 and 5.  

3.2 Methods 

The study could be divided in two parts: the in silico experiment with data processing and 

the in vitro experiment with data processing. The first part is a controlled systematic 
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analysis of various imaging parameters on the combined performance of adaptive 

beamforming and SRU imaging. This series of imaging parameter studies gradually 

introduces degrees of complexity to the problem in order to simulate a realistic situation. 

The outcome is then used to evaluate the performance of adaptive BF with SRU on CEUS 

images generated in vitro.  

The goal of the experimental design for the in silico experiment is to initially evaluate the 

improvement in resolution of the four different − BF methods, DAS boxcar, DAS 

Hanning, MV temporal and MV in the frequency domain − and to assess the impact of 

beamforming on super-resolution image analysis. The work flow included the following 

steps: (a) phantom design and generation of MB flow data, (b) US image simulation, (c) 

US image processing with an MB detection algorithm, and (d) evaluation of image 

processing results. A separate section is dedicated to the processing of the images 

generated in vitro. 

3.2.1 Phantom design and blood flow model 

The phantom designed for this study using the simulation package numPTI [154] 

(scientific, non-commercial, flow simulator and mathematical modelling package co-

developed by the author of this thesis), comprised a system of two vessels placed at 

different lateral separations, four examples of which are shown in Figure 3.2. This design 

provides a variety of test conditions that allows for the evaluation of the combination of 

a BF method with super-resolution image analysis. BF methods were shown to affect 

lateral resolution, and so the phantom structure used included two linear parallel vessels 

(cylindrical elements) of 50 μm radius, with MBs flowing through them in opposite 

directions. This simplistic phantom structure allows the study of the effect of the blood 

flow model when unaffected by complex vascular topologies. 

The blood flow model that was used is based on Poiseuille’s law, Eq. 3.1, and it is also a 

model incorporated in the numPTI [139] package. In the model, the basic element of a 
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vascular network, the vessel, is represented by hollow cylindrical tubes. The tubes of a 

known radius (here 50 μm), and length are used to create an interconnected network of 

vessels. In order to simulate flow through the network, some vessels are first assigned as 

inlets and outlets and then a global pressure drop is set. These are the necessary boundary 

conditions of the flow problem. The application of Poiseuille’s law, which is illustrated 

in Figure 3.2b, indicates that when the pressure drop  is known across two points(inlet 

and outlet) then the volumetric flow rate between those two points can be calculated and 

vice versa. When the volumetric flow rate is known, then the velocity across the vessel 

can be calculated. The particles that are injected as MBs in this flow model are 

dimensionless and they travel through the vessels with the same volumetric flow rate that 

was previous calculated. Therefore the volumetric flow rate and velocity are not attributes 

of the particle but of the vessel in which they travel. Poiseuille’s law and velocity:   

𝛥𝑝 =
8𝜇𝐿𝑄

𝜋𝑅4  , Eq. 3.1 

and Q=Av, Eq. 3.2 

Figure 3.2: (a) Example of four phantoms at different lateral separations. One phantom is a system of two 

vessels(red) placed at a certain lateral distance.The vessel separations in this image are 100, 200, 400, and 

1000μm.The white dots are MBs flowing through the vessels. (b) Illustation of Poiseuille’s law for a hollow 

cylidrical tube or radius r and length L: when the presure drop Δp between tow points is known then the 

volumetric flow rate Q can be calculated by Eq. 3.1.  

(a) (b) 
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where Δp is the pressure drop across each one of the vessels of the phantom, μ is the 

dynamic viscosity of blood, L is the length of the tube, Q is the volumetric flow rate, R is 

the radius of the tube, A is the cross section of the tube, and v is the velocity calculated 

for that tube. The constant flow rate of the current phantom design was 5-10  m/s3 which 

is a value that reflects blood flow in the microcirculation. 

The opposite direction of flow was achieved by setting the inlet to be at the bottom and 

the outlet at the top for the left vessel of the vessel pair, and vice versa for the right vessel. 

The overall injection rate for the two-vessel system was 10 particles per second, with the 

MBs injected randomly at either of the two inlets of the system. The randomness on the 

choice of inlet ensured variability in MB relative position instead of a constantly repetitive 

pattern of distances between MBs. Figure 3.2  shows that this design can provide (i) single 

MBs in relative isolation from other MBs, (ii) lateral-pairs of MBs at various separations, 

(iii) clusters of MBs in one of the two vessels at a similar depth with a single MB in the 

other vessel, and (iv) clusters of MBs in one vessel at a similar height with clusters of 

MBs in the other vessel at a similar height. The two vessels were placed at different lateral 

separations, ranging from 70 μm to 1500 μm. These distances are informed by the 

resolution limits of the beamformers to be investigated below[62] for the given ultrasound 

beam settings. In these MB flow simulations the MBs are represented by dimensionless 

‘particles’ injected in the vessels and flowing with a set flow rate.  The MB positions are 

known at every instant and are used as Ground Truth (GT) information against which the 

performance of the detection algorithm could be evaluated.  

The focus of this study is to evaluate the performance of combining different BFs with 

SRU, but the method of particle detection also allows the vessel width estimation based 

on the position of the detections. This illustrates the fact that MB detection algorithms are 

not only useful for the improvement of resolution but also for the recovery of vascular 

information, e.g. the width. This is applicable on all vessel sizes and separations, even the 

ones that are above the resolution limit. In order to evaluate the method of width 

estimation using particle detection, it was useful for this study to design a preliminary test 

for the ideal case of a single vessel. In this test, the phantom is a single vessel of 50 μm 
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radius, with MBs flowing through it at a constant flow rate of 5-10 m/s3 following 

Poiseuille’s law, i.e. the same structural specifications as the vessel-pair phantom. The 

comparison of single vessel performance for the vessel width estimation with the vessel 

pair performance provides a straightforward way to illustrate the effect of resolution 

deterioration caused by the introduction of additional MBs laterally in a realistic MB flow 

scenario and how this deterioration may affect vessel width estimation.  

3.2.2 US image simulation  

The MB flow data generated from numPTI were initially pre-processed to be used as 

phantom information for a FieldII image simulation. The MB flow simulation generated 

a dataset of 300 consecutive 2D time frames each of which contained the coordinates of 

all particles flowing through the vessels (e.g. Figure 3.2 a). These time frames contained 

information for the MB wash-in, the period for which the MBs were saturated with MBs, 

and for the MB wash-out. Out of this dataset, 100 consecutive time frames were chosen 

representing flow after the vessels had already been saturated with MBs (the wash-in and 

wash-out behavior of the 2 vessel system was not studied in this study). Every particle, 

which can be identified and followed throughout the 100 time frames, is assigned an 

amplitude value that is the same for the specific particle across the time frames but which 

varies from particle to particle. This is an indirect way of upgrading the flow simulation 

of dimensionless particles to a flow simulation of MBs of randomly varying sizes. The 

MBs are simulated as point scatterers because this allows us to isolate the effect of a 

realistic MB injection and flow simulation from additional particle non-linearity. 

Furthermore, in this way, the MB flow results are directly comparable to the stationary 

point scatterers of Diamantis et al.  [62].   

The simulated US images were generated using FieldII [171, 172]. A synthetic aperture 

[173] was used for the transmission signal with data generated from elements at the centre 

of the field of view to sufficiently cover the area of the two-vessel system. The centre 
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frequency was 8 MHz, wavelength 192.5 μm for a speed of sound at 1540 m/s and image 

depth between 52-80 mm.  Table 3.1 shows the imaging parameters: 

Measured Vessel Separation for each BF method  

Transducer Type Linear array 

Transducer element pitch 110 μm 

Transducer kerf 35 μm 

Transducer element height 6 mm 

Centre frequency f0 8 MHz 

Sampling frequency, fs 100 Hz 

Bandwidth 60% fractional 

Speed of sound, c 1540 m/s 

Wavelength, λ=c/f0  192.5 μm 

Excitation pulse 2-cycle, 2c/8c/16c sinusoid at f0 

 

Synthetic Aperture Emission 

Receive apodisation Boxcar/Hanning/MVT/MVS 

Number of transmitting elements per 

emission 

1 

Number of receiving elements 128 

Number of emissions 128 
Table 3-1: Imaging parameters used in FieldII simulation. 

 

The echo signal was processed with four BF methods: DAS boxcar, DAS Hanning, MV 

temporal and MV subband/frequency domain developed by Diamantis et al. [62]. The 

DAS Boxcar method is simply the rectangular window shown in Figure 3.3a and the DAS 

Hanning window is given by the Hanning function shown in Figure 3.3b for a transducer 

of 192 elements. The MV temporal method is the MV method applied in the time domain 

and the MV subband is the MV method applied in the frequency domain. The output B(t) 

of the MV beamformer for a transducer array with M active transmit and receive elements 

is given by:  

𝐵(𝑡) = ∑ 𝑤𝑚(𝑡)𝑥𝑚(𝑡 − 𝜏𝑚) = 𝑤(𝑡)𝐻𝑋(𝑡)𝑀−1
𝑚=0  ,      Eq. 3.3 



 

34 

 

where t is the time index, w(t) = [w0(t),w1(t), ...,wM−1(t)]H is the vector of apodisation 

weights, X(t) =[x0(t−τ0), x1(t−τ1), ..., xM−1(t−τM−1)]H is the array of the sensor 

signals, and τm is the time delay, depending on the distance between the position of the 

mth element and the focus point. MV beamforming, the power P(t) of the beamformer 

output is given by: 

𝑃(𝑡) = 𝐸{|𝐵(𝑡)2|} = 𝐸{|𝑤(𝑡)𝐻𝑋(𝑡)|2} = 𝐸{𝑤(𝑡)𝐻𝑋(𝑡)𝑋(𝑡)𝐻𝑤(𝑡)} =

𝑤(𝑡)𝐻𝑅(𝑡)𝑤(𝑡) ,   Eq. 3.4 

where E[27] denotes the expectation value and R(t) is the covariance matrix given by: 

𝑅(𝑡) = 𝐸{𝑋(𝑡)𝑋(𝑡)𝐻} , Eq. 3.5 

The objective of the MV beamformer is to minimize the variance of B(t), thus power, 

while maintaining the response of the focal point. For this reason, the apodisation weights 

are not pre-defined and independent from the ultrasound sensor signals as in DAS 

beamforming, but are being constantly updated. This objective, by omitting the 

dependency on time, can be expressed as: 

min 𝑤𝐻  𝑅𝑤, subject to 𝑤𝐻𝑒 = 1, Eq. 3.6 

Figure 3.3: Example of DAS weighting for a transducer of 192 elements: (a) DAS boxcar weights, (b) 

DAS Hanning weights. The same windows, adjusted for a transducer of 128 elements were used for 

the FieldII simulation of chapter 3.  
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Here e is the steering vector that is only a vector of ones, since the time delays have been 

already applied to the signals. An analytical solution to this constrained optimization 

problem can be given by the use of Lagrangian multiplier theory. Under the assumption 

that R−1 exists, the MV weights can be extracted by: 

𝑤 =
𝑅−1𝑒

𝑒𝐻𝑅−1𝑒
 , Eq. 3.7 

In the frequency-domain implementation of the MV beamformer, the time delayed sensor 

signals are divided into frequency subbands with the use of the short-time Fourier 

transform (STFT) and are processed individually. This increases the computational 

burden in relation to the temporal approach. For each focus point, ~rp, the Discrete 

Fourier Transform (DFT) is applied on a segment, hence STFT, of the aligned sensor 

signals. The mth segmented, sensor signal ym(t) is given for t 2 [−td/2, td/2] where td is 

the time duration of the segment size, as the response from the focus point will be centred 

around t = 0. The inverse Fourier Transform is then employed for the summed individual 

subband responses to extract the MV response. The beamformer output for a specific 

focus point, and for each frequency subband, ω, is given by: 

𝐵(𝜔) = ∑ 𝑤𝑚(𝜔)𝑌𝑚(𝜔) = 𝑤(𝜔)𝐻𝑌(𝜔)𝑀−1
𝑚=0  , Eq. 3.8 

where w(ω) = [w0(ω),w1(ω), ...,wM−1(ω)]T is the vector of the complex apodisation 

weights, and Y (ω) =[Y0(ω), Y1(ω), ..., YM−1(ω)]T is the vector of the Fourier 

Transform of the segmented sensor signals. Hence, the power of the beamformer output 

is given by: 

𝑃 = 𝐸{|𝐵(𝜔)|2} = 𝐸{|𝑤(𝜔)𝛨𝛶(𝜔)|2} = 𝐸{𝑤(𝜔)𝛨𝑌(𝜔)𝛶(𝜔)𝐻𝑤(𝜔)} =

𝑤(𝜔)𝐻𝑅(𝜔)𝑤(𝜔) , Eq. 3.9 

where R(ω) is the covariance matrix given by: 
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𝑅(𝜔) = 𝐸{𝑌(𝜔)𝑌(𝜔)𝐻} , Eq. 3.10 

By omitting again the dependency on ω this time, and by assuming that R−1 exists, the 

goal of the subband MV beamformer remains unvaried and the optimized apodisation 

weights are given by (5). An important advantage of the subband MV beamformer is that 

due to the subband division, it is possible to weight both each subband and each point 

differently. A comprehensive description and comparison of the two MV approaches can 

be found in Diamantis et al. [170].   The image dimensions correspond to real distances 

of 9 mm×28 mm with a pixel size of 25 μm. 

In the initial part of the study, the images from the various vessel separations were 

generated without noise and for three different transmission pulse lengths: 2 cycles, 8 

cycles, and 16 cycles. Once the optimal transmission pulse length was determined, the 

imaging part was performed introducing white noise on the echo data resulting in SNR 

ranging from 0 – 25 dB. 

3.2.3 US images generated in vitro 

In addition to the simulated US images, a dataset of CEUS images generated in vitro was 

also processed with the MB detection algorithm [62]. The experimental setup consisted 

of a water tank in which a cellulose capillary tube with a 200μm nominal internal diameter 

was mounted. A schematic representation of the experimental setup is given in Figure 

3.4. The capillary tube was taken from a single dialysis cartridge (Fiber Dialyzer GFE-

09, Gambro, Germany).The tube size was measured using a microscope prior to the 

experiment and the external diameter was found to be 400 μm. Possible tube bending 

during the mounting procedure may have allowed for hig.her distances between 

scatterers. The tube was connected through additional tubing to an infusion pump 

containing the  MB suspension. Lipid-shelled MBs that contained per-fluorocarbon gas 

and had a diameter between 1−10 μm were injected with an infusion rate of 5.6 mL/hour 

to provide a sparse MB population in the images.  
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The measurements were performed using the 1024 channel experimental ultrasound 

scanner SARUS [166], using a 128-element linear array transducer with an 8MHz center 

frequency (fo) and 1.5λ pitch. These imaging settings were the same as the ones that were 

used in the simulated ultrasound images, Table3.1, apart from the following:  

(a) In transmission, transducer elements #33 to #96 were employed to emit a spherical 

wave. The F-number was −3.5 and Hanning apodisation was also used to reduce edge 

waves. The negative F-number refers to a virtual source positioned behind the transducer 

central element (#64). This is in agreement with the simulation problem for which the 

central element of the transducer emitter the spherical wave.  

(b) The excitation function was a sinusoid at f0, also weighted by a 50% Tukey window. 

The RF data from each emission were acquired from all transducer elements individually 

in receive. The scanning parameters were similar for simulations and measurements, and 

10 individual tube phantom frames have been produced in this way. 

 (c) The wavelength was estimated at 186 μm from in-situ measurements of the sound 

speed and the data sampling was done at 35 MHz. 

Figure 3.4: Illustration of the experimental setup for microbubble localisation. The transducer acquired the data 

from MBs that were located in the parabolic part of the tube in the centre of a water tank. Figure taken from [62]. 
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3.2.4 US image processing: MB detection and localisation algorithm applied both on 

the simulated and in vitro US images 

The US images, both simulated and in vitro, were processed with the image analysis 

methodology described by Kanoulas et al. 2019 [47]. The features of the algorithm that 

were used were the MB detection, segmentation and localisation. For the detection, the 

US image is first divided into regions based on their intensity content and classified as 

MB or background. The MB regions are then segmented, with marker-controlled 

watershed segmentation [174] and using a series of criteria such as the peak intensity, the 

minimum and the maximum size of the segments, the segments of MBs are selected. After 

the identification of a region as MB, the localisation process estimates the position of the 

MB in the segments using the intensity weighted Centre of Mass (COM) method. The 

thresholding of maximum particle size, minimum particle size, and intensity of each 

region was adjusted in each dataset to maximise detections and quality of detections. 

3.2.5 Data analysis: evaluation of detection algorithm performance on the simulated 

US images 

The ground truth (GT) location of each MB, at every time frame, was used to evaluate 

the performance of the MB detection method and determine: a. True detection (TD) rate 

(percentage of correct detections to all GT MBs), b. Spurious events rate (percentage of 

detections to all GT MBs, that do not correspond to GT MBs),  c. Missed events rate 

(percentage of MBs that were not detected)  and d. Localisation Uncertainty (LU) which 

is calculated as the root mean square error of the distance of each localisation from the 

true MB location. This applies only to TDs and is a measure of the localisation 

uncertainty. 

 

Additionally, the number of detections can be used to construct parametric maps of the 

MB numbers, in which each pixel value is the count of all detections in that pixel area. 

The MB number map has the same vertical and horizontal dimensions as the CEUS image 
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dataset. The summation of the MB values of each column, while the column maintains 

its position on the horizontal axis is a histogram called the vessel profile, i.e. the 

projection of all detections across horizontal axis. The profile is a normal distribution, the 

mean of which provides the estimation of vessel position and the standard deviation, 

which is the uncertainty in the vessel position, is a metric of the quality of the vessel 

position estimation. For the phantom design of a pair of two vessels, the difference of the 

means is the estimated vessel separation which was compared with the actual vessel 

separation known from the GT phantom design.  

3.2.6 SRU processing for CEUS images generated in vitro  

The optimal combination of BF method and MB detection settings which was previously 

determined on the simulated data, was now used for the experimental images. The 

evaluation of the detection algorithm results was not possible for the in vitro dataset due 

to the lack of a GT position for the MBs. 

3.3 Results 

3.3.1 Preliminary test on single vessel 

 This preliminary test was conducted on a single vessel phantom. The processes of in 

silico image generation and image processing with SRU were identical to the processes 

followed for the vessel-pair phantoms. Figure 3.5a shows the CEUS image of one of the 

phantom time frames generated with DAS Boxcar. The lack of a second vessel in the 

phantom, in combination with a constant injection interval, means that the MBs flow in a 

regular fashion, maintaining their distances. The true value of the injection interval was 

given with an accuracy of 8 decimal digits and can be considered effectively constant, 

resulting in identical gaps between consecutive MBs.  
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In Figure 3.5b, the blue dots are the GT positions as provided by numPTI. These provide 

the same information that is observed in the PSFs: the MBs are found to be separated by 

constant distances. On the same graph, the red crosses are markers of the SRU detections. 

The PSFs of DAS boxcar have side lobes which, in some cases, may lead the SRU 

algorithm to miscalculate the MB positions. Table 3-2  shows the SRU evaluation metrics 

for all the BFs for the single vessel phantom. All the detections are classified as TD and 

there are no spurious detections or missed events.  

Figure 3.6 shows the vessel profiles for all the BFs. A relevant note that can be made is 

that the phantom of the single vessel has an attribute of radius which is used for the 

calculation of the flow rate, but the MBs that are injected flow across the same, single 

stream line placed at the centre of the vessel. Under such conditions, the ideal detection 

would provide vessel widths of FWHM=0. However, all the methods have a non-zero 

FWHM which can be attributed to the non-zero LU. The non-zero values of the LU can 

be attributed to the interface of numPTI and FieldII: the positional information of numPTI 

are given with 8 digits accuracy and when loaded to matlab for the FieldII image 

simulation they are clipped to 6 digits. This might cause some of the MBs to be closer to 

their neighbour than other, e.g. the MB at z= 58 mm in Figure 3.5. 

These results show that all the beamformers can provide similar localisation accuracy and 

in the case of calculating the width of a single isolated vessel. This happens because the 

low concterations of MBs lead to isolated( not ovelapping) PSFs that are symmetrical for 

all BFs and that allow optimal segmantation and localisation. 
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 DAS 

Boxcar  

DAS 

Hanning  

MV 

Subband  

MV 

Temporal 

TD (%) 100 100 100 100 

SPR (%) 0 0 0 0 

Missed (%) 0 0 0 0 

LU (μm) 17.94 15.57 15.64 22.9 

Table 3-2 FWHM of an isolated PSF and standard deviation of an isolated for the four BFs that were used: DAS 

Boxcar, DAS Hanning, MVSubband, and MV Temporal.. SRU evaluation metrics: True Detections, TD, Spurious 

events, SPR, Missed events, Localisation Uncertainty, LU.  

 

Figure 3.5: (a) The first time frame of the CEUS images generated with DAS boxcar. The blue dots 

mark the GT position of the MB and the red crosses mark the positions of the SRU detections. (b) The 

same GT positions marked by blue dots and detections, marked by red crosses, without the underlying 

CEUS image, (c) The same GT positions marked by blue dots and detections, marked by red crosses, 

without the underlying CEUS image and zoomed at the centre of the image, where the vessel lies. 
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3.3.2 Super resolution: detection of vessel pair for separation of 0.18λ 

This paragraphs examines the performance of the particle detecting algorithm in terms of 

resolution. A vessel pair was placed in a separation of 70 μm, i.e. 0.18λ and the 

combination of each beamformer with the particle detecting algorithm was evaluated 

using the MB number maps and vessel profile histograms. Figure 3.7 shows the 

performance of each beamformer:  

 

(a) 

 

(a) 

(b) 

 

(b) 

(c) 

 

(c) 

(d) 

 

(d) 

Figure 3.6: Vessel profiles and their FWHM for the four BFs that were used on the single vessel data. (a) DAS 

Boxcar, (b) DAS Hanning, (c) MV Subband, (d) MV Temporal.   
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In the profile of DAS boxcar the two peaks that correspond to the position of the original 

vessels are discernible, i.e. the vessels are identified but the method generates a large 

number of spurious detections that can be erroneously identified as vessels. In the profile 

of DAS Hanning the two peaks are also discernible but this beamformer doesn’t generate 

a large separation of the two peaks, i.e. there are is still a significant number of detections 

in the intermediate region. In the profiles of MVT and MVS the peaks are easily 

discernible and the separation is better than the one of DAS Hanning.  

(c) 

 

(a) 

(d) 

 

(a) 

(a) 

 

(a) 

(b) 

 

(a) 

Figure 3.7: Super resolution of vessel pair placed on separation of 70μm (0.18λ) using vessel profile histograms. (α) 

Vessel profile histogram of DAS boxcar: The two original vessels are visible but there is an additional peak that does 

not correspond to vessel. (b) DAS Hanning: the two original vessels are visible but again detections are found in the 

intermediate distance. (c) MVS: the two original vessels are visible. (d) MVT: the two original vessel are visible.  
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This relatively easy achievement of super resolution for all of the methods, regardless of 

their relative performance, reflects the design of this study in which a realistic injection 

and flow of MBs is studied. In this case the MBs can be found as a pair laterally, as lateral 

pairs at different relative angles, and as isolated particles. The realistic injection serves a 

statistical purpose: the performance is evaluated for a realistic large number of this cases 

and the beamformer performance reflects the result that would be observed in this case.  

 

3.3.3 Effect of emission pulse length 

Images produced by the four BF methods are shown in Figure 3.8, Figure 3.9, Figure 3.10   

for a vessel separation of 1000μm and for the three transmission pulse lengths: Figure 3.8   

for 2 cycles, Figure 3.9 for 8 cycles, and Figure 3.10  for 16 cycles. This separation 

provides minimal interaction between the MB echoes in all BFs and therefore enables the 

assessment of the transmission pulse length effect on the image.  In these images  (a), (b), 

(c) and (d) are the CEUS images showing the shapes of the PSFs under each BF, the red 

crosses are the SRU detections on the images and the blue dots are the GT positions of 

the MBs as they were generated by numPTI. The frame that was chosen is a representative 

example of the dataset as it contains both single isolated MB echoes, e.g. z= 73 mm (red 

arrow), overlapping echoes laterally, e.g. z=58.5 mm (green arrow), as well as clusters of 

overlapping echoes both laterally and axially, e.g.  z=70.5-71.5 mm. The field of view is 

quite large and possible misplacements of detections are not easily visibly, therefore 

categories (d), (e), (f), (g) are complementary to the images and show only the scatter 

plots of the detections and GT positions with the x axis zoomed to focus on the vessels.  

The inspection of single events, like the one at z=73 mm (red arrow), for a transmission 

pulse of 2 cycles shows that the characteristic PSF profile for the DAS boxcar method is 

a main lobe of high intensity, centred at the true MB position (blue dot), which is 

accompanied by side lobes of decreasing intensity. For the DAS Hanning method there 
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is a single PSF area of elliptical symmetry which has the MB position as centre and the 

long axis parallel to the x axis. Finally, the MV methods, both temporal and in frequency 

domain, generate PSFs that are very similar to one another upon visual inspection − they 

have a central part of high intensity around the real MB position that is surrounded by 

lower intensity ‘tails’. One difference between the MV and the DAS methods is the PSF 

size, which is significantly larger for the DAS methods.  These observations for the 

vessel-pair phantom and flow of multiple MBs are in agreement with the observations 

made by Diamantis et al. [62] for a single pair of stationary MBs. 

The effect of increasing the transmission pulse length can be seen in a single event such 

as that at z=192 when compared across the three figures. The PSF is more elongated 

axially as the pulse length increases and this happens in a non-symmetrical way (i.e. the 

GT position of the MB - blue dot is at the top of the PSF and not at the centre). The use 

of 2 cycles generates an axially symmetrical PSF with the GT location of the MB at the 

centre of the PSF. The elongation effect compromised both the MB detection and 

localisation processes. This is evident through a comparison of the 3 pulse lengths with a 

characteristic example the marked cluster of events. For all BF methods the elongated 

PSF causes the location of the detection to be shifted. The effect is most pronounced at 

16 cycles. Additionally, the elongated PSF generates secondary detections that are 

characterised as spurious.  

Furthermore, the validation methodology may introduce further uncertainty. If the 

detection is far from the GT location compared a radius of acceptance (determined by the 

user to be 10 pixels, a value that is high enough to accept potentially misplaced detection 

but also low enough to avoid matching neighbouring detections to the wrong particle) 

then an otherwise correct detection can be classified as a spurious event. In particular, for 

the DAS Boxcar method, the elongated side lobes can pass the segment size threshold 

and further increase the spurious events. Finally, along a single vessel, an elongated PSF 

can cause the detection algorithm to falsely identify one segment as two and therefore 

increase the percentage of spurious events. This can happen either because of PSF 

interference axially or because of the maximum segment size threshold value that is 
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chosen to optimise the majority of detections. Specifically, the choice of segment size 

threshold is a compromise between number of true detections and spurious: it is small 

enough to detect all particles, and large enough not segment the same particle region 

twice. However, for a study such as this where the MB concentations are not uniform 

throughout the TFs, the segment size threshold is chosen in a way that allows the correct 

detection of the majority of MBs. The choice of these pulse lengths was originally made 

to examine if the smoothing effect of this elongation would have a beneficial effect in the 

detections.  

These behaviours are quantified in the graphs of Figure 3.11a   plots the percent TD 

against the percent spurious events. There is a trend for pulse lengths of 8 and 16 

cycles(black and blue markers) in the scatter plot with a general correlation, albeit not 

linear, of TD with the percentage of spurious events. The percentage of spurious events 

is significantly lower for the case of a transmission pulse length of 2 cycles (red markers) 

quantifying the behaviours described in the previous paragraph. Figure 3.11b provides a 

zoom into the 2 cycles pulse length data points. This pulse length generates more than 

80% TDs and an almost negligible percentage, less than 1.5%, of spurious events for all 

vessel separations. When the vessel separation increases there is an observable increase 

of TDs. However, the spurious events also increase due to the previously described effect 

of PSF elongation. When the vessel separation is smaller, e.g. for a separation of 100 μm 

marked by blue colour, there is lateral overlap of the PSFs resulting to fewer overall 

detections, which results in a decrease of both true and spurious detections. Another 

observation from Figure 3.11b is that the only method that repeatedly generated more 

spurious events, even for the 2 cycle’s settings, was that of DAS boxcar which can be 

explained by the fact that some of the side lobes can be falsely identified as MBs by the 

detection algorithm.  

All above information indicates that, given a realistic MB concentration, the use of longer 

transmission pulses is not suitable for super-resolution imaging as it is likely to generate 

significantly increased spurious events and lower numbers of correctly detected MBs that 

cannot be easily corrected. Reduction of this problem may require a either a significant 
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reduction of the MB concentration, which is a significant compromise in terms of data 

acquisition or an increase in concertation which creates a smoothing effect resulting in 

image uniformity. In the current experimental setup, both low and high concentration are 

present in the field of view and the error introduced is not systematic and therefore cannot 

be easily corrected. Still the problem may not be resolved as the vessel in reality are not 

similar to the parallel ones here, but generally have various patterns and their arrangement 

may create more overlapping PSFs for the larger pulse durations, creating again the same 

problem. For these reasons the lowest duration was chosen for the remainder of the 

chapter as it is clearly the optimal choice for further investigation.  
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(a) 

Transmission Pulse length: 2 cycles 

 

Transmission Pulse length: 2 cycles 

Figure 3.8: (a), (b),(c), (d) selected CEUS time frame of the same GT positions under DAS 

Boxcar, DAS Hanning, MV Subband, and MV temporal BF respectively for a transmission 

pulse length of 2 cycles. The blue dots correspond to the GT positions of the MBs and the red 

crosses correspond to the SRU detections. (e),(f), (g), (h) the GT positions, blue dots, and 

detections, red crosses, of (a),(b),(c), (d) without the underlying CEUS image.  
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Transmission Pulse length: 8 cycles 

 

Transmission Pulse length: 8 cycles 

Figure 3.9: (a), (b),(c), (d) selected CEUS time frame of the same GT positions under DAS 

Boxcar, DAS Hanning, MV Subband, and MV temporal BF respectively for a transmission pulse 

length of 8 cycles. The blue dots correspond to the GT positions of the MBs and the red crosses 

correspond to the SRU detections. (e),(f), (g), (h) the GT positions, blue dots, and detections, 

red crosses, of (a),(b),(c), (d) without the underlying CEUS image. 
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Transmission Pulse length: 16 cycles 

 

Transmission Pulse length: 16 cycles 

Figure 3.10: (a), (b),(c), (d) selected CEUS time frame of the same GT positions under DAS 

Boxcar, DAS Hanning, MV Subband, and MV temporal BF respectively for a transmission 

pulse length of 16 cycles. The blue dots correspond to the GT positions of the MBs and the red 

crosses correspond to the SRU detections. (e),(f), (g), (h) the GT positions, blue dots, and 

detections, red crosses, of (a),(b),(c), (d) without the underlying CEUS image. 
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3.3.4 Effect of BF method on LU for different vessel separations  

The quality of the localisation for a series of vessel separations and for the four BF 

methods is evaluated for the 2-cycle pulse length by measuring LU.  Figure 3.12a, shows 

the LU of the BF methods for vessel separations ranging from 100 μm to 1500 μm. Both 

minimum variance BFs allow the detection algorithm to have constant behaviour of 

localisation performance with average LU at 44.75 μm (0.23λ) for MVS and 51 μm 

(0.26λ)  for MVT. The DAS BFs have localisation performance comparable to the MV 

for vessel separations above 1000 μm. This is the lateral distance above which two MBs 

are considered well separated for all BFs. The BF methods also appear to converge for 

the smallest vessel separations below 100 μm: at these lateral separations there is 

complete overlap between the MB echoes and the resulting LU is close to that of a single 

MB. This happens because the level of PSF overlap for the pairs that the SRU algorithm 

identifies them as a single event. During validation this single event is matched to one of 

the two GT positions of the pair. The other GT position gets classified as a missed event.   

(a) 

 

(a) 

(b) 

 

(b) 

Figure 3.11: Scatter plot of true detections against spurious events for vessel separations of 100μm, 

200μm, 400μm, 1000μm and for the 4 BF methods.  (a) Overall results for all vessel separations 

grouped in transmission pulse length: red corresponds to 2, cycles, blue to 8 and green to 16.  (b) 

Zoom into the data generated by the 2 cycles (red points in Fig.7a). The marker colour identifies 

the vessel separation and the style of the dot the BF method.   
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The detection is in the middle of the two GT vessel positions hence the LU is smaller than 

the separation.  

The lateral vessel separations for which the use of MV methods provides a clear benefit 

over DAS for the MB localisation are between 200 μm and 800 μm. These are the critical 

separations for which the DAS PSFs overlap laterally for paired event but the MV PSFs 

show a smaller degree of overlap. The level of overlap is higher for smaller separations 

and there is complete overlap for separation below 100μm for both DAS and MV. Above 

the nominal separation of 800 μm there is no overlap anymore, the PSFs are easily 

distinguished in the segmentation processes.  

3.3.5 Effect of noise on LU 

The effect of noise was studied for the 1000 μm vessel separation dataset for SNR range 

between 0 to 25 dB, and the results are shown in Figure 3.12b. In this distance the LU is 

similar for different BFs which allows the comparison.  

The introduction of noise increased the number of spurious events but most importantly 

it had an effect on the MB localisation, which was assessed using only the TDs. A 

Figure 3.12: (a) LU versus the vessel separation, (b) LU versus SNR 

(a) 

 

(a) 

(b) 

 

(b) 
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reduction of the SNR level leads to an increase in LU. At an SNR level of 25 dB, the LU 

takes the lowest values ranging from 42 to 60 μm for all BF methods, which is nearly 

identical to the LU values of the noise-free part of the study shown in Figure 3.12a  .  

Amongst the four BF methods LU deterioration due to noise is greater on the images 

generated by the MV temporal due to the lower intensity values and overall PSF 

appearance generated by this BF which is characterised by smaller PSFs of lower 

intensities that can easily be lost in a noisy image. The other three BFs seem to be equally 

affected by noise. With the same logic, the larger PSFs of DAS Boxcar with higher 

intensity values are easier to distinguish in noisy images and seem to provide the best LU 

values across the noise range. 

 

3.3.6 In silico vessel profiles  

Figure 3.13 shows the localisation map and corresponding vessel profiles for a vessel 

separation of 1000 μm and using the DAS boxcar. All the MB detections were plotted on 

a localisation map shown in Figure 3.13a, which helps delineate the two vessels. The 

projection of the detections on the x-axis averaged by the number of pixels across the 

vessels, provides the vessel profile graph as shown in Figure 3.13b. The two vessels of 

the example are considered to be well separated vessels. The peak value of each vessel 

profile indicates the estimated vessel position and the FWHM of each vessel profile is a 

measure of the uncertainty on the vessel location. The difference in the peaks of the two 

vessels is a result of the different number of MBs that traversed them. In this example, 

the detections that define the right vessel are 1866 for the 100 time frames of this 

examination and the true detections that define the left vessel are 3191. This difference in 

the number of available true detections generated a FWHM that was 1.8 times larger for 

the right vessel. The distributions of the vessel profiles can be considered normal and the 

standard deviation is given by: 
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𝜎 = 𝐹𝑊𝐻𝑀/√(2ln (2)), Eq. (3.11) 

This standard deviation can be approached as an error in the measurement. The approach 

followed here is to consider the difference between the two peaks of the vessel profile 

graph which is the estimated vessel separation. Using error propagation to calculate the 

error of the distance is a consistent and meaningful way to compare errors. The estimated 

vessel separation can be compared with the nominal vessel separation know from the GT.   

Figure 3.14 shows a sample of the vessel profiles for the 4 BFs under a transmission pulse 

length of 2 cycles and Table 3-3 show a summary of the estimated values of vessel 

separations for all BF methods under 2 cycles. For a transmission pulse length of 2 cycles 

the estimated separation is in good agreement with the actual value for all BF methods 

and all separations but the error in the estimation varies. All the graphs in this figure 

assume the existence of two vessels for which Gaussian fitting is performed and the 

FWHM is used as an error.  Specifically for Figure 3.14b, a third peak in the intermediate 

distance could be erroneously identified as a third vessel. That is a characteristic that 

indicates poor performance of this BF. However, the assumption of two vessels is  

(a) 

 

(a) 

(b) 

 

(b) 

Figure 3.13: (a) MB localisation number map for the DAS boxcar 

beamformer for 2 cycles pulse length and 1000µm separation. The 

grid size is 211×975.  (b) The corresponding Vessel Profiles 
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Measured Vessel Separation for each BF method  

BF/Separa

tion[μm] 

GT100 GT200 GT400 GT1000 

DAS Bx 104 ± 20.34 206 ± 19.19 425 ± 47.67 993 ± 27.92 

DAS HN 89 ± 41.34 208 ± 21.48 407 ± 26.98 1014 ± 30.18 

MVS 96± 19.49 202 ± 19.07 400 ± 24.79 980 ± 17.09 

MVT 105 ± 19.2 205± 20.83 410 ± 23.13 1005 ± 23.44 
Table 3-3: Measured vessel separations for the four different BF methods. The columns indicate the nominal separation 

of the vessel pair with GT100 a nominal separation of 100μm, GT200 a nominal separation of 200μm, GT400 a nominal 

separation of 400μm, and GT1000 a nominal separation of 1000μm. 

Figure 3.14: Vessel profiles for a nominal separation of 100μm under the four BF methods.:(a) DAS Boxcar, 

(b) DAS Hanning, (c) MV Subband, (d) MV Temporal. The blue bins of the histogram are the sum of the 

detection of that column on the MB number maps and the red line are Gaussian fits on the peaks. The number 

of peaks that will be fitted are manually chosen from the user upon visual inspection of the histogram.  
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maintained for consistency and comparison with the other graphs. The poor BF 

performance in this case is indicated by the large value of the FWHM.  

 

3.3.7 Effect of noise on vessel profiling 

The performance of the vessel profiling method was tested for images with different noise 

levels for a nominal vessel separation of 1000μm. Figure 3.15   shows the estimated vessel 

distance, the error of distance estimation, the FWHM of the left vessel, and the FWHM 

of the right vessel. The presence of noise has a notable impact on the uncertainty metrics 

of the separation estimation. The estimated distance fluctuates in a uniform pattern across 

the different SNR level but the error of the estimation notably reduces for increasing 

SNRs. The decreasing behaviour is the same for all BF methods. Similarly, the FWHM 

which are a metric of the uncertainty of the presence of a vessel, notably reduce for 

increasing SNRs.  

Out of all the BFs, the behaviour of MV temporal stands out. Figure 3.15b shows that 

MV temporal has generates higher error in vessel distance estimation when there is noise. 

The small size and lower intensities of the PSFs generated by this method are more 

susceptible to the presence of noise. Similarly the FWHM both for the left and the right 

vessel are systematically higher for the MV temporal method than for the other BFs 

indicating again the methods susceptibility to noise.  

Figure 3.16 shows the SRU detection maps for the 20 TFs of the dataset to illustrate the 

effect of noise on particle-detecting performance. The detection filters of intensity and 

maximum particle size were adjusted to avoid a high number of spurious detections. As 

a result the available detections are lower than on the noise-free study. Nevertheless, the 

effect of noise is visible when comparing the pairs of the same BF for different SNRs. 

The additional spurious detections are unavoidable and they introduce uncertainty on 

vessel recovery methods.  
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3.3.8 Effect of data availability on vessel profiling 

The difference in the peaks between the left vessel and right vessel of Figure 3.14 is 

attributed to the different number of MBs the traversed each vessel. This consequently 

led to different number of detections in each vessel which are later used for the vessel 

profiling. The data set that produced Figure 3.14 is large containing a total of 492 MBs. 

As a results the vessel are possible to separate despite the fact that they are in the limits 

of resolution and several overlapping MBs exist. The literature shows that most vessels 

that are shown in super-resolved images are formed using only a few MBs. It is therefore 

useful to investigate the degree by which data availability affects the vessel localisation  
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(d) 

Figure 3.15: The effect of noise on vessel profiling. The profiling process was applied on a nominal vessel 

separation of 1000 μm and the graphs show (a) the estimated separation, (b) the error of the estimated separation, 

(c) FWHM for the left vessel, and (d) FWHM for the right vessel.   
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Figure 3.16: SRU-detections maps for a vessel separation of 1000μm and for different 

beamformers. The SRU maps show the collective detections acquired from 20 time frames. The 

SNR and beamformers are: (a) SNR0-bx, (b) SNR0-hn, (c) SNR0-mvs, (d)SNR0-mvt, (e) SNR25-

bx, (f)SNR25-hn, (g)SNR25-mvs, and (h)SNR25-mvt.   
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process. In this paragraph, the degree in which dataset size affects the accuracy of the 

vessel profile is studied by following the same process of profiling for a different number 

of time frames ranging from 10 to 100 time frames. Reducing the number of time frames 

under study is an indirect way to see the effect of less detections without compromising 

the interactions of PSFs of each BF.  

Figure 3.17 shows the estimated vessel distance, the error of distance estimation, the 

FWHM of the left vessel, and the FWHM of the right vessel for a nominal vessel 

separation of 1000 μm. In this separation the PSFs have a small degree of overlap for all 

BFs. The estimated vessel separation and the error of the estimation are comparable for 

all BFs. The FWHM of the left vessel, the one that has a higher number of detections, are 

comparable for all BFs. However the FWHM for the right vessel, the one with the fewer 

detections, the FWHM of the DAS methods are higher, almost double than the MV, 

indicating a higher uncertainty. The FWHM of the MV are of the same order of magnitude 

as the FWHM of the left vessel. This observation can be attributed to a higher level of 

PSF overlap for DAS, which leads the detections of the right vessel to be localised further 

from the GT particles position and closer to the area between the vessels. The same 

behaviour should be present in the left vessel as well, but the higher number of detections 

increases the probability of isolated events which are correct. Therefore, in this high data 

availability the high number of isolated detections creates an averaging that is not 

affecting the vessel FWHM.  

However, Figure 3.17 shows that the use of MV Beamformers, which generates smaller 

and sharper PSFs is not affected at the dame degree when it comes to vessel profiling 

indicating that the methods are less sensitive to data availability 
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3.3.9 In vitro image profiles 

The vessel profile study was applied to an in vitro data set from a single vessel, Figure 

3.18 This type of experiment includes complexity in MB flow that was not accounted for 

in the in silico experiment. The most distinctive difference in MB flow from the in silico 

flow problem is that, in a realistic case, the MBs do not necessarily travel along one 

streamline and two or more MBs can be found simultaneously at the same depth as it has 

been demonstrated previously [62]. In this case, a good differentiation of MBs provided 

by a BF method, and an increased number of accurate localisations would be in the 

interest of more accurately determining the vessel flow dynamics and its structure. This 
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Figure 3.17: The effect of data availability in the form of TF number on vessel profiling. The profiling process 

was applied on a nominal vessel separation of 1000μm and the graphs show (a) the estimated separation, (b) 

the error of the estimated separation, (c) FWHM for the left vessel, and (d) FWHM for the right vessel. 
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paragraph aims to compare different beamformers in terms of detections and vessel 

geometry.  

Figure 3.18 shows a few time frames of the in vitro images with their detections marked 

as red crosses. In order to apply the method of vessel profiling a vertical region of the 

images had to be chosen as illustrated in Figure 3.18 .  

 Figure 3.19 shows the vessel profiles that were acquired for each BF method along with 

the estimated FWHM. The nominal tube width was 200μm. The tube size was also 

measured using a microscope and the maximum diameter was found to be 400μm.  The 

histogram appearance of the vessel is attributed to the probabilistic nature of MB flow: 

most MBs tend to follow the central streamline and are arranged in a laminar flow pattern. 

The mere presence of MBs at other positions laterally is indicative of the vessel width but 

the FWHM is a metric of the probability of finding a vessel along the central streamline.  
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DAS Hanning 

 

DAS Hanning 
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Figure 3.18: One time frame of the in vitro generated CEUS dataset. The red crosses on the 

images are markers of the SRU detections. Images generated with (a) DAS Boxcar, (b) DAS 

Hanning, (c) MV Subband, (d) MV Temporal. 
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An alternative to FWHM would be to use other multiples of the standard deviation σ of 

the normal distribution. With this approach the use of 2σ, which is very close to FWHM 

(FWHM=2.355σ), and 4σ give an average width estimation that is lower than the nominal 

value. The approach that is closer to the nominal value is that of 6σ and used individually 

for the BFs provides width estimations of 187.52 μm for DAS Boxcar, 159.23 μm for 

DAS Hanning, 201.12μm for MV Subband, and 203.39 μm for MV Temporal. It is 

notable how close the MV width estimations are to the actual values.  
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Figure 3.19: Vessel profiles histograms for the 4 BF methods (a) DAS Boxcar, (b) DAS Hanning, (c) MV 

Subband, and (d) MV Temporal. 
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3.4 Discussion 

In order to define the anatomy of a vessel in the vicinity of others using SRU, an adequate 

amount of good quality MB echoes are required, that will subsequently provide accurate 

information on the vessel width, the flow pattern within it (e.g. laminar or not) and its 

dynamic information (e.g. blood speed). This chapter investigates the effects of detection 

and localisation accuracies of four different beamformers in an effort to understand their 

impact on vessel definition.  

All BFs under 8 or 16 cycles had an increased spurious rate and decreased TD rate when 

compared to the 2 cycles. The calculation of these quantities as rates allows the easy 

comparison between the four BF methods and show that the 2cycles provide better quality 

of detections. Under the scope of combining adaptive BF with SRU in order to improve 

the localisation process of SRU, this lower performance for the longer cycles can either 

be avoided through lower MB concentration or higher ones that allow a smoothing effect 

between the PSF overlap. In the current study in which there are present in the same TF 

isolated event, pairs, and cluster are observed simultaneously, the higher cycles 

deteriorated the SRU performance. This behaviour shows that a constant global correction 

on the LU cannot be applied because the degree of LU is affected by the regional 

concentrations of MBs.  This challenge could be even more pronounced in more 

complicated vascular architectures with bifurcations and different topologies. Therefore, 

the current study shows that the use of higher transmission pulse length cannot be justified 

for the improvement of SRU performance.  

The use of adaptive BFs provided better quality of detections and localisations described 

by the systematically lower LU, spurious rates, and most importantly on the vessel 

separation estimation. This result is in agreement with the first observations made by 

Diamantis et al. [62] for a phantom of two static MBs and can be attributed to the smaller 

size of PSFs generated from adaptive BFs. In this study of injecting multiple MBs in a 

non-constant injection pattern, the smaller size of adaptive PSFs (which was also 
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confirmed here) decreases the probability of PSF interactions and boosts the performance 

of the SRU method. In vessel separations larger than 1000 μm the probability of PSF 

interaction is already small and the benefits of adaptive BF is not apparent. In the smallest 

vessel separations at the order of 100μm, the PSF overlap is certain and there is no clear 

benefit of the adaptive BFs. This chapter determined that the separations for which the 

combination of MV with SRU are 200-800 μm. This is still relevant for certain 

applications but for lower separations there was found no additional value in using MV. 

However, the use of adaptive BFs with the SRU algorithm provided a constant 

performance of LU which was better in comparison to the classical BFs for the 

intermediate lateral separations between 200 μm and 800 μm.  

The smaller size of the PSFs generated with adaptive BFs makes them more susceptible 

to noise. The paragraph that studies the LU across different SNR levels showed a 

generally worse performance of the adaptive BFs in comparison to the DAS ones. 

However, all the BFs showed a decrease in LU with increasing SNR.  

The study of vessel profiles on simulated data were consistent with the above results, 

showing improved results for adaptive BFs and shorter transmission pulse lengths. The 

errors in the estimated separations higher for the shorter separations, taking values of even 

50% for the shortest separation of 100 μm, and decreased for the largest separations 

reaching 1.7% for a separation of 1000 μm.  

Section 3.3.8 focused on this issue of data availability and determined that when a system 

of vessels is studied, where there is some degree of overlap between the PSFs, then the 

vessel which has the higher number of detection has increased probability of having 

isolated, i.e. unaffected, event. The higher presence of unaffected laterally events during 

the averaging of vessel position estimation creates lower FWHM. Under the same logic, 

the vessel of the system that has lower detections is likely to have less isolated event and 

give FHWM of higher values. In a large system of vessels this effectively means that the 

larger vessel, though which more particles are going to flow are going to be less affected 
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by neighbouring interactions whereas the smaller vessels of the system will be affected 

at a greater degree.  

One of the limitations of vessel profiling is that the process is, at its initial stages, user 

dependent: the MB number maps are observed, the ‘vessel areas’ are identified and the 

then the profiles are acquired. In some cases, like the separation of 1000 μm the 

identification of a single vessel and the allocation of data points that correspond to one 

vessel was obvious, but shorter separations and overlap of profiles made the choice of a 

single vessel area on the profile more difficult.  

Another limitation is that the process of vessel profiling in images with noise showed that 

the estimation of vessel separation in general remained close to the nominal values. 

However, the uncertainty of each vessel profile, which is expressed as the FWHM, and 

the consequent uncertainty of the estimated are inversely correlated to SNR in a non-

linear way.   

Finally, the application of the method on CEUS images generated from in vitro data 

revealed further limitations of the method that were not obvious in the controlled in silico 

experiment like the choice of tube area to be processed with the method which needed to 

be linear and vertical. Furthermore the results of section 3.3.9 showed that the FWHM is 

not a good metric of vessel width, but other multiples of σ have to be considered. In this 

study, the value of 6σ was the best approach but it is possible that in an image with 

multiple vessels another multiple of σ would be better suited. The FWHM can be used as 

the uncertainty of the main streamline position. It was also noted that, for the same 

experimental settings and data processing approach, the MV BFs provided estimated 

vessel widths that were closer to the nominal values that the ones estimated from DAS 

BFs. 
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Chapter 4: The use of Contrast Enhanced Ultrasound Imaging (CEUS) 

for the detection of Obstructions in a micro-Vessel system 

 

4.1 Introduction/ motivation 

Microcirculation (MC) refers to the part of the circulatory system that contains vessels 

with diameters <150μm and its study reveals important information that could be related 

to pathology. Changes in the MC could be attributed to inflammation, tumour induced 

angiogenesis, ischaemia, tiny clots, cysts etc. This study focuses on alterations that are 

represented by a complete obstruction of blood flow in a MC region and could be a result 

of thrombosis, arteriosclerosis, increased interstitial pressure due to a mass, cyst or 

inflammation, or even the necrotic core of tumour [127]. The presence of an obstruction 

in the MC is affecting the number of vessels and flow perfusion on the site of the 

obstruction but it can also affect the perfusion in a greater area within the organ. From a 

diagnostic point of view, the impact of an obstruction in the perfusion of a larger area 

could be potentially easier to detect than the actual obstruction, given its small size. The 

presence of small obstructions is often asymptomatic or causes significantly milder 

symptoms than the obstructions of larger vessels but it is usually related with the presence 

of serious chronic disease [175, 176], therefore early detection would improve the 

prognosis. Particularly for the future study of cancer, it would be helpful to consider the 

combination of the avascular region (necrotic core) that has “obstructive” properties with 

the hyper perfused tumour rim created by tumour induced angiogenesis [157]. 

The current study has two goals: to determine the degree by which an obstruction affects 

the flow distribution in a micro vessel system and then to determine whether CEUS and 

indicator dilution models of SRU can be used to detect these changes. In order to study 

the effect of obstructions in a micro-vessel system it is important to create a realistic 

vascular bed that has a realistic flow distribution, since flow-related parameters are being 

measured by CEUS. For the imaging problem, the detection of MC obstructions will be 
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studied in the ideal case where all limitation factors are ignored in order to evaluate the 

performance of the modality on detecting different degrees of change. The task of 

detecting MC obstructions can be challenging given the resolution of CEUS, but in order 

to facilitate the process it is investigated if an obstruction, even at a capillary level, will 

have an impact in the greater neighbouring area of the bed. Specifically, the degree of this 

impact on the global organ flow is studied for different types of obstructions. These types 

of obstructions that were created for this study were various combinations of structural 

and rheological properties and can be characterised as significant or not. Depending on 

the significance of the obstruction the distal impact could be greater and it would be 

potentially easier to detect with CEUS. However, a certain degree of change in MC 

perfusion is not necessarily the same as the degree of change in the corresponding CEUS 

images. The objective of the current study is to investigate if MC obstructions are 

detectable by CEUS, the conditions under which detection is facilitated and to investigate 

if the MC changes can be measured accurately using CEUS quantification methods.   

4.2 Methods 

The in silico experiments consist of the following processes:  a) design of vascular 

network of interconnected vessels, b) simulation of bolus of ‘particles’ flowing in the 

vascular network, c) US imaging simulation using the particle flow positional information 

as MBs, and d) processing of US images to create the TICs of the bolus injection and 

calculate the related parameters for different ROIs. The TIC parameters were used to 

evaluate the results. The same networks with the same series of obstructions are also 

studied with an MB constant infusion and SRU. 

4.2.1 numPTI for large scale vascular network modelling and flow 

The numPTI package that was used for the design of the vascular networks described in 

chapter 3 was also used for the current chapter. This package allows the creation of 

complex networks of interconnected vessels which are represented by hollow cylindrical 
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tubes. Every vessel/element is represented by a ‘pore’ and every point that is a vessel 

junction is called a ‘node’. The package allows the calculation of the volumetric flow rate 

for every vessel based on Poiseuille’s law, mass conservation law, and the boundary 

condition of knowing the global pressure drop from the inlets of the network to the outlets. 

For each vascular element of shape factor G (the ratio of cross-sectional area to the square 

of the perimeter), length L and cross-section A, the flow Q is given by a Poiseuille-type 

law: 

𝑄 = 𝑔 × 𝛥𝑝 , with = 𝑘
𝐴2𝐺

𝜇
=

1

2

𝐴2𝐺

𝜇𝐿
 , Eq. 4.1 

where g is the element conductance, μ is the fluid viscosity in the element and ΔP the 

pressure difference acting across the element. By applying the appropriate pressure 

gradient across the network, the pressure field inside a network can be obtained by 

applying the mass conservation law at each node i (assuming that the flowing fluid is 

incompressible).  

∑ Qiji = 0, Eq. 4.2 

where Qi,j is the flow between node i and node j. Figure 4.1 illustrates the application of 

mass conservation law on a vessel junction.  The combination of Eq. 4.1 and Eq. 4.2 

creates a system of equations in which the pressure at each node is unknown. With the 

boundary condition that the pressure is known at the inlets and the outlets of the networks, 

the system can be solved and provide the pressure gradient of the network. Cholesky 

factorization was used to solve this system of linear equations and determine the pressure 

Gradient. From the pressure gradient, the flow gradient can be calculated using 

Poiseuille’s law.   
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4.2.2 Organ model design using vascular adaptation to pressure 

The system of micro-vessels was created with the goal of studying the distal effect of a 

clot in the flow distribution. Therefore it was important to have a realistic flow 

distribution that stems from a realistic MC structure. For this purpose, the processes of 

vessel adaptation was utilised to allow the natural creation of realistic vascular bed which 

would accurately reflect changes in the whole system from a localised obstruction.  

The process of the organ model design can be divided in 3 steps: 

(a) A simple, uniform network of vessels in the form of a regular lattice was initially built   

(b) On this network, a single inlet and a single outlet were added to simulate the transition 

from an arterial to venous flow of a realistic vascular tree. An additional factor that 

was introduced to model realistic vascular trees was a degree of distortion from the 

regular network of (a) and a connectivity value of Z=3.  

Figure 4.1: A configuration of elementary flows corresponding to four connected edges (vessels) meeting at a node 

j (junction). Mass conservation dictates that Q1j+Q4j=Q2j+Q3j. Figure taken from [175]. 
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(c) Finally the processes of vessel adaptation as described by McDougal et al. 2012 [139] 

was applied. This process of vessel adaptation is a dynamic process that describes 

how vessel sizes adapt to the local pressure. It that takes into account the intravascular 

pressure, wall shear stresses, and a metabolic stimulus related to the haematocrit and 

alters the vessel radii until an equilibrium is reached. The result network, which is 

dictated by the mathematical process of adaptation and not by the user, is a realistic 

vascular network and the flow distribution that is calculated on it can also be 

considered realistic. Network(c) contains vessel with radii ranging from 1 μm to 150 

μm and its rectangular part has a size of 40 mm×40 mm. 

Figure 4.2 shows the evolution of network design described by steps (a), (b), and (c). The 

vessels are represented by red colour and the background is chosen to be black to aid 

visualisation of both the whole organ and the zoomed areas. The final network (c) is the 

natural result of the process of adaptation for the assumption of step (b). This is the 

network that is considered a realistic organ model and is later used for the imaging part 

of the study. The appearance of the network coincides with the structure of a typical 

vascular tree as it is commonly described in anatomy which confirms that the process of 

adaptation provides realistic results.  

Figure 4.3 shows the corresponding flow of a bolus injection in networks (a), (b), and (c). 

The empty vessels are represented by red colour, the vessels that are saturated by the 

tracer injection are represented by green colour and the black colour is the background. 

The latin letter indicates the type of network and the Arabic numeral indicates the stage 

of the injection: 1) wash in, 2) main flow, and 3) wash out. The stages of the injection are 

indicative of the pressure/flow gradient in the corresponding network.  The regular 

structures of network (a) has as a result a uniform flow gradient from the bottom (inlets) 

to the top (outlets). The introduction of the degrees of complexity in network (b), namely 

the introduction of a single inlet and outlet, distortion and connectivity of Z=2, have as a 

result the flow gradient to change to a non-uniform gradient. Finally, the application of  
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Figure 4.2: Evolution of network design: (a) preliminary network, uniform, regular lattice, (b) intermediate 

netwrk in which a single inlet and a sinlge outlet were introduced along with distrorion and a connectivity 

of Z=3, (c) final network which is the result of the process of radial adaptation to pressure applied on 

network(b). Vessels are represented by red colour and black colour is background. Scale bar represents 

10mm.  

(a) 

(c) 

(b) 
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the process of vascular adaptation on network (b) had as a result the appearance of the 

network to change and to take the form of network (c). The flow gradient of network (b) 

has transformed to structural main flow path in network (c). The appearance and flow 

gradient of network (c) are a result of the mathematical model of vascular adaptation, 

they are not introduced during the network design. They can therefore be considered as 

(a1) 

(a3) (b3) (c3) 

(a2) (b2) (c2) 

(c1) (b1) 

Figure 4.3: Flow of a bolus injection through networks (a), (b), and (c). The latin letter indicates the type of 

network (a), (b), or (c) and the Arabic numeral indicates the stage of flow of a bolus injection: 1) wash in, 2) 

main flow, 3) wash out. These flow stages are representing the flow gradient in the network. It is notable how 

the flow gradient of network (b), through the process of vascular adaptation leads to network (c). Scale bar 

represents 10mm.  
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realistic for an organ model to be used in the imaging part of this study. Table 4-1 shows 

all the network and flow parameters that were used for the creation of the network that 

will be used in the US imaging study.  

 Network and flow parameters  

minimum vessel radius 1 μm 

maximum vessel radius 150 μm 

mean vessel radius 135 μm 

vessel length of regular network 400 μm 

degree of distortion 30% 

connectivity, Z 3 

flow rate 5×10-8 m3/s 

blood viscosity 1.2 kg m-1 s-1 
Table 4-1: Network and flow parameters that were used for the US imaging part of the study.   

 

4.2.3 Particle flow simulation, bolus injection, introduction of obstructions 

Once the vascular bed has taken its final form after the adaptation process is completed 

and the flow rates of the vessels are calculated, dimensionless particles are injected at the 

inlets of the network in order to simulate CEUS microbubble tracer kinetics. The particles 

are injected in the vessels and travel with the flow rates that resulted from the above 

simulation. Each particle is assigned a unique ID so that its path can be recorded and the 

spatial and temporal coordinates of every particle are recorded throughout the flow 

problem at different time frames. During the flow simulation, ‘snapshots’ of the particle 

position are recorded over time and then used as phantom for the ultrasound image 

simulation. The extraction frequency of particle flow information, i.e. the particle output, 

in time frames is 20 Hz.  

In addition, the simulation requires a particle concentration that follows known CEUS 

quantification protocols. The most common perfusion quantification of the MC with 

CEUS is by means of MB bolus injection. Consequently, the injected particle 
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concentration would change in time to follow that of a bolus as this reaches an organ that 

is distal to the injection site and well downstream from the pumping heart.  Thus, the 

values of the injection interval of the particles over time, were specifically chosen so that 

the particle concentration over time follows the pattern that is found in experimental 

measurements  of previously conducted experiments on ovine ovaries [124]. Figure 4.4a 

shows the particle injection rate and total particles count (cumulative) of the network over 

time. Figure 4.4b shows the profile of the total particle count of the simulation and the 

profile of the experimental sheep ovary imaging data. Figure 4.4b shows that the injection 

rate was adjusted so that the total particle count of the network model the count over time 

of the ovine ovaries experiment.  The most appropriate indicator dilution model that has 

been previously found to fit best ovarian flow kinetics is the lognormal model[43]. 

Therefore the particle injection rate of the current study was a lognormal model:  

𝑦(𝑡, µ, 𝜎, 𝑘) = (
1

𝑡𝜎√2𝜋
∗ exp (−

(log(𝑡)−𝜇)2

2𝜎2 )) ∗ 𝑘  Eq.4.3 

Where t is time, μ is the mean of the lognormal distribution, σ is the standard deviation 

and k is a scaling factor. 

Network(c), Figure 4.2c, was the one that was used for the CEUS part of the study and 

will henceforth be called the ‘base’ network. The flow obstructions were modelled in the 

following manner: the central, rectangular part of the micro vessel system was divided in 

16 square sections, each of which had dimension of 10mmx10mm. In a series of 16 flow 

studies a different section was removed every time. The absence of a part of a networks 

makes the MBs flow in different regions and as a result the CEUS images of such a system 

appear to have a gap representing the clot. In addition, the removal of a section resulted 

in flow redistribution in the remainder of the MC network. The location and structural 

properties of the section that was removed affect the degree of impact in the total network. 

For the MB detection in silico experiment, the MB injections was changed to a constant 

infusion of MBs with an injection rate that allowed a good separation of MBs. The global 
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flow rate was kept the same as with the bolus injection at 5×109 m3/s and the injection 

rate was 5 particles per second and the total duration of the MB flow study was 180 s.  

4.2.4 CEUS image generation 

The flow model simulates particles, as dimensionless points, that flow through the 

network vessels. The particle output is then used to simulate CEUS images using the 

simulation package FieldII, the most widely used US image simulator [171], [172]. 

FieldII can provide control of the transmission, models the interactions of the ultrasound 

transmitted pulse with point scatterers, and finally uses the received signal for image 

formation.   

The data that contain the MB positional information are used in the CEUS imaging 

simulation as the point scatterers but they first have to undergo a stage of processing. In 

order to upgrade the dimensionless particle flow information to MB flow, every particle 

is coupled with a single amplitude value that randomly varies for the different particles. 

The different amplitudes simulate MBs of varying acoustic scatter responses which is due 

to the varying acoustic field that MBs are subjected as well as their varying physical 

property and size. It is therefore an indirect way to simulate a distribution of different MB 

sizes.  

(a) 

 

(a) 

(b) 

 

(b) 

Figure 4.4: a) lognormal injection (red) and lognormal total particle output (blue) b) lognormal total particle 

output (blue) and lognormal profile of ovine ovary data (red), both profiles are normalised to be comparable 
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The imaging specifications that were used in this study were a transducer centre frequency 

of 7MHz, speed of sound = 1540 m/s, λ=220 mμ, a sampling frequency of 20 MHz, array 

of 198 elements, and pitch of 0.208 mm. For this study the vascular network was 

considered to be at 27-131 mm depth, which is a depth that is relevant to common 

radiological applications (e.g. in the abdomen). The focal points is located at 90 mm depth 

and dynamic receive focusing was used. The dynamic range was 40 dB. The pixel size is 

25 μm. The imaging conditions provided clear images favoured by the absence of noise 

and tissue motion. Conventional B-mode was chosen without the use of adaptive 

beamforming because the concentrations of MBs at the ‘main-flow’ path of the network 

are quite high that the benefits of MV methods observed in chapter 3 would no longer be 

applicable.  The MBs are modelled as point scatterers because this study is an upgrade 

from the simplistic networks of chapter 3 to a large scale organ model. The aim of the 

current study is to isolate the effect of the large scale organ model fluid dynamics and 

evaluate if these can be identified through US imaging. For the same reason tissue is also 

not modelled but the current study focuses solely on fluid dynamics as these are reflected 

by MB flow. In the positive outcome that the fluid dynamics are correctly identified from 

CEUS methods, the study will evolve to one that takes into account both a large scale 

organ model and nonlinear MB scatterers(that is chapter 5).  

A sample of the generated images can be seen in Figure 4.5. The network that was used 

for this study was network (c), Figure 4.2c, and the images of Figure 4.5 show the MB 

bolus traversing network (c) at different time points. The time point that were chosen are 

representing the wash-in stage of the bolus, the main flow and MB dispersion, and finally 

the wash-out of the bolus in similar way that Figure 4.3c shows the corresponding 

modelled tracer flow stages. The information these snapshots provide is that the MBs 

flow faster and at higher concentrations at the ‘main-flow’ path of the organ model. On 

the contrary, they flow at lower rates and concentrations at the ‘non-main-flow’ path of 

the organ. This piece of information if highly relevant for the indicator dilution analysis 

approach that is used in the current study and is described in the next paragraph.  
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4.2.5 Conventional CEUS image processing with TICs 

The CEUS images were processed with the TIC method to obtain quantitative results that 

aim to reveal information about the properties of the underlying network. The term 

Intensity refers to a pixel value and the method of Time-Intensity-Curves uses the average 

intensity of specific regions of interest in the image, averaged over the number of pixels 

in that region, over time.  

Depending on the objective of the CEUS imaging study the time intensity- behaviour of 

the network can be studied either by using the average intensity of the total network over 

time, or the intensity of each pixel over time, or the average intensity of any user-defined 

area over time. Figure 4.4 confirms that when the injection follows the lognormal function 

the profile of the particle kinetics also follows the lognormal function after dilution in 

specific and realistic in terms of flow vessel network provided here and as a result the 

TICs are also expected to have a lognormal profile. The parameters that can be measured 

on the TICs are: i) peak Intensity (Ip) ii) time to Ip (tP) iii) mean transit time (MTT), iv) 

wash in time (WIT) (time between 5% and 95% of Ip), v) wash in rate (WIR) (rate of 

intensity increase), vi) wash out time (WOT) (time between 95% and 45% of Ip after Ip, 

Figure 4.5: snapshots of MB bolus flow through network(c) at a)t=5s, b) t=10s, c) t=15 s, and d) t=25 s. The 

snapshots were taken are the criticaal tiem points of wash in, man flow, and wash out similar to the tracer snapshots 

shown in Figure 4.3 c1, c2, and c3. The MBs are found quicker and in high concentrations at the ‘main flow path 

of the network’and travel at lower rates and disperse at the ‘non-main-flow’ path of netowrk (c). 

(a) 

 

(a) 

(b) 

 

(b) 

(c) 

 

(c) 

(d) 

 

(d) 



 

78 

 

(vii) wash out rate (WOR) (rate of intensity decrease after Ip), (viii) area under the curve 

(AUC) and the regression coefficient as a measure of the goodness of the lognormal fit 

[177]. All parameters were measured for all repetitions of the flow study but not all of 

them provided useful information. The ones that provided useful information are 

presented in the results and the ones that are omitted were inconclusive.  

When these parameters are calculated for the TIC of each pixel, the information is 

translated into the corresponding parametric map which allows visual/qualitative 

evaluation of the bolus transit. Parametric maps are generally used in CEUS to provide 

blood perfusion related information [177, 178]. The data from larger ROIs or from the 

total network can be evaluated numerically. Finally, the MB flow raw data created by 

numPTI and used for the image generation can be used as GT information for the 

evaluation of the imaging result.  

 

4.2.6 TIC processing procedure for the study of obstructions  

The changes are reflected in the CEUS image data and the degree of changes was 

estimated using TICs parameters. The TICs of the video sequence were calculated for a 

single pixel, a larger region of interest (ROI), or for the total image. The calculation of 

TIC parameters on a pixel level allows for the construction of the corresponding 

parametric maps which were compared with flow maps of the real network and evaluated 

qualitatively.  

For the larger ROI analysis, for each of the 16 obstructions removed, the modified 

network has 15 blocks that lend themselves to TIC analysis. The case in which none of 

the blocks is removed, i.e. there are no obstruction, is the ‘base’ case. Figure 4.6 shows 

how network (c) was segmented to significant blocks and which the numerical identifier 
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of each block/obstruction is. The repetition of the study for the removal of all blocks 

generates 256 TICs. All these points are analysed in comparison to the ground truth 

knowledge that includes MC structural and dynamic properties. The analysis aims to link 

imaging parameters with structural properties and also evaluate the quantitative value of 

CEUS imaging.  

In order to perform a quantitative comparison between CEUS derived data and GT data 

the analysis that applied for CEUS data was replicated in the GT data. For each block 

removal the remaining 15 blocks of the vascular system was considered as ROIs, which 

have particles in transit over time therefore a Particle versus Time Curves (TPCs) can be 

generated. Each TPC is fitted a lognormal model and parameters equivalent to those from 

the TIC are calculated. These parameters are now plotted versus structural properties of 

the same ROIs like average radius and average flow to reveal the GT correlation of curve 

parameters with structural properties.   

Finally, a similar TICs analysis was performed for the entire network. Every time that a 

block is removed (for a total of 16 blocks) the TIC parameters of their entire network 

Figure 4.6: (a) network of choice (network(c)), (b) Segmentation of network to 16 ROIs. (c) Unique numerical 

identifiers of ROIs. The base case is the one in which none of the blocks-ROIs have been removed. Scale bar 

represents 10mm.  

(a) (b) (c) 
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were estimated. Their values were compared with structural and dynamic properties of 

the removed block in order to assess its impact.  

4.2.7 Particle detection algorithm data analysis 

The same obstructions of flow were analysed with the particle detection methodology that 

has been previously developed by Kanoulas et al. [47]. Based on the standard CEUS 

analysis it was concluded that the removal of certain MC blocks affected significantly the 

kinetics of the remainder of the network, while others had an insignificant effect. For this 

reason the removal of a representative block for each behaviour was adopted here, which 

avoids the recreation of the entire CEUS imaging study which is computationally 

demanding. The blocks that were studied were block 6, which is considered a significant 

block in terms of impact to the flow kinetics in the rest of the network, and block8, which 

is considered an insignificant block. The flow redistribution was studied for the remainder 

16 block ROIs. Every ROI was processed with the particle detection algorithm which 

generated the parametric maps of MB number, Track Density, and Velocity. The maps 

have a size of 280×432 pixels, with pixel size of 0.3 mm. The time frames that were 

processed we 1190 which were enough to cover the MB injection from wash in until 

complete wash out. The particle detection algorithm parameters of each ROI were plotted 

as a histogram which provided the distribution of the ROI. The mean values of the particle 

detection algorithm parameters of each block were quantitatively compared with the 

respective GT properties of the block.  

4.3 Results 

4.3.1 Effect of data availability on TICs analysis 

The TICs analysis and the estimation of the curves parameters can be performed on the 

intensity data of a single pixel, on the average intensity of a larger ROI, e.g. a ROI that 

has the size of a block, or on the average intensity of the total network. Figure 4.7 shows  
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characteristic examples that correspond to the three levels of analysis. While the approach 

remains the same for all levels, the effect of significantly less data availability for the 

pixel-level analysis can hinder the quantitative evaluation of the results.  

The metric that was used to evaluate the quality of the fit of the data to the lognormal 

model proposed in the methods is the square value of the regression coefficient, often 

denoted in graphs as Rsqu. The Rsqu values for the total network analysis and for the 

block level analysis were all acceptable (>0.9) but for the pixel level analysis a significant 

percentage of the pixels took non-numerical values e.g. +-infinity, 0, NaN. These non-

numerical values indicate a bad quality of fit. Even for the cases like the one of Figure 

4.7c where the Rsqu has the meaningful value of... the visual inspection of the curve 

indicates that the fit cannot be considered of good quality. A similar visual inspection of 

all TICs for all levels of analysis showed that the quality of fit for the total network and 

(a) 

 

(a) 

(b) 

 

(a) 

(c) 

 

(a) 

Figure 4.7: Characteristic examples of TICs for: (a) total network analysis, (b) block level analysis, (c) pixel level 

analysis. The method of data fitting to the lognormal model and the calculation for the model’s parameters is the same 

but a lower data availability affects the quality of the fit. A metric of the fit quality is Rsqu but the curves have also 

been visually inspected regardless of the value to ensure false positive results were excluded.  
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block level analysis was acceptable. Appendix A shows some examples of ‘bad’ quality 

fits for the pixel level analysis and ‘good’ quality fits for higher level analysis. 

As a result, for the quantitative evaluation of flow dynamics using TICs the pixel level 

analysis is not appropriate. Nevertheless, a mere visual inspection of the parametric maps 

that are a result of the pixel level analysis can provide useful qualitative evaluation of the 

flow properties of the network. Section 4.3.2 describes this qualitative approach and the 

sections after that are a quantitative approach on the higher levels of TIC analysis.    

4.3.2 CEUS parametric maps 

Figure 4.8a displays the flow distribution in the simulated network and shows the effect 

of flow obstructions in the flow kinetics of the remainder of the network. Specifically, 

when an obstruction is found on a main flow path (i.e. removal of block 2 – middle 

column) there is a significant redistribution of flow as the main flow path is obstructed 

and flow is evenly reallocated in peripheral vessels, and it is evident that the region to the 

far left of the network has increased flow (indicated by green) compared to the base 

network (left column). On the other hand the removal of a block away from the main flow 

path (i.e. removal of block 9 – right column) would not have such a significant effect. 

The main flow path, the brightest vessels, is similar to the base network and the far left 

of the network is also similar.  

A similar trend in flow redistribution is observed in the parametric maps of tp and AUC 

(Figure 4.8b,c). These two parameters were the ones in which that flow redistribution 

effect was more prominent. Note, that tp is a transit time related parameter that can be 

seen as the inverse of blood velocity, and the AUC, as the integral of the TIC is a quantity 

proportional to the volumetric flow rate. The removal of the main flow path block (Block 

2) causes an observable change at the MC network in the parametric maps of tP and AUC 

(middle column) compared to the base network (left column). This change can be 

described as a more homogeneous map after the removal of Block 2 compared to the base 
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network that indicates the location of the main flow pattern, particularly in the tp base 

map where the lowest values of tp are located in the main flow path (low tp is higher 

velocity). On the other hand the removal of an insignificant block (Block 9 – right 

column) provides a similar pattern to the base network (left column) particularly in the 

tP, where the main flow path is observable as low tp values. In addition, both tp and AUC 

values but show the localised effect in the neighbourhood of the occlusion, that is 

confirmed to have very low flows.   However, the parametric maps reveal an additional 

boundary effect of near zero flow. The effect is more noticeable for the insignificant block 

9. In this case both parametric maps provide distorted measurements in comparison to the 

GT flow rate in Figure 4.8a, that confirms low but existing flow. This is an effect that is 

directly related to the flow dynamics of the organ: the preferred path is one in which the 

direction of the flow gradient is high. The removal of a block from an area were the 

gradient is already low reduces the probability of particles travelling through the 

neighbouring region. If particles ‘choose’ not to travel through a region then the CEUS 

image of that region is not going to record any intensities. Particularly for the study of 

obstructions this can lead to an overestimation of the obstruction size. In other words the 

definition of the boundary of an MC ischaemic region, by means of CEUS parametric 

mapping, is highly dependent on the surrounding flow, and the parametric maps provide 

an overestimation of the MC size. 

Further, quantitative analysis of the parameters on a pixel level is limited as the TIC is 

noisy and the lognormal model, or any other, is often not be a good fit, which results in 

erroneous parameter estimation. For 2% of the total pixels the fitting is not even possible 

because the pixel either contains no data, one or two data points that are insufficient for 

fitting, or a few scattered points that do not follow a log-normal profile.  The vast majority 

of the pixels, 91%, provide what would be characterised as a good fit with regression 

coefficients that are higher than 0.99. However, upon close examination, a large 

proportion of these are not statistically justifiable as the data distribution is variable and 

not similar to the lognormal. The high regression coefficient values were a result of an 
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Figure 4.8: a) Maps of ground truth flow distribution showing a tracer(green)flowing through the 

network vessels(red). The ‘main flow’ path is visible. b) Parametric maps of time-to-peak tP for the 

same networks. Every pixel value is the measure tP from the TIC of the pixel. The ‘main flow’ path 

is also visible and the behaviour observed in the GT maps is also observed in the tP parametric map.  

Scale bar represents 10mm. 

(b) 

 

(b) 

(a) 

 

(a) 
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abundance of data in the wash out region of the curve which subsequently lead to a very 

good lognormal fit whereas the wash in and peak were far from the lognormal behaviour 

but had few data points to affect the regression coefficient. Examples include pixels that 

show a gradual increase of intensity or gradual decrease. This is an expected result as the 

sampling at pixel level is poor, and the maps do not have quantitative value but offer a 

qualitative observation of the flow redistribution. The tp is the only parameter that 

provides a good depiction of the flow pattern and shows the main flow path, while the 

AUC does not clearly show this effect. Other parametric maps (not shown here) provide 

information that doesn’t compare well with the GT data (Figure 4.8a).  

Figure 4.9: (a) Zoom on tP parametric map. The colour scaler represents the estimated tP  per pixel 

and (b) direct comparison to the GT flow profile. The colour scale represents tracer flow 

concentration which is indicative of the flow gradient. 

(a) 

 

(a) 

(b) 

 

(a) 
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4.3.3 Region of interest analysis 

The larger ROI analysis was conducted because, in contrast with the pixel level analysis, 

a reasonably large ROI provides high signal to noise TIC for a good quality fit of the TIC 

to the lognormal distribution.  

Figure 4.10 provides typical plots of AUC and MTT for the different Block ROIs vs GT 

measurements.  Figure 4.10a is a plot of AUCs of all ROIs (15 ROIs for each study for a 

sequence of 16 studies plus the 16 ROIs of the ‘base’) as they were estimated from the 

TICs versus the average volumetric flow rate of the regions. Figure 4.10b is a plot of 

AUCs of all ROIs as they were estimated from the GT data, i.e. the TPCs, versus the 

average volumetric flow rate of the regions.  Note that the AUC of a block is proportional 

to the flow rate value of the block because, for this study, a higher flow rate means that 

more particles are going to go through the block increasing the cumulative intensity over 

time for the block. Indeed the graphs reveal a positive correlation of the AUC with flow. 

The blocks that correspond to the main-flow-path are marked with a different colour: blue 

corresponds to measurements taken from non-main flow path blocks and magenta 

corresponds to measurements take from main-flow-path blocks. Both populations 

demonstrate a significant correlation with flow, which confirms the AUC is a measure of 

volumetric flow rate. The flow remodelling that occurs when blocks of the main flow 

path are removed, provide a small reduction in this correlation (R=0.71) compared to the 

removal of non-main flow path block correlation (R=0.91) for the CEUS measured AUC, 

suggesting that the redistribution of flow due to missing blocks from the main flow path 

has an effect in the accuracy of the AUC measurement. The comparison of the TIC data 

with the GT data yields very similar results: the same degree of correlation is estimated 

from both methods for all correlation coefficients showing again that the imaging process 

does not introduce uncertainty and that CEUS is able, through the AUC, to read these 

behaviours that exist on the GT network. However, the drop of correlation due to the 

removal of main flow path blocks (R=0.84) is insignificant compared to non-main flow 

path block removal (R=0.88), which corroborates with the suggested an AUC 

measurement uncertainty above. 
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In Figure 4.10c the MTTs, as derived from the TIC curves of the block ROIs, are plotted 

against the inverse of GT flow value of that same ROIs. In Figure 4.10d the MTTs of the 

TPC curves are plotted against the same inverse of GT flow value of that same ROIs.  

When MC blocks are removed from the main flow path, both CEUS(Figure 4.10c) and 

GT(Figure 4.10d) data of the remainder blocks are not significantly correlated with the 

inverse of flow (R= 0.29 and 0.33 respectively). On the other hand when MC blocks are 

removed away from the main flow path, both CEUS (Figure 4.10c) and GT (Figure 4.10d) 

data of the remainder blocks are significantly but weakly correlated with the inverse of 

flow (R= 0.69 and 0.56 respectively), while the total correlation coefficient value is low 

mainly because the data are dominated by blocks and block removal away from the flow 

path. By observing the data, this behaviour is explained by the lack of correlation in the 

low end of inverse flow values (x-axis). On the other hand higher inverse flow rates, i.e. 

data points with flow rates above 0.1×10-11 [m3/s]-1, appear to have a correlation with 

MTT but with high variance, which provides with a weak correlation at best. This strongly 

suggests that MTT and transit related physical quantities cannot provide quantitative 

measure of average flow or speed of a block ROI, particularly when the block ROI is 

affected by flow redistribution which translates to speed increase (i.e. reduction of inverse 

flow) or contains vessels of the main flow path that have already high flow rates or speeds.  

The above results show that flow remodelling is sensitive to the prior properties of the 

removed MC block. This essentially means that a block of high flow rate would have a 

greater flow-remodelling impact compared to a block with flow rate. The results also 

show that the MTT or any other transit related quantity is not a good measure for 

describing such flow changes.  

 It is important to note that this is inherent to the nature of the MTT measurement as it is 

reflected in the GT data (Figure 4.10d), thus the data variability and lack of correlation 

are  
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not introduced by the imaging process, but rather the types of measurements that is 

available through the TIC curves and the use of standard CEUS application.  

4.3.4 Entire vascular bed analysis 

The change in TIC parameters of the entire network were calculated here to assess the 

effect of block removal. Figure 4.11  shows the effect of the removal of different blocks 

on the flow kinetics of the entire network as these are recorded in CEUS measurements.  

(a) 

 

(b) 

Figure 4.10: Scatter pllots of TIC parameters measured for all the block ROIs that have flow vs equivalent GT 

measurements. a) AUC of a ROI measured from TIC vs flow of the same ROI, b) AUC of a ROI measured from 

TPC vs flow of the same ROI, c) MTT  of a ROI measured from TIC vs inverse flow of the same ROI, d) MTT of a 

(c) 

 

(b) 

(d) 

 

(b) 

(b) 

 

(b) 
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Figure 4.11a shows the difference of average CEUS MTT of the network between the 

base network and the one resulting when a block is removed (MTTbase-MTTrmbB(i)) plotted 

against the average GT flow of the removed block (when present in the ‘base’). In Figure 

4.11b the MTT values are estimated from GT particle vs time data. The general trend of 

both curves show first that there is a clear correlation between dMTT and flow for the 

networks that have blocks removed that are not in the main path (r= 0.85 and 0.82 for 

CEUS and GT data respectively). Second very small dMTT provide a negative correlation 

with average flow. Third, the removal of blocks with higher flow values does not cause 

greater changes in the MTT of the total network but it does provide a higher average flow 

in the network, which is associated with loss of correlation between average flow and 

MTT change. This can be explained by the fact that a significant block is characterised 

by high flow rates and large radii and as a result has low MTT value. The removal of such 

a block from the network would be the removal of a significant channel through which 

MBs are able to flow quickly. The MBs have to find alternative paths to flow though and, 

even though the flow is redistributed, the remaining blocks cannot entirely compensate 

for the removal of a significant block in terms of MB transport. As a result the global 

MTT may or may not increase.  

Specifically, the inlet and outlet blocks which have the highest flow rates block2 (B2) and 

block15 (B15) are outliers and the cause of the above loss of correlation.  It is important 

to note that the CEUS and GT data are in agreement in all the above trends.  This overall 

behaviour echoes the results and conclusions of the individual block analysis in the 

previous section. Here too it can be said that a significant flow redistribution creates MTT 

changes that are not well described by a metric like the MTT.  

Figure 4.11c and d show a similar analysis but the parameter of Ip, which is associated 

with blood volume and its change was found to have the best correlation with GT data 

compared to other intensity related parameters like AUC. Figure 4.11c shows the change 

in average Ip of the entire network when a block is removed compared to ‘base’(Ipbase-

IprmbB(i)) plotted vs the average radius of the removed block. Figure 4.11d shows the same 

plot for the corresponding GT particle vs time curve. The negative correlation stems from  
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the fact that the average intensity of the remaining network, once a block is removed, will 

increase compared to the ‘base’ network as the flow is redistributed in a vascular network 

with less volume and the difference Ipbase-IprmbB(i) is negative. The larger the volume of 

the block removed, the larger the intensity adjustment for the base network and the larger 

the difference.  This trend applies for the removal of blocks that are away from the main 

flow path with very significant correlations (R=0.87 for CEUS and R=0.96 for GT). 

However, this does not apply for the removal of blocks in the main flow path that also 

have larger average vessel radii. These blocks are the inlet B2 and the outlet B15 as well 

as B6 and B11, the other two main-path blocks. It is again noted that the comparison of  

(a) 

 

(a) 

(b) 

 

(a) 

(c) 

 

(a) 

(d) 

 

(a) 

Figure 4.11: Difference of global parameter measurements when a block is removed from global parameter 

measurements at the base case plotted against GT properties of the block that was removed.(a)dMTT of CEUS 

against average flow of the removed block, (b) dMTT of particle-time curve against average flow of removed 

block, (c) dIp of CEUS against average radius of the removed block, and (d) dIp of particle-time curve against 

average radius of removed block. 
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the CEUS data with the GT data yields similar trends with the loss of significant 

correlation applying in both.   

The most repeated behaviour in the graphs, and in fact a behaviour that was present on 

all the similar parametric graphs, is that the inlet B2 and the outlet B15 are constant 

outliers. The results show that this is not because of their structural difference but only 

due to their position in the main flow path. This is illustrated in Figure 4.12 which shows 

that B3 and B11 are structurally similar with similar average radii and lengths (Figure 

4.12a,b). However, their position results in a different dIp value, as they have a different 

flow.  These results suggest that apart from time/transit related parameters also intensity 

related measurements in TIC curves are not reliable indicators of flow redistribution when 

(d) 

 

(a) 

(c) 

 

(a) 

(b) 

 

(a) 

(a) 

 

(a) 

Figure 4.12: Structural properties of blocks 3 and 11: (a) vessel radii distribution of block3, (b) vessel 

radii distribution of block11, (c) vessel length distribution for block3, (d) vessel length distributio fof 

block 11.  
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observing an entire MC network, despite the fact that the AUC (and Ip not shown) can 

depict well local flow changes (Figure 4.12a,b).   

4.3.5 Parametric analysis of particle tracking algorithm 

The parametric maps that the particle tracking algorithm provides are the MB number 

maps, track number maps and the velocity maps. The parametric maps for the base case, 

for the removal of block6 and for the removal of block8 are shown in Figure 4.13. These 

two blocks were chosen because one of them can be considered significant and the other 

insignificant. Block 2 was not chosen because the previous graphs indicated it has a an 

outlier behaviour due to the fact that it is practically the inlet of the network. The initial 

qualitative evaluation of these maps provides similar information as the TIC parametric 

maps. Features of main flow are apparent in all the maps, as well as features of flow 

remodelling in the presence of a significant (removal of block 6) obstruction or reduction 

of flow in the vicinity of an insignificant (removal of block 8) obstruction. However, there 

are also visually distinct differences that constitute a significant improvement to CEUS 

parametric maps. A significant obstruction causes changes in all the maps including the 

number of measured MBs (Figure 4.13a), number of tracks (Figure 4.13b) and speed 

measurements (Figure 4.13c) that are noticeable in detail and at greater distances from 

the obstruction and are spread across wider areas on the vascular bed while an 

insignificant obstruction has a more localised effect on the maps. These effects correlate 

better from a visual comparison to the GT data. shows a zoomed image of the MB number 

map in a direct comparison with the GT flow profile of the base case. The flow 

redistribution is well observed in all the quantities as a result of the removal of block 6 

and flow disappearance is not observed around block 8 but rather very low flow.  

The quantitative evaluation of these maps strengthen the above assessment by showing 

systematically higher values of correlation with GT properties than the TIC parameters. 

Figure 4.15a,b show the mean MB number that was measured in a ROI versus the mean 

GT radius and mean GT flow of the ROI. The MB number, i.e. the number of MB 
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Figure 4.13: Particle-detection algorithm parametric maps: (a) MBnumber map (b) Track number map (c)) speed 

map. In all of the maps the main flow path that is pronounced in GT is also visible here. The GT flow dynamics are 

correctly reflected in the qualitative evaluation of the maps. Each type of parametric map (a),(b),(c) shares the 

same y axis and colour bar. Scale bar represents 10mm or 33pixels. 
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detections, can be considered equivalent to blood volume and also to the intensity 

parameters of TIC analysis for this injection that created sparse MB flow. As such, they 

show a positive correlation with the GT radius and flow but the values of correlation are 

notably higher than the ones that occurred from the intensity parameters of the TIC 

analysis. Considering also the reduced data points for the SRU data, these correlations 

can be considered highly significant. For the case of TICs, the intensity measurements of 

all blocks had to be considered simultaneously to reveal the expected from literature 

positive correlation, whereas for the case of SRU every individual ROI has a measurable 

positive correlation. This indicated that the SRU method is more sensitive and accurate 

for this scale of GT radii and flows.  

(a) 

 

(a) 

(b) 

 

(a) 

Figure 4.14: (a) Zoom on MB number map. The colour scaler represents the estimated MB number per 

pixel and (b) direct comparison to the GT flow profile. The colour scale represents tracer flow 

concentration which is indicative of the flow gradient. Scale bar represents 10mm or 33pixels. 
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 Figure 4.15 shows the type of information that can be measured with SRU versus GT 

properties of the same ROI.  The general observation is that the data for each of the three 

cases show a consistent behaviour for the slope of each curve. Figure 4.15c and d, the 

slope of the base is similar to the slope of the removal of block8 which is expected since 

block 8 is an insignificant block which causes minimal flow redistribution on the network. 

On the contrary the slope which corresponds to the removal of block6 has a notably 

different value which reflects the greater degree of flow redistribution that happened as a 

result of the removal of a significant block. This suggests that the particle detection 

algorithm can detect more accurately the changes in flow for smaller ROIs. Further, 

unlike the CEUS results the SRU direct measurement of velocity is accurate and 

correlates well with GT. The observed behaviour of the scatter plots is reasonable 

(d) 

 

(d) 

(c) 

 

(c) 

(a) 

 

(a) 

(b) 

 

(b) 

Figure 4.15: Particle detection algorithm parameters for the base case, the removal of block6, and the removal of 

block8 plotted together versus GT properties: (a) mean MB number of a ROI versus the mean GT radius of the ROI, 

(b) mean MB number of the ROI versus the mean GT flow of the ROI, (c) mean number of tracks in a ROI versus the 

mean radius of the ROI,(d) mean velocity of a ROI versus the mean GT velocity of the ROI. 
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showing that the removal of Block8 has little effect on the measured velocities in 

comparison to the base network, whereas the removal of block6 has a different effect 

causing all the estimated velocities to take similar values. This is a results of the flow 

redistribution which can be easily measured with SRU. However, the velocity shows a 

non-linear trend suggesting that the algorithm may work better in lower velocities.  

 

4.4 Discussion: 

The results of this chapter show that the use of CEUS for the MC can reflect flow changes 

in systems of vessels. The analysis used with TIC and parametric mapping is a novel 

approach that makes use of the fact that vessels exist in an interconnected system and that 

pathologies that are associated with MC  flow obstruction have measurable impact on the 

network due to the flow redistribution.  

However, the fact that different obstructions that could be characterised as small, could 

have the same impact on the flow redistribution due to their position, essentially means 

that they cannot be differentiated by the method.  The significant of an obstruction is 

related not only to its structural properties but to its position in the pressure gradient as 

well.  

For the TIC parametric maps and parameters, the larger ROI analysis was more 

informative than the qualitative evaluation of the maps. The same general behaviour 

observed in the maps was also observed here but an additional new observation that was 

made here was that certain parameters are better at differentiating smaller changes in 

flow. These parameters were the intensity related ones, e.g. AUC of Figure 4.10a, and b. 

The time related parameters, an example of which is the MTT of Figure 4.10c and d, had 

much weaker correlations both for the images and the GT study.  The MTT is a poor 

marker for flow changes in an organ even for remote ROIs.   
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In all the scatter plots, both for ROIs and total network, the GT plots show the same 

degree of changes as the CEUS data. All the distinctive behaviours mentioned in this 

discussion are noticeable in the corresponding GT graphs as well. Any lack of correlation 

that is noticeable in the CEUS data is also noticeable in the GT. This shows that it is not 

the method CEUS imaging that introduces de-correlation in the measurements but rather 

the method of image analysis using TIC. In fact, the good agreement of CEUS 

measurement with GT measurements is a positive sign that CEUS is inherently able to 

pick the pattern of changes in a micro vessel system and the use of particle detection 

algorithm for CEUS imaging would have the potential of detecting even smaller perfusion 

changes.   

Nevertheless the current study shows positive results for the more significant obstructions 

either when the significance is due to structural properties or their position in the pressure 

gradient.  The significant obstructions of this study are still obstructions smaller than 150 

μm and sizes 10 mm ×10 mm, i.e. that they are still part of the MC. This shows that this 

type of flow analysis with TIC could be relevant in cases where SRU cannot be used, e.g. 

for tissue that is affected by motion. 

However, the analysis of the same ROIs and obstructions under the same flow conditions 

with the SRU algorithm revealed that the method is more sensitive for changes in the MC 

and that measurements are be more accurate than TIC measurements, while also showing 

consistent behaviours for the data points of each region. This is shown in the results of 

section 4.3.5 in which the data point that correspond to a certain region have a notably 

high correlation coefficient R>0.7. This is a behaviour that was not found in the TIC 

parameters. For the case of TIC parameters, all the data points of all regions had to be 

plotted to reveal a correlation coefficient R>0.75. For data points that belong to one 

specific block the correlation coefficients were R<0.4. The high correlation coefficient in 

this section also allowed the comparison of the slopes: the removal of a significant block 

i.e. block.6, is known to cause a flow redistribution in the GT graphs and it is also shown 

in the particle detection parametric graphs, especially the velocity graph, Fig. 4.15d.   This 

consistency of measurements for each ROI allows the comparison between ROIs and 
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adequately shows the flow redistribution that takes place. It is therefore eminent the study 

of micro-vessel systems benefits from the use of this particle detection algorithm.  
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Chapter 5: Particle detection algorithm for CEUS imaging applied on 

a flow model of tumour microcirculation: a simulation study 

 

5.1 Introduction/ motivation 

The previous chapter have shown that CEUS with conventional image analysis using 

TICs can reveal information at the level of microcirculation. The methods take advantage 

of the fact that a micro-vessel network is a system of interconnected vessels therefore 

changes of blood flow in a certain area can have a greater impact in flow properties of the 

system. In this chapter, the in silico experiment that is presented focuses on the changes 

in the microcirculation caused by a different type of pathology, that of cancer. The   scope 

of the study is to examine the changes in flow properties in interconnected system of 

micro-vessels when a tumours of different stages are introduced, and to evaluate the 

performance of CEUS in detecting these changes.  

The previous studies showed that CEUS with adaptive beamforming can help provide 

information on micro-vessel dynamics and that TIC image analysis of microvascular 

systems can successfully reflect changes caused by obstructions in blood flow. However, 

there are several limitations of these corresponding methods. The results of adaptive 

beamforming are negatively affected by the presence of neighbouring signals, either when 

these originate from neighbouring vessel or from noise. It also has to be noted that the 

use of adaptive beamforming for large ROIs comes with a considerable cost in terms of 

processing time which is not a valid option for the quick-paced diagnosis that is required 

for the case of cancer. The use of CEUS and image analysis using TICs is generally 

effective in larger ROIs that may even refer to whole organs and that have a notable 

variation in downstream flow distribution. It would not be equally successful in detecting 

changes in an area which is relatively uniform in terms of flow because the global flow 

redistribution would be lower. This could be the case for poorly vascularised organs. 

Also, the method was applied on obstructions of flow but cancerous lesions have certain 
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properties that provide additional information, like the vessel connectivity, which could 

be missed in this type of processing.  These limitations indicate that these two methods 

might not be optimal for the study of cancerous lesions.  

The current study of tumour induced angiogenesis and imaging of the lesions, builds on 

the achievements of the 2 previous experimental chapters: the neo-vasculature created to 

feed the tumour comprises of the smallest vessels indicating the need for improved 

resolution, and the fact that vessels exist in an interconnected network indicates the 

potential to detect small changes from their greater impact on the system. Additionally 

the neovasculature is contained a small space and it may have abnormal flow dynamics 

that have an unpredictable impact on the neighbouring flow distribution. The obstructions 

studied in the previous chapter (cysts, clots) where passive in terms of flow but for the 

case of cancer the neovasculature is an active element of blood flow that can have a 

different impact in the organ’s flow distribution. The study of cancer also has the 

additional objectives of accurate tumour localisation and size estimation which are 

makers of risk and affect the choice of treatment, and there is a clear need to detect 

abnormalities at the earliest of the stages to improve treatment outcomes. These 

requirements may be met by the SRU method used in the previous chapters and further 

developed in Kanoulas et al. [47] which can provide information related to flow for 

systems of micro-vessels in a timely manner.  

5.2 Materials and methods 

5.2.1 Network Specifications 

The scope of this study is to study the performance of CEUS in combination with particle 

detection algorithm when applied on different stages of cancer and to make comparisons 

of this method with the conventional TIC analysis method. Under this scope, several 

vascular networks that model different stages of cancer were designed using numPTI. 

The organ model that is designed in this chapter is a large scale system of interconnected 
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micro-vessels that represent a poorly vascularised organ such as the prostate or the 

ovaries. The model is not organ specific which means that it could be applicable for other 

poorly vascularised regions but it is not an appropriate model of organ with large arterial 

flow such as the liver. The design of a large scale organ that incorporates both larger 

arteries and a complete system of the microcirculation requires computational efficiency 

that is not available even with high performing computers.   

The various stages were then placed at the centre of the same vascular bed as shown in 

Figure 5.1. The background ‘base’ network upon which the tumours are placed, 

comprises of a single inlet vessel which gradually branches to smaller ones until it reaches 

the smallest level of vessels: the densely populated rectangular part shown in Figure 5.1. 

Malignant tumours of different characteristic stages are placed at the centre of the 

rectangular part. Then, the rectangular part branches out to smaller vessels which 

gradually connect to one large outlet vessel. The different stages of cancer are 

characterised by tumour induced angiogenesis which is the formation of new blood 

vessels generated to provide the tumour with  oxygen and nutrients [157, 179]. The 

process of angiogenesis induces structural changes in the capillary plexus but also affects 

blood rheology in the proximal and distal region. This chapter investigates how the 

application of CEUS and particle detection post processing will allow the detection of the 

structural and rheological properties. During the latest stages of angiogenesis, the newly 

formed vessel are rather large with significant impact on the flow gradient of the system. 

These are cases that can be easily detected by CEUS and particle detection post 

processing. However, the imaging challenge lies in the earliest stages when the 

neovasculature is not yet mature. In these stages the structural changes cannot be detected 

but the changes in the flow gradient could be detected by the particle detection parametric 

maps. Furthermore, this chapter investigates the angiogenesis stage limit at which the 

rheological properties are not detectable by the particle detection algorithm. The effect of 

different stages of angiogenesis on the flow gradient of a large scale organ has not been 

investigated this chapter provides new insides in this field.   
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The difference of this ‘base’ architecture from the one shown in chapter 4 is the fact that 

there is no main flow path and the branching vessels that reach the rectangular part all 

have similar size. This design allows the study of the effect of the tumour in isolation and 

avoid the potential impact of flow redistribution shown in Chapter 4.   

Figure 5.1is a depiction of the various cancer stages on the large scale organ model. All 

the networks shown in Figure 5.1 have a cancerous lesion at the centre. The various cancer 

stages and the categorisation into (a), (b) and (c) are given in Table 5-1. In general the 

vessels are represented by red colour and the background is black. In the latest stages, the 

absence of vessels from the centre of the tumour indicates that the tumour has developed 

a necrotic core. For Categories (a) and (b) the cancerous regions are not easy to 

distinguish visually and have been colour blue to aid visualisation. For category (c) the 

neovasculature that corresponds to tumour induced angiogenesis has significantly larger 

radii and is easier to distinguish visually. Colouring that region with blue colour hindered 

the visualisation of individual vessels in that particular category. In this novel approach 

of a large scale vascular network with radii range from 50μm to 15μm the visualisation 

of all vessels is challenging and different approaches have to be taken for each category.    

The size of the entire network across the vertical axis is 0.0268 m and across the 

horizontal axis is 0.0148 m. The size of the middle, rectangular part is 0.018m across the 

vertical axis and 0.0148 m across the horizontal. The majority of vessels, 91% of the total 

vessels, have radii that range from 5 μm to 15 μm randomly. Across the rectangular part, 

some patterns of enlarged vessels are placed at random positions to model vessel 

variations in real tissue and as these appear in the ultrasound imaging plane. These vessels 

are 9% of the total network vessels and have radii between 15 μm and 50 μm. Even with 

these variations, the middle part can be characterised as uniform given that there is no 

main flow path and thus allowing to study solely the effect of the tumour on the CEUS 

images. The average vessel length in the rectangular part is 140 μm.  
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Figure 5.1: Different tumour stages placed at the centre of an identical ‘base’ network. Stages 1-5 indicate 

tumour size and subcategories (a), (b), (c) at each tumour stage are an indicator of the tumour maturity 

and account for the variability of tumours. For (a) and (b) the blue colour indicates the tumour vessels 

whereas for (c) that was not necessary since the tumour vessels are enlarged and visible. The tumour 

properties for each stage are given in Table1. 
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The tumour stages are 5, represented by Arabic numerals 1-5. This categorisation reflects 

the growth of a tumour over time, with stage 1 being the smallest tumour and stage 5 the 

largest. However, it is important to note that these stages do not correspond to diagnostic 

stages and grades of cancer as these are used in clinical practice. The staging that is used 

here is dedicated to the purposes of the current study and reflects tumour size. Stages 1-3 

are smaller tumours without a necrotic core and stages 4-5 are tumours with a necrotic 

core. The tumour configuration is detailed in Table 5-1:  

TUMOUR CHARACTERISTICS 

STAGE Diameter Necrotic 

Core 

Necrotic 

Core 

Diameter 

(a) 

connectivity 

(b) 

connectivity 

(c) 

connectivity 

1  1 mm no - Z=2 Z=4 Z=4,  R=3*R 

2 1.5 mm no - Z=3 Z=4 Z=4,  R=3*R 

3 3 mm no - Z=3 Z=4 Z=4,  R=3*R 

4 3 mm yes 1 mm Z=3 Z=4 Z=4,  R=3*R 

5 6 mm yes 4 mm Z=3 Z=4 Z=4,  R=3*R 

Table 5-1: Stages of tumour and their individual characteristics. The first column is the diameter of the tumour, the 

second column indicates the presence of a necrotic core, the third column indicates the diameters of the necrotic core 

where appropriate, the fourth column is the tumour rim connectivity for sub category (a), the fifth column is the tumour 

rim connectivity for sub category (b), and the sixth column is the tumour rim connectivity for sub category (c).  

 

In addition to the stages that reflect tumour sizes, each stage is divided in three categories 

(a), (b), and (c) in an attempt to reflect the variability of tumours found in clinical practice, 

but also avoiding making this complex. The variability in vessel density is modelled by 

the tumour connectivity, the variability in vessel morphology is modelled by the 

distribution of radii and lengths for the population of vessels, and the vessel configuration 

id modelled by a distorted lattice. The rectangular part of the network is a 2D lattice which 

can have a maximum value of connectivity Z=4. In the designs of this study, the ‘base’ 

connectivity is 2.5. The connectivities of (a) have a value of Z=3 that is barely larger than 

that of the ‘base’, the tumours of (b) are fully connected, and the vessels of (c) are fully 

connected and have further developed to have radii that are 3 times larger than the original 
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radii.  Even though the sizes 1-5 are an evolution over time (not necessarily in a linear 

scale), the levels of maturity are not always a reflection of evolution over time. For 

example, a certain type of tumour may grow from 2b directly to 3a, skipping 3c altogether 

and another type of tumour may go through a lengthy 3c phase. The purpose of the 

maturity categorisation is to account for the wide variability found in realistic situations. 

The tumour models of this chapter with the series of their characteristics were based on 

the tumour induced angiogenesis model described by McDougal et al. [150, 157, 180]. 

5.2.2 Microbubble flow, GT data generated in numPTI  

Once the networks with the tumours were built, a MB injection was simulated in numPTI 

and the flow problem was solved. For the main core of the study the MB injection that 

was simulated was one of a constant infusion in order to be used with the particle 

detection method described in sections 3.2.3, 4.2.6. The global flow value across the 

network was set to 20×10-11m3/s in order to achieve a velocity distribution that simulates 

realistic velocity distributions observed in tumours [47] and the injection duration was 

180s to simulate a realistic infusion injection scenario. Out of the 29962 vessels of the 

network only 40% were visited by MBs during the flow simulation which attributed in 

the network structure: the network lattice includes vessels in certain positions across the 

pressure gradient that their flow rate is very low or almost zero. The flow rates that these 

vessels take do not favour MB flow through them when there are vessels with higher flow 

rates. This means that even in for the higher possible injection rate and duration, the same 

part of the network would be undiscovered. The fact that there are vessels are not ‘visited’ 

by MBs makes them invisible to the particle detection algorithm. The construction of this 

vascular bed has the purpose of modelling the blood flow dynamics of a poorly 

vascularised organ. The scope of this chapter is to use particle detection to recover these 

flow dynamics and not rebuild all the vessels of the network. The flow dynamics be 

shown with the velocity distribution which is defined only for the visited vessels of the 

network. The majority of them, 46.5%, had velocities between 2-10 mm/s, 23.7% had 

velocities between 10-20 mm/s, only 6.7% had velocities below 1mm/s, and only 1.5% 

had velocities higher than 50 mm/s. The rest of the vessels had intermediate velocities. 
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The highest values of velocities belong to the enlarged vessel patterns that are scattered 

across the network. This general profile of the velocity distribution follows velocity 

distributions observed in tumours and normal tissue from patient data.  

The MB injection rate was set to values that are known to provide improved efficiency 

for the particle detection algorithm. This was considered reasonable as the same control 

flexibility is available in the clinical setting as the injection parameters are controlled by 

the user. The injection interval was 1 MB every 0.5 ms which can be translated in an 

injection rate of 2 MBs per millisecond. Given the velocities of MBs in the network that 

were previously determined, this injection rate ensures that the MB positions are dense 

enough (given the specific network) to allow the particle detection algorithm to create 

many links that plot as much of the underlying network as possible, but were also sparse 

enough to allow the particle detection algorithm to identify each particle across its path 

and perform correct linking of particle positions. This balance that was achieved is shown 

in Figure 5.2 which is a snapshot of the MB flow simulation. The duration of the flow 

study was 180s and the data extraction rate, which was later used as the frame rate in the 

imaging part of the study, was 20 Hz, i.e. the particle positions were recorded every 0.05 

s.  

(a) 

 

 

(a) 

 

(b

) 

 

 

(b

) 

 

Figure 5.2: (a) snapshot of MBs flowing through network 5b for a constant infusion of particles, (b) 

injection rate and total particle count over time for the bolus injection of particles 
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Both the duration and the data extraction rate values ensure that enough data are acquired 

for the particle detection algorithm to plot the majority of the network, which is the case 

and ultimately the sole criterion that can compare this network with a real clinical 

scenario. In a second part of the study, the injection duration varied from 2 times longer 

to 9 times longer than the initial injection duration, i.e. from 360 s to 1620 s. This was 

done to investigate whether the duration of the injection affects the quality or value of the 

results.  

Finally, in a second study, the information acquired from particle detection parametric 

imaging and constant infusion of MBs was compared with the information acquired from 

a bolus injection and conventional TIC analysis. For this subset of studies, the networks, 

tumour stages, the global pressure drop and velocity distribution remained the same, but 

the injection was changed to the lognormal bolus injection shown in Figure 5.2b. In this 

figure, the MB injection rate is shown in blue and the total particle count in the network 

is shown in red. Similarly to the observation of chapter4, when the injection has a 

lognormal profile, the particle count also has a lognormal profile but with different 

parameters.  

5.2.3 In silico CEUS imaging and Image Analysis using particle detection algorithm 

The chapters of this thesis examine how mathematical biology models can be used to 

inform CEUS imaging protocols. The vascular network designs gradually evolve 

throughout the chapters to more complex structures with dedicated rheological properties. 

The CEUS imaging parameters that are chosen for each chapter are the ones that are more 

appropriate for the network design of the chapter. In the current chapter, a large scale 

organ model is constructed and upon this model a specific pathology, that of cancer, is 

studied in terms of structural changes and rheological properties.  Such a model is 

appropriate to inform imaging protocols for the detection of cancerous lesions for poorly 

vascularised organs as was described in section 5.2.1 which refers to the construction of 

vascular model. Some examples of such organs are the ovaries or the prostate.  
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In order to create an imaging simulation that models the imaging behaviour of these 

organs, the most realistic approach is to use imaging data from an in vivo experiment that 

studies such an organ. While small animal models are commonly used in imaging to 

validate particle detection algorithms [45], but they are not ideal models of human organ 

behaviour for ultrasound imaging. Variations in size, blood flow and vessels dimensions 

require different ultrasound settings or even dedicated technology, e.g. rodent scanner 

Visualsonics. Additionally, the nonlinear behaviour of MBs is distinctly different in high 

frequencies that are commonly used in rodent imaging. It is therefore optimal to use large 

animal clinical models such as the sheep and the pig, that lend themselves to image 

settings, including contrast modes, that are identical to that used for the human. The 

female sheep ovary was used here as it is an ideal contrast imaging model for translation 

into human studies [124]. The organ is similar in size to a typical organ of a human and 

therefore the same ultrasound equipment can be used in both. In addition, the speed of 

blood, heart rate and blood pressure are similar to the human as is the case for the range 

of vessel sizes from arteries to capillaries that are the subject of rheological property 

recovery targeted with the particle detection algorithm used here. All animal data was 

collected under UK Home office license approval (Duncan PPL 60/4401) and all the 

methods have been previously described [124]. 

The known in silico positions of the MBs were used to generate ultrasound images in the 

following way: a large dataset of CEUS images from an ovine ovary imaging experiment 

[124] was processed, the individual PSFs were identified, segmented, categorized based 

on their size, labelled and stored in a library. During the imaging simulation, every MB 

was assigned a specific PSF from this library for the duration of the MB travel across the 

network. In the sheep ovary experiment the scanner that was used was an iU22 Philips 

ultrasound scanner (Philips Medical Systems, Bothell, WA, USA) with an L9-3 linear 

array probe (3 MHz, λ = 514 μm). Two contrast administration protocols were used. A 

2.4 ml bolus of SonoVue® (Bracco, Geneva, Switzerland) contrast agent and an infusion 

of 2.4 ml SonoVue® in 20 ml saline at 0.5 – 1.5 ml/min rates using a Vueject pump 

(Bracco SpA, Geneva, Switzerland).  The network described in 5.2.1 was therefore 

transformed in a grayscale image of 177 rows and 98 columns with a pixel size of 



 

109 

 

0.151×0.151 mm. The average size of PSFs that was chosen from the library was 7×7 

pixels and the frame rate of the CEUS video loop was 20 Hz.  

For the main core of the in silico experiment, each CEUS video loop that was generated 

with this method was processed with the particle detection algorithm. The first step of 

processing is the MB detection process that was described in chapter 3.2.3. Every image 

of the video loop is ‘read’ by the algorithm, the areas of particles are identified and 

separated from the background, and based on the centre of mass method for the intensity 

values of each area, the position of the MB is estimated in the area. The detections of each 

time frame are all labelled with unique IDs. In addition to MB detections the process of 

detection linking was used. The process of linking makes use of the labelled detections 

across the time frames: the detections of two consecutive time frames are evaluated and, 

based on a hypothesized displacement defined by the user, the detections that correspond 

to the same particles are identified for the two time frames. After this identification 

process the algorithm links the two positions that correspond to the same MB, thus 

providing a link. When the process is repeated for all the time frames of the video loop, 

the result is a link/path of each MB that consists of as many points as the number of time 

frames that were processed. Given that MBs do not diffuse in the tissue but only travel 

inside vessels, the links essentially delineate the underlying vasculature.  

The particle detection processing provides these links, and a track is formed by 

accumulating all the links from an individual MB. This information can be depicted in 

the Track Number Map, i.e. an image that has the same size as the CEUS images that 

were processed, for which every pixel value is the count of tracks that have passed 

through this pixel. The displacement of a MB over time is essentially the velocity of the 

MB and can also be measured across the track. In a similar way to the Track number Map, 

a Speed Map can be created in which the pixel value is the average velocity of all tracks 

that have passed through that pixel. Another parametric map that can be plotted is the MB 

number Map in which every pixel has a value equal to the number of detections found in 

it. Finally it is considered that the track number map is an indicator of the width of the 

vessel therefore the multiplication of track number map with the velocity map would 
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provide a ‘flow’ map which is again an indicator of the flow and is measured in arbitrary 

units. The flow map is based on unit analysis: volumetric flow rate is measured in [m3/s] 

and when the flow is parallel to a fixed plane, i.e. 2-dimentional flow, it can be measured 

in [m2/s]. The blood flow simulation is a complete volumetric flow study but when it is 

introduced in a CEUS experiment only a single plane is considered. This means that 

particle detection parametric map of flow would be measured in [m2/s]. The parametric 

map of velocity is measured in [m/s]. Therefore, the multiplication of velocity map with 

a map that measures length would provide a map of flow. When the track map is 

considered for a single linear vessel, the presence of a tracks provides the vessel width 

which, when multiplied with velocity map could provide 2 dimensional flow. In maps of 

complicated networks this assumption might hold to a lower degree, therefore the 

constructed ‘flow map’ is merely an indicator of flow in arbitrary units and not a 

measurement of flow. The current chapter will investigate how close this indicator of flow 

is with the GT flow provided by numPTI.  Every pixel can be further divided into smaller 

pixels using an n×n division and the number of tracks can be counted in for every sub-

pixel. This method increases the image resolution and the level of detail that can be seen 

in the particle detection parametric maps. The n-value that was used in this study was 

n=3, dividing each pixel to 3×3 sub-pixels and consecutively decreasing the pixel size to 

0.05×0.05 mm. 

The CEUS images that were used for the bolus injection study were generated with the 

same method as previously mentioned using the same specifications. The images were 

then processed with the TIC fitting method to the lognormal model as was described in 

chapter 4 and the corresponding parametric maps were generated. The TIC parametric 

maps were evaluated qualitatively and quantitatively, and compared to the maps 

generated from particle detection.  
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5.2.4 Data analysis 

The MB number maps, track number maps, and speed maps generated from the particle 

detection processing were initially evaluated qualitatively to determine visually 

observable features across the stages. For the quantification of results, two types of ROIs 

were chosen: a ROI that correspond to a healthy part of the network and a ROI that 

corresponds to tumour. The pair of ROIs comprise of the same number of pixels but the 

size of the ROIs varies across the maps depending on the size of the tumour. The tumour 

ROIs for the stages that have a necrotic core, stage4 and stage5, are only chosen for the 

tumour rim and not the necrotic core. When choosing the tumour ROI, all types of maps 

were taken into consideration.  

Each ROI has a finite number of pixels. A histogram of the pixel value distribution may 

be studied for each map type, e.g. the histogram of the ROI of the speed map shows the 

distribution of the speed values in the ROI. The properties of these distributions were 

recorded and used for the quantitative analysis and comparison. 

5.3 Results 

5.3.1 Qualitative evaluation of particle detection algorithm maps 

The average B-mode intensity maps of all angiogenesis stages are shown in Figure 5.3 

and the particle detection algorithm maps of all the cancer stages as these were described 

in section 5.2.1 are shown in   Figure 5.4-Figure 5.7. The visevaluation of average 

intensity maps allows the identification of abnormality only for angiogenic stage 5 

whereas the particle tracking algoritm paramteric maps allow the identificaiton of 

abnormalities from stage 3. Figure 5.8 is zoomed comparison for stage 3b of the intenisyt 

map and and particle detection algoritm maps.  The colour scales were chosen in way that 

is the best depiciton of the undelying netowrk. All of the maps are zoomed in the middle 

rectangular part of the network, where the tumour lies, and the inlet and outlet part of the 
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network are not shown. The inlet and outlet parts are omitted because their only purpose 

is to introduce MBs in the middle of the network randomly. This also helps avoid display 

problems, for example the enhancement of tracks in the support vessels. This way the 

appearance of the particle detection parametric maps is similar to those acquired from in-

vivo data.  

Upon visual inspection the MB number maps shown in Figure 5.4 display colour 

enhancement for stages 2c, 3c, 4c, and 5c. These stages have tumour vessels that are fully 

connected and mature enough, that have enlarged radii in comparison to the base network. 

However, this effect was not enough to make stage 1c visible. In addition to subcategory 

(c), stages 4a, 4b, 5a, 5b are also visible due to the presence of a necrotic tumour core. 

The track number maps shown in Figure 5.5  reveal better the underlying vasculature than 

the MB number maps, which is expected as they display tracks that delineate existing 

vessels and not the MB detections that are known to have not filled the vasculature.  Again 

stages 2-5 (c) are easy to discern and in addition stages 4b, 5a, and 5b are easy to discern 

due to the necrotic core. The necrotic core of 4a does not stand out as much as in the MB 

map because there are other areas in the map that have similar gaps of tracks.  In addition 

to that, a radial symmetry of increased track number and density in the form of larger 

track ‘paths’ is observed in stage 3 which makes the presence of the abnormality  easier 

to distinguish. Similar radial patterns are observed in 2a and 2b but their difference from 

3a, and 3b is that there are additional patterns like that scattered all over the network 

created from random MB movement, i.e. the tumour areas are not necessarily different 

from other areas in the network. 

The speed maps of Figure 5.6 have a similar behaviour as the track number maps in terms 

of tumour visibility. Stages 2c-5c have obvious regions of abnormality for the reasons 

mentioned above. At the later stages 4a, 4b, 5a, and 5b the velocities at the tumours rims 

have the highest values that are observable on the maps. However, it is noticeable that for 
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the sub-category (c) of all stages the velocities around the tumours are on the lower range 

of network velocities.  
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Figure 5.3: Average B-mode intensity maps for all angiogenesis stages. The colour scales were 

chosen to best depict the underlying network for all stages. The maps consist of 177 rows× 99 

columns. The pixel size is 0.15 mm(square pxls). The scale bar corresponds to 3.6mm or 24 

pixels. 
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Figure 5.4: MB number maps for all stages. The maps measure the number of MBs 

per pixel. The colour scales were chosen to best depict of the undelying netowrk. The 

maps consist of 531 rows× 297 columns. The pixel size is 0.05mm(square pxls). The 

scale bar corresponds to 3.7 mm or 74 pixels. 
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Figure 5.5: Track number maps for all stages. The maps measure the number of tracks 

per pixel. The colour scales were chosen to best depict the undelying netowrk. The maps 

consist of 531 rows× 297 columns. The pixel size is 0.05mm(square pxls). The scale bar 

corresponds to 3.7 mm or 74 pixels. 
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Figure 5.6: Speed maps for all stages. The maps measure the speed as the displacemnt 

of a detection in pixels per time frame. The colour scales were chosen to best depict  the 

undelying netowrk The maps consist of 531 rows× 297 columns. The pixel size is 0.05 

mm(square pxls). The scale bar corresponds to 3.7mm or 74 pixels. 
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Figure 5.7: Flow  maps for all stages. The maps are a multiplication of the track number 

map with the speed map which is an indicator of the flow measured in arbotrary units. 

The colour scales were chosen in way that is the best depiciton of the undelying netowrk. 

The maps consist of 531 rows× 297 columns. The pixel size is 0.05mm(square pxls). The 

scale bar corresponds to 3.7 mm or 74 pixels. 
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This can be attributed to the fact that the vessels of sub-category (c) are enlarged in an 

artificial, non-gradual way from the surrounding vasculature, which creates this effect. 

This effect was present on the GT maps and is not an particle detection artefact. The 

velocities of the tumours that don’t have necrotic cores are in the middle of the spectrum 

of network velocities but, especially for stage 3 and 2b the density of tracks and the 

uniformity of velocity values in the central area are enough to identify an abnormality. 

The flow maps of Figure 5.7 have the similar characteristics to the track number maps.  
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MB number Maps: 
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Figure 5.8: Comparison of average b-mode intensity map with particle tracking algoritm maps 

for stage 3b: (a) average b-mode intensity, 177 rows× 99 columns, size is 0.15mm(square pxls). 

The scale bar is 3.6mm or 24 pixels, (b) track number map, (c) speed map, (d) flow map. The 

particle tracking algorithm maps are 531 rows× 297 columns, size is 0.05 mm(square pxls). The 

scale bar is 3.6 mm or 72 pixels. 
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The combinatorial analysis of the maps shows that tumours with a necrotic core are easier 

to discern and that large enough tumours like the ones of stage 3 are also easy to discern 

due to the density of tracks in a significantly large area and the uniformity of measured 

values in that area. The increased track density can be attributed to the higher connectivity 

of the tumour areas compared to the normal tissue connectivity. However, these 

characteristics are not enough to make the smallest tumours of stage 1 visible. Tumour 

stage 2a can be considered as a marginal case border between the discernible 

abnormalities and the non-visible ones and the quantification process will focus on 

extracting information from this and the earlier stages and check how these compare to 

the later stages. 

5.3.2 Particle detection algorithm quantification in different stages 

The particle detection parametric maps are quantified using the process described in 

paragraph 5.2.3 Imaging and image analysis.  Data from ROIs of tumours are collected 

and analysed. The tumour ROIs are chosen as the areas that visibly correspond to 

tumours. The particle detection algorithm measured tumour properties across the 5 stages 

are shown in Figure 5.9. The motivation behind creating these graphs is the natural 

tendency to consider cancer evolution linear in time.  

The ROIs that correspond to tumours are shown on the left column and on the right 

column are shown corresponding graphs from same size ROIs of healthy tissue. The x-

axis, which is the tumour stage is an equivalent to the size of ROI that was chosen for 

each measurement. The points on the tumour graphs and the points on the healthy graphs 

that have the same x values were taken for the same size of ROI. For the tumour graphs, 

Figure 5.9a, c, e, g one observation that can be made is that sub-category c provides 

significantly lower values both in measured velocities and flow. This confirms the 

observations made on the maps in section 5.3.1. This difference can be attributed to the 

larger radii of the corresponding tumours.  
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The comparison of sub-categories (a) and (b) in the tumour graphs with the subcategories 

(a) and (b) on the healthy tissue graphs show that the behaviour of the tumours is 

Figure 5.9: Particle detection parameters plotted versus the stage of tumour evolution 
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consistent throughout the stages regardless of the ROI size for which the measurements 

were taken.  On the other hand, the measured behaviour of healthy tissue shows higher 

degree of fluctuation for the different stages/ROI sizes. This is a particle detection 

algorithm confirmation of the constant behaviour of tumour rheological properties 

throughout the stages and whereas the random nature of healthy tissue shows fluctuations 

in the measurements which originate for the different ROI sizes and positions for which 

the measurements were taken.  The graphs of Figure 5.9 show that the rheological 

properties of the neovasculature generated from tumour induced angiogenesis cannot be 

considered linearly in time. It has to be noted that the stages mentioned in this chapter are 

not conventional cancer grading stages but refer to early stage tumour induced 

angiogenesis.  

The ultimate goal of this chapter is to show that particle detection can distinguish healthy 

tissue properties from tumour tissue properties. The current section is a confirmation that 

particle detection truly reflects the network structure as it was described in 5.2.1 across 

the stages.  However, the observation of the tumour behaviours across the stages does not 

reveal a lot of diagnostically useful information.  

5.3.3 Quantitative comparison of particle detection parameter results with ground 

truth measurements 

The plots Figure 5.10-12 provide the particle detection algorithm parameters measured 

average velocity, average flow, and track number within each ROI plotted versus the 

corresponding GT properties   measured from numPTI.  

Figure 5.10 shows the mean velocity as it was measured from particle detection maps vs 

a GT velocity of equal size taken from a corresponding areas on the GT network of 

vessels. Figure 5.10a shows the results from tumour ROIs whereas on Figure 5.10b shows 

ROI results from healthy tissue. In general there is good correlation between particle 

detection measurements and GT especially for the tumour ROIs for which all correlation 
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values are above 0.75. The data were categorised in (a), (b), and (c) because the tumour 

properties like size, connectivity, radii distribution for the individual stages are different. 

The same approach was also followed for the healthy tissue samples to allow direct 

comparisons between the graphs, even though healthy disuse is not categorised in (a), (b) 

and (c) stages. Additionally is has to be noted that the particle detection parametric map 

ROI cannot be exactly matched to the GT ROI because they are measured differently: 

particle detection parametric map ROI is measured in pixels and GT ROI is measure in 

vessels. The transformation from particle detection map pixels to GT vessels could mean 

that some additional vessels are included in the GT ROI estimation. This effect is 

insignificant for large ROIs but for the smallest ROIs it could introduce fluctuations in 

the measurements.  

(b) 

 

(a) 

Figure 5.10: Particle detection algorithm  velocity metrics measured  from ROIs on the maps plotted versus 

the correposnding GT propertie for samples s. (a)mean measured velocity vs mean GT velocity for tumour 

ROIs, (b) mean measured velocity vs mean GT velocity for healthy ROIs, , (c) mean measured velocity vs 

mean GT velocity for all ROIs 
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In Figure 5.10a the correlation values were generally high for all measurement indicating 

that particle detection mean velocity is a good representation of GT mean velocity.  For 

the case of category (c) the correlation is lower but still R>0.75 which can be considered 

as a positive correlation. In Figure 5.10b, the measured velocity of healthy ROIs has a 

similar value with a mean of 0.5 mm/s when the GT velocities of the corresponding ROIs 

are increasing. This reflects a threshold filter in the linking model which dictates that 

displacements higher the aforementioned threshold value should not be taken into account 

because there is increased probability that they are wrong. This introduces an upper limit 

to detected velocities. It also reflects the fact that the linking model is optimised manually 

to detect as many parts of the network as possible and if the majority of the network 

happens to be in a certain range of velocities then ones above that are not considered. Not 

introducing the threshold values would allow the detection of the highest velocityties 

ROIS but would increase the erroneous tracks with their non-reflective of GT flow values 

by 39%. An additional observation that can be made that is relevant to the upper limit of 

velocities is that for the case of vessel that correspond to tumour ROIs, the measured 

velocities are lower than the healthy ones and the positive correlation can be revealed. 

The graphs of Figure 5.10 show measurements without taking into account pixels that 

have a value of zero. This choice was made because in the GT networks, there are several 

vessels that have not been visited by MBs and the GT velocity measurements calculated 

from numPTI are velocity measurements from the vessels that have only been visited by 

MBs. Therefore, comparisons with particle detection are reasonable when the 

measurements taken from particle detection maps do not include pixels that have a value 

of zero, i.e. pixels without any tracks.  

The collective scatter plot of Figure 5.10c shows that the values of velocities of tumour 

samples are not easily differentiated from values of velocities of healthy samples, with 

the exception of tumour category (c) which notable stands out with lower velocities. 

These lowered velocities can be attributed to the artificially enhanced vessel sizes of 

category (c) and were also observe qualitatively at the parametric map of speed in 5.3.1. 
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Figure 5.11 shows the respective plots for the measurement of flow. In this analysis the 

pixels that have a value of zero are again excluded. Similar comments can be made here 

as for Figure 5.11 . The correlation of tumour flow with GT flow is good with values 

higher than 0.75. The correlation of healthy tissue particle detection flow with GT flow 

is R<0.45. This low correlation can be attributed to the fact that the flow map is a product 

of velocities with tracks therefore the behaviour of the velocity discussed in the previous 

paragraph is also carried here. The positive outcome of the flow map for the tumour ROIs 

indicates that an improvement in the linking model that allows both the detection of 

velocities in the lower range and the velocities in the higher range would make also make 

the flow maps usable in these ranges.  

Figure 5.11: Particle detection algoritm  flow  measured  from ROIs on the maps plotted versus 

the correposnding GT flow  for samples s. (a)mean measured flow vs mean GT flow for tumour 

ROIs, (b) mean measured flow vs mean GT flow for healthy ROIs, (c) mean measured flow vs mean 

GT flow for all ROIs 
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Figure 5.12 shows the same type of plots for the measurement of tracks. There is no GT 

measurement that is linked directly to track number, as this is an particle detection derived 

calculation. Instead, the measurement of flow was considered one potential physical 

quantity that could correlate to the number of tracks. However, the correlation coefficients 

are low, R<0.6 for all of the cases showing that there is no correlation between the track 

number and flow. Nevertheless, the comparison of absolute number of tracks for tumour 

ROIs is higher than that of healthy ROIs. This can again be attributed to the linking model 

which is manually customised to detect the smaller vessel of the network. Considering 

the dense neovasculature which is characterised of smaller/younger vessels of the tumour 

ROIs, the number of tracks in this region was measured to be higher.  

Figure 5.12: Particle detection algorithm  track number measured  from ROIs on the maps plotted versus the 

correposnding GT flow  for samples s. (a)mean  tracks vs mean GT flow for tumour ROIs, (b) mean  tracks vs 

mean GT flow for healthy ROIs, (c) mean  tracks vs mean GT flow for all ROIs,  

(a) 
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5.3.4 Injection duration study  

The results of the two previous sections indicate that the particle detection measurements 

are correct reflection of changes in the networks by correlating to GT measurements. In 

the previous results sections the data was limited to low durations that constitute realistic 

periods for clinical examination. Note that a large part of the investigated regions 

provided zero values in the particle detection measurements which correlated with areas 

that were not visited by MBs. In this paragraph the duration of the injection was varied 

to determine whether by using the above analysis, the differentiation between healthy and 

tumour tissue is affected. From the qualitative evaluation of the maps it found that stages 

2b-5c are rather obvious to detect and that the stages 1a-2a are the ones that are more 

challenging. The injection duration study focuses on stage 2a, the border case between 

the stages that are visible by the human eye and the ones that are not.  

Figure 5.13 shows the median values of MB number, velocity, flow, and the percentage 

of non-zero pixels versus the injection duration for measurements of healthy tissue and 

of tumour tissue. Additionally, the presence of pixels that have a zero values is included 

in the distributions that generate the graphs on the left column and excluded from the 

distributions to generate the graphs on the right one. This is because the objective of this 

section is not to correlate particle detection measurements with GT but to compare 

measurements of tumour tissue with healthy tissue. For the comparison with GT, section 

5.3.3, the gaps between the vessels in the GT network had to be accounted in the 

measurements therefore the pixels with zero values were excluded. In this section both 

cases, with and without zeros are investigated. Note, that the inclusion of zero values 

provides distributions that are no longer Gaussian and thus the median is a more 

appropriate measurement for the comparison between healthy and tumour distributions. 

The error bars in the graphs refer to the quartiles of the distributions. 

Figure 5.13a, b show that the healthy tissue has systematically lower MB number values 

compared to tumour. This difference is enhanced with the increase of duration and further  
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Figure 5.13: Particle detection metrics plotted versus injecton duration for healthy and tumour 

ROIs. (a) median MB number for calculations including pixels with zeros, (b) median MB number 

excluding zeros, (c) median velocity including zeros, (d) median velocity excluding zeros, (e) 

median flow including zeros, (f) median flow excluding zeros, (g) percentage of non zero pixels 

for MB maps, (h) percentage of non zero pixels for track number maps. 
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when the zeros are included in the MB number distribution. The higher MB number for 

the tumour ROIs is attributed to their higher vessel connectivity compared to healthy 

regions. This effectively means that the density of vessels in these regions is higher and 

that more MBs are more likely to traverse tumour regions. 

Figure 5.13c, d show that the velocity is higher for healthy tissue and compared to tumour. 

The exclusion of zeros from the calculations provides a less variable difference with the 

duration of the injection. In addition, there is overlap in the velocity distributions 

throughout the different durations as expected, and this is shown by the overlap in the 

error bars. The velocities of the tumours are generally lower than the velocities of the 

healthy tissue again due to the increased connectivity of tumour: the tumour area has 

larger density of vessels and the MBs that are found there are delayed from their path 

across pressure gradient because they need to traverse the dense tumour are, i.e. the 

cumulative length of the path that the GT MBs have to go through is higher for the same 

global pressure gradient. Taking into account the effect of both lower velocities in a ROI 

and increased track densities could be a good indicator of abnormality. Indeed this is 

something that can be observed in the speed maps of stage 3 in figure 6, but is not easy 

to qualitatively observe for stage 2a in the same figure.  

Figure 5.13e, f show a significant larger flow for tumour, when the zero flow 

measurements are included in the distribution, but not when they are excluded. The flow 

is a product velocity with number of tracks, and therefore it will show the combined 

difference of these two measurements that are directly provided by the particle detection 

algorithm.  

Finally, Figure 5.13g and h show the percentage of non-zero pixels in the MB number 

and tack number maps. The percentage increases as duration increases because a larger 

number of vessels is crossed by MBs as the duration is larger. In both MB number and 

track number measurements the percentage of non-zero pixels is systematically higher 
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for the tumour. Additionally, the difference is constant and not affected by injection 

duration. This effect is again attributed to the higher connectivity of the tumours.  

5.3.5 Conventional CEUS processing results 

In this paragraph the method of constant infusion and particle detection algorithm maps 

was compared to the method of bolus injection and TIC parametric mapping. Figure 5.14 

shows the Ip, AUC, and MTT for the same critical stage 2a. This type of mapping is 

shows the flow gradient which is vertical across the field of view, from the bottom of the 

image to the top. The finer details of the network are not visible because in general the 

flow is uniform. The map of Ip is showing strongly this feature best and even though this 

is true for the other maps, the scattered enlarged vessels are barely visible in AUC and 

MTT. Nevertheless, any distinctive flow behaviour within or around the tumour cannot 

be observed or make it easily distinguishable compared to the healthy region. This makes 

it impossible to choose ROIs and quantify behaviours showing that the particle detection 

method is more sensitive to tumour of the size and properties of 2a.  

 

Figure 5.14: TIC parametric maps for stage 2a. (a) peak Intensity, Ip, (b) area under curve,AUC, (c)mean transit 

time, MTT. 

(a) (b) (c) 
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5.4 Discussion 

This chapter aims to study the different stages of tumour induced angiogenesis with 

CEUS and particle tracking. The tumour stages that were generated here were constructed 

with physical properties that model the microcirculation of a poorly vascularised organ. 

The qualitative evaluation of the maps showed that the tumours that have a necrotic core 

are the easiest to identify due to the absence of tracks in the core and the enhanced density 

of tracks in the tumour rim. Additionally, there is a repetitive pattern of increased tumour 

rim velocities that can be observed on the networks that don’t have enlarged vessels 

(category (c)) but just across the pressure gradient direction and not symmetrically around 

the tumour core. For the networks that belong to category (c) the velocities do not show 

this pattern but the difference of the tumour regions is rather obvious due to the vessel 

size. This pattern of necrotic core, i.e. absence of tracks, increased track density around a 

‘gap’ on the track maps, and high speeds in these areas of increased track density are 

essentially the results of tumour induced angiogenesis process [157] and can be used as  

indicators of abnormality.  

The qualitative evaluation of maps also showed that tumours larger than 3mm that do not 

have necrotic cores are also easier to visually distinguish on the maps. The reason that 

makes them stand out is the uniformity of measurements in a certain area which is 

observed in all types of maps. They are characterised by larger areas of consistently dense 

and similar particle detection parameter values. This could be another indicator of 

abnormality although in presence of noise in a realistic case would affect this uniformity 

of measurements.  

Tumours that are smaller than 3mm and relatively not mature, are not noticeable on the 

maps even for the perfect circular tumour symmetry of this study. The stages that cannot 

be visually distinguished are 1a, 1b, 1a, 2b. The quantitative analysis showed that particle 

detection measurements allow the distinction of tumour areas for the critical case of 2a. 
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The processing of the same stage with TIC was significantly worse, not allowing a ROI 

collection and thus not allowing quantitative analysis.     

The quantitative evaluation of section5.3.3 showed that the particle detection 

measurements are a good representation of the equivalent GT measurement: the 

correlation of measured tumour velocities with GT tumour velocities was R>0.75 and the 

correlation of estimated tumour flows with GT tumour flows was R>0.76 for all tumour 

stages. The analysis of corresponding healthy ROI sizes however did not reveal a 

consistently positive correlation with the values of R in the range of R=0.5-0.8 for 

velocities and R=-0.7-0.45 for flows. However, the particle detection estimated velocities 

appeared to have an upper limit in the value of 0.5 mm/s when the GT velocities of the 

corresponding ROIs were increasing. This is attributed to a threshold filter in the linking 

model which filters tracks longer than the aforementioned threshold value as wrong 

tracks. This reflects the fact that the linking model is optimised manually to detect as 

many parts of the network as possible and if the majority of the network happens to be in 

a certain range of velocities then ones above that are not considered. Not introducing the 

threshold values would allow the detection of the highest velocityties ROIS but would 

increase the erroneous tracks with their non-reflective of GT flow values by 39%. The 

same behaviour is noticeable in the flow maps which is a consequence of the fact that the 

flow map is the product of velocity and track numbers. Finally, the numerical comparison 

of track number between tumour ROIs and healthy ROIs revealed a higher number of 

tracks for tumour ROIs. This can again be attributed to the manual customisation of the 

linking model.   

Section 5.3.4 shows that particle detection enables the differentiation of tumour tissue 

from healthy tissue even for tumours that are not detectable qualitatively or with TICs. In 

this section the tumour stage that is studied numerically is the critical stage 2a for which 

the most informative indexes of abnormality were the median MB number, median 

velocities and percentage of non-zero pixels. The median MB number of tumour ROIs 

was 5% higher than that of healthy ROIs and even increased to 20% higher for longer 

injection duration. The median velocities of tumour ROIs were consistently 11% higher 
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for all injection durations. The percentage of non-zero pixels in the MB maps has 

consistently 60% higher for tumour ROIs than the healthy ROIs regardless of injection 

duration. Finally, the percentage of non-zero pixels in the track number maps has 

consistently 40% higher for tumour ROIs than the healthy ROIs regardless of injection 

duration. These consistent results provide a multiparametric method of suspicious ROI 

detection. 

The method adopted a short MB infusion duration, which is clinically relevant. In a flow 

study with prolonged duration it was confirmed that the particle detection measurements 

are robust and not dependent on the duration. This robustness is shown in the consistent 

difference in MB Number, speed, flow and percentage of non-active vessels between 

tumour and healthy tissue. This means that shorter examination times could provide 

equivalent results which could make the process easier to adopt in clinical practice.  

Another piece of information that needs to be considered from the graphs in Figure 5.13is 

that, for a single pair of tumour-healthy data points, the measurement could be within the 

error margins but when all pairs of data points are considered, the distinction of healthy 

tissue from cancerous tissue is obvious. This suggests that a large sample of comparisons 

between healthy and cancer ROIs would aid diagnosis. This could be done with the sub-

sampling of a suspicious ROI into smaller suspicious ROIs in the same image of a certain 

injection duration. For example in the current study the diameter of the tumour of the 

critical stage 2a is 1.5 mm which corresponds to 30 pixels (pixel size is 0.05 mm). This 

creates a suspicious area of 900 pixels which can be divided to sub-regions for numerical 

evaluation.   This larger number of ROIs can be compared with equal-sized healthy ROIs 

of the same or larger number from various locations in the image. This would provide 

enough data points to draw a better conclusion. However, the suspicious area would need 

to be relatively large to be divided in enough samples and it would be also useful that the 

samples have a size larger than a single pixel, to average over random variabilities. All 

these indicate that the smallest of tumour, like the ones of stage 1, could not be analysed 

with such a method.  
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One of the vascular model behaviours that was not in accordance with literature was the 

velocity behaviour of tumour category (c) for all stages. The behaviour that was noticed 

is that the velocities take lower than expected values for rather large vessel. In fact this 

behaviour was noticeable on all networks that have been constructed in an artificial way, 

i.e. without the process of adaptation described in chapter 4. For the network of chapter4 

which follows the adaptation process, the highest velocities are noticed on the largest of 

vessels. In this chapter the process of adaptation was not applied because the focus was 

to study the rheologicaly active effect of the tumour rim when it is unaffected by 

alterations in the flow of the base network. However, this resulted in the velocity 

behaviour of tumour category (c) which is not realistic, it is one of the limitations of the 

model. The abrupt changes in radii that were introduced in category (c) result in abrupt 

change of values in the measure particle detection parameters. The values reflect the true 

variation that can be found in tumours but it would be more realistic to introduce these 

through the processes of adaptation.  A step to address this would be to construct a 

network that incorporates a realistic ‘base’ constructed with the process of adaptation. 

Nevertheless, the other tumour categories (a) and (b) provide realistic results with velocity 

values that were modelled to be in accordance with literature. The conclusions drawn 

from these tumour categories are an answer to motivation behind this investigation.  

In conclusion, the method of particle detection algorithm parametric mapping reveals 

useful information on tumour vascularisation for tumours up to 1.5mm in diameter in a 

vascular structured that is not characterised by a main flow path, i.e. a region that would 

be considered poorly vascularised. The larger tumours with necrotic cores are easier to 

locate on the maps qualitatively using the combination of: gap in the track maps, increased 

track density around the tumour, increased speed at the parts of the tumour periphery that 

have the direction of the pressure gradient. The smaller tumours are characterised by 

consistency in their particle detection parameter measurements and in their comparison 

with healthy samples. In terms of image processing, the particle detection algorithm 

successfully detected areas that have a certain behaviour even with the presence of 

statistical variations in the network, something that could not be done with conventional 

TIC analysis.  
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Chapter 6: Conclusions and future work 

The use of SRU has been shown to provide improved resolutions and a new type of 

diagnostically valuable information. The overarching goal of this project was to evaluate 

the efficiency of SRU for different imaging settings, for different types and stages of 

vascularisation-affecting disease, and to compare the efficiency of SRU with 

conventional quantification methods like TICs. The use of mathematical biology models 

of healthy tissue vascularisation and vascularisation in the presence of disease provided 

realistic phantoms with highly controlled flow properties and allowed the correlation of 

SRU imaging properties to GT structural and rheological properties. Furthermore, the 

highly controlled and realistic phantoms allowed the comparison of performance of 

conventional approaches with the performance of SRU, showcased the critical cases 

where the use of SRU has the greatest impact, but also revealed some of the SRU 

limitations. This chapter presents a summary of the conclusions and makes suggestions 

for future directions of this work.  

6.1 Summary of main achievements  

The study of adaptive beamforming when used with SRU revealed the benefits of this 

combination on lateral resolution, which is one of the main issues of CEUS and US in 

general. This study showed that the use of adaptive BFs provides improved MB 

localisations for the critical separations between 100μm and 1000μm. For lateral distances 

higher than that, the use of adaptive BF does not provide any additional benefits in the 

process of MB localisations because the MBs are already well separated without 

significant overlap of PSFs. For lateral distances lower than 100μm the use of adaptive 

BF does not provide additional benefits because the PSF overlap is so high that there is 

systematically only one detection for paired events. 

The quality of localisations is directly affecting the process of vessel profiling during 

which the presence of a vessel is determined with some uncertainty. The profiles can be 

used to estimate vessel separations and individual vessel sizes. The most significant 
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observation was that the use of adaptive BF reduced the uncertainty of estimated vessel 

separations for the smallest separation: for a nominal separation of 100μm, the average 

error of the estimated was 30.84μm for DAS and 19.3μm for MV. This shows that the use 

of adaptive BF is valuable for vessel profiling even for the smallest separations for which 

the individual LU of each MB was found comparable for DAS and MV. The effect can 

be attributed to the smaller percentage of detected MBs for this separation: paired events 

with high PSF overlap only had one detection.  This shows that an increased percentage 

of missed events for the critically small separations, could have a beneficial de-noising 

effect on vessel profiling.  

The application of vessel profiling on images generated in-vitro included many additional 

degrees of complexity like multiple streamlines, turbulent flow and noise but the results 

were in agreement with the observations on in silico data. The use of adaptive BF reduces 

the uncertainty of the individual profile. Furthermore, the optimal method of vessel width 

estimation was investigated and the use of 6σ approach yielded notably good width 

estimations for both adaptive BFs under study.  

Chapter 4 shows that CEUS can be used to study the flow in the microcirculation in a 

large-scale model of organ vascularisation. The method used suggests that a localised 

flow anomaly (obstruction) can have a greater impact on the large-scale network which 

is detectable by CEUS. It was shown that different obstructions have a different degree 

of impact on the total network. However, the most significant observation was that the 

measured degree of impact on the total network and in the local neighbourhood of the 

obstruction was the same as it was measured in the GT network. This is a useful result as 

it indicates that it is the conventional method of TIC processing, which was used both on 

CEUS and on GT, which introduces the limitations in the measurements.  

The positive results of chapter4 showed that CEUS can be used to quantify the flow of 

microcirculation and lead to chapter 5 which studies specifically the flow changes in the 

microcirculation due to the presence of tumours.  The SRU parametric maps were useful 
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for the qualitative detection of larger tumours or tumours with necrotic cores. However, 

the quantitative evaluation of the cases that are not easy to detect qualitatively, revealed 

the type of information that can be used to measure differences between healthy and 

cancerous tissue. The use of median MB number, median velocity, median flow, 

percentage of non-zero pixels for MB number maps, and percentage of non-zero pixels 

in track number maps were the metrics that provided systematic separation between 

healthy and tumour tissue samples. The cancer study presented in chapter 5 and 

particularly section 5.3.4, showed that the use of these metrics allowed the confident 

identification of abnormality even for a tumour of 1.5mm with characteristics that make 

it un-identifiable qualitatively in the maps. It is notable how the application of the 

conventional TIC method was unsuccessful for the same tumour properties.  

6.2 Limitations and future work  

The work presented in this thesis showed that SRU can be used for vascular information 

recovery and identification of tumour-related abnormalities in the microcirculation but 

the methods that were followed have their limitations which indicate the further work that 

needs to be carried in the field.  

Regarding the vascular information recovery, which refers to vessel size estimation and 

vessel separation estimation, the method was thoroughly tested for various imaging 

parameters and the performance was confirmed in in vitro data for the simple cases of 

linear vessel pairs in silico and linear tube in vitro. The introduction of error in case was 

only due to localisations of high LU caused by lateral interactions of PSFs. However, it 

is expected that error would be higher in more complicated networks where the vessels 

are not linear but have different shape or in areas where the networks bifurcate and for 

different angles of bifurcation. A suggestion for future work would be study of more 

complicated network topologies which would end with the profiling of networks similar 

to those built in chapters 4 and 5. The use of the profiling method in such networks would 

provide a metric of how many vessels are being recovered and the accuracy of organ 
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vascularisation recovery. A thorough study like this would also address another limitation 

of the profiling method: the fact that the regions of a vessels are chosen by the user. The 

evaluation of various network topologies will aid the standardisation of the process.  

The use of particle detection algorithm was shown to have significant benefits over 

conventional TIC analysis on flow quantification of the microcirculation, for rather large 

networks that are organ models. The smallest tumour size in this study for which the 

method showed clear separation between healthy and tumour tissue samples was that of 

1.5 mm. It is expected that the introduction of additional degrees of complexity would 

make this separation between healthy and tumour samples not as clear. The two 

parameters that are expected to affect the efficiency of these markers are noise and the 

presence of signals in the third dimension (the networks examined here are 2d networks). 

However, what the study of chapter 5 showed is that the samples of tumour tissue are 

characterised by consistency in their measurements whereas the healthy tissue samples 

show variability. This information can be use as prior knowledge to train AI algorithms 

to detect disease. The algorithms trained with synthetic data, could later on be used on 

patient studies.  
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Appendix A 

Examples of bad quality lognormal fit of the TIC data. The list of non-meaningful values 

of Rsqu are: 

1) Rsqu= -inf 

2) Rsqu<0 

3) Rsqu =NaN (Not A Number) 

4) Rsqu=1. This value was considered unreasonable because it represents the perfect 

fit. 
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Examples of good quality lognormal fit of the TIC data. The data are from a total network 

analysis after the sequential removal of each block 1-16:  
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