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Abstract

Perfusion-weighted imaging (PWI) is a noninvasive Magnetic Resonance (MR)/Computed
Tomography (CT) technigue that assesses various hemodynamic parameters to examine
blood ow in brain regions. These parameters are used in stroke patients to locate the
penumbra or the tissue at risk, which can be salvaged with reperfusion therapies. Certain
artefacts are associated with the imaging pipeline and segmentation methods used in scanner
softwares to estimate perfusion parameters. The focus of this thesis is the development of
an image analysis pipeline for perfusion parameter estimation and segmentation models. We
concentrate on di cult problems such as arterial region segmentation on perfusion weighted
images and tumor segmentation on images with low contrast, in-homogeneous intensity, and
non-smooth edges.

We begin with developing a arterial region segmentation model in the variational frame-
work. We propose a new model in which geometric constraints are incorporated into a
distance function. The modi ed model employs discrete total variation in the distance term
and locates arterial regions by minimizing the energy of a convex functional, outperform-
ing previous selective segmentation works that typically employ either a cost function or
a clustering-based approach. This enhancement enables our model to e ectively select an
arterial region that performs well in identifying tissue at risk. Another work investigates
whether tting a hemodynamic model to the Arterial input function (AIF) obtained from
arterial segmentation and minimizing the partial volume e ect during AIF selection improves
volumetric estimation of core and penumbra in stroke patients.

In the second half of this thesis, we propose an e cient framework for selective segmen-
tation using a new region force term and a geodesic distance penalty based on a discrete
TV formulation. The proposed model is user-independent and allows for precise segmenta-
tion in tumor images and medical images with non-homogeneous, non-smooth, and scraggy
boundary edges. A chapter is dedicated to integrate the variational segmentation method
with deep learning. Despite being extremely popular recently, deep learning techniques are
frequently constrained by the need for sizable sets of labelled data. We demonstrate how la-
bels can be supplemented by using a variational method as a loss function in a unsupervised
training algorithm for brain tumour segmentation.
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Chapter 1

Introduction

1.1 Project Outline

This thesis describes the research ndings of a four-year Dual PhD degree programme be-
tween National Tsing Hua University (NTHU), Taiwan and University of Liverpool (UoL),
United Kingdom. Under the joint supervision of Prof. Fan-Pei Gloria Yang (NTHU) and
Prof. Ke Chen (UoL), research was carried out for two years at the Center of Cognition
Sciences, NTHU, and two years at the University of Liverpool in alternate years.

Conventional Computed Tomography (CT) and Magnetic Resonance (MR) imaging are
not su ciently sensitive to evaluate acute stroke [2]. Perfusion-weighted imaging (PWI) is
a noninvasive MR/CT technique that infers how blood traverses the brain's vasculature by
assessing various hemodynamic parameters such as cerebral blood volume, cerebral blood
ow, mean transit time, and time to peak [3]. In stroke patients, these parameters are used
to locate the penumbra and core [4, 5, 2, 3, 6]. Penumbra refers to brain regions that are
on the verge of infarction but are still salvageable if reperfused [7, 3, 8]. The infarct core
is the tissue that has already infarcted or will infarct regardless of reperfusion [8]. Risk of
errors in core and penumbra volume estimations leads to misleading conclusions. Part of
the risk stems from using established and more standard software, which employs simple
mathematical models that are incapable of delivering the required accuracy and sensitivity

[2].

The main aim of this project was to exploit novel variational approaches to create an
image analysis pipeline for perfusion weighted imaging to increase our understanding of core
and penumbra evaluation. This may aid in predicting clinical response to early reperfusion.
Alongside, we purposed new segmentation models that could detect tumour boundaries in
brain images when the boundary edges were non-homogeneous, non-smooth, and scraggy.
Furthermore, although not initially part of the project, in the nal section of the thesis we
train a deep learning network to perform segmentation tasks on tumour images.

13



14 1.2. Perfusion Weighted Imaging

The main objectives / tasks were:

1. Familiarization with state of art techniques and software tools used in stroke imaging.
This included both mathematical literature for image processing as well as patient
data from acquisition in clinics. This was done in year one at NTHU, as discussed in
chapters 1, 2, and 3.

2. Advanced segmentation model development for arterial segmentation on perfusion-
weighted images. This was completed during year two at UoL and is discussed in
chapter four.

3. Current perfusion theory algorithms were improved in order to calculate the core and
penumbra in stroke patients. Proposed image analysis pipeline was validated for ac-
curate patient data. This was completed in third year at NTHU and is discussed in
chapter 5.

4. Advanced segmentation model development for multimodal images. This was done at
UoL and is covered in detail in chapter 6 and chapter 7.

1.2 Perfusion Weighted Imaging

This section is based on authors published paper [9]. In the following section basic principles
associated with Perfusion weighted imaging (PWI) are introduced. A brain perfusion image
is an indicator of brain functioning as these images can be modelled to estimate the amount
of blood taken up in di erent brain regions [2, 10, 8]. Perfusion data sets are used in the
diagnosis of two types of stroke: ischemic (lack of blood ow) and hemorrhagic (bleeding
in brain vessels) [8]. For general treatment and triaging decisions, Computed Tomography
Perfusion (CTP) or Magnetic Resonance Perfusion images (MRP) are usually used as diag-
nostic tools [11].

The passage of blood to the capillary bed in brain tissue is referred to as cerebral perfu-
sion. Perfusion MRI is a type of MRI sequence that assesses cerebral hemodynamic parame-
ters (Figure 1.1) such as Cerebral Blood Flow (CBF), Mean Transit Time (MTT), Cerebral
Blood Volume (CBV), T-MAX, and Time To Peak (TTP) [2]. Cerebral Blood Flow (CBF)
is the rate of capillary blood ow in brain tissues. Cerebral Blood Volume (CBV) is the
amount of blood in a given amount of brain tissue. Mean Transit Time (MTT) is the
amount of time a given volume of blood spends in the cerebral vessel. T-MAX is the time
interval at which the residue function attains its maximum or when the contrast shows its
highest e ect. T-MAX is calculated in terms of seconds. TTP is time interval (seconds)
where a rst highest peak is attained by concentration curves. To create perfusion maps of
di erent hemodynamic parameters like CBF, CBV, and MTT, signal loss in cerebral vessels

14



15 1.2. Perfusion Weighted Imaging

Figure 1.1: Perfusion Images: Input MRI PWI image, corresponding perfusion parameter
maps of Cerebral Blood Volume (CBV), Cerebral Blood Flow (CBF) and T-MAX (Left to
Right). Tmax> 6 is the region known as tissue at risk (Right).

is measured from PWI-MRI scans after the injection of a bolus of an MR paramagnetic con-
trast agent or tracer [5, 8]. These perfusion parameter maps or images are the nal output
that clinicals need to decide if the patients require reperfusion therapies. Accurate visual
description of CBF, MTT, and CBYV is crucial when evaluating tissue with restricted blood
ow that may still be salvageable with proper treatment and reperfusion therapies [4].

A useful paradigm to select stroke patients for reperfusion therapies involves assessment
of irreversibly damaged infarct core and the extent of hypoperfused tissue at risk or penum-
bra from CTP or MRP brain images. Accurate ischemic core and penumbra volumes are
strong predictors of patient triage, as 87.0 % of patients have a favourable clinical outcome
after endovascular thrombectomy (EVT) [12, 13]. Cerebral reperfusion following an accurate
estimation of the core and penumbra results in the rescue of endangered brain tissues, with
a signi cant correlation to the patients' clinical improvement. Tmax > 6 seconds (Figure
1.1) for penumbra and relative CBF 30 % (a.u) for core are the commonly used thresholds
to determine the optimal core and penumbra volumes [8, 6].

Next, we illustrate how the perfusion parameters are derieved from the perfusion images.
Visually this is represented as a owchart in Figure 1.2. In the perfusion model PWI scans
are the initial input data. The image intensity function S(t) in these images represents
the signal loss information recorded during the administration of contrast agent injections
to stroke patients [8, 5]. The following relationship is used to convert MR signal intensity
functions S(t) to concentration functions C(t) [5]-

_k|n(&
TE So

Here, TE is time to echo of the scannerS, is the baseline signal detected from initial
scans,S(t) is the signal time function andk is a proportionality constant. The baseline
signal is less than the signab(t) and to prevent negative concentrations k can be chosen as
a negative constant. To estimate perfusion parameters, prior information in form of Arterial
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16 1.2. Perfusion Weighted Imaging

Figure 1.2: Flowchart of perfusion parameter estimations. EPI refers to Echo planar imaging.

Input function (AIF) from arterial region is essential [8]. The Arterial Input Function (AIF)

is the time-dependent concentration of contrast agent supplied by the artery to the brain
vessels [5, 8, 4, 2]. As AlF, a single or multiple pixels on the brain axial images can be chosen.
The ideal AIF pixels should be in the region of large vessel, with early bolus arrival or early
time-to-peak and also time dependent concentration curve of these AIF pixels should have
maximum peak concentration with a large area [3]. The Tracer-kinetic perfusion theory sug-
gests that tracer concentrationgC(t) in all brain regions are determined by the convolution

of residue functionR(t) and the arterial input function C, [5]. OnceR(t) is evaluated after
deconvolving the equation 1.2, then the perfusion parameters are evaluated by the following
relations.

C(t) = Ca(t) R(1) (1.2)
CBF = 100:60[max(R(t))] (1.3)
R
. Cy(t)dt
CBV = 1oo.Rm (1.4)
_ 60CBV
MTT = = o (1.5)
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17 1.3. Image Processing and Image Segmentation

Figure 1.3: An example demonstrating a typical segmentation. Here, the image has been
partitioned into segments. The right hand gure shows the segments, with the boundary
separating the segments highlighted in Red.

The AIF concentration curve is the central quantity for calculating the perfusion param-
eters required by the clinicians. This implies that selection of AIF will a ect the nal output
results which the clinical need in the form of brain images representing blood ow or volume
in stroke patients. If an AIF with lower peak concentration and with delayed time to peak is
used then the nal results for perfusion parameters i.e blood ow or blood volume may not
be accurate, sharp and speci c [3]. This may lead to misleading decisions for the therapies
or treatments to be administered to stroke patients. The clinicals are more concerned about
the nal output brain images representing blood ow or blood volume.

1.3 Image Processing and Image Segmentation

A digital image is a two-dimensional (2-D) data matrixZ (x;y), with each element (X,y)
representing a pixel [14, 15]. Each pixel or image element is associated with a nite, dis-
crete numeric representation known as pixel intensity. Binary, gray-scale, or RGB (Red-
Blue-Green) images are examples of digital images. Binary images stored as single bits are
frequently referred to as bi-level or two-level, as each pixel has an intensity value of 1 or
0, representing black and white colour, respectively [14]. Each pixel in a gray-scale image
represents intensity information, with intensity ranging from black (0) at the lowest inten-
sity to white at the highest (255). Each pixel in a coloured image represents the intensity
produced by combining three channels or colours, namely red, green, and blue [16]. In this
thesis, we mainly work with gray-scale brain Magnetic Resonance (MR) and Computerised
Tomography (CT) brain images.

Image processing is the digital manipulation of images using advanced algorithms to ex-

tract useful information from 2-D matrix image data. Its applications range from medicine
to remote sensing, passing through geological processing and entertainment [14]. Image pro-
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18 1.3. Image Processing and Image Segmentation

Figure 1.4: Example of Tumour Segmentation

cessing is further classi ed based on the type of information to be extracted from the input
image. Detecting objects that are not visible in an image is part of image visualisation [16].
Image segmentation is the process of separating or segmenting a single or multiple objects
in an image [17]. Image sharpening and restoration are processes that are used to create a
clear, noise-free image from an original image [18, 19]. Pattern recognition involves deter-
mining various patterns surrounding the image's multiple objects [16]. Image registration
involves transforming various scenes or slices of an image data into one coordinate system
[18]. This thesis focuses on Image Segmentation and Image Processing applications to Per-
fusion weighted imaging (PWI), a noninvasive technique used to predict brain regions with
decreased perfusion or blood ow in stroke patients.

In practise, it is possible that the viewer is not interested in all parts of the image, but
only needs to visualise a specic region based on common characteristics. For example,
a clinical might want to extract the tumour-containing region from a brain axial CT/MR
image (Figure 1.4). Image segmentation is the process of dividing an input image into a
number of di erent regions with similar pixel characteristics in order to identify objects or
boundaries [20, 21, 22, 18]. The input in image segmentation is an image, and the output
is a clear visualisation or image of one or more objects separated from the original input
image (Figure 1.3). Image tumour segmentation is an important medical task [16]. Tumour
segmentation facilitates in diagnosis, surgical planning, and also allows for the analysis of
tumour shape and size prior to surgery, as well as comparison of tumour volume at various
stages of treatment [15, 23].

The complexity of Brain CT/MR and PWI images, as well as the irregular shapes of the
organs to be segmented, in-homogeneous intensities at tumour boundaries, noise levels, and
variable contrasts at tumour edges, make segmentation a di cult task [14, 16]. No single
image segmentation algorithm in the literature performs adequately for all types of images
with variable noise levels. Furthermore, image segmentation performance varies from image
to image. According to recent research, variational techniques are promising models for
solving segmentation problems [22, 23, 24]. Finding the variational model solution involves
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19 1.4. Chapters of Thesis

minimising nonlinear functionals. The minimiser, represented by a contour, locates the ob-
ject's boundaries, separating it from other objects in the image [15].

The aims of the project include using state of the art variational segmentation models
and developing new segmentation models for arterial region and tumour segmentation on
brain images. The initial problem we consider here in chapter 4 is regarding application of
variational segmentation model for the selection of arterial region or Arterial Input Function
(AIF) to detect brain regions with reduced blood ow. Furthermore in chapter 5, we inves-
tigated whether using a deep learning approach for Arterial Input Function (AIF) selection
improves the volumetric/visual estimation of penumbra and core regions. Along with opti-
mal AlF, we studied the substantial in uence of the Partial Volume E ect (PVE) induced
by the MR scanner on PWI images in chapter 5. We investigated potential approaches for
reducing volume averaging artefacts in order to achieve adequate results for identifying brain
regions with reduced perfusion in stroke patients.

In chapter 6, we present novel selective segmentation methods for multi-modal image seg-
mentation that are independent of user input. By using a region force term and a geodesic
distance penalty based on a discrete TV formulation, we proposed an e cient framework
for selective segmentation. We used empirical and quantitative evaluations on multi-modal
(MRI, CT) images to compare the performance of our model to that of other state-of-the-art
models. Following that, in chapter 7 we will discuss a deep learning architecture for unsu-
pervised learning that uses information from the proposed variational segmentation model
to detect tumours and lesions with high visual variance, shape di erence, and ambiguous
boundaries.

1.4 Chapters of Thesis

The chapters of thesis are organised as -
Chapter 2

This chapter introduces some basic mathematical tools that will be used throughout
the thesis. We will brie y introduce useful preliminary de nitions, theorems, and examples
from normed linear spaces, calculus of variations, bounded space of variations, regularisation
for image processing, and level set methods. A discussion of the notion of convexity, dis-
cretisation of partial di erential equations (PDE) on regular domains using nite di erence
methods, as well as an overview of numerical methods such as additive operator splitting
will be addressed.

Chapter 3
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20 1.4. Chapters of Thesis

This chapter provides an overview of the literature's relevant segmentation models. We
present global variational segmentation models rst, followed by selective segmentation mod-
els. To segment the input image, these segmentation models employ variational methods
based on calculus of variation. Each segmentation model includes an energy functional, and
the goal is to nd the functional's minimizer. The minimizer takes the form of a partial
di erential equation, and the solution corresponds to the image's segmented region. The
notions and ideas presented in this chapter will be used in chapter 4 and chapter 6.

Chapter 4

This chapter is based on published paper [3]. The Arterial Input Function (AIF) is re-
quired as an input for core and penumbra estimation in stroke patients. As a result, the AlIF
segmentation paradigm has clinical signi cance. In this chapter, we propose a new technique
for addressing the problem of AIF selection, which is based on a variational segmentation
model that incorporates geometric constraints into a distance function. The modi ed model
utilizes discrete total variation in the distance term and locates the arterial regions by min-
imising energy of a convex functional. The proposed model was compared to state of the art
methods. The proposed segmentation model predicted AlIF curves with a higher amplitude
and earlier time to peak, as well as good performance in identifying the tissue at risk.

Chapter 5

This chapter is based on two papers, one that have been accepted in a conference proceed-
ings and the other is published [6]. In the rst part of this chapter, we looked into potential
approaches for minimising the partial volume e ect during AlF selection. The spatial reso-
lution used in perfusion MRI and the average size of major arteries make a degree of partial
volume unavoidable during AIF measurement. The proposed scaling method yields more
reasonable absolute perfusion parameter values, as evidenced by higher mean CBF/Tmax
values and CBF/Tmax images. This ensured that both the core and the infract region were
not overlooked.

In second section, we investigate whether tting a hemodynamic model to the AIF im-
proves the volumetric estimation of core and penumbra in stroke patients in relation to
clinical measures. With Institutional Review Board approval, the study included 160 acute
stroke patients (male = 87, female = 73, median age = 73 years). CTP imaging, NIHSS, and
ASPECTS grading had been performed on the patients. CNN AIF was created by training
a Convolutional Neural Network (CNN) model to t a raw AIF curve to a Gamma variate
function. The core and penumbra volumes were estimated using CNN AlIF.

Chapter 6

This chapter is based on the author's paper that has been submitted. In this chapter, we
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21 1.4. Chapters of Thesis

propose an e cient framework for selective segmentation using a new region force term and
a geodesic distance penalty based on a discrete TV formulation. The proposed segmentation
model is robust and competitive with the current state-of-the-art, according to empirical
evaluations. We compared the performance of our model to other segmentation methods by
evaluating segmentation scores of multi-modal (MRI, CT) segmented images. In compari-
son to previous segmentation models, the proposed model is user-independent and allows for
precise segmentation of objects in medical images with non-homogeneous, non-smooth, and
scraggy boundary edges.

Chapter 7

In this chapter, we combine variational and deep learning approaches for segmentation.
We demonstrate how a variational segmentation solution can be implemented as a loss func-
tion for a neural network. This allows unlabeled data to be integrated into the training set
without the need for intensive ground truth labels. In this chapter, we combine the selective
geodesic variational model with new region force from chapter 6 with a deep learning method
to aid in the segmentation of challenging images.

Finally, In this last section, we propose possible future research directions derived from
the work presented in the thesis.
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Chapter 2

Mathematical Preliminaries

This chapter covers some fundamental mathematical theories, de nitions, examples, and the-
orems that will help readers understand the mathematical concepts underlying the segmen-
tation models in chapters 3, 4, and 6. This chapter's content is typically drawn from linear
algebra or advanced calculus literature. Following basic de nitions, this chapter includes a
useful discussion of inverse problems, regularization methods, discretization of partial di er-
ential equations (PDEs) on regular domains, and methods for solving nonlinear systems of
equations.

2.1 Linear Vector Spaces

De nition 2.1.1 (Field). F is a eld with two operations addition(+) and multiplication
(:) which satisfy the following axioms -

1. If x;y2 F thenx+y2F.

2. Ifx+y=y+xforall x;y 2 F

3. x+(y+2z)=(x+y)+ zforall x;y;z2 F

Foe everyx 2 F there exists x 2 F such thatx +( x)=0.
If x;y 2 F thenx y2F.

If x;y = y:x forall x;y 2 F.

x:(y:z) =(xy):zforall x;y;z2 F.

There exists two elementd); 12 F such thatforx 2 F, x+0= xandx 1= x.

© © N o 0 b

For everyx 6 0 2 F there exists an element ' 2 F such thatx x 1=1.
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23 2.1. Linear Vector Spaces

Example 2.1.1 (Field Examples) The set of complex number€ , the set of real numbers
R, set of rational numbersQ, rational functions elds, algebraic function elds, algebraic
number elds are some examples of elds.

De nition 2.1.2  (Linear Vector Space) Let F be a eld andV be a non-empty set with
two de ned operations of addition and scalar multiplication. Fow;v 2 V sum is represented
asu+v, andif 2F, the multiplication of u by is given byu . V is a linear vector space
if the following properties hold for any arbitraryu;v;w 2 V and for all scalars elements
o 2F.

u+v2YV (closure)
u+ v = v+ u (commutativity)

(u+ v)+ w=u+(v+ w) (associativity of addition)

I

There exists an elemenD 2 V such thatu+0 = 0+ u = u (existence of identity
element)

o

For all u 2 V there exists an element u 2 V such thatu+ ( u) =0 (existence of
inverse under addition)

u 2 V (closure on scalar multiplication)
(u+ v)= u + v (distributivity)

( + )u= u + u (distributivity)

© © N o

(u)=( )u (associativity under scalar multiplication)

10. There exists an elemeni 2 V such thatu 1 = u (existence of identity of scalar
multiplication)

Example 2.1.2 (Linear Vector Space Examples)

A

F™ the set ofmn matrices with entries in FieldF, set of polynomials with coe cients
in Field F, R" and C" for all n 2 N are examples of linear vector space.

De nition 2.1.3  (Norm). Let V be a vector space over a eld. A real valued function
N:V! Risanormifallu;v2V follow :

1. N(w=0 ifu=0.
2. N(uy>0forallue02V.
3. N(u)=j jN(u) for all scalars

4. N(u+v) N(u)+ N(v).
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24 2.1. Linear Vector Spaces

De nition 2.1.4  (Semi-norm). A semi-norm is de ned similarly as a norm, with the dif-
ference that the above properties 1-2 are replaced with-

N(u) O, forallu?2V:

The norm of a vectoru is usually represented byjujj.

Example 2.1.3 (Examples of norms)

" Euclidean norm of a vector, wherex 2 RY, de ned as an example of norm that gives
the ordinary distance fromx to the origin.

q

L s 2. .
jixij= X2+ x3+ i+ X3

~ Another norm is In nity norm, de ned as:

" Another widely used norm is -norm. x 2 RY, p 1, then the,-norm of x is de ned
as:

I 1
xd b
ixip= il
i=1
R
" If for a continuous functionf on we have jf (x)j°Pdx < 1 , then theLP norm is
given by:
Z .

if X)jjLe = if ()jPdx ©:
If p= 1, then the norm takes the form:
if )jjr = Slipjf (X)j:

~ Total Variation norm.
For u 2 R; Total Variation (TV) norm of uis :

Z
TV(u)=  jr ujd
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25 2.1. Linear Vector Spaces

De nition 2.1.5 (Normed Linear Space) A vector spaceV with a norm is called a normed
linear space.

De nition 2.1.6  (Cauchy Sequence and Completenesd)et fvigl, be a sequence in a
normed linear spaceV. fv,gL, is Cauchy sequence if for every> 0, there exists anN 2 N
such that:

ivi viii<; for all i;j > N:
if Cauchy sequencévigt, V converges to an element2 V (i.e. limy; v = v), then
V is complete space.

De nition 2.1.7 (Banach Space) A complete normed linear spac® is a Banach space.

De nition 2.1.8 (Open set) For a normed spaceV a subsetS V is said to be open if
for each pointu 2 S there exists > 0 such thatju vj< forallv2S.

De nition 2.1.9 (Complement of a set and Closed set)The complement of set A inV is
set of all pointsx 2 V which does not belong td. A subsetA 2 V is closed if its complement
is open.

De nition 2.1.10  (Lipschitz Condition). if for any point x;y 2 S R for someM 2 R
the real functionf : S! R satises

jfx) fy)i Mjx vyj

then f is said to satisfy the Lipschitz condition in S andl is known as Lipschitz function. R
is set of set of real numbers.

De nition 2.1.11  (Inner Product). V is a vector space de ned over a scalar eldF. A
function h; i :V  V I'F is known as an inner product orV if all arbitrary u;v;w 2 V
abide the following properties :

1. hujui O

2. hu;ui =0 if and only if u=0.
3. hu+ v;wi = hu;wi + hv;wi.

4. hu;vi = huyvi, forall 2F.
5. hu;vi = hv; ui.

Example 2.1.4 (Examples of Inner Products)

" for x;y 2 RY, the Euclidean inner product onRY is :
h;yi = Xay1 + 111+ XaYd:
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26 2.1. Linear Vector Spaces

Figure 2.1. Convex set and non convex set

" C[a; is the vector space of continuous real-valued functions de ned on the interval
[a;g . With g;h2 CJa; 1, inner product on C[a; j is de ned as:

YA b
hg; hi = g(x)h(x) dx:

a

De nition 2.1.12  (Hilbert Space). If every Cauchy sequence in a vector spadewith inner
product hu; vi converges to an element of, then V is said to be a Hilbert space. A Hilbert
space is always a Banach space, but the inverse is not necessarily true.

De nition 2.1.13 (Convex sets) A setU in a vector spaceV is de ned to be convex if, for
all u;v2 U and all 2 [0; 1], the point w de ned by:

w=(1 Ju+ v

is in U. This means that every point on the line segment connectingand v should lie in
U. We can see visually in gure 2.1 that the line segment joining two points in a convex set
lies in the set.

De nition 2.1.14  (Convex function). A function f : U! R de ned on a convex setJ is
a convex function if

flu+@  )v) FU+@ (V)
forallu;v2 Uand 2 [0;1]. f is strictly convex if this inequality is always strict foru 6 v.

Example 2.1.5 (Examples of convex functions orR and R").
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27 2.2. Inverse Problems

" The function f (x) = x2 de ned on the domainR, exponential functionf (x) = e* for
a2 Randa> 0ora< 0, dened onR are strictly convex.

P 1
" Another example for convex function are the normxjj, = L xijP P forp 1,
jixjj1 = maxg(jXgj).

De nition 2.1.15 (Dual Space) let V be a normed linear space de ned over a scalar eld
F, equipped with a normjj jj. Then the dual spacev%f V, is the set of linear functions
f :VIF . Dual normjj jj° on dual spaceVv?®is:

jif = supfj f (u)j : u2 Vijjujj = 1g:

De nition 2.1.16  (Re exive Space) Let V be a normed linear spacey ° be its dual space,
and V%be its bidual or dual of dual space. If the map,:V ! V%de ned as

h(f) = f(u);

for f 2 V&u2 V, is an onto map then the dual spacé?®is said to be Re exive space.

2.2 Inverse Problems

An inverse problem in science is the process of calculating from a set of observations the
causal factors that produced them. Inverse problems are widely used in a variety of elds,
and are of key importance in the eld of imaging problems.

Inverse problems are either well-posed or ill-posed. Hadamard [25] de ned the following
criteria for a well-posed problem-

1. a solution exists;
2. solution should be unique;
3. solution's behaviour changes continuously with the initial conditions.

A solution can usually be calculated using a stable algorithm for well-posed problems.
An inverse problem is said to be ill-posed if any of the three conditions listed above is not
met. The third property is the most frequently violated by an ill-posed problem; imaging
inverse problems frequently disregard the uniqueness property.

In this thesis, we will be concerned with discretizations of linear inverse problems of the
form:

Ax=Db
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28 2.2. Inverse Problems

where the vectorb represents measured data (typically with noise) and the matri repre-
sents the forward mapping. GiverA and b, the aim is to compute an approximation of the
unknown vectorx. We are mainly interested in the problem which is ill-posed in the sense
that the singular values ofA gradually decay and cluster at zero. In chapter 1 section?,
we have the matrix systemC,R(t) = C(t), so x is matrix R(t), whereas A isC, and b is
C(t). When the matrix is ill conditioned, i.e. has a high condition number, the computed
solution is extremely sensitive to errors/noise in b. Regularization of the solution is thus
required to produce stable solutions.

2.2.1 Regularisation

Regularisation is achieved via solving a penalised least squares problem of the form-
arg min ,jjAx iz + Zjjxji3

where the penalty termjjxjj3 is chosen to re ect the specic type of regularization that is
suited for the problem. We obtain the classical Tikhonov regularization problem as [26].

A di erent way to achieve regularization is to apply an iterative method directly on the
t-to-data term and terminate the iterations when semi-convergence is achieved,; that is, ter-
minate when a desired approximation is obtained, but before noise starts to show up in the
solution. Using an iterative method in this way is often referred to as iterative regularization.

Singular value decomposition (SVD) [27] is another way of regularising the solution sys-
tem for a matrix systemAx = b. SVD decomposes A as -

X X
A=U V™= Ui iV (2.1)

i=1

P . o .
Here,u; andv; are columns of U and V and is a matrix with diagonal elements as singular
values i; »::: ,. For the matrix system the solutionx is computed as-

X
X =A b= “'—_bvi (2.2)

i=1 !

The extremely large errors in the naive solution come from the noisy SVD components asso-
ciated with the smaller singular values. The truncated SVD (TSVD) solution is obtained by
retaining the rst k components of the naive solution. The truncation parametek ensures
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29 2.3. Calculus of Variations

all the noise-dominated SVD coe cients are discarded.

X< T
X=Al= 4B, (2.3)

2.3 Calculus of Variations

In this section we discuss some well known Theorems and de nitions from the literature of
calculus of variations.

De nition 2.3.1  (Total Variation (TV)) . Let be a bounded open subsetBf. The total

variation of a functionu: ! R is de ned by
z

TV(u) = jr u(x)jdx; (2.4)
for x 2

Total Variation is a widely used regulariser for many image processing problems [28]. In
chapter 3, 4, and 6 we will discuss Total variation as a useful regulariser for image segmen-
tation problems.

De nition 2.3.2  (Bounded Variation). Let be a bounded open subset Bf'. Bounded
variation is de ned as:

BV()= u2L): TVu<1

De nition 2.3.3 (Gateaux derivative). Let J : V! R be a function de ned on a Banach
spaceV. The Gateaux derivative of] is de ned as:

Ju+ v) J(u) (2.5)

J(u;v) = Ii!m0

for u;v 2 V. If the limit exists for all v 2 V then we say that] is Gateaux di erentiable at
u.

2.3.1 \Variation of a Functional

The Euler-Lagrange equation of a general functional is introduced here. Taking the rst
variation, this aims to identify the function for which the given functional is stationary.
Consider a general functional on a normed linear space J (u): ! R:

Z

J(u) = L (x; u(x;r u(x)) dx; (2.6)
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30 2.3. Calculus of Variations

The rst variation means solving the following minimisation problem:

minJ (u): (2.7)
u
To solve the above minimisation problem, the necessary condition is that the for all test
functions Gateaux derivative ofJ vanishes:

Ju+ v) J(u) -0 2.8)

J=1J (u;v):li!rn0
The quantity J is the rst variation of the functional J (u).

Theorem 2.3.1 (Gauss's Divergence Theorem)Let F be a continuously di erentiable vector
eld in a bounded, closed domain RY, whose boundary@ is smooth. Then, according
to the divergence theorem :

Z Z

(r F)dx= F nds; (2.9)
@

here, (r F) is the divergence of the vector eld and n is the unit outward normal vector

of @ :

De nition 2.3.4  (Local minimiser). Let F: ! R be a real valued functional de ned on
normed space . F(u) has a local minimiseru if exist such that

F(u) F(u); forallu2N (u); (2.10)
here, N (u)=fu2 : jju ujj< gis asmall neighbourhood around .

De nition 2.3.5 (Global minimiser). LetJ : ! R be a real valued function de ned on a
normed space . J(u) has a global minimiseu if:

J(u) J(u); foralluz : (2.12)

De nition 2.3.6  (Stationary point). LetJ : ! R be a real valued functional on a normed
space . If J is Gateaux dierentiable atu 2  for all test functionsv 2 , thenuis a
stationary point of J if J (u;v) =0.

De nition 2.3.7  (Euler-Lagrange equation) The equation J (u;v) = 0 is called the Euler-
Lagrange equation for the minimisation problenmin, J (u).

Theorem 2.3.2 (Necessary condition for a local minimiser)For a Gateaux di erentiable
functional J : ! R, if uis a local minimiser of J(u), then u is a stationary point of J (u).
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Example 2.3.1 (Euler-Lagrange equation for TV) Total Variation (TV) from De nition
is:
z

TV(u) = jr u(x)jdx;

de ned on a domain RY. The Gateaux derivative of the Total Variation is:

Z
1 : - :
TV(u;v)=I|m0— jr (u+ v)j jr uj dx
' Z
Sim 2 it " Ve o)) i uj o
10 jir uj
z rury
= dx

Using integration and Gauss's theorem :

Z
r.u r.vdx: r_u nds r r_u vadx;
jr uj @ Ir uj jir uj

here, @ is the boundary of and n is the unit outward normal of @ . For TV (u;v) =0
we are left with:

z ru z ru
—— nds r —— vdx =0:
@ Ir uj jr uj
This should be true for all test functionsyr 2 . So, we can derive the following Euler-
Lagrange equation:
r u(x)

- - =0; forx2 ;
jr u(x)j

with Neumann boundary conditions u n = 2=0.

2.4 Discretisation of Partial Di erential Equations

In imaging problems, Euler-Lagrange equation is a partial di erential equation (PDE). The
solution of the PDE should be the minimiser. Analytic solutions are not possible in the
vast majority of practical imaging problems, so we must solve the PDE by obtaining an
approximation of the solution using numerical methods.
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De nition 2.4.1  (Laplace operator) The Laplace operator is de ned to be the divergence
of the gradient of a function. For a scalar functionf de ned for x 2 RY, the Laplacian

operator  of f is:
f(x)=@f+:::+@f
It is usually denoted as , r %;r r ordiv r .

Many times in imaging problems, we must discretise and numerically solve a PDE. There
are various methods available to discretise PDE problems, such as the nite element method,
nite di erence method, and nite volume method.

Considering two dimensional, =[0;1] [0;1]. In order to discretise on this domain we
divide the domain into grid points by using f+1) (m + 1) Cartesian grids with width
hy = % and hy = % in the x andy directions respectively. This results im m grid points,
and the grid point (i;j ) is at the position :

21 2

(Xi;yj): 2 hx; 2

1hy;forl i nandl j m:

2.4.1 Finite Di erence Schemes

If we consider the Taylor expansions on a discrete grid, then we can approximate continuous
functions u of a PDE by

U+ i) = Uiy + ey + O(hP):

and

U ) = ki) oK)+ O();

To approximate the partial derivative -, %at a particular point (X;;y;) we can use either
of the following-

~ First order forward di erence:

u(xi + he;yi)  ulXxisy;) .
h, '

%in;yj) rox(ug)=

~ First order backward di erence:

@zxi;yj) ro(u)=

ulxi;y;)  uxi hyyy) .
o :

hy
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33 2.4. Discretisation of Partial Di erential Equations

~ First order central di erence:

i hx; j i hx; ;
%zxi;yj) ro(ui) = Hoa yj)ZhXU(X %),

Similarly, the second order approximation to%(xi;yj) can be done by:

)= 1 (1 ()= ST DN) AR D),

X

2.4.2 Boundary Conditions

Approximations of the points that appear outside the discretised grid, in this case the point
Un+1; IS done from the boundary conditions. The two most common types of boundary
conditions are-

Dirichlet boundary conditions specify the value of the function at the boundary, i.e.
Le u(x) = u(x) = g(x) for x 2 @ To calculate partial derivative, the point Up.1 IS
replaced by the value ofy at the boundary i.e.:

%an;yj) rox(ug)= gn,h%

Neumann boundary conditions specify the value of the derivative of a function at the
boundary, i.e. Lg u(x) = r u(x) n = g(x) for x 2 @, where n is normal to the boundary
@. For partial derivative again:

%an;yj) rox(uig)= 'unﬂ;jhx :

Example 2.4.1 (Discrete Poisson equation) Consider the Poisson equation
u(x) = f(x); forx2 ; Lgu(x)=g(x); forx2 @;

for some operatorL g as the boundary conditions. For domain=[0 ;1] [O;1]we discretise
the grid into ann n grid ( hy = hy = h = 1). We can discretise using nite di erences as
follows:

ey - Yisng t U1y AU+ U+ Ui og
( "wiy = h2 -

Each point requiresb values ofu, so the discretisation is called & point di erence operator
scheme. For the right boundarnfi = n), if we impose zero-Dirichlet boundary conditions
u(x)=0 for x 2 @, then:

AUnj + Unj+1 + Unj 1,

u B
h — -n 1
( u)n;j - ; h2
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34 2.5. Numerical Methods

2.5 Numerical Methods

This section provides an overview of some basic numerical iterative methods that are widely
used in the literature to solve systems of linear and nonlinear equations. Once an initial value
is set, the iterative methods provide more and more accurate solutions with each iteration.
When some stopping condition is met, the sequence of approximate solutions is terminated.
First, we discuss methods to solve linear system of equations.

2.5.1 Numerical methods to solve Linear Systems of Equations

The linear system of equations is represented as -

here,A isann n matrix, x isann 1 unknown vector to be obtained as a solution, and
bisann 1 vector, i.e. :

0 1 0 1 0 1
a1 A2 Il Qqn X1 by
ado: ado: oL QAo X

A=%2}1 = ?’"§;X=%.Z§;b=%ﬁz§:
81 Az 11 @ Xn b,

If the matrix A is invertible (i.e. determinant of A is non-zero) thenx can be calculated as:

x = A b:

For large systems, this is known as a direct method, and it is computationally expensive.

Jacobi Method

The Jacobi method [29] is one of the more simpler iterative methods to solve equations of

hd X
b= ax = ax+ aij X; !
j=1 j=1j6i
X; can be known in the form:
1
Xi=—h aj X;

j=1j6i
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35 2.5. Numerical Methods

In Jacobi method, the new elements of the sequence for tkeh iteration are produced from
values of the kK  1)th iteration.

X
x = i b a x\ Y (2.13)
2 j=1;j6i
Update ofxi(k) requires prior values ok Y. In each subsequent iteration, each element is
updated independently of the others. Jacobi method can also be written in matrix form.
Matrix A is decomposed into its diagonal parD, lower triangular part L and upper trian-
gular part U as a linear sumi.eA =D + L + U where

0 1
ajg:q 0 . 0
D = %(.) a?’z . 0 %’
0 O anin
0 1
0 0 0 0 0 0
a1 0 0 D 0 0
asz:q asz:2 0 0 0
L = . . . '
anh 21 Ay 22 Gy 23 0 0
dn 11 adn 1;2 dn 1;3 i1l @n 1n 2 0
an;l an;2 an;3 Do an;n 2 an;n 1 0
and 0 1
0 a1, agz i @n 2 aQn 1 adi:n
0 O aZ;S L a2;n 2 a2;n 1 a2;n
0 O 0 azgn 2 Azn 1 az:n
U=g: SR : N E
0 0 0 0 an 2n 1 an 2:n
0 0 ::: 0 0 an 1n
0O O 0 ::: 0 0 0

Then, systemAx = bcan be rewritten as -

b=(D+ L+ U)x;

X can be achieved by-

x=D b (L+U)x);
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36 2.5. Numerical Methods

Gauss-Seidel Method
The Jacobi method was further improved into a new method known as Gauss-Seidel method
[30]. This method uses newer approximatiorfsc(k)g} =11 to update x(k), whereas old approx-

i i
imations ij(k ”g} _i, were used in the Jacobi method. Because these new approximations

are more accurate than the old ones, an exact solution can be found faster.
The Gauss-Seidel iterations are written as:

1 X1 xXo
T

i j=1 j=i+1

aj; xj(k v (2.14)

For matrix form, element-wise update is written as:

- o
k k k).
aixV+  ayx=n ay x\:

i=1 j=i+l
The above system in matrix form is:
D+ L)x®W=p uxk?D;

The k th update is given as:

x ) (D+1L) ux®YV+(D+L) b

Tasx™ D+ cgs; (2.15)

whereTgs = (D + L) Uandcgs =(D + L) *b:

2.5.2 Numerical methods to solve Non-Linear Systems of Equa-
tions

Usually variational imaging problems lead to non-linear systems. In this subsection, we dis-
cuss some commonly widely used non-linear solvers in image processing problems, such as
Gradient Descent method [31], Additive Operator Splitting (AOS) [32], Primal Dual Gradi-

ent Method (PGDM) [33], and the Alternating Direction Method of Multipliers [34].

Gradient Descent Method

If F : RY! R is a continuously di erentiable functional with a minimiseru . Descent
methods have an initial solutionu© , which is further updated as a more accurate solution as:

u = gtk Dk Dok D =9:2:::::

36



37 2.5. Numerical Methods

here & 1 > 0 (a scalar), is the step length and s U is the search direction. Step length
may change at each iteration. A widely used descent method is the gradient descent method
[31] or the steepest descent method. In this method the search direction is opposite to
r F(uk ). The rationale behind this is that F decreases most quickly in this direction.
Gradient descent scheme is:

u® =gk &Dpp gk Dy K=1:2::::

The main feature of a descent method is that each iteration reduces the function value. i.e.

Fu®)  F(u® ),

(k1 js chosen su ciently small. In time marching, step length < 1 is usually xed as
some time-step K Y = | Descent scheme is :

u® =y® D Euk D)y k=152

Even though they are more straightforward, time marching schemes are constrained as they
are only stable for low values of , possibly requiring a greater number of iterations to reach
convergence to a consistent solution. A semi-implicit scheme, rather than an explicit scheme,
could be used to reduce the stability constraints on.

Additive Operator Splitting

The semi-implicit, Additive Operator Splitting (AOS) scheme [32] was created to solve PDEs
with the following m-dimensional anisotropic di usion terms:

%‘tj: rGUE))r u(x) + f(x):
=@, Gu* MH@,u® +:::+ @, Gu*k M@, u® +f(x) (2.16)
in [0;T] ; with R™, and with initial and zero Neumann boundary conditions:
u
u(0; ) = Uo; %=00n Q;

here,n is the normal to the boundary@. Here, f is the reaction term andG is the di usivity
function. Explicit, implicit or semi-implicit schemes can be used to discretise the equation

37



38 2.5. Numerical Methods

(2.16). While semi-implicit and implicit schemes are invariably stable, explicit schemes heav-
ily rely on selecting a small time step. Because the implicit scheme is more di cult to solve,
semi-implicit schemes are preferred. Discretising (2.16) with a semi-implicit scheme leads to:

) gk n X
e NS T CREA T O V]

where is the time-step andA- is a discretised version o@. G(u* V)@ u® . I being the
identity matrix, this scheme can be rewritten as :

xXn 1
u(k) - | A(u(k 1)) (u(k 1) + f ),

nal AOS scheme can be modi ed as:

1 X 1
u = = I mA-u® b))  @wk Y+ f) (2.17)

The key feature of the AOS scheme is that it treats each direction independently, allowing
us to solve a set ofm one-dimensional problems and average the results to obtain the new
iterate. If we consider the two-dimensional caser( = 2). Matrices A- denote the di usivity
across thex- axis. Form = 2, the matrices are:

A, (uk Dyl

@1G(u(k 1))@1u(k)

i i |

1
- h_l G(u(k 1))i+%;j(@1u(k))i+%;j G(u(k 1))i %;j(@lu(k))i 1
-1 G(u® D)ivay + GUK D)y ui(i:)l;j ui(:li()
h, 2 hy
K k
G(u V) + G(ulk ) o ui(;j) ui( )l;i
2 hy
- ™ oy ok Dy, g
= Z_hf (u )i+ (u )i Uit1;

+ G Yy + Gu* ) g5 u
’ I

G(U® Y)igy + Gu® V) 15 +2Gu* V) ulf
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39 2.5. Numerical Methods

and similarly:

B

k
Ay(uk Dy = GU® D)jjaa + GU® D)y ul,

i 2

NN

+ G M)y + G M)y ui(;;() 1
!

k
GU® M)y + G V) 1 +2Gu* V) ull

Here, h; and h, are step lengths. The matricesA- are tridiagonal matrices, so Thomas
algorithm can be used to implement the system (2.17). Instead of th@(N?3) operations
needed by conventional Gaussian elimination methods (wheke is the total number of dis-
cretized grid points), the Thomas algorithm [32] enables the solution to be reached@{N)

operations.

Next, we outline the criteria that an iterative scheme should satisfy in order to be a dis-
crete scale-space. The advantages of satisfying these conditions is a guarantee of convergence
and stability. Without loss of generality, we consider a general discretisation of (2.16) as:

u@ =1 u®=Quk Muk Y gk2N; (2.18)

We treat a discretised image as a vectar, 2 RN and denote index set byd = f1;2;:::;Ng.
The discrete scheme (2.18) forms a non-linear scale-spac® # ( g; ) satis es the following
criteria:

" Continuity in its argument:
Q2 C(RV:RN N)y:
~ Symmetry:

~ Unit row sum: X
~ Non-negativity:

Strictly positive diagonal:
g > 0, 8i2J:
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40 2.5. Numerical Methods

As shown in a past study by Weickert et al. [32] a discrete scale-space satis es the following
key properties:

. : . : P :
" Average grey level invariance: The intensity value = Ni i20 ! is not aected by

the discrete di usion lter, i.e.:

11X .
W Uj = 8k 2 N:
j2J
" Extremum principle:
min!; ui(k) max! ;; 8i2J; 8k2N:
j23 j23
" Convergence to a constant steady-state:
imu®=; 823

ki

Furthermore, because the scheme is unconditionally stable, there are no restrictions on the
size of the time step, demonstrating a signi cant advantage of AOS over explicit and semi-
implicit time marching schemes.

Theorem 2.5.1. The AOS schemg2.17) with m = 2 corresponding to the nite di erence
equation:

1

! | 2A,uk D uk Dy f

(Fu)tk D= Zy®

1

1
2
1 k 1 k 1
— 1 2A,uk?D uk D4 f
2

for k =1;2;:::is an O( + h?) approximation, whereh; = h, = h. Therefore, the scheme

is consistent with PDE (2.16).

Alternating Direction Method of Multipliers

Popular iterative approach for solving convex optimisation problems is the Alternating Di-
rection Method of Multipliers (ADMM) approach [34]. If we consider the problem:

minf (u) + g(v); subjecttoAu+ Bv = c; (2.19)
u;v

whereu 2 R%;v 2 R%;A 2 RP 9;B 2 RP % and ¢ 2 RP. ADMM's main objective is to
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41 2.5. Numerical Methods

use partial updates for each of the variables and v. We de ne the augmented Lagrangian
to incorporate the constraint into the formulation:

L (u;v;x)=f(u)+ g(v)+ x"(Au+ Bv c¢)+ EjjAu + Bv  dj3; (2.20)

here,x is the dual variable and > 0 is a penalty parameter controlling the constraint. The
ADMM update that solves (2.20) is given by :

2u® =argminy L (u;vk D;xk D)
v =argmin, L (u®;v;x& D); (2.21)
©x® = xk Dy (Au® + By ©):

Instead of solving theu and v together, splitting them into two separate sub-problems
can greatly reduce the implementation and computation demand required for each itera-
tion. The alternating minimisation in ADMM can be thought of as a single Gauss-Seidel
pass overu and v. Another advantage of ADMM with simpler implementation is that it can
have convergence guarantees under modéstnd g assumptions, see for more details [34, 35].

Primal Dual Gradient methods

This approach usually does not require expensive minimization sub-steps like in the ADMM.
The Primal Dual Gradient method (PDHG) [33, 36] is a popular iterative method to solve
convex optimisation problems. Consider the saddle point problem:

H t
min rynz%xf xX)+ y'Ax  g(y) (2.22)

Here, X, Y, are convex setA 2 RM N is a matrix,and X RN,Y RM are convex sets.
Primal Dual Hybrid Gradient method is listed in Algorithm 1. The forward-backward
algorithm is used to update the primalx and dual parametery, which are updated using a
combination of forward and backward steps. In steps (2-3), the method updates x to lower
the energy 2.22 by rst performing a gradient descent step with respect to the inner product
term in Equation 2.22, and then performing a "backward" or proximal step involving . By
rst marching up the gradient of the inner product term with respect to y and then taking
a step backward with respect to g, steps (5{6) increase the energy 2.22.
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42 2.5. Numerical Methods

Algorithm 1 Basic PDHG
Require: :Xo2 RN:yo2 RM: ; >0
1. While not convergeddo.

X =% ATy
XL =arg minoy f (X)) + 2ix Reaj?
R= Xier +(Xesr Xk)-

Y1 = Ykt kA

Yker = @rgminyoy g(y) + 5iy - Y’
EndWhile k=k+1

N o o bk D
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Chapter 3

Review of Segmentation Models

3.1 Introduction

Image segmentation partitions an image into segments in which each pixel is assigned to an
object [16]. It is used in a wide range of practical applications, such as medical image anal-
ysis, face recognition and detection, satellite image analysis, video surveillance, computer
vision for autonomous vehicles and many more [14, 15].

In the past decades, variational methods based on variational calculus have proven to be
e ective [37, 38]. Depending on the application, models are devised to use both region (in-
tensity) and edge-based information from the image [38, 39, 37]. Variational models can be
formulated to achieve either multiple object segmentation's or selective single object segmen-
tation. The following sections introduce segmentation models that segment the input image
using variational methods based on calculus of variation. Each segmentation model includes
an energy functional, and the goal is to nd the functional's minimizer. The minimizer of the
energy functional is achieved using calculus of variations. The minimizer takes the form of
a partial di erential equation, and the solution corresponds to the image's segmented region.

Potts model, which is de ned in a discrete framework for multi-phase image segmentation
[40], is the origin of many variational methods. Many previous segmentation models adopted
the Potts model in some way [41]. Blake-Zisserman model [42] proposed that smooth images
can be reconstructed on discrete domains . Both the Potts model and the Blake-Zisserman
model have undergone numerous approximations due to the di cult task of solving the en-
ergy functional of these models [40, 42]. The Mumford and Shah model [37] was an early
segmentation model that found the piecewise-constant approximation of the image and the
edge that represents discontinuity. Following a discussion of the Mumford and Shah model,
we will discuss the Chan-Vese model [38], which is a two-dimensional piecewise constant
variant of the Mumford and Shah model, in the following section of global segmentation
models. Prior to these segmentation models, we will discuss about the energy functionals
that these segmentation models use.
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44 3.1. Introduction

In this thesis, we are concerned mostly with selective segmentation problems. After fo-
cusing on global segmentation formulations, we move on to selective segmentation models.
Edge detector function in selective models constructs an active contour to locate the bound-
ary of an object using intensity information [43]. The rst studies to use this function were
shake models proposed by Kass et al. [44] and the Geodesic Active Contours model proposed
by Caselles et al [43]. We will also review the formulations of recent selective models like
- Chen Badshah model [21], Rada Chen model [45], Spencer Chen model [46], and convex
selective models [24]. Then, we review a selective segmentation model known as the convex
geodesic model [15], which employs additional regularisation terms to achieve better selective
segmentation.

3.1.1 \Variational Segmentation approach

The functional F (u) is made up of two parts. The rstis the tting term, and the second is
the regularisation term. A tting function is f in the following functional. The tting term's
function is to de ne the correspondence between the objective function and the data. J is
the regularisation term or a term that imposes regularity. The regularisation term penalises
the objective function for over- tting or for making the optimal solution unique.

Z Z
F(u= J(udx+ f (u)dx (3.1)

Such energy functionals are minimised using variational methods. By increasing the parame-
ter the tting term becomes more dominant, resulting in a solution that closely represents
the average data. Reducing the parameter would make the regularisation term more
prominent, resulting in a smoother or regular solution. The solution is generally in the form-

u = argminysF(u) (3.2)

whereu is an optimiser of the functionalF (u), de ned on an appropriate spaces. If F is
continuous and di erentiable, the rst variation or the minimizer of the energy functional is
computed using the Euler-Lagrange equation.

F

=0 (3.3)
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3.2 Global Segmentation

Here, in this section we will detail some previous global segmentation and selective segmen-
tation models. However, Roberts convex geodesic model is more relevant as the models we
introduce in chapter 4 and chapter 6 have roots in the Roberts convex model.

3.2.1 Mumford and Shah Model

The Mumford-Shah segmentation model [37] involves a functional whose minimizer serves
as a criterion for segmenting an input image into sub-regions. It is concerned with the piece-
wise smooth approximation of an input imageily(x) by a pair (u;C), whereu represents the
desired segmented region with sharp boundai@. is a bounded domain, and ug(X) is a
bounded measurable function de ned on . Then the Mumford-Shah functional is de ned as-

Z Z
FMS)(u;C) = :Length (C) + juo(x)  u(x)j?dx + jir u(x)jj?dx (3.4)

=C

A tting term ( jup(x) u(x)j?) and two regularity terms (:Length (C);r u(x)) are in-
cluded in the above functional. The tting term imposes smoothness on, while the other
terms impose regularity on C. The solution image is in form of smooth regions with sharp
boundariesC and is obtained by minimising the functional. The functional penalises the
distance between the model and the input image, the lack of smoothness of the model within
the sub-regions, and the length of the sub-region boundaries, as represented by the three
terms. A solution for (u; C) can be found by minimising the functional 3.4. Because of the
unde ned domain caused by non-regularity o€, computing the minimiser of this functional
is di cult.

Many attempts have been made to approximate the Mumford- Shah functional in order
to nd the minimiser. Ambrosio and Tortorelli [47] proposed that the functional can be
approximated by a sequence of elliptic variational problems with a phase eld energy term.
Level set methods [22], as described in the following subsection, have also been widely used.
Pock et al. [48] proposed a primal-dual scheme for using the dual domain to nd the min-
imiser of Mumford-Shah model. Cai et al. [49] proposed another convex approximation to
the Mumford-Shah model.

Mumford and Shah also discuss the restriction df to piecewise-constant functiongu.
In other words if we consider the input image to be made up of piecewise constant regions
k with u = ¢, on each open sek de ned on domain , where the values, are simply the
average values ofly in each regionk. The piecewise-constant functional takes the form -
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46 3.2. Global Segmentation

FMS)(u;C) = :Length (C) + jug(x)  Gjdx (3.5)
k
If images are to be partitioned into two components, foreground and background, then
the curve C has two components,c; and ¢,. This is known as the two-phase constant
Mumford-Shah functional, and the functional takes the following form -

Z Z
FMS)(C;c;c) = :Length (C) + jug(x)  cyjldx + jus(x) cj%dx  (3.6)
1 2
Next, we need to nd the minimizer for this functional. We will discuss details of com-

puting minimiser of this functional by using level set methods in relation to the Chan-Vese
model in next subsection.

3.2.2 Chan-Vese Model

The Chan vese Functional [38] is the two dimensional piece wise constant variant of the
Mumford and Shah model and takes the form-

Z
FCV)(C;a: ) = :Length (C)+ :Area(insideC)+ 1  juo(X;y) Gj2dxdy
z (3.7)
+ 2 juo(xy)  cj’dxdy

2

Here the foreground 1 is the required region to be segmented and, = —1is background.
1, 2, , are xed non negative parameters and; and ¢, are average intensities of input
image U, inside ; and , . Level set method is utilised for minimization of an energy
based-functionalF. To use level set functions, it is assumed that the image, is formed
by two regions of approximately piece-wise-constant intensities, of distinct valua and ug.
The object to be detected is represented by the region with the valug. Within a closed
curve C, boundary of object is denoted byCy, ¢; and ¢, are average intensities inside and
outside the curveC. The following is the tting term:
z Z
F1(C) + F2(C) = juo(x;y)  cij*dxdy + juo(xy)  cj*dxdy (3.8)
insideC outsideC
In this simple case, it is obvious thatCy, which is the boundary of the object is the
minimizer of the tting term.
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inf cF1(C) + F2(C) =0 = F1(Co) + F2(Co) (3.9)

It is to be noted that, if the curve is outside the object thenF,(C) > 0 andF,(C) 0.
If the curve C is inside the object, thenF,(C) 0 but F,(C) > 0. If the curve is both
inside and outside the object, thenF(C) > 0 and F,(C) > 0. Finally, we can see here
that the tting energy is minimized when C = Cy. The above tting term along with two
regularization terms i.e. the length of curve and area inside C are formulated as Chan- Vase
functional [38]-

Z
F(c1;¢c;C) = :Length (C)+ Area (inside(C))+ ju(x;y)  cij?dxdy
Z insideC (3_10)
+ 2 juo(x;y)  cj°dxdy
outsideC
here 0, 0, >0, >0
The minimization problem is the following
inf cl;cz;CF(Cl;CZ;C) (3-11)

This C can be initialised with parameters and then updated with each iteration. However,
changes in boundary topology (splitting or merging of the boundary) are far too complex
to be encoded by parametrisation. A straightforward solution is to embed the boundary in
higher dimensions. This is accomplished using the level set method, and instead of tracking
a parametrizedC, we now track the zero level set of a function. We are now concentrating
on determining the function , and the object boundaryC is obtained indirectly from the
information of

3.2.3 Level set Method

Here, C is represented in terms of the zero level set of Lipschitz function: ! R such
that-

8

2C=(xy)2 : (xy)=0

S inside(C)=w=(x;y)2 : (x5y)>0 (3.12)
" outside(C) = ~=(x;y)2 : (x5y)<0

By using level set formulation the unknown variableC is replaced by the unknown vari-
able . Heaviside function H and Dirac measure, are de ned as-

1ifz 0
H(z) = ’ 3.13
(2) Oifz< O ( )
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48 3.2. Global Segmentation

Figure 3.1: Plot of the function (x) and the interface C =f(x;y) : (x;y)=0g.

o2)= TH() (314)

By utilising the Heaviside and the Dirac function, the length term and area term irF as
well as the tting terms take the following form-

Z Z
Length( =0)=  jr H( (x;y))jdxdy = o (X;y)ir (X;y)jdxdy (3.15)
Z
Area( 0)= H( (x;y))dxdy (3.16)
Z Z
0qu(x;y) Gj’dxdy = jue(x;y) cij®H( (x;y))dxdy (3.17)
Z Z

0J'Uo(X;y) Gjdxdy = juo(xy) c*(1  H( (xy)))dxdy (3.18)

<

Then energy can be rewritten as -
Z Z z

Feye )= @ o jr jdxdy+ @ H( )dxdy+ 1 juo(X;y) cij®H( )dxdy
ya
+ 5 juo(xiy) 31 H( )dxdy
(3.19)

The objective is to nd the minimizer of the above functional. Keeping xed and
minimizing F with respect to C; gives us -

@F
— =0
@¢
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we get
Z
21 juo(xy) ajH( (xy))dxdy =0 (3.21)
Z Z
Uo(X;Y)H( (x;y))dxdy = cH( (x;y))dxdy (3.22)
R
_ U y)H( (xy))dxdy
2O Ty oy (829
similarly minimizing with respect to ¢,
R
& ) = up{x;y)(1  H( (xy)))dxdy (3.24)

(L H( (xy))dxdy

For Euler{Lagrange equation of the unknown function , slightly regularized versions of
the functions H and o are used and are denoted bid and . Regularised functions are

visually demonstrated in Figure 3.2. Associated regularized functional is formulated as -
z z Z

Fose; )= ()ir jdxdy+ : H ()dxdy+ 1 juo(x;y) cj’H ()dxdy
z

+ 2 jue(xy) j*(1  H ())dxdy
(3.25)

Figure 3.2: Regularised Heaviside and Delta function.(&) ( ) (b) (), =0.1

Keeping c; and ¢, xed and minimizing with respect to i.e. =, we deduce the asso-
ciated Euler{Lagrange equation for . To minimize F we need to nd Eulers equation, so
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minimizing with respect to -

dFCV( +h;cq0)

limu o ah 0 (3.26)
Here is any test function.
d z d z
gn (O +hie O+ h)jdxdyje=o + - H (1 Jdxdyjazo +
Z (3.27)
ah ( 1Uo(%y) Cj’H ( +h )+ Zjue(%y) °(1 H ( +h )))jn=o =0
Computing derivatives we have -
z VA i z
"()ir ()i dxdy + ( )jr O dxdy + () + au(xy)  j?
2Uo(X;y) %) dxdy =0
(3.28)
By using Greens theorem we have -
Z Z Z
vr wdx = r vwdx + vw:nds (3.29)
d
Taking = v and —— = w . The above equation becomes-
Z Z
rr Cr ()
——dxdy = r:(————)dxdy+ ——=—ds 3.30
()= —-dxdy (rpexdys S (3.30)
using above and we have A = —
Z Z ' Z '
°()jr j dxdy ( )r :(——) dxdy () 1 —— dxdy
7 ya Ir I
()
+ ﬁ—nds"‘ () + 1(Uo(xy) c)®  2(uo(x;y) c)?) dxdy =0
d
(3.31)
Now we have the following Eular-Lagrange equation for.
il 2 21- Q- )
() r -(jr j) 1(Up )+ 22U ©)]=0; N 0 on (3.32)

The approximation of above equation can be done by introducing an arti cial time step
and using the gradient descent method. In this way we get the following evolution equation
which represents the minimizer of the functional in terms of partial di erential equation.
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%t: () div (j:_j) (Uo )+ oUp )3 =0in
O:xy) = olx;y)in (3.33)
Q— =0on

rjon
In the next section we discuss the scheme used to solve the above equation to get the

solution . However, as we must ndjr H( )j, but H( ) is discontinuous at zero, so we
regulariseH ( ) at the discontinuity by setting it as-

Ho (2) = %(1 + Earctan(E)) (3.34)

Figure 3.3: Regularised Heaviside Function

Here with H,. the algorithm has tendency to compute a global minimizer. To discretize
the equation in , we use nite di erence implicit scheme.h is the space step, t is the time
step and &i;yi) = (ih;jh ) are the grid points for 1 i,andj M. Let {} = (n tXi;yi)
be an approximation of (t;x;y) with °= 4. We now apply the nite di erences method

X —
[ I i1
[ £ B i;j (3 35)
[ N o1

+< < +Xx
|

[ IS i
With information of °, we rst compute c;( ") and c;( ") by (3.26) and (3.27). By dis-
cretization in  and using de nitions of forward and central di erence we obtain solution
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Figure 3.4: Example of multiple object segmentation done by chan-vase model.(a) input
(Left) (b) segmented image (right)

n*1 from-
ir?i+1 lnl = _n') i x.(” + PJ )
t Mz YT L (a0

( (h?) (2h)2
y
+£ Y.q +ir;‘i - N2 4 - ny\ 2
h2 '(‘4 7T )2 n n )2) \Y 1(u0;I;J Cl( )) Z(UO;I;J CZ( ))
( + 0 + i+1 3 i 1
(h?) (2h)2

(3.36)
Figure 3.4 is an experimental result using the Chan Vase model. The input coins image is
segmented with the objects being recognized as coins.

3.2.4 Convex version of Chan Vese Model

The Chan-Vese method is non-convex with respect toas the optimization problem is non-
convex, which makes it prone to locate local minima. That is, a di erent initialisation of

may Yield a signi cantly di erent result, as shown in Figure 3.6 (a)-(d). As a result, some
research has been conducted into convex relaxation methods. The global minimiser of such
convex models, which is preferred in practise, is independent of initialization.

The non-convex Chan-Vese model was reformulated to an equivalent convex model by
Chan, Esdoglu, and Nikolova in order to nd a global minimiser [50]. The authors' key
observation is that the Chan-Vese algorithm employs a non compactly supported, smooth
approximation H for H. The authors proposed that the stationary solution of Chan-Vase
functional [38, 51] is similar to the stationary solution of the following equation:

i JI‘_j (1(uo(x;y) c)®  auo(Xy)  ©)?) (3.37)
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The above scheme is the gradient descent of the following energy functional-
z z

jrojdx+  (a(uo(xy)  @)? 2(Uo(X;y)  C2)?) dx (3.38)

To nd the minimiser of the above energy, Chan, Esdoglu, and Nikolova [50] proposed a
simple way by restricting the minimization of to [0; 1].

Theorem 3.2.1. (Theorem 2 in [50]) For any givenc;;c, 2 R, a global minimiser of the
Chan-Vese model (3.33) can be found by solving out the following convex minimisation prob-
lem:

z z
Mino uy 1 Jr u(jdx+ (oY) ) (uo(xy) c)?)u(x)dxdy  (3.39)

and then setting ; = fx:u(x) 059
The authors proposed the following unconstrained minimization to balance the drawback
of imposing the constraintu 2 [0; 1] in Theorem 3.2.1.

Theorem 3.2.2. (Claim 1 from [50]) Let r(x) 2 L' () . Then the convex, constrained
minimisation problem in Theorem 3.2.1 has the same set of minimisers as the following
convex, unconstrained minimisation problem:

Z Z Z
Minye  Jr u(x)jox + ((ug c)? (U ©)Hu(x)dx + dx (3.40)

where (u) := maxf0; 2ju %j 1g is an exact penalty function, provided that,> 5jj(uo
a)? (U )i

The addition of exact penalty term (u) forcesu in the range [0, 1]. It would be more
practical to use the regularised version as in Figure 3.5 we can observe th@u) is non-
di erentiable at 0 and 1. In Figure 3.5 we show di erent regularised versions of (u).

w=r @ oy @ 1 1 (3.41)
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Figure 3.5: Penalty function (u) and the regularised version (u) with di erent values for

by using the above convex energy functional we can see in gure 3.6, initialisation of so-
lution is not a concern for convex framework as initialisations provide the same segmentation
output if we utilise Theorem 3.2.2.
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55 3.3. Selective Segmentation

Figure 3.6: Segmentation comparison of convex and non convex Chan-Vese model. In the
non convex relaxed setting, di erent initialisations (a), (c) provide the di erent segmentation
results (b), (d). In the convex relaxed setting, di erent initialisations (e), (g) provide the
same segmentation results (f), (h) .

3.3 Selective Segmentation

Selective segmentation models are used when a user needs to segment only one object from
an image that contains multiple objects or regions. Selective segmentation has numerous
applications in medical imaging since clinicals require the segmentation of a tumour area or

a speci c organ from MR or CT scans [14] . We have a domain and an input image(x; y).

The selective segmentation models require user input in the form of a marker $ét, with

these points being close to the object to be segmented. The Energy functional locates the
contour that is close to the points inM . Here, we review methods of selective segmentation

in the literature, and discuss current challenges.
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56 3.3. Selective Segmentation

3.3.1 Geodesic Active Contours

Geodesic Active contour (GAC) model is one of the early selective segmentation model

purposed by Caselles et al. [43] where the energy functional is -
Z

Feac = 9(r z(x;y)j)dxdy (3.42)

The term g is edge detector function and is image domain. The commonly used edge
detector function is -

a(s) = 1+ 2 (3.43)
The idea behind the edge detector function was thaj is small near object boundaries and
is controlled by the parameter . While providing segmentation results, this model faces a
number of challenges. First, the model is based on the gradient of the image, images with
noise are unsuitable for this method. Secondly, if the edge detector function is not negligible
at an edge, the contour will transcend the object's boundary, generating an incorrect seg-
mentation result. Generally,s=jr (G  z)j, whereG is a Gaussian lter. Gaussian lIter

is convolved with imagez, which blurs it. This convolution blurs the image's noisy pixels
and ensures that noise does not distract from the image's edges.

Figure 3.7: (@) original image (b) segmentation result for no Gaussian Itering of input
image. (b) Edge detector segmentation result for varying.

3.3.2 Gout et al.

Certain improvements were done to the Geodesic contour model. Gout et al. [39] used an
additional distance termD in the integral, where the integrand isDg(jr zj) . The distance
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57 3.3. Selective Segmentation

term being the penalty on distance from seM (with k points) allows the contour to be
nearM . However, the model struggles with when object edges are blurred in case of blurred
images. 7

Feouw = Dg(ir z(x;y)j)dxdy (3.44)

We can rewrite in terms of level set function as -
Z

Foout( ) = D(x;y)a(ir z(x;y)iir H ()jdx (3.49)

The commonly used Distance term is the following-

D)= (1 expt - ’,jjz))sxi 2M (3.46)

Here, is the tuning parameter which tunes the distance map. However, even with the
additional distance penalty the model struggles with when object edges are blurred in case
of blurred images.

3.3.3 Badshah and Chen

The Gout et al. model [39] can generate a e ective selective segmentation performance on
images with no noise, whereas in the presence of background noise, the edge detector g is
susceptible to picking false edges. To improve Gout model, Badshah and Chen [20] added
intensity tting terms from the Chan-Vese model.

Z Z Z

Fec(;C1;0) = Dg(jr zj)jr H ( )jdx+ 1 (z c)®H ( )dx+ , (z c)*(1 H ( ))dx
(3.47)

When compared to Gout et al. model, the addition of the Chan-Vese tting terms allows
the Badshah-Chen model to more robustly segment noisy images, since it is less dependent
on edge detection.

3.3.4 Rada and Chen

When the intended object is close to or connected with another object of similar inten-
sity strength, the Badshah-Chen model is vulnerable to failure. Rada and Chen [52, 45]
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58 3.3. Selective Segmentation

proposed the following model to address this aw by imposing size constraints on the object.
Z Z
Fre(;€1;C) = Dg(jr zj)jr H ()idx+ 1 (z c1)?H ( )dx
z z z (3.48)
+ 2 (z @ H()dx+ [ (H()dx A)?+ (T H()dx Ar)?

where A; and A, are the areas of the target and the background respectivelyA; is the
polygon area formed by joining the points oM and A, = j | A;. The selective tting
term uses no local information from seM , as a result segmentation result can be separated
over the domain in small fragments, whose sum area shall be identical to the area tting
term used in the model.

3.3.5 Spencer and Chen Model

Spencer and Chen [24] separated the distance function from the edge detector term and used
it as a single penalty term. The distance ternDg used was normalised euclidean distance
from marker setM .
Z Z
min oo Fuice)l = olr zi)ir H ()jdx+ 1 [z c)?H ()]dx
Z Z (3.49)
+ 2 [(z @)@ H()dx+ De(x;y)H ( )dx

The Idea to use ofDg is to stop the contour from evolving far away fromM by restricting

H( ) 2 jto be close to zero. The selection of parameteris important for appropriate
segmentation result. If too large, the segmentation result will be identical to marker set

M. If is small, multiple objects are segmented. This model might get stuck between local
minimisers. Spencer and Chen used the ideas discussed in 3.2.4 to reformulate a segmentation
solution into a convex minimisation problem. The convex relaxed model [24] uses indicator
function u as a replacement for the level set function.

Given, a two dimensional gray scale image(x;y) : R, the Spencer-Chen Convex
Geodesic model is-

Z Z
MiN ye; e, [F(U; @15 C2)] = o(ir zOGY)Pir uid + [ 1(z(y) o) 2(2(%y)  c)?ud
z z
+  De(xy)ud + (u)d
(3.50)

Where , 1, ,, ,and are positive constants andi is the selective segmentation solution.
¢, and ¢, are the average image intensities of the foreground and background, respectively.
The edge detector function is denoted by, and the Euclidean distance term is denoted by
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59 3.3. Selective Segmentation

De. The additional penalty term = maxf0; 2ju %j 1g con nes the minimizer to be in
the range [Q1]. Moreover, additional requirement foru 2 [0; 1] is to select parameter as:

> %jj[l(z c)® 20z ©)°]+ Dejj (3.51)

The Euclidean distance term is extremely sensitive to the marker set chosen. The marker
points must be evenly distributed in the region of interest to be segmented for satisfactory
segmentation. Even in the segmentation region, the Euclidean penalty is always present,
and it can be very high if there are few marker points. In the following subsection, we dis-
cuss a more robust geodesic distance penalty, which allows us to have small or zero distance
penalties at the edges and within the segmentation region.

3.3.6 Convex Liu et.al

Recent convex models [23] also considered applying weighting to the data tting terms of
Mumford-Shah convex variant models. The convex Liu et. al [23] functional is -
Z Z Z

Fuu (u) = jr ujdx+ 5 jr uj?dx+ w3(x;y)jz  uj?dx (3.52)

here, ; ,; are non negative andw requires information of Distance term i.e.w(x;y) =

1 D(x;y)gr zj. The e ect of this weight means that, close to edges and marker points
(where ! 2 is large) the delity term plays an important role and important features are
preserved, whereas away from edges and marker points (whefeis small) smoothing plays
a more prominent role, smoothing out unwanted objects.

3.3.7 Roberts Chen Convex Geodesic Selective Model

In chapter 6 of this thesis, we will detail a selective segmentation model that has its roots
in Roberts Chen convex geodesic model [15]. Here, we discuss the geodesic model in detail

[15].

We discuss a more robust geodesic distance penalty, which allows us to have small or zero
distance penalties at the edges and within the segmentation region as replacement for non
zero euclidean distance. The Energy functional of convex geodesic selective model di ers
from initial segmentation models as it includes intensity tting terms from the Chan-Vese
model and a distance penalty term which uses geodesic distance from the markerMetn

the distance penalty term rather than the Euclidean distance. The model involves a con-
vex functional, which is to be minimized to achieve segmentation. The minimizer of this
functional speci es the criteria to segment selective objects. The minimizer of the following
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60 3.3. Selective Segmentation

functional is in the form of partial di erential equation. The next subsection reviews the
methods used to solve the obtained partial di erential equation in order to get the nal
segmentation.

Let z(x;y) represent the input image, de ned on a image domain  R? . u represents
the level set of contour .c;, ¢, are average intensities of z inside and outside The functional
is in the following form-

Z Z Z
F(u;ci; ) = gdr zj)jr ujd + [ (z c)® 2z c)%ud + Dwm (X;y)ud
Z
" (u)d
(3.53)

, , 1, 2 are non negative parameters. The terng(jr zj) is the edge detector which is
g(s) =1=1+ s? where is tuning parameter. The last term is an exact penalty term due
to convex formulation of the functional, wherev(u)= maxf 0; 2ju %j 1g. This is done to
achieve unconstrained minimization as this encourages the minimizer to be in range [0,1].
Next we review the calculation of Geodesic tery, .

The geodesic distance from the marker set M is given @y (x;y) = 0 for (x;y) 2 M

and Dy (x;y) = %ﬁ% for (x;y) 62M, where D, (x;y) is the solution of the following
PDE:
ir Dy (6 Y)i = f(xy); D (x0;y0) = 0;(x0;y0) 2 M: (3.54)

If f(x;y) = 1 then the distance penalty Dy (x;y) is simply the normalised Euclidean dis-
tance. For selective image segmentation, we want small gradients in homogeneous areas of
the image and large gradients at edges. So tlieis set as -

fGy)= o+ air zZ(xy)j? (3.55)

Setting f in the above form ensures that in areas whene z(x;y)j = 0, the distance
function increases by some small amoung. Here, image z(x, y) is scaled to [0, 1] and at
edges, geodesic distance increasegrag(x;y)j is large. The constants of are used as g
= 1000 and p, =10 3.

To improve noise robustness and qualitative nature of segmentation results, author con-
sidered an-isotropic TV denoising. The new is formulated as -

fiy) = o+ elr Sz y)J? (3.56)
Here Sk represents the gauss-siedel iterative scheme done to update z in order to do anisotropic
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61 3.3. Selective Segmentation

Figure 3.8: Comparison of distance constraints. (a) Input image with a marker point (b)
Euclidean distance constraint (c) Geodesic distance constraint

denoising. To compensate the distance penalty for objects that are far from marker set with
low penalty the author modied f as-

fa6y)= o+ oif SYz(xy))i’+ DEe(xy) (3.57)
If increases, the distance function resembles the Euclidean distafize more. Authors
used =10 ! [15] as it adds a reasonable penalty to pixels far from the marker set. If

there are blurred edges between objects in an image, the geodesic distance will not increase
signi cantly at this edge. Therefore, the nal segmentation result will include unwanted
objects and will not result in the required accurate segmentation results. To improvise the
model uses anti markers. Anti-markers are the markers or set of points which indicate the
objects that we do not want to segment, i.e. the opposite of marker points, denoted B .
Geodesic distance map from the sé&tM is denoted byDay (X;y) . Pixels near to the set

AM are penalized as the following-

exp( Deaw (X)) exp( )

e (3.58)

Dam (Xy) =

Here =200 and Dgam (X;Y) is normalised geodesic distance from sé&M . The reformu-

lated model is-
Z Z

min yc,:c, F(U; C1; C2) = ar zCy)ir ujd + [ 1(z(xy) <) 2(z(%y)  c)?ud
z Z
+  De(X;y)ud + (u)d
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62 3.3. Selective Segmentation

(3.59)

where Dg(x;y) = (Bul¥)*Dan (¥) s the geodesic distance from marker séfl . This is
average of distance map of marker and antimarker sel, is to be calculated using = f,.
Like the Chan Vase model we use calculus of variation and solve above equation with respect
to ¢; and ¢, with u xed. This leads to-

R
cu(U) = “.'F%(fdy))d (3.60)

R
o) = R (;)'ij;’d y))d (3.61)

Using calculus of variation and solving above equation with respect towith xed c¢; and
¢, leads to Euler's equation -

J'rruljj) [ 1(z(6y) @) 2z(xy) )] Da(xy) W=0

(3.62)
We also have Neumann boundary conditiong- = 0 on  where n is the outward unit
normal vector. Now we discuss the numerical scheme to solve the above PDE.

r(g9(r z(x;y)j)

3.3.8 Additive Operator Splitting

The AOS scheme [32, 53] allows equal treatment of all coordinate axes and is stable for big
time steps. The scheme presents the semi-implicit algorithm [32, 53] based on a discrete
non-linear di usion scale-space framework. This scheme is applied to the m-dimensional
di usion equation and it takes the following form:

= r (G(wru) f (3.63)

~|c
X

~|c

u
x_,-(G" (u)X—j) f (3.64)

initial and boundary conditions are -u(0;:) = up and -~ = 0 on . Here, g is di usivity
function and f is reaction term. We consider discrete times, = k , and m =2. After
discretisation -

uktt = }ﬁ (1 2 A U Yu+ ) (3.65)
| .
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is the time step. MatricesA;(u) and A,(u) are obtained as following-

. (Gis z4) . (G 1) . (Giy1j + G 1) .
(A (U)uk*ty = Ihzzj Wl 'hzzj uf*g; + 2 - ' 2] ufs™ (3.66)
X X X
. (Gyj +1) . Gy 1) . (Gij+1+ Gy 1) .
(Az(uk)uk 1)i;j = II'J]2 2 :(,J 3-_1 + II{IZ 2 u!(;j 11+ W*3 - b3 u:(;j 1 (367)
y y y

For the half points in G, average of the surrounding pixels is considered. The AOS method
described here assumds does not depend oru; however, in the case of convex geodesic
model, it depends on which has jumps around O and 1, so the algorithm has stability
issues. The major part is to extract a linear part out of the non linearity inf = f (u).
Using Taylor expansion of (u) around u = 0 and u = 1 and grouping the terms into
the constant and linear components in u, respectively, (u) = ag( ) + ky( )u + O(u?) and

(u) = ay( )+ by( )u+ O(u?). It actually turns out that by = by and denote the linear term
as b. This allows to approximate a change in’(u) as b: u. Next, interval is de ned where
v'(u) jumps as -

| =[0 0+ J[[1 1+ ] (3.68)

and linear function is -

by = fbjyj 21 g (3.69)

Using these, we can now o set the change ino(u") by changing the formulation to-
%= F(GUru)  Bu+[ Bu ] (3.70)
this can be written in AOS form as-
u“t = uk+ 1 (G(UMr Ut Buk™t +[ bu* K] (3.71)
This can be reformulated as following-
uk*t = %Xz (1+B% 2 A (U) Y1 +BYU+ 1K (3.72)

1=1

here Bk = diag( ). This scheme does not satisfy the discrete scale-space conditions of
Weickert [53] (which guarantee convergence of the scheme). It does not satisfy all of them.
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In particular, the matrix | + BX 2 A |(u¥) does not have unit row sum and is not sym-
metrical. The authors [15] adapted the scheme to the equivalent which is -

ukt = 1 (I 2 (1+BY AU Y(u+ (1+B 9 (3.73)
I .

where the matrixQ2=(I 2 (I + B¥) 1A,(uX)) does have unit row sum. Convergence is

achieved in past literature for any small value of [53]. Figure 3.9 demonstrates a selective

segmentation solution achieved on abdominal image by utilising AOS in Robert Chen Convex
Geodesic model.

Figure 3.9: (a) Input abdominal image with marker set (b) segmented image (c) zoomed
segmentation result on a abdominal image.
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Chapter 4

Arterial Input Function Segmentation
based on a Contour Geodesic model
for Tissue at Risk identi cation In
Ischemic Stroke

Deconvolution of concentration -time curves with the Arterial Input Function (AIF) is nec-
essary to identify regions with decreased blood ow in Ischemic stroke patients. This has
been discussed in chapter 1 section 1.3 (1.2). The AIF is a key reference input curve used in
the deconvolution model to obtain quantitative CBF, CBV and perfusion-di usion mismatch
estimation. Selection of the AIF curve in uences the result of the deconvolution operation
and this makes optimal AlIF segmentation very important. The optimal AlF is segmented

in form of multiple pixels (blue dots) in arterial region as in Figure 4.1. The corresponding
AIF curve of the selected AIF pixels should have a baseline followed by a peak along with a
regular recirculation part (Figure 4.1).

Figure 4.1: A)The AIF curve. B) selected arterial region on brain image.
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66 4.1. Introduction

In this chapter, we propose a segmentation model which via minimizing an energy, locates
the arterial regions more accurately. After segmenting the arterial region, matrix analysis
is utilised to nd the voxel with maximum peak height within the contour to overcome the
problem associated with shallow or low peak height AIF selection. This chapter is based on
the author's published paper [3].

4.1 Introduction

There has been plenty of progress in recent years regarding how and where to measure AlF
[54, 55]. Although the AIF should, in principle, be measured from inside an artery (or at
least from a voxel that contains primarily arterial contributions), but many studies in past
often considered measuring the AIF from the region outside or from a region in the vicinity
of an artery [54, 56, 57, 55]. Also, from a practical point of view, due to the coarse spatial
resolution of DSC- (the typical voxel size is 2x2x5nm3) it is di cult to measure the signal

from inside a small artery[58]. Usually in MR-PWI studies suitable AlIF voxels are chosen by
inspecting the peak shape characteristics (e.g., arrival time, height, width, etc.) in a region
in and around arteries. The name given to this input function is generally Arterial Input
Function (AIF) [54, 59].

To improve reliability, quality, and reproducibility of the AIF selection several auto-
matic and semiautomatic methods have been proposed [60, 58, 61, 62]. The majority of the
toolboxes preinstalled in MR scanners use either manual, clustering or arterial likelihood
methods for AIF estimation. For manual AIF selection, a trained clinical operator based
on his or her experience and judgement selects a small number of pixels containing region
of one of the principal arterial vessels [63]. Manual location of AIF is not preferred as this
reduces the procedure reproducibility [58]. Low spatial resolution of MR-PW!I data also
makes manual selection di cult on contrast-MRI-PWI images [61, 60].

Automatic methods were developed to overcome the shortcomings of the manual AlF se-
lection procedure [60, 63, 62]. The clustering based method uses the middle cerebral artery
(MCA) as a elliptical region of interest (ROI) and then utilizes a recursive cluster analysis
to select the arterial voxels [60]. Ine cient AlF selection usually occurs in the cases where
the elliptical ROl does not segment the MCA precisely and some of the arterial voxels are
left on the boundary or in the vicinity of the elliptical marker.

Some softwares use arterial likelihood methods so as to select the potential AIF to match
the arterial features [61]. This includes minimizing the bolus arrival time, peak width and
maximize the peak height. AIF detection algorithm searches for locations or voxels with sig-
nals of above-average amplitude or height along with below-average width and early bolus-
arrival time using a cost function. Final AIF locations are selected in a region with the
highest sum of the clustered values of cost function. Incorrect or awed selection in this
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method arises from the weighting factors used as the penalty factor used for peak height is
much lower than the other penalty factors used in calculation of cost function. This results
in selection of an AIF voxel with a shallow or low peak height. Apart from these methods
several studies use di erent approaches, like a local AlF extraction method was introduced
to replace the global AIF [59, 64, 65]. Despite of the presence of multiple studies to select
AIF, in this study we mainly focus to use to a model to select a AIF with higher amplitude
and early time to peak.

To overcome the limitation of past methods, we propose an improved convex segmenta-
tion model. The PWI images are usually of low contrast which makes detection of edges
di cult [54]. To solve this problem we use a new idea of discrete Total Variation (TV) in
a convex geodesic model. This TV helps in locating the boundary of arterial regions to
separate homogeneous regions or intensity jumps [66]. The modi ed segmentation model
via minimizing an energy can locate the arterial regions more accurately. After segmenting
the arterial region, we use matrix analysis to nd the voxel with maximum peak height
within the contour to overcome the problem associated with shallow or low peak height AlF
selection. Furthermore, to demonstrate better accuracy and arterial features obtained by
the proposed model, a statistical comparison based on PWI dataset of 15 patients is made
between the present method and the previous methods.

4.2 Methods

In the proposed method, we focus on the selective segmentation or specifying the location
of the potential voxels which could be used as AIF in the vicinity of an artery. Initially a
contour representing a region of interest (ROI) is drawn in the surrounding of the arterial
location (Figure 4.2). For this purpose, convex based geodesic selective model is used to
draw the contour on the middle slice of the brain axial images [67]. The advantage with a
contour-based selective segmentation is exclusion of the CSF region as the contour model
segments the ROI region based on homogeneous intensity values. After the segmentation of
the ROI, the matrix analysis is used to nd the potential voxel with maximum peak height
within the contour (Figure 4.2). This ensures that the location or pixel with maximum
height within the contour is selected as the potential AlF.

4.2.1 Proposed contour based AIF Segmentation method

The energy functional of convex geodesic selective model di ers from initial segmentation
models as it includes intensity tting terms as well as distance penalty term which uses
geodesic distance from the marker set rather than the Euclidean distance [67, 68, 69]. Here,
we utilise a Total Variation function in the distance term of the model for denoising the
image (cf. [66] for more information on the Discrete TV utilised in the model). The contour
model involves a convex function and is to be minimized to achieve segmentation. The
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Figure 4.2: Model Pipeline used to estimate perfusion parameters after extracting AlF by a
contour based geodesic model.
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minimizer of this function speci es the criteria to segment selective objects. The minimizer
of the function is in the form of partial di erential equation. The de nition of the function
is -

Let z(x;y) represent the input PWI image, de ned on a image domain R2. u
represents the level set of initial contourcy, ¢, are average intensities of z inside and outside
u. The functional is in the following form-

Z

F(uiciic) = g(ir z(y)iir ujd +

z z z (4-1)

[ 1(z(xy) c)?  2z(xy) c)*Jud + Dwm (x;y)ud + (u)d

, , 1, 2 are non negative parameters. The terng(jr zj) is the edge detector which is
g(s) =1=1+ s? where is tuning parameter. The last term is an exact penalty term due
to convex formulation of the functional, wherev(u)= maxf 0; 2ju %j 1g. This is done to
achieve unconstrained minimization as this encourages the minimizer to be in range [0,1].
We refer the reader to [68, 67, 70] for more information on the model. Next we illustrate the
calculation of Geodesic ternDy [67].

The geodesic distance from the marker set M is given B (x;y) = 0 for (x;y) 2 M and

Du (X;y) = ”%‘),% for (x;y) 62V, where D, (x;y) is the solution of the following PDE:
jr Dm (6 y)i = f(Xy); Dy (Xo; Yo) = 0; (Xo; Yo) 2 M: (4.2)

To improve noise robustness and qualitative nature of segmentation results, we considered
TV denoising by utilising the new de nition of TV. The formulation of the discrete TV to
be used in the geodesic term is [66] -

TV(x) = minfjj vijjiz + jiVs iz + jiVijaz : Livi + Lgvs + L.v.= Dxg  (4.3)

Here, v is the whole gradient eld, which is the concatenation ofv;vg ;v. vector elds
solution to above equation. Its elements; (ny; ny); vs (Ng; No);Vv.(Ny; N,) are vectors located

at positions (n; + %;nz);(nl;nz + %);(nl;nz). The proposed TV is thel;, norm of the
gradient eld v associated to the image, de ned on a grid three times more dense than the
one ofx [66]. De ning it on a three times ner grid allow this TV to detect edges in low
contrast regions, when used in segmentation model (cf.[66] for more information). The new
f is formulated as -

fxy)= o+ &iTV(z(XY))i*+ DEe(Xy) (4.4)

Here TV, (z(x;y)) represents the gradient eld achieved after denoising is done with the
new purposed TV andD¢g is the euclidean distance. We use calculus of variation and solve
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above equation (1) with respect toc; and ¢, with u xed ( cf.[68] for more information on
solving the equation). This leads to-

R
(L) = upg(z,dY))d 4.5)
R
z(x;y))d
&(U) = (1 (;) zl(j;dy)) (4.6)

Using calculus of variation and solving above equation with respect towith xed ¢, and
¢, leads to Euler's equation [68, 70]

ru

U ) [ a(z(xy) c)?  az(xy) )7 De(xy)  (u)=0 (47)

r(g(r z(x;y)i)

We also have Neumann boundary conditiong- =0 on  where n is the outward unit nor-
mal vector. The Numerical solution of the above equation decides the contour that segments
the arterial region (cf.[67, 53] for information on the numerical solution and the scheme used).

4.2.2 Purposed Matrix analysis to nd the potential AIF within
the contour

The steps used to select appropriate AlF voxels inside the segmented region were as following-

1) The coordinates {;j ) of segmented region inside contour represented lbywere formed
into an array A.

A= (i) (2 j2) =(niia) | (4.8)

2) Matrix C had the information of concentration of contrast agent at eachx(y; z;t) of the
brain images, wherex;y were location of coordinates in brain imagez was the slice selected
for AIF extraction and t represented time points.

Conc= x;y,;z;t (4.9)
3) For the the n segmented (i,j) coordinates in theA array, we form following 1 n row

vector C4,C,,..Cy at di erent time points K.

Ck= Condiy;j1;z;k) Condig;jz;z;K) iiiCondin;jn; z; K) (4.10)
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This is done to form a nalk n matrix F which represents information of concentration of
contrast agent in all the selected voxels inside contour at di erent time point in a row wise
manner.

F= C C Gy (4.11)

4) Maximum of F matrix will be the highest amplitude of concentration curves among
all time points and all the voxels. This purposed analysis is used to trace back the spatial
location of the best potential AIF voxels. Finally, global AIF for perfusion analysis is repre-
sented by the contrast agent concentration of the selected AIF voxel.

4.2.3 Perfusion Data acquisition

During the diagnostic MR procedure, fteen stroke patients underwent perfusion imaging. A
clinical 1.5 T MR scanner at the Tri-service General Hospital, Taipei (Signa; General Elec-
tric) was used to acquire contrast-enhanced T2*-weighted images. Single-shot gradient-echo
EPI sequence was utilised (TR : 1800 ms, TE : 40 ms). During Perfusion imaging, bolus
injection (Magnevist; gadopentetate dimeglumine, Bayer Health Care pharmaceuticals Inc.)
was injected with the speed of 5 msec and quantity was 20 ml. After the contrast agent
passes through the tissues, the decrease in signal intensity depends on the contrast agent
concentration, which is considered as a proxy for perfusion. The acquired time series data
are then postprocessed to obtain perfusion maps with di erent parameters. The additional
bene t of using this type of dataset is to accentuate local magnetic homogeneity e ects to aid
in the detection of hemorrhage, core and better segmentation [71]. This study was granted
IRB approval from the Tri-Service General Hospital, Taipei, Taiwan.

4.2.4 Statistical analysis and Perfusion parameter estimation

Statistical analysis

AIF location on the brain axial slices was decided by utilising di erent methods: clustering
method, arterial likelihood method and contour based AIF segmentation method. Due to the
di erent patient conditions, physical condition, severity of the disease, the contrast injection
time, and due to variable time to start the scan, statistical comparisons are only made by
using the di erences of the curve parameters [58]. These curve parameters are amplitude
(peak), the center position of the peak of concentration curve or time to peak, the di er-
ences are represented by amplitude (a.u), center (sec). One-way ANOVA statistical
test was used to establish whether there is a signi cant di erence in terms of amplitude of
AIF selected by the di erent three methods.

Perfusion Parameter estimation

Perfusion DSC model was used to compute the perfusion parameters (CBF and Tmax)
with the global AlFs deduced from di erent methods: clustering method, arterial likelihood
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method and contour based AIF segmentation method. Perfusion analysis was done once
global AIF was decided by the AIF selection methods. On the lines on past perfusion stud-
ies in ischemic stroke, perfusion analysis was done by deconvolution of the tracer kinetic
equation [55, 72, 9, 73].
Ci=Cy R(1) (4.12)

All the image analysis were implemented in MATLAB (Mathworks, Natick, MA). Here
C;(t) denotes the tissue concentration curve at each pixel,(t) is the AlIF either using one
of the three AIF selection methods described above, symbol represents the convolution
operator and R(t) represents the residue impulse response function. Deconvolution of Eq.
4.12 to estimate CBF, Tmax was done using the singular value decomposition method (SVD)
[74, 55, 75]. Deconvolution of Eq. 4.12 for known values Gf(t) , C;(t) at each pixel of axial
slices leads to evaluation of the residue functioR(t). CBF is measured as the maximum
of R(t) [61]. Tmax is the time t for which R(t) attains maximum value [61, 73]. After
estimating CBF and Tmax for all brain tissues, CBF and Tmax are represented visually
on axial slices. Tissue at risk was identi ed by thresholding the Tmax values by Tmax 6
seconds.

4.3 Results

4.3.1 Statistical analysis of Curve Characteristics

Subjectively, the concentration curve of AlF extracted by contour based AIF segmentation
method con rmed to the arterial characteristics, such as large amplitude, small width, fast
attenuation, and gamma-like shape (Figure 4.3). In terms of AIF location, it is visible that
the location selected by contour based AIF segmentation method is quite close or in proxim-
ity of the AIF location selected by arterial likelihood method (Fig. 4.3). In terms of curve
characterstics comparison, contour based AlF segmentation method selects AlF curve with
larger amplitude or higher peak position and with fast attenuation represented by early time
to peak or positive center (Figure 4.3). We also calculated the similarity of the AIF con-
centration curves. The similarity was calculated by Correlation Coe cient, which indicates
that the curves are positively correlated (Table 4.1, Table 4.2, Table 4.3).

The AIF curve characterstics of all other subjects are represented in the form of statistical
tables (Table 4.1, Table 4.2). We also show the Group mean di erences between the con-
tour based peak height AIF method and the previous AIF selection methods to get a group
overview. The group mean di erences indicate that overall the AIF selected by contour
based AlIF segmentation method has better arterial features of higher peak position (Figure
4.3), and fast attenuation as compared to the other AIF selection methods (Table 4.3 ). A
one-way ANOVA (Figure 4.5) revealed that there was a statistically signi cant di erence in
AIF amplitude (peak) between the three AlF selection methods (F(2, 42) = 5.66, p = .0067).
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Figure 4.3: (a)AIF voxels selected by the contour based AIF (green), arterial likelihood
selection method (yellow) and clustering method (red) (left column) (b) Zoomed in images
of contour (dark red) used for AIF selection demonstrates that the voxels selected for contour
based AIF (green), arterial likelihood selection method (yellow) were very close to each other.
(central column) (c) Concentration curves of the selected AlF voxels (Right column). contour
based AIF segmentation method (green curve) selects AIF curve with larger amplitude or
higher peak position, and fast attenuation represented by early time to peak or positive
center than the latter two methods. Each row demonstrates di erent patient.
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Table 4.1: The di erence of curve characteristics between the arterial liklihood method and
contour based peak height AlF selection method.

Sample amplitude (a.u) center (s) Correlation
Contour based AIF Arterial likelihood amplitude (a.u) | Arterial likelihood Contour based AIF  center (s)

1 29 21 8 41.4 39.6 1.8 0.8
2 41.4 41.4 0 17.7 17.7 0 1

3 90.8 27 63.8 27 27 0 0.8
4 46 20 26 43.2 41.4 1.8 0.6
5 80.6 64.3 16.3 33.9 375 -3.6 0.8
6 12 4.3 7.7 50.4 45 5.4 0.7
7 36 19.6 16.4 48.6 46.8 1.8 0.9
8 59.7 13.2 46.5 43.2 45 -1.8 0.7
9 39.5 33.7 5.8 45 43.2 1.8 0.9
10 50.1 12.2 37.9 43.2 41.4 1.8 0.9
11 53.8 33.7 20.1 41.4 41.4 0 0.9
12 69.7 64.1 5.6 39.6 37.8 1.8 0.8
13 42.5 16.1 26.4 34.2 34.2 0 0.9
14 109.5 42.8 66.7 36 37.8 -1.8 0.7
15 56.5 10.8 45.7 41.4 36 5.4 0.8

Table 4.2: The di erence of curve characteristics between the clustering method and contour
based peak height AIF selection method.

Sample amplitude (a.u) center (s) Correlation
Contour based AIF Clustering method  amplitude (a.u) | Clustering method Contour based AIF  center (s)
1 29 3.4 25.6 41.4 39.6 1.8 0.8
2 414 29.8 11.6 19.5 17.7 1.8 0.8
3 90.8 45.7 45.1 30.6 27 3.6 0.2
4 46 36 10 41.4 41.4 0 0.8
5 80.6 65.2 15.4 37.8 37.8 0 0.8
6 12 60.1 -48.1 50.4 45 5.4 0.7
7 36 61.7 -25.7 50.4 46.8 3.6 0.9
8 59.7 48.9 10.8 39.6 45 5.4 0.7
9 39.5 10.2 29.3 43.2 43.2 0 0.9
10 50.11 36 14.11 39.6 41.4 -1.8 0.9
11 53.8 46.7 7.1 39.6 41.4 -1.8 0.9
12 69.7 64.1 5.6 414 37.8 3.6 0.8
13 42.5 16.1 26.4 36 34.2 1.8 0.8
14 109.5 42.8 66.7 37.8 37.8 0 0.7
15 56.5 10.8 45.7 39.6 36 3.6 0.8
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The clustering method and arterial likelihood methods have the same peak for patients
12-15 (Tables 4.1 ,4.2). The contour-based method uses a matrix based approach to ensure
that out of all the potential AIF voxels in the marked contour the selected AIF voxel has
the maximum peak concentration. In subjects 12-15 the other two methods miss out AlF
with maximum peak which is a feature of utilizing the matrix analysis post selection of ROI
for AIF by contour-based model.

In Figure 4.3 we have shown the cases where the contour method selects AlF with better
arterial features i.e., high peak and early time to peak than the latter two methods. In
Figure 4.4 , both the methods select a similar AIF voxel and this represents that in some
cases both arterial likelihood method and contour-based method may yield the same result
for AIF i.e. in this case arterial likelihood method may not miss out the peak AIF voxel.

In contrast, for all other subjects both the AIF locations are quite close but the arterial
likelihood method misses out the location with highest peak (Figure 4.3). This could be due
to the varying physical conditions, severity of the disease, noise associated with signals and
the variability of contrast injection time among di erent patients. Although we processed

all the samples, considering the number of samples, we only showed selected AIF location
and corresponding concentration curve of three of them. For a patient, the contour method
yields an AIF curve after 14 s (seconds). Time taken by the clustering method and arterial
likelihood method for the AIF estimation was 9 s and 13 s. (Intel I5/Ram :8gb/ MATLAB
2020(a)).

Figure 4.4: (A)Similar AIF voxel (Green) selected by the contour based AlIF and arterial
likelihood selection method (left column) (B) Zoomed in images of contour (dark red) used
for AIF selection demonstrates similar voxel selected for contour based AIF (green) and
arterial likelihood selection method (central column). (C) AIF Concentration curves of the
selected AIF voxel (right column).
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Figure 4.5: Comparison of AIF amplitude for the AIF selected by the three methods in
the patient cohort. A one-way ANOVA revealed that there was a statistically signi cant
di erence in AIF amplitude (peak) between the three AIF selection methods ( F value =

5.66 , P value = .0067).

Table 4.3: Group mean di erence between the Contour based peak height AIF method and
the previous AIF selection methods.

Method amplitude (a.u) center (s) Correlation coe cient
Clustering method 16.7 1.08 0.7
Arterial likelihood method 26.1 0.9 0.8
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Table 4.4: Perfusion parameters ( Tmax and CBF ) for di erent AIF selection methods.

Method Tmax (s) | CBF (a.u)
Contour Based AlF Mean 1.87 81.9
SD 2.09 64.7
Arterial Likelihood method | Mean 1.6 178.3
SD 3.01 139.9
Clustering method Mean 1.13 296.5
SD 2.8 229.6

4.3.2 Perfusion maps

We derived the perfusion parameters (CBF, Tmax) corresponding to the AIF given by all
three methods in each pixel in each sample. For comparison we used a similar SVD deconvo-
lution method with the optimal standard threshold [74]. The perfusion maps were accessed
by an experienced clinical from veterans hospital. Based on the feedback investigators con-
cluded that perfusion parameter maps could be utilised for diagnosis.

Figure 4.6: Tissue at risk (Red) maps estimated by AIF from (A) clustering (B) arterial
likelihood method and (C) contour based AIF from left to right. (D) Tissue at risk identi ed

by the commercial software. Tissue at risk is identi ed by Tmax 6 sec and is overlaid on
brain masks. Among the three methods, contour based AlIF method has the closest prediction
of Tissue at risk (168 mL) with the tissue at risk identi ed by the commercial software (175
mL) considered as golden standard for perfusion processing outcome.

The distribution of CBF and Tmax maps based on the AIF selected by all three meth-
ods is basically the same, however ischemic regions or tissues at risk can be clearly located
through the perfusion maps given by contour based segmentation method (Figure 4.6, Figure
4.7). The mean and standard deviation of perfusion parameters (CBF and Tmax) over a
cohort of all patients are shown in Table 4.4. The other two AIF selection methods estimate
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Figure 4.7: CBF maps estimated by AIF from (A) clustering (B) arterial likelihood method
and (C) contour based AIF from left to right. CBF values obtained from the contour based
AIF method are lower than the latter two methods due to the larger peak and lower time
to peak of the AIF. This allows to locate the core regions with decreased blood ow more

precisely and accurately.
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lower Tmax and higher CBF values, which misleads us in terms of severity of Ischemia and
the size of tissue at risk. The mean CBF values obtained by our method are in general lower
than those obtained by the other two methods ( Table 4.4). The mean Tmax values obtained
by Contour based AIF selection method are higher than those obtained by the other two
methods (Table 4.4). Higher Tmax and lower CBF values reported are due to the early time
to peak and the larger peak value of the AIF curve.

With the help of a sample example of a stroke patient we illustrate that tissue at risk
was clearly located with improved visual speci city (Figure 4.6). The clustering based AlF
method failed to estimate the tissue at risk in this case (Figure 4.6). Contour based method
estimated the size and volume of tissue at risk similar to the size estimated by a widely used
commercial software considered as golden standard for perfusion processing outcome.

4.4 Discussion

4.4.1 AIF and contour based models

Contour based segmentation models have been widely used for object segmentation in images
with noise and inhomogeneous intensities [67, 76, 46]. They are usually based on a func-
tional and the minimizer of this functional decides the accuracy of segmentation [46, 68, 70].
However, up to date this has not yet been applied for AIF estimation in PWI studies. Ex-
perimental and comparison results suggest that the discussed method performs better in
terms of AIF estimation as compared to earlier methods. The present method has been
proved to be robust to detect voxels with large amplitudes, small width, fast attenuation,
and gamma-like shape as potential AlF. The utilization of discrete TV allows the contour
model to deal with noisy data sets as well as with in homogeneous intensities.

Recent studies utilized a deep convolutional neural network (CNN) to automatically identify
AlFs in computed tomography perfusion (CTP) and perfusion-weighted MRI (PWI) datasets
[77, 58]. These studies concluded that CNN network models could be potentially viable as
the cross-correlation values of manual AlFs with CNN AlFs were observed higher than the
AIF decided by the traditional methods [77]. The CNN-derived AlFs for the PWI data-sets
showed marginally greater peak heights and early time to peak. CNN models require the
choice of ground truth as an input and this ground truth is mainly a manual selected AlF.
Here, to provide ground truth user has to inspect each voxel which is inside the arterial
ROI. This might be time consuming and there are high chances of missing a voxel which
could represent a AlIF with better arterial features. Comparatively, the purposed method
is selective and just requires a single click to set a marker point or to localize the arterial
region as region of interest (ROI) and nd a suitable AlF voxel.
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4.4.2 Tissue at risk and limitations

Tissue at risk or Ischemic penumbra denotes the stroke region that is at risk of progressing
to infarction but is still salvageable [61, 78]. Ischemic penumbra is usually located around an
infarct core which represents the infarcted or blocked necrotic tissue [79]. Cerebral perfusion
in terms of parameters is the key information that helps to locate the penumbra around the
infract core [58, 79, 80]. AIF plays a central role in cerebral perfusion estimation. PWI
studies proved that AIF measured with a lower amplitude, large width and slow attenuation
could produce a four times blood ow overestimation along with inaccurate ischemic penum-
bra [81]. We could observe that (Figure 4.6) di erence in AlIF selection makes a substantial
bias in the estimation of ischemic penumbra.

With the help of an example (Figure 4.6) we demonstrate that the accuracy and visual
reliability to identify tissue at risk with our model is promising. Among the three methods,
contour-based AIF method has the closest prediction of the tissue at risk in comparison
to a commercial software. Detection of ischemic infraction is important because of narrow
window of therapeutic e cacy. Inclusion of this fast and e cient AlIF selection algorithm
presented in this study in clinical settings may optimise the delivery of stroke care. The
proposed method could potentially be considered as part of the calculation for perfusion
imaging in general.

This study has several limitations. In this study, we used MR-PWI data set of 15 patients.
In clinical settings, collecting the data-sets for a broader patient cohort is challenging due
to the restricted access to urgent MR-PWI and the contraindications (e.g., uncharacterized
metallic foreign bodies) related to MR-PWI acquisition [382]. Recent studies have demon-
strated that Computed Tomography Perfusion (CTP) can provide information related to
treatment decision making at a level similar to MR-PWI [82]. Due to the greater accessibil-
ity of CTP, further CTP studies on a large data set with variability of onset of stroke are
required to demonstrate the consistency of purposed AIF selection method. Also, it would
be worth to see if the proposed model can deal with the noise and in-homogeneity in the CT
perfusion images.

4.5 Conclusion

This chapter proposes a contour-based segmentation model for estimating AIF curves in
brain perfusion images. This segmentation framework worked on perfusion images at levels
superior to the current clinical state of the art. The model estimated AIF curves with higher
amplitude and early time to peak along with a good performance in identifying the tissue
at risk. Inclusion of this improved AIF selection methodology discussed in the study will
facilitate prediction and localization of the ischemic penumbra, which in turn may optimise
the delivery of stroke care and surgical pharmaceutical treatments.

80






Chapter 5

Partial Volume E ects correction and
Curve tted Arterial Input Function
for Core and Penumbra estimation

After optimal Arterial Input Function (AIF) segmentation as purposed in chapter 4, there
are still some artefacts that a ect the penumbra and core estimation in stroke patients. In
this chapter, we discuss two key problems associated with the perfusion parameter estima-
tions.

In rst section of this chapter, we focus on the partial volume e ect correction (PVE)
for AIF. Firstly, we introduce basic notion of PVE. During AIF segmentation or AIF pixel
selection on brain axial slices, most of the times the AIF represents only some fraction of
the arterial blood, known as partial volume e ect. In light of the substantial in uence of
the PVE on AIF as well as perfusion parameters, we investigate potential approaches for
minimization of the volume averaging artifacts associated with the PVE. If not corrected,
these artifacts generate misleading CBF and Tmax brain images that fail to identify infract
regions as shown by an example (Figure 5.1). This section is based on authors published

paper [6] .

Segmented AIF curves with a distorted baseline, shape-amplitude errors in the rst pas-
sage, and non-identical recirculation portions as shown in Figure 5.2 (B), predict incorrect
perfusion parameters [2]. In the second section of this chapter, we use deep learning to
generate a distortion free AlF. An example of distortion free AIF or CNN AIF is given in
Figure 5.2 (C). In this example, predicted AlIF combines features of consistent baseline, peak
amplitude, and identical recirculation portions. The utilisation of this CNN based AIF in
perfusion parameter pipeline 1.2 improves volumetric assessment of core and penumbra is
association with clinical scores. This section is based on a published conference paper (Eu-
ropean Congress of Radiology 2023, https://www.myesr.org/congress).
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Figure 5.1: Example of misleading perfusion parameter maps. (A) Apparent di usion co-
e cient (ADC) image is an indicator of infract region. The dark region on ADC image
thresholded by ADC 620 10 ®mm?=sis the infracted core (red arrow). (B) CBF map
(bottom) [mL/100 g/min]. This CBF map does not indicates the infract region as repre-
sented on the ADC map, which is a result of inaccurate quanti cation of CBF.

Figure 5.2: Curve Fitted AIF for a single dataset (A) AIF location is marked as a red dot.
(B) AIF curve with distorted baseline and shape amplitude errors (C) Predicted curve tted
AIF curve by CNN model as an output.
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5.1 Partial volume a ect correction for Arterial Input
Function (AlF)

As discussed in chapter 4, in perfusion quanti cation's, one of the most important function
which is required as input from the perfusion data, is the arterial input function (AIF) [2].
When the voxel or region that has been selected for quanti cation of AIF has only some
fraction of the arterial blood, the partial volume e ect (PVE) arises. During measurement

of AlF, spatial resolution used in perfusion MRI and the average size of major arteries make
a degree of partial volume unavoidable [83, 2, 10]. The arterial and tissue contributions are
complex numbers with amplitude and phase. The magnitude and phase of tissue components
in the selected AIF voxel may decide whether there will either destructive or constructive
contributions by the tissue components [2].

The perfusion model 1.2 uses AIF as an initial input to calculate perfusion parameters
as nal output [2]. In the process of calculation of perfusion imaging parameters, the PVE
seriously a ects the estimation of Arterial Input Function (AIF) [10, 84, 85, 86, 87, 88] . As
voxels with signals from both artery and surrounding tissues may result in distortion of the
signal loss of the contrastive agent during the passage of blood, this may lead to erroneous
estimation of AIF, which consequently yields misleading brain maps of CBF and Tmax. In
current clinical practices, volumes on brain image with Tmax greater than 6 s are considered
to be the critically hypoperfused region, which is also known as the penumbra, and tissues
with relative CBF < 30 % are considered to be the infarct core [89]. Early and correct as-
sessment of the hypoperfused as well as infract regions are critical for appropriate diagnosis
and treatment decisions in acute stroke [10, 88, 89].

We hypothesize that correct estimation and reasonable perfusion parameters can be
achieved by several rescaling methods of AlIF. This enhancement could be evidently seen
from the Tmax and CBF images before and after rescaling. This proposed enhancement
method will use multiplicative rescaling on the multiple AlIF voxels to minimize the under-
estimation or overestimation of AIF and CBF values. By increasing the size of the region
from which the AIF is sampled, we will demonstrate the increase in the PVE and the in-
creased distortion of AIF estimation. Three di erent multiplicative rescaling approaches are
used to rescale the AIF, as follows: (a) scaling using AIF curve; (b) scaling using VOF
curve; (c) scaling by matching peaks. The rescaling factor is decided according to di erent
rescaling approach and is applied to the AIF concentration curves. Finally, the variation in
CBF value estimated from the reference AIF with minimal PVE and the AIF concentration
curve after rescaling is evaluated. Based on these comparisons, an optimal scaling method
to minimize the PVE is determined and the perfusion parameter maps are generated. It
is anticipated that the scaling approach will generate rational parameters, as it takes into
factor the conservation of the time integral of the tracer concentration curve, C(t), through
the vasculature, which might a ect the AIF calculation most.
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5.1.1 Materials and Methods
Data Acquisition

Fifteen patients su ering from acute ischemic stroke underwent perfusion imaging as a part
of their diagnostic MR procedure. A single-shot gradient{echo EPI sequence (TR/TE/ip
angle/number of slices/voxel size: 1800 ms/40 ms/60/23/1 1 5 mm) on aclinical 1.5 T
MR scanner (Signa; General Electric) was used to acquire contrast-enhanced T2*-weighted
images from the Tri-Service General Hospital, Taipei. During perfusion imaging, with the
speed of 5 mL s!, a dose of 20 mL of bolus injection (Magnevist; gadopentetate dimeglu-
mine, Bayer Health Care pharmaceuticals Inc, Berlin, Germany) was injected. The present
study was granted the review board approval by the Tri-Service General Hospital, Taipei,
Taiwan.

Approaches for correction of the Artefacts that arise from the PVE

Voxels containing signal contributions from both the artery and the surrounding tissues are
referred as voxels a ected by the PVE [34, 85]. Since the signals come from the artery
and the neighboring tissues, we rst de ne the signals from these regions. Suppose we have
PVE-a ected voxels, which are selected for AIF estimation; they are composed lfand t
fractions of arterial blood signal §,) and tissue signal §). The MR signal from the entire
voxel (S,) then re ects the weighted average of signalS, and S;, as follows:

S, = kSy + tS; (5.1)

If it is assumed that the tissue contribution is much smaller than the arterial contribution

(kS; > tSy), then multiplicative rescaling can be used to estimate correct arterial signal
from the measured voxel signal by multiplication with the inverse volume fraction of arterial
blood [85] i.e.,

_ S
Sa—?

(5.2)

A direct evaluation of S, is not possible since k is unknown. The present study implements
three di erent criteria to determine the rescaling factork. The MR signals are converted to
concentration curves based on a traditional nonlinear relationship provided by earlier studies

[5, 2].
S(t) = Spe s O (5.3)
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85 5.1. Partial volume a ect correction for Arterial Input Function (AIF)

Sp is the baseline (pre-bolus or pre-contrast agent) MR signal intensity, E is the echo time,

p is the proportionality constant taken as p = 1 [20], andC(t) represents the concentration
time function. A direct expression for concentration values based on MRI signal data is
derived by inverting Equation 5.3, as follows:

_ (P, S
C() = (TE)In s, (5.4)
A reference arterial curve derived from a voxel with minimal PVE is manually selected. The
MR concentration from the entire voxel C,) re ects the weighted average of concentration
in artery (C,) and concentration in tissue C;), which can be expressed &S, = kC, + tC;.
Assuming that the concentration in tissue is much smaller than the concentration in the
artery, this can be simplied asC, = k C,. Following this argument, k is estimated from

concentration values, as follows:

Z1C _Zl _Zlcv(t)
ref (t)dt - Ca(t)dt - k
0 0 0

The rst two parts of the equation imply that AIF concentration time curve (C,) has the
same area under the curve (AUC) as any other manually selected reference concentration
time curve (Cer ) [91]. The relationship of conversion of MRI signal to concentration values
is nonlinear (Equations 5.3). In this study, we intend to make use of AUC of concentration
curves rather than the signal curves to derive scaling factér So, we assume that during the
calculation of AUC of arterial curve the non-linearity of signal to concentration conversion
will have minimal e ect. On the similar pattern of Equation (5.2), AUC of arterial curve
would be ratio of AUC of the concentration curve from multiple voxels to the scaling factor,
this is represented analytically in last two parts of Equation (5.5).

dt (5.5)

The rst rescaling approach referred as scaling by AIF uses concentration curve of a
reference AIF as C.e ) and concentration curve of selected multivoxel AIF region as()
in Equation 5.5 to estimate the scaling factor k. The second rescaling approach referred as
scaling by VOF uses concentration curve of a venous output function (VOF) &S, and
concentration curve of selected multivoxel AIF region asQ,) in Equation 5.5 to estimate
the scaling factork. The rst two rescaling approaches are based on the principle of conser-
vation of time integral of tracer concentration curveC(t) through the vasculature. The third
rescaling approach, referred to as scaling by peak, estimates the scaling faktby matching
the peak height of the multi-voxel AIF concentration time curves with the reference concen-
tration time curve. This follows that the multivoxel AIF will have similar characteristics to
any other concentration curve in terms of peak height [35].
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86 5.1. Partial volume a ect correction for Arterial Input Function (AIF)

Reference AIF Curve

During PWI-MRI, the internal carotid artery (ICA) is nearly perpendicular to the axial plane

and o ers the advantage of easy and reliable manual identi cation with minimal errors from
volume-averaging artifacts [2]. As demonstrated in Figure 5.3 (a), internal carotid artery
(ICA) is used asC,¢s in the model Equation 5.5, as it is associated with minimal errors from
volume-averaging artifacts. The increased size of the AIF sampling region represents the
increased degree of the PVE. The AIF concentration was measured from 3, 5, 7, 9, and 11
voxels centered around the reference ICA voxel (Figure 5.3b).

Perfusion Analysis

The reference AIF curve C,¢t ) for the rescaling approach, was measured from an ICA voxel
where the concentration curve had the features of large amplitude (peak), small width,
and fast attenuation. The venous output function (VOF) is the concentration{time curve
measured in a vein that drains the organ of interest. Based on practical and theoretical
considerations, manual VOF is often chosen from the sagittal or transverse sinus [2, 85, 89].
To obtain a VOF with peak from the rst-pass bolus passage followed by a recirculation
peak, voxel with the maximum signal in the sagittal sinus is chosen as the reference VOF
curve. To reproduce AlFs with an increasing degree of the PVE, we used concentration
curves measured from ROIs of widths 3, 5, 7, 9, and 11 voxels, centered on the reference AIF
voxel for 15 patients. A region of interest (ROI) tissue was manually selected in the grey
matter [92] to evaluate the CBF percentage change CBF ). CBF is the percentage
change of CBF estimated from rescaled AlFs relative to the CBF estimated from reference
AIF curve. When using the VOF approach, the reference AIF concentration curve (width
of 1 voxel) was also rescaled with the reference VOF curve.

Perfusion quanti cation for CBF was performed by deconvolution of the tracer kinetic

equation (Equation 5.6) [5, 83, 8], implemented using MATLAB scripts (MathWorks, Nat-
ick, MA, USA).
Ci(t) = CBF( C4(t) R(1)) (5.6)
CBF = L Hsv}max R(t) (5.7)
1 Hy

where C;(t) denotes the tissue concentration curve of the ROI located in gray matte€,(t)

is the AIF either corrected using one of the three rescaling criteria described above or with-
out rescaling, symbol represents the convolution operator, anB(t) represents the residue
impulse response function. Deconvolution of Equation 5.6 to estimate CBF was carried out
using the block circulant singular value decomposition method (cSVD) [5, 8, 93]. The block
circulant decomposition method has an advantage of being less sensitive to tracer arrival
timing di erences. Deconvolution of Equation 5.6 for known values of,(t),C;(t) leads to
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Figure 5.3: (a) Red colored square represents ICA used for reference AlF determination. (b)
Increased size of the AIF, i.e., AIF concentrations were measured from 3, 5, 7, 9, and 11
voxels centered around the reference ICA voxel shown by black, blue, red, green, yellow, light
blue colored squares, respectively. (c) An example of non-corrected AlFs (3 voxel AlF; blue
curve) and corrected AlFs by all 3 scaling approaches. For a single subject, the unscaled
AIF was derived from a 3-voxel-wide region to include the e ect of the PVE. ICA: internal

carotid artery; PVE: partial volume e ect.
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88 5.1. Partial volume a ect correction for Arterial Input Function (AIF)

evaluation of the residue functiorR(t). CBF is measured as the maximum oR(t). Further-
more, Hy,, and Hg, represent a correction for di erent levels of hematocrit in large vessels
and small vessels. Here, the values used dflg, = 0.25, H, = 0.45 and = 1.04 g/mL
(density of the brain) [92, 94]. After estimating CBF and Tmax for all brain tissues, CBF
and Tmax are represented visually on axial brain maps.

5.1.2 Results

Figure 5.3 (c) is an example to see the e ect of the AIF correction by all the three scaling
approaches. For a single subject, the unscaled AIF was derived from a 3-voxel-wide region
to include the e ect of the PVE. After correction, the peak of unscaled multi voxel AIF (3
voxels wide) reduces for all the approaches and there is slight change in the tail (recircula-
tion) part. The VOF approach rescales the AlF to large extent.

Figure 5.4 shows curves of rescaled AlFs with increasing degree of the PVE plotted as
function of time using di erent scaling approaches. Overall, the deviation of the rescaled
AlFs from the reference AIF increases with increasing PVE (i.e., increased number of voxels
used for measuring AIF). Rescaling of AlFs by using scaling by AlIF approach leads to small
deviations at the tail, but large deviations at the peak (Figure 5.4 (A)). Rescaling of AlFs
by matching peak reproduces peak similar to reference AIF for rescaled AlFs. However, this
approach fails to accurately reproduce the tail similar to the tail of reference AIF (Figure
5.4 (B)).

Rescaling of measured AlFs using scaling by VOF approach gives rise to results similar
to the rst approach apart from the decrease in the overall peak height estimates of rescaled
AlFs (Figure 5.4(C)). The tail accounts for the recirculation of tracer in the brain vascu-
lature after an initial bolus passage, whereas the peak represents the maximum amplitude
bolus rush through the brain vasculature [2]. The ideal AlIF concentration curve has to rep-
resent correct tail and peak in order to reproduce more reasonable perfusion parameter maps.

Rescaled AlFs curves do not coincide with the exact reference AIF curve (Figure 5.4).
Rescaled AlFs match the exact reference AIF curve either at peak height or at tail. The least
percentage change of CBF values estimated using rescaled AlFs from CBF values estimated
using reference AIF may decide the most appropriate scaling approach. The least percentage
change of CBF indicates the approach that will be least a ected by the volume-averaging
artifacts.

Deviation of CBF, based on all 15 patients, which is represented as CBF, was estimated

as percentage di erence in CBF estimated using rescaled AlFs and reference AlF. Rescaling
of the AIFs was conducted using the following four approaches: no scaling, scaling by AlF,
scaling by VOF, and scaling by peak height. The increasing degree of the PVE and its
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89 5.1. Partial volume a ect correction for Arterial Input Function (AIF)

association with  CBF in 15 patients is shown in Figure 5.5. As shown in the Figure 5.5,
CBF values estimated from non-rescaled AlFs without any modi cation increases as the
number of voxels used for measuring AIF increases. This shows that the increased PVE
resulting from the increased number of voxels might seriously a ect the estimation of AlIF
and consequently the calculation of perfusion parameters. Rescaling of the AIF using either

of the three approach results in the reduced CBF values. Overall, scaling by AIF and
scaling by VOF seemed to achieve the best and similar results as they yield the leasIBF
values when the PVE increases maximally among all scaling approaches.

Figure 5.5: Average CBF divergence from reference CBF plotted against increasing number
of voxels. Average CBF divergence for group of 15 patients is plotted according to increased
partial volume e ect (PVE) for all four scaling approaches indicated by the legend on right.

The CBF brain map was generated in the absence of scaling of AIF as well as by us-
ing the VOF rescaling approaches (Figure 5.6). In some cases, relative to the CBF map
generated by using non-rescaled AlF, the CBF map generated by rescaled AIF approaches
showed increased CBF values on the slices in the left and right hemispheres (red color) (vis-
ible in Figure 5.6). From Equations (5.5) and (5.6), it follows that the ratio of scaled and
unscaled CBF values should be the scaling factér The images of the ratio of scaled and
unscaled maps are expected to show the factrfor every voxel (Figure 5.6 (c)). The mean
CBF values, based on all 15 subjects using non-rescaled (AIF ROI width = 5 voxels) and
VOF approach, were 43.98 and 61.16 mL/100g/min, respectively. The mean CBF values
for AlF-rescaled and peak scaled approach were 57.10 and 47.10 mL/100g/min, respectively.
At individual level, all the fteen patients in this study did not follow similar pattern of

89



90 5.1. Partial volume a ect correction for Arterial Input Function (AIF)

Figure 5.4: Rescaled concentration curves of Arterial Input Functions (AIFs) generated using
di erent scaling methods. The legend in (A) indicates the width (in voxels) of ROI used
for measuring the AIF. (A) Rescaled AlFs generated using scaling by AIF approach. (B)
Rescaled AlFs generated using scaling by matching peak height approach. (C) Rescaled
AlFs generated using scaling by VOF approach. VOF : Venous Output Function.
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91 5.1. Partial volume a ect correction for Arterial Input Function (AIF)

underestimated CBF values due to the PVE. To generalize, we need a larger dataset to con-
clude whether the scaling corrects the underestimation of CBF, as this could vary patient
to patient in a small cohort.

Figure 5.6: (a) CBF (mL/100 g/min) map generated by using rescaled AlF (b) and non-
rescaled AIF. CBF map generated using rescaled AlF represents increased CBF values in
the shown axial brain slices. CBF maps from non-rescaled AlF display mostly all the ROIs
with decreased blood ow which makes it di cult to locate the regions which actually have

a decreased ow. CBF images derived using rescaled AIF display ROIs with increased ow
(red color) which helps to segregate the regions with decreased blood ow. This may help
clinicals to identify the infract regions as well as regions with decreased blood ow on visual
brain CBF images. (c) Maps illustrating the ratio between CBF values derived from the
re-scaled and the non-scaled AlF.

The Tmax (seconds) map was generated using the rescaled AIF (VOF approach) (Figure
5.7) (top) and non-rescaled AlF (Figure 5.7) (bottom). The Tmax map generated using the
rescaled AIF showed increased values in the axial brain slices in the left and right hemi-
spheres. The mean Tmax values (range of 0{12 s) based on 15 subjects using non rescaled
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(AIF ROI width = 5 voxels) and VOF approach were 4 s and 7 s, respectively. The derivation
of Tmax is performed from the residue functionR(t)), which is achieved by deconvolution
of Equation 5.6. Tmax is the argument, i.e.t of the maximum of R(t). The deconvolution
utilizes a matrix method called the circulant singular deconvolution, which is sensitive to the
peak amplitudes of AIF (cSVD) [93]. The changed AIF amplitude used in the cSVD algo-
rithm shifts the maximum of R(t) to a higher time pointst which accounts for higher Tmax
values. The change in Tmax is consistent with a previous study where di erent AIFs with
changed amplitudes and similar shape selected by di erent algorithms resulted in change
of Tmax values [4]. The increased Tmax maps generated by the rescaled AIF may allow
clinicals to visualize the critically hypoperfused regions which are likely to be salvageable.

Figure 5.7: Tmax (seconds) map generated by using (a) rescaled AlIF (b)non-rescaled AIF
for one subject. Tmax map generated using rescaled AIF represents increased values in the
shown axial brain slices.

5.1.3 Discussion

In the present chapter, we used multiple AlF rescaling approaches using perfusion imaging
data so as to correct the amplitude falsi cation of the multi-voxel AIF. This, thorough in-
vestigation, has allowed us to study the e ect of the PVE on a multi-voxel AlF, which is a
prerequisite for obtaining accurate CBF measurements using MR bolus tracking [84]. The
signi cant ndings of the study revealed that rescaling AlF using scaling by VOF approach
leads to more reasonable absolute perfusion parameter values, represented by the increased
mean CBF/Tmax values and CBF/Tmax images. This may assure that the core or brain
regions with decreased blood ow will not be overlooked. The present study has shown that
the absence of multi-voxel AlF scaling results in inaccurate and untrue CBF values.
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The spatial resolution typically used in the cerebral DSC-PWI, ® 1:9 5mm?3 makes
it di cult to identify vessels and only voxels placed in the ICA could be selected as reference
AlIF, free from partial volume of the tissue [95]. Selecting more voxels or a large region for
AIF estimation can lead to signi cant PVE. However, PVE-corrected, multi-voxel AlF is
necessary as AlF obtained from a single voxel or a small region is not reliable enough due
to noise in spatial measurements and motion in temporal measurements [4]. In this study,
we intend to make use of scaling as a way out to calibrate a multiple voxel AIF which would
further lead to reduce the e ect of the PVE on the quanti cation of absolute CBF and
Tmax values. The great bene t associated with this type of linear scaling is that prede ned
thresholds could be used for evaluation/comparison of perfusion images and parameter val-
ues obtained from di erent scanners examined at di erent time points.

For the typical spatial resolution used in DSC-MRI studies, average size of major arteries
and considering that the true AIF as signal is saturated at peak concentrations for a voxel
with 100% blood, a degree of partial volume is in practice unavoidable when measuring the
AIF [2]. The signals from the arterial and tissue contributions are complex numbers (with
amplitude and phase), which makes selection of PVE-free AIF more complicated [?]. The
scaling method used in this study might be a pragmatic way of using a multi-voxel AlF.
Considering the di culty involved in the selection of PVE-free reference AIF, we can con-
sider that reference AIF in the study is an approximation of the true AlF with minimal PVE.

Clinically, AIF selection depends on the expertise, experience, and skill of experts ac-
companied by time consumption, low reproducibility, and often including tissue signals in
AIF. In the past, perfusion studies utilized AIF selection approaches such as slice-specic
AIF selection, clustering methods that require ROI to be marked manually prior to AlF
extraction [11, 96, 97, 98], and multi stream 3D CNN method [4, 99]. No matter what
selection strategy is taken, the PVE is always present as the voxels selected may exhibit
partial signals. Therefore, a proper approach must be taken to solve the problem. Rescaling
of AIF discussed in the present study can be carried out for PVE correction even if the AIF
selection procedure is slice speci c.

The extent of the in uence of PVE on the output perfusion parameters has been observed
in previous research. In vivo studies have reported large variations in perfusion parameters
due to the PVE [34, 85, 95, ]. Past simulation results in DSC MRI proved that un-
corrected AIF measured with a partial volume fraction of about 50% could produce a four
times CBF overestimation along with distortions of AlF frequency characteristics [84]. In-
vestigation of the impacts of the PVE on quantitative perfusion metricsat 1.5 Tand 3.0 T
has reported broaden tissue contribution, resulting in uctuations in the AIF which further
compromises quantitative perfusion estimates in a nonlinear fashion [95].

Inaccurate AIF estimation can be minimized by correction for partial volume e ects
by utilizing speci c post processing approaches or data acquisition techniques. Past MRI
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research has reported that correction for the PVE was appropriate for arteries that were
parallel to the main magnetic eld by estimation and subtraction of the static signal of the
surrounding tissue [100]. However, to measure quantitative input function of vessels that
were not parallel to the main magnetic eld was still a challenge [100]. CTP studies suggested
that AIF measurements should be done with smaller section thickness, i.e., small location or
reduced voxel volume, as AlIF and VOF measurements from thicker sections would cause an
overestimation of CBV and CBF [101, ]- Invivo MRI studies have suggested that minimal
impact of the PVE in AIF measurements may be achieved with reduced contrast dosage and
minor adjustments to the pulse sequence [34]. Previous research used linear scaling methods
for the correction of PVE-a ected AIF on T1l-weighted perfusion imaging datasets as they
allow easy identi cation of the large arteries [85]. Rescaling using VOF as a reference was re-
ported as most feasible approach [85]. The present study used T2-weighted perfusion imaging
datasets and used rescaling on AIF concentration curves rather than the MR signal curves
and proved to be consistent with past results of PVE correction of T1-weighted datasets [35].

Recent studies in DCE-MRI demonstrate that inter-frame realignment have a huge e ect
on parameter mapping [103]. In this study, reference AIF (red colored square represented
on ICA (Figure 5.3a) and ROI used as multivoxel AIF (i.e., AIF concentrations measured
from 3, 5, 7, 9, and 11 voxels centered around the reference ICA voxel shown by black, blue,
red, green, yellow, light blue squares, respectively, in Figure 5.3b) were measured on a same
brain MRI axial slice for all subjects. For the geometrical alignment of axial brain slice
selected for AIF determination, co-registration to a common template for all subjects after
the acquisition was considered. However, in case if multiple axial slices are utilized for AlF
selection across the subjects, then inter-frame realignment has to be considered due to its
impact on parameters. The limitation of the present study is that multiplicative rescaling
can only be used if tissue contribution is much smaller than the arterial contribution. This
condition restricts AIF correction in case when there is ample amount of surrounding signal
contributions to the AIF. The use of scaling factor assumes that any PVE in the AIF can
be represented by linear scaling; however, in the case of large signal contribution from sur-
rounding tissue, the PVE can be very complex and can distort the AlF shape.

5.1.4 Conclusions

In summary, the present study demonstrates that utilizing scaling approach provides more
reasonable absolute perfusion parameter values, represented by the increased mean CBF/Tmax
values and CBF/Tmax images. This will assure that the core, as well as the infract region,
will not be overlooked. Distortions due to the PVE might be still present in AIF after the
scaling as it does not a ect the shape of the curve to a large extent. Rescaling AIF by VOF
approach seems to be the robust and adaptable approach for correction of the PVE-a ected
multivoxel AIF. Absence of multi-voxel AIF scaling during deconvolution of the tracer ki-
netic equation may lead to inaccurate CBF values.

94



5.2. Core and Penumbra estimation using Deep learning based AIF in association with
95 clinical measures in Computed Tomography Perfusion (CTP)

5.2 Core and Penumbra estimation using Deep learn-
ing based AIF in association with clinical measures
in Computed Tomography Perfusion (CTP)

5.2.1 Introduction

Deconvolution of two time-dependent functions, Concentration time functio;(t) and Arte-

rial Input function (AIF) C,(t), is required for CTP parameter estimation [83]. AlF curves,
in general, have a baseline period, a rst passage, and a recirculation part. AIF with a dis-
torted baseline, shape-amplitude errors in the rst passage, and non-identical recirculation
portions predicts incorrect perfusion parameters [2]. These inherent errors may lead to the
identi cation of incorrect core and penumbra volumes [2].

The estimation of the CTP parameters can be improved by curve tting (CF) of hemo-
dynamic models to the AlF, according to recent studies [104]. Arterial concentration time
curves plotted against time points signify that contrast agent is injected into a blood ves-
sel upstream and dilutes downstream [2]. Curve tting can assure an AIF with a constant
baseline, a rst passage with a peak amplitude, and identical recirculation portions [90, ].
To achieve this, previous studies modelled arterial concentration time curves by using the
gamma variate function, which has the value [104] :

C(t)eym = K(t AT) exp( t_AT)

) (5.8)
Here t represents the time points, AT is the bolus arrival time, K the constant scale
factor, and to describe the shape of the curve and are used as arbitrary parameters.

Apart from the thresholded perfusion parameters, medical professionals also refer to the
NIHSS and ASPECT scores to make thrombectomy decisions [105, ]. Clinical trials re-
quire a severity assessment, NIHSS is considered as the gold standard for stroke severity
rating as it has been shown to be a predictor of both short and long term outcome of stroke
patients [L07]. In the NIHSS scale (0-42), score of 1-4 represents minor stroke, 5-15 indicates
moderate stroke, 16- 20 characterizes moderate to severe stroke and a score of 21-42 indicates
that the patient has severe stroke [108].

ASPECTS measures early ischemic changes in anterior circulation hyperacute ischemic
stroke [7]. For ASPECTS, a normal brain has a score of 10 and the score falls as more
brain regions are aected [109]. Patients with ASPECT score 0{5 bene t from mechan-
ical thrombectomy without increasing the risk of symptomatic intracerebral hemorrhage
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[13]. The American Stroke Association recently updated their stroke management guide-
lines, and one of the key selection criteria now includes ASPECTS. Patients with baseline
ASPECTS 6 are advised to receive endovascular therapy [110].

The current study investigates whether curve tted AIF estimation based on CNN, which
combines features of consistent baseline, peak amplitude, and identical recirculation por-
tions, improves volumetric assessment of core and penumbra. It is hypothesized that core
and penumbra assessment with CNN AIF could be validated with clinical scores such as
NIHSS and ASPECTS. We expect CNN-based AlF to identify core and penumbra in stroke
patients where traditional AIF methods fail. This may aid clinicians in making thrombec-
tomy and reperfusion therapy decisions.

5.2.2 Methods
Patient Population

The current study used CTP datasets of 160 stroke patients with large vessel occlusions
(male = 87, female = 73, median age = 73 years). These datasets were obtained from the
Veterans General Hospital in Taipei and its branch in Hsinchu, Taiwan. The Institutional
Review Boards for human studies gave this study their ethical approval (IRB-TPEVGH
2021-06-016 BC, IRB-2020-02-006B).

Imaging Protocol

A dose of 70 ml of contrast agent (iodine) was injected at a rate of 4 ml per second. Im-
ages were acquired on a clinical CT scanner (Phillips: Ingenuity CT) using a sequenced
acquisition (KVP/X-Ray Tube Current/slice thickness/slices 80 kv/190 mA/5/16) with a
24-hour onset-to-imaging time. Three experienced neuroradiologists scored the NIHSS and
ASPECTS, with the median NIHSS being 10(4-19) and the median ASPECTS being 8 (6-10).

Core and Penumbra estimation from CNN based AIlF

CTP datasets were randomly divided into training (128 datasets) and validation datasets
(22 datasets). A widely used clustering algorithm estimated three AlFs for each dataset in
the training and validation sets to generate training and validation AIF curves. To estimate
the AIF, this clustering algorithm employs recursive cluster analysis in the Middle Cerebral
Artery (MCA) region. Training dataset density was improved for model training perfor-
mance using feature augmentation and spline interpolation. Mirroring, rotation, and both
mirroring and rotation were used for data augmentation. Initially, AlFs obtained from the
clustering algorithm on 128 training datasets contain intrinsic errors associated with shallow
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peak, distorted baseline, and non-identical recirculation phase ( Figure 5.8).

Training AIF curves are curve tted (CF) to Gamma Variate hemodynamic function
(Cevm) (Equation 5.8) by well-known past algorithms in MATLAB and used as labels to
adjust these shape-based errors. Following augmentation, 1152 distorted arterial curves es-
timated by the clustering method were used as input sources, and 1152 curve tted arterial
curves were used as labelled data for the CNN's supervised training.

The CNN model architecture was built with Python's Keras library. The CNN architec-
ture consists of a single input layer that accepts input in the form of an interpolated AlF
curve (500 points), two Convolutional layers (kernel length =2), a pooling layer, a attening
layer, and two dense layers that are fully connected to the output layer. To connect the
convolutional layer with the average pooling layers, the ReLu activation function was used.
To connect the 36-neuron dense layer to the output nodes, the softmax function was used.
With a batch size of 32 and 17,238 total trainable parameters, the network was trained for
300 epochs. The optimizer was root means square propagation with an initial learning rate
of 0.001. The CNN model training was done on a workstation with hardware: Intel I5/Ram
:16 GB / GPU: 1070 (8 GB).

Validation was performed on 22 datasets following model training. For the testing phase,
distorted AlFs were chosen from a location other than the AIF location of the training
dataset. The CNN model takes as input a distorted AIF curve and outputs a probability
map of gamma variate tted AIF curve (Figure 5.8). This Gamma variate tted AIF curve
obtained from trained CNN is referred as CNN AIF. Deconvolution of Concentration time
curves () with the CNN AIF ( ¢c;) estimates the residue function R(t) (Equation 4.12), which
further estimates core by thresholding CBE 30% and penumbra volumes by thresholding
Tmax > 6s. The work ow to estimate perfusion parameters is described in Figure 5.8. The
core and penumbra volumes estimated by using CNN AIF are compared with the volumes
obtained from the AIF selected by the clustering algorithm.

Statistical Analysis

Spearman’s correlation coe cient was used to assess the agreement of the NIHSS and AS-
PECTS with core and penumbra volume. Mean volumetric di erences were demonstrated
using Bland-Altman plots. Wilcoxon signed rank test was used at the group level to com-
pare perfusion parameters. MedCalc software (https://www.medcalc.org/) was used for all
statistical analysis.
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Figure 5.8: Work ow to estimate perfusion parameters.

5.2.3 Results

Figure 5.2 depicts the curve tting performed by the CNN model. AIF location is marked
as a red dot on an axial CTP slice for a single dataset (Figure 5.2 (A)). The raw AIF is the
concentration curve of this arterial location plotted against time (Figure 5.2 (B)). The CNN
model accepts the curve as input after interpolation. As an output, the CNN model predicts
gamma curve tted AIF (Figure 5.2 (C)).

Volumetric correlation of penumbra and infarct core with NIHSS and ASPECTS

Penumbra volumes calculated with the CNN AIF were positively related to the NIHSS score
(r=0.69; P 0.001) and negatively related to the ASPECTS (r=-0.43; P 0.001) (Figure 5.9(A),
Figure 5.9(B)). Table 5.1 shows that when penumbra volume is estimated using the CNN
AIF, it has a stronger positive correlation with the NIHSS score. When Tmax4s, 8s, and
10s volumes are calculated using the CNN AIF, they have a higher positive NIHSS corre-
lation (Table 5.1). According to the Bland-Altman plots, the mean volumetric di erence
between the tissue at risk estimated by the CNN AIF and without CNN AIF was 12.1 mL.
(Limits of agreement, -311.5 to 335.8 mL; Figure 5.9C).
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Figure 5.9: Volumetric agreement of the penumbra (Tmax 6s) and infract volume (CBF
< 30%) with NIHSS and ASPECTS. (A) Association of Tmax> 6s volume with NIHSS (B)
Association of Tmax> 6s volume with ASPECTS. (C)Bland -Altman plot for penumbra
estimated by CNN AIF and without CNN AIF. (D)Association of CBF < 30% volume with
NIHSS (E) Association of CBF< 30% volume with ASPECTS. (F) Bland -Altman plot for
the Infract core estimated by CNN AIF and without CNN AIF. NIHSS : National Institutes
of Health Stroke Scale, ASPECTS : Alberta Stroke Program Early CT Score.

Tmax volumes | CNN AIF Without CNN AIF

r P value | r P value
Tmax >10s 0.70 <0.001 | 0.50 <0.001
Tmax >8s 0.71 <0.001 | 0.54 <0.001
Tmax > 6s 0.68 <0.001 | 0.54 <0.001
Tmax >4s 0.58 <0.001 | 0.46 <0.001

Table 5.1: Association between CT perfusion parameters and NIHSS scores (Spearman's
correlation).

Infarct core estimated by CNN AIF correlated negatively with the ASPECTS (r=-0.49;
P <0.001) (Figure 5.9). Table 5.2 shows that Tmax6s volumes estimated from CNN AlF
have higher negative correlation with the ASPECT score. Infarct core prediction using CNN
AIF or without it both demonstrate negative and similar correlation to ASPECTS (Table
5.2). Mean volumetric di erence for the Infarct region estimated from CNN AIF without
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CNN AIF was 4.0 mL (Limits of agreement, -58.5 to 66.4 MI; Figure 5.9F).

CNN AIF Without CNN AIF
Tmax volumes

r P value | r P value
Tmax >8s -0.40| <0.001 | -0.45| <0.001
Tmax > 6s -0.43| <0.001 | -0.39| <0.001
Tmax >4s -0.35| <0.001 | -0.25| 0.003
CBF< 20 % -0.46| <0.001 | -0.47| <0.001
CBF<30% |-0.49| <0.001 | -0.49| <0.001

Table 5.2: Association between CT perfusion parameters and ASPECTS scores (Spearman's
correlation).

Penumbra and core regions estimation

In some cases, penumbra and core regions estimated without CNN AIF were not rational
for patient symptoms su ering from severe stroke. These patients were typically scored with
higher NIHSS ¢& 20) and lower ASPECTS €5). We demonstrate this with examples of
two patients in Figure 5.10 and Figure 5.11. Patient 1 had a NIHSS score of 23 (severe
stroke), ASPECTS of 0 and acute occlusion of the left main coronary artery (LMCA occlu-
sion). Without CNN AIF, penumbra volume was 99 mL along with absence of infarct core
on left side representing awed estimates. With CNN AIF, penumbra volume was 123 mL
and volume of core region was 10 mL (Figure 5.10).

Patient 2 had a NIHSS score of 23 (severe stroke) and right internal carotid artery (RICA)
occlusion. This patient reported for ischemic region at bilateral brain without CF, which
was not reasonable for his symptoms as ischemia should be on the right side only. Volume
of tissue at risk estimated without CNN AlIF was 736 mL along with absence of infarct core
(Figure 5.11). With CNN AIF, volume of tissue at risk was 137 mL and volume of infarct
core was 6 mL along with presence of ischemic and core region mostly on right side (Figure
5.11). With CNN AIF mean core volume for these patients was 5 mL with median of 2 mL.
The ischemic region location could be visually more precisely located through the perfusion
maps derived with CF CNN model.

Group comparison of penumbra and core volume for stroke patients with CNN AIF and
without CNN AIF are demonstrated in Table 5.3. Wilcoxon signed rank test indicated that
the median rCBF 20%, rCBF< 30%, rCBF< 38%, Tmax > 10s, volumes estimated with
CNN AIF were statistically signi cantly higher. The median infarct core (rCBF< 30%) with
CNN AIF is 12 mL whereas without CNN AIF the median core volume is O (Table 5.3). As
these people have stroke, so the median of infarct core volume as zero might not re ect the
hypoperfusion in patients.
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Figure 5.10: Comparison of infarct core and penumbra for stroke patients. A) CBF maps
derived with CNN AIF and without CNN AIF. B) Infarct Core estimated with CNN AlF
and without CNN AIF. (C) Tmax maps derived with CNN AIF and without CNN AIF. D)
Penumbra volumes estimated with CNN AIF and without CNN AIF.
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Figure 5.11: Comparison of infarct core and penumbra for stroke patients. A) CBF maps
derived with CNN AIF and without CNN AIF. B) Infarct Core estimated with CNN AIF
and without CNN AIF. (C) Tmax maps derived with CNN AIF and without CNN AIF. D)
Penumbra volumes estimated with CNN AIF and without CNN AIF.
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Mean (CNN AIF) | Mean | Median (CNN AIF) | Median | P value

CBF < 20% | 13 10 3 0 < 0.001

CBF < 30% | 23 19 12 0 < 0:001

CBF < 38% | 32 25 18 0 < 0.001

Tmax >10s | 70 50 27 6 0.002

Tmax >8s | 86 67 47 27 0.012

Tmax >6s | 113 101 | 64 55 0.386

Tmax >4s | 243 213 | 140 163 0.416

Table 5.3: Mean and Median volume comparison of CT Perfusion parameters (Wilcoxon
signed rank test). CBF< 20% indicates blood ow reduction of 20% as compared to the
normal side.

The deconvolution-based model without CF used in recent stroke studies to estimate
ischemic regions is linear, despite the fact that estimation of core and penumbra depends
on a variety of factors [5, 2, 87]. Certain risk factors for ischemia include distorted CTP
signals, collateral status, and gray/white matter content [1L09]. Using perfusion thresholds
without correcting for distorted AIF signals may result in negligible core estimates. Fitting
distorted AIF to hemodynamic models greatly reduces distortion in the recirculation and
baseline parts of the AIF curve [90, ]. The advantage of the CNN-based AIF algorithm is
that it solves the AIF distortion problem and allows for the selection of the best AlF curve
corresponding to distorted data points while ignoring noise or errors.

Conclusion

CNN-based AIF improves the estimation of penumbra and infarct core volumes. Better cor-
relation of penumbra and infarct volume with NIHSS and ASPECT scores were obtained
using the CNN-AIF. This serves as a motivation as well as evidence to include CF prior
to Tmax/CBF estimations. CF AIF could identify patients with core regions likely to be
ignored by conventional approaches. The inclusion of CF AIF can provide physicians with
reasonably accurate and precise perfusion parameter brain images that may aid them to
determine suitable triage, transport, and treatment decisions for stroke patients.
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Chapter 6

Selective Geodesic Variational
Segmentation Model with new Region
force

In this chapter, we focus on developing a segmentation model that can do selective segmenta-
tion on challenging medical images. The used medical images include T2 MRI brain tumour
images (Figure 6.1), where the focus is to segregate/segment the tumour region. Along with
the tumour images, we also test the purposed model on other medical images (Figure 6.1
(D), (F)) to do selective organ segmentation.

Figure 6.1: Medical images for selective segmentation. (A), (B), (C), (F) Brain Tumour T2
MRI images with the bright part being the Tumour region. (D) Abdominal CT image (E)
Joint image.
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We propose a e ective framework for selective segmentation by adopting a region force
term along with a geodesic distance penalty based on a discrete TV formulation. The
proposed segmentation model is robust and competitive with the current state-of-the-art,
according to empirical evaluations. We compared the performance of our model to other
testing methods by evaluating segmentation scores of multimodal (MRI, CT) segmented im-
ages. In comparison to previous segmentation models, the proposed model is independent
of user input and allows for segmentation in medical images with high precision scores. This
chapter is based on the author's submitted paper.

6.1 Introduction

Selective segmentation models extract object of interest from imageafter some points in-
side or near the target area are available as marker points [20, 21, 45]. The marker set is
represented asM = f(xi;y;)) 2 ;1 i kg, Iisthe image domain. With an initialisa-

tion obtained from marker set, segmentation solution involves obtaining minimiser of the
functional of the following form -

F = Fregulariser *+ Friting * Fbistance (6.1)

Freguiariser 1S @ regulariser such as Total Variation (TV) or weighted-TV [28, 19]. The
regulariser considers the geometric properties to ensures that solution has a smooth bound-
ary. The regulariser widely used is the sum of weighted length of boundarigs assembled with

g edge detector [20, 15, 44, 41, 23, ]. The widely used formulation is - (x;y)d =
(x;y)jr jd. Here, is used as edge detector. The popular choice for edge detector
is (xy) = T 207 with , being some properly chosen positive numbers [41]. Addi-

tionally, Gaussian smoothing of image before computation of edge detector has also been
considered [41, 23].

Except in the vicinity of edges, the tting term Feixing ensures that the object to be
segmented has homogeneous intensity inside it [38, 41]. The tting term is de ned in most
variational segmentation approaches as the euclidean distance between the data point inten-
sity and the average data point intensity of the marker set [41, 38, ]. This quadratic region
force penalises the object of interest's heterogeneity or lack of smoothness in the foreground
and background. This works well when the data points are homogeneous and spread out
over a large smooth region. When image data points have complex geometry and it is dif-
cult to separate background and foreground, penalising heterogeneity becomes di cult [41].

Recent studies use geodesic distance penalty or Euclidean distance penaltfasance

[15]. The distance term penalises the distance between the markers in the set [15, , ,
]. This is done to encourage the segmented result to be close to some of the marker set's
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points [116]. A recent study con rmed that the edge weighted geodesic distance increases
at edges and is intuitive for images with blurry edges [15]. Prior Total Variation (TV) de-
noising is required for the calculation of geodesic distance. Recent image denoising research
has shown that TV denoising using a more explicit discrete formulation is more robust and
produces sharp edges [19] . This motivates the use of the geodesic distance penalty involving
discrete TV formulation asFpistance in the intended model.

The proposed model is a di erent approach to the previous convex relaxed models [15, 41],
including a new region force as a tting term and geodesic distance with discrete TV formu-
lation and as a standalone distance penalty. We use a primal-dual hybrid gradient method to
solve the functional model [33]. This is accomplished by solving a dual problem derived from
the functional of the primal model. It should be noted that the region force was previously
used in the reformulated Potts model for multi-phase segmentation and data clustering with-
out a geodesic distance penalty [41]. The prior denoising required to compute the geodesic
term has also been evaluated using the discrete TV formulation 4.3 [19]. To the best of our
knowledge, no other segmentation study has attempted to combine both region force and
geodesic term in a single segmentation framework.

The contributions of this chapter can be summarised as follows:

A

We incorporate (a) new region force term (b) geodesic distance penalty in selective
segmentation framework.

We improve the geodesic penalty term, with a new TV formulation for noise robustness.

We use a primal-dual hybrid gradient numerical algorithm to achieve solution from the
dual formulation

We propose a convex selective segmentation model and compare it with other segmen-
tation models.

The chapter is structured as follows; in section 2, we review some related studies. In
section 3, we discuss the formulation of the purposed model and also address computation of
the region force term and the geodesic distance term. Here, we also discussed the formulation
of a dual problem from the primary problem. Next, we present the numerical algorithm used
to achieve the segmented solution. Section 4 contains numerical results. In this section we
show that along with segmentation superiority, the proposed model is robust to noise and
user input. Finally, we conclude this chapter in section 5.

6.2 Review of Selective Segmentation Model

It would be bene cial to rst examine and review some selective segmentation models.
Throughout, the original image is denoted byz(x;y) with image domain R2. We
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107 6.2. Review of Selective Segmentation Model

present here some quick thoughts on two previous selective segmentation models [15, 24]. In
next sections, along with our purposed model we will also present reformulated segmentation
models that incorporate region force and discrete total variation in the following models. We
will compare the models discussed here to our purposed model.

Spencer- Chen Selective Model

Spencer and Chen used the ideas from previous segmentation literature to reformulate a
segmentation solution into a convex minimisation problem [24]. Given, a two dimensional

gray scale image(x;y) : ! R, the Spencer-Chen model performs selective segmentation
by solving the following minimization problem
Z Z
MiN ycy;c, [F(U; €15 )] = glr zOGy)iir uid + [ 1(z(xy) @) 2(z(xy) c)?lud
z z
+  De(xy)ud + (u)d
(6.2)

Where , 3, 2, ,and are positive constants andi is the selective segmentation solution.

¢, and ¢, are the average image intensities of the foreground and background, respectively.
The edge detector function is denoted bg, and the Euclidean distance term is denoted by
De. The additional penalty term = fmax0; 2ju %j 1g encourages the minimizer to be in
the range [0,1]. The Euclidean distance term is extremely sensitive to the marker set chosen.
The marker points must be evenly distributed in the region of interest to be segmented for
satisfactory segmentation. Even in the segmentation region, the Euclidean penalty is always
present, and it can be very high if there are few marker points. In the following section,
we employ a more robust geodesic distance penalty, which allows us to have small or zero
distance penalties at the edges and within the segmentation region.

Roberts Convex Geodesic Model

Given, a two dimensional gray scale image(x;y) : ! R, the Roberts Convex Geodesic
model [15] performs selective segmentation by solving the following minimization problem -
Z Z

MiN yeyie, [F(U; &1 C)] = glr zOGy)ir uid + [ 1(z06y) @) a(z(xy)  c)*Jud

Z z
+ Dgy(X;y)ud + (wd

(6.3)
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108 6.3. Purposed Selective Segmentation Model

Where , 1, ,, , are positive constants andi is the solution for selective segmentation.

¢ and ¢, are average image intensities of the foreground and the backgrourglis the edge
detector function. This model was an improvement on the Convex Spencer - Chen model. In
this model, the distance penalty term is edge weighted geodesic distance rather than the Eu-
clidean distance penalty. For noise robustness, the geodesic distance term is computed using
the isotropic total variation of image pixels. The geodesic distance increases closer to the
edges, providing a more accurate re ection of the true similarity of pixels in an image from
the marker set. One disadvantage of this model is that the tting term does not incorporate
any local or statistical information from the marker set. As a result, segmentation results in
images with non-homogeneous, non-smooth, and scraggy boundary edges are unsatisfactory.
In next section, we present the concept of region force term to use local information from
the marker set.

6.3 Purposed Selective Segmentation Model

This work extends Roberts' model by enforcing a new region force term and a discrete TV-
based geodesic distance penalty term as discussed in 4.3. We consider a problem with two
partitions, one for the region of interest to be segmented and one for the background.

Purposed model = New Region force + Edge detector term + Geodesic term (6.4)

Let k(x) be an indicator function for 1 k K. The general representation of indicator
function associated with k-th sub domain can be de ned as -

1 x2

k(X) = 0 x2 « (65)

We consider the collection of all indicator function represented by a s&t= f[ ] : P E=1 kK=
10 x 1g. For the implementation of model, We shall consider two partitions ; and

» as two indicator functions to from a setS;. ; represents foreground and , is the
background. The average intensity of ; and ,, calculated as mean average intensity is
represented byc; and ¢, respectively.

Slzf 1, 2. 1+ -=1:0 1 1;0 1 1g (66)
¢ = 4371:30' (6.7)
e 1 )zd
1)Z
C = 6.8
2 @ d (6.8)

108



109 6.3. Purposed Selective Segmentation Model

Region Force

We present a region force term based on the Wei-Yin segmentation model [41]. Under the
Bernoulli model, two region force functiond; and f, for the foreground and background
were obtained as negative log-likelihood functions. The probability functions and p, were
used to de ne the region force functions. The probability of a pixelx;y) being part of a
segmented area is denoted lyy;, and the probability of a pixel being part of the background

is denoted byp,. The region force functions were created with this purpose in mind.

fiGy) =1 2pu(xy)

fay) =1 2p(xy) (6.9)

The proximity of the image intensity z(x;y) to the average intensity of z(x,y) within
1, denoted byc,, is used to calculatep;. A similar expression was used with the average
intensity of z(x,y) inside , for p,. represents the image variance. We assume that
each subdomain's image intensity follows the Gaussian random model given &fk)
N (ci; c; 2). p: and p, probability functions were computed as -

U z(x)_cgi)
e 2°?

pi(X;y) = e(i 200 e1)) N e(i 20_<])
2 2
(i z(x) cai) (6.10)
e 22
p2(X;y) = (29 _c1)) (29 _coi)
e 22 + e 22
The new region force term is -
(J z(x) cai) G z(x) c1i)
. _fl f2 _ _ e 272 e 272
Region force term = =P P = (i z(x) c1i) (i z(x) cai) (J z(x) c1j) (i z(x) c3j)
e 22 + e 22 22 + e 22
(6.11)

Edge Detector

The edge detector or regularisation term measures the geometry properties of the boundaries
of the region to be segmented out of the image [18, 41]zThe sum of the weighted lengths of
each boundary was used as the regularizer in this work i.e ) (x)dx. A popular choice for

the edge detector involves gaussian smoothing of image functibfx) as -

Edge detector = (X)jr  qjdx = (x)dx (6.13)
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110 6.3. Purposed Selective Segmentation Model

Geodesic Term with Discrete TV

To calculate Dy, we rstly select a marker setM. We useroipoly in MATLAB to choose
small number of points as marker points (Marker points are the vertices of the polygon
drawn) . Based on the Roberts convex geodesic model [15], geodesic distaDgg ffom the
marker set M is given by-

(
0 x;y)2 M
Dg(x) = DS(X;Y) (X, y) 2M

IDGO&Y)iiL 1

(6.14)

We want (a) small gradients in homogeneous pixels and large gradients at edges for selective
image segmentation, (b) noise robustness, and (c) enhanced qualitative nature of segmen-
tation results. Based on recent works, the authors considered discrete TV denoising [19] as
discussed in 4.3 and a penalty factor to include these aspects [19]. We use a penalty factor
p to compensate for the distance penalty for objects that are far from a marker set with a
low penalty. DJ(x;y) is derived from:

i DAGY)i = o+ of Z7+ ¢De (6.15)

Here, p is penalty, jr zj is total variation term calculated by the discrete TV formulation
and Dg is the euclidean distance term.

Proposed model and Dual formulation

With the inclusion of region force, edge detector and regularisation term the purposed model

takes the form-
Z Z Z

F=inf | to1g .25 [p2 pl] dx+ (X)jr  qjdx + Dg(x;y) 1dx (6.16)

In a past study , Chan, Esedoglu and Nicolova [50] transformed the above functional to a
convex functional by relaxing the binary constraint between 0 and 1. Then Functiond
can be written as -

Z Z Z

F=info , 1. ,2s [pP2 pl] 1dx+ ()jr  1jdx + Dg(x;y) 10X (6.17)
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Using p; and py,

Z (J z(x) cpi) ( 2(x) c1)) #
. e 22 e 22
F(10;6)= ming | 1 25 (G200 i) (200 cai) G z(x)_c10) (G200 cai) 10X
e 2

2 7 e 2 2 + % 2

+ ()jr  1jdx + Dg(x;y) 1dx
(6.18)

Next, we derive the dual formulation [117] with inclusion of dual variabley. We utilise

min-max theorem [118] and following proven equality -
z z

(X y)ir  1jdx = maXjq,; (xy) 1divgpdx (6.19)

With the above equality the formulation of F reduces to -

Z ( z2(x)_cai) ( z(x)_c1j)
. e 22 e 22
MiNo 1, .28 MaXjg  (xy)j G 200 _cqh) (200 _con) G 200 _cqh) (200 _coh)
22 e 2 2 # 2 2 2 2
Z
+ Dy q0x+ 1divgrdx
(6.20)
using min-max theorem the formulation reduces to -
Z ( 2(x)_cpi) ( z(x)_c4i)
. e 22 e 22
MaXjq, (xy)i MNo , 1;,2s G 20 _cq)) G 20 _c20) (G z(x)_c1) (G 2(x)_ca)
e 22 + e 22 2

e 22 +e %
+ Dg+divg 10X

(6.21)

We can also write the above equation as a dual problem -

n
Z (j z(x) _cpi) (j z(x) c1i) #
e 22 e 22z

MmaXjq  (xy)j mn ——o (G 29 <o) G 20 1)) G200 % T Dgy+divg dx
e 22 e 22 e 22 e 2 2

(6.22)

In this work, we use recent primal-dual algorithms [48, 36] to solve the aforementioned
dual problem. For the above min-max problem, we use the primal-dual hybrid gradient
(PDHG) algorithm [33] (12). A projected gradient descent step updates the primal and
dual variables after each iteration. This is a subset of the general primal-dual algorithms.
The convergence analysis of primal-dual algorithms has been extensively researched in the
literature and can be found in [119, : , , ].
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Algorithm 2 PDHG algorithm

Set , and
Compute (x) =

Compute D g(x) 0 y)2M
ompute Dg(X) = DJ(xy) : rom 6.
Bl GY) Z2M

initialize 2 arbitrarily

for | =1 to maximum iterations do
Calculate c; and ¢, using 6.7 and 6.8
calculate and update forqy and ;

%= e oy (@-1r )

(i 2(x)_c) (20 _c1)
| _ | —_— e 22 e 272
1= s (- (divey (o0 o Tz o G0 e o ar) T Do)
e 22 +e 2 2 e 2 2 re > 2

I+1 _ | I+1
1= 1@ )

end for

1 k

6.3.1 Mathematical analysis

Proposition 6.3.1. The model (??) is convex and there exists a minimiser W %2( ) for
F.

Proof. Using the concept of [124], we rst show that 0 inf F( ) < 1 . For the lower
bound it can be easily shown by = 0. For the upper bound, we consider , = 1 and
obtain the inequality-

. R R
inf F( ) F( 0)= P2 pldX+ ngX< 1

We then demonstrate that functionalF ( ) is convex by checking the convex inequality [125]
for each term of the functional, for [O; 1]:

Z Z Z
2 p( 1+(2 ) 2)dx = P2 p1] 210x+(1 ) P2 p1] 20X
Z Z Z
Dg( 1+(2 ) 2)dx = Dg( 1)dx+(1 ) Dg( 2)dx
Z Z Z
r( 1+(@ ) 2)jdx jr (- p)jdx+ jr () 2jdx
Z Z

= jr (ojdx+(@ ) jr ojdx
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So, F is convex. Also, recent study [124] has proved that the second termfef ) is lower

semi-continuous. The other terms are also lower semi-continuous&s;; o W ¥2()-
Z Z

Z Z
lim ;o ,inf [P pa 10x= [p2  pi] odX

lim

Now, we can say that our modelF( ) is lower semi continuous. F( ) is coercive also
as 1!1 impliesF !'1 . With the information that W'?() is a re exive banach
space,F ( ) is convex, lower semi-continuous as well as coercive, it can be concluded that a
minimiser exists inW2().

O

6.4 Numerical Results

In this section we will provide the serval results in MATLAB to demonstrate the advantages,
e ciency, and stability of the intended segmentation model over previous and related selec-
tive image segmentation models. We compared the following models -

M1- the convex Spencer - Chen model
M2- the Roberts convex geodesic model

M3- the reformulated Roberts model with inclusion of discrete TV in geodesic distance
penalty

M4- the reformulated Spencer - Chen model with region force term

M5- the purposed selective geodesic variational model with new region force term and
isotropic TV based geodesic distance penalty term

M6- the purposed selective geodesic variational model with new region force term and
discrete TV based geodesic distance penalty

We extend M2-M3 to see if including discrete TV in the geodesic penalty term improves
M2. Speci cally, the model M3 [15] is -

Z z

MiN e, e, [F(U; €15 C2)] = air zCy)pir ujd + [ 1(z(sy) c)®  2(z(%y)  c)?ud
Z z

+ Dgy(X;y)ud + (wd

(6.23)
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Where , 1, ,, , are positive constants andi is the solution for selective segmentation.
¢, and ¢, are average image intensities of the foreground and the backgrourglis the edge
detector function. Dy is the geodesic distance penalty which is zero for the marker set. For
all other image pixels it is computed as -

jr Dg(%;y)j= p+ 4 zi°+ ¢De (6.24)

Here, p is penalty, jr zj is total variation term calculated by the discrete TV formulation
[19] andD¢g is the euclidean distance term. For more information on discrete TV, we refer
readers [19]. Similarly, we extend M1-M4 to see if including new region force as a tting
term in a previous variational segmentation model is preferable. Speci cally, M4 [24] is -

Z Z (i z(x)_cai) (i z(x)_e1)
. . o\ . e 22 e 22
min u;cl;cz[F(U;Clicz)] = g(r z(x;y)pjr ujd + (0 200 <1d) (G 2020 G z(0) 1))
# e 22 + e 22 e 22
G z(x) )] z Z
j z(x) coj
ez ud + De(x;y)ud + (u)d
(6.25)
Where , , , are positive constants andi is the solution for selective segmentation.

c: and ¢, are average image intensities of the foreground and the backgrourglis the edge
detector function. Dg is the Euclidean distance penalty term.

As test images, multi-modal medical images (MRI/CT) are used. After scaling medical
images in the range [0,1], numerical algorithms are applied. The linear -stretch scaling for-
mula is

z Znmin
Zs 7 7o (6.26)

Here, z represents the input image, and,, and znh.x represent the minimum and max-
imum pixel values ofz. Three di erent sets of test results are showcased. Models M1-M4
are compared to the two versions of purposed model M5 and M6 in Test 1. The tested
images have (a) average target intensity greater than surrounding intensity and (b) non-
homogeneous, non-smooth, and scraggy boundary edges for the objects to be segmented. In
Test 2, we look at how the position and number of marker points a ect the results. In Test
3, we will investigate the impact of noise on our purposed model. Finally, we use widely used
segmentation scores as the gold standard to assess segmentation quality. Experts labelled
the ground truths. The parameters and used for image segmentation comparison tests
are given in Table 6.1. We set =1, =10% p =10% 4=10% 4=0:1and ;= O05.
Identical sets of parameters were used across M1-M6 for the comparison results.
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115 6.4. Numerical Results

1 [2 [3 [4 [50@)]50)]5()
225| 35 | .25 | .23 | .23 | .20 | .25
10 |10 | 100|110 |10 (20 |5
|| 100 | 100| 100| 100 100 | 100 | 100

Table 6.1: Parameters used for the image segmentation comparison tests in Figures 1, 2, 3,
4, 5(a), 5(d), and 5(g).

6.41 Testl

In this subsection, we present the segmentation results for models M1 - M6 for challenging
test images with average target intensity greater than surrounding intensity. The bound-

ary edges of the objects to be segmented are non-homogeneous, non-smooth, and scraggy.
Images are displayed alongside marker sets. Figure 6.2 and Figure 6.3 B2EMRI brain
scans with tumor region to be segmented. Figure 6.4 illustrates the results of a bone image.
Figure 6.5 demonstrates the segmentation of the liver from a CT abdominal scan. Figure 6.6
shows the segmentation result of a purposed model 2 MRI tumour scans from di erent
scanners and a CT image to generalise our model to images from di erent scanners. In gure
6.7, we display the convergence curve of the used numerical method.

The task of segmentation is di cult due to the high variance in shape and complicated
edges, as shown in gure 6.2 and gure 6.3. We can see that M1, M2, M3 and M4 are
unable to capture the boundaries of the object of interest. In particular, the tumour can be
segmented using the M5 and M6 models, which enforce the new region term. In the case
of M1 and M4, the regularisation term includes a euclidean distance term, which, because
it is negligible, captures fewer details in order to reach the boundaries. In other words, the
distance term is insu cient to o set the e ect of tting term.

The geodesic distance term is used as an additional regularisation term to weight the t-
ting terms in M2 and M3. The tting term encourages segmentation of bright objects while
ignoring non-homogeneous edges with low intensity, resulting in poor segmentation. M5 and
M6 utilise region force term along with geodesic distance term with the only di erence being
the TV formulation used. Visually, M5 and M6 achieve comparable segmentation quality,
with M6 being able to segment sharp edges. The region force models M5 and M6 outperform
the previous models. The similar performance of M5 and M6 in comparison results suggests
that the region force term has a much signi cant impact on the segmented solution than the
TV formulation used in the computation of the geodesic distance term.
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