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ABSTRACT

The retina is one of the few locations in the human body that allows direct non-
invasive visualization of its anatomical components. A comprehensive analysis of
retinal microvasculature structures provides potential clinical biomarkers towards
early diagnosis and prognosis of systemic and neurodegenerative diseases. The re-
search focus of this thesis is to develop a series of novel pattern recognition and
machine algorithms for automated analysis of retinal vasculature which includes -
segmentation of vascular tree, classification of vessels into artery/vein and iden-
tification of vessel bifurcation and crossover points. Besides, several geometrical
properties at crossover points are analysed to study and quantify the influence of
various systemic diseases.

Accurate segmentation of retinal vessels is challenging due to the varying nature
of vessel calibre, the proximal presence of pathological lesions, strong central ves-
sel reflex and relatively low contrast images. Most existing methods mainly rely on
carefully designed hand-crafted features to model the local geometrical appearance of
vasculature structures, which often lacks the discriminative capability in segmenting
vessels from a noisy and cluttered background. To address this issue, a novel visual
attention guided unsupervised feature learning (VA-UFL) approach is proposed to
automatically learn the most discriminative features, without complex domain ex-
pertise. The VA-UFL approach inherits the combined knowledge of visual attention
mechanism and multi-scale contextual information to selectively visualize the most
relevant part of the structure in a given local patch. The experiment results show
that the proposed approach is shown to be robust to segmentation of thin vessels,
strong central vessel reflex, complex crossover structures and fares well on abnormal
cases. Further, the discriminative features learned via visual attention mechanism
is superior to handcrafted features, and it is easily adaptable to various kind of
datasets, where generous training images are often scarce.

Detection and classification of vessel junctions are extremely challenging due to
spatially varying nature of vessel calibre, which often results in a very close ap-
pearance of false bifurcation or crossover points. Existing approaches model the
orientation of vessels in a local neighbourhood, without explicitly considering the
vessel shape information, which might aid in resolving ambiguities. To address this

problem, a novel vessel keypoint descriptor (VKD) is proposed, which is derived from



the projection of log-polar transformed binary patches. The VKD along with shape
based features aids in accurate localization of junctions and classifying them into
bifurcations/crossovers. Evaluation results on five challenging datasets show that
the designed system is robust to changes in resolution and other variations across
datasets.

Several geometrical properties at crossover points are analysed to detect and
guantify the morphological changes linked to hypertension, stroke and other systemic
diseases. To this end, a complete system for detecting arteriovenous (AV) nicking
is presented. The entire system is solely based on analysis of vessel morphology,
which requires no knowledge of artery/vein class label for vessel segments. Both
local orientation and width of vessels are estimated with the aid of VKD, to detect
and quantify the vascular changes at crossover points for identifying AV nicking.
The proposed solution indicate that the crossover geometrical properties can be
considered as essential biomarkers in assessing the progression of various systemic
diseases.

Separation of arteries and veins is a fundamental prerequisite in the automatic
detection of vessel-specific biomarkers associated with systemic and neurodegener-
ative diseases. In this thesis, a novel graph search metaheuristic approach is pro-
posed for the automatic separation of arteries/veins (A/V) from color fundus images.
The proposed method exploits local information to disentangle the complex vascu-
lar tree into multiple subtrees, and global information to label these vessel subtrees
into arteries and veins. Based on the anatomical uniqueness at vessel crossing and
branching points, the vascular tree is split into multiple subtrees containing arteries
and veins. Further, the identified vessel subtrees are labelled with A/V based on
a set of handcrafted features trained with random forest classifier. The experimen-
tal results demonstrate the superiority of the proposed approach in outperforming

state-of-the-art methods for A/V separation.

Keywords : Retinal Image, Vessel Segmentation, Visual Attention, Unsuper-
vised Feature Learning, Arteriovenous Nicking, Vessel Keypoints, Keypoint Descrip-

tor, Vessel Width, Artery/Vein Classification, Graph Traversal, Depth-First Search.
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Chapter 1

Introduction

Retinal diseases are of the most signi cant public health concern in the working and
aged population worldwide. For instance, Diabetic Retinopathy (DR), Glaucoma
and Age-related Macular Degeneration (AMD) are the leading causes of blindness in
the ageing population (Tham et al. (2014); Wong et al. (2014); Yau et al. (2012)). In
arecent study (Yau et al. (2012)), it is estimated that there are 93 million people with
DR, followed by AMD which accounts for 7-8 % of total blindness worldwide (Wong
et al. (2014)). Another major leading cause of blindness is the Glaucoma, character-
ized by progressive damage to the optic nerve. It has been projected that there are
about 64.3 million people with Glaucoma (Tham et al. (2014)). All these retinal dis-
eases are likely to increase by three folds as a consequence of exponential ageing pop-
ulation, diabetes, lifestyle changes, and other risk factors. Such statistics naturally
drives a considerable amount of research dedicated to developing computer-aided
diagnostic (CAD) tool for the automated diagnosis of retinal pathologies, mainly for

low and middle-income countries.

Retinal microcirculation o ers a unigue non-invasive way to study the early man-
ifestation of several diseases a ecting the human circulatory system. Changes in reti-
nal vascular geometrical patterns such as width, tortuosity, branching angle, junction
exponents and fractal dimension have been investigated as candidate biomarkers in
various ocular, systemic and neurodegenerative diseases (Abramo et al. (2010);
Cheung et al. (2017); Heringa et al. (2013); McGrory et al. (2017)). Data from
long-term population-based studies have demonstrated a consistent link between the
retinal microvascular changes with incident clinical stroke (Wong et al. (2001b)), hy-
pertension (Cheung et al. (2012)), arteriosclerosis (Hubbard et al. (1999)), dementia

(Frost et al. (2013)), and other cerebral small vessel diseases (Wong et al. (2002)).
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For instance, the narrowing of arteries and widening of veins is a signi cant
indicator of the progression of diabetic retinopathy (Abramo et al. (2010)), hy-
pertension (Hubbard et al. (1999)), and various other cardiovascular abnormalities
(Wong et al. (2006)). Speci cally, the arteriolar-to-venular diameter ratio (AVR) is
a prognostic indicator of stroke, cerebral atrophy, cognitive decline and myocardial
infarction (Niemeijer et al. (2011)). Therefore, an accurate analysis and quanti ca-
tion of vessel speci ¢c morphological changes may provide an early insight into better
understanding the pathophysiology of the disease conditions.

The retinal fundus photography is an excellent non-invasive technique most com-
monly used to analyse and quantify the vascular abnormalities in large-scale clinical
settings, due to its speed and a ordability. Manual analysis of retinal color fundus
image is extremely time-consuming and requires an enormous amount of painstaking
manual process. Hence, developing a computer aided diagnostic tool is of paramount

importance in large-scale retinal disease screening programs.

1.1 Retinal Imaging

Figure 1.1: Anatomy of the human eye (Hogan (1971)).

Imaging the retina is of prime importance for early diagnosis, monitoring disease
progression, treatment and surgery planning of various ocular diseases. The retina is
the most important part of the eye, which is formed by a thin layer of photosensitive
neural cells, which lies at the back (i.e. the fundus) of the eye, as illustrated in
Figure 1.1. The light waves from the external world pass through the vitreous and

projects directly on the retina, which are then converted to electric signals and
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transmitted to the brain via the optic nerves. The image of the retina is acquired
using a specialized microscope attached with a camera called the fundus camera.
The fundus is the interior surface of the eye including the retina, optic disc, macula,
and fovea. A typical human fundus photograph captured from the fundus camera
is shown in Figure 1.2. The microstructures present in the retina are the optic disc,

macula and blood vessels such as arteries and veins.

Figure 1.2: A color fundus photograph of the retina (Odstrcilik et al. (2013)).

The fundus photography is obtained by a projection of 3-D retinal tissue onto
the 2-D imaging plane using re ected light. Among the di erent imaging modalities
shown in Figure 1.3, the color fundus photography, uorescein angiography (FA)
and scanning laser ophthalmoscope (SLO) images are the most widely used imaging
techniques for analysis of retinal images. Fluorescein angiography is a process of
imaging vascular ow within the retina and surrounding tissue by injecting a uo-
rescent dye into the blood stream. This dye uoresces a di erent color when light
from a particular wavelength reaches it. Compared to fundus imaging, SLO imaging
provides very high contrast and nely detailed low-resolution images of size 1K-1.5K

pixels.

(@) (b) (c)

Figure 1.3: Retinal imaging modalities. (a) The color fundus photography from
DRIVE dataset (Staal et al. (2004)); (b) Fluorescein Angiography (FA) (Alipour
et al. (2014)); (c) Scanning Laser Ophthalmoscope (SLO) from IOSTAR dataset
(Zhang et al. (2016)).



(@) (b) (©) (d)

Figure 1.4: (a) Common signs of DR (Diaretdb1 (2007)); (b) Common sign of Pro-
liferative DR (PDR) (Diaretdbl (2007)); (c) Common sign of ROP (Oloumi et al.
(2015)), with kind permission from Elsevier; (d) Arteriovenous nicking (Nguyen et al.
(2013a)).

1.2 Clinical Signi cance of Retinal Images and

Its Challenges

The retina is the only part of the human body that allows direct non-invasive visu-
alization of its anatomical components. Many large-scale population-based studies
(Doubal et al. (2009); Smith et al. (2004); Wong and Mitchell (2007); Wong et al.
(2001b, 2003)) have been conducted to nd statistical correlations between a dis-
ease and structural changes in the vascular system of the retina. Such longitudinal
clinical studies have shown strong and consistent relationship between changes in
retinal microvasculature with number of conditions like hypertension (Sharrett et al.
(1999); Tso and Jampol (1982)), stroke (Doubal et al. (2009); Wong et al. (2001a))
and other cardiovascular diseases (Wong et al. (2001b)). Hence, a comprehensive
analysis of retinal vasculature is a key task in the automated early detection of these
pathologies.

The key motivations which necessitate the analysis of retinal images and its

vasculature are as follows:

" One of the signi cant landmark study conducted in Yau et al. (2012) has
shown a strong link between DR and structural changes in retinal vasculature.
The earliest sign of DR is the presence of tiny capillary dilations called mi-
croaneurysms, usually appearing near thin vessels as shown in Figure 1.4 (a).
Although the segmentation of vasculature has no direct role in the assessment
of these pathologies, it is necessary, as pathological structures (such as, mi-
croaneurysm and exudates) have similar visual features as high-curvature and

junction points of thin vessels (Youssef and Solouma (2012)). The knowledge
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of shape and characteristic of the retinal vasculature can also aid in accurate
localization of other degenerative anatomical structures like the optic disc or

macula (Hoover and Goldbaum (2003)).

The Proliferative Diabetic Retinopathy (PDR) (Welikala et al. (2014)) is an
advanced stage of DR which is primarily characterized by abnormal growth
of new blood vessels, which is termed as neovascularization. The abnormal
growth of new vessels is triggered mainly to compensate for the damaged
blood vessels caused by DR. The new blood vessels appear in loopy structures
mostly near the optic disc region or the veins, as shown in Figure 1.4 (b).
Since conventional vessel segmentation algorithms consider a vessel as a thin
elongated smooth linearly varying structure, it often fails to detect complex

structures like neovascularization (see Figure 1.4 (b)).

The recent study in Cheung et al. (2011a) has shown a link between Retinopa-
thy of Prematurity (ROP) and the temporal changes of retinal vessel width
and tortuosity. One of the earliest changes visible in vessel morphology is the
increased vessel tortuosity (Grisan et al. (2008); Sodi et al. (2012)), as depicted
in Figure 1.4 (c). The increase in vessel tortuosity has shown a link with the
progression of ROP, hypertensive retinopathy (Sutter and Helbig (2003)), and

some rarer hereditary retinopathies.

The ratio of arteries to veins width (A/V ratio), arteriovenous (AV) nicking

as depicted in Figure 1.4 (d) have shown to be associated with hypertension,
cardiovascular and other systemic diseases (Nguyen et al. (2013a); Wong and
Mitchell (2007); Wong et al. (2001a,b)). The Blue Mountains eye population-
based study (Smith et al. (2004)) proved the hypothesis that small vessel
structural changes may precede the development of severe hypertension. The
analysis of such retinal microvasculature requires precise tools to extract the
vessel tree, quantify the morphological changes and evaluate the condition of

the patients.

Many automated retinal image analysis approaches have been proposed in the

literature. Although most of the existing methods have been successful in achieving

performance close to the trained human observers, there still exists many signi cant

challenges in clinical scenarios. The following are some of the current challenges

related to automated retinal image analysis.
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~ During acquisition of retinal fundus images, di erent 3D retinal structures with
varying depth are projected onto a 2D image with maximum intensity. This
leads to the overlapping of non-vascular structures and decrease in the visibility
of thin vessels in low-contrast imaging. Due to the use of low quality fundus
camera, various imaging artefacts such as blur, noise, uneven illumination and

inter-camera variability may also be introduced.

The majority of the existing approaches have mainly focused on segmenting
large vessel structures. Accurate delineation of thin vessel structures is still
very challenging and an open problem. Since large and small vessels dier
in their size, shape, and contrast, they should be tackled di erently, because

applying the same technique might tend to over segment the other.

The presence of abnormalities such as exudates, haemorrhages, cotton wool
spots and microaneurysms, structures with strong central vessel re ex, bi-
furcations/crossover regions, close parallel and highly curved vessels pose a
signi cant challenge for accurate analysis and quanti cation of vascular struc-

tures.

1.3 Objectives of the Thesis

The main objectives of this thesis is to develop novel image analysis solutions for

comprehensive assessment of retinal vascular network, which are listed as follows:

1. To propose a novel fully automated retinal vessel segmentation method that
can e ectively deal with uneven illumination, segmentation of thin vessels,
strong central vessel re ex, complex crossover structures and segmentation in

the presence of abnormalities.

2. To propose a novel end-to-end junction detection and junction classi cation
system, followed by analysis and quanti cation of crossover biomarkers in reti-

nal images.

3. To propose a novel automated method for separation of arteries and veins from

retinal color fundus images.



1.4 Contributions

The main focus of this thesis is to develop novel automated image analysis solu-
tions for the comprehensive assessment of vascular structures in retinal images. The
proposed approaches are mainly inspired by the human visual perception, followed
by analysis of various unique geometrical properties of retinal vascular structures
such as orientation, scale, curvature, width and color information. The proposed
framework play a vital role in developing a multifactorial decision support system
by integrating the ndings of various analysis components into automated retinal
pre-screening solutions. The main contributions of this thesis can be summarized as

follows:

" A comparative study of the recent retinal vessel segmentation methods is pre-
sented with the following objectives. First, the most crucial preprocessing
steps that are involved in the accurate segmentation of vessels are discussed
in detail. Second, the state-of-the-art segmentation techniques are reviewed,
which are classi ed into di erent categories based on their main principle.
Third, the quantitative analysis of these methods is carried out in terms of
its sensitivity, speci city, accuracy and area under the curve, along with the
newly introduced performance metrics in the current literature. Fourth, the
advantages and limitations of the existing approaches are discussed thoroughly.
Finally, an insight into existing problems and possible future directions are

provided for developing robust segmentation techniques.

A novel visual attention guided unsupervised feature learning (VA-UFL) ap-
proach is proposed to automatically learn the most discriminative features
for segmenting vessels in retinal images. The VA-UFL approach inherits the
knowledge of both biologically inspired visual attention mechanism and multi-
scale contextual information under a single framework. The proposed method
selectively pay attention to the most relevant part of the structure in a given
local patch, by encoding rich hierarchical information into the unsupervised
Itering learning process to generate a set of discriminative features. This
learned feature set underscores the interclass di erences (between the vessel
and background pixels) to be large, while keeping intra-class di erences (be-

tween vessel pixels) to be small, resulting in the accurate segmentation of
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vessels even in the presence of cluttered background. The proposed scheme is
validated on ve publicly available retinal datasets, including both the RGB

and SLO images. The extensive experimental analysis demonstrates the ef-
fectiveness of the proposed approach in handling all the challenging cases,

compared with the state-of-the-art methods.

A novel vessel keypoint descriptor (VKD) is introduced, which is derived from
the projection of log-polar transformed binary patches around vessel points.
VKD is used to design a two-stage solution for junction detection and clas-
sication. In the rst stage, the keypoints detected using VKD are re ned
using curvature orientation information to extract candidate junctions. True
junctions from these candidates are identi ed in a supervised manner using
a random forest classi er. In the next stage, a novel combination of local
orientation and shape based features is extracted from the junction points
and classi ed using a second random forest classi er. Evaluation results on
ve datasets indicate that the designed system is robust to changes in image
resolution and other variations across datasets. Besides, several geometrical
properties at crossover points are analysed further to detect and quantify the
morphological changes linked to hypertension, stroke and other systemic dis-
eases. The proposed solution indicate that the crossover properties can be
considered as crucial biomarkers in assessing the progression of various mi-

crovascular diseases.

A novel graph search metaheuristic approach is proposed for the automatic
separation of arteries/veins (A/V) from color fundus images. The method ex-
ploits local information to disentangle the complex vascular tree into multiple
subtrees, and global information to label these vessel subtrees into arteries and
veins. From a given binary vessel map, a graph representation of the vascular
network is constructed representing the topological and spatial connectivity of
the vascular network. Based on the anatomical uniqueness at vessel crossing
and branching points, the vascular tree is split into multiple subtrees contain-
ing arteries and veins. Finally, the identi ed vessel subtrees are labeled with
A/V based on a set of hand-crafted features trained with random forest classi-
er. The proposed method has been tested on four di erent publicly available

retinal datasets, while outperforming the state-of-the-art approaches.
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1.5 Outline

This thesis is organized into six chapters as follows.

Chapter 2 presents a comparative study of the recent segmentation technigues
proposed for the automatic segmentation of vessels in retinal color fundus images.
This chapter is divided into 4 main parts: (1) image pre-processing technigues; (2)
di erent categories of segmentation methods; (3) summary of the recent state-of-
the-art segmentation methods, with a focus on existing segmentation challenges; (4)
a brief overview of the publicly available retinal image datasets, followed by the val-
idation measures employed and thorough assessment of segmentation methods; and
(5) a general discussion followed by the directions for future research in developing
robust segmentation methods.

Chapter 3 presents an unsupervised feature learning approach for segmenting
retinal vessels by incorporating the idea of biologically inspired visual attention
mechanism into unsupervised Iter learning technique. An extensive experimen-
tal validation is carried out on ve publicly available retinal datasets, demonstrating
the robustness of the proposed approach in handling challenging segmentation cases
compared with the state-of-the-art methods.

Chapter 4 introduces a novel vessel keypoint descriptor, which is used to de-
sign a two-stage solution for junction detection and classi cation. This descriptor
is subsequently used in Chapter 5, for identifying and analysing vessel keypoints in
retinal images. The next part of the chapter presents an analysis of several geomet-
rical properties at vessel crossover points to detect and quantify the morphological
changes linked to several systemic diseases.

Chapter 5 presents a novel formulation of graph search metaheuristic method
for the automatic identi cation of artery/vein (A/V) from retinal images. Various
anatomical unigqueness at vessel keypoints is exploited to divide the vascular tree
into multiple subtrees containing arteries and veins. The identi ed vessel subtrees
are labeled with A/V based on a set of hand-crafted features trained with random
forest classi er.

Chapter 6 concludes this thesis by providing a general summary of the presented
research work and discuss ideas for future work to realize automated retinal pre-

screening solutions.






Chapter 2

Comparative Study of Recent
Retinal Vessel Segmentation
Methods

Retinal vessel segmentation is a crucial step towards the accurate visualization, di-
agnosis, early treatment and surgery planning of ocular diseases. For the last two
decades, a tremendous amount of research has been dedicated to developing au-
tomated methods for segmenting vessels from retinal color fundus images. In this
chapter, a systematic review of the most recent retinal vessel segmentation meth-
ods has been carried out. The objectives of this study are as follows: First, the
most crucial preprocessing steps that are involved in the accurate segmentation of
vessels are discussed thoroughly. Second, the recent state-of-the-art segmentation
techniques are reviewed, which are classi ed into di erent categories based on their
main principle. Third, the quantitative analysis of these methods is carried out in
terms of its sensitivity, speci city, accuracy and area under the curve, along with
the newly introduced performance metrics in the current literature. Fourth, the ad-
vantages and limitations of the existing methods are discussed in detail. Finally, an
insight into existing problems and possible future directions are provided for building

a successful automated retinal image analysis system.
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2.1 Background

Retinal vessel segmentation is a fundamental step in the accurate visualization and
guanti cation of various retinal pathologies. Changes in vascular morphology such
as shape, tortuosity, branching pattern and width provide accurate early detection
of many retinal diseases (Abramo et al. (2010)). Clinically, retinal fundus images
are often routinely acquired for mass screening of various abnormalities. Manual
segmentation of vessel structures from these fundus images is often tedious, time-
consuming and error-prone, especially for large population screening. Therefore,
there is a need for the CAD tool which can reduce the number of manual operators
with an increase in speed, accuracy and reproducibility mainly for large population-
based screening programs.

Over the past two decades, a tremendous amount of research has been devoted
to segmenting the vessel structures from retinal color fundus images. Despite the
fact, segmentation of retinal vessels remains a challenging task, due to the pres-
ence of abnormalities, varying size and shape of the vessels, non-uniform illumi-
nation and anatomical variability between subjects. Numerous fully automated,
semi-automated methods have been reported in the literature which was quite suc-
cessful in achieving segmentation accuracy on par with trained human annotators.
Despite this, there is considerable scope for further improvements due to the various
challenges posed by the complex nature of vascular structures. Some of the exist-
ing problems include segmentation in the presence of abnormalities, segmentation of
thin vessel structures and segmentation near the bifurcation and crossover regions.

In this chapter, retinal vessel segmentation methods published in the recent years
(2012-2017) are considered for the review. This study provides a comprehensive in-
sight on latest developments that has progressed over recent years, highlighting the
key design challenges in the development of new methods. The advancements in tech-
nological innovations in imaging modalities (like, Fluorescence Angiography (FA),
Scanning Laser Ophthalmoscope (SLO), Optical Coherence Tomography (OCT))
along with the combination of adaptive optics to FA, SLO and OCT has provided
both spectacular spatial resolution as well as the depth information for clear visu-
alization of anatomical components. Besides, standard acquisition protocol across
di erent imaging devices have helped the research community to explore and validate

their methods on more general and diverse datasets.
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This chapter is structured as follows. In Section 2.2, an overview of the articles
published in the recent years, along with their selection criteria are discussed in de-
tail. The image pre-processing steps employed before vessel segmentation methods
are detailed in Section 2.3. The dierent categories of segmentation methods are
described in detail in Section 2.4, along with their advantages and limitations. Sub-
sequently, the summary of the recent state-of-the-art segmentation methods with
a focus on existing segmentation challenges is presented in Section 2.5. A brief
overview of the publicly available retinal image datasets, followed by the validation
measures employed and thorough assessment of segmentation methods is presented
in Section 2.6. A general discussion on recapitulating the main points and future
trends in retinal vessel segmentation are discussed in Section 2.7, followed by chapter

summary in Section 2.8.

2.2 Methodology of the Review

In this study, a comprehensive literature search has been performed on the recent
retinal vessel segmentation techniques published in the recent years (2012-2017). A
total of 56 peer-reviewed articles are listed in Table 2.1, which were selected from the
Google Scholar, PubMed and the Web of Science databases. The selection criteria
include articles from peer-reviewed journals and conferences related to the retinal
vessel segmentation methods.

The acronyms for the algorithms in Table 2.1 are as follows: Gradient orien-
tation analysis (GOA), Morphological transformation (MT), Line strength mea-
sure (LSM), Gabor lter response (GFR), Decision trees (DT), Hysteresis binary
classi er (HBC), Modi ed line operator (MLO), Support vector machines (SVM),
Gray level co-occurence matrix (GLCM), Neural network (NN), Local binary pat-
tern (LBP), Dual Gaussian (DG), Second derivative of Gaussian (SDG), Multi-scale
matched ltering (MSMF), Shape and region features (SRF), Conditional random
eld (CRF), Structured output support vector machine (SOSVM), Gray voting
(GV), Gabor wavelet (GW), Gaussian mixture model (GMM), First and second
order features (FSOF), Multi-scale texton dictionary (MTD), Convolutional neural
networks (CNN), Random forest (RF), Lattice neural network with dendritic pro-
cessing (LNNDP), Deep autoencoders (DAE), Deep convolutional neural network
(DCNN), Particle Itering (PF), Nearest neighbor search (NNS), Bar - Combina-
tion of Shifted Filter Responses (B-COSFIRE), Matched Itering with multi-wavelet
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kernels (MFMK), Adaptive thresholding (AT), Local radon transform (LRT), Gen-
eralized Gabor function (GGF), Contour reconstruction (CR), Curvelet transform
(CT), Matched Itering (MF), Laplacian of Gaussian Iter (LoG), Locally adap-
tive derivative on orientation score (LAD-OS), Hessian matrix (HM), Local en-
tropy thresholding (LET), Medialness function (MEF), Non-local means ltering
(NMF), Multi-scale line detection (MSLD), Complex continuous wavelet transform
(CCWT), Length ltering (LF), Hysteresis thresholding (HT), Percentile thresh-
olding (PT), Neighbourhood estimator before lling (NEBF), Anisotropic di usion
Itering (ADF), Orientation aware detector (OAD), Path opening lter (POF), Ten-
sor voting framework (TVF), Maximum a posteriori estimation (MAP), Transductive
inference (TI), Orientation scores (OS), First order derivative of Gaussian (FDOG),
Morphological top-hat transform (MTHO), Bit plane slicing (BPS), Region growing
(RG), Fuzzy classi cation (FC), Morphological component analysis (MCA), Mor-
let wavelet transform (MWT), Adaptive global thresholding (AGT), Phase congru-
ency (PC), Contrast limited adaptive histogram equalization (CLAHE), Bayesian
model with spatial constraint (BMSC), Graph cut (GC), Level sets (LS), Retinex-
based inhomogeneity correction (RIC), Local phase-based enhancement (LP), In-
nite perimeter active contour (IPAC), Directional response vector map (DRVM),
Bottom-hat transform (BHT), Bee colony swarm optimization (BSO), Fuzzy c-means
(FCM), Pattern search optimization (PSO), Direction map (DM), Brain inspired

multi-scales and multi-orientations (BIMSO).

2.3 Pre-Preprocessing

Image pre-processing is an essential prerequisite for accurate segmentation of retinal
vessels. Vessel segmentation is quite di cult due to various imaging conditions such
as noise, intensity inhomogeneity, poor visibility of thin vessel structures, anatomical
variations, and other imaging artefacts. These artefacts are often inherited mainly
from the image acquisition process (because of low-quality image acquisition devices).
Thus, before applying any vessel segmentation techniques, few preprocessing steps
are employed to improve the segmentation accuracy. In general, there are three

pre-processing steps involved before the vessel segmentation.
1. Removal of central vessel re ex.

2. Intensity inhomogeneity correction.
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Table 2.1: Summary of the vessel segmentation approaches presented in 56 papers
considered in this study.

Authors Methods Datasets
Supervised
Fraz et al. (2012b) | GOA + MT + LSM + GFR + DT | DRIVE, STARE, CHASE_DB1
Condurache and Mertins (2012) HBC | DRIVE, STARE
Fraz et al. (2014) | DG + SDG + GFR + LSM + MT + DT | CHASE_DB1
Welikala et al. (2014) | MLO + SVM | MESSIDOR
Rahebi and Hardalag (2014) | GLCM + NN | DRIVE, STARE
Fathi and Naghsh-Nilchi (2014) | LBP + NN | DRIVE, STARE
Ganijee et al. (2014) | MSMF + SRF | STARE
Orlando et al. (2017) CRF + SOSVM 32::\/5 STARE, CHASE_DBL,
Wang et al. (2015) | CNN + RF | DRIVE, STARE
Vega et al. (2015) | LNNDP | DRIVE, STARE
Dai et al. (2015) | GV+ GW + GMM | DRIVE, STARE
Roychowdhury et al. (2015a) | FSOF + GMM | DRIVE, STARE, CHASE_DB1
Zhang et al. (2015) | MTD + NN | DRIVE
Li et al. (2016) | DAE | DRIVE, STARE, CHASE_DB1
Liskowski and Krawiec (2016) | DCNN | DRIVE, STARE, CHASE_DB1
Maninis et al. (2016) | DCNN | DRIVE, STARE
Wu et al. (2016) | DCNN + PF + NNS | DRIVE
Fu et al. (2016b) | CNN + CRF | DRIVE, STARE
Strisciuglio et al. (2016) | B-COSFIRE + SVM | DRIVE, STARE
Abbasi-Sureshjani et al. (2015) | BIMSO | DRIVE, IOSTAR
Unsupervised
Wang et al. (2013) | MFMK + AT | DRIVE, STARE
Matched Krause et al. (2016) | LRT | DRIVE
ltering Azzopardi et al. (2015) | B-COSFIRE | DRIVE, STARE, CHASE_DB1
Kovacs and Hajdu (2016) | GGF + CR | DRIVE, STARE, HRF
Kar and Maity (2016) | CT + MF + LoG | DRIVE, STARE, DIARETDB1
Zhang et al. (2016) LAD-0S P oA R DB
Yu et al. (2012) | HM + LET | DRIVE, STARE, HRF
Moghimirad et al. (2012) | MEF + HM | DRIVE, STARE
Budai et al. (2013) | HM + HT | DRIVE, STARE
Multi-scale Nguyen et al. (2013b) | MSLD | DRIVE, STARE, REVIEW
approach Fathi and Naghsh-Nilchi (2013) | CCWT + AT + LF | DRIVE, STARE
Zheng et al. (2013) | HM + NMF | DRIVE
Annunziata et al. (2016) | NEBF + HM + PT | STARE, HRF
Abdallah et al. (2015) | ADF + HM | DRIVE, STARE
Yin et al. (2015) | OAD + GW + POF | DRIVE. STARE
Christodoulidis et al. (2016) | MSLD + TVF | HRF
Yin et al. (2012) | MAP | REVIEW
Vessel tracking Yin et al. (2013) | MAP | DRIVE, STARE, REVIEW
Zhang et al. (2014) | MAP + MSLD | REVIEW
De et al. (2014) [T | DRIVE
Bekkers et al. (2014) | os | HRF, REVIEW
Fraz et al. (2012b) | FDOG + MTHT + BPS | DRIVE, STARE, MESSIDOR
Mathematical 5o ot o1 (2013) | FDOG + MTHT + RG | DRIVE, STARE
morphology
Sigurosson et al. (2014) | POF + FC | DRIVE
Imani et al. (2015) | MCA | DRIVE, STARE
Thresholding Roychowdhury et al. (2015b) | AGT | DRIVE, STARE, CHASE_DB1
based approach Mapayi et al. (2015a) | AT + GLCM | DRIVE, STARE
Mapayi et al. (2015b) | AGT + CLAHE + PC | DRIVE, STARE
Xiao et al. (2013) | BMSC | DRIVE, STARE
Model-based Salazar-Gonzalez et al. (2014) \ GC \ DRIVE, STARE, DIARETDB1
approach Zhao et al. (2014) | ADF + LS + RG | DRIVE, STARE
Zhao et al. (2015a) RIC + LP + GC SE,:AVPEI;QETARE' ARIA,
Zhao et al. (2015b) | LP +IPAC | DRIVE, STARE, VAMPIRE
Other general  Hassanien et al. (2015) | BSO + FCM + PSO | DRIVE, STARE
approach Frucci et al. (2016) | DM | DRIVE
Léazar and Hajdu (2015) | MSMF + BHT + DRVM + RG | DRIVE, STARE, HRF
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3. Vessel enhancement.

These techniques don't necessarily guarantee to achieve higher segmentation ac-
curacy. It depends on the developed method and application at hand. Therefore, the
reader should be mindful about when and what preprocessing method to be employed
for a given problem. All the preprocessing techniques have been experimented on the
green channel of the RGB retinal image. This is because the green channel exhibits
better contrast between the vessels and the background (Marin et al. (2011), Fraz
et al. (2012b), Azzopardi et al. (2015), Nguyen et al. (2013b), Zhao et al. (2014)). In
Mendonca and Campilho (2006), di erent color components were investigated and
found that the green channel exhibits the highest contrast between vessels and back-
ground. Once the green channel is extracted from RGB retinal image, the following

preprocessing steps are performed.

2.3.1 Removal of Central Vessel Re ex

Retinal vessels usually appear darker than the background surface because of lower
re ectance. It includes a light streak running longitudinally along the vessel centre
known as Central Vessel Re ex (CVR). It is more prominent in arteries than in veins,
because this phenomenon occurs at longer wavelengths that are more responsive to
the blood oxygen content (Narasimha-lyer et al. (2008)). It is more visible in younger
individuals than in adults (Fraz et al. (2014)). This vessel re ex must be removed
because the pixels intensities in the middle of the vessel are much lower than its
surroundings leading to false detection of two close vessels instead of a single vessel.
The classical technique for removal of CVR is morphological opening. In this
method, the morphological opening is performed using a three-pixel diameter disc,
de ned on a square grid by using eight-connectivity as a structuring element. Ricci
and Perfetti (2007) initially proposed a basic line detector for vessel segmentation
which e ciently deals with vessel re ex. This method is based on the average grey
level response of a xed line length passing through the target pixel at di erent
orientations. The limitation of the basic line detector is that it tends to merge
adjacent parallel vessels and produces false detections near bifurcation/crossover
regions (see Figure 2.1). To overcome this limitation, Nguyen et al. (2013b) proposed
a method based on the response of basic line detector on various scales and varying
the length of the line. This multi-scale line detector can recognize vessel re ex as

a part of a vessel since the average line response is not a ected much because the
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