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Abstract

An Automated Segmentation of Retinal Images for use in Diabetic Retinopathy Studies

Daniel Moges
Addis Ababa University, 2014

Automated computer aided detection of retinal lesions associated with Diabetic Retinopathy
(DR) offers many potential benefits. In a screening setting, it allows the examination of large
number of images in less time and more objectively than traditional observer driven techniques.
In a clinical setting, it can be an important diagnostic aid by reducing the workload of trained
graders and other costs. However, the segmentation of major pathological structures and their
subsequent follow—ups are not easy because of various artifacts such as presence of anatomical
structures with highly correlated pixels with that of lesion, illumination variability, noise and
movement of the eye during multiple visits by the patient. This study presents a novel
mathematical scheme for analysis of color retinal images acquired through digital fundus
cameras from patients treated for DR. The proposed scheme uses a holistic representation of the
color images in the three (trinion) space and applies trinion based Fourier transforms to extract
useful imaging features for the purpose of classification and segmentation of retinal images. A
suitable color space transformation and a way of extracting robust higher order features are
included in the method. The scheme has been applied in analyzing images acquired from
standard retinal image databases. Results have showed that the algorithm achieved 86.06%
sensitivity, 96.06% specificity, and 92.65% accuracy for pixel base segmentation of Hard
Exudates (HEs) - the most prevalent lesions that appears in the earliest stages of DR, while it
achieved 96.67% sensitivity, 100% specificity and 97.3% accuracy for image base classification

of abnormalities due to DR.
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Chapter one

1. Introduction

1.1. Background

The retina is an interior surface of the human eye which acts as the film of the eye. It converts
light rays into electrical signals and sends them to the brain through the optic nerve. The optic
nerve is the cable connecting the eye to the brain. The optic disc (OD) is the bright region within
the retinal image. It is the spot on the retina where the optic nerve leaves and blood vessels enter
the eye. The macula is a small area near the central part of the retina which is responsible for
central light vision. The fovea is an indentation in the centre of the macula. This small part of the
retina is responsible for highest visual acuity. The vascular network supplies oxygen, nutrients,

and blood to the retina [1].

The major leading causes of blindness and visual impairment that affect human eyes are DR,
glaucoma, age-related macular degeneration (AMD) and cataract. Cataract affects the front of the
eye (clouding of the lens), while the remaining three diseases affect the retina and/or optic nerve
head at the back of the eye. An important difference between cataract and the other three eye
diseases is that cataract is usually noticed by the patient early enough for adequate treatment,
while the early forms of DR, glaucoma and AMD are usually not noticed by the patient, causing

substantial damage unless diagnosed early [2].

DR is a complication in the retina due to diabetics. Its characteristic features are Microaneurysms
(MA), Hemorrhages (H), and Exudates (hard exudates (HE) and soft exudates (SEx)). MA are

discrete localized distension of the weakened capillary walls and are presented as small, circular
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red ‘dots’ on the retina. In time, when the small blood vessels are ruptured, hemorrhages will be
occurred. They generally appear either as a red ‘dot” or ‘flame-shaped’ on the retina. HEs are
caused by proteins and lipids leaking from the blood into the retina via damaged blood vessels.
These appear in retinal images as yellow white areas, sometimes in a ring-like structure around
leaking capillaries. When the severity of DR advances the blood vessels become obstructed
which causes microinfarcts in the retina which are called SEx. If advanced, it results in diabetic
macular edema (DME) [3]. AMD often affects the area of central vision (Macula). This is due to
the process which is known as neovascularization that involves the growth of abnormal, leaking
blood vessels under the macula, ending with atrophy and scarring of the macula. Glaucoma is an
optic neuropathy, involving gradual damage to the retinal ganglion cells and their axons that lead
into the optic nerve and further into the visual areas of the brain. The OD is pale red with a
yellowish tint in the center of the retina. In the case of glaucoma the disc will have sharply

denned borders and a shallow physiological cup [1, 3].

In clinical ophthalmology the examination of the optic fundus is important for determining the
health of the fundus (posterior pole of the eye that includes the retina, macula, fovea, optic nerve,
OD, blood vessels and other interior structures). It enables early detection and diagnosis of eye
diseases due to DR, AMD and glaucoma. Various ophthalmoscope techniques such as digital
fundus photography, indirect ophthalmoscopy, stereo bio-microscopy, fluorescein angiography,
and optical coherence tomography (OCT) are used in diagnosis and management of eye diseases
[3]. However because of its relatively low cost, simplicity and easy access fundus camera is used
most of the time. It is satisfactory for viewing the fundus and the structures leading to it by 2-D
representation of the 3-D retinal semi-transparent tissues (see Fig. 1.1). Most of the time it is

used to detect and evaluate symptoms of retinal detachment or eye diseases due to DR.
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Additionally it is used to record color images of the fundus in order to document the presence of

disorders and monitor their change over time.

Figure 1.1: Typical structures of a color fundus image.

1.2. Statement of the problem

Accurate segmentation of fundus images is critical for mass screening and monitoring of ocular
diseases. It provides a better source of information for studying the various ocular morphologies
which is helpful to improve clinical outcomes, prognosis, patient diagnosis and treatment
planning. However, manual segmentation is often a time-consuming and subjective process.
Additionally, the retinal images acquired using low cost fundus camera are prone to various
artifacts such as noise, poor image contrast, presence of anatomical structures with highly
correlated pixels with that of lesion, illumination variability, color variation of similar subjects
due to difference in background, size and shape variation of lesions, and movement of the eye
during image acquisition. With increasing image data becoming available to ophthalmologists,

the need and potential impact of image analysis methods is very high.
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Recent advances in digital imaging and computing power have made it possible to use data
provided from medical images in new and revolutionary ways. Such a system should be able to
distinguish between affected and normal retinal images. The automatic diagnosis systems relieve
physicians of repetitive work, increase efficiency and provide remarkable cost savings. The
success of this type of screening approach depends on accurate fundus image capture, and

especially on accurate and reliable image processing algorithms for detecting the abnormalities.

The focus of this thesis is especially on Exudates (EXs) detection and their differentiation from
other bright areas, specifically cotton wools (CWs) and the OD which have similar features in
color and brightness with HEs. As EXs are among common early clinical signs of DR, their
detection would be an important asset to the mass screening tasks and could serve as a first step

towards a complete monitoring and grading of the disease.

Several methods have been developed in the literature by many researchers for use in
segmentation of HEs, blood vessels, fovea, and OD in fundus images. Some researchers
attempted to detect EXs using their high luminosity to separate them from the background by
tresholding [5-7]. The wide variability among images made the method dependent on user
intervention to select the appropriate threshold for each case. In addition, since the attributes of
OD are similar to attributes of HE in terms of color and brightness, such methods generate large
number of false positives which result in their low percentage specificities when applied on large
data sets. Most attempts try to detect features in fundus images using only one channel, usually
the green channel [4, 5]. However those analysis techniques miss out color information that is
present in the remaining channels. Other studies used edge detectors combined with
morphological operations [8-11]. First, the borders of candidate EXs were detected. Then color,

shape and location properties were used to separate true lesions. Other researchers focused on the
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study of the ability of Bayesian classifiers to detect retinal lesions associated with DR [12, 13]. A
statistical classifier together with Fisher's linear discriminant analysis (LDA) has also been used
previously to segment EXs [14]. A method for detecting EXs and CWs, and separate them from
drusen has also been proposed [15]. In this method a K-Nearest Neighborhood (KNN) classifier
was used at the first stage to detect candidate bright lesions. LDA was subsequently used to
differentiate among lesion types. In other study neural network (NN) based classifiers have been
used [16-18]. A multilayer perceptron (MLP) was used in [16] to determine the presence of
bright lesions. In [17] candidate bright regions were segmented using Fuzzy C-means clustering.
A support vector machine (SVM) was used afterwards to determine if a segmented region is an
EX or another type of bright region. A similar approach was used in [18], where multilayer

perceptron NNs and SVM were analyzed and compared.

Generally, most attempts in fundus color image processing focus on analyzing each separate
color components serially and combining the outputs from the different channels. However, such
a serial method masks any existing inter-correlations between the color channels and the
associated computational cost is often high. In this regard, a more holistic representation and
analysis approach should have tremendous advantages. Recent application of higher dimensional
algebra in color image analysis uses vectorial representations of the three color components in
quaternion and trinion spaces and the respective integral transforms permit the analysis as one
entity/object keeping the inter correlation information [19, 20]. Based on such a vectorial
principle, a holistic and automated image processing scheme is suggested in this thesis to extract
robust and relevant textural features for major abnormality markers in fundus images. The

efficacy of image based higher order features in enhancing major abnormality markers and their
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effectiveness in attenuating intra and inter image variations due to unwanted artifacts is

thoroughly investigated.

1.3. Objectives

e General objective:
v' To come up with automated retinal color image processing method based on

fundus camera that enables mass screening of ocular diseases in an effective way.

e Specific objectives:
v To develop a holistic scheme for use in color retinal image analysis.
v" To extract robust and non redundant textural features.
v" To generate signature maps for use in enhancement of EXs and the OD.
v" Identification of abnormal retinal images and detection of major abnormality

markers in the retina.

1.4. Significance of the study

The growing incidence of diabetes increases the number of images that need to be reviewed by
physicians. In addition, the high cost of examinations and the lack of specialists prevent many
patients from receiving effective treatment. Computer aided detection of retinal lesions
associated with DR offers many potential benefits. In a screening setting, it allows the
examination of a large number of images in less time and more objectively than current observer
driven techniques. In a clinical setting, it can be an important diagnostic aid and can reduce the
workload of trained graders, and, thereby reducing costs. Moreover, it is important to distinguish
among lesion types as they have different diagnostic importance and management implications.
The work in this study is comprised of robust image analysis algorithm development with
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potentially useful pre-clinical and clinical applications which could contribute a lot to the existed
problems.

1.5. Organization of the thesis

The thesis is organized in to six chapters. Chapter 2 provides background information, including
a discussion of human eye structure and the characteristic features of normal and abnormal
structures in the retina. Chapter 3 discusses the basic concepts of medical image processing
techniques with their related applications. It also provides general background information,
including detail discussions on the different types of image processing tasks and analysis
techniques like feature extraction, texture analysis, image segmentation and classification
techniques, and spectral analysis of color images. A review of algorithms that have been used by
different researchers in the field for automatic segmentation of EXs, OD, and blood vessels is

also included in this chapter.

Chapter 4 discusses the proposed retinal image processing methods and the data set that have
been used in the current study. This includes selection of an optimal color space, a holistic
representation and analysis of the resulting color images, and ways of extracting meaningful
higher order statistical features for use in uniquely quantifying useful objects like HEs and the
OD against the background. Additionally the soft segmentation scheme that has been used for
automatic segmentation of HEs and classification of abnormal images due to DR is also
discussed in this chapter. Chapter 5 discusses the results obtained from the methods in chapter 4.
Quantitative and qualitative analysis techniques are held on the results to evaluate the
performance of the proposed system. Finally, chapter 6 presents concluding remarks and possible

future directions of the study.
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Chapter Two

2. The human eye and retinal diseases

2.1. Overview of the structure and functionality of the eye

When rays of light enter the eye, they are focused onto the retina by the cornea, pupil and the
lens. The nerve impulses produced by the retina are sent along the optic nerve to the brain to
interpret the image that we see. The eye consists of many complicated parts, including supportive
layers, optical components and neural components. Fig. 2.1 shows the 3D schematic illustration
of the human eye with its constituent parts. The eyeball is coated by sclera, which is a white,
dense, fibrous layer. The cornea is a transparent layer of the eyeball which covers the iris and
pupil. In addition the cornea provides two-third of the refractive power of the eye. The light rays
pass to the lens through the pupil, which is an opening in the centre of the iris. The iris is the
colored diaphragm in the anterior chamber of the eyeball which contracts and expands to control
light intensity. The lens is a dual-convex clear crystalline organ which focuses light rays onto the
retina. The posterior chamber of the eyeball is filled with a clear jellylike substance called
vitreous fluid, and is normally attached to the retina. The retina is the membrane on the inner
wall of the eyeball divided into two developmental layers, the pigment layer and the neural layer
which receives the rays of light from the lens and converts it into nerve impulses. These impulses
travel along the optic nerve to the brain, where they are converted to images. There are two types
of photoreceptors contained in the retina: rods and cones. With their central location, cones are
responsible for bright light and colors, while the rods are responsible for peripheral and night
vision. The macula refers to the important centre of the retina which is responsible for central

vision. The fovea is the central area of the macula which is responsible for sharp vision and is
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the region of highest visual acuity and cone cell density. The OD is the area where the optic
nerve is connected to the retina and can be seen as a bright yellow disc. All of the blood vessels
supplying the retina enter and exit via the OD. Its diameter is often used as a standard to measure

distances and sizes in the fundus image [1].

Sclera Vitreous
Iris )
Choroid
Cornea
Optic nerve
Pupil
Macula
Lens
Retina

Conjunctiva

Figure 2.1: 3D illustration of the human eye. Courtesy of Mir et al.

2.2. Characteristic features of normal and abnormal structures in color fundus
images

Fundus eye mainly refers to the posterior pole of the eyeball, especially the retina, the macula,
OD, optic nerve and other interior structures of the eye [2]. Fig. 2.2 shows a sample color retinal
image, which is acquired with digital fundus camera, with major anatomical structures. Fundus

image test enables detection of eye diseases based on characteristic features of major anatomical
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and pathological structures of the retina. It can also detect diseases not linked directly to the eye,

such as systemic nerve disorder and hypertension.

The most common ophthalmic devices for non-invasive examination of fundus eye are the
ophthalmoscope and the fundus camera, which are very useful for a first diagnosis as well as
monitoring of retinal pathologies. But these devices provide flat images, and do not provide
information about the topography of the fundus eye. Other more sophisticated equipments allow
high resolution and contrast reconstructions. However, these devices have a high cost and the

resulting images are monochromatic [2].

Figure 2.2: Color retinal fundus image with main anatomical structures
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2.2.1. The normal fundus

The major normal structures in the fundus are OD, blood vessels, macula and fovea. In color
fundus image those structures can be identified and differentiated based on their color, shape and
textures. However, owing to the combined color of the pigmented epithelium and the underlying
vessels, the color of a normal fundus varies from subject to subject. In general the color of a
normal Caucasian fundus varies from orange to vermilion, that of a dark Asian person may be

yellowish-grey or coffee-brown, and that of an African subject tends to be chocolate-brown.

The OD is pale red with a yellowish tint. It is usually circular or vertically oval. The relative
pallor of the disc is largely the result of the reflection of light from the myelin sheaths of the
optic nerve. In most normal fundus the disc has a funnel-shaped depression (known as
physiological cupping) at its centre from which the retinal vessels seem to emerge. The macula
lies at approximately 1-1.5 disc widths from the temporal border of the OD. It is a horizontally
oval depression recognizable by the contrast of its red color with that of the paler surrounding
fundus. At the centre of the macula lies a smaller depression called the fovea. This is a very thin
part of the retina and allows the brighter red color of the underlying choroidal circulation to shine
through. This is the normal fovea reflex. Retinal blood vessels appear as dark red color. They
form four groups to supply the four quadrants of the fundus. These four principal divisions of the
retinal vessels follow a sinuous course and divide dichotomously as they proceed to their
respective quadrants. From the superior and inferior temporal vessels, small branches pass
towards the macula where they terminate in fine twigs around the margin of the macular
depression. They stop short of the vascular fovea, which gets its red color, and oxygen, from the
underlying choroidal vessels. The ophthalmoscopy white axial reflex, which runs along the

centre of each vessel, is caused by the surface of the blood column and the vessel wall [1].
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2.2.2. Abnormities in fundus

Major abnormalities (pathological structures) in the retina appear due to eye diseases such as DR
and glaucoma. DR is a micro vascular complication of diabetes, causing abnormalities in the
retina, and in the worst case, blindness. The main characteristic features of DR are MA, EXs
(HEs and SEx), hemorrhages, and DME. EXs are the major prevalent lesions during the early

stages of DR. In fundus image they generally appear as yellow white areas.

Figure 2.3: Abnormal findings in the eye fundus caused by diabetic retinopathy: (a) Microaneurysms
(marked with an arrow), (b) hemorrhages, (c) hard exudates, (d) soft exudates (marked with an arrow),

and (e) neovascularization. Courtesy of Kauppi et al.
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Typically there are no salient symptoms in the early stages of DR, but the number and severity
predominantly increase through time. DR typically begins as small changes in the retinal
capillaries. The first detectable abnormalities are MAs which are local distensions of the retinal
capillaries and appear as small red dots [3] as shown in Fig. 2.3a. Most of the time it is difficult
to distinguish MAs in fundus images due to their small sizes. MAs cause intraretinal hemorrhage
when it is ruptured. Hemorrhage appears as flame shaped red dot in the fundus image as shown
in Fig. 2.3b. The disease severity is classified as mild non-proliferative DR when the first
apparent MA appears in the retina. In time, the retinal edema and HEs are followed by the
increased permeability of the capillary walls. HEs are lipid formations leaking from these
weakened blood vessels. It leads to swelling of the macular tissue and damage to photoreceptors.
It appears as yellow white areas, sometimes in a ring-like structure around leaking capillaries
(Fig. 2.3c¢). This state of the retinopathy is called moderate non-proliferative DR. However, if the
above-mentioned abnormalities appear in the central vision area (macula), it is called diabetic
maculopathy [2, 4, 5]. As the retinopathy advances, the blood vessels become obstructed which
causes microinfarcts in the retina. These microinfarcts are called soft exudates (SEx) and appear
as pale yellow area (Fig. 2.3d). When a significant number of intraretinal hemorrhages, SEx, or
intraretinal micro vascular abnormalities are encountered, the state of the retinopathy is defined
as severe non proliferative DR. The severe non proliferative DR can quickly turn into
proliferative DR when extensive lack of oxygen causes the development of new fragile vessels
[4, 5]. This is called neovascularization which is a serious eye sight threatening state [4]. It
involves the growth of abnormal, leaking blood vessels under the macula, ending with atrophy
and scarring of the macula (Fig. 2.3e). The proliferative DR may cause sudden loss in visual

acuity or even a permanent blindness due to vitreous hemorrhage or fractional detachment of the
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central retina. After diagnosis of DR, regular monitoring is needed due to the progressive nature
of the disease. However, broad screenings cannot be performed due to the fact that the fundus
image examination requires attention. For an effective mass screening, automatic image

processing methods must be developed [6, 7].

Glaucoma is an optic neuropathy, involving gradual damage to the retinal ganglion cells and
their axons that lead into the optic nerve and further into the visual areas of the brain. The shape,
width and depth of the physiological cup, the margin and the color of the disc, together with the
state of the vessels, should all be scrutinized carefully for evidence of glaucomatous disease. In
simple, or primary, optic atrophy (from injury, ischemia or toxic damage to the optic nerve) the
disc is pale with sharply denned borders and a shallow physiological cup (Fig. 2.4a). Sometimes
the pallor is not very striking unless a comparison is made with a normal fundus. In advanced
cases, there is marked narrowing of the retinal vessels. In glaucomatous optic atrophy, the cup is
enlarged and occupies a larger part of the disc. Its margin shows an abrupt step down from the
retinal level and the emerging vessels appear to bend sharply outwards (see Fig. 2.4b, for
example). Papilloedema, or a non inflammatory edema of the optic nerve head, is an important
diagnostic sign of many systemic, intracranial and orbital disorders. The earliest changes are a
blurring of the disc margin, hyperemia and swelling of the papilla (OD) (Fig. 2.4.c). These
changes start at the periphery of the disc leaving the central cup well-preserved until late on in
the disease. As the intracranial pressure remains elevated, the cup fills up, the disc becomes
hyperemic with dilated capillaries and the margin becomes completely obliterated (see Fig.
2.4.d). There is venous dilatation and the surrounding retina becomes involved with the
appearance of soft, white patches. At this stage, clinical examination often reveals enlargement

of the blind spot (Fig. 2.4.e). In chronic glaucoma the funnel in the optic cup is deep
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(glaucomatous cupping) and the emerging vessels appear to bend sharply at its edge (Fig. 2.4.f)

[1].

(2) (b)
(©) (d)
(e) ®

Figure 2.4: Abnormal findings in the eye fundus caused by glaucoma: (a) Optic atrophy with pale disc
and attenuated vessels, (b) Glaucomatous optic atrophy: sharply angulated vessels and pale disc, (c)
Papilloedema: swollen, hyperemic disc with blurred margins, (d) The pale central core of the disc
surrounded by hyperemia, (¢) Advanced Papilloedema with congestion and edema of the disc, (f)

Advanced papilla edema: tortuous and congested veins with edema. Courtesy of Mir et al.
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Chapter three

3. Medical image processing and applications

3.1. Image processing

Image processing can be defined as the manipulation of an image either to enhance visual
appearance or to prepare images for quantitative measurement of features for object recognition.
This thesis concentrates on both. Main interest in digital image processing methods stems from
two principal application areas: improvement of pictorial information for human interpretation;
and processing of image data for storage, transmission, and representation for autonomous
machine perception [1]. There are numerous specific motivations for image processing but many
fall into the following categories: (i) to remove unwanted signal components that are corrupting
the image and (ii) to extract information by rendering it in a more obvious or more useful form.
The principal objective of enhancement is to process an image so that the result is more suitable
than the original image for a specific application. However, image processing is very much
problem oriented task. For instance a method that is quite useful for enhancing fundus images

may not necessarily be the best approach for enhancing MR or X-ray images.

3.1.1. Computer vision and human vision

Computer vision and human vision appear to have the same function and goal [2]. Both systems
interpret multidimensional spatial data for the purpose of information gathering and visual
recognition. Due to the complexity of the human visual system and the lack of total
understanding of the neural aspects of human perception, even the best computer vision system
cannot replicate the human eye. The development of image processing technique is then focused

on improving upon the human vision model rather than replicating it. Vision is the ability to
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focus selectively on objects of interest. The human eye can discern thousands of color shades and
about two-dozen shades of gray. Human vision is a complex system that senses and acts on
visual stimuli in the form of light. For instance, as it is demonstrated in [2], the human brain
compensates for loss of acuity by emphasizing boundaries between regions of differing
intensities. The demonstration shown in Fig. 3.1a, which is often termed Mach band, consists of
several stripes represented by constant intensity in increasing order. Although each stripe is of a
constant intensity, in the borders they appear to change slightly from light to dark. In other
words, there appears a faint lighter border to one side and a faint darker border to the other side
of each of the internal boundaries. The gradation within each stripe does not exist, but rather is
perceived by the human eye. Fig. 3.1b shows the actual intensity levels while Fig. 3.1c illustrates
the perceived intensity values. The visual perception of Mach bands at boundaries between
intensity levels is thought to assist in the discernment of boundaries to make up for decreased
visual acuity. This phenomenon is particularly important in the field of medical diagnosis, as a
gradient in intensity may appear in an image where the image data does not support this

observation.

Human vision, which is augmented by a brain that has been specialized to ensure the survival of
humankind, may present different perceptions and images than computer vision, which depends
upon an algorithm designed for the processing of discrete pixel information contained in image
data. The use of experts, or the human eye, makes for subjective grading criteria where
inferences are based on experience which may include information not actually present in the
image data. This may be an advantage or disadvantage depending on the experts and their

domain knowledge. In any case, augmenting subjective information with quantitative data from
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the diagnostic imaging provides the expert with objective information for arriving at a diagnostic

conclusion.
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Figure 3.1: Mach band example, (a) Mach band, (b) true intensity profile in mach band, and (c) perceived

intensity in mach band.

3.1.2. Image data structure
Digital images are comprised of a set of points or picture elements, usually referred to as pixels,
stored as an array of numbers. They are spatial data indexed by two spatial coordinates; typically
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the variables x and y refer to the horizontal and vertical axes of an image. Pixel value represents
the color or intensity of each pixel, and the placement of the pixels within the matrix corresponds
to their placement within the image. If more than one value is required to encode pixel
information, the image is often represented by a multidimensional matrix. For example, an RGB
encoding of an image would contain 3 matrices: one each for red, green and blue intensities. In
other terms, each pixel represented in the matrix has a value that is encoded as either a scalar (in

the case of gray-scale) or a vector (in the case of color).

e Color spaces:

Color is the way the human visual system measures a part of the electromagnetic spectrum,
approximately between 400 and 650nm [3]. Because of certain properties of the human visual
system we are not able to see all of the possible combinations of the visible spectrum but we tend
to group various spectra into colors.

A color space is a notation by which we can specify colors, i.e. the human perception of the
visible electromagnetic spectrum. Because manipulation of colors is possible through additive
properties (for example, red and green produce yellow) a wide range of colors is generated from
a choice of the three primary colors. A red, blue and green (RGB) color space is commonly used
in modern displays like televisions, computer monitors and digital cameras [2, 3]. Each primary
color has a range of values dependent on bit resolution. Most digital systems store color channels
in 8-bit quantities, allowing a range from 0 to 255 to indicate the intensity of a color. This is
referred to as 24-bit RGB or true color and allows for 16,777,216 (256°) different colors. In the
cases of white, black and shades of gray, white is represented by maximum intensity over all
three channels, black is represented by nil intensity over all three channels and shades of gray are

represented by equal intensities over all three channels.
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The RGB color space is represented via a three-dimensional cube as shown in Fig. 3.2. The
coordinates of each point inside the cube represent the values of each primary color. There are
three laws of colorimetry (which deals about the determination of a color and its constituents):
first, the creation of any color is possible with the three primary colors and any given
combination of the primary colors is unique; second, any two colors which are equivalent are
again equivalent after multiplying or dividing all three components by a scalar; and third, the

luminance of a mixture of colors is equal to the sum of the luminances of each color component

[3,4].
A
Green
Green Yellow
(0, 255, (255, 255, 0)
Cyan White
(0,255,25p) (255,255,259)
Gy
Black Red > Red
(0,0,0) (255, 0, 0)
Blue Magenta
(0, 0,255) (255, 0,255)
Blue

Figure 3.2: RGB color space represented by a cube
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There are also other color spaces such as Lab, CMYK, HSV, LUV, YCrbCrr, CIE L*a*b, and
CIE L*u*v which might be more useful in applications than just RGB. Since color space
selection is application dependent, transforming images from RGB to a desired space for the
specific problem is very beneficial [4]. The choice of the color space can be a very important
decision which can dramatically influence the results of image processing. The knowledge of

various color spaces can ease the choice of the appropriate color space.

Although there is no agreement on which color space is the best for image processing
applications and content based image retrieval (CBIR), an appropriate color system is required to
ensure perceptual uniformity [5]. Therefore, the RGB color space, a widely used system for
representing color images, is not suitable for CBIR because it is a perceptually non-uniform and
device-dependent system [6]. The most frequently used technique is to convert color
representations from the RGB color space to the HSV, CIE L*u*v, or CIE L*a*b color spaces
for perceptual uniformity [7]. The HSV color space is an intuitive system, which describes a
specific color by its hue (H), saturation (S), and brightness (V). The brightness is also referred as
the value or luminosity. This color system is very useful in interactive color selection and
manipulation. The CIE L*u*v and CIE L*a*b color spaces are both perceptually uniform
systems, which provide easy use of similar metrics for comparing colors [7]. Colors like the

CMYK are commonly used for printing and not that much in image processing.

After selecting a color space, an effective color descriptor should be developed in order to
represent the color of the global or regional areas. Several color descriptors have been developed
from various representation schemes, such as color histograms, color moments, color edge, color
texture, and color correlograms [8-12]. For example, color histogram, which represents the

distribution of the number of pixels for each quantized color bin, is an effective representation of
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the color content of an image. The color histogram not only easily characterizes the global and

regional distribution of colors in an image, but also be invariant to rotation about the view axis.

For the retrieval of medical images, color allows images to reveal many pathological
characteristics. Color also plays an important role in morphological diagnosis [13]. Color
medical images are acquired using different imaging devices. For example, color endoscopic
images are taken by a camera that is put into the hollow organs of the body such as stomachs and
lungs. A common characteristic in such kinds of images is that most colors are made of various
stains, though fine variations of natural colors are crucial for diagnosis. The ability to acquire
color medical images, however, does not come without challenges. To mention few: inaccurate

color reproduction, rough gradations of color, and insufficient density of pixels [13].

3.2. Basic image processing tasks and applications

3.2.1. Feature extraction

Feature extraction plays a vital role in various image processing tasks including object
classification, pattern recognition and image segmentation. Features offer relevant information
and descriptions of objects contained in a given subject. Hence, feature extraction methodologies
basically analyze image attributes to extract the most prominent features that are representative
of the various classes of objects. Features are used as inputs to classifiers that assign them to the
class that they represent. The challenge is then how to identify which features are effective for
representing the contents of the images and design of a robust scheme to carry out that kind of
task. For instance, in brain tumor classification based on MR images, features if selected
carefully are representative of the maximum relevant information that the image has to offer for

a complete characterization of lesions [14, 15].
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In image processing, feature extraction involves a special form of dimensionality reduction.
When the input data to an algorithm is too large to be processed and it is suspected to be
notoriously redundant (much data, but not much information) then the input data will be
transformed into a reduced set of features (also named feature vector). Transforming the input
data into the set of features is what we call feature extraction. If the features extracted are
carefully chosen it is expected that the features set will extract the relevant information from the
input data in order to perform the desired task using this reduced representation instead of the
full size input [15]. Thus feature extraction involves simplifying the amount of resources
required to describe a large set of data accurately. When performing analysis on complex data,
one of the major problems stems from the number of variables involved. Analysis with a large
number of variables generally requires a large amount of memory and computation power.
Feature extraction is a general term for methods of constructing combinations of the variables to

get around these problems while still describing the data with sufficient accuracy.

Various researchers proposed several combinations of feature vectors for image processing
applications. Some of them are:
e Shape features such as circularity, irregularity, area, perimeter, shape index [2, 15, 16].
e Intensity features such as mean, variance, standard deviation, median, Skewness, and
Kurtosis [14].
e Texture features such as contrast, correlation, entropy, energy, homogeneity, cluster
shade, and cluster prominence [15, 16].
e Color features such as color histogram, color moments, color edge, color texture, and

color correlograms [9-12].

The various features can further be classified as follows:
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e General features: application independent features such as color, texture, and shape.
According to the abstraction level, they can be further divided into:
v’ Pixel-level features: features calculated at each pixel, e.g. color, location.
v' Local features: features calculated over the results of subdivision of the image
band on image segmentation or edge detection.
v Global features: features calculated over the entire image or just regular sub-area
of an image.
¢ Domain-specific features: application dependent features such as human faces, fingerprints,
and conceptual features. These features are often a synthesis of low-level features for a

specific domain.

Feature selection
Feature selection is the technique of selecting a subset of relevant features for building robust
learning models by removing most irrelevant and redundant features from the data. Feature
selection helps to improve the performance of learning models by:

= Alleviating the effect of the curse of dimensionality.

»= Enhancing generalization capability.

= Speeding up learning process.

* Improving model interpretability.
Feature selection also helps to acquire better understanding about a data through identifying most

important features and their relations with each other.

Dimension reduction
In an attempt to capture useful contents of an image and to facilitate effective querying of an

image database, a specific image processing system may extract a large number of features from
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the content of an image. Feature set of high dimensionality causes the “curse of dimension”
problem in which the complexity and computational cost of the query increase exponentially

with the number of dimensions [17].

To reduce the dimensionality of a large feature set, the most widely used technique in image
retrieval is principal component analysis (PCA). The goal of principal component analysis is to
specify as much variance as possible with the smallest number of variables [18]. Principal
component analysis involves transforming the original data into a new coordinate system with
low dimension, thus creating a new set of data. The new coordinate system removes the
redundant data, and the new set of data may better represent the essential information. However,
there is a trade-off between the efficiency obtained through dimension reduction and the
completeness of the information extracted. As data is represented with lower dimensions, the
speed of retrieval is increased, but some important information may be lost in the process of data

transformation.

Another dimensional reduction technique is Linear Discriminant Analysis (LDA). It is a
supervised linear discriminator that uses the class information to find a set of vectors that
maximizes the between-class scatter while minimizing the within-class scatter. Both PCA and
LDA have shown useful applications in medical image analysis. For example, PCA has been
used in areas of medical image retrieval for classifying brain MR images [19]. Retinal image

analysis technique for EX detection has also been done based on LDA [20].

3.2.2. Texture analysis
Texture analysis occupies an important place in many advanced and sophisticated image

processing tasks. Texture is an intuitive concept that describes properties like smoothness,
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coarseness and regularity of a region [21]. Texture is an important element to human vision; it
provides cues to scene depth and surface orientation. People also tend to relate texture elements
of varying size to a plausible 3D surface. If images are represented in gray levels, texture
becomes a crucial feature, which provides indications about scenic depth, the spatial distribution
of tonal variations, and surface orientation [21]. In this sense a texture can be defined as a
regional property which is characterized by the spatial distribution of gray levels in a
neighborhood. For example, take abnormal symptoms on female breasts such as calcification,
architectural distortion, asymmetry, and masses. All of those reveal specific textural patterns on

the mammograms.

Texture analysis has been applied extensively in different image processing areas, ranging from
geosciences and optical physics to various industrial applications. In medical imaging, texture
analysis has been found very useful to enhance the available information. For example, in fundus
imaging texture analysis has been applied for shape estimation of the OD. In brain imaging,
texture analysis has been applied to various tasks such as tissue characterization and
classification, and automatic image segmentation. In CBIR systems, texture has been one of the
most important characteristic which has been used to classify and recognize objects and have
been used in finding similarities between images in multimedia databases [5]. Texture, on its
own does not have the capability of finding similar images, but it can be used to classify textured
images from non-textured ones and then be combined with another visual attribute like color to

make the retrieval more effective.

Visual analysis of texture is often a difficult task, especially in medical images where, in general,
the texture patterns may be very subtle and their assessment very subjective. Additionally the

basic pattern and repetition frequency of a texture sample could be perceptually invisible,
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although quantitatively present. Quantitative texture analysis attempts to provide objective
metrics. The analysis determines neighborhoods around pixels (texture elements) for which the
voxel intensities and spatial relationship between them is used to extract certain quantitative

features that characterize the texture of this neighborhood.

Analysis of texture requires the identification of proper attributes or features that differentiate the
textures of the image. Basically, texture analysis approaches can be classified into statistical
approaches and structural approaches. Statistical approaches analyze textural characteristics
according to the statistical distribution of image intensity. Approaches in this category include
gray level co-occurrence matrix (GLCM), fractal model, Tamura feature, Wold decomposition,
and so on. Structural approaches characterize texture by identifying a set of structural primitives
and certain placement rules. An example is description of texture based on regularly spaced

parallel lines [5].

An image is basically comprised of one or several textures. Generally an image region has a
constant texture if a set of its local properties in that region is constant, slowly changing or
approximately periodic. Statistical approaches are widely employed in texture recognition and
description of an image. Such methods include, for example, measurement of local image
variations to help in contrasting image elements, calculation of auto correlation functions for an
image based on spatial frequencies (either in spatial or frequency domains), calculation of

correlations to measure image linearity and the like [22].

For grey scale image analysis there are lots of fairly good algorithms available to perform texture
analysis. For color images, however, there is still enough challenge left to work on. In that

regard, new algorithms for color texture analysis are increasingly being explored as color
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analysis becomes feasible [23]. One of the approaches that have been proposed several times
now is the so called color correlograms [11, 12, 23]. Alternative methods have also been
proposed in the literature [24, 25], one of the most important being color histogram. The color
histogram is extremely easy to compute and insensitive to small changes in viewing positions
and partial occlusion. Due to the lack of any spatial information, however, the histogram is liable
to false positives. Extensions of the color histogram are also investigated in [21]. It is the aim of
this thesis to investigate a robust and reliable color texture analysis technique for use in

classification, segmentation, and enhancement of retinal images.

3.2.3. Image segmentation and classification

There are three primary issues in texture analysis: classification, segmentation and shape
recovery from texture. Image segmentation is a classification problem and therefore is one of the
most important and difficult tasks in image processing. Classically, image segmentation is
defined as the process of partitioning an image into mutually exclusive regions based on pixel
characteristics. The goal of image segmentation is to assign each pixel to a group or class with
similar characteristics. Ideally, classes with similar characteristics correspond to similar objects

in an image [1, 26].

If the domain of the image is given by €, then the segmentation problem is to determine the sets
Sk C ©Q whose union is the entire domain Q. Thus, the sets that make up a segmentation must
satisfy: Q= UX_, S, , where S, N S; = ¢ fork #j and each Sy is connected (each cannot be
partitioned into two nonempty subsets). Ideally segmentation methods find those sets that
correspond to distinct anatomical structures or regions of interest in the image. When the
constraint that regions be connected is removed, then determining the sets Sk is called pixel
classification, and the sets themselves are called classes. Pixel classification, rather than classical

Page | 31



segmentation, is often a desirable goal in medical images, particularly when disconnected
regions belonging to the same tissue class require identification [27]. Determination of the total
number of classes K in pixel classification can be a difficult problem. Often, the value of K is
assumed to be known based on prior knowledge of the anatomy being considered. For example,
in the segmentation of magnetic-resonance (MR) brain images, it is common to assume that K =
3, corresponding to gray-matter, white-matter, and cerebrospinal-fluid tissue classes. The process
of assigning a meaningful designation to each region or class, which is called Labeling, is
usually done following a successful segmentation. This procedure maps the numerical index k
of set Sk to an anatomical designation. When such labels are visually obvious, then it can be
determined just through inspection by expert observers (physicians or technicians in the case of
medical images, for example [27]). When the labels are not obvious, however, computer
automated labeling systems are desirable. A typical situation involving labeling occurs in digital
mammography, in which the image is segmented into distinct regions and the regions are

subsequently labeled as healthy or tumorous tissue [28].

Image segmentation approaches commonly discussed in the literature include: tresholding,
region growing, classifier based, clustering, Markov random fields, artificial neural network,
deformable models, and atlas-guided approaches, to mention a few. Detailed discussion on such

segmentation approaches is available in ref. [27].

3.3. Spectral analysis of color images

Information content of an image, which are used for various analysis, can be conveyed in spatial
or frequency domain. The term spatial domain refers to the image plane itself, and image
processing approaches in this domain are based on direct manipulation of pixels in an image.

Most image signals in spatial domain are affected due to various artifacts such as noise, poor
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image contrast, image acquisition artifacts, signal complexity and redundancy of information.
For this reason, it is necessary to analyze an image in a different domain. In this regard, spatial
frequency (wave number) transformations have been used in different applications. These
include the 2D Fourier transform, the 2D Hartley transform, the 2D cosine transform and the
like. Also joint space-wave number transforms have been used in applications requiring local
analysis. These include the 2D Gabor transform, the 2D wavelet transform, 2D S transform and
the like. The above mentioned transforms were however originally developed to analyze
grayscale images where each image pixel is assumed to be real (or in some cases complex)
valued. Most color images, however, have at least three components/channels/bands and the
application of the above mentioned transforms is then very limited to analyze such images. In
this regard, various alternatives have been suggested in the literature for use in analyzing color

images with multiple components. Below we will review some of these approaches.

e Monochromatic analysis
One way of analyzing color images is to treat the components as separate monochromatic
images. In this way, for example the real and complex valued transforms mentioned above could
be used to extract the spectral content available in each color channel. The major drawback of
such an approach is that it misses out the correlation information embedded among the different
channels of the color images. Finding such correlation information after serial analysis is often
not obvious. Another drawback is that the monochromatic analysis essentially results in higher
computational costs compared to other holistic approaches. It is sometimes possible to transform
a given multi component color image into single component grayscale and do the analysis on a

new space. There are instances where this method gives satisfactory results for some applications
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[28, 29]. Methods that incorporate all color components and the intrinsic inter correlation among

the different color components should provide a better approach in handling color images.

e Complex representation of color images
Another approach in color image analysis makes use of a representation in the complex space.
This is based on converting the original RGB image to HSV color space and considering the hue
(H) and saturation (S) components as the phase and the magnitude of the complex form
respectively. As explained in [30] an image h(x, y) represented in the RGB color space with
three color bands, R(x, y), G(x, y), and B(X, y), can be converted to HSL color space and
represented in cylindrical coordinate system with three color bands, H(x, y), S(x, y) and L(x, y).
This can be represented in complex form as:
h(x,y) = S(x, y)HEY) (3.1
where the saturation, S(x, y), is the magnitude and the hue, H(x, y), is the phase of the complex
form. In this way the standard complex Fourier based transforms can be employed to analyze the
color values hue and saturation separated from the intensity. However the intensity is not
explicitly represented in this form.

e Representation of color images in the hyper-complex domain
For effective analysis of color images we need a holistic representation technique of all the color
channels. In this regard, holistic color image analysis techniques in the hyper-complex space
using quaternions and more recently using the three space numbers known by the name trinions
have been suggested in the literature [31, 32]. A quaternion has one real and three imaginary
components [31]. A quaternion number g can be written as:

q=a+ib+jc+kd (3.2)
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where a, b, ¢ and d are real numbers and 1, j and k are orthonormal operators satisfying the
following multiplication rules:

ij=k, jk=1i, ki=j (3.3)
ji=—-k, kji=-i, ik=-—j
Quaternions have been used to efficiently represent color images as one object/entity and the
respective Fourier transforms defined in the quaternion spaces stimulated several useful

applications in various areas of image analysis [33].

Most color images have three components and one drawback of use of quaternions in
representing and analyzing such color images is the extra fourth dimension that quaternions
posses which creates redundancy. That means quaternion representation of color images is not
unique. A recent work in the field of color image processing aimed to circumvent the issue of
this redundancy that we incur using the quaternion formulation. New numbers in the three space
known by the name trinions have been suggested recently for a unique representation and

efficient analysis of color images with three components [32].

The three components of a given color image can be mapped to the three components of a trinion
there by avoiding the redundancy issue we incurred using the quaternion representation. The
introduction of the trinions has stimulated useful applications in analyzing multi-component
medical images (see [33] for example). It is the intent of this thesis to discuss more in detail
about trinions and their applications in analyzing retinal images generated based on fundus

cameras for use in studying a complication of diabetics known by the name diabetic retinopathy.
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3.4. Fundus retinal image analysis

As it is mentioned in chapter one, in clinical ophthalmology use of computer aided fundus image
analysis techniques for diagnosis of DRs enable effective screening and monitoring of
abnormalities in the retina. But there are lots of challenges in designing schemes for use in
automated retinal image analysis. This is due to the fact that fundus images are usually affected
by various artifacts. Some of the common factors, which usually make retinal image analysis a
hard task, are presence of noise, poor image contrast, presence of anatomical structures with
highly correlated pixels with that of lesion, illumination variability, color variation of similar
subjects due to difference in background, size and shape variation of lesions, and eye movement
during image acquisition. Various methods have been suggested in the literature for automatic
segmentation of pathological and anatomical structures of color retinal images. Due to retinal
pigmentation and the acquisition process, the retinal images vary largely in luminosity and
contrast, making it harder to distinguish retinal features and lesions in some areas thus hindering
the automatic segmentation of abnormalities. Most automatic systems approach the detection of
eye diseases directly using shape, color, texture, and domain knowledge of abnormality findings.
Selection of those top most representative features enables to mimic the way how experts
identify the presence of abnormalities, such as DR and glaucoma, in the retina. Literatures in
[34-38] differentiate EX pixels from non-EX pixels by extracting some of these relevant and
significant features. Other techniques attempt to find abnormalities indirectly by detecting
changes between two fundus images taken from the same eye in different time moment. The
direct approaches contribute to screening of the disease, where as indirect approaches contribute

to both screening and monitoring of the existed abnormalities [20].
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Generally most image analysis techniques for finding abnormalities in fundus images have three
major stages. Those stages are preprocessing (or image enhancement), candidate abnormality
detection and classification to correct finding category. Most of the automatic methods also
detect normal fundus parts, such as the OD, blood vessels, and the macula. These methods either
use the vital domain information provided by the normal fundus parts or remove them due to
their similar color and shape appearance with abnormal fundus findings. For instance an
automated blood vessel segmentation method can be a suitable tool for being integrated into a
complete pre-screening system for early DR detection. Localization of OD either in the presence
or absence of HE is another method used for the purpose of DR detection [20, 34, 35]. Others
proposed blood vessel segmentation and fovea localization for the same purpose [38-42]. Other
schemes focus on detection and grading of EXs for diagnosis of DR [43]. In fact most analysis
techniques are applied to specific objectives. It is not possible to detect all types of abnormality

in fundus using a single algorithm.

The sections below review some literatures done in the area of fundus image processing and the
various related works done so far in terms of their algorithm, specific methodological stages, and

type of disease identification scheme.

3.4.1. Overview of preprocessing methods used in fundus image analysis

Patient movement, poor focus, bad positioning, reflections, inadequate illumination can cause a
significant proportion of images to be of such poor quality as to interfere with analysis [44, 45].
In approximately 10% of the retinal images, artifacts are significant enough to impede human
grading [45]. Preprocessing of such images can ensure adequate level of success in the
automated abnormality detection. In the retinal images there can be variations caused by the
factors including differences in illumination, acquisition angle and retinal pigmentation. First
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step in the preprocessing is to attenuate such image variations by normalizing/matching the color
of the original retinal images against a reference image (an image that is taken under good
imaging conditions) by using some histogram specification techniques. Retinal images typically
have a higher contrast in the centre of the image with reduced contrast moving outward from the
centre. Different preprocessing methods have been suggested in the literature to overcome these

problems.

Image normalization techniques are used to reduce the effect of unwanted image variations
between subjects by using histogram matching against a reference image [42, 44]. However
those histogram matching techniques may also lead a loss of important information in the
original image. For instance small number of HEs that have relatively less amount of brightness
may be considered as an artifact and suppressed in the histogram matching process. To correct
for non uniform background illumination, mean and median filters are also used in the green
channel of the original image by some researchers [20, 34]. In other literatures the image is
divided into non overlapping rectangular regions and the mean and standard deviation of those
windows are used to estimate the background [44, 45]. The techniques were applied on the
intensity channel. The same approach has also been applied on the H channel in the HSV color
space [46]. Other studies proposed global and local contrast enhancement techniques to improve
the contrast of the original image. This procedure enhances visualization and segmentation of
abnormalities in fundus images. One method suggested, for example, uses contrast limited
adaptive histogram equalization (CLAHE) [43]. Other preprocessing techniques apply noise
estimation (removal) techniques such as back ground noise suppression and mask estimation

[45].
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Selection of best color spaces that have maximum interclass separablity for abnormality types is
also a major preprocessing task. In [35] the green channel from the RGB color space was chosen
for further analysis. Similarly the intensity component from the HSV color space was selected in
[37]. In [41] the LUV color space was chosen. A multi channel processing based on the green
(from RGB), lightness (from LUV), and magenta (from CMYK) color combinations has also

been used for efficient analysis [34].

Generally, most fundus images are characterized by being low contrast and infested with image
artifacts which are signified by the grouping of large peaks in a small area on the histogram plot
[44]. See Fig. 3.3 for example. This to a great extent interferes with the image analysis process.
The aim of preprocessing is then to attenuate the effect of such unwanted artifacts, keeping the
vital information. However, unless we have optimum preprocessing schemes that best suit for
optimum feature extraction and classification result, it may lead to additional error and
degradation to the total algorithm performance. There is always a problem to balance the tradeoff

between the need for preprocessing step and its drawbacks.

3.4.2. Candidate abnormality detection and classification techniques

As said before, the three major steps often used for the purpose of feature based object
segmentation are feature extraction, followed by candidate abnormality estimation, and finally
classification. Various researches have been done in automated segmentation of pathological and
anatomical structures of retinal images, such as EXs, retinal blood vessels, fovea, macula and
OD. Some of these include filter based, vessel tracking, classifier based and morphological
methods. The techniques utilize the prior knowledge such as contrast that exists between the

blood vessels and surrounding background, color and shape information.
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Figure 3.3: Histogram plot of a sample fundus image for its red channel (a), green channel (b), and blue

channel (c).

Exudate detection and segmentation

As EXs are among common early clinical signs of DR, their detection would be an important
asset to the mass screening tasks and could serve as a first step towards a complete monitoring
and grading of the disease. Some researchers attempted to detect EXs by using tresholding
techniques [47-49]. However, the wide variability among retinal images makes those methods
dependent on user intervention to select the appropriate threshold for each case. The authors in

[47] combined global and local tresholding to segment EXs. But their method requires a priori
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knowledge about the location of EXs. For the same purpose the authors in [48] proposed a local
dynamic tresholding algorithm. In [49] a multi-level tresholding method is employed to EXs
segmentation. However, the method was applied on very small samples and generalizations were

hard to be reached.

One primary problem with the tresholding approaches is that it is difficult to automatically find
an adaptive threshold that accounts for local image variations. In that regard, there are other
approaches suggested in the literature. Some researchers used a recursive region growing
segmentation algorithm (RRGS) to achieve automatic detection of EXs in retinal images [50].
Their method used tresholding based on the homogeneity of the EXs illumination. Other
researchers combined the region growing technique with edge detection [51]. Their method is
implemented on LUV color space. In their algorithm, seeds in a sub image are selected first. The
pixels adjacent to a seed are tested, and the region is allowed to grow from the seed until

reaching an edge or large gradient detected by canny edge detector.

Generally, the region growing techniques are time consuming and probably result in under-
segmentation and over-segmentation situations. In [36] authors created a model of the retina to
automatically identify the presence of lesions in the macular region. Edge and brightness
information were combined in [37] to identify EXs and the severity of DR. However, these
studies did not explicitly address the differentiation among lesion types. Other methods include
Bayesian classifiers [52], KNN classifier followed by LDA [53], NN based classifiers [54-56],

Fuzzy C-means clustering [55], and SVM classifiers [55, 56].

Authors in [57] proposed a novel approach of segmenting EXs for screening and follow—ups by

building an ethnicity based statistical atlas. The chromatic distribution in such an atlas gives a
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good measure of probability of the pixels belonging to the healthy retinal pigments or to the
abnormalities (like lesions, imaging artifacts etc.) in the retinal fundus image. Post—processing
schemes were also introduced for the enhancement of the edges of such EXs for final
segmentation and to separate lesion from false positives. But the major limitation was that the
statistical atlas reference cannot represent all the variables within the world population. In [37]
the authors proposed an automated retinal image analysis technique to detect and quantify
lesions associated with DR. The work focused on automatic detection of one lesion type
associated with DR (the HEs) based on an algorithm that uses a statistical classification approach
combined with an edge detection scheme for edge localization. The assumption here was that
HEs appear in the fundus photographs as small yellow white patches with sharp margins and
different shapes. Nevertheless, the result presented by the authors indicated poor sensitivity by

their proposed algorithm.

Other researchers in [58] came up with automatic EX detection using fuzzy C-means and
morphological methods. The process has two main segmentation steps which are coarse
segmentation using fuzzy C-means clustering and fine segmentation using morphological
reconstruction. Four features, namely intensity, standard deviation of intensity, hue, and adapted
edge were selected for coarse segmentation. Another novel automated approach for detecting
HEs is proposed in [20]. The algorithm is based on Fisher’s LDA and makes use of color
information to perform the classification of EXs. However the proposed algorithm makes use of
the isolated EXs color to characterize yellowish regions. A limitation of this approach is that it
cannot represent the color of all the EXs found in color retinal images. Additionally, despite the
enhanced appearance of the HEs brought about by the preprocessing techniques, their diversity

in brightness and size makes it difficult for an automatic algorithm to detect all of them. HEs
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usually appear in groups and therefore missing some of the very faint EXs is often believed not
to be critical. However, when there are only few very faint HEs in the retina, the algorithm will

have limited performance.

Researchers in [46] presented retinal image analysis based on mixture models to detect and
segment HEs by dynamically tresholding the images in order to separate the EXs from the
background. A post processing technique, based on edge detection, is applied to distinguish HEs
from CW spots and other artifacts. Another automatic localization and segmentation of HEs
using mathematical morphology operations was proposed in [35]. In this work, the retinal images
were first preprocessed and the OD and the blood vessels were identified and then they were
eliminated from the image. Finally, the HEs were segmented by a mixture of different

morphological operations including the top-hat, bottom-hat, and reconstruction operations.

Automatic segmentation of HEs has also been done previously using radial basis function
network in [59] and SVM in [60]. The SVM algorithm was based on the Discrete Cosine
Transform (DCT) analysis and SVM was used for the purpose of classifying the retinal EXs. It
attempts to mimic the ophthalmologist expertise by extracting relevant and significant features.
Features are empirically selected and used as input for SVM clustering. The major limitation of
this learning algorithm was that the result deteriorates for a bulk of unseen data set.

Blood vessel segmentation

Since vessels serve as one of the main retinal landmark features, blood vessel segmentation is
also the basic foundation while developing retinal screening systems. Authors in [39] came up
with an automatic blood vessel segmentation technique in retinal images. The method utilized a
tracking algorithm based on level sets and Fast Marching methods. However the tracking

algorithm fails in special cases on abnormal images: they are often sidetracked by light objects
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and sometimes experience difficulty locating starting points so that its levels of success is
frequently inadequate for wide scale implementation. Authors in [40] also proposed an
automated method for identification of blood vessels in color images of the retina. For every
image pixel, a feature vector is computed that utilizes properties of scale and orientation
selective Gabor filters. The extracted features are then classified using generative Gaussian
mixture model and discriminative SVM classifiers. Algorithm for automatic segmentation of
blood vessels has also been done by using vessel enhancement techniques and Fast Marching
method [41]. The algorithm includes the following major steps: Morlet wavelet transform,
curvature estimation, matched filtering, and Fast Marching. The wavelet transform and the
curvature-based approach were first applied to detect the skeleton of vessels, which serve as the
initial seeds in the Fast Marching algorithm. The matched filter is then used to enhance the
vessels in order to extract the features used by the Fast Marching’s velocity function. Finally, the

Fast Marching algorithm is applied to obtain final segmentation of retinal blood vessels.

A hybrid method for efficient segmentation of multiple oriented blood vessels was done in [42].
Initially, the appearance of the blood vessels were enhanced and back-ground noise is suppressed
with the set of real component of a complex Gabor filter. Then the vessel pixels were detected in
the vessel enhanced image using entropic tresholding based on GLCM as it takes into account
the spatial distribution of gray levels and preserving the spatial structures. This method is
comprised of two steps that is the retinal vessel enhancement followed by entropic tresholding. A
set of Gabor filters tuned to particular frequency and orientation are used to enhance the blood
vessels suppressing the background. In another work, automatic segmentation of retinal vessels

by using Zhang's method has been proposed [38]. In this method an active contour was used to
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extract vessel networks from color retinal images. This automatic analysis of retinal vessels

facilitates calculation of arterial index which is required to diagnose certain retinopathies.

Severity grading of eye diseases due to DR

An automated algorithm to detect and grade the severity of HEs is done in [37]. The detection
process was based on top-down image segmentation and local tresholding by a combination of
edge detection and region growing. Using features of the fovea and their geometric relations with
other retinal structures, a method for the fovea localization was proposed [46]. Grading of HEs

was performed using a polar coordinate system centered at the fovea [37, 46].

An efficient detection of the OD in color retinal images is also a significant task in an automated
retinal image analysis system. Most of the algorithms developed for OD detection/localization
are especially applicable to healthy retinal images. It is a challenging task to automatically
segment OD in abnormal retinal images. The position of OD can be used as a reference length
for measuring distances in retinal images, especially for the location of the macula. In case of
blood vessel tracking algorithms, the location of OD have been used as the starting point for

vessel tracking [39].

Most of the above methods proposed for different uses in retinal image processing share one
common property: one way or the other they all require color component separation. As
mentioned previously, such an approach misses out the intrinsic correlation information that is
embedded among the color bands and this information is proved to be vital in different
applications of color image analysis. Unlike most of the former works, authors in [34] proposed
an approach that combined three representative channels to form novel features. Based on the

multichannel features, they employ boosted soft segmentation (BSS) algorithm to obtain a
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confidence map, and then apply a background subtraction method to get the coarse segmentation
result. The selected three channels were green from RGB color space, luminosity from LUV
color space and magenta from CMYK color space. Then CLAHE is applied to the selected three
channels for contrast enhancement. The channels were selected based on observation for
effective extraction of HEs. The limitation of this approach is the challenge of selecting the
effective channels that best suit for the BSS algorithm. Additionally it only works for detection

of HEs.

It is the intent of this thesis to propose a method to overcome the shortcomings of most of the
methods proposed so far. The new approach is primarily holistic in that it employs vectorial
representation of color pixels based on a solid mathematical concept. It applies extraction of
meaningful higher order features based on integral transforms defined in higher dimensional
spaces. Robust feature selection guarantees superior object detection capabilities. In the next
chapters the new scheme will be discussed in detail and its efficacy in effective
detection/segmentation and classifications of useful objects in fundus generated retinal images

will be demonstrated subsequently.
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Chapter four

4. A novel, holistic color retinal image analysis

4.1. Method of retinal image acquisition

A fundus camera or retinal camera is a specialized low power microscope with an attached
camera designed to photograph the interior surface of the eye, including the retina, OD, macula,
and posterior pole (the fundus). The retina can be photographed directly as the pupil is used as
both an entrance and exit for the fundus camera's illuminating and imaging light rays. The
patient sits at the fundus camera with their chin in a chin rest and their forehead against the bar.
An ophthalmic photographer focuses and aligns the fundus camera. A flash fires as the
photographer presses the shutter release, creating a color fundus photograph. Ophthalmologists

use these retinal photographs for diagnosis, treatment, and subsequent follow ups of eye diseases.

Compared to other retinal imaging techniques, for instance OCT and hyper spectral imaging
techniques, fundus photography generally needs a considerably cheaper instrument. Fig. 4.1
shows a typical fundus camera design. It has the advantage of availing the image to be examined
by a specialist at another location and/or time, as well as providing color photo documentation
for future reference. It provides an upright, magnified view of the fundus with 30 to 50 degrees
field-of-view of retinal area. A typical camera views 30 to 50 degrees of retinal area, with a
magnification of 2.5x, and allows some modification of this relationship through zoom or
auxiliary lenses from 15 degrees which provides 5x magnification to 140 degrees with a wide

angle lens which minifies the image by half[1, 2].
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Figure 4.1: Fundus camera. Courtesy of Sain et al.

e Optical principles of fundus camera
The optical principles of fundus camera are similar to the principles of monocular indirect
ophthalmoscopy in that the observation and illumination systems follow dissimilar paths [1].
Light generated from either viewing lamp or the electronic flash is projected through a set of
filters and onto a round mirror. This mirror reflects the light up into a series of lenses which
focus the light. A mask on the uppermost lens shapes the light into a doughnut. The doughnut
shaped light is reflected onto a round mirror with a central aperture, exits the camera through the
objective lens, and proceeds into the eye through the cornea. Assuming that both the illumination
system and the image are correctly aligned and focused (as shown in Fig. 4.2), the resulting
retinal image exits the cornea through the central, un-illuminated portion of the doughnut. The
light continues through the central aperture of the previously described mirror, through the
astigmatic correction device and the diopter compensation lenses, and then back to the single
lens reflex camera system. Fig. 4.3 shows a general schematic diagram of the light rays’ path in

fundus camera [1].
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Figure 4.2: Ideal paths of illumination and observing/imaging light rays. Courtesy of Sain et al.

/

(h) (2) (b)

(©) (a) (d) Q)

Figure 4.3: Schematic diagram of fundus camera optics, round mirror (a), Donut of light (b), lenses to
focus light (¢), mirror (d), diopter compensation lens (¢), camera detector or CCD (f), objective lens (g),

eye (h), light source (i). Courtesy of Sain et al.
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4.2. Data sets
The following publicly available standard data sets have been used in the current work:
e DIARETDBO: 130 color fundus images, 10 are normal and 120 contain mild non-
proliferative DR with the annotation from the experts.
e DIARETDBI: 89 color fundus images of which 5 are normal and 84 contain non-
proliferative DR with the annotation from the experts.
e High-Resolution Fundus (HRF) image database: contains 15 normal, 15 patients with DR,
and 15 glaucomatous patients; binary gold standard vessel segmented images are available.
e STARE (STructured Analysis of the REtinal image) database: contains 81 images; binary
gold standard vessel segmented images are available.
e DRIVE (Digital Retinal Image for Vessel Extraction) dataset: contains 40 images; binary

gold standard vessel segmented images are available.

The databases are composed of high quality images accompanied by useful medical findings.
The expert’s delineations are used as gold standards for performance evaluation as well as to

carry out comparisons among different segmentation schemes.

Nature of image data sets:

DIARETDBO and DIARETDBI1 images were taken in the Kuopio University Hospital, Kuopio,
Finland. The images include the ground truths about the DR findings corresponding to the
delineations by the medical experts. The images were selected by the medical experts, but their
distribution does not correspond to any typical population, i.e., the data is biased and no a priori
information can be devised from it. The DR abnormalities in the database are relatively small,

but they appear near the macula which is considered to threaten the eyesight. Images were
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captured with the same 50 degree field-of-view digital fundus camera with varying imaging
settings (flash intensity, shutter speed, aperture, and gain) controlled by the system. The images
contain a varying amount of imaging noise, but the optical aberrations (dispersion, transverse
and lateral chromatic, spherical, field curvature, coma, astigmatism, distortion) and photometric
accuracy (color or intensity) are the same [3,4]. Therefore, the system induced photometric
variance over the visual appearance of the different retinopathy findings can be considered as
small. Both image data sets correspond to a good practical situation, where the images are
comparable, and can be used to evaluate the general performance of diagnostic methods. The
patient information from both databases was removed by converting the images into raw data.
The raw data images were converted to lossless portable network (.png) images for the purpose
of transmission and storage. The images are typically 24 bit RGB with dimension of 1500x1115
pixels. A special software tool was provided for the experts to inspect the fundus images and
annotate their findings. The experts were asked to mark the areas related to the MA, H, HE and
SE. They were further instructed to report their confidence and especially annotate the single
most representative point for each finding. The ground truth confidence levels, < 50%, > 50%,
100% represented the certainty of the decision that a marked finding is correct. They were taught
to use an image annotation tool, but they were not instructed how to make the annotations to
prevent a biased scheme. The medical experts learnt their own best practices. The image
annotation tool includes the following graphical directives: centroid, polygon region, circle
region, ellipse region, and representative point. The expert knowledge gathered with the ground
truth tool is stored to a text file. Each line in the text file corresponds to a visual finding marked
with the ground truth tool. Each marking in image is defined by the centroid and one other

graphical directive [3, 4].

Page | 56



Since the uninstructed collection process caused significant differences between the medical
experts, it was not possible to use the expert information as such as the ground truth. However,
using the original data the expert knowledge was fused for a better spatial accuracy and
suppression of outliers. The fusion was performed on a pixel basis using the reported confidence
levels. Several different approaches for fusing the markings are possible, e.g., voting, minimum,
maximum and the sum (average) of confidences. The first three provide binary classifications,
but the normalized average provides values in the range [0, 1]. Not to discard any information,
the approach using the average was selected since it provides a linear confidence scale [3, 4]. In
DIARETDBO and DIARETDBI the confidence level was fixed to 0.75. The markings reveal
how the medical experts analyze and interpret the retinopathy from the digital fundus images. As

a demonstration, Fig. 4.4 shows a ground truth for HE based on the above methods.

The STARE data set contains around 81 raw images in portable pixel map (.ppm) format. The
images are 24 bit RGB with dimension of 605x500. The dataset contains images which are
labeled by hand, to produce ground truth vessel segmentation [5]. All images in DRIVE database
are digitized using a Cannon CRS5 non-mydriatic 3CCD camera system with a 45 degree field-of-
view. Each image is 24-bits per pixel with dimension 565 x 584. These images were labeled by
hand, to produce ground truth vessel segmentation. The HRF image data sets are in .jpg format

with dimension of 3504x2236.

In addition 80 local images of 20 patients from black lion hospital diabetic center, Addis Ababa,
Ethiopia, which include normal images and abnormal images due to non-proliferative DR (HE
and H), proliferative DR, glaucoma and Cataract, were collected. However, the local data sets
were all in bitmap (.bmp) formats which makes it difficult to perform further processing, and no
ground truth were available.
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Figure 4.4: Example of an abnormal fundus image from DIARETDBI1 database (left), and the available
ground truth showing the delineated hard exudates (right).

4.3. Proposed method of image analysis

The proposed methodology as illustrated in Fig. 4.5 focuses on the following two issues:

e Effective enhancement of EXs, Hemorrhages, the OD, and blood vessels based on feature
maps generated by means of extracting robust texture descriptors.

e Accurate segmentation of EXs based on a chosen classification scheme.

The proposed scheme uses a holistic representation of the color images in the three (trinion)
space and applies trinion based Fourier transforms to extract useful imaging features for the
purpose of classification and segmentation of retinal images. A suitable color space
transformation and a way of extracting robust higher order features are included in the method.

The subsequent sections below discuss the proposed method in detail.
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Figure 4.5: Block diagram of the proposed image processing method.

4.3.1. Color space selection

Due to retinal pigmentation and the acquisition process, the retinal images vary largely in

luminosity and contrast [6]. As a result, it becomes harder to distinguish retinal features and

lesions, thus hindering the automatic segmentation of abnormalities like EXs. Preprocessing
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steps to normalize the images and increase the contrast between HEs and the background such as
histogram based image normalization and contrast enhancement methods have been applied in
many literatures on a selected single channel or serially on multiple channels. However those
preprocessing techniques have also a drawback. They always affect the information content held
in the multichannel color bands of the original image, which possibly leads to loss of vital
information. After testing various preprocessing techniques for a sustainable multichannel
feature extraction result, such techniques were omitted from the proposed method as most are
prone to significant biases and hence were not robust. Instead a selection of color spaces, which
conveys the dominant retinal features in an optimum way than the original RGB color space is
found to be helpful for further holistic analysis. For this a set of color spaces such as RGB, HSL,
Lab, LUV, CMYK and Ycrberr were tested and compared for their efficacy in robust and useful

extraction of features (texture descriptors).

In a typical retinal image, the red component is over saturated and has low contrast over the
bright regions. The blue component is under saturated and has low contrast over the black
regions. Only green part has enhanced contrast over the whole region. This makes the image to
have very low contrast which is signified by the grouping of large peaks in a small area on the

histogram plot. Fig 4.6 shows the red, green and blue components of a typical retinal image.

Two color spaces, which have enhanced contrast and uniformity for EXs and other retinal
structures, were selected for further analysis. These were HSL (hue, saturation and
lightness/value/intensity), and GLM’ (G-component from RGB, L-component from LUV and
inverse Magenta component from CMYK color spaces). The first color space was selected since
it is believed to have similarity with human color perception and it is less affected by inter and

intra image variations due to various artifacts, hence is potentially helpful for our abnormality
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detection scheme. The second color space was chosen based on the scatter matrix result of

maximum interclass separablity found in [7].

(a)

(d)

Figure 4.6: Sample original image with three color components (a), red component (b), green component

(¢), and blue component (d).

The original RGB image was converted to HSL color using the following formula [9]:

R+G+B
H= arctan(l;il), S=Jv2+v,2, L= = ) 4.1)
where:
_ (ZR—G—B) _ (R—G)
V= T ,and v, = NG

GLM’ color bands for enhancing features of DR
As said before, the green channel of the original color fundus image is commonly used when

applying image processing tools to study DRs. The reason is that most methods rely on the color
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intensity information as a basis for designing image processing algorithms for color images. The
green channel of fundus retinal images shows higher contrast for HEs, for example, and hence
often used in HE detection and segmentation [10, 11]. However, a more holistic analysis should
essentially be more informative and hence resulting in a more effective analysis of color images.
In that regard, in the current work, three representative channels were combined for use in
abnormality detection due to DR and OD localization in fundus images. The G-channel from
RGB color space was selected based on the above fact: in fundus images, HEs appear brighter
than the background, and that is mostly taken up by the green channel. The L channel from the
LUV color space was selected as a second channel, since luminosity information has uniformity
for EXs and OD [12]. In most fundus images HEs appear yellowish, while background color is
red. The inverse magenta channel was selected from CMYK color space as a third channel since
it gives great separation with dark red blood vessels and OD (see Fig. 4.7 for example).The
scatter matrix of the GLM’ color space as calculated in [7] is greater than the RGB, HSV, LUV

and Lab color spaces in terms of separating EXs from non EX pixels.

4.3.2. Holistic image processing in the trinion space

The Fourier transform, the Gabor transform, wavelets, the Stockwell (S) transform and many
others have been used in various literatures for monochromatic image analysis of gray scale
images. The same transforms can be applied in areas of color image processing but only after
separating the colors into monochromatic images and analyzing the resulting images serially.
The major drawback of such a setting is that separation of color components results in loss of the
intrinsic correlation information among the different color bands. Another issue is the higher
computational cost involved when analyzing each component separately and trying to correlate

each output, which is often not trivial. There are some image processing applications, such as
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linear filtering, that are less affected by color separation. But in many other applications, such as
texture analysis and pattern recognition, we witness a different scenario. In this regard, designing

holistic methods that allow analysis of color images as a single entity/object could be vital.

(2) (b)

(c) (d)

Figure 4.7: Sample original image (a), green channel (b), luminance channel (c), and inverse magenta

channel (d).

We are interested in robust texture feature based analysis of color retinal images for use in
effective classification and segmentation. Visual analysis of textures is often a difficult task
especially in medical images where, in general, the texture patterns may be very subtle and their
assessment very subjective. Quantitative texture analysis attempts to provide objective metrics

and determines neighborhoods around pixels (texture elements) for which the voxel intensities
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and spatial relationship between them is used to extract certain quantitative features that
characterize the texture of this neighborhood. Statistical approaches are widely employed in
texture recognition and description of images [13]. Such methods include, for example,
measurement of local image variations to help in contrasting image elements, calculation of auto
correlation functions based on spatial frequencies, calculation of correlations to measure image
linearity and the like. The traditional way of analyzing color images through separating the
monochromatic components misses out the inter-correlation information that is embedded among
the monochromes. The task can be accomplished more effectively and efficiently by employing
more holistic techniques. In that regard, methods that rely on vectorial representation of color
images have recently been proposed and have shown very great promises. One such successful
approach uses quaternions for efficient representation of color images and quaternion based
integral transforms to effectively analyze color images as a whole by treating the color voxels as
vectors [14, 15]. A quaternion is defined with one real and three imaginary components.
Interesting properties of quaternion are discussed in detail in literatures [8]. Quaternions have
been used to represent three component color images by setting one of the components to zero.
However, most color images, including our fundus camera images, have three components and
the extra fourth dimension in quaternions creates redundancy in representing such images with
additional computational cost. This issue has been discussed in the literature and a solution has
been suggested. This is through the use of the three component numbers known by the name
trinions [9]. Due to their convenience in representation of three component color images as well
as their ability to display full three dimensional color spectra, trinions are adopted as a basis for

designing novel segmentation scheme for the retinal images in this thesis.

Trinions have one real term and two imaginary components. A trinion number t is defined as:
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t=a+ib+jc (4.2)
where a, b and ¢ are real numbers, i and j are operators satisfying the following multiplication
rules:

ii=j, jj=—iandij=ji=-1 (4.3)
The three base elements [1, 1, j] of trinions form an abelian (commutative) group where 1 is the
multiplicative identity element. Distinct from quaternions, trinions with the above structure form
a commutative ring. Trinions are associative as well as distributive with respect to addition and
multiplication [9]. Any trinion number ¢ can be expressed as the sum of a real part and a vector
part as:

t =S(t)+V(t) (4.4)
where S(t) = a is the real part and V(t) = ib + jc is the vector part. It can also be written in the

following form:

t = |t|(cos ¢ + usin @) 4.5)

—vViZ+bZ+c2 p=2® _ -1 (V@I :
where |t] a’?+b%2+c? n ol and ¢ = tan (S(t)) , 0< ¢ <m are the amplitude

(modulus), the eigen axis and eigen angle (phase) respectively. When |t| = 1 it is a unit trinion
and when a=0 it is a pure trinion. More interesting properties of trinions are discussed in the
literature [9].

Two working definitions for the trinion Fourier transform (TFT) have been suggested [9]. The

TFT of type I and its inverse (ITFT) are given by:

T(u,v)Zf_oooo ffooo h(x,y) (cos 2m(ux + vy)) — py sin(2m(ux + vy))) dxdy (4.6)

h(x,J/):f_Z fjooo T(u,v) (cos(Zn(ux +vy)) + uzsin(Zn(ux + vy))) dudv 4.7)
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where h(x, y) is generally a trinion valued image function, p; is a unit pure trinion, and p, is a
trinion such that the product p,p, =-1. The choice of pjand p, is arbitrary. As done in previous
()

studies [9], the choices of p;and p, are given by p; = ~—== and p, =

(=1-i+))
7z —_— .

V2

There exists a type II TFT in the literature [9]. However, many operations of interest including
convolutions and correlations are shown to be easier using the type I TFT than type II TFT [9],

and hence the former has been adopted in the current study.

The discrete TFT and its inverse are computed as follows:

T(u,v) = ﬁzx’v’:—& Yoo h(x,y) (cos (2 (% + %)) — py sin( 2w (% + %))) (4.8)
h(x,y) = YM-AYN-AT (u,v) (cos (2m (% + %)) + u, sin( 27 (% + %))) 4.9)
where

M X N is the total number of voxels (vectors) present in the selected region of interest (window)
of the original image.
u=0,.....N-1, v=1....M-1, are the discrete frequencies along the horizontal and vertical

directions respectively.

The converted RGB color retinal image is mapped to a trinion as: h(x,y) = H + iS + jV in the
case of HSV color space, and h(x,y) = G + iL + jM’ in the case of GLM’ color space. It has
already been shown previously that the order of the mapping to a trinion doesn’t affect the image

analysis [9].

Spatially localized analysis in the selected color space was then performed by computing the
TFT over a translating window of size 3x3. Note that after discritization, the TFT was computed

using the fast Fourier transform.
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4.4. Textural feature extraction for candidate detection and improved visualization

Higher order ’Haralick’ texture features were extracted from TFT transformed image matrix
computed over a 3x3 translating window. Note that these features are 'Haralick' only in form. For
example, we do not compute the GLCM as Haralick did but we instead compute novel features
in the trinion space and finally use Haralick formulas to quantify our textures using different

texture descriptors.

Feature dimension reduction

Before computing these features, Principal Component Analysis (PCA) was applied on each 3 x3
localized TFT transformed image, each resulting in a trinion valued output in the new PCA space
each of which is a 3 X 3 matrix in our case. This step was needed in order to reduce some
redundancy in our multi-channel data. The PCA algorithm is freely available on the Algorito
website at http://algorito.com/algorithm/principal-component-analysis-pca-transform. Then each
value of the resulting 3x3 matrix was normalized between 0 and 1 and these are the probability
density functions used to compute the texture features. Note that each texture features were
extracted component wise on the trinion valued PCA matrix. Then the computed feature is
assigned to the central voxel value in that window. The step is then repeated across all voxels
that are included in the selected region of interest over the image. The final signature map results

were generated as a color using the trinion valued local texture descriptors.

Nine different Haralick features were computed: Sum-mean, Variance, Energy (Angular Second
Moment), Correlation, Homogeneity, Contrast, Entropy, Cluster shade, and Cluster prominence,
and tested for their efficacy in uniquely quantifying different objects in our retinal samples [13,

16].
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Sum-mean=0.5 Y3 _; ¥5-1 (u(p(u, v)) + v(p(u, v)))

Variance=0.5 %3-; X9=1[(u — w?*p(u,v) + (v — w)?p(u, v)]

Energy = Y3 _1 Yo—1 p(u,v)?

(u—px) (v—py )p(u,v)
23=1 Z?}:l O'XO'yy

Correlation=

Homogeneity=Y>_; ¥3_, %

Contrast=Y3_; ¥3_, (u—v)2log (p(u,v))

Entropy=— Y31 =1 p(u,v)log (p(u,v))

Cluster shade=Y3_; ¥3_(u+v —p, — uy)3p(u, V)
Cluster prominence=Y,0_; Yo_; (u+ v — py — uy)4p(u, V)

where:

(4.10)

A.11)

(4.12)

(4.13)

(4.14)

(4.15)

(4.16)

4.17)

(4.18)

p(u,v) is the normalized spectral value (which can be assumed probability density function)

obtained after application of PCA on the TFT transformed image matrix,

uzg 3. >3 p(u,v) is mean of the matrix
W=Yo—q uYo_; p(u,v) is the sum of row mean,
w=x3_;vY3_, p(u,v) is the sum of column mean,

o =Y _1(u— py)? X3, p(u,v) is sum of row variance, and

Gy2: 3 (v— uy)z Y3 _.p(u,v) is the sum of column variance.
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These features were used to generate the final signature maps, which allow differentiating
between areas corresponding to HE, H, OD, and other regions that have clinical significance
related to DR. The performance of signature maps generated using the different texture features
was compared and assessed accordingly through qualitative comparison of the signature maps

against the available ground truths.

4.5. Segmentation of abnormal retinal structures

4.5.1. Coarse segmentation

The efficacy of the proposed signature map generation scheme has been tested using the various
publicly available datasets with respect to its usefulness in visual enhancement of pathological
features due to DR, localization of OD in the presence and absence of glaucoma, as well as in
detection of EXs. The generated signature map is used to relieve latent image signals on the
original images which have clinically important textural features. This is achieved by selecting
the most relevant and non redundant textural feature that best suits for our purpose. The available
data sets contain images with different abnormality types and a thorough investigation has been
carried out to identify those textural features with better performance in terms of accuracy and
robustness in detecting/identifying the abnormalities and other structures of interest relevant to

DR.

Analyzing the signature maps

Based on the available ground truth, features maps with best performance were first selected
based on their level of accuracy in classifying different structures in the retinal images. In order
to quantify the classification accuracies, the trace metric, given by eqn. (4.19), was computed.
The metric J estimates the class separablity of pixels (EXs versus non-EXs, for example) using
within-class (S,,) and between-class (S},) scatter matrices as follows:
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] = trace(SpS,~ 1) (4.19)
where:

trace 1s a mathematical operator which provides the sum of diagonal elements of a square matrix.
Sb = (Hex — Hnon-ex) (Hex — Hnon—ex)” (4.20)
Sw = Sex + Snon—ex (4.21)
ey and Uyon_er are the means of the EX and non-EX classes respectively, estimated using the

corresponding training sets.

Xex and X;,on_ex are the training sets for EX and non-EX classes respectively.

N and M are the total number of X,, and X,,,_., that are present in the training set

respectively.
1 .
Uex = ﬁZﬁlxéx (4.22)
1 .
Unon—ex = v ﬁlX:wn—ex (4.23)

Sex and S, on_ex are the scatter matrices of each class:
1 . .
Sex = Ezyzl(xéx - :uex) (Xlex - .uex)T (4-24)

1 . .
Snon—ex = E é\il(X;wn—ex - .unon—ex) (X;wn—ex - .unon—ex)T (4-25)

A higher value of J indicates that the classes are more separated while members within each class
are closer to each other. Additionally a set of experiments were done on the resulting signature
maps by changing some parameters of the algorithm. The following cases were investigated:

» Effect of the feature extraction with and without the application of PCA.

» Effect of applying PCA on the absolute value of the transformed image matrix.

» Effect of localizing window size.

* Background subtraction with varying window size.
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In each case the performance of the resulting signature map was assessed accordingly through

qualitative comparison of the signature maps against the available ground truths.

For normalization, each component (channel) was divided by its maximum. However, in so
doing the occurrence of some wrong peak value or noise signal could suppress the true image
information in the resulting color images. In addition variation of those maximum values from
image to image or in the same image with different regions causes unwanted color variations in
the signature maps. To solve this problem, the value located at the point of the top 95% of the
distribution is taken as the nominal maximum. All features greater than the nominal maximum in
the feature space were clipped to the nominal maximal value, that is, the top 5% of distribution
are trimmed. Then all values are divided by the maximal values. In addition for contrast
enhancement of low intensity values logarithmic transform technique was applied on each

channel.

4.5.2. Exudate segmentation

Figure 4.8 presents a schematic diagram of the proposed method that combines a SVM classifier
with signature map color information to enable precise segmentation of HEs, classification of
abnormal retinal images due to DR, and visual enhancement of major retinal structures. The
method is comprised of two major stages. First training was done based on SVM with optimal
texture features of 2312 EX and 3109 non-EX pixels. Then its result was fused with the color
information of the previously generated signature map which is computed from the best texture
feature. The SVM classifier is used to estimate candidate bright lesion regions. However since
the SVM classifies some bright non lesion regions as lesions, color information from the

signature map is incorporated for fine segmentation of HEs. Fine segmentation of HEs from the
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candidate bright regions is done by setting an optimum threshold values and rules based on the

observed color information (hue and saturation) of these lesions on the generated signature map.

Input texture
descriptors based on
Cluster prominence

features

|t

SVM

Classifier

|l

Signature map color | Decision fusion Visual
information 1 [ enhancement

b 1

Soft segmentation Image :> Abn(;)rmal gl;fges
of HEs classification | ue to
Normal
images

Figure 4.8: Block diagram of the proposed image segmentation and classification scheme.

e Classification using SVM
SVM is a statistical learning method based on structural risk minimization (SRM). It can map the
input vector X into a high dimensional feature space by choosing a nonlinear mapping kernel
[17, 18]. Thus the basic idea of applying SVMs for solving classification problems can be stated

as follows:
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v’ Transform the input space to higher dimension feature space through a non-linear
mapping function and,
v Construct the separating hyper plane with maximum distance from the closest points of
the training set.
A binary SVM decision function can be written as:
F(X) = Ziesai¥; K(X;,X)+b (5.26)
where X is the feature vector to be classified, i indexes the training sample, o; are Lagrange
multipliers, S is a set of indices for which Xj is a support vector, i.e., a vector for which a; # 0
after optimization, «; and b (bias) are fit to the data to maximize the margin, Y; is the label
[—1, 1] of training sample i, and K is the kernel function [17]. A serious problem with nonlinear
kernel SVMs is their complexities of classification which are high when a large number of
support vectors are needed [19]. There are many kernels that can be used, such as linear,

polynomial, radial basis function (RBF) and sigmoid.

We have used linear kernel and a regularization parameter C=1 in our experiment. The support
vectors, a; and b were all automatically obtained by the SVM training procedure. The
performance of the selected SVM classifier was then quantified based on its sensitivity,

specificity and the overall accuracy on the test (training) samples.

e Feature extraction
Based on the results we have observed in the signature map generation (presented in the next
chapter), the following feature vectors were extracted and tested by the SVM classifier for the
purpose of bright lesion estimation.
o Cluster prominence feature value from the three channels.

o Amplitude map of the cluster prominence feature vector.
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o Standard deviation over 5x5 region on the amplitude map of the cluster prominence
feature vector.
o Mean value over 5x5 region on the amplitude map of the cluster prominence feature
vector.
o Edge feature based on Soble edge operator over 5x5 region on the amplitude map of
the cluster prominence feature vector.
o Features based on trinion edge detection method.
o Selected features
After testing the results of the SVM classifier, four features were used for further analysis. Those
features are Cluster prominence feature values from the three channels and amplitude map of

Cluster prominence feature vector.

Decision fusion

In this stage we develop a dynamic tresholding algorithm and incorporate it with the SVM
classifier result for precise segmentation of HEs. The algorithm is developed based on the results
that are observed in the signature map analysis stage (these results are presented in the next
chapter). For separating HE pixels from non HE bright pixels on the original image the result of
the SVM classifier is combined with color information of the signature map. As demonstrated in
Fig. 4.9, the proposed decision fusion algorithm eliminates non HE pixels from the SVM result
by incorporating the chromaticity (hue and saturation) information of HEs from the signature
map. For this purpose, two parameters, o and [, are used and set as dynamic segmentation
threshold values. This is used for eliminating false positive results by the SVM classifier. A set
of dynamic segmentation threshold values, o and 3, were tested and optimal ones are chosen

based on their performance for use in the proposed HE segmentation scheme.
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Figure 4.9: Flow chart for the decision fusion algorithm.
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In general the rules and assumptions that are used in the decision fusion process can be stated as
follows:

e The result of the SVM classifier is assumed as estimator of bright areas on the image
based on their luminance value. Hence false positives are eliminated by the knowledge of
chromaticity and saturation values of HE pixels from the signature map.

e HE pixels have blue white color on the signature map. This chromaticity information is
incorporated to eliminate non lesion bright regions.

e Saturation value for HE is set and used to further eliminate false positives.

The efficacy of the proposed soft segmentation scheme is tested for use in precise segmentation
of HEs, identification of abnormal images due to DR, and improved visualization of color
textures. Performance evaluation is carried out based on ground truth information for HEs that is
available in the data sets. Note that the proposed image processing algorithm in this thesis has

been implemented in Matlab (Matlab 2010b).
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Chapter five

5. Results and discussion®

5. 1. Optimal feature map selection for segmentation of retinal images

Based on a qualitative analysis against the available ground truths, signature maps generated
based on three features namely: cluster prominence, sum mean, and variance, computed in the
GLM' and HSL color spaces were found to be superior to the rest features in terms of uniquely
identifying different objects in the retinal samples under consideration. In order to evaluate the
classification accuracy of the proposed method in terms of separating HE and non-HE pixels,
Table 5.1 presents the scatter matrix (the J index) values for cluster prominence, sum mean and
variance features computed on both GLM’ and HSL color spaces. The table also includes
computed metric results for RGB, YLQ, HSL, GLM’, YCbCr, and Lab color spaces. For this
experiment, 1009 EX pixels and 2095 non-EX pixels were manually selected to analyze the class
separablity of EX and non-EX pixels. For each image, the EX training set is made up by pixels
belonging to small isolated EXs as discussed in the previous chapter. Their characteristics can
represent the rest of EXs in the image. Additionally, these type of EXs can be found in all fundus
images with HEs, even in the earliest stages of DR. The EXs training set is obtained from the
available ground truth. As shown in Table 5.1, cluster prominence feature computed over the
GLM’ color space offered the highest index and hence this is the feature used for optimal

segmentation of the retinal images (particularly the HEs).

' Parts of the results presented in this chapter have been published recently on the proceedings

of the 7" ICT annual conference, Addis Ababa, June 06, 2014.
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Table 5.1: Class separablity quantitative metric of various color models and texture descriptors

Color model Texture descriptor Scatter matrix (J)
GLM' Sum mean 5.81
HSL Sum mean 54
GLM' Variance 5.63
HSL Variance 5.13
GLM' Cluster prominence 13.6
HSL Cluster prominence 9.8
RGB 291
YLQ 291
HSL 2.98
GLM’ 4.14
YcbCr 2.92
Lab 2.99

5.2. Signature map results

Signature maps generated using cluster prominence computed using the GLM' color space
showed improved results over the other features. It correctly differentiated the OD from the HE.
Even in the presence of glaucoma, OD localization was done successfully by this feature. In the
absence of DR, the signature map correctly localized the OD. Fig. 5.1 presents computed feature
maps for representative fundus images acquired from four patients treated for moderate non
proliferative DR. In each case HEs (white bluish) were correctly identified by the proposed

scheme. The ODs (cyan color) were also correctly detected as well.
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Figure 5.1: HE detection results: original images with moderate non proliferative DR (1st column) and the
respective signature maps generated using the proposed scheme (2nd column). White lines are the ground

truths that denote HEs.
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In Fig. 5.2 results are presented to demonstrate the efficiency of the proposed scheme in OD
localization. In both the normal as well as the Glaucoma cases, very compact signatures maps
were generated for the ODs (cyan color) well distinct from the background. In this stage only
qualitative analysis was done by comparing signature map results with the available ground

truths.

-
Figure 5.2: OD localization results: original color fundus images (1st column) and feature maps (2nd

column) showing compact signatures for the OD. The upper image was a normal case while the bottom

one was a patient eye due to Glaucoma.

The problem with most feature based algorithms for detection of EXs is presence of false
detection because some pixels with similar color to the EXs belong to OD and edges of blood

vessels [1]. Preliminary signature map results have showed that the method proposed in this
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thesis has the potential of solving this problem. A distinct textural feature of those abnormality
markers was revealed in the generated signature maps. Generally, there is a good agreement
between the signature maps generated and the available ground truth. Thus the proposed multi
channel texture feature map can be used as a powerful tool for image segmentation and
classification purposes. In the following subsection sample experimental results are presented.
Detail descriptions of the signature map results with the number of test images that are used from

the dataset are also incorporated.

5.2.1. Experiments and discussion

Experiments were held on a total of 214 sample original retinal images. As demonstrated in
Table 5.2, images of healthy subjects and patients treated for DR and glaucoma are included in
the sample set. Good quality images with different background color and illumination as well as
bad quality images due to poor illumination and noise are also included in the test sample.
Qualitative analysis was done to investigate the potential and limitations of the algorithm by
observing the resulting signature maps of all test images that are included in the sample set. The
experimental tests have showed that the algorithm achieved best results by using 3x3 translating
window size and by applying PCA on the TFT transformed image matrix. The resulting
signature maps were found very helpful for visual enhancement of pathological features due to

DR, localization of the OD and EXs robustly.

e HE detection and OD localization
As demonstrated in Fig. 5.1 EXs appear in blue white color on the generated signature maps
distinct from other structures and the rest of the background. The signature maps offered
considerable visual enhancement and distinction of HEs and the OD. A total of 125 abnormal
retinal images due to DR were taken during the experiment and the respective signature maps
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robustly detected the HE pixels in a unique color. Generally the tolerance of the algorithm for
change in background color and illumination conditions was found very satisfactory. Our results
showed that, the third component of the signature maps in particular was found most informative

for our EX identification purpose. This is for example demonstrated in Fig. 5.3.

Table 5.2: Sample data set of retinal images used for testing signature map results

Standard retinal image data set | Number of images used for Description of images
testing
DBO00 45 9-normal and 36-non
proliferative DR
DBO1 89 5-normal and 84- non
proliferative DR
HRF 45 15-normal, 15-glaucoma,

and 15-non proliferative DR

DRIVE 15 15- non proliferative DR
STARE 20 2-normal and 18-non
proliferative DR

In addition to the visual enhancement of HEs and the OD, the signature maps give important
information for setting a threshold value of features which can be used as a decision boundary
for separating EXs from other regions and thereby automating the segmentation process. Figure
5.4 demonstrates this fact; it is the plot of cluster prominence features (2" and 3™ channels)
extracted for 600x750 region of a test image. The plot was generated based on the ground truth

information of HEs and non HE pixels in the selected region. As seen in the figure, pixels which
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are HEs have feature values which can be easily separated from the background by setting a
threshold decision boundary. Experiments have shown that the 3™ channel gives the highest
interclass separation of classes for HEs and the OD. The second channel also gives a good
separation between background pixels and pixels due HEs and the OD but its ability to separate

the HEs from the OD is less satisfactory.

EX pixels

£

CP Feature 1
value

Non-EX pixels

—
Pixel number

Figure 5.3: A plot of cluster prominence feature in the third component for 1009 exudates and 1565 non

exudate pixels.
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Figure 5.4: A plot of cluster prominence feature for randomly selected HE and non HE pixels based on
ground truth information: red indicates the feature value of the third channel and green indicates feature
value of second channel. The first channel is not plotted since it has very low feature value when

compared with the others.

OD localization experimental results were observed for 25 normal images, 15 abnormal images
due to DR and 15 abnormal images due to glaucoma. Generally well distinct signature maps
were observed for the OD (cyan color) for all images in the sample set. Figure 5.5 presents
signature map results of three normal (non DR) retinal images with different background colors
and taken under different illumination conditions. In all cases it is evident that the OD appears in

a unique and consistent color with great separation from the back ground structures. Notice that
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the retinal images taken for the experiments in this thesis were taken under different illumination

conditions and had different background colors.

Signature Map

Signature Map

Figure 5.5: Generated signature maps for normal retinal images which have different illumination and

background colors. Original images (1st column) and computed signature maps (2nd column).
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Signature Map

Figure 5.6: Generated signature maps in the presence of glaucoma; original images with different
illumination and background color (1st column), signature maps extracted from cluster prominence (2nd

column).
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In the presence of glaucoma the signature maps have revealed enhanced textural information for
the OD and structures inside it such as the optic cup and the major vertically emerging blood
vessels, which usually are essential information for glaucoma detection. Fig. 5.6 presents
signature map results of three abnormal retinal images due to glaucoma. In each case clinically
important textural features that can help for diagnosis of glaucoma such as the shape,
shallowness and width of OD including the morphology of the major blood vessels were
revealed in enhanced way on the resulting signature maps. In addition the color of the OD

remains the same as the normal cases.

e Limitations
Generally there is a good agreement between the generated signature maps and the ground truth.
However, there are still rooms for improvement particularly regarding the application of the
proposed scheme on images captured under very poor illumination and higher noise conditions.
One solution can be excluding the fundus areas with poor luminance accompanied by better

noise suppression mechanisms [2] before computing the features.

5.3. System performance evaluation

The automated image processing scheme, which is proposed in section 4.5.2, combines the
results of SVM classifier with the signature map color information based on the decision fusion
algorithm presented in Fig. 4.9. The experimental results that we have seen so far clearly
demonstrate that the proposed method offered great promises in automatic segmentation of HEs,
classification of abnormal retinal images due to DR and visual enhancement of retinal images.
Quantitative analysis has been carried out to evaluate the performance of the proposed system.
Two different criteria were set up in this regard: pixel-based criteria and image-based criteria.
The first criterion examines the ability of the proposed algorithm for pixel base detection (i.e.
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segmentation) of HEs while the second one evaluates algorithm’s ability to distinguish (i.e.
classify) between images containing HEs and healthy retinas. In the case of the pixel based
criteria, 24168 HE pixels and 24186 non HE pixels taken from 65 retinal images with non
proliferative DR have been taken. For the image based criteria, 7 normal and 30 abnormal retinal

images with HE present on them have been taken.

Four commonly used performance matrices were computed for the sake of performance

evaluation: sensitivity, specificity, positive predictive value, and accuracy as described below.

Sensitivity (SE): it is the proportion of actual positives which are predicted correctly.

Mathematically, sensitivity can be defined as:

TP

SE = el where TP represents true positives (the total number of pixels that are detected as

HE by the proposed method while HEs are actually present) and FN represents false negatives
(the total number of pixels which are detected as non-HE by the proposed method while HEs are

actually present).

Specificity (SP): is the proportion of actual negatives which are predicted negative. It can be

defined as:
SP = TNTJIFVFP , where TN represents true negatives (the total number of pixels that are detected as

non-HE by the proposed method while HEs are actually absent) and FP represents false positives
(the total number of pixels that are detected as HE by the proposed method while HEs are
actually absent).

Positive predictive value (PPV): measures the probability of actual positives which are

predicted positive. It is defined as:
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TP
TP+FP

PPV =

Accuracy (ACC): it is the probability to correctly identify individuals, i.e., it is the proportion of

true results, either true positive or true negative. It is computed as:

TP+TN
TP+TN+FP+FN

ACC =

Further quantitative analysis was done on the pixel based criteria to demonstrate and compare
results. The proposed algorithm has two parameters, o and 3, which determine threshold values
to consider a pixel as HE. In order to study their influence on the performance of the algorithm,
the number of true positives (TPs), true negatives (TNs), false positives (FPs) and false negatives
(FNs) that are present on the test samples were computed for different values of o and f3.
Sixteen simulation sets were tested and optimum segmentation thresholds were selected based on
results.

The following sets of parameter values were tested:

a =10.8,0.85,0.95, 1] and = [0.1,0.15,0.2,0.3]

Optimum values of a and B were selected from the above sets by comparing the results of
different performance measures. The accuracy of HE segmentation scheme can be measured in
terms of sensitivity and specificity by comparing the obtained results against the ground truth
outline of the EXs. However in [3] the authors mentioned that specificity was not an informative
measure in the pixel-based criterion. They argued that the number of true negatives (TNs) was
generally much higher than that of false positives (FPs) in retinal images. As a result, even if
EXs detection is inaccurate, specificity values could still be high. Alternatively, the positive
predictive value (PPV) was regarded as a more significant criterion to evaluate the performance

of the system. Thus we assess the performance based on the pixel-based sensitivity (SE) and the

Page | 91



PPV, which measures the probability that a detected region is really an EX. In addition the Free-
Response Operating Characteristic (FROC) curve [4] was also used to analyze the sensitivity of

the system against false positive rate (see Fig. 5.7).

FROC curve of pixel based classification accuracy

True positive rate(Sensitivity)
© ©o © ©o © ©o o o9
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False positive rate(1-specificity)

o

Figure 5.7: ROC curve

Accordingly, for pixel based criteria best performance measures, i.e. SE=86.08%, SP=96.06%
and PPV=94.47%, were achieved at parameter values, a=0.8 and 3=0.2. The performance for the
other parameter values that are tested for being a segmentation thresholds are presented in Table
5.3. For image based classification the algorithm classifies all the 7 normal retinal images
correctly, while it fails to detect only 1 abnormal image from a total of 30 abnormal test images
included in the test set. Generally using the parameters a=0.8 and =0.2, optimum image based
performances, i.e., SP=100%, PPV=100% and SE=96.67% were achieved. The general accuracy
of the algorithm was found 92.65% for pixel based criteria while it was 97.3% for image base
criteria. It is widely believed that SE and SP values of greater than 80% and 90% respectively are
acceptable for clinical applications of such a system. That means our method is good enough to
be used in a clinical setup.
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Table 5.3: Results of the proposed HE segmentation scheme for different segmentation tresholding values

a B SE SP PPV

0.8 0.1 0.9204 0.6010 0.6674
0.8 0.15 0.9129 0.7406 0.7321
0.8 0.2 0.8608 0.9606 0.9474
0.8 0.3 0.8479 0.9606 0.9471
0.85 0.1 0.8878 0.6579 0.6874
0.85 0.15 0.9077 0.7606 0.7577
0.85 0.2 0.8593 0.9606 0.9466
0.85 0.3 0.8471 0.9606 0.9466
0.95 0.1 0.9055 0.6636 0.6894
0.95 0.15 0.9013 0.7609 0.7566
0.95 0.2 0.8559 0.9606 0.9471
0.95 0.3 0.8469 0.9540 0.9320
1 0.1 0.8872 0.6742 0.6918
1 0.15 0.8854 0.7618 0.7541
1 0.2 0.8472 0.9616 0.9466
1 0.3 0.7088 1.0000 1.0000

In Fig. 5.8 HE segmentation results of four representative images which have EXs on them are
presented. In all cases the HEs were very well detected on the respective maps (pure blue colors).
Results for three retinal images that have no HE pixels on them are presented in Fig. 5.9. In each

case it is evident that the resulting images have no sign of HE (pure blue color). In addition to its
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segmentation and classification capabilities, the proposed method also gives enhanced contrast in

color for the OD and the background regions.

Figure 5.8: HE segmentation results; Original retinal images having HE on them (1st column) and results

after segmentation of HE pixels with a pure blue color (2nd column).
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Figure 5.9: Results for retinal images that have no exudates on them; original images (1st column) and

results after segmentation (2nd column).

5.4. Comparison and discussions
One of the main challenges in the automatic identification of HEs is the wide variability of
fundus color among different subjects. Earlier works partially avoided this problem by using

only one of the image color bands [5-9]. However, color information is an important feature that
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can be used to distinguish among different lesions. The proposed algorithm makes use of the
holistic color information during the processing stage and achieves better performance in the
image segmentation stage. Various analysis techniques to characterize the features of HEs are
suggested in the literatures. Preprocessing techniques have also been used to enhance the
relevant features of retinal lesions. Simple approaches such as histogram equalization often fail
due to wide variability in color, illumination, and contrast. Such sensitivity to colors is often
regarded as the major drawback of histogram based approaches including histogram equalization
and histogram specification for use in retinal image analysis. In the current work contrast or
illumination are improved at the expense of an intrinsic characteristic texture feature that resides
in the image. The algorithm uses the holistic color information and extracts relevant higher order
features for contrast enhancement and segmentation of lesions due to HEs. The process is
adapted to the intrinsic characteristics of the retinal images. Additionally, the class separablity of
EX and non-EX pixels in this new multichannel feature space is increased compared with other

color models.

Selecting the appropriate training and testing set is also important since it directly affects the
performance of the algorithm. The proposed approach in this thesis entails using different
training and testing data sets selected from the available images in order to take into account the
large inter-image variability. Hence performance of the algorithm is evaluated prospectively
using an independent database of retinal images containing variable characteristics in order to
investigate its robustness and its suitability for usage in a clinical environment. The retinal
images in the data set contain different clinical signs such as EXs, hemorrhages, MAs and/or
CWs. Inclusion of images containing all these structures during our experiment enables us to

assess the robustness of the algorithm in the presence of other lesions.
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Chapter six

6. Conclusion and recommendations

6.1. Conclusion
A novel approach has been proposed in this thesis for use in color retinal image processing
which uses a holistic representation of the color images in the three (trinion [1]) space and
applies trinion based Fourier transforms to extract useful imaging features. A suitable color space
transformation and a way of extracting robust higher order features are also included in the
method. Results have been analyzed to demonstrate the efficiency of the proposed methods for
the following two major applications:

i.  Visual enhancement of the major anatomical and pathological features in retinal

images.

ii.  Automatic segmentation of HEs and classification of abnormalities due to DR.

For the first application the potential of signature maps extracted from various higher order
statistical features were analyzed. Enough number of image samples with wider range of degree
of difficulties have been used for assessing the potentials of the signature maps in extracting
useful information pertinent to DR studies. Focus was given to detection of EXs, OD
localization, and partly to characterization of retinal blood vessels as well as hemorrhages.
Signature maps were also tested to reveal clinically important information in the presence of
glaucoma. Our results have showed that the texture maps extracted from Cluster prominence
feature, computed over GLM’ color space, revealed enhanced textural information which can be
used for OD localization in the presence of EXs, for detection of HEs and for image based

classification of abnormalities in the retina. It also revealed enhanced textural information for the
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OD and structures inside it such as the optic cup and the major vertically emerging blood vessels,
which is essential information for glaucoma detection. Accurate detection of this retinal

morphology has great clinical significances for diagnosis and prognosis of patients.

Precise segmentation of HEs from the background and other bright areas was done by fusing the
results of SVM classifier applied on the generated color signature maps. The performance of the
algorithm was analyzed in terms of statistical measures such as sensitivity, specificity, positive
predictive value and accuracy; each was measured for pixel base and image base criteria.
Generally the algorithm achieved SE of 86.06%, SP of 96.06, PPV of 94.475% and ACC of
92.65% for pixel base segmentation of HEs, while it achieved SE of 96.67%, SP of 100% , PPV
of 100%, and ACC of 97.3% for image base classification of abnormalities due to HEs. The
preliminary results indicated that the proposed method yielded an acceptable performance with
promising potentials to be included in computer aided intelligent health care systems for

diagnosis of eye diseases due to DR and glaucoma.

6.2. Recommendations

Although the results presented in this study have demonstrated the effectiveness of the proposed
method, there are still rooms for improvement for the scheme to be used in automatic retinal
image analysis systems. Other than detection of EXs, the OD, blood vessels and other structures
presented in the results section of this thesis, there are still other lesion types considered useful in
DR studies including hemorrhages, Microaneurysms and cotton wool spots and the proposed
algorithm should take into account of these structures. Furthermore, HE classification has to be
improved further by considering other clustering techniques. The system developed so far is
capable of detecting maculopathy. It has to be further developed to include detection of more

severe retinopathies.
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In order to make general conclusions regarding the diagnostic values of the proposed algorithm,
assessment on a larger data set could be required. That would make the results more
representative of the performance expected in a clinical setting. Furthermore, extensive
validation study must be carried out on the results presented in this thesis which might require an

observer study.

It is largely believed that, the changes in the shape and size of the OD can be used to detect
glaucoma [2]. The proposed method gives enhanced visualization for those features. However
the method has to be further improved to precisely detect optic cup part of the disc so that

changes in the disc to cup ratio can be used to detect presence of glaucoma.

Segmentation of retinal vessels can further be used for a number of purposes. The retinal
vascular toruosity is shown to become a predictive factor for cardiovascular diseases and
diabetes [3]. The changes in retinal vascular toruosity might be used as biomarkers of disease
severity. Finding a new technique to analyze and quantify toruosity by considering vessel

segment's width awaits further investigation.
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