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ABSTRACT

Currently, medical images have become an important field of research due to the
progress in their acquisition, storage and management in a wide range of
applications. In the medical domain, a huge effort has been devoted to develop
applications and tools related with disease diagnosis and identification of anatomical
structures. Spatially, the extraction of the vessel pattern from retinal images has an
important issue not only in the medical tools; but also in biometric identification
applications. A lot of research has been devoted to accurately extract the retinal
vessels in order to define applications for early ocular disease diagnosis. The main
regions of retina are optic disk, fovea and blood vessels. The identification of these
areas can help in analyses of the diseases that affect these regions such as retinopathy

of prematurity, glaucoma and diabetic retinopathy.

In earlier studies the Gabor filters have received considerable attention because of
the characteristics of certain cells in the visual cortex of some mammals can be
defined by these filters. In addition, Gabor has shown that the representation of
signals using the Gaussian functions modulated by complex exponentials is optimal
in the sense of minimizing the joint uncertainty in the combined time-frequency
domain. Therefore, these functions provide the best trade-off between time resolution

and frequency resolution.

In this thesis we propose to use Gabor filtering technique for the detection of blood
vessels in retina. For retina images we used 180 different filters, with the rotation

separation of 1 degree to capture for more edge information of the vessels. Different



scales are also used to include edge information of the vessels. After Gabor filtering
image processing methods including logarithmic normalization, morphological
erosion, mask processing and thresholding are used to perform the segmentation of
the detected vessels. The proposed approach is applied to retina images from publicly
available databases which is the Digital Retinal Images for Vessel Extraction
database (DRIVE). Manually segmented versions of these images along with masks

are used for performance analysis.

Receiver Operating Characteristic (ROC) Curves containing false acceptance rate
(FAR) and false rejection rate (FRR) are incorporated to systematically determine a
suitable threshold for reliable segmentation performance. Sensitivity, specificity,
efficiency and accuracy of the retina vessels segmentation have been studied and the
generated results are comparable with alternative state-of-the-art methods available
in the relevant literature. The results show that the employed method produces
comparable and sometimes better results than the alternative methods available in the

literature.

Keywords: Digital Image Processing, Gabor Filters, Detection of Blood Vessels,

Edge Detection, Morphological Filters, Retinal Fundus Images
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Gulnumuzde, medikal imge arastirmalari, veri edinim, depolama ve kullanma gibi
alanlarda kaydedilen gelismelerden dolayr 6nemli bir arastirma alani haline gelmistir.
Tibbi alanda, anatomik yapilarin hastaligin tanimi ve teshisi ile ilgili uygulamalar ve
araglarin gelistirilebilmesi i¢in biiylik cabalar ortaya konulmustur. G6z retinasinin
sekil olarak yapisin incelenmesi ve tanimlanmasi sadece tip alaninda degil
biyometrik kimlik tanimlama uygulamalarinda da onemli agsamalat katedilmistir.
Retinadan hastaligin tam olarak erken teshis ve tespitini saglayacak pek ¢ok bilimsel
arastirmalar yapilmistir. Retinadaki ana kisimlar optik yuvarlak, gozbebegi ve
retinadaki damarlardir. Bu kisimlarin incelenmesi, prematiire retinopati, glokom ve
diyabetik retinopati gibi bu bolgeleri etkileyen hastaliklarin analizleri ve teshisi i¢in

yardimci olmaktadir.

Ik yapilan calismalarda Gabor filtreleri, bazi memelilerin gorsel korteksindeki
hicrelerin 6zelliklerinin taninmasinda basarili olduklarindan dolayi, olduk¢a fazla
dikkat ¢cekmislerdi. Buna ek olarak, Gabor karmasik iistel taratindan modiile edilmis
olan Gauss fonksiyonu tabanli sinyallerin zaman-frekans etki alaninda ortak
belirsizliklerinin en aza indirerek optimal bir sekilde temsil edebildigini géstermistir.
Bu nedenle bu fonksiyonlar zaman cozurliigii ile frekans ¢oziiniirligliniin en 1yi

sekilde dengelenmesini saglamaktadir.

Bu tezde retinadaki kan damarlarinin tespiti i¢cin Gabor filtreleme teknigi kullanmay1
Oneriyoruz. Retina imgelerine ait etkin bilgileri saglayabilmek icin yiiksek frekansl

kenar kisimlardan bu bilgileri edinelbilmek dogrultusunda donel 1 derece ayrimli



180 degisik filitre kullandik. Farkli 6lgekleri de damarlarin kenar bilgilerini dahil
etmek kullanilmigtir. Gabor filitre yontemi uygulamasindan sonra logaritmik
dizgeleme, morfolojik erozyon, maskeleme ve esikleme asamalar1 damarlarin
béliitlenmesinin gerceklestirilmesi icin kullanilmistir. Onerilen yontem, kamuya agik
retina bilgileri ile olusturulmus sayisal retina gérunti damar ¢ikarimi (DRIVE) veri
tabanina bulunan retina imgelerine uygulanmistir. Kullanilan retina imgelerine ait
manuel olarak boliitlenmis versiyonlar1 da performans analizi siireglerinde

kullanilmistir.

Yanlis kabul orani (FAR) ve yanlis red orani (FRR) igeren alici ¢aligma karakteristigi
(ROC) egrileri sistematik giivenilir boliimleme performansi calismasina yonelik
olarak uygun bir esik belirlemek icin dahil edilmistir. Duyarlilik, 6zgiilliik, verimlilik
ve retina damarlarinin boéliimleme dogrulugu calisilmis ve elde edilen sonuglar ilgili
literatiirde mevcut alternatif yontemlerle karsilagtirilmigtir. Sonuglar, kullanilan
yontemin, literatiirde mevcut olan alternatif yontemler ile karsilastirilabilir ve bazen

de daha 1yi sonuglar verdigini gostermektedir.

Anahtar Kelimeler: Dijital gorintl isleme, Gabor filtreleri, kan damarlarinin

sezimi, kenar sezimi, morfolojik filtreler, retinal fundus imgeleri.
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Chapter 1

INTRODUCTION

1.1 Motivation

Currently, the advances on digital imaging systems offer very high-resolution images
that can be used in many applications from several areas like medicine. The
transmission of this kind of images makes them suitable to integrate their use into
large scalable systems. Moreover, these images can be improved and even be

subjected to techniques to perform an objective quantitative and qualitative analysis.

As for the medical image processing is concerned, a lot of research has been focused
on the computation of accurate geometric models of anatomic structures from
medical images in order to use the potential of automated applications for early
disease diagnosis. The detection of blood vessels is an important step in applications
of image processing in ophthalmology [1]. Retinal vascular segmentation techniques
utilize the contrast existing between the retinal blood vessels and the surrounding
background. The cross-sectional gray-level profile of a typical vessel conforms to a
Gaussian shape. The vasculature is piecewise linear and may be represented by a
series of connected line segments. Five main techniques used to segment the
vasculature in retinal images are matched filters [2], Gabor filters [3], vessel tracking
[4], neural networks [5], and morphological processing [6]. The motivation for the
use of Gabor filters in texture analysis is double folded. First, it is believed that

simple cells in the visual cortex can be modeled by Gabor functions, and that the



Gabor scheme provides a suitable representation for visual information in the
combined spatial-frequency [7]. Second, the Gabor representation has been shown to
be optimal in the sense of minimizing the joint two-dimensional uncertainty in the
combined frequency- space domain [8]. The blood vessel detection in retinal is
essential for most applications of image analysis in ophthalmology which could
assist in the monitoring of the effects of some diseases such as diabetes and
hypertension on the visual system. The methods include the design of a bank of
Gabor filters can be used to detect the changes in the shape, width, and tortuosity of

the vessels.

1.2 Thesis Objective

In this thesis we propose to use the Gabor filters for detection of vessels in retinal
images. Filter responses are combined and thresholded for segmentation. In this
context the main objectives are:

e Using Gabor filters for efficient retina vessels detection. Study multiple
direction and scales for robust detection.

e Use thresholding for segmentation. Furthermore, develop a systematic way of
deciding an efficient threshold value.

e Apply Receiver Operating Characteristic (ROC) analyses for efficient
performance measurements including True-Positive Ratio (TPR), False-
Positive Ratio (FPR), sensitivity, specificity, accuracy, Equal Error Rate
(EER) and also Total Error Rate (TER).

e Compare the generated results with the alternative results of the other

methods available in the literature.



1.3 Thesis Contributions

In this thesis, we propose to use Gabor filter for the detection of vessels in retina
images. This involves two main steps. The first is to capture edges by using a bank of
180 Gabor filters with 1°of separation in their orientation. The second step involves
with different image processing methods, which consists of logarithm normalization,
morphological operation and mask processing. Also we are proposing a systematic
way of thresholding for improved segmentation performance. Using retina images
contained within a standard image database, we show that generated results are
comparable by the other state-of the-art results in the relevant literature. We obtained
human retinal images from publicly available databases. The source of fundus
images used to test the segmentation is the DRIVE (Digital Retinal Image for Vessel
Extraction) database [9]. In all cases, color images were converted to intensity image
by extracting the green channel information, because the green channel exhibits the

best contrast for vessel detection [10].

1.4 Thesis Organization

Chapter 2 introduces the background of medical images. It includes anatomy of the
ocular fundus and the landmark retinal structures. Then Eye complications and
detection of blood vessels in retina are described. Chapter 3 gives a complete idea
about the fundamentals of Gabor filters. It also contains the details of the various
parameters upon which the working of the Gabor filters depends. Chapter 4 describes
acquisition of retinal image and pre-processing methodologies. The specifications of
the retinal images that are used in this work are discussed and also present the Gabor
filter for detection of retinal vessels. The properties of the vessels and how they are

used to design the Gabor filter is described. A set of Gabor filters oriented along



different directions are used to enhance the vessels. It is followed by segmentation of
vessel pixels using a suitable threshold. Details of retinal images obtained from
standard databases are mentioned. The performance of the proposed method on
DRIVE [9] database is stated. In Chapter 5 the performance of the proposed method
is analyzed and the comparison of the simulation results with other vessel
segmentation approaches is given. Chapter 6 presents thesis conclusions on the basis
of analysis and discussion and highlights the contributions of this work. It also

includes scope for improvement and future direction of research.



Chapter 2

USING RETINAL BLOOD VESSELS ANAYSIS FOR

DISEASE DIAGNOSIS

2.1 Introduction

As for the medical image processing is concerned, a lot of research has been focused
on the computation of accurate geometric models of anatomic structures from
medical images in order to exploit the potential of automated applications for early
disease diagnosis, security tasks, model bone reconstruction, and so on. Medical
imaging allows scientists and physicians to understand potentially lifesaving
information without doing anything harmful to the patient. It has been used as
research tool to surgical planning and simulation and for tracking the progress of
diseases. Diabetes and its associated complications have been identified as
significant growing public health problems. The worldwide prevalence of diabetes
was estimated to be 2.8% in 2000, projected to 4.4% in 2030 [11]. Retinal vessels
segmentation is a primary step towards the automated analysis of the retina, to be

applied in a screening tool for early detection of diabetic retinopathy.

In this chapter, blood vessels are analyzed to diagnose diseases of the retina vessels.
First, a brief explanation about the anatomy of eye and retinal cameras is made.
Then, the different types of medical images state of the art in the retinal vessel
extraction are presented. Finally, the retinal imaging and vessel properties are

discussed respectively.



2.2 Anatomy of Eye

Vision is the most used of the five senses in the human body. We rely on our eyes to
provide most of the data we detect about the world, so much so, that a significant
portion of the brain is devoted entirely to visual processing. The eye is often
compared to a camera because of the way it processes light into data understandable
by the brain. Both have lenses to focus the incoming light. Whereas the eye uses a
Specialist layer of cells that, called the retina, camera uses the film to create a
picture. However the eye’s ability of focus on a wide range of objects having
different sizes, contrast at a high speed and luminosity are more powerful than those

of current cameras.

Choroid

Sclera .
Retina

Cornea
%,

Pupil -— ( g | Retinal Image

Lens

Iris * p Optic Nerve

Ciliary Body

Figure 2.1: Eey’s Anatomy View with an Example of a Retinal Image

The light sensitive inner layer of the eye, which receives images formed by the lens
and transmits them through the optic nerve to the brain, is a multi-layered sensory

tissue that lies on the back of the eye.



It contains millions of photoreceptors that capture light rays and convert them into
electrical impulses. These impulses travel along the optic nerve to the brain where
they are converted into images. A retinal fundus image given in Figure 2.1 is defined
as the interior lining of the eyeball, including the retina, optic disk, the retinal vessel
tree and the macula (the small spot in the retina where vision is keenest). The fundus
is the portion of the inner eye that can be seen during an eye examination by looking
through the pupil. Fundus retinal images are used to study the main vessel features

and the vascular structure in many tools applications.

There are two types of photoreceptors in the retina: rods and cones, named after their
shape. Rods are sensitive cells to changes in contrast even at low light levels,
therefore able to detect movement, but they are inexact insensitive and inexact to
color. They are concentrated in the periphery of the retina and used for scotopia
(night vision). Cones, on the other hand, are sensitive cells capable to detecting color
at high precision. They are located in the macula and used for photopic vision (day
vision). The very central part of the macula is fovea, which is where the human eye
is able to distinguish visual details at its best. Whereas loss of peripheral vision may
go unnoticed for some time, damage to the macula will result in loss of central

vision, which has serious effects as it is illustrated in Figure 2.2 [12].



(@) (b)

Figure 2.2: Loss of Central Vision due to Diabetic Retinopathy. (1) The Vision of a
Healthy Patient. (2) The Vision of a Patient with the Retina Damaged in the Macula
Region.

All the photoreceptors are connected to the brain through a dense network of roughly
1.2 million of nerves [13] . All nerves leave the eye in a unique bundle in the optic

nerve. In the retina there is a blind spot which is a result of the absence of retina

photoreceptors where the optic nerve leaves the eye.

Early detection and treatment of various types of retinopathy are crucial to avoid
preventable vision loss. Imaging of the retina began with human retinal photography.
Fluorescein angiography is an imaging method used in the diagnosis and
management of retinal diseases [14]. Fluorescein angiography needs to inject of
fluorescein into the blood. However, with the recent progress in communications
technology and information, developed techniques for digital photography of the
retina have been developed. Digital fundus images of the retina are now an essential
means to document and diagnose various eye diseases in clinics, and they are widely
used to screen large populations for systemic diseases, such as diabetes,
arteriosclerosis, and hypertension. Figure 2.3 indicates a patient being imaged with a

digital fundus camera.
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Figure 2.3: A Patient Being Imaged with a Digital Fundus Camera [14]

The obvious advantages of digital images of the retina are the permanence of the
record, the facilities for observer control, and the opportunity for precise comparison
of the states of the retinal fundus at particular intervals of time. Additional
advantages are the possibilities for precise measurement of the diameter of vessels

and for observation of blood flow.

In this thesis, digital color fundus and red free images (also called retinal images)
have been selected because the method to get them is the least intrusive. The obvious
advantages of digital images of the retina are the permanence of the record, the
facilities for observer control, and the opportunity for precise comparison of the
states of the retinal fundus at particular intervals of time. Additional advantages are
the possibilities for precise measurement of the diameter of vessels and for

observation of blood flow.



2.3 Retinal Imaging

Ophthalmic photography is a form of medical imaging dedicated to the study and
treatment of disorders of the eye. There are two common procedures to perform such
photography: (a) angiography and (b) fundus photography. Angiography is the
imaging of vessels, and the resulting pictures are angiograms. Angiography of the
retina of the eye provides the injection of a small amount of dye into a vein in the
patient’s arm. The dye travels through the bloodstream and using special cameras is

photographed. Type of this procedure, fluorescein angiogram is shown in Figure 2.4.

Alternatively, when performing ophthalmic fundus photography for diagnostic
purposes, the pupil is dilated with eye drops and a special camera called a fundus
camera is used to focus on the fundus. The resulting images are detailed and
revealing, showing the optic nerve through which visual ‘signals’ are transmitted to
the brain and the retinal vessels which supply nutrition and oxygen to the tissue. A
digital fundus photograph is shown in Figure 2.4 (b), where the contrast between the
blood vessels and retinal background is not as good as a fluorescein angiogram.
Fundus photograph usually to capturing blood vessels in retinal images uses a green
filter (red-free). In the fundus photograph green light is absorbed by blood and

appeared darker color than the background and the retinal nerve fiber layer.
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Figure 2.4: Example of Ophthalmic Photography. (a) Fluoresce in Angiogram
(b) Digital Fundus Photograph [15]

However fluorescein angiography due to high contrast between the blood vessel and
background retinal layer can detect and quantify changes in the blood vessels more
accurately than fundus photography, but it sometimes is unsuitable for certain people
because of allergic reactions. Therefore fundus photography is more widely used in
clinics. Despite the contrast between the blood vessels and retinal background tends
to be poor in fundus photography. Thus accurate vessel segmentation on fundus

photography is harder than from other photographic procedures.

2.4 Vessel Properties and their Applications

The vessels usually have a limited curvature and are often approximated by
piecewise linear segments. Even though the width of the vessels decreases as they
move radially outward from the optic disc, the change is gradual one. The widths of
the vessels are found to lie within a range of 40-200 xm in a standard retinal image.
These properties were exploited and a matched filter was designed to segment the

vessels. The segmentation and analysis of retinal vasculature form an essential part
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of several practical applications such as detection of hypertension, diabetes, stroke
and cardiovascular diseases. In case of ophthalmologic conditions, the segmentation
and measurement of the retinal vessels is of primary interest in the diagnosis and
treatment of a diabetic retinopathy that directly affect the morphology of the retinal
vessel tree. Also the accurate segmentation of the retinal blood vessels is often an
essential prerequisite step in the automated analysis of retina for characterizing the

detected lesions and in identifying false positives [14] .
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Chapter 3

GABOR FILTERS AND THEIR APPLICATIONS

3.1 Introduction

Gaussian functions modulated by sine waves are known in signal and image
processing as Gabor functions, has introduced by Dennis Gabor in 1946 [16].
However, these functions have played an effective role before 1946 in harmonic
analysis and context of quantum mechanics. Gabor has shown that the representation
of signals using the Gaussian functions modulated by complex exponentials is
optimal in the sense of minimizing the joint uncertainty in the combined time-
frequency space [18]. Thus, these functions provide the best trade-off between time
resolution and frequency resolution. Then Gabor was extended to two dimensions by
Daugman [23]. Several years of research of the Human Visual System provided a
model of the organization of the visual cortex which culminated in the important
discovery of Marcelja [18] and Daugman [23] that simple cells in the visual cortex
can be modeled by Gabor functions. An analytical method suitable for the calculation
of the Gabor expansion coefficients was presented by Bastiaans [19] for the one-
dimensional case and extended to two-dimensions by Porat and Zeevi [20] who have
shown that the Gabor scheme provides a suitable representation for visual
information in the combined frequency-position space. These findings have
stimulated a great deal of interest in the computer vision and image processing

communities, as in these communities there is an everlasting quest to provide a
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mathematical model for the human vision and use this model for applications. This is
because it is often assumed that the human visual system has evolved to process
visual data optimally, i.e. best matched to the structure of our environment. Ever
since, the original work of Gabor has been extended and applied in representation,
enhancement, restoration, segmentation and compression of images, all the way up to
the ultimate tasks of recognition and interpretation [21]. Because the Gabor functions
have enjoyed a great deal of interest in the wavelets community, the framework of
Gabor wavelets has become very popular. Gabor wavelets, characterized by their
optimal (minimal), inversely-related effective widths in position and frequency, have

become important means for many image processing applications.

In this chapter first, we give a short introduction to Gaussian functions as a part of
Gabor function. Then, we proceed with a deeper consideration of Gabor filters It also
contains the details of the various types of Gabor filters. At the end the application of

this function has introduced.

3.2 Window Function

A filter can be mathematically represented as a window function which can then be
applied to a signal for processing. A window function is ideally a function that is
constant inside a specified region and zero outside it. It is used for analyzing a
certain region and rejecting the undesired parts. As for the practical cases, a window
function is suitable inside the desired region and decays fast outside, with an
emphasis on trying to achieve the highest compatibility with the ideal case. The

width of the main lobe determines the ability to resolve comparable strength signals,
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whereas the peak levels of the side lobes determine the ability to resolve disparate
strength signals. Window function frequency response is represented in Figure 3.1.

The Gaussian window is a typical window function used in this project work.

Main Beam

Nulls

Figure 3.1: Window Function Frequency Response [28]

3.2.1 Gaussian Window

The Gaussian function is selected because of some unique characteristics as the
Fourier transform and the derivative of a Gaussian function are both Gaussian
functions. This property is greatly helpful in our time-frequency analysis. Gaussian
function also has a reasonable capability to resolve disparate strength signals, as it
possesses the properties of a window function. A Gaussian window and its frequency

response are given in Figure 3.2.
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Figure 3.2: Gaussian Window [28]

3.3 Gabor Filters

A Gabor filter is a linear filter whose impulse response is defined by a harmonic
function multiplied by a Gaussian function. Because of the multiplication-
convolution property (Convolution theorem), the Fourier transform of a Gabor filter's
impulse response is the convolution of the Fourier transform of the harmonic

function and the Fourier transform of the Gaussian function.

Gabor filters are directly related to Gabor wavelets, since they can be designed for
number of dilations and rotations. However, in general, expansion is not applied for
Gabor wavelets, since this requires computation of biorthogonal wavelets, which
may be very time-consuming. Therefore, usually, a filter bank consisting of Gabor
filters with various scales and rotations is created. The filters are convolved with the
signal, resulting in a so-called Gabor space. This process is closely related to
processes in the primary visual cortex. The Gabor space is very useful in e.g., image
processing applications such as retina identification, edge detection and texture

segmentation. Relations between activations for a specific spatial location are very
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distinctive between objects in an image. Furthermore, important activations can be

extracted from the Gabor space in order to create a sparse object representation.

3.3.1 One-dimensional Gabor Filter
The 1-D Gabor Filter was first introduced by D. Gabor in 1946. A Gabor filter can be
viewed as a sinusoidal plane of particular frequency and orientation, modulated by a

Gaussian envelope [29].

Whereas s(X, y) is a Complex sinusoid and g(x, y) is 2-D Gaussian shaped function,

defined as envelope:

h(x,y) = s(x,y) g(x,y) (3.1)
s(x,y) = e—ZTE]'(UOX*‘VoY) (32)
2
1 5
X,y) = e © %x" Oy (3.3)
80Y) = s

Where (uy, vo) are spatial frequency and oy and oy, are standard deviation in x and y
directions, respectively. P defines the phase of the sinusoidal.

A simple way to view the responses of Gabor filters have been devised in one
dimension. These filters responses are summarized in a static one-dimensional graph
and provide an introduction to our approach for two dimensional filters. Figure 3.3

illustrates sinusoid, Gaussian Kernel corresponding to one dimensional Gabor filter.
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Figure 3.3: Gabor Filter Composition for 1D Signals: (a) Sinusoid, (b) A Gaussian
Kernel, (c) The Corresponding to Gabor Filter [17]

3.3.2 Two- dimensional Gabor filter
The filter collection originally proposed by Gabor was extended to the two-
dimensional case by Daugman [29]. A Gabor filter centered at the 2D frequency

coordinates is shown in Figure 3.4.

Figure 3.4: Example of 2-D Gabor Filter

gx,y) = s(x,y) wi(X,y) (3.4)

Where S(x, y) is a complex sinusoidal, known as the carrier and the complex

sinusoidal is introduced as follow:

S(X, y) — e(j(ZTT(UOX"'Vo y)+Dp)) (35)
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Re(s(x, y)) = cos(2m(ugx + voy) + p)) (3.6)

Im(s(x, y)) = sin(2n(upx + vy y) + p)) (3.7

The sinusoid has a real component and an imaginary component that have been

indicated in Figure 3.5. The Images are 128x128 Pixels with Parameters are as

1
Follows: uy = vy = s P= 0.

N

N

(a) (b)

h

Figure 3.5: The Real (a) and Imaginary Parts of a Complex Sinusoidal (b) [31]

According this representation, the complex sinusoid can be written as:
S(X, Y) — e(j(ZTtFO (xcoswq +ysinwg)+ p)) (38)
wr(X,y) is a 2-D Gaussian-shaped function, known as envelop.

WI‘(X’ y) — K e(_ﬂ((az (X_XO)%'I'bZ(y_YO)%)) (39)

In this formula K is Scales the magnitude of the Gaussian envelop, (xq,V,) is the
peak of the function, a, b are scaling parameters of the Gaussian, and the r subscript

stands for a rotation operation. This allows us to have Gabor filters with different

19



orientations. A Gaussian envelope in frequency domain has indicated in Figure 3.6.
The complexity of convolution depends directly on the size of the convolution mask.
(Xx—X%g)r = (X —Xg)cos 0 + (y —yp)sin 6 (3.10)

(y —Yo)r = =(X —X¢)sin 8 + (y — yo)cos 6 (3.11)

[}
L

Figure 3.6: A Gaussian Envelope [31].

3.4 The Complex Gabor Function in Space Domain:

The complex Gabor filter in space domain can be written as follow:

g(x,y) = ke™(@*(x=x0)f +b2(7=yo)f))exp ((2n(uox+voy) p))

(3.12)

Therefore general form of 2-D Gabor filter has defined with 9 parameters:
k : Scales the magnitude of the Gaussian envelop
(a, b) : Scale the two axis of the Gaussian envelop
0 : Rotation angle of the Gaussian envelop
(%0, Yo) : Location of the peak of the Gaussian envelop
(ug, vp) : Spatial frequencies of the sinusoidal carrier in Cartesian

p : Phase of the sinusoidal carrier
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The real and imaginary parts of complex Gabor function in space domain are

represented in Figure 3.7.

(@) (b)

Figure 3.7: (a) The Real and (b) Imaginary Parts of a Complex Gabor Function in

Space Domain [31]

(uq,vo) Spatial frequencies of the sinusoidal carrier in Cartesian coordinate can be

defined in polar coordinates as (Fy, ¢).

FO =4/ u02 + V02

Vo
@o = tan"1—
Up

u, = Fycos @y
vo = Fgsin@,

Accordingly, the Gabor function in polar coordinates is:

g(x’ y) =k e(az (X_XO)%‘FbZ(y_YO)%)) * e(j(ZT[FO(X cos @g+y sin @g)+p))
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The filter applies to the image, emphasizing edges along the rotation of the Gaussian

‘ ™~
.
\
~

0° 30° 60°

N\

envelope.

e
/
90° 120° 150°

20 20
20 20

Figure 3.8: Directions of Gabor Filter in 6 orientations

In  Figure 3.8 several examples of applying different orientations
(0°,30°,60°,90°,120° and 150°) of the Gabor function to an image are presented.

So, the Fourier transform of the Gabor function defined as follow:
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(u-up)f k W-vo)f
Gu,v) = % U (=2m o (10 +yo-vo)+p) 4 o (T ) (3.18)
a
Or in polar coordinates,
Magnitude
(u-up)f | (v=vo)§
g (u ,V)Ee (Mt B (3.19)
ab
Phase
g(u,v) = =2n(Xg(u—ug) +yo(v—vy) +p (3.20)

The Gabor filter and its Fourier transform are shown in Figure 3.9.

Gabor filter Fourier of Gabor filter

50 50

(@) (b)

Figure 3.9: (a) Gabor Filter (b) Fourier of Gabor Filter

3.4.1 Half-magnitude Profile
The region of points, in frequency domain, with magnitude equal one- half the peak

magnitude can be obtained as follows. Since the peak value is obtained for (u,v) =

(uy,vy ), and the peak magnitude is %, we just need to find the set of points

. . K
(u, v) with magnitude Py
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K

K xf

(u—uo)% (V_VO)%
2 + 2

)

- (3.21)
2ab ab © !
or
(u-— Uo)% (v— Vo)%
_]0g2 = —TI:( 22 + b2 ) (322)
Here we consider ¢ such as:
_ [log2
[(U—Uo)r]z + [(V_VO)I‘]Z::L (324)

aC

bC

This is an equation of ellipse centered at (uy,v,) rotated with an angle 6 with

respect to the u axis. The main axis of the ellipse have length 2aC ~ a and 2bC =~ b

respectively. Figure 3.10 represents the half magnitude profile in frequency domain

WV

(o]

ia)

Fo

£

Figure 3.10

. Half-Magnitude Frequency
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3.5 Application of Gabor Filters

Gabor filters are band pass filters which are used successful in many applications
such as texture segmentation/classification, target detection, character recognition,
fingerprint recognition, face recognition, image analysis and compression and edge
detection. In this thesis edges in oriented structure are introduced and we utilize
Gabor filter to detect them in difference orientations, hence in the following we

provide the more detail of detection of edges.

3.5.1 Edge Detection

Edges and lines usually convey the most relevant information of an image; hence it is
important to detect them in a reliable way. Edges are caused by changes in some
physical properties of the surfaces being imaged, so they provide useful structural
information about object boundaries, such as illumination, geometry, and reflectance.
In edge detection methods, the discontinuities in the image gray level are enhanced
by neighborhood operators .it has extensively analyzed in computer vision but it has
not yet solved. In fact, despite considerable efforts, the ideal scheme able to detect
and localize with precision edges at all scales, irrespective of their shape and
configuration, has not yet been produced. Prewitt and Sobel operators use masks

having the size of 3 x 3 pixels [26].

3.5.1.1 Prewitt and Sobel Operations
The Prewitt operators for the horizontal and vertical derivatives, Gx(x,y) and
Gy(x,y), respectively, are defined as follows:

-1 -1 -1
0 0 0

1 1 1
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The Sobel operators are similar to the Prewitt operators, but they include larger
weights for the pixels in the row and column of the pixel being processed. The Sobel
operators for the horizontal and vertical derivatives, Gx(x,y) and Gy(x,y) ,

respectively, are defined as follows:

-1 0 1
[—2 0 2]
-1 0 1
-1 -2 -1
[ 0 0 0]
1 2 1

The horizontal and vertical components of the gradient, Gx(x,y) and Gy(x,y),
respectively, are obtained by convolving the preprocessed image with the
corresponding Sobel or Prewitt operators. A commonly used definition of the

combined gradient magnitude is:

G(x,y) = [Gx(x,))? + Gy (x,3)*]*° (3.25)

3.5.1.2 The Canny Edge Detection Method

Canny [27] proposed an approach for edge detection based upon three criteria for
good edge detection, including multidirectional derivatives. Cranny’s method is
guided by the following requirements:

» The edge detector should have a high probability of finding all edges and
low probability of mistaking non-edge objects as edges, represented in the
form of a signal-to-noise ratio.

» The edges found by the algorithm should also be as close to the true edges as
possible, represented by the root mean-squared distance of the detected edges

from the true edges.
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» The algorithm should have only one edge pixel when an edge is present,
represented by the distance between the adjacent maxima in the output.

The Canny method implements edge detectors based upon kernel functions formed

by using the first derivative of Gaussian functions. This method is computationally

more complex than the Sobel operators because of its optimization procedures.
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Chapter 4

GABOR FILTERS FOR BLOOD VESSELS

DETECTION IN RETINA

4.1 Introduction

In this chapter, a retinal vessel extraction system that uses Gabor filter based
segmentation of the vessels in retinal images, has been proposed. The proposed
system also incorporates a systematic way of determining threshold value.
Conceptually, several stages have been used for the retinal vessel segmentation. The
main goal is to capture efficient edge information of the vessels. The system diagram
of the proposed approach is shown in Figure 4.1. The proposed approach is applied

to retina images from DRIVE database. The system is divided to three stages:

In first stage, each input color image was converted to 8-bit intensity scale. Then the
180 Gabor filters with the rotation separation of 1° has been used to capture edge
data of the vessels. Different scales are also used to capture edge information of the
vessels. In order to approximately determine the vessel edge locations, maximum
response of each image are selected. After Gabor filtering, image processing
techniques such as logarithmic normalization is applied to suppress the impulsive

values for easier post-processing.

In second stage mask processing in order to eliminate the area around of images was

applied. Then morphological operation with a disk-shaped structuring element of
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radius equals to 10 pixels to thinning is applied. Then thresholding for segmentation
is used. Furthermore, we have developed a systematic way to deciding efficient

threshold value.

In last stage, the manually segmented image from DRIVE database is compared to
segmented output. The difference between the segmented images and the manually
segmented images are called the segmentation error containing error pixels. We
decomposed error pixels into false positive pixels and true negative pixels
corresponding to blue and red color in our illustrations. False positive and true

negative pixels are used in error analysis.
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Figure 4.1: System Diagram of the Proposed Approach for Vessel Segmentation using Gabor Filter



4.2 Experimental Methodology

In order to evaluate segmentation performance and to get an understanding of its use,
this part of the thesis introduces some of the notations surrounding the segmentation
process. In general, four possible decisions and two types of errors are made when
comparing the automatic segmentation result with the manual segmentation as shown

in Table 4.1.

Table 4.1: Relations between the Measurement Probabilities of the Manual
Segmentation and Automatic Segmentation [34].

Manual Automatic Segmentation
Segmentation Positive Negative Total
Positive True Positive (TP) False Positive (FP) TP+FP
Negative False Negative (FN) | True Negative (TN) FN+TN
Total TP+FN FP+TN TP+FN+FP+TN

TP: If both manual segmentation (Ground truth) and automatic segmentation are
positive.

FN: If the manual segmentation (Ground truth) is positive and the automatic
segmentation is negative.

FP: If the manual segmentation (Ground truth) is negative and the automatic
segmentation is positive.

TN: If both manual segmentation (Ground truth) and automatic segmentation are
negative.

In Figure 4.2, given that the result of the proposed segmentation is represented by set

A, and the result of manual segmentation (Ground Truth) is represented by B, the
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following relationships can be generated. Note that the mask refers to the total set

where both A and B are bounded.

A =Proposed Segmentation =~ B=Manual Segmentation

\ /

Figure 4.2: lllustration of the Measure of Overlap between Two Segmentations

where A Is Proposed Segmentation and B Is Manual Segmentation

TP=ANB
FP=(AUB)-B
FN=(AUB)-A

TN = Mask - (A U B)

TPR = i
~ (TP +FN)
FPR= ——
(FP + FN)

FNR = FN
~ (FN + PR)
TNR= —————
(TN + FP)
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4.2.1 Sensitivity and Specificity

The sensitivity and specificity may provide a better assessment of the overall
performance of a result. The sensitivity of detection is calculated as the ratio of the
number of images with successful detection of the blood vessels to the number of
images segmented.

TP

SE = ——————< X
(TP + FN)

100 (4.9)

Sensitivity measures the proportion of correctly identified ground truth, and

specificity measures the proportion of correctly automatic segmentation result.

TN

p=—
SP=aNTrP)

100 (4.10)

Sensitivity is equivalent to the true-positive ratio (TPR), and specificity is equivalent

to the true-negative ratio (TNR).

4.2.2 Segmentation Accuracy

Accuracy is a measure of the proportion of decision performance including the
concepts of the "sensitivity" and "specificity" of a diagnostic test. In fact, sensitivity
and specificity represent two kinds of accuracies. These measures and the related
indices, TPR and FPR, are more meaningful than "™accuracy”, yet do not provide a
unique description of diagnostic performance because they depend on the arbitrary
choice of a decision threshold.

TP + TN (4.11)
(TP + TN + FP + FN)

accuracy =

4.2.3 ROC Analysis
Receiver operating characteristic (ROC) curve analysis allows visual evaluation of

the trade-offs between sensitivity and specificity associated with different values of
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the test result. Also it can be used to select the optimal threshold for a particular
application. A ROC curve is plotted on a 2-dimensional unit square plot y-axis and x-
axis correspond to the TPR (or sensitivity) and correspond to the FPR (1 -
specificity) are, respectively and close to the point (0, 1). The area under a ROC
curve (AUC) also is called(A,) [29] .

In Figure 4.3 the solid line represents the relationship between the sensitivity and
specificity as the discrimination threshold of the test result is varied. This can be
compared with the line of no-discrimination (dash line), and the red line depicting an

ideal result.

(ROC) Curve

e o o
N ® © =

o
)

True Positive Ratio (Sensitivity)
o o o
w » o

o
[N}

o
-

o

0 0.1 0.2 0.3 04 0.5 0.6 0.7 0.8
False Positive Ratio (1-Specificity)

Figure 4.3: Illustration of the ROC Curve for a Binary Result.

4.2.4 Thresholding (False Acceptance / False Rejection)
The False Acceptance Rate (FAR) or False Alarm Rate usually refers to the
expectancy of the False Positive Ratio (FPR). The False Rejection Rate (FRR) refers

to the expectancy of the False Negative Ratio (FNR).
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4.2.4.1 Equal Error Rate (EER)

The first objective approach which is a biometric security system that determines the
threshold values for its FAR and FRR, if the score distributions overlap the FAR and
FRR intersect at a certain point. The value of them at this point, is named the Equal
Error Rate (EER). In Figure 4.4 horizontal and vertical axis represent value of
threshold and corresponding Equal Error Rate, respectively. The value of this cross

point is corresponding to a threshold which we choose as the optimal threshold.

The EER of a system can be used to give an optimal threshold. We proposed a
systematic way of determining of threshold value which can develop system

performance.

FAR/FRR

00 0.1 0.2 0.3 0.4 0.5 0.6 0.7 08 0.9 1
Threshold

Figure 4.4: Equal Error Rate (EER)

4.2.4.2 Total Error Rate (TER)
The lower the EER is the better performance of the system, as Total Error Rate

(TER) which is the sum of the FAR and the FRR at the point of the EER decreases.
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In fact TER is our second approach which has been used extensively for comparison
of biometric verification performances. Figure 4.5 illustrates False Acceptance Rate
(FAR) and False Rejection Rate (FRR) and the Total Error Rate (TER). The
threshold minimizing the TER is an alternative approach to determine a suitable
threshold. In addition to the threshold determined by EER, the threshold

corresponding TER can be used as an efficient threshold level for segmentation.

min
(FAR + FRR )

Percentage of the Error
&
T
1

—=— FAR
—— FRR
TER

I s y f
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 08 0.9
Thresholding Setting

Figure 4.5: Biometric Systems Are Rated on the Basis Performance Standards

4.3 Retina Database

At the best of our knowledge, two publicly available data sets with retinal images
(with and without diseases) can be found: STARE [37] and DRIVE [9] databases.
Due to the content and type of images in these databases, their use is subject to the

kind of application under study.

The DRIVE database (Digital Retinal Images for Vessel Extraction data base)
contains 40 available images with and without diseases, which allows a more general

analysis of the applications, algorithms or methodologies under study. The main goal
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of the DRIVE database is to establish and facilitate comparative studies to
segmentation of retinal blood vessels detection in medical images. In this thesis, the
DRIVE database has been selected for detection retina blood vessels which has
represented in Figure 4.6. () is the original image number one of the test set and (b)
is the mask. Also (c) and (d) are manual segmentation of the first and second
observe, respectively. The images were acquired using a Canon CR non-mydriatic
camera with three charge-coupled device (CCD) detectors with a 45 degree field of

view (FOV).

The dataset consists of a total of 40 color fundus photographs. Each image is of size
584 by 565 pixels, represented using 24 bits per pixel in the standard RGB format.
Considering the size and FOV of the images, they are low-resolution fundus images

of the retina, having an approximate spatial resolution 20 pm per pixel [28].
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(a) (b)

(c) (d)

Figure 4.6: (a) Image 01 of the Test Sets. (b) The Mask Delimiting the FOV. (c) The
Manual Segmentation of the First. (d) The Second Observer [9]
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4.4 Proposed Method

4.4.1 Gabor Filter Based Vessel Detection

In this thesis we propose Gabor filter for detection of blood vessels. In first stage
different image processing methods have used for capturing data from vessels.
Methods include edge detection and logarithm normalization. The detection process

can be carried out either on the original images from DRIVE database.

4411 Pre-processing
The images in the DRIVE datasets are provided in the [R, G, B] format, where R,

G, and B correspond the red, green, and blue components, respectively, of the color
image. In the color retinal images, blood vessels appear darker than the background.
So, it is essential to exempt the vessel area during the detection of lesions to avoid
false positives. The Figure 4.7 shows that the blood vessels appear most contrasted in
the green channel compared to red and blue channels in RGB image, so the green
channel image has been used for further processing suppressing the other two color
components. In this stage, for intensity normalization we have divided each pixel of

the original color image by 255.
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(©) (d)

Figure 4.7: Appearance of Vessels in Different Color Channels. (a) Color Retinal Image.

(b) Red Channel Image. (c) Green Channel Image. (d) Blue Channel Image[10]

4.4.1.2 Gabor Filter for Detecting Oriented Patterns

The Gabor filters are widely applied to image processing and computer vision
application problems such as texture segmentation and face recognition. Since, the
vessels in the retinal image are connected and piecewise linear, for their
segmentation Gabor filters are better suited as they are capable of detecting oriented
features and can be fine tuned to specific frequencies. Gabor functions have been

found to provide good models for the receptive fields of simple cells in the striate
40



cortex. Gabor functions provide optimal joint resolution in both the Fourier and time
space, and form a complete basis set through phase shift and scaling or dilation of the

original mother wavelet function.

We have applied the Gabor filtering techniques to detect blood vessels in retina
images based upon Gabor wavelets [31]. The real Gabor filter kernel (or mother

wavelet) oriented at the angle & =  can be formulated as [39]:

(2 (4.12)
e< : (GX iy >>cos(2nf0x)

According this formula o,and o, are the standard deviation values in the x and y

g y) = 2100y

directions, and fo is the frequency of the modulating sinusoid. Kernels at other
angles are obtained by rotating the mother wavelet. In this thesis, we use of 180
Kernels with angles spaced evenly over the range [—m/2,m/2] by using the
coordinate transformation

X = xcos0 +ysin®

(4.13)
y' = —xsin0+ycos0

Where (x,y") is the set of coordinates rotated by the angle 8. The parameters in
equation above, namely o, and g, andfo, need to be derived by taking into account
the size of the lines or curvilinear structures to be detected. T is the thickness of the
line detector. These parameters constrain o, and f,, are as follows:

The amplitude of the Gaussian term in equation (4.12) is reduced to one half of its

maximum at x =~ and y = 0; therefore, o, = 7/(2V2In2) = 7/2.35.
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The cosine term has a period of T ; hence f, = % g, = 1/t . The value of oy

could be defined as o, = [ g, where | determines the elongation of the Gabor filter
in the orientation direction, with respect to its thickness is varied to prepare a bank of
filter at different scales for multiresolution filtering and analysis value of z could be
varied to prepare a bank of filters at different scales for multiresolution filtering and

analysis [31].

4.4.1.3 Maximum Response and Logarithm Normalization

To obtain good response of different directions, the Gabor filter is rotated from 0° to
180° in the steps of one degree to produce a single peak response on the center of a
vessel segment. At each pixel only the maximum response is retained. Then
logarithmic normalization on the maximum response is applied to suppress the peak

value of filter response.
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(d)

Figure 4.8: (a) Image 07 Test Set (b) Input Intensity Image. Magnitude Response of

180 Gabor Filters over 0°— 180° before Thresholding. (c) T =4 Pixels, 1=2.5. (d) 1 =
8 Pixels, 1 =2.5

Figure 4.8 (a) shows an image (number 07) from the DRIVE database [9]. (b) is
intensity component of the original color image. The result in (c) was obtained using
a bank of 180 Gabor filters without threshoding with t = 4 pixels and [ = 2.5;
that in (c) was obtained with 7 = 8 pixels. The magnitude response image was
composed by selecting the maximum response over all of the Gabor filters for each
pixel. The result in Figure 4.8 (c) indicates that the filters have detected only the
edges of the thick vessels, with poor response along their center-lines. On the
contrary, the result in Figure 4.8 (d) shows that the thick vessels have been detected
well; some of the thinner vessels have not been detected. The results indicate the
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need for multiscale or multiresolution filtering and analysis, which is easily

facilitated by the proposed design of the Gabor wavelet.

4.4.2 Segmentation by Thresholding

Thresholding allows the separation of an image into separate components by turning
it into a binary image. This involves the image being separated into white or black
pixels on the basis of whether their intensity value is greater or less than a certain
threshold level. The process of thresholding maybe particularly useful to remove

unnecessary detail or variations and highlight detail that is of interest.

4.4.2.1 Thresholding Operation

In second stage to classify the pixels into vessels and non vessels thresholding is
applied. The effective region of the image was detected using the normalized
threshold of 0.43. The calculation of the thresholds will be explained in a systematic

manner in the proceeding stage.

4.4.2.2 Morphological Erosion Operation

Morphological operation [26] include the basic operations of erosion and dilation,
and modifications and combinations of these operations. Basically, all morphological
filters are neighborhood-based operators with a structuring element for the
neighborhood. In this thesis erosion has applied to binary images are restricted to 0
or 1. Erosion removes pixels from an image, or, equivalently, turns pixels that were
originally 1 to 0. Erosion of image or set A by a structuring element B is denoted by

©. Erosion for binary images may be expressed by:
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A © B = {yl(B)y € A}
(4.14)
The operation equals the set of elements y for which all translations of B by v,

denoted by (B)y, are inside A.

4.4.2.3 Mask Processing

In this part, the artifacts present at the edges of the masks generated for images from
the DRIVE dataset were removed by applying morphological erosion with a disc-
shaped structuring element of diameter 10 pixels. Figure 4.9 indicates overview of

the main steps taken by our algorithm when processing a retinal image.
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(b)

(©) (d)

Figure 4.9: (a) The Image 07 Normalized by Threshold of 0.43. (b) The Mask Image
07 (c) Morphological Thinning Is Applied to (b). (d) The Area Around of Image Is
Eliminated with Mask

4.4.3 Error Analysis

In final stage we analyze error by comparing segmented image (from pervious stage)
with manual segmentation (ground truth). The result achieved is called Error image
analysis. Indeed, image achieved is difference between segmented image and ground
truth. For analyzing Error image has been divided to images. Images concluding red

and blue pixels are corresponding to False Positive error pixels and False Negative
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error pixels. On the other hand if the vessels classified be in ground truth represent
red pixels in Error image and if the vessels classified not be in ground truth represent
blue pixels in Error image. The performance of this approach is evaluated on DRIVE

databases with manually segmentation (ground truth).

The overview of the main third stage taken by our algorithm when processing a

retinal image is shown in Figure 4.10.

(d)
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(€) ()

Figure 4.10: (a) The Manual Image 07 Test Set. (b) Morphological Thinning Applied
at the Boundaries (a). (c) The Segmented Output Image. (d) Comparison between
Image (b) and Image (c) Containing Error Pixels. (e) The Red Pixels Corresponding
to False Positives. (f) The Blue Pixels Corresponding to False Negatives.

4.4.4 Mathematical Description of the Proposed Algorithms:

e Let I'(x,y) to be the input retina image.
e I(x,y) which is the intensity image is calculated by

Rriey) + Grexy) + Bray (4.15)
3

I(x,y) =

Where Rr(xy): Gr(x,y) @and Br( y)correspond the red, green and blue components of
the input RGB image.
e The Gabor filter go(x,y) is applied to image I(x, y) for 180 different angles

0 between —~and — and a set of filter responses are collected by:

Go(x,y) =1(x,y) * go(x,y) (4.16)
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Where * corresponds to the convolution operation. The response for each
pixel position (x,y) is determined by taking the maximum response among

all of the 180 filters at the respected pixel position.

R(x,y) = max[Gg(x,y)] , 8 = (4.17)

=7 %02 ]
Where 0 is varied by increments of % between —g and g . Apply

logarithmic normalization to suppress the peak values.

R(x,y) = In(R(x,y)) (4.18)
Use Mask to isolate retina region to segment £2(x, y) by multiplying (pixel by

pixel) with the R (x, y) with the binary mask after erosion.

2(x,y) =R,y [M(x,y) © B] (4.19)
Where M(x,y) is the binary mask and © is the morphological erosion
operation by using the circular structuring element B of radius 10 pixels. The

values of 2(x,y) can be thresholded to generate the binary output image

d(x,y).

1 if 2(x,y) = Yy

0 if 2(x,y) < Pen (420

P(x,y) ={

Where vy, is the threshold value used. The generated output vessel image
®(x,y) is compared with the manually segmented vessel image ®y(x,y) for

error analysis :

E(x,y) = ®(x,y) — Pu(x,y) (4.21)
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€ra = E(x,y) if E(x,y)> 0 (4.22)
err = E(x,y) if E(x,y)< 0 (4.23)
Where €5, corresponds the False Alarm Error (FAR) pixels and €z corresponds the

False Rejection Error (FRR) pixels.
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Chapter 5

SIMULATIONS, RESULTS AND DISCUSSIONS

5.1 Introduction

In this chapter according to experimental methodology we propose three methods for
calculating False Positive Ratio (FPR), True Positive Ratio (TPR), accuracy,
specificity (SP) and Area Under the Curve (AUC). Then we compare these
approaches and results using Tables and Figures. Furthermore we compare our
method with alternative methods using blood vessel detection and segmentation

algorithm tested using DRIVE database [9].

5.2 Proposed Threshold Determination

Approach 1: In this approach firstly, all possible threshold values are studied by
calculating the error between the automatically segmented blood vessel and manually
segmented blood vessel. The errors correspond to the false alarm errors and false
rejection errors. Then the cross point of False Acceptance Rate (FAR) and False
Rejection Rate (FRR), which is referred to as the Equal Error Rate (EER) is
obtained. Finally according to the obtained EER, we can determine the threshold for

this approach and calculate all the relevant analysis parameters.

Approach 2: In this approach an alternative threshold is estimated. The method again
uses the false alarm errors and false rejection errors in the threshold estimation

process. A new curve is formed by using the sum of the FAR and FRR rates. The
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generated rate is plotted for every possible threshold value. This curve corresponds to
the total error per each possible threshold value. The minimum in this curve
corresponds to the minimum total error and it is named as the Total Error Rate
(TER). The minimum threshold value on this curve generated the maximum

performance on the segmentation performance.

Approach 3: In the last approach we have utilized a threshold according to the
threshold value that maximizes the accuracy metric. Accuracy which is defined in the
previous chapter is plotted against every possible threshold value and the threshold

maximizing this curve is declared to the selected threshold.

Extensive studies have been done using all these three approaches for performance

comparison.
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Table 5.1, shows false positive rate, true positive rate, segmentation accuracy,
specificity and area under curve results of all 20 test images of DRIVE databases

using threshold based on Equal Error Rate (EER).

Table 5.1: Performance of the Proposed Segmentation Method for 20 Images of
DRIVE Database, Using Threshold Based on EER

Approach 1 FPR (%) TPR (%) Accuracy (%) SP (%) | AUC (%)
Image 1 9.09 91.33 90.97 90.91 96.60
Image 2 9.77 89.55 90.12 90.23 96.09
Image 3 12.37 87.33 87.58 87.63 94.34
Image 4 10.35 88.87 89.57 89.65 95.44
Image 5 12.45 87.30 87.52 87.55 93.81
Image 6 13.19 87.33 86.89 86.81 93.59
Image 7 12.76 87.07 87.21 87.24 93.98
Image 8 15.07 86.38 86.81 84.93 92.70
Image 9 11.24 88.24 88.69 88.76 94.52
Image 10 11.20 88.55 88.87 88.80 94.81
Image 11 14.25 87.55 85.72 85.71 92.99
Image 12 11.07 88.18 88.83 88.93 94.80
Image 13 11.23 87.46 88.58 88.77 94.58
Image 14 10.90 88.54 89.03 89.10 95.34
Image 15 10.35 88.87 89.57 89.65 95.44
Image 16 9.73 89.76 90.20 90.27 95.83
Image 17 12.84 88.63 87.35 87.16 94.53
Image 18 9.15 89.85 90.85 90.73 95.86
Image 19 7.15 92.21 92.77 92.85 97.31
Image 20 8.93 90.91 91.05 91.07 96.43
Average 11.15 88.70 88.91 88.84 94.95
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Table 5.2, shows false positive rate, true positive rate, segmentation accuracy,
specificity and area under curve results of all 20 test images of DRIVE databases

using threshold based on Total Error Rate (TER).

Table 5.2: Performance of the Proposed Segmentation Method for 20 Images of
DRIVE Database, Using Threshold Based on TER

Approach 2 FPR (%) | TPR (%) Accuracy (%) SP (%) AUC (%)
Image 1 9.64 91.46 90.54 90.36 96.58
Image 2 9.17 89.21 90.57 90.83 96.21
Image 3 10.45 85.93 88.91 89.46 94.47
Image 4 9.38 86.69 90.06 90.62 94.68
Image 5 8.10 84.14 90.76 91.90 93.91
Image 6 9.71 84.82 89.46 90.29 93.95
Image 7 11.12 86.68 88.49 88.78 94.28
Image 8 14.83 86.02 85.28 85.17 92.63
Image 9 10.40 88.13 89.41 89.60 94.83
Image 10 10.14 87.59 89.57 89.86 94.91
Image 11 11.78 84.34 87.70 88.22 93.48
Image 12 10.50 88.52 89.37 89.50 95.24
Image 13 10.36 86.91 89.23 89.64 94.83
Image 14 10.34 87.65 89.41 89.66 95.33
Image 15 9.50 88.99 90.33 90.50 95.80
Image 16 8.99 89.18 90.76 91.01 96.02
Image 17 10.64 86.61 88.99 89.36 94.58
Image 18 86.60 89.91 91.16 91.34 96.28
Image 19 66.50 92.07 93.18 93.35 97.44
Image 20 10.26 92.63 90.08 89.74 96.60
Average 16.41 87.77 89.66 89.95 95.10
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Table 5.3, shows false positive rate, true positive rate, segmentation accuracy,
specificity and area under curve results of all 20 test images of DRIVE databases
using threshold based on maximum accuracy.

Table 5.3: Performance of the Proposed Segmentation Method for 20 Images of
DRIVE Database, Using Threshold Based on Maximum Accuracy

Approach 3 FPR (%) TPR (%) Accuracy (%) SP (%) AUC (%)
Image 1 2.69 72.94 93.93 97.31 96.58
Image 2 2.47 73.36 93.72 97.53 96.21
Image 3 2.78 68.60 92.71 97.22 94.48
Image 4 2.03 67.42 93.60 97.97 94.68
Image 5 2.49 70.05 93.47 97.51 93.91
Image 6 1.97 65.49 93.11 98.03 93.95
Image 7 1.89 63.85 93.32 97.03 94.28
Image 8 2.97 57.40 91.75 97.34 92.81
Image 9 2.66 68.84 93.71 97.74 94.83
Image 10 2.26 68.77 93.98 98.04 94.91
Image 11 1.96 62.65 93.38 97.49 93.49
Image 12 251 68.24 93.56 97.23 95.24
Image 13 2.77 69.51 93.07 97.52 94.82
Image 14 2.48 67.21 93.72 97.53 95.53
Image 15 1.92 67.60 94.72 98.08 95.80
Image 16 2.58 73.09 94.08 97.42 96.02
Image 17 2.54 66.46 93.28 97.46 94.59
Image 18 2.29 69.84 94.31 97.71 96.28
Image 19 2.23 81.25 95.60 97.77 97.44
Image 20 2.69 70.42 94.20 97.31 96.60
Average 241 68.65 93.66 97.56 95.12
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According the averages of parameters in three proposed approaches, we can realize
that the proposed segmentation method using threshold based on maximum accuracy
with decreasing of FPR, and increasing of accuracy, specificity, and maximizing of

the area under curve has the best performance among all three approaches.

Table 5.4 shows the average accuracy, specificity and area under curve of proposed
three approaches on twenty images from DRIVE database. The results indicate that
threshold determination in approach 3 generates the best performance in terms of

segmentation performance measures of Accuracy, Specificity and AUC.

Table 5.4: Performance Accuracy, Specificity and Area Under Curve of the Retina
Blood Vessels Achieved by Three Different Approaches

Threshold Selection Accuracy (%) | Specificity (%) | AUC (%)
Approach 1 (EER) 88.91 88.83 94.95
Approach 2 (TER) 89.66 89.95 95.1
Approach 3  (max accuracy) 93.66 97.56 95.12

It can be seen that the proposed approach 3 performs better with higher accuracy,

specificity and area under curve than other proposed approaches.

We compare the performance of the proposed Gabor filtering method, with the
alternative methods available in the literature. Table 5.5 shows the Accuracy
performance our segmentation along with those reported for previous segmentation
algorithms tested. The results are calculated by the average 20 test images from

DRIVE databases for evaluation.
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Table 5.5: Vessels Segmentation Accuracy of the Proposed Method and the
Alternative Methods in the Literature

Method Accuracy (%)
Ricci [33] 95.63
Mendonca [34] 94.63
IUWT [41] 93.71
Proposed Method with Approach 3 93.66
Grag [36] 93.61
Espona [37] 93.52
Martinez-Perez [38] 93.44

The results in Table 5.5 show that proposed Gabor based detection and segmentation
method using threshold determination by using approach 3 is better than some of the
methods in the Table. It can be seen proposed segmentation method using threshold
based on maximum accuracy achieved an accuracy score of 93.66 and is higher than
the results of Grag [36], Espona [37] and Martinez-Perez [38] vessel segmentation

methods.

Table 5.6 indicates the area under curve of blood vessels detection in the retina
obtained by different recently reported methods, in terms of AUC values, using the

same set of 20 images in the test set of the DRIVE database.
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Table 5.6: The Area Under Curve of the Proposed Method and the Alternative
Methods in the Literature

Dtection Method AUC (%)
Multiscale Gabor filters; Soares et al. [39] 96
Multiscale Gabor filters; [29] 96
proposed Method With Approach 3 95
Single-scale Gabor filters; Rangayyan et al. [31] 95
Ridge-based segmentation; Staal et al. [1] 95
Adaptive local thresholding; Jiang and Mojon [40] 93
Matched filter; Chaudhuri et al. [41] 91

The results obtained by Table 5.5 indicates the Area Under Curve of the proposed
segmentation method using threshold based on maximum accuracy by score of 95 is
higher than the results of the Adaptive local thresholding; Jiang and Mojon [40] by score

93 and Matched filter; Chaudhuri et al. [41] by score 91.

We have compared three approaches for false positive rate, true positive rate,

segmentation accuracy and specificity in Figures 5.1 to 5.4 for image 01 of DRIVE

database.
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Figure 5.1: The False Positive Ratio Corresponding to Threshold for Three Different
Approaches
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Figure 5.1 indicates the False Positive Ratio (FAR) corresponding to threshold for 3
different approaches. The results show that performance of the proposed
segmentation method using threshold based on maximum accuracy, by FPR=2.41%

has minimum FPR in performance.
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Figure 5.2: The True Positive Ratio Corresponding to Threshold for Three Different
Approaches

Figure 5.2 indicates the True Positive Ratio (TPR) corresponding to threshold for 3
different approaches. The results show that performance of the proposed
segmentation method using threshold based on Equal Error Rate (EER ), by

TPR=88.96% has maximum sensitivity in performance.
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Figure 5.3: The Accuracy Corresponding to Threshold for Three Different
Approaches

Figure 5.3 indicates the accuracy corresponding to threshold for 3 different
approaches. The results show that performance of the proposed segmentation method
using threshold based on maximum accuracy, has maximum accuracy 93.66% in

performance.
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Figure5.4: The Specificity Corresponding to Threshold for Three Different
Approaches
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Figure 5.4 indicates the specificity (SP) corresponding to threshold for 3 different
approaches. The results show that performance of the proposed segmentation method
using threshold based on maximum accuracy, by SP=97.65% has maximum

precision in performance.

5.3 Analysis of Changing Number of Directions in Gabor Filters

In blood vessels detection using Gabor filters, we have utilized 180 different
directions. In this part number of directions has been changed and performances of
three parameters have been considered. Table 5.7, represents true positive rate
(TPR), segmentation accuracy and area under curve (AUC) results corresponding to
changing number of directions among all 180 directions for imagel9 of test DRIVE

databases by proposed approach 3.
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Table 5.7: Result of Changing Number of Direction in Gabor Filter for Image 19 of
DRIVE Database According Approach 3

Number Of
Direction TPR (%) ACCURACY (%) | AUC (%)

2 52.42 92.06 87.13

4 74.83 94.9 96.11

8 78.64 95.69 97.33
12 79.28 95.63 97.43
16 80.17 96.64 97.44
20 80.78 95.63 97.44
28 81.16 95.6 97.44
32 81.15 95.6 97.44
38 81.19 95.6 97.44
40 81.25 95.6 97.44
48 79.25 95.6 97.44
54 79.29 95.6 97.44
58 79.31 95.59 97.44
64 79.31 95.59 97.44
120 79.37 95.59 97.44
140 79.37 95.59 97.44
160 79.37 95.59 97.44
180 79.37 95.59 97.44

Presentation of True Positive Ratio (TPR), accuracy and Area Under Curve (AUC)
against to changing number of direction from 1° to 180" degree in Gabor filter, based

on results in Table 5.7 have been indicated in Figures 5-5 to 5-7, respectivy.
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Figure 5.5: The True Positive Ratio Corresponding to Number of Direction in Image
19 of DRIVE Database

Figure 5.5 shows the True Positive Ratio (TPR) against to changing number of
directions in image 19 from DRIVE database. It can be seen TPR value beyond

number of direction 48 did not change.

100 T T T T T T T T

90 -
80 -
70 -
<
> eof i
N
> L A
o 50|
©
Lo 40 .
3
&) 30 -
20 -
10 -
0 L L L L L L L L
0 20 40 60 80 100 120 140 160 180

Number of Directions

Figure 5.6: The Accuracy Corresponding to Number of Direction in Image 19 of
DRIVE Database
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Figure 5.6 shows the accuracy against to changing number of directions in image 19
from DRIVE database. It is found that increasing the number of direction of Gabor

filters beyond 28 did not change result in high increase of vessel detection accuracy.
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Figure 5.7: The Area Under Curve Corresponding to Number of Direction in Image
19 of DRIVE Database

Figure 5.7 shows the Area Under Curve (AUC) against to changing number of
directions in image 19 from DRIVE database. It can be seen AUC value beyond

number of direction 16 did not change.

5.4 Thickness and Elongation Values in Gabor filter

In previous chapter we have explained the Gabor filter parameters. t represents the
thickness of the line detector and 1 determins the elongation of Gabor filter.

Experiments are concluded with t={1,2,3,4,56,7,..,14,15,16} and 1=
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{1.3,1.7,2.1,2.5,2.9,3.3,3.7,4.1}. In this part we have considered area under curve

result corresponding to variety of thickness and elongation, respective.
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Figure 5.8: The Area Under Curve Corresponding to Thickness of Gabor Filter in
Image 19 of DRIVE Database

Figure 5.8 indicates Area Under Curve (AUC) corresponding to thickness of Gabor
filter for image 19 test of DRIVE databases. Thickness of Gabor filter in range of 1
to 16 has been changed. Based on formation, we can realize that maximum result of

Area Under Curve (AUC) happens, in point by thickness 8.

100 T T T T T T

90 -

80 -

70 1

60 -

50 -

a0 -

AUC (%)

30 -

20~ -

0 1 1 1 1 1 1
1 1.5 2 25 3 3.5 4 4.5

Elongation

65



Figure 5.9: The Area Under Curve Corresponding to Elongation of Gabor Filter in
Image 19 of DRIVE Database

Figure 5.9 indicates Area Under Curve (AUC) corresponding to elongation of Gabor
filter for image 19 test of DRIVE databases. Elongation of Gabor filter has been
changed in range of 1.3 to 4.1. Based on formation, we can realize that maximum

results of Area Under Curve (AUC) in Gabor filter is with elongation values 2.1 and

2.1.

Table 5.8 indicates relation between thickness and elongation in Area Under Curve
(AUC).The result is shown that Gabor filter with t =7 and [=2.5 has maximum of

AUC.

Table 5.8: Relation between Thickness and Elongation in Area Under Curve (AUC)

AUC =17 | =21 | (=25 | [=2.9 | [=33 | [=37
v=1 9553 | 9555 | 9552 | 9549 | 9546 | 95.41
T=2 88.38 | 89.02 | 89.73 | 90.11 | 90.38 | 90.58
©=3 92.97 | 9363 | 94.37 | 9476 | 9504 | 95.27
T= 9552 | 9591 | 96.32 | 9653 | 96.67 | 96.77
T=5 9658 | 96.82 | 97.06 | 97.16 | 97.20 | 97.23
1=6 97.13 | 97.27 | 97.36 | 9740 | 97.37 | 97.31
T=7 97.37 | 97.43 || 97.44 || 9738 | 9729 | 97.18
T=8 97.38 | 9738 | 97.28 | 97.15 | 96.97 | 96.77
T=9 97.15 | 97.09 | 96.88 | 96.67 | 96.43 | 96.19

©=10 96.78 | 96.64 | 96.34 | 96.07 | 9578 | 95.49

v=11 96.27 | 96.07 | 9570 | 9539 | 95.07 | 94.74

T=12 95.71 | 95.48 | 9506 | 9470 | 9432 | 93.96

T=13 9512 | 94.86 | 94.39 | 93.97 | 9356 | 93.19

1=14 9453 | 94.23 | 9369 | 9324 | 9281 | 92.45

T=15 93.87 | 9356 | 92.97 | 9248 | 92.06 | 9171

v=16 93.17 | 9283 | 9216 | 91.67 | 91.25 | 90.92
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Chapter 6

CONCLUSIONS AND FUTURE WORK

6.1 Conclusions

In this work we proposed to use Gabor filters for the detection of blood vessels in
retina images. 180 filters with 1 degree of separation in their orientation are used to
capture the details of the vessels for further processing. The pixel values on the
detected images are determined by choosing the maximum response corresponding
to each pixel from the 180 different filters. Once the detection is over, segmentation
process which utilizes a threshold level for segmentation is employed. One of the
most important issues is the method in which the threshold value is determined. We
have employed three approaches to determine an effective threshold for the
segmentation process. Among these the threshold determination approaches, the
approach which maximizes the accuracy of the segmentation is found to be

generating the highest performing threshold value.

In addition, the thesis studies the effect of changing parameters of the Gabor filter on
the final segmentation performance. The parameters such as the elongation and
thickness of the Gabor filter are studied for fine tuning of the filters. Furthermore, the

number of directions to be used in the filtering process is also studied.

67



The generated results are compared with the results available in the literature and the
findings show that the results of the proposed approach are comparable with the
results reported in the literature. The threshold value selection in most references is
not systematic. Typically, heuristic approaches such as experimental analysis are
used to determine a threshold value. It is often not mentioned, what these
experimental analysis methods are. In this thesis, we introduced a systematic way of
determining the threshold value. Namely, EER, TER and Accuracy minimization

approaches are introduced to determine the threshold.

6.2 Future Work

Current study is determining the threshold values in a supervised manner. That is to
say the threshold values are optimized by using manually segmented samples. An
unsupervised method can be developed such that threshold can be determined
automatically which would be independent of the ground truth. Methods such as
entropy of the input retina image can be suiTable to determine a reliable threshold in
an unsupervised manner. An extensive study is required on a larger retina database

for improved performance.
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