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ABSTRACT

Detection of retinal blood vessels is important to diagnose many diseases. Many
techniques are used for vessel detection, the first main type is the traditional edge detection
techniques which are general techniques that consider vessels as edges, these techniques include
Sobel and Prewitt. Because of the inaccuracy of traditional edge detection techniques in vessel
detection, researchers investigate specialized vessel detection techniques. Vessel detection
techniques include three detection types, namely: model-based, classifier based and vessel
tracking approaches. One of the main model-based techniques is Gabor filter, which is a
Gaussian shaped filter, that has optimal localization in both spatial and frequency domains.

This thesis introduces new methods for optimizing Gabor filter’s performance in vessel
detection using Genetic Algorithms (GA).

GAs will be used to get the best Gabor filter’s parameters to maximize the Gabor filter
response in vessel detection, by using the average area under Receiver Operator Characteristics
(ROC) and Maximum Accuracy (MA) as measuring factors.
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XV

Five experiments are used for the purpose of optimization, these experiments are:
optimizing the area under ROC for the first image in Digital Retinal Images for Vessel
Extraction (DRIVE) database. The second experiment is the optimizing MA for the first image in
DRIVE database. The third method is optimizing the average area under ROC for the 20 images
of DRIVE. The fourth experiment is optimizing the average MA of the 20 images of DRIVE.
The fifth experiment is dividing the first image of DRIVE into 4 regions, each region will have a
different pair of Gabor filter parameters to gain more optimization of vessel detection.

Comparing the results of the first four experiments with the results of Rangayyan’s Gabor
filter (Rangayyan, et al., 2007), it was found that the average area under ROC improves
Rangayan’s area under ROC by nearly 1%, and the average MA by approximately 0.14%.

On the other hand, the average area under ROC obtained by this work improves
Chaudhuri’s matched filter (Chaudhuri,et al.,1989) by approximately 13% and the average MA
is better than Chaudhuri’s by nearly 6%.

The fifth method improves the average area under ROC by 2% in comparison with
Rangayyan’s Gabor filter, and improves Chaudhuri’s average area under ROC by 7%.
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CHAPTER 1
INTRODUCTION

1.1 Problem Definition

Retinal blood vessels are key to diagnose many human diseases. Diseases like diabetes,
hypertension, and arteriosclerosis affect blood vessels’ features and lead to restricted
blood supply which may damage the retina and if deteriorates may cause blindness.
Therefore, extracting and measuring retinal vessels can help ophthalmologists to study
vessels’ features in order to diagnose and treat such diseases. The usual approach is to
study retinal images and detect blood vessels by ophthalmologists. However, automating
detection of retinal blood vessels offers many advantages over manual detection. It gives
the chance to examine large number of images within a short period of time and reduces
the cost and the workload required from manually-trained graders (Patton, et al., 2006).
Additionally, it gives more accurate resolution than manual detection which may allow
for better characterization and detection of the features of blood vessels.

Figure 1.1 shows a test image of a retina and a corresponding image of blood vessels that
are detected manually, this figure is taken from Digital Retinal Images for Vessel
Detection (DRIVE) database which can be downloaded from

http://www.isi.uu.nl/Research/Databases/DRIVE/.
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(a) Retina Test Image. (b) Retinal Vessels Detected Manually.

Figure 1.1: Retina test image and vessel detected manually.

DRIVE database is a set of 40 benchmark images that are divided into a training set and a
test set, both containing 20 images, with their manual segmentations of the vasculature,

that are segmented by ophthalmologists.

Specialized vessel detection techniques such as model-based, classification-based, and
vessel tracking are more accurate in vessels segmentation of the retinal image than
traditional edge detection techniques such as Sobel, Roberts, and Laplacian (Chaudhuri, et

al., 1989).

1.2 Research Objectives

To detect blood vessels of retina, Gabor filter is used in this search. It is a sinusoidally

modulated Gaussian function that has optimal localization in both the frequency and the
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space domains and it can be used as lines’ detector (Rangayyan, et al., 2007).

In this thesis the problem of vessels’ detection will be investigated and new methods will
be proposed to improve the performance of Gabor filter in vessel detection and maximizes
the filter’s response in blood vessels’ detection using Genetic Algorithms (GA) as an

optimization technique.
1.3 Research Methodology

In order to optimize the performance of Gabor filter in vessels’ detection, GAs will be used
to select the best combination of parameters’ values of Gabor filter that give the best
filtering results and maximize the filter’s response in vessel detection. After the
optimization process the obtained results will be compared with the results obtained by

previous methods. To optimize the performance of Gabor filter, five methods will be used:

e Optimizing the area under Receiver Operator Characteristics curve (ROC) for the
first image of DRIVE database.

¢ Optimizing the Maximum Accuracy MA for the first image of DRIVE database.

e Optimizing the average area under ROC for all DRIVE database images.

e Optimizing the average MA for the all DRIVE database images.

e Dividing the first DRIVE image into four regions, and calculate different Gabor

parameters for each region.

1.4 Contribution

In this thesis a new idea has been proposed which is optimizing Gabor filter using GAs.

The aim of optimization is to maximize the filter’s response in detecting blood vessels

All Rights Reserved - Library of University of Jordan - Center of Thesis Deposit



in retinal images that are used for medical diagnose purposes. Five methods have been
proposed and implemented in this thesis for the purpose of Gabor’s filter optimization,
these methods are mentioned in section 1.3. The comparison of the performance of these

methods with the previous work is based on two measuring factors which are:

e The average area under ROC for the 20 images of DRIVE.

e The average MA for the 20 images of DRIVE.

After the implementation of the proposed methods, comparisons are made with
Rangayyan’s et al. Gabor filter (Rangayyan, et al., 2007) and with Chaudhuri’s et al.
matched filter (Chaudhuri, et al., 1989). This work improved the average area under ROC
by 2% than matched filter and by 15% than Gabor filter. In terms of average MA, this

work improved the average MA by .02% than matched filter and by 6% than Gabor filter.

There are many aspects in which this research differs than other studies, these aspects are :

e Using genetic algorithm to improve Gabor filter in blood vessels’ detection.

e Using a multi-scale thresholding of gray-levels to find all the possible blood
vessels.

e Using the ROC as the fitness function for GA.

e Using the MA as the fitness function for GA.

e Dividing the image of DRIVE into four regions and filter each region using

different filter parameters.

1.5 Thesis Outline

The rest of this thesis is structured as follows:
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Chapter 2 reviews the literature and the methods that were used for vessel detection, from
traditional edge detection to specialized vessel detection techniques including: model
based, classifier-based and vessel tracking techniques. This chapter also gives some

background information about GA as it is going to be used as optimization method.

Chapter 3 presents the main idea of this thesis which is optimizing the Gabor filter for
blood vessels’ detections. Different variations of the proposed techniques will be

discussed.

Chapter 4 presents details about the methods used in the thesis and the obtained results.

The results are also compared with the results obtained by previous detection methods.

In Chapter 5, conclusions are given and avenues for future work are explained.
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Chapter 2
Literature Work

Retinal vessel detection has been investigated by many researchers due to its medical
importance in diagnosing many diseases such as diabetes, hypertension, and
arteriosclerosis. Usually, a specialized edge detection technique is used to detect blood
vessels. Specialized vessel detection techniques are more accurate in vessels segmentation

from the retinal image than traditional edge detection techniques (Chaudhuri, et al., 1989).

This chapter reviews several techniques that are used for retinal vessels’ detection.
Section 2.1 introduces the traditional edge detection techniques, section 2.2 introduces

specialized vessel detection techniques, and section 2.3 gives theoretical background about

Genetic Algorithms.

2.1 Traditional Edge Detection

In image processing, an edge is defined as a set of connected pixels between two regions of
different intensities. An ideal step edge is the orthogonal transition in pixel’s gray level.
Unfortunately image acquisition tools such as cameras, yield blurred edges and therefore
produce non-ideal edges. The degree of blurring depends on many factors such as the
quality of the image acquisition system, and the illumination condition when the image

was captured(Gonzalez & Woods 2002).
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Figure 2.1: Ideal Step Edge Vs. Ramp Edge (Gonzalez and Woods, 2002).

Figure 2.1 shows an ideal step edge where the intensity changes orthogonally from black to
white. The same figure also shows a non-ideal step edge where the change occurs in a

ramp line (Gonzalez and Woods, 2002).

L

——
[

Honzontal intensity
profile

Fivst
derivative

Second
derivative

Zero crossing —/ 3

Figure 2.2: Ramp Edge, its First and Second Derivatives (Gonzalez and Woods,2002).
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Figure 2.2 shows the first and the second derivatives for a non-ideal (ramp) edge. As can
be noticed from the figure, in first derivative, the intensity of the edge is constant and
greater than zero while the intensity of non-edge pixels is zero. On the other hand, the
intensity of the second derivative of the image has positive value for the dark side of the
edge, and has a negative value for the bright side. The point at which an imaginary straight
line joining the positive and negative values crosses zero near the center of the edge is

called zero crossing point, and it is used to determine the center of thick edges.

There are two main approaches for edge detection:

e The gradient method, in which the edge is detected using the first derivative of the
image’s intensity.

e The laplacian method, in which the zero crossing of the second derivative of
image’s intensity is used for edge detection.

e The Laplacian of Gaussian

2.1.1 Gradient Method

In the gradient method, the edge is detected using neighborhood differential operator, it
detects edges by looking for the maximum and the minimum value in the first derivative
of the Two Dimensional (2-D) image.

The gradient of an image f(x,y) at location (X,y) contains two components Gx and Gy:

o
Gr=— 2.1)
Gy= % 2.2)

The magnitude of gradient (N ) determines the maximum rate of change of f(x,y) per
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unit distance and can be defined as:

vf = /G2 +G; (2.3)

The direction of gradient is perpendicular to the edge direction and is given in the

following equation (2.4)
-1 Gy
a(X,y) = tan (G—) (2.4)

where a is measured with respect to the x- axis.
The simplest operator to implement the gradient method is by using Roberts method
(Ziou and Tabbone, 1997), in which a 2X2 mask similar to the one shown in Figure 2.3 is

used

z1 | z2 | 23
4| z5| 26
z1 | z8 | z9

Figure 2.3: A 3X3 region of an Image

The gradients at point z5 which is illustrated in Figure 2.3 are:

CIX =Z9-Z5 (25)

Gy =Zs- Z¢ (2-6)

Because Roberts method does not have a clear center, a 3x3 Prewitt mask operator
described by Ziou and Tabbone (Ziou and Tabbone, 1997) is proposed and the gradients

are defined as follows:

CIX = (Z7+Z3+Z9) - (Zl+Zz+Z3) (27)
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Gy = (z3+26+29) - (z1+z4+27) (2.8)

Another 3X3 operator that emphasizes the center point by multiplying it by 2 is Sobel

methods described by Gonzalez (Gonzalez & Woods 2002) as given by

Gx = (27+2z8+29) - (z1+222+23) (2.9)

Gy = (z3+226+29) - (z1+2z4+27) (2.10)

The drawbacks of gradient methods are that they are sensitive to noise, and they give
inaccurate results with non-ideal edges, because the size of the kernel filter and coefficients
are fixed and are not adaptable to distinguish valid edge from edge caused by noise.

(Gonzalez and Woods, 2002)

2.1.2 Laplacian Method

The Laplacian method searches for zero crossings reading in the second derivative of the

image in order to find edges

sz:azj+62z (2.11)
OX oy

An approximation of laplacian method is given by one of the following two forms

V* f = 425- (22+24+26+28) (2.12)

V> f = 825 - (z14+22+23+24+26+27+28+29) (2.13)

The laplacian drawbacks are that it is unacceptably sensitive to noise, its magnitude

produces double edges, and the edge direction is not detected. (Gonzalez &Woods 2002)
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2.1.3 The Laplacian of Gaussian (LoG)

Because the laplacian technique is sensitive to noise, it may be desirable to smooth the
image first by convolution with a Gaussian kernel (Jin and Gao, 2002), which is given as

follows:

! X __,, (2.14)

Gglx,v) = —=¢xy
o) = Vo P 202

where s is the kernel’s width.

The convolution formula is shown as follows :

AlGo(x,y) * f(x,y)] = A[Gs(x,y)] = f(x,y) = LoG= f (x,y) 2.15)
Using LoG for edge detection includes the following steps:

e Applying LoG to the image

e Detection of zero-crossings in the image.

e Thresholding the zero-crossings in order to keep only zero-crossings which have
large difference between positive maximum and negative minimum, and remove

zero-crossings that are caused by noise.
2.2 Vessel Detection Techniques

There are three main types of vessel detection techniques:

1. Model based approaches, in which a two - dimensional Gaussian shaped filter is used to

detect vessels.
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2. Classifier based approaches, in which segmented regions are classified to vessel or non

vessel according to some observed features.

3. Vessel tracking, in this approach the vessel is tracked according to previous knowledge

of first location of the center of vessel cross-section, the vessel width and direction.

2.2.1 Model-Based Approaches

Model-based is the most widely used approach. It uses a 2-D Gaussian shaped filter that is
rotated in all directions in order to detect vessels. The intensity of the cross section profile

of retinal vessels is illustrated in Figure 2.4.

100
80
== =
=
5
= °°7
=
he=3] 4
=
a
—
o <20 —
=
& _‘
20 -
—=— wessel 4
-I —— wvessel S5
[0 T T ] T T ] T T T 1
-10 -8 -6 -4 -2 O 2 3 & 8 10

Distance in pixels from center of blood vessel

Figure 2.4: Vessels Intensity Profile (Chaudhuri, et al., 1989).

The x-axis represents the distance in pixels from the center of the vessel in both directions,
the negative values represent the opposite direction, and the y-axis represents the intensity
of each pixel. The intensity of blood vessels can be approximated to an inverted Gaussian

shape, so it is appropriate to use a Gaussian shaped filter to model retinal vessels.

Two types of filters belong to this approach: matched filter and Gabor filter.
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Matched Filter

The matched filter approach was firstly proposed by Chaudhuri et al. (Chaudhuri, et al.,
1989). Chaudhuri et al. proposed the use of a 2-D matched filter that is based on the

following assumptions:

1. Vessels have small curvature so they can be approximated by piece-wise linear

segments.

2. Vessels are darker than background and their intensity profile can be approximated by

Gaussian curve.

3. Vessels have constant width.

Each coefficient in the matched filter method is calculated as follows:

+

—u-
202

kg(x,y) = —exp( ), Vpee N (2.16)

where k is the kernel of the matched filter, (] determines the orientation of the filter’s
kernel and it may have values between 0 and 180, and o defines the spread of the intensity

profile, u can be calculated by equation 2.17.

~ cosO  sinB

."}H'::“ 1']_:-" Yy Il
—sin®  cosH (2.17)

p: is a point in the neighborhood N that is given by equation 2.18

N={(uv):|ul<T,|v|<L/2 (2.18)
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Where the width of profile segment = 2T+1, and L is the length of the vessel segment.
Chaudhuri et al. (Chaudhuri, et al., 1989) used a matched filter for detecting vessels by
rotating it in all directions, and recording the maximum response for each pixel. The

resulted filter is illustrated in Figure 2.5.

(a) The Original Image {b) The Result of Chaudhur Filter

Figure 2.5: Chaudhuri Filtered Image (Chaudhuri, et al., 1989).

The matched filter method was then improved by Hoover et al. (Hoover, et al., 2000) by
probing different pieces (regions) in the Matched Filter Response (MFR) image according

to global image’s attributes as illustrated in Figure 2.6.

=T=3

*>T=-2

Figure 2.6: Threshold Probing (Hoover, et al., 2000).
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During each probe the threshold is determined according to a set of criteria, then the area is
classified to be either a blood vessel or not, in this way different probed areas are
thresholded with different thresholds through the image. The result of Hoover thresholding

is shown in Figure 2.7.

(a) The Original Image (b) The Result of applying Hoover Filter (Hooveret al.
20000

Figure 2.7: Hoover’s Filtered Image (Hoover et al. 2000).

Image thresholding is a subclass of image segmentations. The objective of thresholding is
to divide an image into two segments only. Depending on a prescribed threshold value,
pixels with values less than the threshold are assigned zeros, and the remaining pixels are

assigned ones (Sezgin and Sankur, 2004).

Al-Rawi et al. (Al-Rawi, et al., 2007) proposed an improved matched filter by searching
for the matched filter’s parameters (L, T, q) from a limited space that gives better results.

After applying the matched filter to the image, the resulted image is thresholded.

Afterward the resulted image is compared to a retinal vessels’ image that is labeled

manually.
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In another research Al-Rawi et al. (Al-Rawi & Karajeh 2007) also proposed a method for
improving matched filter by using Genetic Algorithms (GA) to search for the matched
filter’s parameters ( L, T, q) that give the best result. The filtered image is thresholded with
different threshold values between 0 and 1. Each threshold produces a different binary
image. For each binary image, the true positive fraction (TPF), and the false positive

fraction (FPF) are calculated as follows:

TPF= True Vessel Pixels / Vessel pixels in hand labeled image (2.19)

FPF = False Vessel Pixels / None Vessel pixels in hand labeled image (2.20)

The true pixels are the pixels that are detected as vessel pixels in the resulted image and
these pixels are actually vessel pixels in the hand-labeled image. The false pixels are pixels
that are detected vessel pixels in the resulted image, but they are non-vessel in the hand-

labeled image.

The Receiver Operating characteristic (ROC) curve, is a graphical plot of FPF versus TPF,
and the larger the area under the curve, the better the performance of the filter. The area

under the curve of ROC is the fitness function used in the GA to optimize parameters.

AL-Rawi’s et al. matched filters are illustrated in Figure 2.8
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(a) The Original Image (b) The Result of Al-Rawi et al. Filter (Al-Rawiet al.
2007)

(c) The Result of Al-Rawi & Karajeh Filter (Al-Rawi
& Karajeh 2007)

Figure 2.8: Al-Rawi Filtered Image.

Gabor Filter

Gabor filter is a Gaussian-shaped filter that can be used to detect linear features of positive

contrast, that is, linear elements that are brighter than their immediate background. The real
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Gabor filter kernel (or mother wavelet) oriented at the angle [ = -w/2 can be written as

o 1 1 x> v . o~y
Glx,y) = —'ZI'TG;-G;- ﬂp(_i[g__f + ;J—E.J",J cos(2m fox) (2.21)

Where ox and oy are the standard deviation values in the x- and y-directions for the vessel

intensity profile, and f0 is the frequency of the modulating sinusoid.
To be able to detect vessels in all possible orientations, the mother wavelet must be
rotated in all possible vessel orientations and the maximum response from the filter bank

is registered. The parameters in equation 2.21 which are : ox ,oy and f0 need to be derived

from the structure of the detected vessels . The amplitude of the exponential (Gaussian)

term in equation 2.21 is reduced to one-half of its maximum at x = t/2 and y = 0 where t is

the thickness of the line detector. Therefore:
o = T/2v2In2 (2.22)
The cosine term has a period of t; hence,
fo=1/z (2.23)
The value of oy could be defined as
g, — (G, (2.24)

Where ¢ determines the elongation of the Gabor filter in the orientation direction, with
respect to its thickness. The value of t is varied to prepare a bank of filters at different

scales for multi-resolution filtering and analysis.
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Rangayyan et al. (Rangayyan, et al., 2007) used Gabor filter to detect retinal blood
vessels, in this method each pixel is converted to a vector of color components and then
each component is normalized by dividing its value by 255, the result was converted to the

luminance component Y, computed as follows:

Y = 0.299R+0.587G+0.114B (2.25)

Each image is extended beyond the effective region to avoid edge artifact in Gabor filter.
For each set of Gabor parameters ( L, t) the highest response of applying Gabor filter is
obtained over 180 angles and then the filtered image is thresholded using sliding threshold,
and compared to a ground-truth image to obtain TPF and FPF. Then TPF is plotted against
FPF for the 20 Digital Retinal Images for Vessel Detection (DRIVE) images that are
described by (Staal, et al., 2004) obtaining ROC and the area under the curve is measured.

Rangayyan et al. resulted image is show in Figure 2.9.

(a) The Original Image (h) The Result of Rangayyan et al. Filter (Rangayvan
et al. 2007)

Figure 2.9: Rangayyan’s et al. Filtered Image (Rangayyan, et al., 2007).
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2.2.2 Classifier-Based Approaches

Classifier-based vessel detection includes two steps: segmenting the image into connected
regions, then each region is classified into either vessel or non-vessel according to many

features.

This approach incorporates large scale properties, but it has a drawback that no

classification is applied until the first step is completely finished.

Staal et al. (Staal, et al., 2004) introduced the ridge-based method that extracts the image
ridges (points coincide with vessel centers), then ridges are grouped into sets, a feature

vector is computed for every pixel depending on patches and ridges.

Adaptive local thresholding is introduced by Jiang and Mojon (Jiang and Mojon, 2003), in
this approach a binary image is obtained after applying a threshold, then this image is used

in a classification procedure to accept or reject any region in the image as a certain

object. A series of different thresholds are applied and the final detection result is a

combination of the results provided by individual thresholds.

Other researchers include Soares et al. (Soares, et al., 2006) who proposed an algorithm
that used Gabor filters for feature vector pixel classification. David et al. (David, et al.,

2008) used Artificial Neural Networks (ANN) classifiers to detect retinal vessels.

2.2.3 Vessel Tracking

Vessel tracking approach works by first locating the center of vessel cross-section, the
vessel width and direction then exploit local image properties to trace the vessels

recursively. This approach is based on region growing.
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The drawbacks of this approach is that it requires intervention from the user and its

performance is affected by vessel’s bifurcations (Jung and Hong, 2006)

2.3 Genetic Algorithms

Genetic Algorithms (GA) is a search technique used in computing to find exact or
approximate solutions to optimization and search problems (Thede, 2004). The algorithm
starts with a set of solutions called population. Each population is used to generate another
population to find better solutions. When a new population is generated, new solutions

(individuals) are born while other solutions die.

The generated solutions (individuals) are selected according to their fitness, the fitness of
an individual is the measure of how suitable is the solution (individual) to solve the
problem, the fitness of the solution is evaluated using the fitness function (objective
function). Each individual is represented by a binary string which is called a chromosome,

the length of the string depends on the problem’s encoding.

Roughly speaking, GA works according to the following steps:

1. Generate random population of n chromosomes.

2. Calculate the fitness of each chromosome in the current population.
3. Create a new population through the following operations.

e Selection: Select two parent chromosomes from a population according to their

fitness.
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e Cross-over: With cross-over probability, parents are crossed-over to form a new
offspring (children). If no crossover was performed, offspring is an exact copy of
parents.

e Mutation: With a mutation probability mutate new offspring at each locus (position
in chromosome).

e Accepting: Place new offspring in a new population.

4. The new generated population becomes the current population.

5. If the termination condition is satisfied, then stop and return the best solution in the

current population.

6. Go to step 2.

As can be noticed, the main parts of GA are: encoding, selection, cross-over, and mutation.

2.3.1 Encoding

Before applying the GA to solve your problem, the way of encoding the chromosomes
must be taken into consideration. There are many types of chromosomes’ encoding that

will be discussed in this section.

Binary Encoding

In binary encoding every chromosome is a set of bits 0 or 1, this type of encoding gives

many possible chromosomes, but it is not suitable for many types of problems.

Value Encoding

Value encoding can be used in problems, where some complicated values are used. In
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value encoding, every chromosome is a string of some values. Values can be real numbers

or characters or some complicated data types.

Permutation Encoding

Permutation encoding can be used in ordering problems, such as traveling salesman

problem.

In permutation encoding, every chromosome is a string of numbers, which represents the

order of these numbers.

2.3.2 Selection

There are many methods for selecting parents to produce new chromosomes (offspring).

Roulette Wheel Selection

In roulette wheel selection the chromosomes that have more fitness value have more

chance to be selected, the same idea as in the roulette wheel.

Rank Selection

In rank selection the chromosomes are ranked according to their fitness. The worst
chromosome will have rank 1, second worst 2 etc. and the best will have rank N (number
of chromosomes in population), so the selection depends on the rank rather than the

fitness.

This prevents the very fittest chromosomes from getting dominance of the selection early

at the expense of less fit chromosomes.
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Elitism

After the steps of cross-over and mutation, we may lose some of the best chromosomes
from the old population. To solve this problem, elitism copies the best chromosomes in the
old population to the new population directly without being cross-overed or mutated. By
applying elitism, the new generation is guaranteed not to be worse than the old (current)

generation.

2.3.3 Cross-Over

After selecting parents , cross-over works by changing genes (bits) in parent chromosomes
to create children (offspring). There are many types of cross-over that are described as

follows.

Single point cross-over

In single point cross-over, one crossover point is selected, the binary string from the
beginning of the chromosome to the crossover point is copied from one parent, the
remaining bits are then copied from the second parent. Example of single-point cross-over

is the crossover of the following two chromosomes:

11001-011 and 11011-111 to produce 2 new chromosomes 11001-111 and 11011-

O11.

Two points cross-over

In two points cross-over two points are selected, binary string from the beginning of the

chromosome to the first crossover point is copied from one parent, the part from the first
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to the second crossover point is copied from the second parent and the rest is copied from

the first parent. Example of two points cross-over:

11-0010-01 and 11-0111-11 to produce 11-0111-01 and 11-0010-11

Uniform cross-over

In uniform cross-over bits are randomly copied from the first parent to the second and

unmodified bits in the second parent are moved to the first parent. Example of uniform

Cross-over:

11001011 + 11011101 = 11011111

2.3.4 Mutation

After a crossover is performed, mutation takes place to make the distribution of
chromosomes investigate all possible solutions. Therefore, each bit of each individual is
given the chance to mutate, but the probability of mutation is typically low with percentage

less than 1%.

2.3.5 Fitness Function

Fitness function (also called objective function) is the optimization function of the problem
that is being solved or searched, fitness function is used to assign a fitness value of each
chromosome, the fitness value determines how much the chromosome is close to the

solution of the problem.
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2.3.6 GA Parameters

To calculate the best value of the fitness function, some of the GA’s parameters need to be

determined. These parameters are problem dependent and they are:

Population size: Population size determines how many chromosomes are in population (in
one generation), and that depends on the problem to be solved. The larger the population

size, the faster the best solution can be found as fewer generations are needed

to reach the goal. On the other hand, if the population size is very large, it slows the
execution of GA. The population size also depends on how complex the fitness function

1S.

Elite count: Elite count determines how many solutions (individuals) are chosen to

survive to new generation without being cross-overed or mutated.

Cross-over rate (fraction): Cross over rate determines how often cross-over is performed,
if there is no cross-over then the offspring is an exact copy of parents, if its 100% then all
offspring is made by cross-over, the rate of cross-over is recommended to be high to give

more chance to the new generation to be different from the old generation.

Mutation rate (fraction): Mutation rate determines how often will be some parts of the
chromosome be mutated. If there is no mutation, offspring is taken after crossover without
any change. If mutation is performed, part of the chromosome is changed. If mutation

probability is 100%, whole population is mutated.
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CHAPTER 3
OPTIMIZING GABOR FILTER USING GENETIC ALGORITHMS

As Gabor filter is one of the major and best techniques used in vessel detection, it was
chosen in this thesis for further improvement. The aim of this thesis is to optimize the
Gabor filter’s parameters which are t, ¢ and to improve filter’s performance for blood
vessels’ detection using Genetic Algorithms (GA). The optimized Gabor filter is obtained
by taking into account the variation of blood vessels over several images. Therefore, a
standard database such as Digital Retinal Images for Vessel Extraction (DRIVE), that is

described by Staal et al. (Staal, et al., 2004) will be used.

DRIVE database contains 40 digital retinal images and their corresponding masks and
labels, they are divided into a training set and a test set. The optimization fitness functions
is obtained by comparing each vessel-detected image to a reference hand-labeled image to

judge the effectiveness of the filter parameters.

This chapter presents a detailed description of the methods that are used in this thesis.

Next chapter will detail the results of the proposed methods and make comparisons with

the related methods that previously used for vessel detection.

To optimize Gabor filter’s parameters, five experiments are conducted as following:

e Optimizing the area under Receiver Operating Characteristic curve (ROC) for the
first image of DRIVE database.
e Optimizing the average area under ROC for all DRIVE database images.

e Optimizing the Maximum Accuracy (MA) for the first image of DRIVE database
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e Optimizing the average MA for the all DRIVE database images
e Dividing the first DRIVE image into four regions so that the derived parameters are

specific to each region as it is expected to perform better on that region..

Section 3.1 describes the procedure of preparing images before filtering, section 3.2
describes how the images are filtered, section 3.3 presents the methods that are used to
measure the Gabor filter’s performance, and section 3.4 describes the setting of GA to
optimize Gabor filter’s performance. Section 3.5 describes the 5 methods that are used in

the thesis.

3.1 Image Preparation

All the experiments are implemented using DRIVE database that is described by Staal et
al. (Staal, et al., 2004); a set of 40 images that were divided into a training set and a test
set, both containing 20 images, with their manual segmentations of the vasculature, that are
segmented by ophthalmologists who marked all the pixels that were at least 70% certain
that they are vessels. All of the images contained in the database were actually used for
making clinical diagnoses. The green band of each red, green and blue model (RGB)
retinal image is extracted for filtering. The green band is chosen rather than the red or the

blue band for two reasons:
1. The green band determines image features, its dominant of the other bands.
2. To compare our results with other methods as most of them used the green band.

After extracting the green band, the image’s intensity is inverted, so the vessels become of

positive contrast than the background, so it can be filtered by Gabor filter. After that the
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image is masked using the corresponding mask image in DRIVE database to identify the

boundaries of the effective region, or the Field of View (FOV).
3.2 Image Filtering

The real Gabor filter kernel (or mother wavelet) oriented at the angle [| = -n/2 may be

formulated as

] 1 x>
Y SR TR B (M e
exp( '2|'r:33_ +53)) cos( 2 fox) (3.1)

X ¥

G(x,y) = s———
*3) = r5a;

A bank of 180 filters is used by rotating the kernel in the range of q = [-p/2,p/2], so the
maximum response of these filters is recorded to be taken into account. The parameters of

Gabor filter which are ox, oy and f0 are calculated from the vessel’s structure as following:

The amplitude of the exponential (Gaussian) term in equation 3.1 is reduced to one half of

its maximum at x = t/2 and y = 0 where t is the thickness of the line detector.

Therefore:

o = 1/2v21In2 (3.2)

The cosine term has a period of t; hence,
o, = o, (3.3)
The value of o, could be defined as

fo—1/r. (3.4)
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3.3 Filter’s Performance

In order to measure the filter’s performance, the filtered image should be compared to the
corresponding hand-labeled image, in this work the filtered image is compared to a
corresponding hand-labeled vessel image from the DRIVE database. A method is needed
to determine whether the detected vessel pixel is true vessel pixels or not. Two methods of

comparison are used in this work, these methods are:

e The Area Under ROC curve

e MA

These Methods will be discussed in details in the following two sections.

3.3.1 The Area Under The Receiver Operating Curve (ROC)

After applying Gabor filter on the image, the resulted image is thresholded. A sliding
threshold between the values 0 and 1 in step of 0.001 is used, then a 1000 binary images is

obtained after threshodling.

For each binary image, the True Positive Fraction (TPF), and the False Positive Fraction

(FPF) are calculated as following:

TPF = True Vessel Pixels / Vessel pixels in hand labeled image (3.5

FPF = False Vessel Pixels / None Vessel pixels in hand labeled image (3.6)

The true vessel pixels are the pixels that are detected as vessel pixels in the resulted image

and these pixels are actually vessel pixels in the hand-labeled image, and the false pixels
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are pixels that are detected vessel pixels in the resulted image, but they are non vessels in

the hand-labeled image.

ROC curve, is a graphical plot of FPF versus TPF, and the larger the area under the curve

the better the performance of the filter. An example of ROC is shown in figure 3.1

({d1) Uogae. | BASDA &N

0.2

0.1

|:| | 1 1 | | | | | |
a 0.1 0.2 03 04 os 0B 07 g 0% 1

False Positive Fraction (FPF)

Figure 3.1: Example of ROC Curve.

3.3.2 Maximum Accuracy(MA)

Another measurement criterion is the MA, which is calculated as following: After
thresholding the resulted image as mentioned in the previous section, the accuracy is
calculated for each binary image by calculating the sum of true vessel pixels and true non-

vessel pixels and divide the sum by the number of FOV pixels, which is the circular area in
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the retinal image. Then the MA between the 1000 thresholds is taken into account. The

average maximum accuracy (MAA) is the average MA over all the 20 images of DRIVE

database.

3.4 Settings of Genetic Algorithm (GA)

As mentioned earlier, there are two parameters of Gabor filter that must be optimized in

order to improve the performance of Gabor filter, these parameters are T and ¢.

The GA is used to calculate the values of these parameters that give the best Gabor filter
response, the main procedures for GA setting is to determine the encoding criteria, the

fitness function and the GA’s parameters (Al-Akhras, 2007).

Encoding

The value encoding is used in this work, since the parameters t, ¢ are real numbers, so each

chromosome is a string of two variables t, ¢.

Fitness Function

The fitness function of the GA depends on the problem that is to be optimized, the
optimization depends on the two comparison measurements for Gabor filter performance

which were explained in the previous sections, these measurements are:

e The Area Under ROC.

e MA.

GA calculates the best values for Gabor filter’s parameters that are used to achieve the best

fitness value, i.e. the highest output of the fitness function.
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GA Parameters

To calculate the best value of the fitness function some of of GA’s parameters that are

problem dependent need to be determined, these parameters are:

1. Population size: This parameter depends on how complicated the computation of the
problem is, and so affects the speed of GA, so due to the intensive computations in this

work, a moderate population size of 30 is chosen.

2. Crossover rate: Generally crossover rate should be high to produce new chromosomes,

so it is chosen to be 0.80.

3. Elite count: Elite number should be low, to give chance to the new population to be

different from old one, so it is chosen to be 2.

4. Mutation rate: The mutation rate should be low, it is chosen to be 0.1.

3.5 The Proposed Methods

This section presents a detailed description of the methods that are used in this thesis and

their block diagrams.
3.5.1 Optimizing The Area Under ROC for the First Image of DRIVE Database

In this method the fitness function of the GA is the area under ROC for the first image of

DRIVE database, the block diagram of this method is shown in Figure 3.2.
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Figure 3.2: Optimizing The Area Under ROC For The First Image of DRIVE

database.
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The first stage of this method is image preparation as described in the previous sections;
the first image of DRIVE database that is shown in Figure 3.3 with its manually hand-

labeled image, was used as an input for the optimization method.

(a) Retinal Test Image (b) Retinal Vessels Image that Detected Manually

Figure 3.3: Retina Test Image and Vessels Detected Manually.

The green band is extracted from the image, after that the green band image is inverted so

that we can implement Gabor filter on it as shown in Figure 3.4.
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After the image has been prepared the second stage is image filtering, the image is filtered
using Gabor filter, then the filtered image is thresholded 1000 times using threshold values
between 0 and 1, for each thresholded image the TPF and FPF are calculated and the ROC

curve is plotted, therefore the area under ROC curve is the fitness function of the

GA. The larger the area under the curve, the fitter the solution.

(a) Green Band Image. (b) The Inverse of Green Band.

Figure 3.4: Green Band Image and its Inverse.

3.5.2 Optimizing the MA for the First Image of DRIVE Database

In this method the fitness function of the GA is the MA for the first image of DRIVE

database, the block diagram of this method is shown in Figure 3.5.
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Figure 3.5: Optimizing the MA For The First Image of DRIVE Database Block
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The first stage of this method is image preparing as described in the previous sections; the

first image of DRIVE database that is shown in Figure 3.3 with its manually hand-labeled
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image, was used as an input for the optimization method. The green band is extracted from
the image, after that the green band image is inverted so that we can implement Gabor
filter on it as shown in Figure 3.4. After the image has been prepared the second stage is
image filtering, the image is filtered using Gabor filter, then the filtered image is
thresholded 1000 times using threshold values between 0 and 1, for each thresholded
image the accuracy is calculated for each threshold, the maximum accuracy among the

1000 is taken into account and the MA is the fitness function of the GA.

3.5.3 Optimizing the Average Area Under ROC for All DRIVE Database Images

In this method the fitness function of GA is the average area under ROC for the 20 DRIVE

images, the block diagram of this method is shown in Figure 3.6.
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Figure 3.6: Optimizing The Average Area Under ROC For All DRIVE Database
Images Block Diagram.
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As shown in the block diagram in Figure 3.6 the first stage is image preparation in which
the green band image is extracted for each of the 20 images of the training set of the
DRIVE database. Then each green band image is filtered using Gabor filter, then the
filtered image is thresholded in step of 0.001 of threshold values between 0 and 1. For each
thresholded image the TPF and FPF are calculated and the ROC curve is plotted, and the
area under ROC is calculated for each image, and the average area under ROC for the 20

images is the fitness function of GA.

3.5.4 Optimizing the average MA for the all DRIVE database

In this method the fitness function of GA is the average MA for the 20 images of DRIVE

database, the block diagram of this method is shown in Figure 3.7.
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Figure 3.7: Optimizing The Average MA For All DRIVE Database.
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As shown in the block diagram in Figure 3.7 the first stage is image preparation in which
the green band image is extracted from each of the 20 images of the training set of the
DRIVE database. Then each green band image is filtered using Gabor filter, then the
filtered image is thresholded in step of 0.001 of threshold values between 0 and 1. For each
thresholded image the accuracy is calculated and the MA is taken into account for each

image then the average MA of the all 20 images MAA is the fitness function of GA.

3.5.5 Dividing The First DRIVE Image Into Four Regions

In this method after extracting the green-band from the first image of DRIVE database, it is
divided into four equal regions as show in Figure 3.8, then the area under ROC for each
region is calculated using different Gabor filter parameters than the other regions, and the
average of the area under ROC is calculated and so the fitness function of the GA is the

average area under ROC of the areas under ROC of the for regions.

Region 2

Region |

Figure 3.8: Dividing The Green Band of The First DRIVE Image.
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The rationale behind this method is to find the best parameters for each region, when
different set of parameters are used for each region, they are going to be optimized for that
area and better accuracy is expected. The block diagram that describes this method is

shown in Figure 3.9.

‘ Input the first

imangLDRIVE

Extract green
band image

1 1

Invert green
band image

1 |

Divide Image

Into 4 Regions 3 ¢z
Tl et 2 ¢2 Ieg % R
L J .

I I t = - A A 4 = = r % %
Filter inhage ilter image Filter image Filter image
using Gabor using Gabor using Gabor using Gabor

filter filter filter filter

I S J L | m
Apply 1000 Apply 1000 Apply 1000 Apply 1000
thresholds thresholds thresholds thresholds

between 0 and 1 between 0 and 1 between 0 and 1 between 0 and 1

= = = = = = = m
Calculate area Calculate area Calculate area Calculate area
under ROC1 under ROC2 under ROC3 under ROC4

Calculate The Average
Area Under (ROC)

Il

Apply GA for Best of «.©) pair |
(- Average Area _
under ROC) Fitness value |

Figure 3.9: Dividing The First DRIVE Image Into Four Regions.
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CHAPTER 4
SIMULATION AND RESULTS

This chapter presents a detailed description of the methods that are used in this thesis and
their results, then the results are compared with the related methods that previously used
for vessel detection. To optimize Gabor filter five experiments were conducted as

following:

e Optimizing the area under Receiver Operating characteristic (ROC) curve
for the first image of Digital Retinal Images for Vessel Extraction (DRIVE)

database.

e Optimizing the Maximum Accuracy (MA) for the first image of DRIVE
database.
e Optimizing the average area under ROC for all DRIVE database images.

e Optimizing the average MA for all DRIVE database images.

Dividing the first DRIVE image into four regions.

The above experiments and their results are explained in the following sections. The last

section of the chapter summarizes the findings.

4.1 Optimizing the area under ROC for the first image of DRIVE database

This section describes optimizing the area under ROC for the first image of DRIVE, the

following subsections includes the pseudo code, the results of the experiments including

tables and graphs and comparisons between this method and matched filter, Gabor filter,
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Prewitt and Sobel (Chaudhuri et al. 1989), (Rangayyan et al. 2007).

Pseudo Code

The pseudo code for the fitness function of the Genetic Algorithm (GA) is described in

Figure 4.1.

Function ROC(image, ¢, 1)

1.Extract green-band form image.
2.Invert green-band.

3.Filter invert-green-band using Gabor filter with ¢ and .
4.t=0.

5.while(t <=1).
6.Threshold(filter-image ,t).

7.Find TPF and FPF.

8.t=t+.001

9.end while.

10.Plot FPF vs. TPF to have ROC curve.

11.Return the area under ROC.

Figure 4.1: Pseudo Code of area under ROC.

The fitness function of the GA is -(area under ROC), since the GA gives the smallest result
and we want the maximum result for area under ROC. After applying GA to the area under
ROC for the first image of DRIVE database, the parameters that gave the best result of the

area under ROC are t =10.188 and #~1.26 and the best area under ROC = 0.9486, the

resulted image is shown in Figure 4.2.
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Figure 4.2: First Image of DRIVE Filtered By Filterl.

Results of Area Under ROC For Experiment 1

Table 4.1 shows the area under ROC for the 20 images of DRIVE that were filtered using

the Gabor filter parameters that were obtained using this experiment T =10.188 and
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¢=1.26. Figure 4.3 illustrates the ROC graph of this experiment.

({d) UoR3e.4 SISO 8N4)
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False Positive Fraction (FPF)

Figure 4.3: Experiment 1 ROC Graph.
Results of MA For Experiment 1

Table 4.2 shows the MA for the 20 images of DRIVE that were filtered using Gabor filter

parameters that obtained using this experiment T =10.188 and ¢=1.26.

Filterl Vs. Gabor Filter (Rangayyan, et al., 2007)

Table 4.3 shows the area under ROC for DRIVE images compared with the results

obtained by applying Gabor filter (Rangayyan, et al., 2007).
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Table 4.1: Results of Area Under ROC For Experiment 1.

Image Filter]l t=10.188, 1=1.26
Imagel 0.9486
Image?2 (0.9455
Image3 (0.9338
Imaged 0.9204
Image>5 (0.9385
Image6 0.9208
Image7 0.9127
Image8 0.9255
Image9 0.9204
Imagel0 0.9244
Imagell 0.9175
Imagel?2 0.9366
Imagel3 0.9113
Imageld 0.9405
Imagels (0.O382
Imagel®6 0.9463
Imagel7 (0.9339
Imagel8 0.9438
Imagel9 0.9489
Image20 (0.9558
Average 0.93317
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Table 4.2: Results of MA For Experiment

Image Filter]l t=10.188, 1=1.26
Imagel 0.945
Image2 0.9438
Image3 0.9371
Imaged 0.9409
Image5 0.9378
Image6 0.9318
Image7 0.9339
Image8 0.9373
Image9 0.9322
Imagel0 (0.9423
Imagell 0.9355
Imagel?2 0.9383
Imagel3 0.9278
Imagel4d 0.9471
Imagels 0.953
Imagel6 0.9317
Imagel7 0.9362
Imagel8 0.9385
Imagel9 0.9451
Image20 0.9449
Average 0.93901
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Results of Area Under ROC Filterl Vs. (Rangayyan et al. 2007).
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Method | Filterl =10.188, 1=1.26 | Rangayyan
Image1 0.9486 0.9422
Image2 0.9455 0.9415
Image3 0.9338 0.933
Image4 0.9204 0.9182
Images 0.9385 0.9273
Image6 0.9208 0.918
Image7 0.9127 0.9007
Image8 (0.9255 0.9193
Image9 0.9204 0.9152
Image10 0.9244 0.9174
Imagel1 0.9175 0.9166
Image12 0.9366 0.9341
Imagel3 0.9113 0.9031
Image 14 0.9405 0.9375
Imagel15 0.9382 0.936
Imagel16 0.9463 0.9343
Image 17 0.9339 0.9289
Image 18 0.9438 0.9415
[magel9 0.9489 0.9452
Image20 0.9558 0.9496
Average 0.93317 0.92798
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It can be seen from Table 4.3 that the average area under ROC for Filter]l = 0.93317

and for Gabor it is 0.92798 (Rangayyan, et al., 2007), it can be concluded that Filter1

improves Gabor’s results (Rangayyan et al. 2007).

Figure 4.4 shows the results of area under ROC for the 20 DRIVE images using Filterl vs.

Gabor filter (Rangayyan et al. 2007).
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Figure 4.4: ROC Results of Filterl Vs. Rangayyan’s Gabor (Rangayyan, et al., 2007)

Figure 4.5 shows the ROC curve for the first image of DRIVE using Filterl vs. Gabor

filter (Rangayyan et al. 2007).
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Figure 4.5: ROC Graph of Filterl Vs. Rangayyan’s Gabor (Rangayyan et al. 2007).

Table 4.4 shows the MA of DRIVE images compared with the results obtained by

applying Gabor filter (Rangayyan et al. 2007). It can be seen from Table 4.4 that the

average MA for Filter]l = 0.93901 and for Gabor = 0.93862, therefore it can be concluded

that Filter] improves Gabor’s results (Rangayyan, et al., 2007).

Figure 4.6 shows the results of MA of the 20 DRIVE images using Filter] vs. (Rangayyan

et al. 2007) filter.
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Figure 4.6: MA Results of Filterl Vs.(Rangayyan, et al., 2007).
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Table 4.4: Results of MA Filterl Vs. (Rangayyan et al. 2007).

Method | Filter] =10.188, 1=1.26 | Rangayyan
Imagel 0.945 0.9435
Image? 0.9438 0.9433
Image3 0.9371 0.9379
Imaged 0.9409 0.9384
Images (0.9378 (0.9373
Image6 0.9318 (.9323
Image7 (.9339 0.931
Image8 0.9373 (.9384
Image9 (0.9322 0.9314
Image10 0.9423 0.9421
Imagell 0.9355 0.9352
Imagel2 (.9383 0.938
Image 13 0.9278 0.9245
Image 14 0.9471 0.9471
Imagel5 (0.953 (.9536
Imagel6 0.9317 0.9329
Imagel7 0.9362 0.9361
Image 18 0.9385 0.9392
Image 19 0.9451 0.9445
Image20 0.9449 0.94
Average 0.93901 0.93862
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Filter1 Vs. Matched Filter (Chaudhuri et al. 1989)
Table 4.5 shows the area under ROC of DRIVE images compared with the results

obtained by applying Chaudhuri’s et al. matched filter (Chaudhuri, et al., 1989).
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Table 4.5: Results of Area Under ROC Filterl Vs. (Chaudhuri, et al., 1989).

Method | Filterl t=10.188, 1=1.26 | Chaudhuri
Image 1 0.9486 0.8357
Image2 0.9455 0.822
Image3 0.9338 0.8145
Imaged 0.9204 0.8025
Image5 0.9385 0.8299
Image6 0.9208 0.7692
Image7 0.9127 0.758
Image8 0.9255 0.7643
Image9 0.9204 0.8199
Image 10 0.9244 0.8209
Imagell 0.9175 (.7436
Image12 0.9366 0.822
Imagel3 0.9113 0.7835
Imagel4 0.9405 0.8281
Imagel5 0.9382 0.8084
Imagel6 0.9463 (.8204
Imagel7 0.9339 0.7797
Imagel8 0.9438 0.8295
Image19 0.9489 0.8522
Image20 0.9558 0.8409
Average 0.93317 0.8073

From Table 4.5 it can be seen that the average area under ROC for Filterl =
0.93317 and for matched filter it is 0.8073 (Chaudhuri, et al., 1989), therefore it

can be concluded that Filterl improves Chaudhuri’s results.
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Figure 4.7 shows the results of area under ROC for the 20 DRIVE images using

Filterl vs. matched filter.
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Figure 4.7: ROC Results of Filterl Vs. (Chaudhuri, et al., 1989).

Figure 4.8 shows the ROC curve for the first image of DRIVE using Filterl vs.

matched filter (Chaudhuri, et al., 1989).
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Figure 4.8: ROC Graph of Filter1 Vs. Chaudhuri’s et al. Matched Filter
(Chaudhuri et al., 1989).

Table 4.6 shows the MA of DRIVE images compared with the results obtained by

applying matched filter (Chaudhuri et al. 1989).
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Table 4.6: Results of MA Filterl Vs. Chaudhuri’s matched filter(Chaudhuri et al.

1989).
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Method | Filter] t=10.188, 1=1.26 | Chaudhuri
Imagel (.945 0.9012
Image2 0.9438 0.8917
Image3 0.9371 0.8946
Image4 0.9409 ().8788
Image5 0.9378 ().8898
Image6 0.9318 (.8598
Image7 0.9339 0.878
Image8 0.9373 0.878
Image9 0.9322 0.8906
Imagel0 0.9423 0.8982
Imagell 0.9355 0.8786
Image12 0.9383 0.8808
Image 13 0.9278 0.8802
Image 14 0.9471 0.897
Imagel5 0.953 0.9003
Imagel6 0.9317 0.8936
Imagel7 0.9362 0.8795
Imagel8 0.9385 0.8996
Image 19 0.9451 0.9015
Image20 0.9449 0.9053
Average 0.93901 0.8897
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From Table 4.6 it can be seen that the average MA for Filterl = 0.93901 and for
(Chaudhuri, et al., 1989) it is 0.8897, therefore it can be concluded that Filterl
improves the matched filter results (Chaudhuri, et al., 1989).

Figure 4.9 shows the results of MA of the 20 DRIVE images using Filterl vs.

Chaudhuri’s matched filter (Chaudhuri, et al., 1989).
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Figure 4.9: MA Results of Filterl Vs. Chaudhuri’s matched filter (Chaudhuri, et al.,
1989).

Filterl Vs. Traditional Edge Detection Techniques
Table 4.7 shows the area under ROC of DRIVE images compared with the results obtained

by applying Sobel and Prewitt filters described by Gonzalez &Woods (2002).
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Table 4.7: Results of Area Under ROC for Filterl Vs. Sobel and Prewitt.

Method | Filterl t=10.188,1=1.26 | Sobel | Prewitt
Image | 0.9486 0.7325 | 0.7322
Image?2 0.9455 0.7611 | 0.7591

Image3 0.9338 0.7088 | (0.7088
Image4 0.9204 0.767 | 0.7646
Image5 0.9385 0.7369 | 0.7362
Image6 0.9208 0.7232 | 0.7219
Image7 0.9127 0.7484 | 0.7478
Image8 0.9255 0.7169 | 0.7167
Image9 0.9204 0.7397 | 0.7383
Image 10 0.9244 0.7306 | 0.7308
Imagell 0.9175 0.7538 | 0.7531

Image 12 0.9366 0.706 | 0.7045
Image 13 09113 0.7428 | 0.7414
Image 14 0.9405 0.7274 | 0.7251

Image 15 0.9382 0.7476 | 0.7474
Image 16 0.9463 0.7202 | 0.718

Image 17 0.9339 0.6974 | 0.6956
Image 18 (0.9438 0.6797 | 0.6788
Image 19 (0.9489 0.7136 | 0.7129
Image20 0.9558 0.6962 | 0.6939
Average 0.93317 0.7275 | 0.72636
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From Table 4.7 it can be seen that the average area under ROC for Filterl =0.93317 and
for Sobel it is 0.7275, and for Prewitt it is 0.72636, significant improvement is achieved
using Filter] than traditional edge techniques.

Table 4.8 shows the MA of DRIVE images obtained using filter]l compared with the
results obtained by applying Sobel and Prewitt filters described by (Gonzalez and Woods,
2002).

Table 4.8 shows that the average MA for Filter]l = 0.93901 and for Sobel it is

0.8714, and for Prewitt it is 0.8749, therefore Filter1’s results are better than traditional

edge detection techniques.
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Table 4.8: Results of Maximum Accuracy MA for Filterl Vs. Sobel and Prewitt.
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Method | Filterl t=10.188.1=1.26 | Sobel | Prewitt
Image 1 0.945 0.8699 | 0.8715
Image?2 0.9438 0.8612 | 0.861

Image3 0.9371 0.8572 | 0.8572
Image4 0.9409 0.8728 | 0.8733
Image5 0.9378 0.867 | 0.8672
Image6 0.9318 0.8587 | 0.8598
Image7 0.9339 0.8694 | 0.8696
Image8 0.9373 0.87 0.876

Image9 0.9322 0.8776 | 0.8832
Image 10 0.9423 0.8777 | 0.8814
Imagel1 0.9355 0.873 | 0.8732
Image12 0.9383 0.8681 | 0.8756
Image13 0.9278 0.8608 | 0.861

Image 14 0.9471 0.8786 | 0.8835
Image15 0.953 0.897 | 0.897

Image 16 0.9317 0.861 | 0.8699
Image17 0.9362 0.8683 | 0.8784
Image18 0.9385 0.8764 | 0.8858
Image 19 0.9451 0.8745 | 0.8805
Image20 0.9449 0.8871 | 0.894

Average 0.93901 0.8714 | 0.8749
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4.2 Optimizing the MA for the first image of DRIVE database

This section describes optimizing the MA for the first image of DRIVE, the following
subsections includes the pseudo code, the results of the experiments including tables and
graphs and comparisons between this method and matched filter, Gabor filter, Prewitt and
Sobel.

Pseudo Code

The pseudo code of the fitness function of the GA is described in Figure 4.10

Function MA(image,l,tau)

1.Extract green-band form image.

2.Invert green-band.

3.Filter invert-green-band using Gabor filter with 1 and tau.
4.t=0, temp=0

5.while(t< =1).

6.IMG=Threshold(filter-image,t).

7.Find Accuracy(IMQG).

8.If Accuracy(IMG) >temp then temp =Accuracy(IMG).
9.t=t+.001

10.end while.

11.MA=temp.

Figure 4.10: Pseudo Code of MA.

The fitness function of the GA is -(MA), since GA gives the smallest result and we want
the maximum result for MA. The GA is applied to the Gabor-filtered image more than
once, the fitness function for the GA is the MA, the parameters that gave the best result of

MA are 1=9.519 and .403, and the MA = 0.9476 the resulted image is shown in Figure

4.11.
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Figure 4.11: DRIVE First Image Filtered By Filter2.

Results of Area Under ROC For Experiment 2
Table 4.9 shows the area under ROC for the 20 images of DRIVE that are filtered
using the Gabor filter parameters that obtained using this experiment t =9.519 and

¢=.403.
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Table 4.9: Results of Area Under ROC For Experiment 2.

Image Filter? t=9.519._ 1=.403
Image 1 0.9368
Image?2 0.926
Image3 0.9069
Image4d 0.8982
Image5 0.9109
Image6 0.904 1
Image7 0.5896
Image8 0.5989
Image9 0.9028
Image 10 (0.9055
Imagell 0.9049
Imagel2 0.9172
Imagel3 0.8934
Imagel4 0.9224
Imagels 0.9223
Imagel6 0.932
Image 17 0.9235
Imagel8 0.934
Image 19 (0.9401
Image20 0.9392
Average 0.915435
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Figure 4.12 illustrates the ROC graph of this experiment.

021 =

0.1k -

Figure 4.12: Experiment 2 ROC Graph.

Results of MA for Experiment 2

Table 4.10 shows the MA for the 20 images of DRIVE that are filtered using the Gabor
filter parameters that obtained using this experiment t =9.519 and ¢.403.

Filter2 Vs. Gabor Filter (Rangayyan et al. 2007)

Table 4.11 shows the area under ROC of DRIVE images compared with the results

obtained by applying Gabor filter (Rangayyan et al. 2007).
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Table 4.10: Results of MA For Experiment

Image Filter2 1=9.519, 1=.403
Image 0.9476
Image?2 0.943
Image3 0.9347
Imaged 0.9388
Image3 (0.9378
Image6 0.9317
Image7 (.9332
Image8 (.9354
Image9 (0.9333
Image 10 0.9424
Imagell 0.9362
Image12 0.9382
Image13 0.9269
Image 14 0.9469
Image 15 0.9523
Image16 (.9338
Image 17 (.9366
Image18 0.941
Image19 (0.9463
Image20 0.9456
Average 0.939085
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Table 4.11: Results of Area Under ROC Filter2 Vs. Rangayyan’s Gabor Filter
(Rangayyan, et al., 2007).

Method | Filter2 t=9.519, =403 | Rangayyan
Imagel (0.9368 0.9422
Image2 0.926 0.9415
Image3 (.9069 (.933
Imaged ().8982 0.9182
Image5 0.9109 0.9273
Image6 0.9041 0.918
Image7 0.8896 0.9007
Image8 0.8989 0.9193
Image9 0.9028 0.9152
Image 10 0.9055 09174
Imagell 0.9049 0.9166
Image12 0.9172 0.9341
Imagel3 0.8934 0.9031
Image14 0.9224 0.9375
Imagel5 0.9223 0.936
Imagel6 0.932 0.9343
Image17 0.9235 0.9289
Imagel8 0.934 0.9415
Image19 0.9401 0.9452
Image20 0.9392 0.9496
Average 0.915435 0.92798
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From Table 4.11 it can be seen that the average area under ROC for Filter2 = 0.915435 and

for Gabor it is 0.92798. Figure 4.13 shows the results of area under ROC of the 20 DRIVE

images using Filter2 vs. Gabor filter (Rangayyan, et al., 2007)
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Figure 4.13: ROC Results of Filter2 Vs. Rangayyan’s Gabor Filter (Rangayyan, et al.,

2007).
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Figure 4.14: ROC Graph of Filter2 Vs. Rangayyan’s Gabor Filter (Rangayyan et al.)
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Table 4.12 shows the MA of DRIVE images compared with the results obtained by
applying Gabor filter (Rangayyan, et al., 2007).

Table 4.12: Results of MA Filter2 Vs. (Rangayyan, et al., 2007).

Method | Filter2 t=9.519,1=.403 | Rangayyan
Imagel 0.9476 0.9435
Image2 0.943 0.9433
Image3 0.9347 0.9379
Image4d 0.9388 0.9384
Image5 0.9378 0.9373
Image6 0.9317 0.9323
Image7 0.9332 0.931
Image8 0.9354 0.9384
Image9 0.9333 0.9314
Image10 0.9424 0.9421
Imagel1 0.9362 0.9352
Image12 0.9382 0.938
Image13 0.9269 0.9245
Image 14 0.9469 0.9471
Imagel5 0.9523 0.9536
Image 16 0.9338 0.9329
Imagel7 0.9366 0.9361
Image18 0.941 0.9392
Image19 0.9463 0.9445
Image20 0.9456 0.94
Average 0.939085 0.93862
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It can be noticed from Table 4.12 that the average MA for Filter2 = 0.939085 and for
Gabor (Rangayyan et al. 2007) is 0.93862, therefore it can be concluded that Filter2

improves Gabor filter (Rangayyan, et al., 2007).

Figure 4.15 shows the results of MA for the 20 DRIVE images using Filter2 vs. Gabor

filter (Rangayyan, et al., 2007).
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Figure 4.15: MA Results of Filter2 Vs.(Rangayyan et al. 2007).
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Filter2 Vs. Matched Filter (Chaudhuri et al. 1989)

Table 4.13 shows the area under ROC of DRIVE images compared with the results

obtained by applying Chaudhuri’s matched filter (Chaudhuri et al. 1989).

Table 4.13: Results of Area Under ROC Filter2 Vs. Chaudhuri’s matched filter
(Chaudhuri, et al., 1989).

Method Filter2 t=9.519.1=.403 | Chaudhuri
Imagel 0.9368 0.8357
Image?2 0.926 0.822
Image3 0.9069 0.8145
Imaged 0.8982 0.8025
Images 0.9109 (0.8299
Image6 0.9041 (.7692
Image7 0.8896 0.758
Image8 0.8989 0.7643
Image9 0.9028 0.8199
Imagel0 0.9055 0.8209
Imagel | 0.9049 0.7436
Imagel2 0.9172 0.822
Imagel3 0.8934 0.7835
Imagel4 0.9224 (0.8281
Imagel5 0.9223 0.8084
Imagel6 (0.932 0.8204
Imagel7 0.9235 0.7797
Imagel8 0.934 0.8295
Imagel9 0.9401 0.8522
Image20 0.9392 0.8409
Average 0.915435 0.8073
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From the Table 4.13 it can be seen that the average area under ROC for Filter2 = 0.915435

and for the matched filter it is 0.8073 (Chaudhuri, et al., 1989), it can concluded that

Filter2 improves the matched filter’s results (Chaudhuri, et al., 1989).

Figure 4.16 shows the results of area under ROC of the 20 DRIVE images using

Filter2 vs. matched filter (Chaudhuri, et al., 1989).
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Figure 4.16: ROC Results of Filter2 Vs. (Chaudhuri et al. 1989).

Figure 4.17 show the ROC curve for the first image of DRIVE using Filter2 vs. matched

filter (Chaudhuri, et al., 1989).
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Figure 4.17: ROC Graph of Filter2 Vs. (Chaudhuri, et al., 1989).

Table 4.14 shows the MA of DRIVE images compared with the results obtained by

applying matched filter (Chaudhuri, et al., 1989).

It can be noticed that the average MA for Filter2 = 0.939085 and for (Chaudhuri, et al.,
1989) it is 0.8897, it can be concluded that Filter2 improves matched filter results

(Chaudhuri, et al., 1989).
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Table 4.14: Results of MA Filter2 Vs. Chaudhuri’s matched filter(Chaudhuri et al.

1989).
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Method Filter2 t=9.519.1=.403 | Chaudhuri
Imagel 0.9476 0.9012
Image2 (.943 0.8917
Image3 0.9347 (0.8946
Imaged 0.9388 0.8788
Image5 0.9378 0.8898
Image6 0.9317 0.8598
Image7 0.9332 (0.878
ImageB 0.9354 0.87
Image9 0.9333 (0.8906
Imagel0 0.9424 0.8982
Imagell 0.9362 0.8786
Imagel2 0.9382 0.8898
Imagel3 0.9269 ().8892
Imagel4 0.9469 (0.897
Imagel5 0.9523 (0.9003
Imagel6 0.9338 0.8936
Imagel7 0.9366 0.8795
Imagel8 0.941 0.8996
Imagel9 0.9463 0.9015
Image20 0.9456 (0.90353
Average 0.939085 0.8897
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Figure 4.18 shows the results of MA of the 20 DRIVE images using Filter2 vs.

matched filter (Chaudhuri, et al., 1989).
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Figure 4.18: MA Results of Filter2 Vs.(Chaudhuri, et al., 1989).

Filter2 Vs. Traditional Edge Detection Techniques

Table 4.15 shows the area under ROC of DRIVE images compared with the results

obtained by applying Sobel and Prewitt filters described by Gonzalez & Woods (2002).
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Results of Area Under ROC for Filter2 Vs. Sobel and Prewitt.
Method | Filter2 t=9.519,1=.403 | Sobel | Prewitt
Imagel 0.9368 0.7325 | 0.7322
Image?2 0.926 0.7611 | 0.7591
Image3 0.9069 0.7088 | 0.7088
Imaged 0.8982 0.767 | 0.7646
Image5 0.9109 0.7369 | 0.7362
Image6 0.9041 0.7232 | 0.7219
Image7 0.8896 0.7484 | 0.7478
Image8 0.8989 0.7169 | 0.7167
Image9 0.9028 0.7397 | 0.7383
Image 10 0.9055 0.7306 | 0.7308
Imagel1 0.9049 0.7538 | 0.7531
Imagel2 0.9172 0.706 | 0.7045
Image13 0.8934 0.7428 | 0.7414
Image 14 0.9224 0.7274 | 0.7251
Image 15 0.9223 0.7476 | 0.7474
Imagel6 0.932 0.7202 | 0.718
Imagel7 0.9235 0.6974 | 0.6956
Image18 0.934 0.6797 | 0.6788
Image19 0.9401 0.7136 | 0.7129
Image20) 0.9392 0.6962 | 0.6939
Average 0.915435 0.7275 | 0.72636
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From the Table 4.15 it can be seen that the average area under ROC for Filter2 = 0.915435
and for Sobel it is 0.7275, and for Prewitt it is 0.72636, therefore it can be concluded that

Filter1’s results are better than traditional edge techniques.

Table 4.16 shows the MA of DRIVE images compared with the results obtained by
applying Sobel and Prewitt filters described by (Gonzalez & Woods, 2002). From the
table, it can be seen that the average MA for Filter] = 0.939085 and for Sobel it is 0.8714,
and for Prewitt it is 0.8749, therefore it can be concluded that Filterl’s results are better

than traditional edge techniques.
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Table4.16. Results of MA for Filter2 Vs. Sobel and Prewitt.

Method Filter2 t=9.519.1=.403 | Sobel | Prewitt
Image | 0.9476 0.8699 | 0.8715
Image2 (0.943 0.8612 | 0.861

Image3 0.9347 0.8572 | 0.8572
Imaged (.9388 0.8728 | 0.8733
Images 0.9378 0.867 | 0.8672
Image6 0.9317 0.8587 | 0.8598
Image7 0.9332 0.8694 | 0.8696
Image8 (0.9354 (0.87 0.876

Image9 (0.9333 0.8776 | 0.8832
Image 10 0.9424 0.8777 | 0.8814
Imagel | 0.9362 0.873 | 0.8732
Imagel2 (0.9382 0.8681 | 0.8756
Imagel3 0.9269 0.8608 | 0.861

Image 14 0.9469 0.8786 | 0.8835
Imagel35 0.9523 0.897 | 0.897

Imagel6 (.9338 0.861 | 0.8699
Imagel7 0.9366 0.8683 | 0.8784
Image 18 0.941 0.8764 | 0.8858
Image19 0.9463 0.8745 | 0.8805
Image20 0.9456 0.8871 | 0.894

Average 0.939085 0.8714 | 0.8749
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4.3 Optimizing the average area under ROC for all DRIVE database
images
This section describes optimizing the area under ROC for all images of DRIVE, the
following subsections includes the pseudo code, the results of the experiments including
tables and graphs and comparisons between this method and matched filter, Gabor filter,

Prewitt and Sobel.
Pseudo Code

The pseudo code of the fitness function of the GA is described in Figure 4.19

Function averageROC( image[20],],tau)

L.i=1

2. while(i<21)

3.Extract green-band|[i] form image[i].

4.Invert green-band[i].

5.Filter invert-green-band [i] using Gabor filter with I and tau.
6.t=0.

7.while(t<=1). 8.Threshold(filter-image[i],t).

9.Find TPF and FPF.

10.t=t+.001

11.end while.

12.Plot FPF vs. TPF to have ROC curve.

13.Calculate the area under ROC.

14.i=i+1

15.end while

16.return the average of the ROCs of the 20 images.

Figure 4.19: Pseudo Code of Average Area Under ROC.

In this method the 20 images of the DRIVE database were used as an input for the GA
optimization, After calculating the ROC of each Gabor-filtered image, the - (average area
under ROC for the 20 images) is the fitness function of the GA, since the GA gives the

smallest result and we want the maximum result for average ROC. The parameters that
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gave the best result after applying GA are 1 =10.352 and ¢1.541, and the

under ROC = 0.934035. The resulted image is shown in Figure 4.20 .

Figure 4.20: DRIVE First Image Filtered By Filter3.

average arca
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Results of Area Under ROC For Experiment 3

Table 4.17 shows the area under ROC for the the 20 images of DRIVE) that are filtered

using the Gabor filter parameters the obtained using this experiment T =10.352 and &1.541

Table 4.17: Results of Area Under ROC For Experiment 3.

Image Filter3 t=10.352. 1=1.541
Imagel 0.9473
Image?2 0.9456
Image3 0.9355
Image4 0.9224
Image5 0.9323
Image6 0.9213
Image7 0.9221
Image8 0.9209
Image9Y 0.9199
Imagel0 0.9241
Imagell 0.9177
Imagel2 0.9397
Imagel3 0.9117
Imagel4 0.9474
Imagel5 0.9395
Imagel6 0.9482
Imagel7 0.9327
Imagel8 0.9434
Imagel9 0.9539
Image20 0.9551
Average 0.934035
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Figure 4.21 illustrates the ROC graph of this experiment.

n.z2

0.1

Figure 4.21: Experiment 3 ROC Graph.

Results of MA For Experiment 3

Table 4.18 shows the MA for the the 20 images of DRIVE that are filtered using the Gabor

filter parameters that obtained using this experiment Tt =10.352 and ¢=1.541.

Filter3 Vs. Gabor filter (Rangayyan et al. 2007)

Table 4.19 shows the area under ROC of DRIVE images compared with the results

obtained by applying Gabor filter (Rangayyan et al. 2007).
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Table 4.19: Results of Area Under ROC Filter3 Vs. (Rangayyan, et al., 2007).

Method | Filter3 t=10.352, 1=1.541 | Rangayyan
Image 1 0.9473 0.9422
Image2 0.9456 0.9415
Image3 0.9355 0.933
Image4 0.9224 0.9182
Image5 (.9323 0.9273
Image6 0.9213 0.918
Image7 (.9221 0.9007
Image8 (0.9209 0.9193
Image9 0.9199 0.9152
Image10 0.9241 0.9174
Imagel 0.9177 0.9166
Imagel2 0.9397 0.9341
Imagel3 09117 0.9031
Image 14 0.9474 0.9375
Imagel5 (.9395 (0.936
Imagel6 0.9482 0.9343
Imagel7 0.9327 0.9289
Imagel8 0.9434 0.9415
Image19 0.9539 0.9452
Image20 (0.9551 0.9496
Average 0.934035 0.92798
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From Table 4.19 it can be seen that the average area under ROC for Filter3 = 0.934035 and
for Gabor filter (Rangayyan, et al., 2007) it is 0.92798, it can be concluded that Filter3

improves Gabor’s results (Rangayyan, et al., 2007).

Figure 4.22 shows the results of area under ROC of the 20 DRIVE images using Filter3 vs.

Gabor filter (Rangayyan, et al., 2007).
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Figure 4.22: ROC Results of Filter3 Vs.(Rangayyan et al. 2007).

Figure 4.23 show the ROC curve for the first image of DRIVE using Filter3 vs. Gabor

filter (Rangayyan et al. 2007).
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Figure 4.23: ROC Graph of Filter3 Vs. (Rangayyan, et al., 2007).

Table 4.20 shows the MA of DRIVE images compared with the results o applying Gabor

filter (Rangayyan et al. 2007).

It can be noticed from Table 4.20 that the average MA for Filter3 = 0.93901 and for

(Rangayyan et al. 2007) it is 0.93862, i.e.Filter3 improved Gabor filter results (Rangayyan

et al. 2007).

Figure 4.24 shows the results of MA of the 20 DRIVE images using Filter3 vs. Gabor

filter (Rangayyan et al. 2007).
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Table 4.20: Results of MA Filter3 Vs. (Rangayyan et al. 2007).
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Method Filter3 t=10.352.1=1.541 | Rangayyan
Image1 0.9442 0.9435
Image?2 0.9439 0.9433
Image3 0.9381 0.9379
Imaged 0.9408 0.9384
Image5 0.9381 0.9373
Image6 0.9321 0.9323
Image7 0.9334 0.931
Image8 0.9374 0.9384
Image9 0.9319 0.93514
Image 10 0.9423 0.9421
Imagell 0.9354 0.9352
Image12 0.9385 0.938
Image13 0.9278 0.9245
Image 14 0.9475 0.9471
Imagel5 0.9532 0.9536
Image 16 0.9318 0.9329
Image17 0.9361 0.9361
Image 18 0.9381 0.9392
Image 19 0.9448 0.9445
Image20 0.9448 0.94
Average 0.93901 0.93862
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Figure 4.24: MA Results of Filter3 Vs.(Rangayyan et al. 2007).

Filter3 Vs. Matched filter (Chaudhuri, et al., 1989)

Table 4.21 shows the area under ROC of DRIVE images compared with the results

obtained by applying matched filter (Chaudhuri et al. 1989). From Table 4.21 it can be

seen that the average area under ROC for Filter3 = 0.934035 and for the matched filter is

0.8073 (Chaudhuri, et al., 1989), therefore it can be concluded that Filter3 improves

matched filter results.

All Rights Reserved - Library of University of Jordan - Center of Thesis Deposit



89

Figure 4.25 shows the results of area under ROC of the 20 DRIVE images using Filter3 vs.

matched filter.

All Rights Reserved - Library of University of Jordan - Center of Thesis Deposit



Table 4.21:

90

Results of Area Under ROC Filter3 Vs. (Chaudhuri, et al., 1989).
Method | Filter3 t=10.352,1=1.541 | Chaudhuri
Imagel 0.9473 0.8357
Image2 0.9456 0.822
Image3 0.9355 0.8145
Imaged 0.9224 0.8025
Image5 0.9323 0.8299
Image6 0.9213 0.7692
Image7 0.9221 0.758
Image8 0.9209 0.7643
Image9 0.9199 0.8199
Imagel0 0.9241 0.8209
Imagel | 0.9177 0.7436
Imagel2 0.9397 0.822
Imagel3 0.9117 0.7835
Imagel4 0.9474 0.8281
Imagel3 0.9395 0.8084
Imagel6 0.9482 0.8204
Imagel7 0.9327 0.7797
Imagel8 0.9434 0.8295
Imagel9 0.9539 0.8522
Image20 0.9551 0.8409
Average 0.934035 0.8073
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Figure 4.25: ROC Results of Filter3 Vs. (Chaudhuri, et al., 1989).

Figure 4.26 shows the ROC curve for the first image of DRIVE using Filter3 vs. matched

filter filter (Chaudhuri et al. 1989).
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Figure 4.26: ROC Graph of Filter3 Vs. (Chaudhuri et al. 1989).
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Table 4.22 shows the MA of DRIVE images compared with the results obtained bybtained

by applying matched filter (Chaudhuri et al. 1989).
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Table 4.22: Results of MA Filter3 Vs.(Chaudhuri et al. 1989).
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Method | Filter3 =10.352, 1=1.541 | Chaudhuri
Imagel 0.9442 0.9012
Image2 0.9439 0.8917
Image3 0.9381 0.8946
Imaged 0.9408 0.8788
Images 0.9381 0.8898
Image6 0.9321 0.8598
Image7 0.9334 0.878
Image8 0.9374 0.878
Image9 0.9319 0.8906
Image 10 0.9423 0.8982
Imagell 0.9354 0.8786
Image12 0.9385 0.8898
Image13 0.9278 0.8892
Image 14 0.9475 0.897
Image15 0.9532 0.9003
Imagel6 0.9318 0.8936
Image 17 0.9361 0.8795
Image 18 0.9381 0.8996
Image 19 0.9448 0.9015
Image20 0.9448 0.9053
Average 0.93901 0.8897
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From Table 4.22 it can be noticed that the average MA for Filter3 = 0.93901 and for
matched filter (Chaudhuri, et al., 1989) it is 0.8897, therefore it can be concluded that

Filter3 improves matched filter results.

Figure 4.27 shows the results of MA of the 20 DRIVE images using Filter3 vs. matched

filter (Chaudhuri et al. 1989).
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igure 4.27: MA Results of Filter3 Vs.(Chaudhuri et al. 1989).
edge techniques.

Filter3 Vs. Traditional Edge Detection Techniques

Table 4.23 shows the area under ROC of DRIVE images compared with the results

obtained by applying Sobel and Prewitt filters described by (Gonzalez and Woods, 2002).
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Table 4.23: Results of Area Under ROC for Filter3 Vs. Sobel and Prewitt.

Method | Filter3 (=10.352,1=1.541 | Sobel | Prewitt
Imagel 0.9473 0.7325 | 0.7322
Image?2 0.9456 0.7611 | 0.7591
Image3 (.9355 0.7088 | 0.7088
Image4 0.9224 0.767 | 0.7646
Image5 0.9323 0.7369 | 0.7362
Image6 0.9213 0.7232 | 0.7219
Image7 0.9221 0.7484 | 0.7478
Image8 0.9209 0.7169 | 0.7167
Image9 0.9199 0.7397 | 0.7383
Image10 0.9241 0.7306 | 0.7308
Image11 0.9177 0.7538 | 0.7531
Image12 0.9397 0.706 | 0.7045
Image13 0.9117 0.7428 | 0.7414
Image 14 0.9474 0.7274 | 0.7251
Image15 (.9305 0.7476 | 0.7474
Image 16 (.9482 0.7202 | 0.718
Image 17 0.9327 0.6974 | 0.6956
Image 18 0.9434 0.6797 | 0.6788
Image 19 0.9539 0.7136 | 0.7129
Image20 0.9551 0.6962 | 0.6939
Average (L934035 0.7275 | 0.72636
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According to Table 4.23 the average area under ROC for Filter3 = 934035 and for Sobel it
1s 0.7275, and for Prewitt it is 0.72636, it can be concluded that Filter3 is better than

traditional edge techniques.

Table 4.24 shows the MA of DRIVE images compared with the results obtained by

applying Sobel and Prewitt filters described by (Gonzalez and Woods , 2002).
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Table 4.24: Results of MA for Filter3 Vs. Sobel and Prewitt.

Method | Filter3 t=10.352,1=1.541 | Sobel | Prewitt
Image | 0.9442 0.8699 | 0.8715
Image?2 0.9439 0.8612 | 0.861

Image3 0.9381 0.8572 | 0.8572
Image4 0.9408 0.8728 | 0.8733
Image 3 0.9381 0.867 | 0.8672
Image6 0.9321 0.8587 | 0.8598
Image7 0.9334 0.8694 | 0.8696
Image8 0.9374 0.87 0.876
Image9 0.9319 0.8776 | 0.8832
Image 10 0.9423 0.8777 | 0.8814
Imagel1 0.9354 0.873 | 0.8732
Image 12 0.9385 0.8681 | 0.8756
Image 13 0.9278 0.8608 | 0.861

Image 14 0.9475 0.8786 | 0.8835
Image 15 0.9532 0.897 | 0.897

Image 16 0.9318 0.861 | 0.8699
Image 17 0.9361 0.8683 | 0.8784
Image 18 0.9381 0.8764 | 0.8858
Image 19 0.9448 0.8745 | 0.8805
Image20 0.9448 0.8871 | 0.894
Average 0.93901 0.8714 | 0.8749
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Similarly, from Table 4.24 it can be seen that the average MA for Filter3 = 0.93901 and for
Sobel it is 0.8714, and for Prewitt it is 0.8749 and Filter3 performance is better than

traditional edge techniques.
4.4 Optimizing the averageMAfor the all DRIVE database

This section describes optimizing the MA for all images of DRIVE, the following
subsections includes the pseudo code, the results of the experiments including tables and

graphs and comparisons between this method and matched filter, Gabor filter, Prewitt and

Sobel.
Pseudo Code

The pseudo code of the fitness function of the GA is described in Figure 4.28

Function averageMA( image[20],l,tau)

1li=1

2. while(i<21)

3.Extract green-band[i] form imageli].

4.Invert green-band[i].

5.Filter invert-green-band [i] using Gabor filter with | and tau.
6.t=0, temp=0

7.while(t<=1).

8.IMG=Threshold(filter-imageli],t).

9.Find Accuracy(IMG).

10.1f Accuracy(IMG) > temp then temp =Accuracy(IMG).
11.t=t+.001

12.end while.

13.MA=temp.

14.i=i+1

15.end while

16.return the average of the MAs of the 20 images.

Figure 4.28: Pseudo Code of Average MA.
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In this method all the 20 images of the DRIVE database were used as an input for the GA
optimization. After calculating the MA for each Gabor-filtered image, the -( average MA

for the 20 images) is the fitness function of the GA, since we want the maximum result of
average MA and GA gives the smallest result. The parameters that gave the best result

after applying GA are 1=9.902 and ¢=0.556, and the average MA =0.94. The resulted image

is shown in Figure 4.29 .

gure 4.29: DRIVE First Image Filtered By Filter4.
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Results of Area Under ROC For Experiment 4

Table 4.25 shows the area under ROC for the 20 images of DRIVE that were filtered using

the Gabor filter parameters that obtained using this experiment T =9.902 and ¢=0.556.

Table 4.25: Results of Area Under ROC For Experiment 4.

Image Filterd t=9.902. 1=.556
Imagel (0.9408
Image2 0.9312
Image3 09146
Imaged 0.9027
Image5 09187
Image6 0.9094
Image7 (.8942
Image8 0.9046
Image9 0.9096
Image 10 09117
Imagell 0.9074
Image 12 0.9234
Image 13 0.8996
Image 14 0.9284
Image 15 0.9265
Image 16 0.937
Image 17 0.9281
Image 18 0.937
Image 19 0.9429
Image20 0.9434
Average 0.92056
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Figure 4.30 illustrates the ROC graph of this experiment.

02r =

Figure 4.30: Experiment 4 ROC Graph.

Results of MA For Experiment 4

Table 4.26 shows the MA for the 20 images of DRIVE that were filtered using the Gabor

filter parameters that obtained using this experiment 1 =9.902 and ¢=0.556.

Table 4.27 shows the area under ROC of DRIVE images compared with the results
obtained by applying Gabor filter (Rangayyan et al. 2007). From Table 4.27 it can be
noticed that the average area under ROC for Filter4 = 0.92056 and for Gabor filter it is

0.92798 which indicates that Filter4 outperformed Gabor filter in terms of MA.
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Table 4.26: Results of MA For Experiment 4.

Image Filterd t=9.902, 1=.556
Imagel 0.9476
Image2 (.9443
Image3 (.9361
Image4 0.941
Images 0.9388
Image6 0.9322
Image7 0.934
Image8 0.938
Image9 0.934
Image 10 0.9428
Imagell 0.937
Image 12 0.9392
Image13 0.9279
Image 14 0.948
Image 15 0.953
Image16 0.9337
Image17 0.9377
Image18 0.942
Image19 0.9465
Image20 0.9463
Average 0.94
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Table 4.27: Results of Area Under ROC Filter4 Vs. (Rangayyan, et al., 2007).

Method | Filterd t=9.902, 1=.556 | Rangayyan
Imagel 0.9408 0.9422
Image2 0.9312 0.9415
Image3 0.9146 (0.933
Image4 0.9027 0.9182
Image5 0.9187 0.9273
Image6 0.9094 0918
Image7 (0.8942 0.9007
Image8& 0.9046 0.9193
Image9 0.9096 0.9152
Imagel0 0.9117 0.9174
Imagel 1l 0.9074 0.9166
Imagel2 (.9234 0.9341
Imagel3 (.8996 0.9031
Image14 (.9284 0.9375
Imagel5 (.9265 (0.936
Imagel6 0.937 0.9343
Imagel17 (0.9281 0.9289
Imagel8 0.937 0.9415
Image19 (.9429 0.9452
Image20 0.9434 0.9496
Average 0.92056 0.92798

All Rights Reserved - Library of University of Jordan - Center of Thesis Deposit



104

Figure 4.31 shows the results of area under ROC of the 20 DRIVE images using Filter4 vs.

Gabor filter.
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Figure 4.31: ROC Results of Filter4 Vs.(Rangayyan, et al., 2007).

Images

Figure 4.32 shows the ROC curve for the first image of DRIVE using Filter4 vs. Gabor

filter (Rangayyan, et al., 2007).
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Figure 4.32: ROC Graph of Filter4 Vs. (Rangayyan et al. 2007).

Table 4.28 shows the MA of DRIVE images compared with the results obtained by

applying Gabor filter (Rangayyan, et al., 2007).

From the Table 4.28 it can be seen that the average MA for Filter4 = 0.94 and for Gabor
filter it is 0.93862 (Rangayyan, et al., 2007), therefore it can be concluded that Filter4

improves (Rangayyan, et al., 2007) results.
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Table 4.28: Results of MA Filter4 Vs. (Rangayyan et al. 2007).

Method | Filterd t=9.902, 1=.556 | Rangayyan
Image | 0.9476 0.9435
Image2 0.9443 0.9433
Image3 0.9361 0.9379
Imaged 0.941 0.9384
Image5 0.9388 0.9373
Image6 0.9322 0.9323
Image7 0.934 0.931
Image8 0.938 0.9384
Image9 0.934 0.9314
Image 10 0.9428 0.9421
Imagel 1 0.937 0.9352
Imagel2 0.9392 (0.938
Imagel3 0.9279 0.9245
Image 14 0.945 0.9471
Imagel5 0.953 0.9536
Imagel6 (.9337 0.9329
Imagel7 0.9377 0.9361
Imagel8 0.942 0.9392
Imagel9 (.9465 0.9445
Image20) 0.9463 0.94
Average 0.94 0.93862

All Rights Reserved - Library of University of Jordan - Center of Thesis Deposit



107

Figure 4.33 shows the results of MA of the 20 DRIVE images using Filter4 vs. Gabor filter
(Rangayyan, et al., 2007).
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Figure 4.33: MA Results of Filter4 Vs. Rangayyan’s Gabor Filter (Rangayyan et al.
2007).

Filterd Vs. matched filter (Chaudhuri, et al., 1989)

Table 4.29 shows the area under ROC of DRIVE images compared with the results
obtained by applying matched filter (Chaudhuri et al. 1989).

It can be noticed from the Table that the average area under ROC for Filter4 = 0.92056
and for the matched filter it is 0.8073, therefore it can be concluded that Filter4 improves
matched filter results (Chaudhuri, et al., 1989).

Figure 4.34 shows the results of area under ROC for the 20 DRIVE images using Filter4
vs. matched filter (Chaudhuri et al. 1989).
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Table 4.29: Results of Area Under ROC Filter4 Vs. Chaudhuri’s matched
filter(Chaudhuri, et al., 1989).

Method Filterd =9.902, 1=.556 | Chaudhuri
Image 1 0.9408 0.8357
Image?2 0.9312 0.822
Image3 0.9146 0.8145
Image4 0.9027 0.8025
Image5 0.9187 (0.8299
Image6 0.9094 0.7692
Image7 (0.8942 ().758
Image8 0.9046 0.7643
Image9 0.9096 0.8199
Image 10 0.9117 0.8209
Image11 0.9074 0.7436
Image12 0.9234 0.822
Image13 0.8996 0.7835
Image 14 0.9284 0.8281
Image 15 0.9265 0.8034
Image 16 0.937 0.8204
Image17 0.9281 0.7797
Image 18 0.937 0.8295
Image 19 0.9429 0.8522
Image20 0.9434 0.8409
Average 0.92056 0.8073
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Figure 4.34: ROC Results of Filter4 Vs. Chauduri’s matched filter (Chaudhuri et al.
1989).

Figure 4.35 shows the ROC curve for the first image of DRIVE using Filter4 vs. matched
filter (Chaudhuri,et al., 1989) filter.
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Figure 4.35: ROC Graph of Filter4 Vs. (Chaudhuri, et al., 1989).

Table 4.30 shows the MA for DRIVE images compared with the results obtained by
applying matched filter (Chaudhuri et al. 1989). From Table 4.30 it can be seen that the
average MA for Filter4 = 0.93901 and for the matched filter it is 0.8897 (Chaudhuri et al.
1989), therefore it can be concluded that Filter4 improves matched filter results (Chaudhuri
et al. 1989).

Figure 4.36 shows the results of MA of the 20 DRIVE images using Filter4 vs. matched

filter (Chaudhuri et al. 1989).
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Method | Filterd t=9.902, 1=.556 | Chaudhuri
Image 1 0.9476 0.9012
Image?2 0.9443 0.8017
Image3 0.9361 0.8946
Image4 0.941] 0.8788
Imaged 0.9388 0.8898
Image6 0.9322 0.8598
Image7 0.934 0.878
Image8 0.938 0.878
[mage9 0.934 0.8906
Image 10 0.9428 0.8982
Image11 0.937 0.8786
Image 12 0.9392 0.8808
Image 13 0.9279 0.8892
Image 14 0.948 0.897
Image 15 0.953 0.9003
Image 16 0.9337 0.8936
Image 17 0.9377 0.8795
Image 18 0.942 0.8996
Image 19 0.9465 0.9015
Image20) 0.9463 0.9053
Average 0.94 0.8897
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Figure 4.36: MA Results of Filter4 Vs.(Chaudhuri, et al., 1989).

Filter4 Vs. Traditional Edge Detection Techniques

Table 4.31 shows the area under ROC of DRIVE images compared with the results
obtained by applying Sobel and Prewitt filters described by (Gonzalez & Woods 2002).
From Table 4.31 it can be seen that the average area under ROC for Filter4 = 0.92056 and
for Sobel it is 0.7275, and for Prewitt it is 0.72636, therefore, it can be concluded that

Filter4’s results are better than traditional edge techniques.
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Table 4.31: Results of Area Under ROC for Filter4 Vs. Sobel and Prewitt.

Method | Filterd =9.902, 1=.556 | Sobel | Prewitt
Image | 0.9408 0.7325 | 0.7322
Image2 0.9312 0.7611 | 0.7591
Image3 0.9146 0.7088 | 0.7088
Image4 0.9027 0.767 | 0.7646
Image5 0.9187 0.7369 | 0.7362
Image6 0.9094 0.7232 | 0.7219
Image7 (0.8942 0.7484 | 0.7478
Image8 0.9046 0.7169 | 0.7167
Image9 0.9096 0.7397 | 0.7383
Image10 0.9117 0.7306 | 0.7308
Imagell 0.9074 0.7538 | 0.7531

Image12 0.9234 0.706 | 0.7045
Imagel3 0.8996 0.7428 | 0.7414
Image 14 0.9284 0.7274 | 0.7251

Imagel5 0.9265 0.7476 | 0.7474
Image16 0.937 0.7202 | 0.718

Image17 0.9281 0.6974 | 0.6956
Image18 0.937 0.6797 | 0.6788
Image19 0.9429 0.7136 | 0.7129
Image20 0.9434 0.6962 | 0.6939
Average 0.92056 0.7275 | 0.72636
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Table 4.32 shows the MA of DRIVE images compared with the results obtained by
applying Sobel and Prewitt filters described by Gonzalez & Woods (Gonzalez and Woods,
2002). From the Table 4.32 it can be seen that the average MA for Filter4 = 0.94 and for

Sobel it is 0.8714, and for Prewitt it is 0.8749 which indicate significant improvement for

Filter4 over traditional edge techniques.
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Method | Filter4 t=9.902, 1=.556 | Sobel | Prewitt
Imagel 0.9476 0.8699 | 0.8715
Image2 0.9443 0.8612 | 0.861

Image3 0.9361 0.8572 | 0.8572
Imaged 941 0.8728 | 0.8733
Image5 0.9388 0.867 | 0.8672
Image6 0.9322 0.8587 | 0.8598
Image7 0.934 0.8694 | 0.8696
Image8 0.938 0.87 0.876

Image9 0.934 0.8776 | 0.8832
Imagel0 0.9428 0.8777 | 0.8814
Imagell 0.937 0.873 | 0.8732
Imagel2 0.9392 0.8681 | 0.8756
Imagel3 0.9279 0.8608 | 0.861

Imagel4 0.948 0.8786 | 0.8835
Imagel5 0.953 0.897 | 0.897

Imagel6 0.9337 0.861 | 0.8699
Imagel7 0.9377 0.8683 | 0.8784
Imagel8 0.942 0.8764 | 0.8858
Imagel9 0.9465 0.8745 | 0.8805
Image20 0.9463 0.8871 | 0.894

Average 0.94 0.8714 | 0.8749
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4.5 Dividing The First DRIVE Image Into Four Regions

In this section another experiment is conducted which is dividing the image into 4 regions
and finding the parameters for each region. The rational behind this is to find the best
parameters for each region on its own, these parameters will be optimized for that regions
and consequently are expected to perform better than the parameters that are calculated
over the whole original image. One note though is dividing the image into 4 regions is just
an experiment and further division is possible into any number of regions, the larger the
number of regions, the greater the overhead and the needed time for filtering.

Pseudo Code

The pseudo code of the fitness function of the GA is described in Figure 4.37

Function DivideImage(image,l[4],tau[4])
1.Extract green-band form image.

2.Invert green-band.

3.Divide Image into four regions.
4.Fori=1to4

5.ROC(region[i],I[i],tau[i])

6.end For

7.return the average ROC of the four regions.

Figure 4.37: Pseudo Code For Method 5.

Using this method, ROC is calculated for each region as shown in Figure 4.38 and
listed in Table 4.33. The ROC for the original image is calculated by averaging ROC
from each region and it is calculated as = 0.95035. This is higher than the ROC from

matched filter which is 0.88 and from Gabor filter which is 0.937325.
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Figure 4.38: ROC for the first DRIVE image vs. (Rangayyan, et al., 2007) and
(Chaudhuri, et al., 1989).

Table 4.33: Results of ROC for Filter5 Vs. Rangayyan and Chauduri.
Method This Work | Rangayyan | Chauduri

ROC Regionl 0.9455 0.9304 0.8839
ROC Region2 0.9507 0.9338 0.8598
ROC Region3 0.9613 0.9516 0.8935
ROC Regiond 0.9439 0.9335 0.8828
Average ROC | 0.95035 | 0.937325 (.88

After applying the GA , the parameters that gave the best results are:

for region one 1=9.33 and ¢=1.564, for region two 1=8.379 and ¢=1.145

for region three t=9.714 and ¢=1.221, and for region four 1=9.814 and ¢=1.179.
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This section presents an overall summery of the implementation’s results.

Table 4.34 shows the average area under ROC for the methods that are represented in

this work compared with previous work.

Table 4.34: Summery of The Average of Area Under ROC.

Method | Filterl Filter2 Filter3 Filterd Gabor | Matched Sobel | Prewitt
t=10.188] t=9.519. | t=10.352] t=9.902,
1=1.26 1=.403 1=1.541 | 1=.556

Average | 0.93317 | 0.915435| 0.934035| 0.92056 | 0.92798| 0.80726| 0.7275| 0.7263(

As noticed from the Table the best average area under ROC for Filter3 is the best among

all methods, it improve the result of Gabor filter (Rangayyan et al. 2007) filter by 0.01 and

improves Matched filter (Chaudhuri et al. 1989) filter by 0.13 .

Table 4.35 shows the average MA for the methods that are represented in this work

compared with previous work, as can be noticed that Filter4 has the best results among all

methods as it improves Gabor filter by 0.0014 and improves matched filter by 0.06 .

Table 4.35: Summery of Average MA.

Method | Filterl Filter2 Filter3 Filterd Gabor | Matched Sobel | Prewitt
t=10.188] t=9.519. | t=10.352 t=9.902,
1=1.26 1=.403 1=1.541 | 1=.556

Average | 0.93901 | 0.939085| 0.93901 | 0.94 0.9386 | 0.8897 | 0.8714| 0.8749

Figure 4.39 shows the ROC curve of the first image in DRIVE for the proposed methods

vs. previous methods. It can be realized clearly that the area under ROC for Filterl is the

largest among all methods.
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Table 4.36 show the average time of filtering the 20 images of DRIVE using the methods

in presented in this work, compared with the previous methods.

Table 4.36: The Average Time of Implementation.

Method | Filter] Filter2 Filter3 Filter4 Matched Gabor | Sobel | Prewitt
t=10.188) t=9.519, | 1=10.352] t=9.902,
1=1.26 1=.403 1=1.541 | 1=.556

Time 13.6883 | 13.4723 | 13.9067 | 13.0557 | 13.2380011.3969 | 0.1672| 0.1679

Figure 4.40 shows the the first DRIVE image with the filtered images using our methods

and previous methods.

Figure 4.41 shows a house image with the filtered images using our methods and previous

methods.
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Figure 4.40: The Filtered Images.
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Figure 4.41: An Image of a House Filtered With All Methods.
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CHAPTER 5
CONCLUSIONS AND FUTUREWORK

5.1 Conclusions

Retinal blood vessels are used by ophthalmologists to diagnose many diseases such as
diabetes. Therefore, automating the extraction and detection of retinal vessels gives many

advantages over manual detection, and facilitate the diagnoses process.

Many researchers worked in the field of vessels’ detection due to its medical importance,
the main approaches that are examined in this thesis are the traditional edge detection
including Sobel and Prewitt, and modeled edge detection including Rangayyan’s et al.
Gabor filter (Rangayyan, et al., 2007) and Chaudhuri’s et al. matched filter (Chaudhuri, et
al., 1989). In this these Gabor filter is optimized using Genetic Algorithms (GA), to
maximize the response of Gabor filter in detecting retinal blood vessels. For the purpose of
optimization five methods have been introduced, each method aims to optimize Gabor
filter depending on a different measuring factor. After comparing our results with previous
methods, this work improves all the previous methods in terms of average area under
Receiver Operator Characteristics (ROC) and average Maximum Accuracy (MA) for the
20 DRIVE image, except methods 2 and 4 which do not improve Gabor (Rangayyan et al.
2007) in average area under ROC because in these methods the optimization emphasis on

MA only.

The average area under ROC for Filter3 is the best among all methods, it improves the

result of Gabor (Rangayyan et al. 2007) filter by 0.01 and improves (Chaudhuri et al.

1989) filter by 0.13.
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By comparing the average MA for the methods that are represented in this work vs.
previous work, it can be noticed that Filter4 has the best results among all methods as it

improves Gabor (Rangayyan et al. 2007) filter by 0.01 and it improves matched filter

by 0.06.

By dividing the fist image of DRIVE into four regions, comparing the average area under
ROC for the four regions for this work improves Gabor (Rangayyan, et al., 2007) by 0.02

and improves matched (Chaudhuri et al. 1989) by 0.07.

This thesis differs from previous work in mnay aspects which are:

e Using GA to improve Gabor filter in blood vessels’ detection.

e Using a multi-scale thresholding of gray-levels to find all the possible blood
vessels.

e Using the ROC as the fitness function for GAs.

e Dividing the first DRIVE image into 4 regions, and calculate different Gabor

parameters for each region.
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5.2 Future Work

There are many domains that are still open for research in the field of using Gabor filter in
vessels’ detection, few papers investigate and study the performance of Gabor filter as a
model-based vessels’ detection technique. The following are some possible suggestions to

research for:

Optimizing Gabor filter in vessel detection using other optimization

methods such as successive approximation and Exhaustive Search.

Optimizing the time taken by Gabor for the filtering process

o Using another images’ database as benchmark such as STARE (?).

Implementation of a multi-stage Gabor filter approach.

Investigation of a hybrid approach that gains the advantages of two or

more vessel detection techniques

e Use the proposed methods on other problems than vessel detection.
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