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Abstract 

Laser technology has evolved quickly since the first practical system was built in 

1960. From then on, laser applications expanded to include numerous industrial, military 

and medical uses. When laser interacts with biological tissues, it leads to a variety of 

changes such as tissue photocoagulation , photochemical effect (oxidation), ablation or 

photodisruption. These changes could be utilized in the treatment of many disorders in 

almost all branches of medicine, especially in ophthalmology. Because laser can be 

applied to the posterior as well as the anterior parts of the eye, the range of treatment 

applications of ophthalmological disorders by lasers has become rather wide. This 

includes for example, the use of the laser tissue photocoagulation in the treatment of 

diabetic retinopathy. 

Diabetic retinopathy resulting from long term diabetes mellitus is one of the 

common diseases that lead to choroidal neovascularization (CNV). CNV is considered 

among the most important blinding conditions today. It decreases the amount of blood 

supplying the retina especially within the central area of acute vision. A considerable 

amount of research has been devoted to overcome this condition. Among the currently 

available solutions, lasers can be used in the treatment of such disorder by aiming an 

appropriate amount of laser energy to the affected areas of the retina in order to 

photocoagulate these areas. To attain satisfactory results, the physician must identify the 

full extent of CNV and cauterize it completely in order to save the central vision. Several 

thousands of laser shots are required and care must be taken to avoid radiating the macula 

(the area of acute vision), optic disk, retinal blood vessels and the region between the 

macula and the optic disk containing the nerve fibers to the area of acute vision. For a 

single eye, this procedure requires up to several hours that are usually divided over many 

treatment sessions. 

Although the treatment of this condition by laser photocoagulation was shown to 

be superior to the other available methods, it suffers from a number of serious problems. 

The current success rate of this procedure is below 50% for eradication of CNV 

following one treatment session with a recurrence and/or persistence rate of about 50%. 

The latter condition requires repeating the treatment. Each treatment repetition in turn has 

a 50% failure rate. Moreover, several studies indicate that incomplete treatment was 



associated with poorer prognosis than no treatment. Consequently, the need to develop an 

automated laser system to treat the whole retina in one session has become a necessity.  

In this work, we propose a new computerized treatment planning system for laser 

treatment of diabetic retinopathy. The new system has the potential to improve the 

accuracy of the procedure thus lowering its failure rate while maintaining the same 

treatment time. A major part of this system is the tracking the retina. This is achieved using 

a computer-controlled system that captures retinal images from a fundus camera, apply 

some image processing algorithms on these images to determine the positions of laser 

shots and finally feed these positions to a beam steering apparatus that directs the laser 

beam accordingly. Because of eye movement and saccades, the system must perform 

image registration in real time to update these positions to their new locations. 

A new segmentation technique was developed to accurately discern the image 

features and determine the positions of laser shots in a reference frame. The blood vessel 

tree is extracted using deformable models. A grid of seed contours over the whole image is 

initiated and allowed to deform by splitting and/or merging according to preset criteria 

until the whole vessel tree is extracted. This procedure extracts the whole area of small 

vessels but only the boundaries of the large vessels. Correlating the image with a one-

dimensional Gaussian filter in two perpendicular directions is used to extract the core areas 

of such vessels. The optic disc is extracted by obtaining its center and radius using the 

Hough transform. The macula is extracted by a region growing algorithm. Then the region 

between the optic disc and the macula can be determined.  

Faster segmentation can be obtained for subsequent images by automatic 

registration to compensate for eye movement and saccades. We developed a fast 

registration technique which detect some points that satisfy certain conditions to be 

candidate landmarks in the reference frame and in every subsequent frame. Then the 

algorithm tries to detect the corresponding points from these two sets of points. Using the 

relation between these two sets of corresponding points, we can estimate the parameters of 

motion and perform optimal transformation. This allows for real-time location 

determination and tracking of treatment positions.  

Finally, when applying these algorithms to the available retinal images it gives 

accurate results which makes it suitable for the task of real-time retinal tracking. 
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Chapter 1 
1.1 Introduction 

Conventional retinal laser photocoagulation is accomplished by aiming a low-

power laser beam at the desired site and firing a relatively high-power laser for a 

preselected interval of time. Typically, all lines argon laser irradiation is delivered through 

a fiber optic that is integrated with a slit lamp microscope. Irradiation times are on the 

order of 0.1 second and the laser spot size at the retina is 100 - 500 µm. The laser light is 

absorbed in the darkly pigmented pigment epithelium and blood plexus layers of the 

choroid and heat is generated. The extent of coagulation is dependent upon the local 

temperature-time history. 

The procedure of treating diabetic retinopathy requires photocoagulation of the 

entire peripheral retina in order to save central vision. Several thousand lesions are 

required and care is taken to avoid radiating the macula, the optic disc, the retinal blood 

vessels and the region between the macula and the optic disc containing the nerve fibers to 

the area of acute vision (the macula). For each eye, this procedure requires several hours 

usually spaced over many treatment periods. 

To prevent excessive irradiation and to accurately place the laser beam and 

compensate for eye movement, the feasibility of a robotic system for retinal laser surgery 

is investigated. The system is assumed to track the movement of the retina to finally direct 

the laser beam to the required positions in one treatment session. 

1.2  Thesis objective 

As mentioned above, the procedure of treating diabetic retinopathy requires 

several thousands of laser shots for each eye. This could be achieved in several hours 

spaced over many treatment sessions. The full extent of the affected peripheral retina must 

be completely coagulated while ensuring that healthy tissue is not cauterized. Despite the 

superiority of laser treatment over other available methods, serious problems remain. The 

current rate of success of this procedure is less than 50% following one treatment session 

with a recurrence and or persistence rate of about 50%. The latter condition requires 

repeating the treatment. Each treatment repetition in turn has a 50% failure rate. The visual 

recovery declines with each successive treatment. Indeed, several studies indicate that 

incomplete treatment was associated with poorer prognosis than no treatment.  



Complete treatment can be obtained if the cauterization is done in one session. So, 

we try to develop a computerized system to track the retina and make the whole number of 

the required laser shots in on session. The system is assumed to have a computer system 

that captures the retinal images form a fundus camera, perform some image processing 

algorithms to these images to finally feed the positions to which the laser will be directed 

to a beam steering apparatus.  

The aim of this work is to design the image processing algorithms required to 

segment the retinal images. The goal of the segmentation step is to extract the sensitive 

objects in the retinal images which include: the blood vessel tree, the macula and the optic 

disc and the region between them. The locations to which laser will be directed are to be 

determined away from these sensitive objects. A retinal tracking algorithm is to be 

designed to update the positions of laser shots to their new positions according to the eye 

movement. Image registration algorithm is to be done to estimate the transformation 

parameters that will be used in the tracking purpose.  

1.3  Thesis organization 

The thesis consists of five chapters and is organized as follows: 

The first chapter is titled “Introduction” and it gives a short account on the laser 

photocoagulation and its use in the treatment of diabetic retinopathy. Also, it presents the 

thesis objective. Finally, it presents the structure and organization of the thesis.  

The second chapter is titled “Background and literature review” and it introduces 

the item that will be presented in the rest of the chapter. A medical background on laser in 

surgery and medicine is given in brief in this chapter. The laser-tissue interaction is also 

presented in the chapter. Some uses of laser in ophthalmology are also introduced before 

the problem description. Then, the chapter presents the background of retinal image 

segmentation and registration. Finally, the previous works done on the area of real-time 

retinal tracking and their results are introduced in the chapter. 

The third chapter is titled “Materials and methods of real-time retinal tracking” 

and it introduces a description of the data acquisition system and the image materials used 

in this work. The chapter also gives an introduction to snakes and the proposed 

segmentation algorithm. The new registration by correlation algorithm is presented in the 

chapter. Finally the proposed registration by detecting corresponding points is also 

presented . 



The fourth chapter is titled “ Results and discussion” and it discusses the proposed 

algorithm of segmentation and its results with a brief comparison between the result of the 

proposed algorithm and the results of the previously published segmentation algorithms. 

The result of retinal image registration by tracking is also introduced and discussed in this 

chapter. Also, the results of the retinal image registration and tracking are presented and 

discussed in this chapter. Finally, a comparison between the results of the previous work of 

retinal tracking and the proposed tracking algorithm is also presented. 

The fifth chapter is titled “ Conclusions and future works” and it presents in a 

summarized form the conclusions and points of proposed future work. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Chapter 2 

Background and Literature Review 

 

2.1 Introduction 

This chapter covers the necessary background of laser, their special properties that 

differentiate it from ordinary light. Then it talks about the interaction of lasers with 

biological tissue and the different effects that come as a result of that interaction. It also 

gives some of the laser uses in surgery and medicine with special attention on its uses in 

ophthalmology. The chapter also presents a simplified anatomical structure of the retina 

through a retinal image. Then it explains the problem of choroidal neovascularization and 

its treatment modalities. Then, a brief description of the system that is proposed to solve 

this problem is introduced. The main part of the chapter is the review of articles published 

in the field of retinal image segmentation and registration and their results. It also explains 

some of the techniques used in different medical images and its application on retinal 

images. The results of these techniques are also shown in this chapter. Finally, it explains 

the previous work about the subject of automatic real time retinal tracking.  

 

 

 

 

 

 

 

 

 

 

 

 



2.2 Laser in surgery and medicine: 

The laser beam differs from ordinary light in three characteristic ways, that it is: 

Monochromatic: this refers to the highly purified color produced by the laser light. Laser 

energy is composed of photons that are all the same color or wavelength. The color of the 

laser beam sometimes determines how it interacts with various tissues. For example the 

argon beam (488/514 nm) is absorbed by red pigmented tissue. [1] 

Collimated: laser light is collimated that is its waves are parallel to each other and do not 

diverge significantly as they travel outward. The collimated property of the laser beam is 

extremely important in surgical applications as it minimizes any loss of power. [1] 

Coherent: laser light is coherent in that the waves travel in phase and in the same 

direction. This coherence has the additive effect on the amplitude of power. [1] 

These properties make it suitable for many industrial, military and medical 

applications. Since the first laser system was built in 1960, the applications of laser in 

medicine, especially in ophthalmology, have special attention from the researchers in this 

field because of its benefits relative to other modalities.  The ways in which lasers can 

interact with biological tissues is as follows: 

2.2.1 Laser-tissue interaction 

If a laser beam is directed at a tissue, it may be reflected back toward the source or 

to another location, scattered, transmitted and/or absorbed as shown in Figure 2.1. The 

reflected portion may be hazardous. So care must be taken because the instruments in the 

operative field may reflect the light and may create problems and health hazards to the 

patients and attending personnel. The tissue itself can scatter light. The light literally 

bounces off particles and structures in the tissue and scatters to places where it is not 

wanted. Furthermore the light may be transmitted right through a tissue with only a 

minimal amount being absorbed and/or scattered. Since every tissue has reflective, 

scattering and transmission properties, their characterization is an important aspect to 

effective laser use. [2] 

Assuming that these problems have been dealt with adequately or that the 

problems are minimal in terms of risks, the process of laser absorption is the key to 

effective laser use. Without absorption, there is little or no tissue response (except in the 

case of plasma-generated shock wave). When photons enter the tissue, those that are not 



reflected, scattered or transmitted are absorbed. Their energy is transferred to some other 

molecules/group of atoms in the tissue that is to be altered or changed. Once this photon 

energy is absorbed, the energy has to go some where, and this really the key to producing 

the change. Normally we think of laser as producing heat, and in many of the clinical 

procedures, lasers produce some kind of local thermal event. However, as will be seen 

later, heat is just one way that the energy of the photon can be dissipated. The important 

point to remember is that when photon energy is absorbed, the absorbing structure or tissue 

has to dissipate that energy in some way, and it is the manner in which this energy is 

dissipated that brings about the different biological effects that are used clinically. [2] 

In order to have light energy absorbed, it is necessary to have some absorbing 

molecules in the tissue. These molecules are generally referred to as chromophores. When 

light is absorbed by a chromophore, the photon energy is transferred to the chromophore 

producing one of the following effects. [2] 

2.2.1.1 Heating effect 

When a laser beam is incident on a biological tissue, the absorbed energy may produce a 

heating effect as demonstrated in Figure 2.1. As the temperature rises from 37˚C to 60˚C, 

The tissue starts to retract, and conformational changes occurs. With a temperature above 

60˚C, there is protein denaturation and coagulation. From 90˚C to 100˚C, carbonization 

and burning of tissue occurs. Above 100˚C, the tissue is vaporized and ablated. Ideally 

from a clinical point of view, the physician should be able to confine the heating process to 

any one of these thermal ranges to produce the desired clinical result. This effect could be 

used in tissue photocoagulation, welding and incsesion. [4] 

2.2.1.2 Photochemical effect 

Photon energy may be dissipated by photochemistry. The basic concept of photochemistry 

is that certain molecules (natural or applied) can function as photosensitizers. The presence 

of these photosensitizers in certain cells makes these cells vulnerable to light at 

wavelengths absorbed by the chromophore. The excited photosensitizer may subsequently 

transfer its energy to a molecular substrate, such as oxygen, to produce “highly reactive” 

singlet oxygen, which causes irreversible oxidation of some essential cellular 

component(s). All of this occurs without the generation of heat. The most common clinical 

use of this mechanism has been in the treatment of cancer after sensitization with 

Hematoporphyrine Derivative (HpD). [5] 



 

 

 

 

 

 

 

Figure 2.1 Laser-Tissue Interaction 

 

 

 

 

 

 

 

 



2.2.1.3 Fluorescence 

Photon energy may be dissipated as the reemission of light. If this happens 

within 10-6 second after absorption, it is called fluorescence. The fluorescent photon is 

emitted as the excited atom returns to its ground state. However, because some energy is 

lost by collisions with other atoms in the excited state, the energy of the fluorescent 

photon is lower (therefore the wavelength is longer) than the absorbed photon. This is 

actually has a great deal of promise clinically and is being used in the detection of occult 

lung tumors, determining the extent of superficial skin tumors as well as delineating 

tumors and dysplasia in the bladder. [6] 

2.2.1.4 Photoablation 

Photoablation occurs when pulsed, high energy ultraviolet photons (193nm) 

produced by an excimer laser are absorbed on the surface of an organic substrate. [7],[8] 

Since ultraviolet radiation is absorbed intensely by most biological molecules, the 

penetration depths are only a few microns. [9] This combination of high absorption and 

high individual photon energy results in the direct transfer of energy within the absorbing 

molecules to the bonds that hold the molecules together. When the incoming ultraviolet 

energy exceeds the molecular bonding energy (the ablation threshold), the substrate will 

undergo random bond scission and be reduced to its atomic constituents. The rapid 

expansion created by this excitation and bond cleavage gives rise to the actual ejection of  

fragments at supersonic velocities or the ablation phenomenon. Here the tissue 

degradation process is by a non-thermal process.  

This feature has recently been exploited experimentally to produce well-defined 

non-thermal cuts of very small widths by excimer lasers at several ultraviolet 

wavelengths. This may have many promising applications in ophthalmology, 

dermatology, vascular surgery, orthopedics and neuro-surgery, where precise athermal 

tissue removal would be highly desirable. 

2.2.1.5 Ionization 

Ionization is the ejection of an electron from an atom, and it is generally felt that 

the individual photons generated from the existing lasers do not have enough energy to 

cause the absorbing molecule to lose an electron. However, it is possible to have 

absorption of more than one photon simultaneously in a multiphoton process. [10] This 



has been observed in solutions and in living cells but in most of the present clinical 

situations, ionization occurs only in laser-induced plasmas (see next section). 

2.2.1.6 Plasma formation 

Plasma formation is one of the few laser-tissue interactions that does not obey 

the basic photobiological principal of reciprocity, which holds that an effect is 

independent of the time period within which the photons are delivered (i.e. it is power 

dependent). With the advent of Q-switched (nano second) and short-pulsed, mode-locked 

(pico second) lasers, it has become possible to generate very high fluences (giga 

watts/cm2) in focal spot size of 25 to 50 µm diameter. When these lasers are focused 

precisely on a small spot of tissue, unusual “nonlinear” events occur. [3]. It is possible to 

generate a “plasma”, which is a gaseous cloud rich in free electrons. This plasma has 

sometimes been called the “fourth” state of matter because its properties are different 

from those of solids, liquids or gases. Due to the sudden production of an electrical field 

in 10-9 to 10-12 second, an intense acoustical shock wave is generated in the medium. This 

acoustic wave emanating from the focus carries potentially damaging kinetic energy and 

has been used clinically in the eye to remove secondary cataracts in the posterior capsule 

as well as experimentally to fracture recalcitrant urinary bladder. 

2.2.2 Laser uses in ophthalmology 

laser had been used in the treatment of eye diseases since 1962. The first use was 

for photocoagulation of retinal diseases. Latter it was used to successfully treat glaucoma 

switched is a disease of increase in the intraocular pressure. Then came the advent of Q-

switching and mode locking, which opened new horizons for using it as a photodisruptor 

to incise tissue. This paused the way for its use in removing secondary cataract without 

opening the eye. Laser in now largely used to correct refractive errors using 

photoablation to reform the shape of the cornea and helps people get ride of glasses. We 

hope that new uses in diagnostics and more accurately and precisely using this tool would 

appear practical in the future.   

2.3 Problem description  
Diabetic retinopathy resulting from long term diabetes mellitus is one of the 

common diseases that lead to choroidal neovascularization (CNV). CNV is considered 

among the most important blinding conditions today. It decreases the amount of blood 

supplying the retina especially within the central area of acute vision [1]. A considerable 



amount of research has been devoted to overcome this condition. Among the currently 

available solutions, lasers can be used in the treatment of such disorder by aiming an 

appropriate amount of laser energy to the affected areas of the retina in order to 

photocoagulate these areas. To attain satisfactory results, the physician must identify the 

full extent of CNV and cauterize it completely in order to save the central vision. [1],[2] 

Several thousands of laser shots are required and care must be taken to avoid radiating the 

macula (the area of acute vision), optic disk, the blood vessel tree and the region between 

the macula and the optic disk containing the nerve fibers to the area of acute vision (see 

Figure 2.2). For a single eye, this procedure requires up to several hours that are usually 

divided over many treatment sessions [35]. 

Although the treatment of this condition by laser photocoagulation was shown to 

be superior to the other available methods, it suffers from a number of serious problems. 

The current success rate of this procedure is below 50% for eradication of CNV following 

one treatment session with a recurrence and/or persistence rate of about 50%.  [14],[15] 

The latter condition requires repeating the treatment. Each treatment repetition in turn has a 

50% failure rate. Moreover, several studies indicate that incomplete treatment was 

associated with poorer prognosis than no treatment  [16]. Consequently, the need to 

develop an automated laser system to treat the whole retina in one session has become a 

necessity.  

In this work, we propose a new computerized treatment planning system for laser treatment 

of CNV. The new system has the potential to improve the accuracy of the procedure thus 

lowering its failure rate while maintaining the same treatment time. A major part of this 

system is the tracking the retina. This is achieved using a computer-controlled system that 

captures retinal images from a fundus camera. Novel image processing routines are applied 

to the retinal images to determine the positions for laser shots on the retina. These positions 

should be away from the sensitive areas (mentioned above) within the retina to avoid any 

complications. So image segmentation and feature extraction techniques should be applied 

to discern  these sensitive areas.  A fast registration procedure should be used to update the 

estimated positions of laser shots in case of eye movement. Finally these positions should 

be fed to a beam steering apparatus that precisely directs the laser beam accordingly. 

Figure 2.3 shows a block diagram of the proposed system. 

 

 



 

 

 

 

 

Figure 2.2 The sensitive objects in the retinal image 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

Figure2.3 A block diagram of the proposed retinal tracking system 

 

 

 

 

 

 

 

 

 

 

 



2.4 Previous work  

To achieve the task of retinal treatment planning and real time tracking, two major 

steps of image processing routines are required: 

First: image segmentation for a reference frame only is required to extract the sensitive 

areas within the retina to avoid radiating these areas during laser treatment. These areas 

include: 

1. The blood vessel tree supplying the retina. 

2. The central area of acute vision, which includes the macula and the fovea inside   

it. 

3. The optic disc from which the nerve fibers and the blood vessels enter the retina. 

4. The area between the optic disc and the macula, which contains the nerve fibers 

to the macula. 

After extracting these areas, the positions of laser shots are distributed away from these 

areas in the reference frame. These  positions are saved in an individual array and will be 

used during real time processing. 

Second: image registration techniques are required to update the predetermined positions 

of laser shots according to the eye movement and saccades. The registration should be 

achieved in real time. 

2.4.1 Background of retinal image segmentation  

In the retinal images acquired from the fundus camera, the problem of inaccurate 

segmentation comes mainly as a result of non-uniform illumination of the background. 

Moreover, the variable distance of different retinal areas from the camera causes further 

degradation because of the expected loss of focus in some areas. These effects cause gray 

level variations within the same image and gray level differences between different images. 

This results in significant complications in detecting the blood vessel tree accurately. [30]  

2.4.1.1 Segmenting the blood vessel tree  

The blood vessel tree appears as dark structure in brighter background in the 

normal image (i.e., no injected dye). If the patient is injected with an IndoCyanin Green 

(ICG) dye, the blood vessel tree will appear as bright structure in a darker background. 

Figure 2.4a. and b. show a normal image and an ICG image respectively.  



a. A normal retinal image 

b. An ICG retinal image 

Fig 2.4. Example of retinal images 



Several Studies have been conducted in the area of blood vessel extraction from 

retinal images as well as from other medical images as extracting the coronary artery in the 

cardiac images. [18] Generally speaking, these studies can be classified into two main 

categories:  

1. Detection of blood vessel boundaries and  

2. Extraction of the core area of the blood vessel tree by tracing vessel centers. 

The first category relies on detecting vessel edges by several techniques. Among 

those techniques are the use of difference operators and simple thresholding, edge 

detection based on statistical parameters calculated from the image [20], edge detection by 

morphological methods [21],[22] and more recently contour detection using deformable 

models or snakes [23]-[25], which will be discussed in the following chapter. 

2.4.1.1.1.1 Boundary detection by difference operators 

An edge is the boundary between two regions with relatively distinct gray level 

properties. So the magnitude of the gradient of an image at certain point indicates the 

presence of an edge at that point. The gradient of an image ƒ(x,y) at location (x,y) is the 

vector: 

 

The gradient vector points in the direction of maximum rate of change of ƒ at 

(x,y). Here, an important quantity is the magnitude of that vector, which is given by: 

Or simply by :  

The direction of the gradient is also an important quantity and is given by: 

where the angle is measured with respect to the x axis. 
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In digital form, derivatives may be implemented in several ways based on 

obtaining the differences in intensities of a pixel and its surrounding pixels. There are 

many masks that can achieve this task and they are called the difference operators. These 

mask includes the “Roberets masks”, the Perwitt masks” and the “Sobel masks” as shown 

in Figure 2.5. 

Figure 2.5  A 3x3 region of an image (the P’s are gray level values) and various 

masks used to compute the derivative at point labeled P5 



However, the Sobel operators have the advantage of providing both a differencing 

and a smoothing effect. Because derivatives enhance noise, the smoothing effect is a 

particularly attractive feature of the Sobel operators. [11] 

In this work, we use the Sobel operators to segment the blood vessel tree. The 

image is convolved by the Sobel operators in the x and y directions and the magnitude is 

calculated. Then, the points of magnitude greater than certain threshold is taken to be the 

edge points or the blood vessel contours. Figure 2.6a. and b. show the result of applying 

this technique on a normal image (no injected dye) and on an image with the patient 

injected with an IndoCyanin Green dye respectively. With the image shown in Figure 

2.6a., we use a threshold equal to the maximum of the Sobel magnitudes divided by 5. A 

threshold of value equal to the maximum of the Sobel magnitudes divided by 10 was used 

for the image shown in Figure 2.6b. The values of 5 and 10 is optimized for the accuracy 

and the noise detection. 

Detecting the boundaries of the blood vessels using this method has been shown 

to be unreliable due to the existence of small vessels that are not well defined or having 

poor edges. To extract these small vessels, some of the false edges and noises in the 

background appear, which limits the accuracy of the process. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

a. Result of applying the Sobel operators on the image shown in Figure 4a. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

b. Result of applying the Sobel operators on the image shown in Figure 4b 

Figure 2.6. Boundary detection by Sobel operators 



2.4.1.1.1.2 Boundary detection using image statistics 

The image statistics such as the mean and the standard deviation can be used in 

boundary detection. The algorithm explained below is called DBDED, which stands for 

decision-based directional edge detector. DBDED is used for automatic target recognition 

(ATR) based on the image statistics. In this work it is used to detect the boundaries of the 

blood vessel tree in the retinal images. DBDED is different from the existing methods for 

the simple reason that it does not use any 2-D operations. Each point that passes a local 

threshold is investigated as an edge candidate. The point in question is modeled as part of a 

1-D signal in the eight discrete directions starting from the east, turning counter clock-wise 

and ending in the direction south east as shown in Figure 2.7. So, the operations are done 

on eight strings rather than a mask. Every string is made up of the point in question 

together with its three neighbors in that given directions. The point is said to be a 1-D edge 

in that string if it has an intensity greater than the average intensity of the other three points 

in the corresponding direction by an amount of the standard deviation of these three points 

plus a constant threshold. However, the point that is nearest to the point in question has a 

dominant effect that the other points in both averaging and standard deviation. Then, the 

point (x,y) is to be a one-dimensional edge candidate from the east direction if it satisfies 

the following equation: 

 

Where I(x,y) is the intensity of an image at coordinates x and y , η is a constant threshold 

and Av(.) and Sd(.) denote average and standard deviation operations respectively. 

As it can be seen I(x,y) is an element of all eight strings and other elements are 

not. After following this procedure in all eight directions, the decision algorithm is applied 

and points are considered as 2-D edges if they satisfy the following conditions: 

 They are 1-D edge candidates in at least two and at most seven directions. 

 If  (x,y) is an edge candidate then, at least one of the immediate 8-neighboring 

points :                                                                               

is also an edge candidate. 
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Figure2.7. Directions in the DBDED method with the 3 neighbors of the point (x,y) in the direction east  

 

Here, The first condition is necessary for deleting false edges that occurs in the 

presence of impulsive noise and the second condition is a discrete approximation to the 

continuity of object in a real image. The result of applying this algorithm on a normal 

image and on an ICG image is shown in Figures 2.8a. and b. respectively. 

It is clear from the results that false edges cannot be deleted completely.  Also, to 

obtain the boundaries of the small vessels, more false edges appear. Moreover, the 

detection of boundaries using image statistics does not perform well when illumination is 

non-uniform causing variations in the intensity of some blood vessels compared to the 

image background.  



 

 

 

 

 

 

 

 

 

 

 

 

a. the result of applying DBDED on the image in Figure 4a 

 

 

 

 

 

 

 

 

 

 

 

 

b. the result of applying DBDED on the image in Figure 4b 

Figure 2.8.Boundary detection using image statistics 

 

 

 



2.4.1.1.1.3 Boundary detection using morphological methods 

The mathematical morphology can be used as a tool of extracting image 

components that are useful in the representation and description of region shape, such as 

boundaries and skeleton. The morphological dilation and erosion are the two basic 

morphological methods upon them all of the tasks achieved by image morphology depend.   

Gray-scale dilation: 

In gray level images, the dilation of an image ƒ by a structuring element b is defined as: 

 

Where: Dƒ and Db are the domains of ƒ and b respectively.  

Because dilation is based on choosing the maximum value of (ƒ + b) in a 

neighborhood defined by the shape of the structuring element, the general effect of 

performing dilation on a gray-scale image is two-fold: (1) if all the elements of the 

structuring element are positive, the output image tends to be brighter than the input; and 

(2) dark details either are reduced or eliminated, depending on how their values and shapes 

relate to the structuring element used for dilation.  

Gray-scale erosion: 

The erosion of a gray-scale image ƒ by a structuring element b is defined as: 

 

Where: Dƒ and Db are the domains of ƒ and b respectively. 

As the above equation indicates, erosion is based on choosing the minimum value of (ƒ– b) 

in a neighborhood defined by the shape of the structuring element, the general effect of 

performing erosion on a gray-scale image is two-fold: (1) if all the elements of the 

structuring element are positive, the output image tends to be darker than the input; and (2) 

the effect of bright details in the input image that are smaller in “area” than the structuring 

element is reduced, with the degree of reduction being determined by the gray level 

surrounding the bright detail and by the shape and amplitude values of the structuring 

element itself.   
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Morphological gradient: 

As mentioned above, dilation and erosion are the two basic methods of mathematical 

morphology. The morphological gradient of an image can be computed using the dilation 

and erosion as follows: 

 

The result of computing the morphological gradient of  retinal images and taking the points 

that pass certain threshold is shown in Figure 2.9. [11] The same problem of obtaining 

false edges in the background also exists. 
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a. the result of applying morphological gradient on the image in Figure 4a 

 

 

 

 

 

 

 

 

 

 

 

 

b. the result of applying morphological gradient on the image in Figure 4b 

Figure 2.9. Boundary detection using morphological methods 

 



In the second category, the goal is to extract the core of the blood vessels. In this 

work, we introduce two methods by means of them the core area of the blood vessel tree 

could be extracted: extraction of the blood vessel tree using 2-D matched filters, and 

extraction of the blood vessel tree using morphological reconstruction. The following is a 

discussion for these two methods. 

2.4.1.1.2.1 Extraction of the blood vessel tree using 2-D matched filters 

Blood vessels have a special property that the two edges of a vessel always run 

parallel to each other. Such objects may be represented by piecewise linear directed 

segments of finite width. S. Chaudhuri et al in [28] observed two interesting properties of 

the blood vessels in retinal images: 

First: since the blood vessels usually have small curvatures, the anti parallel pairs may be 

approximated by piecewise linear segments. 

Second: although the intensity profile varies by a small amount from vessel to vessel, it 

may be approximated by a Gaussian Curve: 

 

Where d is the perpendicular distance between the point (x,y) and the straight line 

passing through the center of the blood vessel in a direction along its length, σ defines the 

spread of the intensity profile, A is the gray level intensity of the local background, and k is 

a measure of reflectance of the blood vessel relative to its neighborhood. Figure 2.10 

shows two profiles of the cross section of two different blood vessels. 

Although the width of a vessel decreases as it travels radially outward from the 

optic disc, such a change in vessel caliber is a gradual one. The widths of the vessels are 

found to lie within a range of 2-10 pixels. For these calculations, however, the authors 

assumed that all the blood vessels in the image are of equal width 2σ. 

So, they designed a two-dimensional Gaussian filter to match the blood vessel 

segments. Since the intensity profile can be assumed to be symmetrical about the straight 

line passing through the center of the vessel, the optimal filter must have the same shape as 

the intensity profile itself. In other words, the optimal filter is given by: 
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It may be appreciated that the vessel may be oriented at any angle θ (0 ≤ θ ≤ π). 

The matched filter will have its peak response only when it is aligned at an angle θ ± π/2. 

Thus, to match the vessels in all possible directions, the filter needs to be rotated for all 

possible angles, the corresponding responses are to be compared and for each pixel only 

the maximum response is to be retained.  

It has already been mentioned that the vessels may be considered as piecewise 

linear segments. Instead of matching a single intensity profile of the cross section of a 

vessel, a significant improvement can be achieved by matching a number of cross sections 

(of identical profile) along its length simultaneously. Such a kernel may be mathematically 

expressed as:  

K(x,y) = -exp(-x2/2σ2)         For | y | ≤ L/2 

 Where: L is the length of the segment for which the vessel is assumed to have a fixed 

orientation. Here the direction of the vessel is assumed to be aligned along the y-axis. To 

match the vessels at different orientations, the kernel has to be rotated accordingly.  

Taking (σ = 2) and (L = 9),  the two-dimensional matched Gaussian filter in the 

discrete case is represented by a kernel of size 15*16 as shown in Figure 2.11 after 

subtracting the mean value of the filter to minimize false detection. Figure 2.11 a. shows the 

1-D Gaussian filter and in Figure 2.11b. and 2.11c., we see the kernel used to detect 

segments along the vertical direction and its surface draw. To get the kernel that will be 

used to detect segments along the direction of an angle θ, the kernel in Figure 2.11b. must 

be rotated using a rotation matrix given by:  

 

Where the value at the position (x,y) in the kernel shown in Figure 2.11b will be in the 

position (u,v) in the kernel rotated by an angle θ when the kernel is rotated around its 

center. The kernel used to detect blood vessel segments along the 45° and its surface draw 

are shown in Figure 2.11d and 2.11e respectively. Assuming an angular resolution of 15°, 

we need twelve different kernels to span all possible orientations. The retinal image is 

convolved by the twelve different filters one at a time and at each pixel, only the maximum 

of their responses is retained. The result of applying this algorithm is shown in Figure 2.12. 

This method gives reasonable results but it takes too much time and computation effort. 
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Figure 2.10. The gray level profile of two cross sections of two different blood vessels 

 

 

 

 

 

 



a. 1-D Gaussian filter 

 

 

b. The kernel to detect the vertical segment   c. the surface plot of the kernel in b. 

 

 

 

d. The kernel to detect the vessel segment along 45˚   e. the surface plot of the kernel in d 

Figure 2.11. 2-D matched filters 
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a the result of applying 2-D matched filters on the image in Figure 4a 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

b the result of applying 2-D matched filters on the image in Figure 4b 

Figure 2.12 Core detection by TDMF. 



2.4.1.1.2.2 Extraction of the vessel tree using morphological reconstruction 

As mentioned in the previous section mathematical morphology can be used in 

many of image processing applications. Using morphological reconstruction we can extract 

the connected components of an image, which are marked in another image even by one 

point.   

Definition of binary reconstruction 

Let J and I be two binary images defined on the same discrete domain D, and such 

that J is a subset of I. In terms of mapping this means that for each pixel p Є D,  

J(p)=1→I(p)=1. J is called the marker image and I is the mask. Let I1,I2,….In be the 

connected components of I. Then the reconstruction of mask I from marker J denoted by 

ρI(J) is the union of the connected components of I ,which contain at least one pixel of J.  

 

This definition is illustrated in Figure 2.13. In Figure 2.13 b, there exist five markers for 

five objects from the nine objects shown in the mask image of Figure 2.13 a. Only one 

pixel is found as a marker for the ellipse on the left of the mask image. After reconstructing 

the mask image from the marker image, the five objects that have markers in the marker 

image are completely reconstructed. The rest of the nine objects do not appear in the 

reconstructed image. 

Computing reconstruction in digital images 

The following explanation concerned with both the binary and gray scale images, 

but the emphasis is put on binary reconstruction because it is the case used in our work. An 

efficient implementation of morphological reconstruction can be described as follows: 

1- Label the connected components of the mask image, i.e.. each of these components 

is assigned a unique number.  

2- Determine the labels of the connected components, which contain at least a pixel of 

the marker image. 

3- Remove all the connected components whose not of the previous ones. 
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a. original mask image 

b. marker image 

c. reconstructed image 

Figure 2.13 Binary reconstruction 

 



There are two ways in which the reconstruction can be implemented: Parallel 

reconstruction and sequential reconstruction. 

Parallel reconstruction algorithm: 

 I: mask image (binary or gray scale) 

 J: marker image, defined on DI, J ≤ I.  Reconstruction is determined directly in J 

 Allocate a work image K defined on DI 

 Repeat until stability (i.e.. no more pixel value modification): 

Dilation step: for every pixel 

 p Є DI –– K(p) ← max{J(q), q Є NG(p) U{p}}  ; NG is the neighboring of p 

Point wise minimum: For every pixel  

p Є DI –– J(p) ← min(K(p),I(p)) 

In each of the above steps, the image pixel can be scanned in an arbitrary order. 

So, the implementation of the algorithm on a parallel machine is extremely easy and 

efficient. However, it requires the iteration of numerous complete scannings, sometimes 

several hundreds. 

Sequential reconstruction algorithm: 

Sequential reconstruction algorithm is implemented to reduce the number of the 

scannings required for the computation of the parallel reconstruction. They require the 

following two principles: 

The image pixels are scanned in a predefined order, generally raster or anti-raster. 

The new value of the current pixel, determined from the values of the pixels in its 

neighborhood, is written directly in the same image, so that it is taken into account when 

determining the new values of the as yet unconsidered pixels. 

Algorithm: 

 I: mask image (binary or gray scale) 

 J: marker image, defined on DI, J ≤ I. Reconstruction is determined directly in J 

 Repeat until stability: 

Scan DI in raster order: 



Let “p” be the current pixel; 

J(p) ← (max{J(q), q Є NG
+(p) U {p}}) ^ I    ; The sign “^” stands for point wise 

minimum and “NG
+”   stands for the neighboring that follow the point “p”.  

Scan DI in anti-raster order: 

Let “p” be the current pixel; 

J(p) ← (max{J(q), q Є NG
-(p) U {p}}) ^ I    ; “NG

-”   stands for the neighboring that 

proceed the point “p”. 

This algorithm generally requires a few image scanning (typically a dozen) until 

stability is reached and it is much more efficient than the parallel algorithm. 

The results of extracting the blood vessel tree in a normal image and in an ICG 

image using morphological reconstruction are shown in Figures 2.14 and 2.15 respectively. 

The original images shown in Figure 2.4, were convolved by a one-dimensional Gaussian 

filter (see Figure 2.11a.) in the vertical and in the horizontal directions. The points that pass 

a small threshold were taken to compose the mask image, and the points that pass a higher 

threshold were taken to compose the marker image. It is clear from the Figures that the 

mask images contain much more information than the required (the connected blood vessel 

tree and others), but the marker images contain only points that really belong to the blood 

vessel tree. 

 

 

 

 

 

 

 

 

 

 

 



          a. the mask image 

          b. the marker image 

           

                         

           

           

         

 

 

 

c. the reconstructed image 

Figure 2.14 Binary reconstruction of the image shown in Figure 4a. 

 



                        a. the mask image 

          b. the marker image 

          c. the reconstructed image. 

        Figure 2.15. Binary reconstruction of image shown in Figure 4b 



2.4.1.2 Segmenting the optic disc 

The optic disc is a well-delineated object with properly defined size and edges. 

[37] The nerve fibers and the blood vessels enter the retina through the optic disc. In the 

gray level retinal images, it always appears as a nearly circular structure that is brighter 

than the background of the retina (see Figure 2.2). The authors in [37] used the Hough 

transform, which is well known as a robust method to extract circular objects, to detect the 

center and the radius of optic disc. The algorithm proceeds as follows: 

 Take a window W1 of size 20x20 around the expected center (xc,yc) of the optic 

disc. 

 W2 = 120x120 window around the point (xc,yc). 

 Estimate the edge points inside W2. 

 The points on the circumference of the circle are the edge points in W2 that are 

not included in W1 

 For every point in W1, and  

for a radius from 10 to 60 do:  

Get the number of edge points that lie at radius form the current   point in W.  

End inside For loop 

 End outside for loop 

 A circle is drawn around the point that has the maximum edge points, with the 

corresponding radius. 

2.4.1.3 Segmenting the macula 

The macula is the area of acute vision within the retina. It appears as the most 

homogeneous area near the optic disc (see Figure 2.2). To segment the macula, we 

manually selected a point in the fovea (the center of the macula), then by a region-growing 

algorithm, the macula was extracted as the connected region around the fovea having 

intensities near the intensity of the central point. In reference [13], the  radius of the macula 

was taken to be double the size of the radius of the optic disc in the y-direction and three 

times the same radius in the x-direction .  Figures 2.16a and 2.16b show the result of 

demarcating the optic disc and the macula in a normal image (no injected dye) and in an 

image  of a patient injected with the IndoCyanine Green dye. 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
a. Segmenting the optic disc and the macula in a normal image 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
b. Segmenting the optic disc and the macula in an ICG  image 

Fig 2.16. Segmenting the optic disc and the macula. 



2.4.2 Background of retinal image registration 

Image registration is the alignment of similar images in one or more images. The 

similar images are generally misregistered by rotation, scaling, and translation. Rotation is 

the angular twisting of one image with respect to the other, scaling is the magnification of 

one image with respect to the other, and translation is the displacement of the two images 

in the horizontal and/or the vertical directions. Other problems can complicate the 

registration, such as the nonlinear distortion in one image and not in the other, or when one 

object is viewed from two directions. In case of retinal images, the rotational movement is 

known to be very small (approaching and never exceeding 5˚), and the scaling of one 

image with respect to the other can be controlled by asking the patient to fixate his eyes, 

and the head is hold to the fundus camera. The translation occurs in the vertical and in the 

horizontal directions and as there is no retinal detachment, the retina is known to move 

rigidly.  

When the computer time is abundant, the images can eventually be registered, 

usually with an excellent success rate. But if the matching must be performed in a limited 

time, such as during a real time task, the registration task becomes difficult if not 

impossible. Many methods are available to either decrease the error rate or decrease the 

computation time. The registration system can be characterized by its computation time 

and its probability of error. The computation time is defined as the amount of time for the 

system to perform the image registration task of one image with another image or to search 

and locate preselected landmarks or features within the image. The probability of error is 

defined as the number of incorrect matches divided by the total matches attempted. 

Generally, decreasing the probability of error will result in an increase in the computation 

time, and vice verse. This tradeoff is application dependent and becomes critical in real 

time task.  

As mentioned above, image registration can be achieved either by detecting the 

similarity between two images or by extracting some corresponding points and estimating 

the motion parameters between them. 

2.4.2.1 Image registration by similarity detection 

Registration is inherently basic to the task of retinal tracking. When it is desired to 

detect the similarity between two images or to perform a mapping of two similar images, it 

is necessary for meaningful results to have the images registered. If the images do not 



differ in magnification and rotation, then the best translational fit will yield the required 

registration.  

Let two images, S the search area and W the window defined as shown in Figure 

2.17. S is taken as an LxM array of digital picture elements, which may assume one of K 

gray levels i.e.,  

 

W is considered to be an NxN, (N smaller than L,M) array of digital picture elements 

having the same gray scale range; i.e. 

 

Figure 2.17  Search space  
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It will be convenient to introduce a notation for NxN wholly contained subimages. 

Each NxN subimage can be uniquely referenced by the specification of its upper 

left corner’s coordinates (i,j). These will be used to define reference points. It will be 

assumed that enough a priori information is known about the dislocation between the 

window and the search area so that the parameters L, M and N may be selected with the 

virtual guarantee that, at registration, a complete subimage is contained in the search area 

as shown in Figure 2.17. 

Translational registration, therefore, is a search over some subset of the allowed 

range of reference points to fined a point (i* , j*), which indicate a subimage that is the 

most similar to the given window. 

2.4.2.1.1 Similarity detection by correlation 

The method most widely used for the automatic determination of translation is 

correlation [33]. The elements of the non normalized cross-correlation surface R(i, j) are 

defined to be  

In the correlation scheme, a correlation output surface such as R(i,j) is searched 

for a maximum at (î, ĵ). The procedure is successful if (î, ĵ) and (i*, j*) are equivalent. As a 

counterexample, however, consider the non normalized cross correlation of (2) even in the 

ideal case where W exactly matches some subimage; i.e. W = SN
i*,j*. Then  

Also for this ideal case, consider the non matching point (î, ĵ) where 
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Clearly 

Therefore, even in the ideal case, a search for a maximum over R(i,j) does not 

necessarily yield the registration point. Normalization is therefore necessary in even the 

simplest of cases. For completeness, the usual normalized correlation surface is defined 

in(6) 

The choice of a similarity detection algorithm should be justified by its probability 

for error and its computational complexity rather than by tradition or expediency. Perhaps 

the two reasons, which are generally given for using the correlation method are that: 1) 

correlation appears to be a natural solution for the mean-square-error criteria [33]; and 2) 

analog-optical method implement correlation easily. [33] 

However, there is no guarantee for any method that a solution is correct or unique. 

There seems to be, therefore, no adequate justification for the use of correlation to solve all 

digital registration problems.  

2.4.2.1.2 Similarity detection using  minimum error function 

For a particular reference point (i, j), there are N2 points of the subimage SN
i,j , 

which may be compared with the N2 corresponding points in W. Each set of points for 

comparison (e.g., [SN
i,j(l,m),W(l,m)]) will be called a windowing pair. 

Here, a search over each of the (L-N+1)(M-N+1) reference points is performed. 

Non normalized or normalized measures for evaluating the error between windowing pairs 

may be defined, respectively as: 
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Where 

and 

Unlike The correlation method cited previously, in the ideal case, where W = SN
i*,j* , a 

minimum of zero is guaranteed for the non normalized case, i.e., for 

Thus, in this ideal case no normalization is necessary. But, we usually use the normalized 

case because it gives accurate results than the non normalized case because it deals with 

relative intensity values. The point of minimum response (minimum error) will represent 

the point of matching.  

The results of registering the retinal image using the correlation method is shown 

in Figure 2.18. And the result of applying the minimum error function is shown in Figure 

2.19. In these two methods, the window W used in matching must be chosen properly to 

obtain good results. Figure 2.20 shows the result of matching two retinal images when 

using a window with no obvious features.  
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a. The window chosen in the reference image for matching 

 

 

 

 

 

 

 

 

 

 

 

 

b. The position of the window after matching using the normalized correlation 

Figure 2.18 The result of matching by correlation 

 



 

 

 

 

 

 

 

 

 

 

 

a. The window chosen in the reference image for matching 

 

 

 

 

 

 

 

 

 

 

 

 

b. The position of the window after matching using the normalized error function. 

Figure 2.19 The result of matching by minimum error function 

 



 

 

 

 

 

 

 

 

 

 

 

a. The window chosen in the reference image for matching 

 

 

 

 

 

 

 

 

 

 

 

 

b. The position of the window after matching using the normalized correlation 

Figure 2.20 The result of matching by correlation with no proper window 

 



2.4.3  Image processing algorithms for retinal tracking 

In the previous sections, we presented the work published in the area of retinal 

image segmentation and registration individually. Retinal image segmentation may be 

done for many purposes rather than the purpose of automatic retinal tracking. In this 

section, the work done specially for the task of automatic retinal tracking will be presented. 

The authors in [19] designed some image processing algorithms for retinal 

mapping and real-time location determination. The algorithms proposed in [19] are 

constructed from the following three component algorithms.  

Algorithm for rapid detection and characterization of vasculature-landmarks: To 

identify a particular area of a patient’s retina, landmarks that usually correspond to 

branching and crossover points in the vasculature are detected in each retinal image. As 

mentioned in [19], this algorithm is designed to operate very rapidly and with repetitive 

consistency, at the expense of absolute accuracy.  

Fast algorithm for matching sets of vascular landmark points: These algorithms 

quickly compute the original spatial transformation linking two sets of retinal 

landmarks (extracted from two retinal images). This algorithm is used to assist with 

real-time image tracking. 

Algorithm for validation and improvement of transformation: This algorithm 

determines whether to accept or reject a transformation produced by the previous 

algorithm. This is needed since the transformation produced by the landmark matching 

algorithm may not be accurate (due to poor image quality). In addition it is used to 

refine an acceptable transformation. 

2.4.3.1 Algorithm for rapid detection and characterization of vasculatur-

landmarks: 

A natural and widely-used choice of features are the retinal vasculature landmark 

points. These points must have the following properties to be useful. They: 1) must be at 

fixed locations on the patient’s retina; 2) must be present in sufficient numbers in all areas 

of the retina for effective location determination; 3) must be detectable in different images 

of the same area of the retina even when the images differ in magnification, focus and 

lighting; 4) must be quickly detectable. Points identifying bifurcations and crossing points 



of the retinal vasculature generally meet these requirements (with exceptions such as those 

arising in retinal detachment). 

The method presented to detect the blood vessel branching and crossover points, 

proceeds in two steps. First, the boundaries of the retinal vasculature are detected using a 

standard Sobel edge detection algorithm, which also computes the edge directions 

(perpendicular to the image intensity gradient) in the image. The detected edge directions 

are then normalized so that opposite sides of a blood vessel have edges pointing in the 

same direction. Finally, the edges detected by the Sobel detector are thinned to one pixel 

thickness. The second step is to identify points in the image around which the edge 

direction varies significantly. The justification behind this approach is that for most of the 

images, the edge direction does not vary greatly over small areas of the image because the 

edges correspond to the boundaries of the blood vessels with a small curvature. Therefore, 

where the edge directions do vary significantly, it is likely that this is where a blood vessel 

is splitting off into two different directions, or crossing another vessel. This motivates the 

following approach. A 9x9 window is considered centered at each edge pixel in the image. 

If the number of edge pixels in the window exceeds a threshold, an edge direction 

dispersion measure (described below) is computed over the window. This edge direction 

dispersion measure is computed as follows: 

Where W represents the set of all edge pixels in the window, N is the number of edge 

pixels in the window (the number of elements in W), di is the direction vector of each edge 

pixel, and || . || is an operator computing the Euclidean magnitude. Pixels with a locally 

maximum dispersion value, provided that the dispersion exceeds a threshold, are taken to 

be possible landmark points. The expected value of this dispersion measure is greater for 

vessel branches and crossovers than for points along a straight vessel. [38] This can be 

understood by considering a perfectly straight blood vessel segment. For this segment, all 

the edges point in the same direction, so the dispersion in a window containing the vessel 

is zero. If the vessel is slightly curved, the dispersion would be nonzero, but still small. 

Now, at a branch point or a crossover, the edge directions vary greatly, so the dispersion is 

large. While the above approach to landmark detection is much faster than traditional 

methods, it is nearly as accurate in the sense that the detected points do not always 
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coincide with branching and crossover points. However, for this work, this is not 

important. It is more important that the landmarks be consistent and robustly reproducible 

across image frames. The above procedure has this property since it only depends upon 

local changes in intensity greater than a threshold (i.e., edges), which are largely robust to 

illumination changes, and relative orientations of the edges in this local neighborhood, 

which do not change unless the retina is detached.  

This window size (9x9) for the dispersion calculation was determined empirically 

based on a tradeoff between performance and computation. Clearly, since only relative 

values of the dispersion measure between straight sections and branch points are of 

interest, rather than actual values, the above strategy remains fairly robust to choice of 

window sizes. Large window size provide a better sampling of the local regions, and work 

better when large blood vessels are involved, especially at high scale values. On the other 

hand, an excessively large window size will encounter the confusing problem of multiple 

landmarks within a single window. In addition, large window sizes entail higher 

computational cost. In any case, the robust point matching algorithm described in the 

following section is able to survive a small number of missing and/or incorrectly located 

landmark points. The chosen window size was empirically determined as the smallest size 

that yielded satisfactory detection performance for the video resolution images, over the 

scale changes of interest.  

2.4.3.2 Fast algorithm for matching sets of vascular landmark points 

This section describes an efficient procedure for matching pairs of vasculature 

landmark point sets that are computed from sets of retinal images. Mathematically, the 

core computation of interest is the matching of feature-tagged point sets with unknown 

correspondences, in the presence of a small number of non corresponding point, to produce 

an optimal transformation between the two point sets. The nature of the retinal video 

images restricts the possible transformations to include 2-D translations t = (tx,ty) and scale 

changes s. This model holds for the area of the retina that is of most interest around the 

fovea, where the retina is will approximated by a plane at a standard video resolutions. The 

small error resulting from this modeling assumption do not affect the subsequent point-

matching steps as discussed latter in this section. The rotational movements are known to 

be very small (approaching and never exceeding 5°). As long as there is no detachment, the 

retina is known to move rigidly, that is, all the points on the retina move together and 

maintain the same relative location with respect to one another. On the other hand, the 



apparent scale of the images cannot be neglected. It can change not only when the 

magnification is adjusted but also when the patient moves closer or further from the 

camera.  

The matching algorithm operates by corresponding pairs of points. First, a number 

of potential transformations are calculated by hypothesizing correspondences between 

points in one set and points in the other. Second, the transformations are evaluated by 

computing a “score” for each transformation that measures how well the transformation 

corresponds to the image data. Every “plausible” correspondence between a pair of points 

in the first set and a pair of points in the second set defines a transformation. A “plausible” 

correspondence is a match that induces a transformation with no significant rotation and 

has a scale within an acceptable range (a typical extreme range is 70-145%). Given a 

plausible correspondence between a pair of points in the first set (a1,b1) and a pair of points 

in the second set (a2,b2), the scale factor s can be computed by the following equation: 

The translation t can be computed by: 

 If there are n points in the first set and m points in the second set, then there are 

on the order of n2m2 pair-to-pair matches. Although relatively few of these matches are 

plausible, there are still a large number of transformations to evaluate. One way to avoid 

evaluating this large a number of transformations is to attempt to quickly reject bad 

correspondences. The method adapted in this system is to compare the local edge direction 

histograms of each landmark. The edge direction histograms represents a unique 

“signature” associated with each landmark point that can be used to distinguish different 

landmark points in a way that is reasonably independent of scale differences (because 

positional information is ignored in the calculation of the edge direction histograms). 

When comparing edge direction histograms, only those with sufficiently similar (in the 

sense defined as follows) edge direction histograms are considered for correspondence. 

Comparisons between edge direction histograms are made as follows. First, in 

order that binning artifacts (i.e., artifacts due to the assigning of a direction to a discrete 

histogram bin) do not prevent good matches, a Gaussian smoothing is applied to each 

histogram. The similarity between the histograms is then calculated by a sum of squared 

difference measure according to the following equation: 
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Where G and H are the two smoothed histograms, and N is the number of bins in the 

histograms. Pairs of landmarks that produce a small measure (near zero) are considered 

more similar than landmarks giving a larger measure. Figure 2.21 shows examples of 

considered similar and dissimilar histograms. The authors in this paper mentioned that the 

empirical investigation has revealed that it is generally sufficient to use only the five most 

similar (in the above sense) landmarks for correspondence. Limiting the number of these 

evaluations dramatically decreases the computation time from n2m2 to 25m2. By restricting 

potential correspondences to the five most similar, it is possible (though unlikely) that we 

may miss out on a correct correspondence. As the authors mentioned, all five potential 

correspondences may be wrong, but that does not cause a serious problem, since when we 

generate transformations from these (incorrect) correspondences, they will evaluate poorly 

in the subsequent evaluation step (described below). As long as we have some correct 

correspondences from which we can generate a correct transformation, it will be selected 

in the latter step. It must be further noted that the five pairs of points are used to generate 

several (not one) transformations, each of which is evaluated. 

Further, since more of the computed transformations will be similar or, ideally, 

the same, it would be wasteful to evaluate every transformation. This duplication is 

avoided by maintaining a list of transformation “clusters”. Each transformation cluster 

represents a set of plausible matches that induce similar transformation. The algorithm for 

generating clusters operates as follows. For each plausible match, the transformation vector 

V = (s,tx,ty) is computed. The vector V is then compared to each cluster. If the distance (in 

transformation space) between any cluster center and V is less than a certain threshold 

value d, the transformation is added to the cluster, the count of the transformation points in 

the cluster is incremented by one, and the cluster centroid is recomputed. Otherwise, a new 

cluster is defined consisting of one transformation at V. By assigning transformations to 

clusters, the computationally expensive evaluation of the transformation need not to be 

performed for each match. The evaluation of the transformation is only necessary for the 

clusters with the most transformation points.  
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           a. reference histogram 

 

 

 

 

           b. a histogram considered similar to the one shown in a. 

 

 

 

            

           c. a histogram considered similar to the one shown in a. 

  

 

 

            

          d. a histogram not similar to the one shown in a. 

           

 

 

 

          e.  a histogram not similar to the one shown a.. 

Figure 2.21 examples of considered similar and dissimilar histograms 



2.4.3.3 Algorithm for validation and improvement of transformation  

As mentioned in [19], two issues of concern with the transformations provided by 

the point matching algorithm are that: 1) the transformation may not be close to correct at 

all (i.e., the point matching has failed) or 2) the transformation, while close to the correct 

transformation, may be slightly inaccurate. In the first case, it is necessary to detect this 

failure, while in the second case, it is desirable to correct the inaccuracy by a refinement 

operation. To determine the success or failure of the above matching algorithm, a 

sequential similarity detector (SSD) was used [13]. Given a transformed image T that is to 

be compared with a reference image R, the SSD algorithm computes the measure 

Where W is a window over which the measure is to be computed, T and R are the average 

intensities of image T and image R, respectively, in this window, and sT and sR are the 

estimated standard deviations within the window. The lower the value of E the better the 

match. Subtracting the mean and normalizing by the standard deviation of the window 

means that even images with significantly different illumination can be matched 

successfully, an important consideration for this application. 

This measure works best when the window contains a region of interest, such as 

vasculature branch points [34]. Therefore, for this algorithm, the E value is computed for a 

small window around each of several landmark points. The lowest value returned by the 

similarity measure for all the locations tested is considered to be the correct match of the 

landmark from the reference image to the current (transformed) image. This process is 

repeated for a number of landmark points. Experiments indicates that, five is a sufficient 

number of points. If the measure E exceeds a certain threshold for a given window, then 

the match is determined to be a failure. Because effects such as glare can cause a failed 

match, a single failed match does not automatically cause the transformation to be rejected. 

The entire transformation is rejected if less than four of the five points match successfully.  

When applying this method on our images, it gives inaccurate results. The results 

of detecting the landmark points using the dispersion measure algorithm are shown in 

Figure 2.22. As shown in these Figures and as mentioned by the authors, the selected five 

landmark points in the reference image may not have corresponding landmark points in the 

current image, and hence a transformation failure occur. 
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      a. the detected landmarks in a reference image 

     b. the five most similar landmarks 

      c. the detected landmarks in the current image 

       Figure 2.22. The detected landmarks using a dispersion measure 



2.4.4 Real-time algorithm for retinal tracking 

In this section, we describe an algorithm done by Micheal S. et al in [36]. They 

designed a method to match some points on the retinal images to be used for the retinal 

tracking task. First a template is to be designed from the retinal image itself. This 

template will be used to detect a point(s) in the reference image and their corresponding 

point(s) in the subsequent images. 

2.4.4.1 The design of the blood vessel template 

For any tracking system, it is necessary to define a template and the building of 

the template from the reference picture. Since excellent edges (blood vessels) exist in most 

images of the retina, the authors have examined the detection of the blood vessel using 

edge detection algorithms. 

Two types of templates ware designed for retinal tracking of blood vessels and are 

shown in Figure 2.23.These templates use a simple form of the difference operator often 

associated with edge detection, and define either an M x 1 template or 1 x N template. The 

vertical M x 1 template is used to identify a horizontal blood vessel and the horizontal 1x N 

template is used to identify a vertical blood vessel. The size of the constructed template 

must correspond to the diameter of the selected blood vessel. Several definitions associated 

with this type of template are shown in Figure 2.23. The width corresponds to the width of 

the blood vessel, and is defined as the number of pixels from edge to edge, not including 

the edge.  The filter size (ƒs) is the number of pixels used in each summation extending 

from each edge. The template length (lt) is the entire length of the array.  

Each of the small shadowed boxes in Figure 2.23 within these templates are pixels. 

The black boxes are also pixels and correspond to an edge of a blood vessel. To identify a 

blood vessel, refer to Figure 2.24. The left edge is detected by first adding the value of the 

two pixels from the interior of the blood vessel near the edge. Next the two pixels from the 

exterior of the blood vessel near the first edge are added together. The first sum is then 

subtracted from the second sum (i.e., p1+p2-p3-p4). If this value exceeds a  threshold, then 

the central pixel is an edge. The right edge is detected likewise (i.e., p5+p6-p7-p8). A 

blood vessel correlation Ψ(i,j) is defined as follows 
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Figure 2.23. Depicted is a horizontal template and a vertical template used to identify a 

vertical and a horizontal blood vessel within a search image .   

 

 

 

Figure 2.24 Calculating the response Ψ(i,j) in designing the horizontal template 

 



To initially build the template, the reference picture must be available before the 

tracking starts (the blood vessels must be visible in booth this reference picture and in the 

sequences of the search pictures that will be tracked). The building of the template is not 

done in real time, sufficient time must be allowed for the computer to exhaustively search 

for the best templates. The operator selects the number of templates (both horizontal and 

vertical) and the filter size, which depends on computer processing power. The routine 

searches for the best templates in the inner area of the reference picture so that the 

subimages will never extend outside the search picture. Each pixel in each row is checked 

for the existence of the first edge of a vertical blood vessel using a preselected filter size. 

The same type of template as explained above is used to identify the blood vessels. If an 

edge exists at a particular pixel location (that is if the filter response exceeds certain 

threshold), then all widths that correspond to expected vessel widths are checked for a 

sister edge. The authors of this work mentioned that, blood vessel widths would be 4 to 8 

pixels for their data (512x512 pixel images), but in our work it is taken from 3 to 11 pixels 

(image size is 640 x 480 pixel). If the best of these sister edges exceeds some threshold, 

then that blood vessel (defined by its location, width, and magnitude of the correlation ψ) 

is inserted into an ordered table. After each row and each pixel location is exhaustively 

checked, the blood vessel that provided the strongest response to the vertical filter will 

reside on the top of the ordered table. Next, the horizontal blood vessels are found by 

examining every pixel location in every column. Another ordered table is generated to 

identify the blood vessels that provides the strongest response to the horizontal filter. The 

algorithm then uses the best templates from the ordered list in the real-time tracking 

routine.  

2.4.4.2 Real-time tracking algorithm 

Once tracking begins, the templates are used to locate the selected blood vessels 

in the search picture. As each (individual) template is shifted in its search pattern, a large 

ψ(i,j) appears when the template is located directly over the edges of the matching blood 

vessel. Unfortunately, this template generally yields a fairly good correlation along the 

entire length of the vessel. Thus, one template only fixes one dimension and the strongest 

responses will be at the edges of the blood vessels. 

To avoid ambiguities, two or more templates are coupled at fixed distance, one or 

more template for a horizontal blood vessel and one or more template for a vertical blood 

vessel (two templates are coupled in Figure 2.23). The spatially aligned templates are 



shifted to different positions, and a total correlation (the combination of ψ(i,j)’s from the 

templates) is calculated at each position. A correlation array is generated, where the 

position of the maximum number in the array will correspond to the best match. This is the 

position where the two or more templates overlay their respective blood vessels. 

The shifting of the two templates in 25 different positions is depicted in Figure 

2.25. A horizontal line represents the vertical blood vessel template and the vertical line 

represents the horizontal blood vessel template. (To improve Figure clarity, the template 

line in Figure 2.25 are shown shorter than they actually would be). First, the template is 

shifted in 5x5 pattern to obtain a “course” correlation. Notice that the shifting distance is 

not restricted to one pixel separation, (it may a number of pixels) This number is called the 

expansion. The search area is defined as the total area over which each template is moved 

(if the templates are shifted in a 5x5 pattern with an expansion of 4, then the search area is 

20x20). As shown in Figure 2.25, the best course fit for both templates is indicated by 

small circles. After the course correlation locates the general area of the best match, a 

“fine” correlation is performed around that area, further pinpointing the location of the 

blood vessels.  

An important and necessary question is “how good is the template design?”. The 

authors of this work evaluated the accuracy of the filter response by the ratio of the largest 

false positive to the largest true match. The false positives are points of higher responses, 

but it lies outside the region contains many points of higher responses. To know how good 

is the template design, the algorithm is applied to the same images with different 

parameters (different number of templates and different filter size). When using two 

templates (one vertical and one horizontal) and filter size of two, the ratio is 83%, and the 

hill within this array around the true match is relatively small. A ratio of 62% with a hill 

greater than that of the above trial, is obtained with four blood vessels (two vertical and 

two horizontal templates) and a filter size of four. Using six blood vessels (three vertical 

and three horizontal templates) and a filter size of six, leads to a ratio of 47% and a broader 

hill. The best template has a small false positive ratio and a broader hill. It appears more 

blood vessels and larger filter sizes produce better results. Also the study of the results 

indicated that: the probability of a false positive (of a given magnitude) is just likely to 

occur with a filter size of two as with a filter size of six. Also, as more blood vessels are 

used in a template, it is less likely that a false positive will occur. 

 



 

 

 

 

 

 

 

Figure 2.25. The search by two templates using a 5x5 search pattern. The 19th correlation produces the best 

match. 

 

 

 

 

 



Then, a number of the designed blood vessels (with known filter sizes and 

widths), are arranged in a larger template as shown in Figure 2.23.(for two blood vessel 

templates). The search is then begins and the algorithm searches for the location of best fit 

(the location of largest true response). In the subsequent image frame, the last known 

location of the blood vessel is used to define the center of the new search area. The 

algorithm searches this area four the location of best fit, which will correspond to the last 

estimated location in the previous frame. The shifts in the x and y directions are then 

obtained and used in tracking. 

The results of applying this algorithm on our data are shown in Figures 2.26-2.28. 

In Figure 2.26, the result of applying the algorithm on a manually-shifted image by ten 

pixels in the x-direction and ten pixels in the y-direction. The estimated shifts are the same 

i.e. ten pixels in the x-direction and ten pixels in the y-direction. Figure 2.26 is the result of 

applying this algorithm on an actual data. The current frame is shifted with respect to the 

reference frame. The results is  44 pixels in the x-direction and 9 pixels in the y-direction, 

which is very near to reality since the other methods result (for the same image) in a shift 

of 43 pixels in the x-direction and 9 pixels in the y-direction and this is more accurate when 

aligning the two images. Figure 2.28 shows bad results of that algorithm when applied to 

another actual data. The position of maximum response in the reference frame does not 

correspond to the position of maximum response in the subsequent frame. And hence, the 

estimated shifts do nor result in a good registration. 

 

 

 

 

 

 

 

 



a. Reference image and the position of maximum response 

b. The shifted image and the position of  maximum response 

c. The shifted image registered to the reference image. 

Figure 2.26. Real-time tracking of a user-shifted image 



a. The reference image and the position of maximum response 

b. The current image and the position of the maximum response  

c. The current image registered to the reference image 

Figure 2.27 Real-time tracking of actual data 



a. The reference image and the position of maximum response 

b. The subsequent image and the position of maximum response 

Figure 2.28. Bad result of detecting corresponding points by blood vessel template matching  

 

 

 

 

 



Chapter 3 

Materials and Methods  

3.1 Introduction 
This chapter covers the different components and aspects of designing the real-

time retinal tracking algorithms. It starts with the description of the materials used in this 

work and the system of data acquisition, which is used to get the retinal images. Then it 

introduces the methods proposed by this work to segment the retinal images and preparing 

a database for the retinal image, which will be used as a reference image. This reference 

image will contain the locations to which laser will be directed during laser 

photocoagulation. The methods proposed to track the retina in real-time will be presented. 

These include some methods based on some of the previously discussed method of 

registration. 

3.2 Materials and data acquisition system 

A block diagram of the data acquisition system is presented in Figure 3.1. The 

retinal images used in this work were acquired using a TOPCON TRC-501A fundus 

camera. All images collected for this work were acquired with the camera adjusted at 50˚ 

mode (this corresponds to the field of the eye seen by the camera) and with the red-free 

illumination mode. A Sony Charge Coupled Device (CCD) video camera was attached to 

the eyepiece of the fundus camera to make the images collected using the fundus camera 

available in standard video format. The video output from the CCD camera was interfaced 

to a Micron PC (700 MHz processor, 128Mbytes of RAM) through a video digitizer card. 

The retinal images captured by this setup may be one of the three possible types. The first 

type is gray level images in the normal case, (i.e., no injected dye). In this type of images, 

the blood vessels appear as dark objects on a bright background. The second type is gray 

level images with brighter blood vessels relative to a darker background. This type of 

images is obtained when the patient is injected with the IndoCyanine Green dye. The third 

type is the colored images that appear with the true colors of the retina. The images  were 

captured to the memory of the computer system by means of a software package called 

Image Net. This package can capture either individual frames or real time video sequences. 

The size of the frame is 640x480 pixels of either colored or gray level images. The images 

were saved on a hard disk for further processing.  



 

 

 

 

 

 

 

Figure 3.1 A block diagram of the data acquisition system 

 

 

 

 

 

 

 

 



The eyes of the patient were dilated and he was asked to fixate his eyes during the 

imaging by looking to a fixed light and holding his head to the fundus camera. Several 

aspects of retinal images in general and live video retinal images in particular, make 

automated processing difficult. First the images are highly variable. The naturally high 

variability of fundus images between patients is widely acknowledged. The variability of 

live images is specially high due to unavoidable movements, and the difficulty of 

providing steady illumination. For instance, the need arises to process image frames that 

are dim, out of focus, motion blurred, or captured with optical effects such as glare or non 

uniform illumination. During photography, the skilled user quickly refocuses the camera 

for optimum illumination for each picture. Any images with insufficient illumination or 

excessive glare are simply discarded.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



3.3 Algorithms for segmentation and tracking of retinal images 

In this work, we designed some image processing algorithms that will be used as a part of the automated laser system for retinal 
tracking. These algorithms include: (1) Algorithms to process the reference frame, in which the sensitive objects will be segmented 
and the positions of laser shots will be determined. (2) Algorithms for retinal image registration that will be used to update the 
positions of laser shots to their proper locations in the subsequent image frames. 

Reference frame processing 

The reference frame is an image frame that must be chosen carefully. This frame 

must contain the central area of the retina in which the laser shots will be distributed. The 

reference frame as well as all other frames is preferred to be of adequate contrast in order 

to segment the sensitive objects accurately. The sensitive objects to be segmented are the 

blood tree, the optic disc, the macula, and the region between the optic disc and the 

macula. These objects should be avoided during laser treatment to prevent the hazards that 

may arise. In the following, the segmentation of these objects is described. Then, the 

location determination of the positions of laser shots is explained. 

3.3.1 Segmenting the blood vessel tree 

The most known procedure that were used to detect the blood vessel boundaries 

and cores were presented in chapter 2. The recent one of these methods is contour 

detection using deformable models or snakes. [23]-[25] A snake is an active contour model 

that is manually initiated near to the contour of interest. This contour model deforms 

according to some criteria and image features to finally stay to the actual contour(s) in the 

image. An active contour is based on a parameterized contour v(s), but is normally 

represented by a discrete set of points or snaxels{v1,v2,…….vn}, with vi = (xi,yi). Closed 

contours are obtained by making the contour periodic, e.g. by setting v(0) = v(1) in the 

parametric form or v1 = vn+1 in the discrete form. Each snaxel has two neighbors (in the 

closed case), and otherwise at least one neighbor. An energy function is formulated to 

obtain an estimate of the quality of the mode in terms of its internal shape, and external 

forces e.g. underlying image forces and user-constraint forces. The energy function 

integrates a weighted-linear combination of the internal and external forces of the contour: 



This energy function can be regarded as the compromise between internal and external 

contour shape quality. Moving the snaxels leads to a change in energy, which transforms 

the segmentation problem into an optimization task. The continuous energy function ε is 

usually discretized by replacing the integrals by summation, leading to a discrete energy 

function ε*. In equation (3.1), εinternal represents the internal energy of the contour with 

respect to elastic deformations and the bending of the snake: 

 

The first order derivative term vs(s) makes the snake behave like a membrane and 

represents the elastic energy of the contour. The second order derivative term vss(s) makes 

the snake act like a thin plate and represents the contour bending energy. Decreasing 

αelasticity allows the contour to develop gaps, while increasing αelasticity  increases the tension 

of the model by reducing its length. Decreasing αbending allows the active contour model to 

develop corners, and increasing αbending increases the bending regidity, making the contour 

smoother and less flixible. Setting either of the weighting coefficients to zero permits first 

and second order discontinuities respectively. [25]  

The derivatives in equation (3.2) could be approximated by finite differences. [27] 

The first order elasticity term then becomes  

This elasticity term minimizes the distance between the snake points, causing the active 

contour model to shrink during the optimization process in absence of appropriate external 

image or constraint forces. Analogously, the second term minimizing the bending of the 

active contour model can be discretely approximated by  

Equation (3.4) is made under the assumption that the snaxels of the active contour model 

are evenly spaced. As this might not be always the case, they have proposed to subtract the 
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continuity term from the average distance ||d—|| of the snaxels, as otherwise the energy 

expression will be larger for points which are farther apart. [26]  This hard constraint 

forces the point to be more evenly spaced, and avoids a possible contraction of the snake: 

The external energy term εimage represents the energy due to image forces like lines, edges 

and terminations of line segments and corners. In [27], the following image energy terms 

are suggested, consisting of a weighted-sum of the terms. 

Here, we are interested in detecting the edges of the blood vessels so we consider the edge 

energy term only. The simplest discrete edge functional can be used by setting  

Where: L represents the intensity or luminance of the image. The negative sign produces 

low energy values for high gradient values. Squaring the gradient narrows the edge 

response. 

There are many energy terms that represent the user constraint terms. It differs 

according to the case and the image under processing. From these, The spring force that 

allows the user to attach the springs between points of the contours and fixed positions in 

the image plane, and is defined as: 

This term attracts contour points vi to a point x in the plane, with αspring as the spring 

constant. Depending on the sign of αspring, the active contour model is attracted by the 

spring or repelled, in which case the reverse effect of a volcano force takes place. 

Active contour models are active because the minimization of its energy 

functional causes the model to change dynamically. The slithering movement of the 

contour during the minimization process is the reason why they are also called snakes. The 

deformation of the active contour is controlled by an optimization or energy minimization 

process. The greedy algorithm developed by Williams and Shah in [26] is a very stable, 

fast and flexible optimization technique for active contour models. This algorithm lets the 

contour deform in an iterative process. At every iteration, the algorithm searches the 

neighbors of each point on the contour for the point that has the minimum energy value. 

This point of minimum energy will be taken as the new point on the contour. Figure 3.2 

illustrates a local 8x8 pixels neighborhood of the greedy algorithm. 
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Figure 3.2 Greedy optimization and local neighborhood search. The energy function is evaluated 

at vi
(t-1) and each of its neighbors, using the points v(i-1)

(t) and v(i+1)
(t-1) for computing the 

internal terms. The location with the lowest energy is chosen to be the new position vi
(t). 

 

The energy function for the current location of vi
(t-1) and each of its neighbors is 

computed under consideration of the adjacent contour points vi-1
(t) and vi+1

(t-1). The location 

with the smallest energy value is chosen as the new position vi
(t) . Note that vi-1

(t) has 

already been updated to its new position in the current iteration over the contour, while 

vi+1
(t-1) will be updated next. So, all contour points are sequentially updated within one 

iteration. The process is repeated until no or minimal changes occur. Then, the contour 

reaches to its steady state position of minimum energy. This resting position will be at the 

edges of the blood vessel tree. 

In applying deformable models to retinal images to detect the boundaries of the 

blood vessel tree, the initial contour has to grow and converge to the edges of the blood 

vessel tree. The contour growth could be achieved by interpolating the points on the 

contour. Different authors used different types of interpolation. For example, this can be 

performed by taking the middle point v between two points (vi , vi+1) such that {v = (vi + 

vi+1)/2} as in [25], or using space partitioning either through marching cubes or 

triangulation. [24] The latter gives more satisfactory results but it takes much longer time 

Also, in order to obtain useful results, many constraints and user interactions are needed, 

which limit the practicality of the procedure. In this work, we tried to minimize the number 

of the required computations and making the process as close to being automatic as 



possible at the highest attainable accuracy. So, we studied the effect of the internal energies 

and compared it with the effect of the external energy (edge energy in this case) to make 

sure that the effect of the external energy will be dominant. The image was convolved by a 

Sobel operator in both the horizontal and the vertical directions. The magnitude of the 

result, which represents the edge value, was taken to represent the external energy of the 

contour. Instead of selecting a single point having the minimum energy (i.e., maximum 

edge value) from the neighborhood of each snaxel, we search the neighboring points of 

each snaxel and extract all the points having a value above certain threshold as new points 

on the contour. This not only deforms the contour but also makes it grow. The obtained 

contour can be thinned to one pixel thickness, but in our work we need to obtain safety 

margins around the blood vessels. [40] [41] Figure 3.3 shows an example of applying this 

algorithm on a red-free image in the normal case. Figure 3.3.a presents the original image 

with the initial contour appearing as a small circle near to the edges of a blood vessel. The 

rest of this Figure shows the deformation and growth of the contour. Figure 3.3.b-d show 

the contour after one, fifty, and hundred iterations respectively. Figure 3.4 illustrates that if 

we initialize a contour away from a true edge, it will vanish. This property could be 

utilized in selective detection of some boundaries and neglecting the others. In Figure 

3.5.a, we initialize the contour around the edges of a pathologic area to selectively detect 

the margins of this area. The result of demarcating the pathologic area is shown in Figure 

3.5 b. 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

a. initial contour      b. contour shape after one iteration 

 

 

 

 

 

 

 

c. contour shape after 50 iterations    d. contour shape after 100 iterations 

Figure 3.3. Detecting the blood vessel boundaries using active contour 

 

 

 

 

 

 

 

a. the initial contour away from a true edge   b. no contour detected  

Figure3.4 Contour vanishing 



 

 

 

 

 

 

 

 

 

a. initial contour near to a pathologic area   b. the pathologic area is demarcated 

Figure3.5. Using deformable models to detect different contours  

 

 

 

Approximately the same result was obtained when we let the constants α elasticity and 

α bending equal to zero. Also we neglect the term of user constraints because it hasn’t a 

reasonable effect on images collected for this work. Hence, the computation requirements 

are reduced greatly and this accelerates the process and saves the time. The snake now 

deforms according to the image energy (i.e., the edge energy). Neglecting the internal 

energy terms may lead to discontinuities in the contour, but we can overcome this problem 

by initiating multiple contours. [40] 

Instead of manual initialization of contours, the whole image was covered 

automatically with an initial set of small contours called seed contours (see Figure 3.6). 

[24] During the contour iteration convergence and growth, the seed contours that lie within 

the areas of poor edges shrink until vanishing. The others will merge and/or split (the 

merging of the contours get ride of the discontinuities that may result) until recovering a 

continuous description of all edges that pass certain threshold. This threshold changes with 

every iteration to allow faster and more accurate convergence. This process is repeated 

until no changes occur during a given iteration. This process leads to the complete 

detection of all small vessels in addition to the boundaries of the larger ones. In this 



method of contour detection, we need only to initialize one parameter. The global 

maximum edge value is divided over this parameter to get the threshold “t” above which 

we extract all the local neighboring points that pass this value to be new points on the 

contour. Since this is applied only for the reference image frame, we can begin with a 

parameter of value 10 and observe the result. According to the observed result, we can 

decide to increase this value or decrease it. The process continues until no changes occur. 

Then the parameter value is divided over 2 and the above described method is repeated 

until no changes occur and the parameter value reaches to one. At this point the boundaries 

of the wide vessel as well as the whole areas of small ones are detected. This method not 

only deforms the contour but also makes it grow and no discontinuities appear on the 

detected contour because of the multiple initial contours. [40] (See Appendix A). 

As mentioned above, the whole areas of small blood vessels and only the 

boundaries of the wide ones could be detected using the previously described active 

contour models. So, the core area of the large blood vessels should be detected. The 

intensity values across a blood vessel are usually assumed to have a Gaussian distribution. 

On the other hand, the small segments usually have repeated intensity values. [28] So, 

correlating the image with two-dimensional filters of suitable size (e.g., 16x15) constructed 

from two one-dimensional Gaussian filters in two perpendicular directions can be utilized 

to match the segments across the blood vessel as described in chapter 2. This process 

provides reasonable results but it requires a large number of computations to detect all 

vessels. In particular, the filter has to be applied in twelve different directions to be able to 

detect vessels in all possible directions. In this work, we only need to obtain the core of the 

wide vessels. Therefore, we only have to correlate the image with two one-dimensional 

Gaussian filter in the vertical and the horizontal directions. This reduces the computational 

complexity of the original technique to a great extent and makes it practical for clinical 

applications. [40] Figure 2.11.a shows the one-dimensional filter used to detect the core of 

the wide blood vessels. The result of detecting the boundaries of the blood vessel tree is 

shown in Figure 3.6. Figure 3.6a. shows the grid of seed contours. The detected boundaries 

are shown in Figure 3.6b. The result of core detection by a one-dimensional matched 

Gaussian filter is shown in Figure 3.6c. 

 

 



 

A pseudo-algorithm for extracting the blood vessel tree 

1 Begin 

2 Let R be the image to be segmented, T a threshold, H = 3x3 array of ones & C 

= contour image 

3 I = Smooth( R ) 

4 I = Sobel(I)         ; extract the edges using the Sobel operator 

5 Initiate a grid of seed contours in C  ; contours of value one in a zero 

background 

6 TT = max(I)/T 

7 Do until T reaches to 1 

1 Do until no changes occur 

1 Dilate C by H 

2 C = C AND (I > TT) 

3 I = min(I) at C = 1 

4 TT = max(I)/T 

2 T = T/2 

8 End contour detection.    

9 Let F = [4 3 2 1 –2 –5 –6 –5 –2 1 2 3 4] , Th a threshold 

10 I = convol( R, F) 

11 I = I > Th 

12 I = I+C 

13 End. 

 

 

 

 



 

 

 

 

 

 

 

 

 

a. the grid of seed contours    b. the detected blood vessel contour 

 

 

 

 

 

 

 

c. the core of the wide vessels    d. the segmented blood vessel tree 

Figure 3.6. Segmentation of the blood vessel tree 

 

 

 

 

 

 

 

 



3.3.2 Segmenting the optic disc and the macula 

The optic disc was segmented using the Hough transform, which is well known as 

a robust method to extract circular objects as described in chapter2. Also, as mentioned in 

chapter 2 the macula was detected by a region-growing algorithm since it is the most 

homogeneous area near the optic disc. Figure 2.16a and b shows the result of demarcating 

the optic disc and the macula in a normal image (no injected dye) and in an image of a 

patient injected with the IndoCyanine Green dye. 

 

3.3.3 Determination of locations of laser shots 

After extracting all of the sensitive objects, mentioned above, that must be avoided 

during laser treatment, a binary image was composed containing these objects. This image 

was dilated by a square structuring element of dimensions 7x7 to maintain safety margins 

around these sensitive areas. The locations of shots were determined and spaced in the 

background. These locations were stored in the database of the patient and get updated 

with every successive image frame. [35]. Figure 3.7 shows the locations of laser shots and 

its distribution in the background of the retina but away from the sensitive objects. 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

a. the locations of laser shots in a normal image 

 

 

 

 

 

 

 

 

 

 

 

b. the locations of laser shots in an ICG image 

Figure 3.7 The distribution of the locations of laser shots away from the sensitive objects. 

 

 

 



3.3.4.Updating positions of laser shots by image registration 

An image containing the positions to which laser will be directed is now available 

as a result of reference frame processing. During laser treatment, these positions should be 

updated according to the eye movements and saccades. Position updating process must be 

achieved on-line, in time period less that that of the saccadic movement, and with the 

maximum accuracy. Image registration algorithms can be used for this task. As mentioned 

in chapter 2, image registration may be done either by similarity detection or by detecting a 

number of points (landmarks) in the reference frame and their corresponding points in the 

subsequent image frames. 

3.3.4.1 Image registration by similarity detection 

Similarity detection is the detection of similar patterns in two or more different 

image frames. There are two methods by which similar patterns can be detected in different 

image frames. In the first method, a window from the first frame is chosen such that it 

contains the pattern to be matched in the second frame. Then, the second frame is 

correlated by that window. A correlation coefficient or normalized correlation methods 

described in the previous chapter can be used to get the position of the similar pattern. The 

position of maximum response is the position of the similar window. The motion 

parameters between these two positions are used to register the two image frames. In the 

retinal images, the motion parameters are the shifts in the x and y directions and the 

rotation of one image frame with respect to the other. In the second method, the second 

frame is scanned by the window such that, the window is aligned on a similar size region 

and shifted pixel by pixel until the whole image is scanned. The absolute difference 

between the window and the underlying region is calculated at each position. The position 

of minimum response is taken as the position of similar window. The window must be 

chosen carefully to minimize the probability of error (see Figure 2.20).  

In this work, we selected two points as landmarks and the patterns similar to the 

patterns around them were obtained. The first point is the center of the optic disc, which 

had already been estimated during the processing of the reference frame. A window was 

taken around this point. The subsequent image frame was correlated by this window using 

one of the previously described correlation methods. The result was searched for the 

position of the maximum value. The maximum value and its position were saved. The 

window was then rotated by 5˚ and a small region around the position of maximum 



response, was correlated and again the result was searched for the position of maximum 

response, which were also saved. Again the window was rotated by -5˚ and the process 

was repeated. Finally, the position of the maximum response value of the three maximum 

responses was taken as the similar optic disc center. The reason of rotating the window by 

5˚ and -5˚ is that the rotation of the retinal image (if exists) is very close to and never 

exceeds 5˚. [19] During the processing of the reference frame, the user is asked to select a 

landmark point at a branch of large vessel. A window was taken around this landmark and 

the similar landmark was detected in the subsequent image frame. Then, we had two 

landmarks in the reference frame and their similar points in the subsequent frame. The 

point of the center of gravity of the two points was estimated in the reference frame and in 

the subsequent frame. The sift in the x and y directions and the angle of rotation between 

the two centers of gravity were calculated and a transformation vector V was composed as: 

Where the center of gravity of the two landmarks in the reference frame is c1 = (xc1,yc1), the 

center of gravity of the two landmarks in the subsequent frame is c2 = (xc2,yc2) and the two 

disc centers in the two frames are dc1 = (x1,y1), dc2 = (x2,y2) respectively. 

The positions of laser shots were then transformed to their new positions in the 

subsequent frame using this transformation vector. Figure 3.8a and b show the landmarks 

in the reference frame and their similar points in the subsequent frame. Figure 3.8 c and d 

show the positions of laser shots in the two frames. The images in Figure 3.8 are of actual 

shifts and rotation. Since all of the collected data have no rotation between different image 

frames (which is also stated in some references), we manually shifted a frame and rotated it 

to validate the result of this algorithm in case of the existence of rotation between two 

image frames. Figure 3.9 illustrates the result of applying the above described algorithm on 

two images with a shift and rotation between them. [40] 

 

)9.3(















=

θ
y

x

t
t

V

)10.3(tantan

,

,,

22

221
2

11

111
1

21

2121









−
−

=







−
−

=

−=

−=−=

−−

xx
yy

and
xx
yy

yytxxt

c

c

c

c

ccyccx

θθ

θθθ



 

 

 
a. 2 landmarks and their center of gravity in the               b. 2 landmarks and their center of gravity in the  
reference frame     subsequent frame  

 

 

 

 

 

 

 

c. positions of laser shots in the reference frame          d. positions of laser shots in the subsequent frame 

Figure 3.8. Updating the positions of laser shots using a similarity detection algorithm 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
a. 2 landmarks and their center of gravity in the               b. 2 landmarks and their center of gravity in the  
reference frame     subsequent frame 

 

 

 

 

 

 

 

 

 

 

 

c. positions of laser shots in the reference frame          d. positions of laser shots in the subsequent frame 

Figure 3.9. Updating the positions of laser shots using a similarity detection Algorithm 

 

 



3.3.4.2 Image registration by detecting sets of corresponding points 

In the previous section, a method to get a transformation vector to register two 

image frames (and hence, updating the positions of laser shots) is described. This method 

has two drawbacks: the first is the manual selection of a landmark point (carefully), which 

is always not preferred by the user. The second is the high probability of error and hence 

the failure of the process, because matching of the landmark point may result in a 

dissimilar point as shown in Figure 2.20.  So, if we can detect greater number of similar 

points, the probability of error will be reduced. But if we detect similar points using 

similarity detection by correlation or minimum absolute error, it will take too much time, 

which makes the process unsuitable for real-time task. A method to get the transformation 

vector from the comparison of corresponding pairs of points is presented in [32]. In this 

method, the edge points in the two image frames are detected (using one of the edge 

detection algorithms). It is assumed that there are some points in the first frame that have 

corresponding points in the second frame. Let n be the number of edge points in the first 

frame, then the total number of pairs of edge points is N:  

Similarly, let m be the number of edge points in the second frame. Therefore, there could 

be “P” possible pair to pair comparisons: 

In order to reduce the computational cost, only those combinations of pairs of edge points 

are considered which satisfy the following constraints: 

1. It is assumed that no magnification exists between different image frames (i.e., 

no scale change) 

2. Difference of lengths between candidate line pairs should be less than certain 

threshold, because if the considered pairs are the matched pairs, then the distance 

between edge points of the first pair should be equal to the distance between edge 

points of the second pair. Let T1be the threshold value. 

3. In order to be considered as a line segment, the distance between two pixels 

should be greater than a threshold value. Let T2 be the threshold value.  
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For example, let x1, x2 and x3 be the edge points in the first image frame and xx1 and xx2 be 

the edge points in the second image frame. The distances between these edge points are 

shown in Figure 3.10 by d1, d2, d3 and dd. The total number of possible combination is 3. If 

d1<T2, only two pairs can be used (having distances d2 and d3) from image a for matching 

purposes. As shown in the Figure, d3 is almost equal to dd (i.e., |dd- d3| < T1 and |dd- d2| > 

T1). Thus the line segment d2 (may be a fictitious line in reality) in image a may indicate a 

match for dd in image b. This shows that the number of possible combinations is reduced 

significantly, saving computations and increasing accuracy. The angle of rotation is 

calculated from these two pairs by measuring the difference of the slopes of the two lines. 

Really, the two image frames have more edge points, all those possible combinations of 

pixel pairs, which satisfy the constraints are taken, and angles are calculated for all these 

cases. The number of occurrence of all such rotation angles is recorded, and the angle 

which occurs the maximum number of times, can be taken as the correct rotation. 

 

Figure 3.10. Illustration of constraints used to select edge points in two 

image frame a and b. Of all possible three combinations, only one 

satisfies the given constraints. 

 

 

 

When applying this method to retinal images collected for this work, numerous 

edge points were detected. The higher number of edge points increases the probability of 

false corresponding points, which in turn leads to a transformation failure. To decrease the 

probability of failure, the edge points should be chosen such that there is high probability 



of the presence of corresponding points in the two image frames. So, the proposed 

algorithm in this work tries to detect some points or candidate landmarks that satisfy 

certain conditions in the reference image frame. The same conditions are used to detect 

another set of candidate landmarks in the subsequent image frame, which increases the 

probability of the presence of corresponding points. If the image is convolved with a one-

dimensional Gaussian filter ƒ, (ƒ =[4 3 2 1 –2 –5 –6 –5 –2 1 2 3 4]), and pixels of values 

that pass certain threshold are considered, then the result will be a binary image that 

contains white core of the blood vessel tree in a dark background.  (see Figure 3.11b) If 

this binary image is thinned to one pixel thickness, the result will be as shown in Figure 

3.11c. As mentioned in chapter 2, points at branching and crossovers can be taken as good 

landmarks that can be detected in all image frames and hence, one can detect 

corresponding points from these points. Detection of such points can be done in many 

ways. One way is to measure the dispersion in a window of known size as described in 

section (2.6.1), but as mentioned by the authors of this algorithm [19], all landmarks 

detected in the reference frame may not have corresponding landmarks in the subsequent 

image frame and hence this is an unsuitable algorithm. Another way is to extract the 

points, which are the centers of Y-shaped pattern in all possible directions from the thinned 

image (see Figure 3.11c). This method requires greater computation efforts, since one need 

to convolve the image with a window containing the Y-shaped arrangement of white pixels 

and the process should be repeated in many directions. In all methods of landmark 

detection, there are many false landmarks detected with the true ones. In this work, a new 

method is proposed to extract the points at branching and crossovers to be candidate 

landmarks in minimum time and with lowest number of false points. [41] Then, these 

points will undergo some refinement algorithm to estimate the higher number of true 

corresponding points. The transformation vector can be composed from the relations 

between these sets of corresponding points. Finally the locations of laser shots can be 

transformed by this transformation vector to their new positions in the subsequent frame. 

The proposed algorithm proceeded as follows.  

 



a. Reference image 

   b. core of blood vessel tree 

 
c. thinned core of blood vessel tree 

Figure 3.11 extracting a 1-pixel thickness core 



The goal is to calculate the transformation vector V = [xshift yshift θ]T. The core 

of the blood vessel tree is detected and thinned to one pixel thickness as described above. 

As shown in Figure 3.11c, the points at branching of the vessels have one of the Y-shaped 

pattern (shown in Figure 3.12) around it. The Y-shaped pattern may be rotated slightly to 

another directions. If a window of size 5x5 is taken around each branching point, then this 

window will contains at least seven points of value one. So, the white points that have at 

least six points in the 5x5 region around it are taken as candidate landmarks. These points 

will include the points at branching and crossovers, since the points at crossovers have 

more than six points in the 5x5 region around it. Points of slightly rotated Y-shaped pattern 

will also be included. Some false points will be detected, as is the case in most of the 

algorithms that are used to detect landmark points. [41] Figure 3.13 a. shows the candidate 

landmark points detected using this algorithm in the reference frame. And the candidate 

landmarks detected in the subsequent frame are shown in Figure 3.13b.  

The optic disc center in the reference frame (refxc,refyc) is already detected. The 

similar optic disc center in the subsequent frame (subxc,subyc)  is detected by correlating 

the subsequent frame by a window around (refxc,refyc) from the reference frame. The 

detection of the similar optic disc center is always successful, because the pattern around 

the optic disc center is not repeated any where in the image. Every center is assumed to be 

a point of origin in its frame. If the number of the candidate landmarks in the reference and 

subsequent frames are n and m respectively, then n pairs can be composed from these n 

points and the optic disc center (refxc,refyc) in the reference frame. In the same way m pairs 

can be composed in the subsequent frame. Then nxm pairs to pair are compared to 

calculate the transformation vector. The number of comparisons are reduced from (n(n-

1)/2)(m(m-1)/2 to nxm pair to pair comparisons. Since the rotation (if exist) of retinal 

image frames with respect to each other is close to and never exceeds 5˚, only rotations in 

the ranges (|4.5|< θ >|5.5|) and (θ <|0.5|) are considered. The ranges are widened to 

compensate for the change in the extracted center of rotation. The angles of rotation 

between every two possible pairs are calculated as the difference in slopes of the two pairs. 

Only pairs that have angle of rotation between them in the ranges above will be considered 

in the remaining calculations. In the reference frame, the pixels (refxi,refyi)  composing 

these pairs with the point of origin are rotated by their corresponding θi using the 

transformation matrix: 



 

 

Figure 3.12 Some of the different shapes of branching points 

 

 

 

 

 

 



 

 

 a. Candidate landmarks in reference frame 

b. Candidate landmarks in subsequent frame 

Figure 3.13. Detection of candidate landmarks 

 

 



The result (xi,yi) are then checked against the candidate pixels in the subsequent 

image frame by 

If єxi and єyi are less that certain threshold T, then the points (refxi,refyi) and 

(subxi,subyi) are corresponding points. The threshold T is taken as minimum as possible, 

since it is used only to compensate for round error and floating point calculation. This 

method extracts small number of corresponding landmarks around the optic disc center. 

[41] To increase the number of corresponding points, the rotation of the points (refxi,refyi) 

by equation (3.12) is canceled and replaced by another calculations. As the retina is 

assumed to move rigidly (this is true except in case of retinal tears), the distance between 

two points is constant in all image frames. So, instead of rotating the points by the matrix 

in equation (3.12), the distance between every point in (refxi,refyi) and the point of origin 

(refxc,refyc) in the reference frame is calculated as: 

 

Also, the distance between every point in (subxi,subyi) and the point of origin (subxc,subyc) 

in the subsequent frame is calculated as: 

 

The difference between these distances are calculated as: 

If єdi is less than T then the points (refxi,refyi) and (subxi,subyi) are corresponding points. 

[41] The two sets of corresponding points (landmarks) detected using this algorithm are 

shown in Figure 3.14 a and b.  
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a. Landmarks in reference frame 

 
 b. Landmarks of subsequent frame 
Figure 3.14. Two sets of corresponding landmarks 
 

 

 

 



Then, the sifts in the x and y directions between every two corresponding 

landmarks are then calculated as: 

And the corresponding angles of rotation are extracted from the above estimated values. 

Then the shift in the x and y directions and the angle of rotation of maximum occurrence 

are taken to compose the transformation vector V. The center of rotation is calculated as 

the center of gravity of the points landmarks in the reference frame. 

The locations of laser shots determined previously, are then transformed using the 

estimated parameters, by first rotating them by the estimated angle around the estimated 

center of gravity. Then these locations are shifted by the estimated shifts. The result of 

transforming the locations of laser shots of the reference frame shown in Figure 3.15 a is 

shown in Figure 3.15b. 

A pseudo-algorithm for detecting candidate landmarks 

1 Begin 

2 Let R be the reference frame, S subsequent frame, F = [4 3 2 1 –2 –5 –6 –5 –2 1 2 

3 4], T a threshold & RefMarks and SubMarks are the reference and subsequent 

candidate landmarks repectively 

3 Extract (RefXc,RefYc) using the Hough transform  ; (RefXc,RefYc) is the optic 

disc center in the reference frame 

4 Extract (SubXc,SubYc) using correlation ; (SubXc,SubYc) ) is the optic disc 

center in the subsequent frame 

5 R = convol ( R , F) 

6 R = R > T 

7 Thin R to one pixel 

8 RefMarks = where(R = 1 AND has 6 neighbors = 1) 

9 Repeat steps 5-8 for S and SubMarks 

10 RefMarks = n points & SubMarks = m points 

11 End. 
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A pseudo-algorithm for detecting corresponding landmarks 

1 Compose n vectors from n RefMarks w.r.t. (RefXc,RefYc) 

2 Compose m vectors from m SubMarks w.r.t. (SubXc,SubYc) 

3 θref = angle of each of the n vectors with the x-axis 

4 θsub = angle of each of the m vectors with the x-axis 

5 θ = θref  - θsub 

6 Extract the vector pairs that have θ in the range { |4.5˚| < θ > |5.5˚| & θ < |0.5˚| } 

7 For the extracted pairs; dref = sqrt((RefXc – RefX)2 + (RefYc – RefY)2) 

8 dsub = square root of ((SubXc – SubX)2 + (SubYc – SubY)2);   (RefX,RefY) & 

(SubX,SubY) are the candidate landmarks in the reference and subsequent frame 

respectively 

9 Extract the vector pairs that have dref  = dsub 

10 Extract the corresponding points (RefX,RefY) & (SubX,SubY) 

11 End. 

A pseudo-algorithm for parameter estimation and tracking 

Form the corresponding points (RefX,RefY) & (SubX,SubY) 

1. Extract the pairs that have θ of maximum occurance  

2. Calculate X-shifts and Y-shifts for every two corresponding points 

3. X-shift = mean(X-shifts) & Y-shift = mean(Y-shifts) 

4. X-Cg = mean(SubX) & Y-Cg = mean(SubY)     ; (X-Cg,Y-Cg) is the center of 

rotation 

5. S = Rotate(S, θ) around (X-Cg,Y-Cg) 

6. S = shift(S,X-shift,Y-shift) 

7. End. 

 

 

 



a. Locations of laser shots in reference frame 

 

b. Locations of laser shots in subsequent frame 

Figure3.15. Transforming locations of laser shots 

 

 
 



Chapter 4 
Results and Discussion 

4.1 Introduction 
In this chapter, the results of this work will be reported and discussed at the 

different stages of the algorithms proposed to process and track the retinal images. The 

results of the previous work will also be discussed. A comparison between the previous 

work results and the results of the proposed algorithms will also be introduced. Samples of 

retinal images are used throughout the chapter to illustrate the effects of the different image 

processing algorithms proposed for the task of retinal tracking. 

4.2 Results of segmentation step 

As mentioned in the previous chapters, the segmentation of the retinal images is 

required to extract sensitive objects that should be avoided during laser treatment. These 

objects include: 1) the blood vessel tree which is the most important one because it 

bifurcates and spreads in the whole image. 2)  The optic disc which is a circular structure 

that is well delineated and identified. 3) The central area of acute vision which contains the 

macula and the fovea inside it and, 4) the region between the macula and the optic disc. 

In this work, the planning of the laser treatment is the main goal of the 

segmentation step. After extracting the previously mentioned sensitive objects, a binary 

image is composed which contains the sensitive objects as white objects in a dark 

background. In this dark background, the locations of laser shots are to be determined. To 

be sure that the sensitive objects will be away from the laser shots, the extracted objects are 

dilated to give safety margins.  

The algorithm proposed to segment the contour of the blood vessel tree is a simple 

form of the active contour models or snakes that is designed to be suitable to the nature of 

the retinal images. The benefit of this algorithm is the higher accuracy with no user 

interaction as is the case in the active contour models. The algorithm extracts the contour 

of the blood vessel tree with minimal amount of noise as it clear from Figures 4.1 through 

4.4. This is because the seed contours initiated away from a true edge shrinks until 

vanishing. This leads to the detection of true contour while neglecting the others because 

of the threshold used is related to the maximum edge value. The number of calculations are 

reduced greatly as the internal energy term is set to zero because its effect is minimal with 

respect to the effect of the external energy term as the study (on the data collected for this 



work) indicated. The algorithm requires the initiation of one parameter (threshold value) 

only. Because segmentation is done only in the reference frame, there is no problem to 

choose the suitable value of the threshold by trial. When the internal energy term becomes 

zero, the discontinuity appears in the detected contour. But the contour of the blood vessel 

tree must be continuous. The automatic initiation of a grid of seed contours that covers the 

whole image solves this problem, because these seed contours split and/or merge until 

covering the whole image. The resultant contour is not of one pixel thickness as is the case 

in the traditional active contour models, but this is not a problem in this work since the 

segmented objects should be thickened to provide safety margins. 

Since this algorithm extracts the small vessels and only the contours of the wide 

one, a core extracting algorithm is used for this purpose. The image is correlated by a one- 

dimensional Gaussian filter in two perpendicular directions instead of two-dimensional 

filter in twelve different directions. This reduces the time and computation effort greatly. 

The optic disc and the macula are segmented using the previously mentioned 

methods. The Hough transform, which is well known as a robust technique to segment 

circular objects is used to segment the optic disc. It gives good results with the cases of 

normal disc appearance. The cases of abnormal disc appearance are very rare. The disc 

appears as an elliptical structure in these cases. This problem will be considered in future 

work, because no data were available for these abnormal cases.  

The macula is the most homogeneous area near the optic disc. The region growing 

algorithm is the most suitable methods to extract such a region. The dimensions to which 

this region will be extracted are optional to the physician because it depends upon the 

degree of the disease. In the images introduced here to illustrate the results of this 

algorithm, the dimensions were chosen to be one and half times the diameter of the optic 

disc. 

Figure 4.1 - 4.4 show the results of the segmentation step on different retinal 

images with different types and different  conditions of photography. 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

a. Original image (ICG image) 

 

 

 

 

 

 

 

 

 

 

b. Segmented objects. 

Figure 4.1 the result of segmenting an ICG image 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

a. Original image (normal image) 

 

 

 

 

 

 

 

 

 

 

b. The segmented objects  

Figure 4.2. The result of segmenting a normal image 

 

 



The image shown in Figure 4.1 is of normal appearance. Because the patient was 

injected with the IndoCyanine Green dye, the blood vessels appear brighter than the 

background. This injection of dye leads to an image with high contrast, which in turn leads 

to good segmentation results as shown in Figure 4.1. All of the sensitive objects are 

segmented accurately and the background is clear.  

The image shown in Figure 4.2 is also a normal case. The patient of this image 

was not injected with the dye. So, the blood vessels appear darker than the background. 

The images with no injected dye usually have low contrast than the ICG images. The 

proposed algorithm works well on the ICG images as well as on the normal images. Due to 

the non-uniform illumination, the intensity distribution inside the wide vessels may not be 

near to Gaussian. So, extracting the core by Gaussian filter may not lead to good result and 

hence a dark line appears splitting some of the vessels as shown in Figure 4.2. But this is 

not a problem in this work because the segmented objects will be dilated to provide safety 

margins as mentioned above. 

Figure 4.3a shows an ICG image of a diseased case. The blood vessels and the 

background have abnormal appearance. The result of segmentation is shown in Figure 

4.3b. The affected areas in the background affect the accuracy of segmentation but the 

result is acceptable. The macula appears smaller in the original image and hence in the 

segmented image because of the bad illumination and conditions of photography. 

The image shown in Figure 4.4a is without ICG dye, so the blood vessel tree 

appears darker than the background. Although the illumination is not uniform, the contour 

of the blood vessel tree is extracted accurately. The problem of the splitted core is present 

here, but the dilation of the segmented objects will overcome this problem. 

Figure4.1 – 4.4 illustrated that in all cases the segmentation leads to a clear 

background (i.e., with minimal number of false contours). This benefit makes this 

algorithm more suitable than the algorithms described in chapter 2. Since, in the algorithms 

described in chapter 2, to extract small vessels many of the false contours (noise) appear in 

the background and this will limit the number of laser shots that will be spaced in the dark 

background of the binary image. 

Table 4.1 shows the parameters used in segmenting these four images and the 

time taken in the segmentation. 

 



 

a. Original image 

 

b. The segmented image 

Figure4.3. Result of segmenting the retinal image 

 

 



 

 

 

a. Original image 

b. Segmented objects 

Figure 4.4. The result of segmenting the retinal image 

 

 



Image T1 No of iterations T2 Time consumed 

Figure 4.1 

Size 640x480 
pixels 

7.0 52 

82 

84 

-500 4.1 second 

Figure 4.2 

Size 640x480 
pixels 

9.0 98 

191 

193 

194 

-500 7.8 second 

Figure 4.3 

Size 640x480 
pixels 

6.0 48 

86 

88 

-500 3.7 second 

Figure 4.4 

Size 640x480 
pixels 

9.0 72 

175 

177 

178 

-500 7.1 second 

Table 4.1 segmentation data 

 

Table 4.1 shows the data of segmenting the four images shown in Figures 4.1-4.4. 

T1 is the threshold initiated in detecting the contour of the blood vessel tree. The given is 

its initial value. The maximum edge value in the image is divided by T1 and the pixels of 

edge values greater than the result of division are taken as points on the contour until no 

changes occur in the first stage. The new threshold value is then equal to T1/2, and the 

second stage begins. The process is repeated until the threshold value reaches one. The 

number of iteration done until no changes occur at every stage is given in the third column. 

T2 is the threshold used in core extraction. The value of -500 gives better results with 

almost all of the images and this was induced experimentally. A micron p.c. of 700 Mega 

Hertz speed was used in the processing. The time consumed with every image is given in 

the fifth column. The time depends upon the value of T1 and the number of iterations at 

each stage, which in turn depends on the amount of vessels in the image. The four figures 

illustrate the proper segmentation of the optic disc in all images. 

 

 

 



4.3 Results of laser shots location determination  

The locations of laser shots are determined in the reference frame. These locations 

should be away from the sensitive objects. So, in the binary image, the sensitive objects are 

dilated and the positions of laser shots are spaced in the area of the reference image 

corresponding to the background of the binary image. The locations determined for laser 

shots in many images are shown in Figures 4.5 4.13, part c. 

4.4. Results of image registration and tracking 

Two algorithms are proposed for retinal image registration and tracking. The first 

is the detection of two sets of two similar points in two subsequent image frames by 

normalized correlation, estimating the transformation vector from the relation between 

these two sets of similar points, and finally transforming the locations of laser shots by this 

vector. The second is the detection of two sets of corresponding points in the reference 

frame and any subsequent image frame. In this case the transformation vector is composed 

from the motion parameters that have the maximum occurance estimated from the relations 

between every pair of the corresponding points. 

4.4.1 Results of tracking by detecting a similar pair of points 

As mentioned in the chapter 3, the detection of two pairs of similar points may 

lead to failure of the registration and hence the tracking. This is because the user is asked 

to choose a landmark to be used with the optic disc center. Since this point must be at 

vessel branch, the similar point in the subsequent image frame may be out of the range of 

the captured image due to sudden shift for example. Also, the correlation by the window 

around this landmark may give false similar point because the pattern around this landmark 

may be repeated. Figure 2.20 shows an example of detecting false similar point by 

normalized correlation. But, if the landmark is chosen carefully, the similar point will be 

detected with high degree of accuracy. Figure 4.5 and 4.6 show the result of applying this 

algorithm on two different images. The example shown in Figure 4.5 is an image without 

injected dye. All of the images collected for this work do not have any rotation between 

different image frames (this is mentioned by many authors). So, this image is shifted by 

(10,5) pixels in the x and y directions and rotated by 5˚ around the central point of the 

image. The algorithm is applied on this image and the result parameters are shown in table 

4.2. The shifts and rotation were manually made to demonstrate the validation of the 

algorithm in case of rotation. 



 

 

 

 
a. 2 landmarks and their center of gravity in the               b. 2 landmarks and their center of gravity in the  
reference frame     subsequent frame 

c. positions of laser shots in the reference frame          d. positions of laser shots in the subsequent frame 

Figure 4.5. Updating the positions of laser shots using a similarity detection Algorithm 

 

 

 

 

 

 



 

 

 

 
 

a. 2 landmarks and their center of gravity in the               b. 2 landmarks and their center of gravity in the  

reference frame 

 

c. positions of laser shots in the reference frame          d. positions of laser shots in 

the subsequent frame 

Figure 4.6. Updating the positions of laser shots using a similarity detection Algorithm 

 

 

 

 



The example shown in Figure 4.6 is an example of two image frames with actual 

motion parameters. The subsequent frame is taken after the reference frame by 1.2 

seconds. The parameters of the transformation vector are shown in Table 4.2. Table 4.2 

shows the results of applying this algorithm on the examples presented in Figure 4.5, 4.6, 

3.8 and 3.9 respectively. These results were obtained using a micron p.c. with 700 mega 

hertz processor. 

 

Image x-shift y-shift Angle of rotation Center of rotation time 

Figure 4.6 

640x480 

-1 

pixels 

1 

pixels

0.1˚ (318,326) 0.7 

seconds 

Figure 4.5 

640x480 pixels 

9 

pixels 

6 

pixels 

5.08˚ (342,245) 0.71 

second 

Figure 3.8 

640x480 pixels 

14 

pixels 

1 

pixels 

-0.2˚ (351,274) 0.7 

seconds 

Figure 3.9 

640x480 pixels 

10 

pixels 

6 

pixels 

4.97˚ (335,231) 0.7 

seconds 

Table 4.2 Some results of registration and tracking by correlation 

 

 

As shown in Table 4.2, the transformation vector of the image shown in Figure 

4.5 is [9  6  5.08˚]T while the original image is shifted and rotated manually by [10 5 5˚]T to 

obtain the subsequent image. The image shown in Figure 3.9 has the transformation vector 

[9 3 4.97˚]T, while the original image is manually shifted and rotated by [10 5 5˚]T. The 

small changes in the actual values and the estimated values of shifts and rotation are 

compensated by the change in center of rotation, since the rotation was done around 

(320,240) while the estimated centers of rotation are (342,245), (299,244) respectively. 

The time consumed during the estimation of parameters and position updating is 

about 0.7 seconds on a 700 mega hertz micron p.c. The previous work described in chapter 

2 takes 1 second on a sunny workstation (as mentioned by the authors) and 5.0 seconds on 

the 700 mega hertz micron p.c. 



4.4.2 Results of tracking by detecting two sets of corresponding points 

In this work, the proposed algorithm to register and hence track the retinal images 

is based on detecting a set of candidate landmarks in the reference frame. And in the 

subsequent frame, it detects another set of candidate landmarks using the same criteria. 

Finally, the algorithm extracts two sets of corresponding landmarks from these candidate 

landmarks. From the relation between every corresponding pair of the landmarks, the 

algorithm estimates the shifts in the x and y directions and the angle of rotation that have 

the maximum occurance to compose the transformation vector, which is used in the 

tracking purpose. Although the detection of candidate landmarks depends on the simple 

geometry in the image, it gives better results than that depends upon the dispersion 

measure. As mentioned in chapter 3, the candidate landmarks are chosen as the points that 

have a Y-shaped pattern around it. But, what actually done is extracting the points that pass 

a certain number of white pixels around it in certain size window. Although this method 

estimates the required points as well as many false points, it is considered as an advantage 

but not a disadvantage, because it saves two much time, and the false points will be 

cancelled during the extraction of corresponding landmarks. The use of the distance 

between two pixel pairs (equation. 3.14-16) in extracting the corresponding points instead 

of rotating the points by the matrix in equation 3.12, saves two much time and leads to 

greater number of corresponding points. Some of false corresponding points are detected 

using this method, but also this is not a problem. Because the shifts in the x and y 

directions and the angle of rotation are calculated as those of maximum occurance and 

usually the number of false landmarks is less than that of the true ones, the estimated shifts 

and angle are true. The following figures and table of results illustrates the validation of 

this method of registration and tracking. The mathematical method used to validate the 

transformation gives low error values, which indicates that the transformation is 

successful.  Figure 4.7 and 4.8 show an example of estimating corresponding landmarks 

and position updating using theis algorithm. In these two examples, the original image is 

shifted and rotated manually to test the algorithm. The estimated transformation vector is 

very close to that used manually. In the two examples shown in Figures 4.9 and 4.10, the 

misregistration between the reference frames and their corresponding subsequent frames,   

is actual. The two subsequent frames in the two examples were taken one second after the 

reference frames. Figure 4.11-4.13 present an example of one case with a reference and 

three subsequent frames. The data of this case and the previous cases are given in table 4.3. 



 

 

 

a.  Landmarks of reference image frame         b. landmarks of subsequent image frame 

 

 

c. Locations of laser shots in reference image frame        b. locations of laser shots in subsequent frame 

Figure 4.7 Detection of corresponding landmarks and position updating 

 

 

 

 

 



 

 

 

 

 

a. Landmarks of reference image frame                          b. landmarks of subsequent image frame 

 

 

c. Locations of laser shots in reference image frame           b. locations of laser shots in subsequent frame 

Figure 4.8 Detection of corresponding landmarks and position updating  

 

 

 

 

 



 

 

 

 

 

 

a. Landmarks of reference image frame                          b. landmarks of subsequent image frame 

 

c. Locations of laser shots in reference image frame           b. locations of laser shots in subsequent frame 

Figure 4.9 Detection of corresponding landmarks and position updating 

 

 

 

 

 

 

 



 

 

 

 

a. Landmarks of reference image frame                          b. landmarks of subsequent image frame 

 

 

 

 

 

 

 

 

 

 

c. Locations of laser shots in reference image frame           b. locations of laser shots in subsequent frame 

Figure 4.10 Detection of corresponding landmarks and position updating in a low contrast image 

 

 

 

 



The reference frame shown in Figure 4.7a is an ICG image. This frame is shifted 

by (10,5) pixels in the x and y directions respectively, then it is rotated by 5˚ around its 

point of center (320,240), (the image size is 640x480). The corresponding sets of 

landmarks are shown on the two frames. The estimated transformation vector is [-10 –5 

4.59˚]T, and the new center of rotation is (311,245). The change in the shift and rotation 

value is compensated by the change in the center of rotation. Figure 4.8 shows an example 

of a normal image (no injected dye), which is shifted and rotated by the same values of the 

previous example. The estimated transformation vector is [-12 -15  5˚]T. Also, the 

difference between the parameters used actually and the estimated parameters is 

compensated by the change in the center of rotation which is (206,260). Because the 

elements of the transformation vector estimated for example 4.7 is very close to the 

parameters used in shift and rotation, the estimated center of rotation is also close to center 

of the image. But for the example shown in Figure 4.8, the estimated shifts in the x and y 

directions differ from those used actually, and this is compensated by the great difference 

in the center of rotation, although the estimated angle of rotation is the same as that used 

actually.  It is clear from the arrangement of locations of laser shots in the original and 

misregistered  images, in the two examples, that the transformation is successful.  

Figure 4.9 and 4.10 give another two examples of actual data. The subsequent 

image frames shown in Figures 4.9b and 4.10.b were taken one second after the reference 

ones shown in Figures 4.9a and 4.10a. Looking to the example shown in Figure 4.9, one 

can see no shift or rotation between the two frames. But applying the algorithm gives a 

transformation vector V = [0 –1 0˚]T.  Even if there is no shift and the algorithm gives one 

pixel shift in one direction, this does not affect the accuracy of the process because the 

extracted sensitive objects are dilated by more than one pixel to provide safety margins. 

The image shown in Figure 4.10 is an example of low contrast image that gives very bad 

results with the correlation method. The image frame in Figure 4.10b. has a great shift in 

the x direction as it is clear from the figure.  Applying the proposed algorithm gives a 

transformation vector V = [43 9 0˚]T. It should be mentioned that this examples gives the 

same shifts when using the algorithm described in section 2.7 of the blood vessel template. 

As shown from the figure, the corresponding landmarks are good without false 

corresponding points and the locations of shots are transformed successfully.  

 

 



 

 

 

 

 

    a. . Landmarks of reference image frame                          b. landmarks of subsequent image frame 

 

c. Locations of laser shots in reference image frame           b. locations of laser shots in subsequent frame 

Figure 4.11 Detection of corresponding landmarks and position updating in a low contrast image 

 

 

 

 

 



 

 

 

 

 

 

a. . Landmarks of reference image frame                          b. landmarks of subsequent image frame 

c. Locations of laser shots in reference image frame           b. locations of laser shots in subsequent frame 

Figure 4.12 Detection of corresponding landmarks and position updating in a low contrast image 

 

 

 

 

 



 

 

 

 

a. . Landmarks of reference image frame                          b. landmarks of subsequent image frame 

 

c. Locations of laser shots in reference image frame           b. locations of laser shots in subsequent frame 

Figure 4.13 Detection of corresponding landmarks and position updating in a low contrast image 

 

 

 

 

 



In Figure 4.11 through 4.13, we give an example of applying the proposed 

algorithm to an image that have three subsequent image frames taken one second after each 

other. As shown in these Figures there are some shifts between every image frame. Each of 

the subsequent frames gives a set of landmarks that correspond to a different subset of the 

set of candidate landmarks of the reference frame. All of these subsequent frames have no 

rotation with respect to the reference frame because the estimated angle of rotation is zero. 

The estimated shifts in the x and y directions, between each of these subsequent frames and 

the reference one are (13,2), (2,11) and (-5,14) pixels respectively.  

 

Image x, y shifts θ  C  n, m L True False Time 

Figure4.7 size 

640x480 pixels 

11,5 5˚ (331,222) 247,307 82 77 5 0.3 

second 

Figure4.8 size 

640x480 pixels 

5,2 4.5˚ (293,297) 350,309 46 41 5 0.3 

second 

Figure4.9 size 

640x480 pixels 

0,-1 0˚ (267,152) 608,522 57 43 14 0.32 

second 

Figure4.10 size 

343x296 pixels 

43,9 0˚ (231,188) 123,304 4 4 0 0.11 

seconds

Figure4.11 size 

640x480 

13,2 0˚ (381,198) 331,203 24 21 3 0.28 

seconds

Figure4.12 size 

640x480 

2,11 0˚ (367,209) 331,304 38 37 1 0.3 

seconds

Figure4.13 size 

640x480 

-5,14 0˚ (327,254) 331,248 39 38 1 0.31 

seconds

Table 4.3 result of applying the tracking algorithm on seven image samples 

 

Table 4.3. shows the result of applying the proposed tracking algorithm on seven 

image samples with different properties.  In the table, θ is the estimated angle of rotation, 

C is the estimated center of rotation calculated as the center of gravity of the true 

landmarks in the subsequent frame, n,m are the numbers of candidate landmarks detected 



in the reference and subsequent frames respectively, L is the number of corresponding 

landmarks between the two image frames, true is the number of true corresponding 

landmarks, false is the number of false corresponding landmarks, and time is the time taken 

to estimate the transformation vector and updating the locations of laser shots to their new 

positions. The true corresponding landmarks are those have the shifts and rotation of 

maximum occurance between their pairs. While the false landmarks are those estimated as 

corresponding landmarks but have shifts and angle of rotation that differ from the 

estimated values. 

Studying the distribution of the positions of laser shots in the reference frames and 

in the subsequent frames, it can be observed that they are distributed away from the 

sensitive objects and maintain their relative positions after transformation, which indicates 

that the transformation is successful. This is true for the algorithm of detecting two similar 

points (i.e., one corresponding pair) by correlation and also for the proposed algorithm of 

detecting two sets of corresponding points.  

A comparison between the results obtained by different tracking algorithm when 

applied to the same images should be introduced. Considering the images mentioned in 

Table 4.3: 

The first image is manually shifted and rotated by [10  5  5˚]  and the center of rotation is 

(320,240). The result of applying the algorithm of registration by correlation is shown in 

Figure 3.9, the obtained transformation vector is V = [10  6  4.97˚] and the center of 

rotation is (335,231), and the time consumed is 0.7 seconds. The elements of V is very 

close to the values used to shift and rotate the reference frame manually.  The results of the 

proposed algorithm of detecting two sets of corresponding landmarks  is shown in Figure 

4.7. The obtained transformation vector is V = [11  5  5˚] and the center of rotation is 

(331,222) which is also very close to the values used actually. The time consumed is 0.3 

second. Looking to the transformed positions of laser shots, one can decide that the two 

algorithms are successful.  

The second image also is shifted and rotated manually by [10  5  5˚] around the center of 

rotation of (320,240). The result of the correlation algorithm is shown in Figure 4.5. The 

obtained vector is V = [9  6  5.08˚] and the center of rotation is (342,245) and the time is 

0.71 seconds. The results of the corresponding points algorithm is shown in Figure 4.8 , the 

vector is V = [5  2  4.5˚], the center of rotation is (293,297) and the time consumed is 0.3 



seconds. The obtained shifts are reduced greatly but this is compensated by the great 

difference in the center of rotation. The results shown in Figure 4.5 and 4.8 indicates that 

the two transformation vectors are equivalent despite the change in their values. 

The following images are of actual shifts and rotation (i.e., each of these example presents  

two image frames taken one after the other for one patient). 

The third image: The result of correlation method is shown in Figure 4.6 the obtained 

values are V = [-1  1  0.1˚], the center of rotation is (318,326) and the time taken is 0.7 

seconds. The results of the proposed algorithm is shown in Figure 4.9 and the obtained 

values are V = [0  -1  0˚], the center of rotation is (267, 152) and the consumed time is 0.32 

seconds. 

The fourth image: The correlation algorithms did not give a successful transformation with 

this image because it is difficult to choose a good landmark as the contrast is very low. The 

result of the proposed algorithm is shown in Figure 4.10. The obtained values are: V = [43  

9 0˚]. It is necessary to mention that “ no significance is needed to mention the center of 

rotation when the obtained angle is zero degree. When applying the algorithm of blood 

vessel template describe in chapter 2 section 2.7, the obtained shifts are 44 and 9 pixels in 

the x and y directions which is very close to the values obtained by the proposed algorithm. 

The result of the blood vessel template is shown in Figure 2.27.  

The image shown in Figures 4.11 through 4.13 is an example of one image with a 

reference frame and three successive frames. The result of applying the correlation method 

to the reference and the first successive frame is shown in Figure 3.8. The obtained values 

are: V = [14  1 –0.2˚], the center of rotation is (351,274) and the time taken is 0.7 seconds. 

The result of applying the algorithm of corresponding points is shown in Figure 4.11. The 

obtained values are: V = [ 13  2  0˚] and the consumed time is 0.28 seconds. 

The transformation obtained by the algorithm of detecting landmarks by 

dispersion measure (described in chapter 2 section 2.6) failed with all of the cases and this 

is because the five most similar points detected in the reference frame do not have 

corresponding points in the subsequent frame. The authors mentioned that this may occur. 

The algorithm of blood vessel template described in section 2.7 gave good shifts 

with the two examples shown in Figures 2.26 and 2.27. The results obtained by the authors 

were on an image shifted manually as they mentioned.  

 



4.5 Discussion 

The proposed segmentation technique performs fast and accurate segmentation on a 

reference frame. Its result is better than the previously published algorithms in that, it 

gives clear background (no false contours or noises) while extracting the small vessels. 

It is considered as a simple form of the snakes because it rejects the internal energy term 

as well as the user constraints term, which reduces the computational time greatly. The 

disadvantage of this algorithm is that, it extracts the large vessels (when the illumination 

is not uniform) as splitted vessels. But in this work this is not a problem, because we 

apply image dilation, which removes this splitting. 

 The proposed tracking algorithm is considered well with respect to the previously 

published algorithms since it takes less time and gives accurate results. The algorithm 

has a drawback, that is, it does not work on scale changes in the image, but we can 

overcome this problem by fixating the patient eyes and the conditions of photography.  

Generally, the proposed techniques can be used in the task of real-time retinal tracking, 

because of its accuracy and minimum processing time when compared to other 

techniques.  

 

 

 

 

 

 

 



Chapter 5 

Conclusions and Future Work 
5-1 Conclusions 

A new computerized technique for laser treatment planning was proposed. The new technique performs 

fast segmentation on a reference frame and use fast registration to compute the segmented images of the 

sequence of images acquired during the treatment. This enables fast tracking of retinal structures and 

ensures proper administration of the treatment in case of eye movement.  

Although the main and major contribution of this work is in the tracking stage, 

there is another contribution to the preceding stage. The contribution made in the stage 

leading to the tracking stage is vital to location determination. This provides a great time 

reduction in the real-time tracking stage, since only these locations will be transformed to 

their new coordinates in the following image frames. We proposed a new segmentation 

technique to extract the sensitive objects in the retinal images and distribute the locations 

of laser shots in the background. The main stage is retinal image registration and tracking 

to update the locations of laser shots. The conclusions of this work are thus unlimited to 

the tracking stage. A list of conclusions are given below as follows: 

1. A new segmentation algorithm is proposed and it extracts the blood vessel tree 

accurately. 

2. This algorithm is preferred to other algorithms because it extracts the small 

vessels without the extraction of false contours or noise in the background. 

3. This algorithm reduces the number of calculations (used in the active contour 

models) and hence the time of segmentation. 

4. The proposed segmentation algorithm help the physician to locate the 

positions of laser shots automatically instead of the manual location described 

in. [35] 

5. Segmentation and location determination is achieved in the reference frame 

only, which allow the physician to add or delete some shots location. 

6. A new method is proposed for retinal image registration. This method is based 

on detecting two sets of corresponding landmarks in the reference and any 

following frame. 



7. The umber of the false corresponding landmarks is always smaller than that of 

the true number. 

8. Many of the detected corresponding points lie at the branches of the vessel. 

9. The extracted transformation parameters are always close to the actual values. 

5.2 Future work 

Based on the work done and the experience gained, we propose some possible 

points for future work as follows: 

1. Considering the retinal images of the abnormal cases in which the optic disc 

shape is affected. We will try to extract abnormal shapes of optic disc using 

suitable algorithms. 

2. The work done is to be realized in the future through the implementation of 

the hardware. 

3. The movement of the eye will be tested to know the speed at which the retina 

moves and hence calculating the time and the corresponding pixel shifts in 

the retinal images. 

4. As the retina is part of a spherical surface, the retinal images will be handled 

as three-dimensional images. The results of the proposed algorithm and the 

results that will be obtained from considering the three dimensional images 

will be compared and the better algorithm will be considering in 

implementing the system. 
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