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ABSTRACT 

 

      Early detection of structural damage to the optic nerve head (ONH) is critical in 

diagnosis of glaucoma, because such glaucomatous damage precedes clinically 

identifiable visual loss. Early detection of glaucoma can prevent progression of the 

disease and consequent loss of vision. The Gold standards of glaucoma detection imclude 

visual field test, intraocular pressure monitoring and stereo fundus photography. Stereo 

fundus photography is routinely used to detect subtle changes in the ONH. However, 

clinical evaluation of stereo fundus photographs suffers from inter- and intra-subject 

variability. Even the sophisticated optical instruments like the Heidelberg Retina 

Tomograph (HRT) have not been found to detect glaucoma any earlier than visual field 

loss.  

  A semi-automated algorithm for quantitative representation of the optic disc and 

cup contours by computing accumulated disparities in the disc and cup regions from 

stereo fundus image pairs has already been developed using advanced digital image 

analysis methodologies. This method demonstrates high correlation among computer-

generated and manually segmented cup to disc ratios in a longitudinal study. However, 

clinical usefulness of the proposed technique can only be tested by a fully automated 

algorithm. In this thesis, a fully automated algorithm for segmentation of optic cup and 

disc contours from corresponding stereo disparity information is presented. The system 

developed and presented in this thesis, takes only a stereo pair of fundus images as input 

and generates cup and disc contours automatically along with the three-dimensional 

visualization of the Optic Nerve Head in true color. Because this technique does not 

involve human intervention, it eliminates subjective variability encountered in currently 

used clinical methods and provides ophthalmologists with a cost-effective and 

quantitative method for detection of ONH structural damage for early detection of 

glaucoma.  
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CHAPTER I 

INTRODUCTION 

 

 Glaucoma is an eye disease that can steal sight without warning. The optic nerves 

are responsible for carrying information from the eyes to the brain. The onset of 

glaucoma damages these vital nerves, causing vision damage. In the initial stages, the 

damage is limited to peripheral vision loss. If left untreated, it can further result in central 

vision loss and finally total blindness. Unfortunately, glaucoma remains unnoticed until it 

causes significant vision problems and is the leading cause of blindness in the US [1]. If 

treatment is given at an early stage, the patient’s useful vision can be extended for many 

years. The key to prolonged vision lies in detection of the disease at an early stage. 

 

1.1 Glaucoma detection 

Ophthalmologists use various techniques for diagnosis of glaucoma, the most 

popular being visual field test, intraocular pressure monitoring, ophthalmoscopy and 

fundus photography. In the latter, the ophthalmologists use a stereopter to view the three-

dimensional structure of the Optic Nerve Head (ONH) from a pair of stereo fundus 

images. With the help of this view, they mark out contours corresponding to optic disc 

and optic cup on one of the images, as shown in Figure 1.1.  

 

 

 
 
 
 
 
 

Figure 1.1 A fundus image showing contours marked by an ophthalmologist 

Optic  
Disc 

Optic  
Cup 
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An increase in the cup-to-disc ratios for a patient over years of successive visits is 

an indicator of the progression of glaucoma. The three-dimensional view helps 

ophthalmologists to study other ONH features such as nerve fiber layer loss. In addition, 

some clinics also use recently developed sophisticated optical instruments like the 

Heidelberg Retina Tomograph (HRT), the Optical Coherence Tomograph (OCT) and 

others. The following sub-sections discuss some of the diagnostic techniques prevalent in 

ophthalmology clinics. 

 

1.1.1 Heidelberg Retina Tomograph (HRT) 

The Heidelberg Retina Tomograph (HRT) is a sophisticated system for diagnosis 

of glaucoma. Designed by Heidelberg Engineering GmbH (Heidelberg, Germany), the 

HRT uses confocal laser scanning and acquires three-dimensional images of the posterior 

eye segment. The depth information is generated by focusing a laser beam on the 

posterior segment on a point-by-point basis. This is done by using the setup shown in 

Figure 1.2.  

 
Figure 1.2 Principle of HRT based on confocal laser microscopy 
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The focal plane is fixed at a certain depth from the light source using the objective 

lens. The laser beam is deflected in two dimensions across the focal plane with the help 

of scanning mirrors. Reflected intensity values for each point on the plane are collected 

by the laser beam detector. The focal plane is then moved to a different depth, and the 

same procedure is repeated. The two-dimensional image obtained at a focal plane 

represents an optical section. A series of such optical sections is collected and used to 

infer three-dimensional information. The optical sections are stacked together to form a 

layered three-dimensional image. As shown in Figure 1.3, intensity profiles are created 

for each point in the optical section using the intensity values along the perpendicular 

focal axis. The focal plane for which the intensity is maximum is used to derive the 

height of the corresponding location in the optical section. 

 

Figure 1.3 Depth calculations in HRT 

The above process results in a matrix of the same size as an optical section with 

values representing the depth of each pixel location. This information is used to generate 

a pseudo-color depth map, as shown in Figure 1.4. Also shown in the figure is a 

reflectance image obtained by integrating the intensity profiles for each pixel location on 

the optical section [2]. A point worth mentioning here is that none of these images 

x z 

y 

(x,y)

z 

intensity 

   maximum position  
= height at (x,y) = Zxy 
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represent true color information that would be useful for the study of the nerve fiber 

layer.  

(a) Color-coded depth map from HRT (b) Integrated depth map from HRT 

 
(c) Color code showing elevation and depression with respect to the light source 

Figure 1.4 Images for depth analysis provided by HRT 

The actual depth analysis provided by HRT offers a significant advantage. 

However, to date, HRT has proven useful only for analyzing progression of glaucoma in 

longitudinal studies. It has not been able to detect glaucoma any earlier than visual field 

tests. The identification of regions of interest (mainly the optic cup and the optic disc) is 

interactive (not automatic) and requires supervision by a clinician [3]. This introduces 

subjectivity in the disc region analysis, and therefore, the analysis provided by HRT may 

not be accurate for all cases. Also, the high cost associated with HRT makes it less 

affordable for many ophthalmology clinics.  
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1.1.2 Optical Coherence Tomography (OCT) 

Introduced in 1991, Optical Coherence Tomography (OCT) is capable of 

achieving sub-micrometer resolution. Because of the cross-sectional imaging capabilities 

it offers, OCT is best suited for tissue imaging. In the context of glaucoma, it is mainly 

used for analyzing retinal nerve fiber layer loss. Based on the principles of Optical 

Diffraction Tomography (ODT), it is also capable of inferring depth. Various OCT 

products use differing scanning schemes to acquire retinal data. Figure 1.5 shows the 

optical setup for the single point OCT. It achieves the two-dimensional intensity values 

by moving the object laterally using a micro-electro-mechanical system scanner. The 

depth information is acquired by coherence-gating through an axially scanning reference 

arm [4].  

 

Figure 1.5 Principle of single point OCT 
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Like HRT, the OCT produces numerical values corresponding to various 

stereometric parameters. However, the drawbacks of using OCT for glaucoma diagnosis 

are its limited depth penetration and lack of true color data. Figure 1.6 shows an ONH 

profile acquired using a Stratus OCT [5]. 

 

Figure 1.6 Optic Nerve Head analysis using Stratus OCT 

 

1.1.3 Gold standard tests 

In addition to HRT and OCT, there are many other sophisticated optical 

instruments that are used in clinics including Glaucoma Diagnosis (GDx) and Discam. 

However, the gold standard tests defined for glaucoma detection include intraocular 

pressure monitoring, visual field test and stereo fundus photography. The intraocular 

pressure monitoring uses tonometry to determine if the eye pressure is elevated. An 

increased pressure is indicative of glaucoma. For analyzing the visual field loss, a light 

point is presented in a predetermined location sequence in a lighted bowl and the patient 

is asked to press a button when s/he sees the light point. The responses are analyzed 

statistically and compared with a database of normal responses. All deviations from the 

normal are marked and designated as field defect areas. The stereo photography method 

is used by clinicians to sketch the cup and disc contours (refer to Figure 1.1). These 

contours, and hence, the diagnosis may vary from one clinician to another. If used for 

comparative studies, this method would not be capable of detecting minor topography 
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changes in the ONH region that could require medical attention. Even though these tests 

have been popular, they have not been very effective in detecting glaucoma prior to the 

onset of vision loss. These diagnosis techniques are subjective and may suffer from inter-

observer and intra-observer variability.  

 

1.2 Problem Statement 

Despite advances in the field of optical instrumentation, most ophthalmologists 

still rely on their analysis of stereo fundus images for diagnosis and assessment of 

glaucoma. The modern instruments can provide them with important patient data. But no 

system has proven to be a fool-proof solution for glaucoma diagnosis. While the HRT is 

not fully-automated and does not give true color information, the OCT has limited depth 

resolution. The visual field tests (using Frequency Doubling Technology) are helpful in 

detecting visual field loss. However, vision loss occurs only after 50% nerve damage, 

when it is too late to start treatment providing maximum benefit to the patient. There is, 

therefore, a need to develop a comprehensive system that would aid ophthalmologists by 

detecting glaucoma before vision loss. To avoid introducing any subjectivity in the 

analysis, such a system should be fully automated. The system proposed in this report is 

an improvement on the current stereo fundus image analysis. It is an attempt to overcome 

the subjective variability by making the analysis automated and free of manual 

intervention. 

 

1.3 Previous work 

A semi-automated method using digital image analysis to evaluate disparity in 

stereo fundus images that computes cup-to-disc ratios and corresponding depth maps has 

already been developed [6,7,8]. This method demonstrates high correlation between 

manual and computer-generated parametric ratios while greatly reducing the subjective 

variability. Proposed by Corona et al., it is an effective way of interpolating depth from a 

stereo pair of two-dimensional images. The image acquisition system is assumed to be 

non-convergent. Following this arrangement, the depth in the scene is inversely 



 8

proportional to disparity. The first step of the proposed method is vertical registration of 

the stereo fundus pair, which is done on feature enhanced images obtained by unsharp 

masking, thresholding and median filtering. The vertical registration is a two-fold 

process, which involves rigid registration and warping registration. The process of rigid 

registration uses a Fourier spectrum-based correlation technique for correction of 

rotational shifts between the images. Translational shifts are compensated by using the 

locations of Power Cepstrum peaks. Warping registration is used to correct the images for 

geometric distortions. The control points required for this process are found using a 

correspondence search based on cross-correlation, Power Cepstrum and Zero Normalized 

Cross Correlation (ZNCC). A locally weighted mean method is used to infer 

transformations between control points. The mapping hence obtained is then used to warp 

one image with respect to the other.  

After registration, the images pass through a disparity search algorithm, yielding a 

disparity map. The horizontal disparity, which is directly related to depth, is determined 

using the Zero Mean Cross Correlation (ZNCC) between windows of the two images. 

Finally, a disparity map is generated using dynamic programming to build a surface that 

has the maximum sum of accumulated ZNCC coefficients. Based on iso-disparity 

contours on this map, the contours closest to physicians’ contours are selected manually 

to correspond to the computer-generated cup and disc contours. The cup and disc 

contours generated for one set of stereo fundus images are shown in Figure 1.7. The 

physician’s contours are also superimposed on the same image in order to show a 

comparison between the two sets of contours. 
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Figure 1.7 Optic cup and disc segmentation by Corona et al 

 

1.4 Proposed approach 

The method described above shows high correlation with the physicians’ findings 

in terms of cup to disc ratios. However, it is semi-automatic and not entirely free of 

manual intervention. For effective clinical use, a fully automated algorithm is developed 

and described in this report. The input is a stereo pair of fundus images and output is the 

retinal image with cup and disc contours from disparity analysis, suitable for computing 

and monitoring stereometric parameters in longitudinal studies. Another important 

outcome of this process is the three-dimensional visualization of the Optic Nerve Head 

region, which enables a better understanding of retinal topography. This technique builds 

on the previous one, making the results automated and repeatable.  
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1.4.1 Background 

The depth of a scene holds important information. Two-dimensional imaging 

loses this information. However, stereo imaging can be used to extract the depth 

information from a scene. If two or more images of the same scene are acquired using 

different camera positions, the shift between the reference image and the other images 

(known as disparity) can be used to extrapolate depth. The stereo pair of images can be 

acquired by using a convergent (Figure 1.8) or a non-convergent system of imaging.  

 

Figure 1.8 Convergent stereo imaging system 

If a convergent system is implemented, the depth in the scene is inversely 

proportional to the sum of disparity and an offset. The depth of a world point with respect 

to the camera is given by 

( )
0

21 Z
Bfxx

Bfdepth
+−

≈ ’ (1.1)

where B is the baseline or the separation between the two cameras, f is the camera focal 

length, Z0 is the distance from the world point to the image plane when disparity for that 

point is zero, and x1 and x2 are projections of the world point on the two image planes. 

Optical Axis 
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However, if the angle of view is very small, the imaging system can be approximated to 

be non-convergent (Figure 1.9).  

 

Figure 1.9 Non-convergent stereo imaging system 

The depth in a non-convergent system can be estimated as 

( )21 xx
BfZ
−

= ’ (1.2)

where B, f, x1 and x2 have the same annotation as in equation 1.1. In this case, the depth 

of a world point is inversely proportional to its disparity. The non-convergent system is a 

good approximation of the clinical stereo imaging system. Provided that stereo images 

are calibrated, absolute depth can be calculated. However, in the absence of information 

regarding baseline, camera focal length and resolution, the disparity can only be used to 

give a relative depth estimate, which is a scaled version of the absolute depth.  
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1.4.2 Overview of methodology 

For the most part, the methodology described above is similar to the work shown 

by Corona et al. The stereo pairs of ONH images have been acquired in RGB color space, 

using a Zeiss fundus camera at the ophthalmology clinic of the Iowa School of Medicine. 

These images present the projections of the three-dimensional ONH taken from two 

different views of the camera.  Assuming a non-convergent camera model, relative depth 

information can be extracted from the disparity in the stereo pair.  Apart from the 

horizontal and vertical shifts inherent in the two images, they also differ in illumination 

levels. To correct the illumination differences, the images must undergo a pre-processing 

step involving illumination adjustment and anisotropic diffusion. The vertical shifts are 

eliminated to a great extent by image registration using a combination of Power 

Cepstrum and frequency spectrum analysis. The horizontal shifts are important because 

they contain all the depth information.  The disparity search is done by matching 

corresponding rows on epipolar lines. The disparity map, which starts with a negative 

disparity value at the center of the optic cup, decreases gradually while moving outwards. 

This complies with the actual ONH structure, with the center of the optic cup being the 

deepest point. The contours are extracted from segmentation of the disparity maps, using 

radial intensity profiling on the accumulated disparity values. The methodology is 

explained in more detail in Chapter 2. 

 

1.4.3 Thesis outline 

Chapter 1 reviewed the current methods of glaucoma detection and presented an 

overview of the methodology used in this project. Chapter 2 describes the details of the 

current implementation of the glaucoma detection system. In Chapter 3, the results of 

automatic cup and disc segmentation are presented along with three-dimensional views of 

the ONH. Chapter 4 lists the conclusions of this study and suggests improvements for 

future work.  



 13

CHAPTER II 

METHODOLOGY 

 

The goal of this project is to develop a consistent system for diagnosis and 

assessment of glaucoma. In order to remove the subjective variability, the semi-

automated algorithm developed earlier must be automated. The method presented here 

improves on the semi-automated algorithm and makes it free of manual intervention. 

Stereo pairs of fundus images are obtained in ophthalmology clinics using an 

approximately non-convergent imaging system (see section 1.4.1). The system takes a 

stereo pair of fundus images as input and automatically generates contours for optic cup 

and optic disc along with the three-dimensional visualization of the retinal features, 

which offers an added advantage to the ophthalmologists.  

     The algorithm described here uses triangulation to find the hidden depth 

information in stereo images. The horizontal shift (known as disparity) between the 

images is found, which is directly related to depth of the scene. These images have been 

acquired over a period of twenty years. Due to imperfect imaging environments, these 

images are not noise-free. The first step is to perform some pre-processing on these 

images so that they can be used for further analysis. The pre-processing step involves 

non-uniform illumination correction and intra-region smoothing. The next step is to 

adjust for misalignments in the stereo pair by subjecting them to rigid registration 

followed by warping registration. However, the images are only aligned vertically. The 

horizontal shift is left untouched because it holds the depth information. The vertically 

aligned pair of images is then used for disparity search by finding correspondences 

between pixels of both images. Once the disparity map has been obtained, it can be 

further processed and used for cup and disc segmentation, using radial intensity profiles, 

and three-dimensional visualization. Figure 2.1 shows an outline of the algorithm used to 

achieve this goal. The individual modules are described in the sections that follow. 
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Figure 2.1 Outline showing the system for automated analysis of ONH  

 

2.1 Image pre-processing 

2.1.1 Non-uniform illumination correction 

In this module of the algorithm, the stereo pair of images is corrected for non-

uniform illumination. The images have varying levels of illumination, because different 

objects in the scene react differently to light source exposure. The illumination 

adjustment cannot be done to images in any of the red, green or blue planes, since 

important information is lost in doing so. Instead, the images are converted to HSV (Hue, 

Saturation and Value) domain, and only the value plane is processed. While hue specifies 

the color type and saturation is indicative of the vibrancy of color, the value plane is 

analogous to the brightness of the color.  Therefore, making modifications on the value 

plane keeps most of the color information intact. The process of illumination correction 

Stereo 
Pair 

Registration Disparity 
Search

Pre-processing

Automated 
Analysis 

Disparity 
map 
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involves background subtraction on the value plane. The background of the luminance 

plane contains varying levels of illumination. However, there is no information that 

separates the background from the image. The background is estimated by convolving the 

luminance plane with low pass filters. To avoid border effects after averaging, filter 

masks of different kernel sizes are used. The mask size ranges from one-sixteenth of the 

image size to one-eighth of the image size. After each iteration of average filtering, the 

border pixels are retained, and the rest of the image is subjected to average filtering with 

a kernel of higher size. Figure 2.2 shows the color-coded version of estimated 

background. 

 

Figure 2.2 Estimated background from one of the stereo images 

        After cropping the borders, the estimated background is subtracted from the size-

adjusted luminance plane of the original image. This operation causes a loss in contrast, 

which is compensated by adding the mean of the original luminance plane to the resultant 

image. The hue and saturation planes are then cropped to be of the same size as the 
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luminance plane and combined together to yield the color image. Figure 2.3 depicts the 

illumination-corrected luminance plane compared with the original luminance plane.  

 

 

(a) Original luminance plane (b) Illumination corrected luminance plane 

Figure 2.3 Result of non-uniform illumination correction 

      As can be seen from the images, the variability in illumination levels is very low 

in the illumination-corrected image as compared to the original image. A comparison of 

intensity profiles for an arbitrarily chosen column (Figure 2.4) emphasizes this 

difference. The profile for illumination-corrected image is flat as compared to that for the 

original image. 
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Figure 2.4 Comparison of intensity profiles for column 200 

 

2.1.2 Anisotropic Diffusion 

The illumination-corrected images are still contaminated with noise. A common 

method of noise removal is low-pass filtering. However, an average filtering operation 

results in blurring of edges and important features in the image. To avoid this effect, 

Anisotropic Diffusion, developed by Perona and Malik [9], is used. This method derives 

its analogy from heat conduction and performs intra-region smoothing instead of inter-

region smoothing. If It represents a family of derived images, the diffusion equation is 

given by 

                                                                                                                                                         

 

where div is the divergence operator, ∇  and Δ represent the gradient and Laplacian 

operators, respectively. The choice of conduction coefficient c(x,y,t) can be such that the 

Laplacian operator has no effect on the edges. This way, intra-region smoothing can be 

achieved while keeping the edges intact. If E(x,y,t) is an estimate of the edges, E(x,y,t) = 

0 for the interior of each region and E(x,y,t) = Ke(x,y,t) at each edge location, where K is 

IcItyxcItyxcdivIt ∇⋅∇+Δ=∇= ),,()),,(( (2.1) 
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the local edge gradient and e(x,y,t) is the normal unit vector corresponding to the edge. In 

order to control the extent of smoothing on edges and interior regions, c(x,y,t) is defined 

as a function of the edge estimate E(x,y,t). Let c(x,y,t) = g(||E||) be the mapping between 

conduction coefficient and the edge estimate, where ||E|| denotes the magnitude of E. To 

achieve smoothing only in the interior region, g(·) has to be non-negative and 

monotonically decreasing with g(0) = 1 (as shown in Figure 2.5). 

 
Figure 2.5 Ideal function for conduction coefficient 

       The intensity gradient is chosen as the edge estimation function, and g(·) is 

empirically chosen as 

( )( )2/)( KIeIg ∇−=∇  ,                                                 

where K is a manually defined constant. Equation 2.1 can be written in a discrete form as  

[ ]t jiWWEESSNN
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 ’                                     

where  0 ≤ λ ≤ 0.25 and N, S, E, W represent North, South, East, West directions 

respectively in the image space. The gradients in the four directions are defined in 

equations 2.4 – 2.7. 

jijijiN III ,,1, −=∇ − , 
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jijijiE III ,1,, −=∇ + , 
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(2.2) 

(2.3) 

(2.4) 

(2.5) 

(2.6) 

(2.7) 
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The differential equation in discrete form (equation 2.3) is solved iteratively. At each 

iteration step, the conduction coefficients are updated using equations 2.8 – 2.11. 
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This method gives rise to border effects. Hence, the image is cropped before using 

it for further analysis. Figure 2.6 shows a comparison between the original image and the 

one obtained after applying Anisotropic Diffusion for intra-region smoothing. The 

resultant image is smoother than the original image, but the edges and important features 

are still sharp. 

 
(a) Original image (b) Image after anisotropic diffusion 

Figure 2.6 Result of anisotropic diffusion 

 

 

 

(2.8) 

(2.9) 

(2.10) 

(2.11) 
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2.2 Image Registration 

After the images have been pre-processed, the next task is to align them properly. 

Due to less than perfect imaging and a slight difference in angle of projection, the two 

images in a stereo pair may not be completely aligned. Horizontal and vertical shifts 

between projections of the same world point will be present. Rigid registration and 

warping registration are used to align the images vertically [8]. The horizontal shift is left 

untouched, because we are interested in the horizontal disparity which holds information 

about the depth. In order to register the stereo pair, the most relevant features such as the 

blood vessels are extracted. This is done using unsharp masking, binarizing and noise-

removal by multiple passes of a median filter. While the rigid registration step corrects 

the stereo pair of images for rotational and translational shifts, warping registration is 

used to compensate for geometric distortions. The process of registration yields a pair of 

stereo feature images that are used for disparity search. The following sub-sections 

discuss rigid registration and warping registration in detail. 

 

2.2.1 Rigid Registration 

The registration process starts with the extraction of prominent features in both 

the images. Even after pre-processing, the stereo pair of fundus images is not noise-free. 

The inherent noise coupled with differences in background can hinder the registration 

process. Hence, registration is done on feature images rather than the original stereo 

fundus pair. The previous techniques used only one plane of the image for registration, 

the green plane [8] or the luminance plane [10]. However, all three planes contain 

important information. As shown in Figure 2.7, the green channel appears to have most 

of the information. But the presence of some details in the other two channels should not 

be ignored.  
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(a) Red channel (a) Green channel (a) Blue channel 

Figure 2.7 Information contained in the three channels of an RGB image 

In the current approach, the gray-scaled versions of the illumination-adjusted 

images are used, so that all channels are considered and no information is ignored. To 

extract features from these images, unsharp masking is used. This operation is defined as 

),(),(),( yxfyxfyxf lps −= , 

where fs(x,y) is the sharpened image, f(x,y) is the original image, and flp(x,y) is the low-

pass filtered version of f(x,y) [11]. The images are then cropped to eliminate border 

effects resulting from unsharp masking. The unsharp masked images are further 

converted to binary images by setting a threshold. Figure 2.8 shows the binary feature 

images obtained. 

(2.12) 
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(a) Left binary feature image (b) Right binary feature image 

Figure 2.8 Binary feature images for registration 

The images obtained above are used to correct for rotational and translational 

differences in the original stereo fundus pair. The adjustment for rotational shifts is done 

using Fourier Transform of both the feature images. According to the properties of the 

Fourier Transform, a rotation in the spatial domain of images results in an equivalent 

rotation in the Fourier spectra. For this analysis, the windowed Fourier Transform is 

applied using a two-dimensional Blackman window. A simple Fourier Transform would 

cause ringing at the edges, known as Gibb’s phenomenon. By multiplying the data with a 

window function (such as the Blackman window), the discontinuity at the edges is 

attenuated, and the ringing effect is reduced. Equation 2.13 shows the definition of the 

one-dimensional Blackman window, 
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where M is the order of the system function polynomial [12]. A two-dimensional 

Blackman window obtained using the above equation is shown in Figure 2.9. 

(2.13) 
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Figure 2.9 Two-dimensional Blackman window 

To determine the rotational shift between the images, one image is taken as the 

reference, and the other is rotated in small angular steps. At each rotation, the Sum of 

Absolute Differences (SAD) between the Fourier spectra of reference and target image is 

computed. The SAD measure is defined as 
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where F and G are the Fourier spectra of reference image and target image, respectively, 

and M and N denote the matrix size of the spectra. The amount of rotational shift is given 

by the angle which results in lowest value of SAD. Figure 2.10 shows a SAD plot with 

the angle of rotational shift marked at the location of lowest SAD. When this angle has 

been found, the target image is adjusted by rotating it with the same angle in the opposite 

direction.  

(2.14) 
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Figure 2.10 SAD versus angles of rotation (-1.8 to 1.8) with a minimum at 1° 

The next step is to compensate the images for translational shifts. Before any 

further analysis is done on the images for translational registration, the rotation-

compensated images are again median filtered to remove additional noise. The filtered 

images are converted back to binary form by thresholding. These filtered binary images 

are shown in Figure 2.11. 
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Figure 2.11 Binary images obtained after median filtering and thresholding 

For translational registration, Cepstral analysis on the rotation-compensated 

feature images is used. The Power Cepstrum P is defined as 

( )[ ] 22})|)],([(ln{|, yxiFFyxiP = , 

where F represents the Fourier Transform operation, and ln denotes the natural 

logarithmic function. Again, one image is labeled as the reference, and the other is 

labeled as the target. If the reference image is represented by w(x,y), then w(x+x0,y+y0) 

can be used to represent the shifted (target) image. The sum of these images is given by 

i(x,y) = w(x,y) + w(x+x0,y+y0). The Power Cepstrum of the sum of both the images is 

given as 

 

 

where δ(x,y) is the Kronecker delta function; A, B and C are the first three coefficients of 

this Power Cepstrum series expansion. When the Power Cepstrum of the reference image 

is subtracted from the above obtained Power Cepstrum, only the deltas remain. Each 

delta represents a translational shift, or an integer multiple of the shift, of a pixel in the 

shifted image from the corresponding pixel in the reference image [13,14]. These 

Kronecker delta locations are shown in Figure 2.12. 

(2.15) 

,(2.16) ( )[ ] ( )[ ] ( ) ( ) ( ) K+±±+±±++= 0000 2,2,,,, yyxxCyyxxByxAyxwPyxiP δδδ
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Figure 2.12 Cepstral peaks corresponding to possible translational shifts 

The delta peaks are sorted in descending order of magnitude and only the first 

fifty points are considered. These points are tested by cross correlating the reference 

image with the image shifted by the number of pixels (in the vertical and horizontal 

directions) indicated by the current point being tested. The highest correlation will 

correspond to the most probable relative translation between both images. After the 

translation of one image with respect to the other is known, compensation is performed. 

During this process, some regions that are not common to both the images are cropped.  

 

2.2.2 Warping Registration 

After compensating for rotational and translational shifts, the stereo images are 

roughly aligned with each other. However, the images are not perfectly overlapped. 

There are horizontal shifts between the images that relate to depth in the scene. It is 

desirable to keep the horizontal shifts intact, because we are interested in reconstruction 

of depth using this disparity in images. Besides horizontal shifts, there are also some 

vertical misalignments. These vertical shifts are associated with geometric distortions that 

need to be removed before proceeding with the disparity search along the horizontal 
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epipolar lines. The motivation of warping registration, hence, is to compensate only for 

shifts corresponding to distortion, while keeping the depth-related shifts intact for 

disparity search. 

    One stereo image is taken as the reference, and a geometric transformation is 

defined to warp the other image to fit the reference image. The first step of this operation 

is to get corresponding control points on both the images. Both images are first 

subdivided into windows of a given size. Then, a combination of window-based cross-

correlation operation on edge-enhanced stereo pair and window-based Cepstrum 

calculation on feature-enhanced stereo pair is used [8]. The edge-enhanced stereo pair is 

obtained by using an optimum gradient mask (derived using the Sobel operator) on the 

globally registered pair of images [15]. Figure 2.13 shows the gradient mask used for 

enhancing edges. 

0.1127 0.2745 0.1127 

0 0 0 

- 0.1127 - 0.2745 - 0.1127  
Figure 2.13 Optimum gradient mask for obtaining edge enhanced images 

To get a feature-enhanced pair of images, features are extracted from the resulting 

images of section 2.2.1. This is achieved using unsharp masking, multiple passes of 

median filtering and thresholding. A connected component analysis on these binarized 

feature images is then performed to obtain clusters that are made by joining together 

pixels that have 8-connectivity. The labeled clusters from each binary image are then 

sorted according to size (number of pixels contained within each cluster). Two vectors 

are formed, containing the cumulative values of the sorted sizes of the clusters from each 

image. Another vector is created from the subtraction of these two vectors. The minimum 

value in the subtraction vector is indicative of the number of clusters to be retained from 

each image.  The binary masks for both images are obtained by discarding the rest of the 

clusters. These masks are then superimposed on enhanced gray scale images obtained by 
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unsharp masking and median filtering. This process produces feature enhanced images to 

be used to get control points. Figure 2.14 shows an outline of this process.  

 

Figure 2.14 Process for obtaining feature enhanced images 

Once the feature-enhanced and edge-enhanced images are available, the next step 

is to identify control points to define geometric transformations. Cross correlation on 

edge-enhanced images gives a set of corresponding control points. A different set of 

control points is obtained by Cepstrum analysis on feature-enhanced images. Only the 

common points among these sets are kept. This way, the resulting points are double-

checked by two different techniques. To remove further ambiguities, Zero Normalized 

Cross Correlation (ZNCC) is used to check each point. The ZNCC is defined as 
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f and g are the arrays of pixels to be tested, K and L define the size of these arrays 

(windows), and the indices for the pixels within the windows are i and j.  σ(f) and σ(g) are 

the square roots of cov(f,f) and cov(g,g), respectively [16]. ZNCC is tried at each position 

contained in the third set to extract the one with the highest possibility of being the true 

(2.17) 

(2.18) 
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shift. Note that even though the ZNCC is used to check the possible shifts, at the end, 

only vertical positions are stored, because all horizontal misalignments should remain 

intact for future disparity search. Figure 2.15 shows the control points superimposed on a 

feature-enhanced image. 

 
Figure 2.15 Control points superimposed on a feature enhanced image 

The positions of control points found above can be used to estimate mapping 

functions that can overlay the rest of the points in the images. In order to avoid high 

fluctuations, it is appropriate to use a locally weighted mean method that considers 

control points region by region [17,18,19]. The weighting function is defined as  
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where R is the normalized distance to the control point, given by 

(2.19) 
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In equation 2.20, (xi,yi) are the co-ordinates of the ith control point, (x,y) represent a 

general point in the neighborhood, and Rn is the distance from the control point (xi,yi) to 

the farthest control point in the neighborhood. In Figure 2.16, the weighting function is 

plotted with respect to R. 

 

Figure 2.16 Weighting function used for locally weighted mean method 

The transformations are usually obtained by fitting a polynomial equation for N 

pairs of control points, where N denotes the size of a neighborhood. The N closest control 

points in the base image and the corresponding control points in the input image are used 

to infer a second order polynomial, given as 
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where f and g are the geometric transformations, Wi is the weighting function, (xi,yi) are 

input points, (Xi,Yi) are base points and n is the degree of polynomial. After these 

mappings are found, the base image is transformed to correct for geometric distortions. 

However, after applying the transformation, some of the image points may not fall on the 

discrete raster. To correct for this, the raster locations are interpolated to the closest point 

on the image co-ordinate system using bilinear interpolation. 

After all three steps of registration (rotational, translational and warping), the 

vertically aligned pair of stereo feature images is obtained. These images will be used to 

find the horizontal shift between corresponding points and hence reconstruct the depth of 

Optic Nerve Head. Figure 2.17 shows the registered pair of feature images. 

 

(a) Left stereo image after registration (a) Right stereo image after registration 

Figure 2.17 Vertically registered pair of stereo feature images 

 

 

(2.22) 
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2.3 Disparity Search 

After the registration has been completed, the next task consists of finding 

disparities within the stereo pair exclusively along rows. This is done following an 

approach based on the Zero Normalized Cross Correlation (ZNCC) method (see 

equations 2.17 and 2.18). Defining one image as reference and the other as target, both 

images are sub-divided into windows, of size 64 X 64. A pair of windows is selected, 

taking one from the reference and the other from the target image. For each selection of 

these image window pairs, a vector of similarity coefficients is generated. One point is 

fixed in the reference image window, and the target image window is slid horizontally 

over the reference window with shifts ranging from –w to +w, where w is one-fourth of 

the number of rows in the window. For each of the target window positions, ZNCC is 

computed and stored in a vector corresponding to the point fixed in the reference 

window. The length of this vector, and hence the range of disparity search is 2w+1. 

Repeating this calculation for each pixel in the reference window and for all windows, 

the ZNCC cube of dimensions M X N X (2w+1) is obtained, where M X N is the size of 

each image. The process of ZNCC cube generation is depicted in Figure 2.18. 

Figure 2.18 Generation of ZNCC cube C(i,j,d) 
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To get more accurate results, the search for disparity is also done at different 

resolutions. This is done by taking a smaller window, one-fourth the size of the previous 

window, and repeating the ZNCC cube generation process for a lower range of disparity. 

The window size is further reduced until a pre-determined window size is reached. At 

each level, the new ZNCC values are added to the cube obtained at the previous level [8].  

The final disparity map is obtained using the maximum surface technique 

suggested by Sun [21]. First, a slice of row-disparity plane is taken by fixing the column 

index. Along this plane, the maximum sum of ZNCC values from top to bottom is 

accumulated by using the forward dynamic approach given as 
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where Y is the new volume formed after taking all the slices, and p defines the number of 

local values to be checked. Figure 2.19 describes this process. 

Figure 2.19 Accumulation of ZNCC values in cube Y(i,j,d) 

The next step is to assign disparity values to each pixel of the image based on 

end-to-end shortest path on the column-disparity plane of Y(i,j,d). This process starts with 

taking column-disparity slices from Y(i,j,d) by fixing the row index. For each slice, the 

shortest path is determined from left to right (lowest column index to highest column 

index) or vice versa. The shortest path is obtained using dynamic programming to 

determine the path that has maximum sum of Y values along it [22,23]. However, only 

(2.23) 
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those column-disparity co-ordinates are considered that are within a pre-defined distance 

from the path determined at the previous slice. This condition is enforced in order to 

obtain a smooth disparity map, where the neighboring pixels do not differ much in 

disparity values. For the first column-disparity slice, the entire range of Y values on the 

plane is considered, because no previous path is available. Figure 2.20 shows the shortest 

path obtained for a hypothetical scenario. 

 
(a) Shortest path for the first slice (b) Shortest path for an intermediate slice 

Figure 2.20 Process of assigning disparity based on shortest path 

 
As shown in the figure, the blue region identifies the range of Y values to be 

considered for shortest path calculation. After finding the shortest path for each slice, the 

disparity values can be assigned for the entire row at which the cube is sliced. The 

distance d of each point on the shortest path to the zero disparity line is the disparity 

value for the column index at which the point occurs, with the row index fixed for the 

slice. Following this procedure, the disparity map shown in Figure 2.21 is obtained. The 

legend shows that the disparity values range between -16 and +12, with -16 being the 

deepest point and +12 the closest point on the Optic Nerve Head region. In the section 

that follows, this map will be used to analyze some stereometric parameters, which would 

be helpful in the diagnosis of glaucoma. 
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Figure 2.21 A typical disparity map obtained for stereo fundus images. The 

legend on the right shows the range of disparity values  
 

 

2.4 Automated analysis 

2.4.1 Intensity profiling 

The disparity map obtained above contains information about depth. Because 

depth is inversely proportional to disparity, the pixel having the lowest signed disparity 

value will correspond to the world point with maximum depth. In Figure 2.21, the dark 

region in the center corresponds to the optic cup which is the deepest region in ONH 

topology. The lighter region surrounding the optic cup forms the outer area of optic disc. 

In order to generate the cup and disc contours along with the three-dimensional 

visualization, it is necessary to process the disparity map first. A smooth version of the 

disparity map is obtained by convolving it three times with an average filtering mask of 

size 55 X 55. The disparity values are then mapped to 8-bit data space, with values 

ranging from 0 to 255. This process is similar to cubic B-spline interpolation [23]. Figure 

2.22 shows a smooth version of the disparity map obtained above.  
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Figure 2.22 Smoothened Disparity Map 

To segment the optic cup and disc from this disparity map, a simplified version of 

fast marching level set methods is used. Fast marching segmentation methods basically 

transform a “moving” problem into a static one. Given a speed function F, which is 

image based, the objective is to characterize the position of an evolving boundary at each 

point in time. In order to achieve this, it is necessary to find a function T(x,y) that takes 

the spatial parameters x and y (representing the evolving boundary) and outputs the 

discrete time for which these coordinates are valid. In this fashion, any level surface of 

the form T(x,y) = C represents the segmentation surface at a time C. The initial 

segmentation surface belongs to C = 0. The relationship between the known speed 

function F and the unknown time function T(x,y) results into a differential equation, the 

solution of which is precisely T(x,y) [24,25]. 

The method described here is an approximation to the one described above. A set 

of intensity profiles is projected in the radial direction starting from the deepest point 

(lowest disparity value) in the disparity map and ending at a border. The cup and disc 

contours would be perpendicular to these radial lines. Figure 2.23 shows some of these 

intensity profiles, drawn on a smoothened disparity map, with physician’s contours 

superimposed.  
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Figure 2.23 Radial intensity profiles 

 

2.4.2 Optic cup segmentation 

In order to segment the optic cup, intensity gradients along the radial profiles are 

studied. The intensity difference operation on these profiles gives valuable information 

about rate of change of surface in the radial direction. The points on the cup contour can 

be found by locating the maximum first difference (derivative) on each of the intensity 

profiles. In effect, this method achieves dynamic thresholding and hence does an 

approximate segmentation job on disparity maps of any stereo fundus images. This 

process is shown in Figure 2.24.  

 

 

Figure 2.24 Optic cup segmentation using first difference 
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The maximum gradient points selected on the radial intensity profiles may have 

some outliers that can result in erroneous segmentation. To remove these outliers, the 

mean and standard deviation of the radii are calculated. The points for which the radius is 

within standard deviation of the mean are retained, and the rest are discarded. Once a 

rough contour of optic cup is found by connecting the retained points, an ellipse is fit to it 

in order to get a smooth contour. The ellipse is constructed using the direct least-squares 

fitting method suggested by Fitzgibbon et al [27]. In general, a conic is represented by  

     F(a,x) = a.x = ax2 + bxy + cy2 + dx + ey + f = 0,                          (2.24) 

where a = [a b c d e f]T and x = [x2 xy y2 x y 1]T. If n data points are available, the best 

fitting ellipse is obtained by minimizing the function E = ||Da||2 while imposing the 

equality constraint 4ac – b2 = 1, where D = [x1 x2.....xn]T. Figure 2.25 shows a comparison 

between the optic cup obtained using this method and the physician’s optic cup.  

 
Figure 2.25 Final optic cup contour compared with physician’s contour 

 

2.4.3 Optic disc segmentation 

 The optic disc is typically about 50µm above the optic cup. Keeping this 

in mind, the optic disc can be segmented by adding a radial offset to the optic cup contour 

Computer 
generated 

Physician’s 
contour 
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obtained in the previous step. Figure 2.26 shows a comparison between the optic disc 

obtained using this method and the physician’s optic disc.  

 

 
Figure 2.26 Final optic disc contour compared with physician’s contour 

 

2.4.4 Three-dimensional visualization 

The three-dimensional representation of the Optic Nerve Head region is obtained 

by using the fact that disparity is a scaled version of depth. Therefore, the depth 

information for each pixel in the fundus image is stored in the disparity map. Using 

disparity as the third dimension, three-dimensional views of the ONH can be generated 

that would help ophthalmologists study the actual topography and hence may allow a 

better diagnosis. Even though disparity values are related to depth, the three-dimensional 

views cannot be constructed to actual scale, because camera parameters like baseline, 

focal length and resolution are not known. However, with a calibrated set of images, the 

actual view can be rendered along with numerical data regarding depth. 
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generated 
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2.4.5 Three-dimensional reconstruction with convergent camera geometry  

If the camera axes are assumed non-parallel (as shown in Figure 2.27), a bilinear 

relation can be derived in terms of the Fundamental matrix [28].  

 

Figure 2.27 Stereo geometry with non-convergent axes 

In the given figure, t is the translation required from the left camera center C to 

the right camera center C’. K and K’ are the calibration matrices for left camera and right 

camera, respectively. The left projection and right projection of the scene point X are u 

and u’ respectively. The Fundamental matrix F can be calculated as 

111 )'()()( −−−= KRtSKF T , (2.24)

where t is the translation vector, and S is a skew symmetric matrix created using the 

components of t. The matrix F can be used to derive a relation between the two views, 

given by [29] 

0'=uFuT
· 

(2.25)

 A pre-requisite of using this method is that the correspondences between the two 

views are known before hand through the disparity map developed in this thesis. 

However, this relation is not unique and requires more constraints to select the correct 

result. Therefore, using only two views will not be sufficient. At least one more view is 

required to achieve the correct transformation [29,30]. 
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2.5 Summary 

The automatic glaucoma detection system proposed above takes a stereo pair of 

fundus images as input and generates contours for the optic cup and the optic disc, along 

with three-dimensional reconstruction of the Optic Nerve Head. The stereo images are 

first pre-processed using non-uniform illumination adjustment and anisotropic diffusion. 

The pre-processed images are aligned vertically using rigid registration for rotational and 

translational shift correction, and warping registration for correcting geometric 

distortions. A disparity search is done on the registered images using ZNCC and 

maximum surface generation with the help of dynamic programming. The disparity map 

hence obtained is used for estimating cup contour using the first difference of radial 

intensity profiles projected from the point with the least disparity value. The optic disc 

contour is obtained by adding a fixed offset to the optic cup contour. The three-

dimensional view of the Optic Nerve Head is reconstructed by using the disparity map as 

the scaled estimate of the depth. 
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CHAPTER III 

RESULTS 

 

 This chapter outlines the results of the optic cup and optic disc segmentation on 

stereo fundus images acquired at the Iowa School of Medicine and provided by Kestrel 

Corporation (Albuquerque, NM). The physician’s contours are superimposed on these 

segmentations in order to show a comparison between the automatically generated 

contours and the manually drawn ones. In an attempt to measure the accuracy of the 

segmentation, sensitivity and specificity values are computed and displayed. Also shown 

here are the reconstructed three-dimensional views. As described earlier, the three-

dimensional views are scaled versions of the ONH topography. Actual depth 

measurements were not possible due to lack of knowledge about calibration.  

 

3.1 Segmentation and 3-D views 

The optic cup and optic disc contours for various stereo pairs were generated 

using the automated methodology with no manual intervention. The input in each case 

was the stereo pair of fundus images, and the final output was the cup and disc contours 

superimposed on the image. The three-dimensional view was an outcome of the same 

computer program (written in MATLAB 7.0). Figure 3.1 shows the results of optic cup 

and disc segmentation on stereo pair 1. Figure 3.2 shows the three-dimensional view 

reconstructed for this stereo pair. 
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Figure 3.1 Optic cup and disc contours for stereo pair 1. The white contours are computer 

generated and the yellow contours are drawn by an ophthalmologist 
 

 

 
(a) Image from one viewpoint (b) Image from another viewpoint 

Figure 3.2 Three-dimensional views for stereo pair 1 
 

 The proposed methodology was tested on seven stereo pairs. Figure 3.3 shows the 

mean radius of the optic cup for all the stereo pairs used for validating the proposed 
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methodology. Also shown are the standard deviations for each set of radii. The results of 

segmentation and three-dimensional reconstruction are shown in Appendix A. 

Figure 3.3 Mean radius and standard deviation for 7 stereo pairs 

 

  

3.2 Sensitivity and Specificity 

The sensitivity and specificity parameters were calculated in order to judge the 

accuracy of the automated segmentation technique. Sensitivity refers to the proportion of 

true positives or the proportion of cases correctly identified by the test as meeting a 

certain condition (e.g., in mammography testing, the proportion of patients with cancer 

who test positive). Specificity refers to the proportion of true negatives or the proportion 

of cases correctly identified by the test as not meeting a certain condition (e.g. in 

mammography testing, the proportion of patients without cancer who test negative). 

Thus, sensitivity refers to the proportion of people with disease who have a positive test 
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result, while specificity refers to the proportion of people without disease who have a 

negative test result [32]. For analysis of optic cup and optic disc segmentation on stereo 

fundus images, sensitivity refers to the proportion of pixels classified as lying within the 

optic cup/disc that are also part of the optic cup/disc drawn by the ophthalmologist. 

Similarly, specificity refers to the proportion of pixels not classified as lying within the 

optic cup/disc that are also not part of the ophthalmologist’s optic cup/disc. A point worth 

mentioning here is that the ophthalmologist’s contours were taken as the ground truth 

against which the segmentation results were compared. Figure 3.4 and Figure 3.5 show 

these calculation methods with the help of a hypothetical case.  

 

Figure 3.4 Calculation of sensitivity 
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Figure 3.4 Calculation of specificity 

Table 3.1 shows the results of sensitivity and specificity analysis on the cup as 

well as the disc segmentation for the 7 test results shown in section 3.1. For ideal cases, 

both the measures should be 1. Figure 3.5 shows the sensitivity plots for optic cup and 

disc. Figure 3.6 shows the specificity plots for optic cup and disc. 
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             Table 3.1 Sensitivity and Specificity measures   
 

Disc Cup 
Stereo 
pair no. 

Sensitivity Specificity Sensitivity Specificity 

1 0.9401 0.9707 0.9977 0.9718 

2 1 0.9313 0.9999 0.9556 

3 0.9154 0.9681 0.9858 0.9702 

4 0.9274 0.9768 0.9266 0.9824 

5 0.7961 0.7005 0.5321 0.8931 

6 0.8061 0.7893 0.9725 0.9835 

7 0.9627 0.9241 0.9882 0.9518 
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(a) Sensitivity measures for optic disc 

 
(b) Sensitivity measures for optic cup 

Figure 3.5 Sensitivity measures 
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(a) Specificity measures for optic disc 

 
(b) Specificity measures for optic cup 

Figure 3.6 Specificity measures 
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CHAPTER IV 

CONCLUSIONS AND FUTURE WORK 

 

 4.1 Accomplishments 

Depth analysis is the key to recovering ONH information from two-dimensional 

retinal images. An automated technique for generation of optic cup and disc contours 

from stereo fundus images is presented. This method also renders the three-dimensional 

visualization of the ONH region. Because this method does not involve any human 

intervention, it removes the subjectivity currently inherent in the interpretation of stereo 

fundus images in the diagnosis of glaucoma. The obtained contours are reasonably close 

to the contours manually drawn by ophthalmologists. The sensitivity and specificity 

measurements show an average of over 0.90. However, owing to differences in image 

acquisition conditions and lack of knowledge of the exact camera geometry used in a 

clinic over 20 years, these images pairs can only yield relative depth and contour 

information of the disc and cup. The automated segmentation of disc and cup contours 

from disparity maps allows quantitative estimation of cup-to-disc ratios, which can be 

applied to monitor changes in the ONH induced by glaucoma in longitudinal studies. The 

proposed technique will provide the clinicians with a cost-effective and quantitative 

technique to compare the sensitivity and specificity of computed ONH features with 

those obtained from the HRT. 

 

4.2 Suggested future work 

The automated technique shows promise for providing an accurate and cost-

effective method for diagnosis of glaucoma. However, the methodology must be tested 

for a large set of images. The images that were used to test this approach have been 

acquired over a period of twenty years. There is, therefore, a need to develop a complete 

system which also acquires the fundus images as well as executing the algorithm 

suggested in this thesis. Such a system would have full control of the imaging 

environment, and the camera(s) can be calibrated properly. Keeping the calibration 
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standard, a set of fixed values for baseline, camera resolution and focal length can be 

input to the algorithm which would enable computations of exact depth parameters. 

The current algorithm assumes that the imaging system is non-convergent. 

However, this condition only becomes relevant when extrapolating depth from the 

disparity map. Even though the three-dimensional views are consistent with the ONH 

topography, a system based on invariant geometry can result in significant improvement 

of the three-dimensional reconstruction.  
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APPENDIX A 

ADDITIONAL RESULTS 

 

 This section displays the results of optic cup and optic disc segmentation, and 

three-dimensional reconstruction on six stereo pairs. The numerical analysis performed 

on these images has already been shown in Chapter III. The results for stereo pair 1 have 

also been shown in Chapter III. 

Figure A.1 shows the results of optic cup and disc segmentation on stereo pair 2. 

Figure A.2 shows the three-dimensional view reconstructed for this stereo pair. 
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Figure A.1 Optic cup and disc contours for stereo pair 2. The white contours are 
computer generated and the yellow contours are drawn by an ophthalmologist 

 

  
(a) Image from one viewpoint (b) Image from another viewpoint 

Figure A.2 Three-dimensional views for stereo pair 2 
 

Figure A.3 shows the results of optic cup and disc segmentation on stereo pair 3. 

Figure A.4 shows the three-dimensional view reconstructed for this stereo pair. 
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Figure A.3 Optic cup and disc contours for stereo pair 3. The white contours are 
computer generated and the yellow contours are drawn by an ophthalmologist 

 

(a) Image from one viewpoint (b) Image from another viewpoint 

Figure A.4 Three-dimensional views for stereo pair 3 
 

Figure A.5 shows the results of optic cup and disc segmentation on stereo pair 4. 

Figure A.6 shows the three-dimensional view reconstructed for this stereo pair. 
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Figure A.5 Optic cup and disc contours for stereo pair 4. The white contours are 
computer generated and the yellow contours are drawn by an ophthalmologist 

 

(a) Image from one viewpoint (b) Image from another viewpoint 

Figure A.6 Three-dimensional views for stereo pair 4 
 

Figure A.7 shows the results of optic cup and disc segmentation on stereo pair 5. 

Figure A.8 shows the three-dimensional view reconstructed for this stereo pair. 
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Figure A.7 Optic cup and disc contours for stereo pair 5. The white contours are 
computer generated and the yellow contours are drawn by an ophthalmologist 

 

(a) Image from one viewpoint (b) Image from another viewpoint 

Figure A.8 Three-dimensional views for stereo pair 5 
 

Figure A.9 shows the results of optic cup and disc segmentation on stereo pair 6. 

Figure A.10 shows the three-dimensional view reconstructed for this stereo pair. 
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Figure A.9 Optic cup and disc contours for stereo pair 6. The white contours are 
computer generated and the yellow contours are drawn by an ophthalmologist 

 

(a) Image from one viewpoint (b) Image from another viewpoint 

Figure A.10 Three-dimensional views for stereo pair 6 
 

Figure A.11 shows the results of optic cup and disc segmentation on stereo pair 7. 

Figure A.12 shows the three-dimensional view reconstructed for this stereo pair. 
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Figure A.11 Optic cup and disc contours for stereo pair 7. The white contours are 

computer generated and the yellow contours are drawn by an ophthalmologist 
 

 

 
(a) Image from one viewpoint (b) Image from another viewpoint 

Figure A.12 Three-dimensional views for stereo pair 7 
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