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Abstract

Glaucoma is an eye disease characterized by weakening of nerve cells often resulting in a permanent
loss of vision. Glaucoma progression can occur without any physical indication to patients. Hence, early
diagnosis of Glaucoma is recommended for preventing the permanent damage to vision. Early Glau-
coma is often characterized by thinning of the Retinal Nerve Fiber Layer which is commonly called
as RNFL defect (RNFLD). Computer-aided diagnosis (CAD) of eye diseases is popular and is based
on automated analysis of fundus images. CAD solutions for diabetic retinopathy have reached more
maturity than for glaucoma as the latter is more difficult to detect from fundus images. This is due to

the fact that nerve damage appears in the form of subtle change in the background around optic disc.

SD-OCT (Spectral Domain - Optical Coherence Tomography), a recently introduced modality, helps
to capture 3D information of retina. Hence, it is more reliable for detecting nerve damage in retina
compared with fundus imaging. However, a wide usage of OCT is limited due to cost per scan, time
and ease of acquisition. This thesis focuses on integrating information from multiple modalities (OCT
and fundus) for improving retinal nerve fibre layer defect or detection of RNFLD from fundus images.
We examine two key problems in the context of CAD development: i) spatial alignment or registration
of two modalities of imaging, namely, 2D fundus and 3D OCT volume images. This can pave way to
integrate information across the modalities. Multimodal registration is challenging because of the varied
Field of View and noise levels across the modalities. We propose a computationally efficient registra-
tion algorithm which is capable of handling complementary nature of modalities. Extensive qualitative
and quantitative evaluations are performed to show the robustness of proposed method. ii) Detection
of RNFLD from fundus images with good accuracy. We propose a novel CAD solution which utilises
information from the 2 modalities for learning a model and uses it to predict the presence of RNFLD
from fundus images. The problem is posed as learning from 2 modalities (fundus, OCT images) and
predicting from only one (fundus images) with the other (OCT) as missing data. Our solution consists

of a deep neural network architecture which learn modality independent representations.

In the final part of the thesis we explore the scope of a new imaging modality angiography-Optical
Coherence Tomography (A-OCT) in diagnosing Glaucoma. Two case studies are reported which help

in understanding the progression of Retinal Nerve Fiber Layer thickness, Capillary Density in normal
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and glaucoma effected patients. The experiments on new modality has shown potential for considering

it as a reliable biomarker along with existing modalities.
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Chapter 1

INTRODUCTION

Glaucoma is the second leading cause of blindness all over the world. It causes damage to the optic
nerve of the eye due to increase in Intraocular pressure. This damage results in permanent blindness due
to poor transmission of signals between the brain and the eye. The number of people with glaucoma
around the world was estimated to be 64.3 million in 2013 and is expected to increase to 76 million
by 2020 [4][19]. Glaucoma is termed as silent blinding disease because it neither gives warnings nor
obvious symptoms to the patient. If left untreated, most types of glaucoma progress towards permanent
damage of the eye. There are two main kinds of Glaucoma: Open-angle glaucoma and Angle-closure
glaucoma. Open-angle glaucoma is the most common form of glaucoma. It is caused by the clogging
of drain canals, leading to an increased pressure in the retina. It has a wide angle between between the
iris and the cornea. The later (Angle-closure glaucoma) is caused by blocked drainage canals leading
to a sudden increase in intraocular pressure. It has a narrow angle between the iris and the cornea. (See
figure:1.1) Most of the above diseases worsen without displaying any kind of observable symptoms.
Thus, screening for glaucoma is important for their early detection and dispersion of effective treatment

to prevent permanent blindness.

Drainage angle

Figure 1.1: Location of Cornea, Iris in eye

For identifying Glaucoma, two kinds of clinical assessments[20] are performed: i) Intra-papillary
and ii)Peri-papillary. Intra-papillary is related to geometric changes of Optic Disk (OD). Particularly
the presence of glaucoma leads to increase in cup/disk ratio. Whereas later one is related to loss of
retinal nerve fiber layer (RNFL defect) occurring in the periphery of the OD region (see figure:1.2
(right)). Parapapillary assessment is mostly done to detect diseases at during early stages of retina.



1.1 IDENTIFICATION OF GLAUCOMA

To understand the progression of Glaucoma, many imaging modalities exist. These imaging modali-
ties unveil the structural and functional information of the retina. Evaluation of multiple modalities fur-
ther enhances the accurate diagnosis of the patient. In most of the imaging modalities light plays a ma-
jor role in capturing information. Some of these modalities include Fundus-(Optical imaging), Optical
Coherence Tomography-(cross sectional imaging), and Angiography Optical Coherence Tomography-

(Flow imaging).

1.1.1 Fundus imaging

It is a non invasive modality and consists of low power microscope with an attached camera. The
color fundus camera helps to capture the 3D retina as a 2D image as shown in figure:1.2 (left). This
projection captures the presence of disorders and aids to monitor their change over time. Most of the
screening systems existing today use fundus imaging as it is very cost effective compared to other
techniques. There are several modes of examination using fundus imaging, namely color fundus pho-
tography, red free fundus photography, and angiography. In color fundus imaging natural light is used
for imaging the retina, where as in red free fundus imaging a specified wavelength of light is used.
Angiography is an invasive procedure and less frequent in usage. In this protocol, fluorescent dye is

injected and its movement is observed in the vasculature structure.

Figure 1.2: Fundus capture of retina (a),Sector division(b,l), Parapapillary region (b,r)

For glaucoma, fundus imaging is the most common modality used for screening systems. In fun-
dus, the presence of glaucoma is indicated by the presence of a bright striped radiation pattern from
Optic Disc, enlargement of cup, as shown in figure:1.3a, 1.3b. The radiation pattern changes its visual
appearance according to variations in the Retinal Nerve Fiber thickness. The thickness variations can
be caused by glaucoma process, or even in the healthy retina, the RNFL thickness varies anatomically
depending on angular position around the ONH. In general RNFL measurement is performed in sectors

as shown in figure:1.2 (b,r), where S:Superior, T: Temporal, N: Nasal, I: Inferior.
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(a) Typical RNFL pattern observed (Region inside white ROI)

(b) Increased cup size

Figure 1.3: Identification of Glaucoma from fundus photography.

1.1.2 Optical Coherence Tomography imaging

It is a non-invasive imaging modality. Optical coherence tomography is a technique for obtaining
depth images (cross-section) of retina at a resolution equal to a low-power microscope. It is effectively
an optical ultrasound imaging. As it is cross-sectional imaging, we can see each of the distinctive layers
of the retina. This allows to map and measure their thickness as each layer is associated with its own
significance. For example: Capillary vessels are observed in rpe layer while abnormalities, like drusen,
are found between the isos-rpe layer. Glaucoma is caused by thinning of RNFL layer. The qualitative
measurements of these layers help with diagnosis. Figure:1.4 (right) shows layers in an OCT volume.

A low coherent light is split optically into two beams. One is sent to a mirror at a specific distance to
reflect and the other is made to reflect from the retinal tissue as shown in figure:1.4 (left). The energy of
the interference between the two reflected beams is encoded as intensity in the OCT image.There are two
types of imaging 1) Time domain OCT, 2) Spectral domain OCT. Time domain OCT is an old imaging
method in which the reference mirror is moved mechanically to different positions. This results in poor
image resolution, subject to inconvenience, and takes time, whereas Spectral domain OCT includes a
spectrometer in the receiver. This spectrometer, according to the Fourier principle, assesses the spectrum
of reflected light on the retina and transforms it into information about the depth of these structures. The
need for mechanically moving the reference mirror is eliminated in this approach. This consequently
increases the speed and resolution of scanning.



Retinal Layers

SSYCT volume

OCT slice

Figure 1.4: Acquisition of OCT (left), OCT layer information (Right)

The use of SD-OCT for glaucoma diagnosis has become a common clinical practice. Numerous
studies have demonstrated that RNFL and macular thickness parameters are reproducible, with high
sensitivity and specificity in discriminating between healthy and glaucomatous eyes. Figure:1.5 shows

the RNFL thickness report of Glaucoma patient.

ONH o Left/ OS

[ | our == Sptevie

Figure 1.5: Sample OCT report of Glaucoma patient

1.1.3 Angiography - Optical Coherence Tomography imaging

Optical coherence tomography angiography (A-OCT) is a recent non-invasive modality for imaging
microvasculature of the retina. This modality uses laser light as a source and maps reflectance from
retina vessels into different layers. Unlike fundus angiography, this modality does not require injection
of a dye. The A-OCT scan of patients consists of multiple B-Scans to provide cross-sectional struc-
tural information. The same tissue is repeatedly captured and the differences between successive scans
are analyzed. These differences are detected as flow and no flow regions. For differentiating succes-
sive scans, two types of motion detection methods are employed: amplitude decorrelation and phase
variance. The former detects differences in amplitude between two different OCT B-scans, where as
phase variance calculates the variation in phases of moving objects. To improve visualization and re-
duce background noise from normal flickering of the eye, two averaging methods were developed, viz.

split spectrum amplitude decorrelation technique and volume averaging - .[14] OCT-A is also gaining



Bl Bscan C1 En face

Structure imaging

Figure 1.6: Difference between OCT, OCT-A

increasing popularity for optic nerve disorders assessment, such as glaucoma. It has been reported as a
useful tool for evaluating optic disc perfusion in glaucomatous eyes, since attenuated peripapillary and
macular vessel density is detectable in pre-perimetric glaucoma patients as shown in figure:1.7.

Figure 1.7: OCT-A (left) and en face structural imaging (right) of a glaucoma patient, revealing inferior
temporal loss of retinal fiber layer and the anatomical correspondence with decreased vessel density in
the OCT-A image.

1.2 SCREENING SYSTEMS - MOTIVATION OF THE THESIS

Screening systems are prevalent in many countries. The patient is classified as Glaucomatous based
on measurements such as Visual fields, intraocular pressure, Optic Disc/Cup diameters etc. In almost
all screening systems color fundus imaging is used as standard for screening because of its low cost,
non-invasiveness and ease of use. Recently several studies revealed that diagnosis of patients are not

correlated with usage of fundus and OCT images. In diagnosis of Glaucoma optic cup to disk ratio



is also clearly detected from OCT than fundus image. These studies concluded fundus imaging alone
may not be sufficient for screening. This calls for the requirement of multiple modalities for improving

diagnosis of patient.

1.3 SCOPE OF THE THESIS

The extent of visibility of diseases in retina depends on the type of imaging modality. The use of
other reliable modalities for screening systems such as OCT has its own limitations in terms of cost and
ease of acquisition. The work in this thesis focuses on improving disease detection rate on fundus by
combining information from OCT and fundus modality(figure:1.8). Prior to integration of modalities,
multimodal registration is performed to ensure proper learning. We have also investigated the scope of
angiography OCT new imaging flow modality in understanding the progression of disease Glaucoma.

Clinical studies prove that this new modality will serve as a reliable biomarker in detection of diseases.

Training stage Testing stage
Learning Testing modality
» modality (fundus) —> (fundus) —

a)

Assisting modality
(OCT)
Improved testing
g — | modality (fundus) —»
Learning modality 2
. (Fundus)

b)

Figure 1.8: a) Existing screening system, b) Proposed idea of improved screening systems

1.4 KEY CONTRIBUTIONS

The major contributions in developing detection algorithms for identifying and understanding Glau-

coma from various modalities described in this thesis are:
1. A robust, computationally efficient multimodal registration algorithm for registering fundus and
OCT image pairs.

2. A multimodal deep neural network framework for improving the detection of Glaucoma from

fundus images.



3. Understanding the progression of Glaucoma through clinical case studies and discovering the

scope of new imaging modality angiography OCT for detection of Glaucoma.

1.5 ORGANIZATION OF THE THESIS

The organization of this thesis is as follows. In chapter 2, a robust and computation efficient mul-
timodal registration algorithm is proposed. The algorithm tries to find landmarks and register images
in an iterative manner in low Field of View (FOV) images. In chapter 3, a multimodal deep learning
framework is proposed in order improve the Glaucoma detection rate on fundus from the model learnt
from OCT and Fundus. The training and loss function proposed aims to combine the adversarial loss
in learning joint information between fundus and OCT samples and retain the distinctiveness of the
two modalities. The description of the proposed architecture is explained in detail in chapter 3. Chap-
ter 4 discusses clinical case studies about new modality in understanding the progression of Glaucoma
and further investigates the scope of new modality in detection. Finally, in the last chapter a general

discussion, conclusion and the possible future work is described.



Chapter 2

MULTIMODAL REGISTRATION OF RETINAL IMAGES

Registration of multimodal retinal images such as fundus and Optical Coherence Tomography (OCT)
images is important as the two structural imaging modalities provide complementary views of the retina.
This enables a more accurate assessment of the health of the retina. However, registration is a challeng-
ing task because fundus image (2D) is obtained via optical projection whereas the OCT image (3D)
is derived via optical coherence and is very noisy. Furthermore, the field of view of imaging possible
in the two modalities is very different resulting in low overlap (5-20%) between the obtained images.
Existing methods for this task rely on either key-point (junction/corner) detection or accurate segmen-
tation of vessels which is difficult due to noise. We propose a registration algorithm for finding efficient
landmarks under noisy conditions. The method requires neither accurate structure segmentation nor
key-point detection. The Modality Independent Neighborhood Descriptor (MIND) features are used
to represent landmarks to achieve insensitivity to noise, contrast. Similarity transformation is used to
register images. Evaluation of the proposed method on 142 fundus-OCT pairs results in an RMSE of
2.61 pixels. The proposed method outperforms the existing algorithm in terms of robustness, accuracy,

and computational efficiency.

2.1 INTRODUCTION

Fundus photography is based on projective imaging and has been widely used for several years
to detect retinal abnormalities occurring in various diseases such as Diabetic Retinopathy (DR), Age
related Macular Degeneration (AMD)), etc. Optical Coherence Tomography (OCT) on the other hand is
a newer modality which enables cross sectional imaging and is used to detect and localize pathologic
changes within the retinal layers. A recent study[35] has shown that using fundus images to diagnose
diabetic macular edema (DME), a serious condition requiring intervention, led to both false positive
and negative results whereas OCT images provided the true condition. The study concluded that fundus
images alone may not be a sufficient for retinal screening. OCT also provides unambiguous evidence
for AMD which is marked by the appearance of Drusen in between the RPE and ISOS layers of OCT
whereas they may or may not be visible in fundus image. Diagnosis of Glaucoma using the optic cup



to disk ratio is also clearly detected from OCT than fundus image. In the proliferative stages of DR and
Retinopathy of Prematurity (ROP) where vessels are affected, fundus images provide clearer evidences
as against the OCT. Thus, integrating information by registration of OCT-3D and fundus is of interest.

Multimodal retinal image registration is a challenging task[1][7] due to the many factors. 2D (color)
Fundus images can be acquired with a wide field of view (FOV) with good clarity for vessels. 3D
(greyscale) OCT in contrast can capture a much smaller FOV, is quite noisy due to the coherence phe-
nomenon that underlies image capture and has poor clarity for vessels. Thus, extraction of reliable
landmarks for registration from both modalities is difficult. Yet, existing methods rely on establishing
correspondence between corners or junctions in the 2 images.

We propose an iterative solution for registering fundus images to an OCT volume. The key contri-

butions of the proposed solution are:

No requirement for accurate structure (vessel/OD/macula) segmentation or landmark such as cor-

ner detection.

An adaptive and efficient landmark detection method which is capable of handling low FOV

images.

Feature-based registration which overcomes the noisy nature of OCT data and aids handling cross

modal data.

2.2 RELATED WORK

Two approaches are popular in registration literature: area based and feature based. Area based
methods operate directly on image intensity values of a specific region or entire image without deriving
structural information. This approach follows a typical pipeline of choosing a similarity measure and
maximizing it with an optimization method to obtain the desired transformation model. Feature based
methods rely on few salient points/features which are prominent in both the images and solving the
correspondence between them.

Registration methods have been proposed for both OCT-fundus image pairs and Fluroscene fundus
angiography-fundus (FFA) image pairs. FFA provide high contrast view of blood vessels due to the
fluroscent dye used in imaging. Both blood vessel ridges [23] and vasculature network [12] [28] have
been used as features for registration of OCT-fundus image pairs. Similarity metrics based on pixel
distance [23] or similarity between vessels [12] and local similarity [28] have been proposed. A coarse
registration by brute force search [23][12] is followed by refinement using ICP algorithm[23] or higher
order transform modelling [12][28].

Reported methods [11][7][1] for FFA and fundus registration are mostly feature based. Popular
landmarks are Harris corners [11] [7] or junctions [1]. Features include SIFT [11], orientation infor-

mation [7] and a series of step patterns [1] around each obtained landmark. The extracted features are



matched using bilateral matching [11][7] or nearest neighbour technique [1] and the final transformation
is estimated using an affine model [11][7][1].

The limitation of methods in [23][12][28] comes from their dependence on vessel structure as a key
feature. While this is relatively easy to extract in fundus images, it is not so in OCT due to the noisy
nature of OCT. While Harris[11] [7] and junction [1] detectors perform well on FFA and fundus images,
they are unsuitable for the task at hand given the noisy OCT images. Our framework tries to solve these
problems by finding landmarks without the need of accurate structure localization. MIND features are
chosen so as to nullify the problem of noisy nature of OCT and complementary information provided
by both modalities.

(a) Image taken from LD dataset

(b) Image taken from PD1 dataset

Figure 2.1: Sample images of both macula and OD centric.

2.3 METHODOLOGY

The proposed method consists of the following modules: pre-processing and registration module.
Pre-processing includes generating 2D OCT en-face images from 3D OCT volumes and illumination
correction for OCT and fundus images. The registration module finds landmarks and registers images in
an iterative manner. The MIND descriptor is extracted around each landmark and features are matched
using Nearest neighbour technique. The obtained matches are finaly used to derive the transformation

parameters.

10



2.3.1 Preprocessing of images

2.3.1.1 OCT-enface creation:

The 3D OCT volume is converted to a 2D OCT enface (see fig:2.2). The variance of the voxel values
along columns (Y-axis) of all slices is computed for this purpose. The variance measure is chosen for
better visualization of vessels given that there is increased variability of vessels and background across
the Y -axis. The final obtained 2D OCT enface is used for registration.

2D OCT enface

3D OCT Volume

Figure 2.2: 2D OCT en-face creation

2.3.1.2 Illumination correction:

Images suffer from non-uniform illumination and hence this is corrected using the luminosity and

contrast normalization method proposed in [18]. Here, the image is modeled as:

10GY) =TOGy) LEXy) +C(xy) 2.1

where T (X; V) is the true image, 1 (X;Yy) is the observed image, L(X;y) and C(X;Yy) are multiplicative
and additive components. The recovery of the true image is based on estimation of the L(X;y) and

C(x;Yy) components. Hence, the correction of observed image | (X;Y) can be obtained by:

10y) L(Xy)
C(x;y)

T(Xy) = (2.2)

2.3.2 Registration Algorithm

The schematic of proposed registration method is shown in the fig:2.3. This is an iterative approach
wherein the registration error is minimized with each iteration. Initial registration is performed with
roughly initialized landmarks which are updated in each iteration. Unlike existing methods, the land-

marks do not require any accurate structure localization/segmentation. The details of method is pre-

11
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Figure 2.3: Flow diagram for proposed registration framework

sented next. In our work, the enface OCT is used as floating image and registered to the reference

fundus image.

2.3.2.1 Landmark Initialization:

Rough initializations of both OD and macula are shown in fig:2.4. A circular Region of interest
(cROI-red) is detected and a circle slightly larger than this cROI-green is initialized. The points of
intersection of this circle with vessels are considered as initial landmarks for registration. cROI can be
the optic disc (OD) or macula depending on the imaging protocol. In order to find cROI from a fundus
image, the OD (macula) boundary is detected by finding points of local maxima (minima) of intensity
values whereas for an OCT en-face image, OD (macula) boundary is detected by finding points of local
minima (minima) of the intensity values. These points are clustered and a best-fit circle is found for the
boundary of largest central object. Let C¢ (Cy) of radius R¢ (Ry) be the circle of fundus(oct). A rough
vessel map Iy (lyo), is obtained by thresholding the ROI images and thinning it to 1 pixel. The points
of intersection of the l,¢(lyo) with the circle C¢(C,) are identified as rough landmarks Pg(Po).

Figure 2.4: Rough landmark initializations (marked in blue)
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2.3.2.2 Feature based Affine registration

Feature extraction:

The MIND descriptor[16] is chosen to represent landmarks. MIND is based on the idea of image
self-similarity. The assumption is that a local image can be approximated by considering the similarity
between all small patches in the image. This approximation aims to extract the distinctive structure in a
local neighborhood, which is preserved across modalities. MIND is computed as follows:

Dp(1;X; X +7T)

M(l;x;r) = %exp( VoD

) (2.3)

where Dy is the distance measure between two voxels X and X+, r defines the spatial search region,
V is variance estimate and N is normalization constant.

A patch of size W W is extracted around each landmark from the enhanced image l¢(l,). Ro-
tational invariance is achieved by rotating the patch to dominant direction found from Histogram of
Orientation Gradients(HoG) prior to the the descriptor computation. In our experiments, 12 bins were
chosen for HoG computation and for the descriptor was computed over a patch of size W = 12. The

resultant descriptor was vectorized (144 dimensional) to form a feature vector Mg (Mo).

Feature matching and Outliers rejection:

Figure 2.5: Point correspondence after outliers rejection

Given two sets of features M¢; M, derived from the fundus and OCT images K-nearest neighbor
search using normalized Euclidean distance metric was used to match them. Here K is chosen to be
3. So for each feature in set Mg, we obtain K = 3 neighbors in set My. The normalized Euclidean
distance metric between ith feature in set Mg andjth feature in set My, is given as

dist(Mig; Mjo) = kMis  Mjok3 (2.4)

The first set of outliers are rejected from the obtained neighbors by matching with dominant orien-
tation of the landmark patch. Random sample consensus (RANSAC) [8] with similarity transformation

is applied to all remaining matched pairs (see fig:2.5).
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Transformation estimation

The number of matched point pairs obtained from RANSAC is constrained by the number of de-
tectable vessels and FOV of the floating image which is smaller than that of the fundus image. Given
the anatomy of the retina, on average, 8-10 matches are obtained for each image. In our problem the
retina is a curved surface that can be approximated with higher order model and OCT is a flat projection
with very less FOV. Thus, the transformation between two modalities can be assumed to be locally rigid
with possible deformations as scaling, translation, rotation. Hence, a similarity model is used for the

Transformation function.

2.3.2.3 Landmarks updation

If the registration error from the initialized landmarks is greater than threshold(th) then landmarks
are to be updated. This is done in two steps. One is at global level and other is at local level.
Global level update:
At the global level, landmarks are updated by appropriate scaling of R¢ and R,. Let their ratio be QR.

Qr = R¢=Ro (2.5)

Since the OCT image is taken to be the floating image, the aim is to update Ry such that landmarks
extracted from the circle with the updated radius R, results in a registration error less than th. The
registration error is taken to be the sum of absolute distance between points (SADP). SADP is calculated
from two thinned vessel sets lyf(lyo) by finding matched point pairs in Iy for every point in Iy using
Nearest Neighbor search algorithm.

Figure 2.6: Local refinement after updating radii

Local level update:

For every global refinement step, the intersection points P, are locally refined in the angular direction.

14



This local refinement is important because skeletonization of vesse]ls can lead to perturbation of land-
marks (see fig:2.6). The landmark points are updated by making use of the principle that given two
circles C¢ and C, for a fixed angle, the ratio of their radii (QR) to the corresponding arc lengths (Qa)
are equal where the arcs are defined to be between every pair of successive points in Pg; Py subtend-
ing angles j, j = 0;1;2::J. The updation rules for global and local refinement are shown below in

fig:2.7. After updating j, the intersection points are also updated with appropriate angular shifts. This

Global updating Local updating
[1] for: B, + Rato 2R, for: 0 — 0,100,
[2] Compute @ + Ry/R, / re— Ry+e
[31 Local refinement of landmarks ro+— R, +e
[4] Affine Registration Compute Q
[5] Error « SAD if: Q> Q then: 0+ 0+1
[6] R, +— R, + 1 and go to step 1 else: 0 — H'— 1
[7] if: Erroris increasing then: R, « B, —1 | Untill Q-Q) equals 0
(8] end for end for

Figure 2.7: Global and Local updation rules

is done until the criterion of Qr ~ Qa = 0 is satisfied. The j updated subject to it being in the range
min(Tj; max) Where max is the upper bound for radial shift of landmarks. This is done to ensure

that landmark update is bounded.

2.4 DATASETS

Three datasets were considered for evaluation of proposed registration algorithm.
1) PD1[12]: a public dataset, consisting of 22 pairs (Fundus-OCT) of which 17 pairs are of macular
region and 5 pairs are of OD region with a variety of retinal diseases. Each OCT volume is of size 650
512 128 voxels and the fundus image is of size 1200 1143 pixels.
2) PD2[25]: a public dataset, consisting of 100 pairs (Fundus-OCT) of macular region, with no abnor-
malities. Each OCT volume is of size 650 512 128 voxels and the fundus image is of size 1200
1143 pixels.
3)LD: a locally sourced dataset, consisting of 42 pairs (Fundus and OCT) of OD region obtained. 20
pairs are of glaucoma cases and remaining are normal. Each OCT volume is of size 650 304 304

and the fundus image is of size 4288 2848 pixels.

2.5 EXPERIMENTS AND RESULTS

The MIND descriptor was computed with the following parameters f = 2; N = 6g where is the
variance estimate which controls the response of feature and N is the neighborhood of spatial search.

For evaluating registration in every iteration the threshold th was chosen to be 5 pixels. The number of
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