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Abstract

Age-related Macular Degeneration (AMD) is an eye disease which affects elderly people.
Cholesterol deposits in central part of retina, known as macula, damages the photoreceptors
present in a particular area of eye. AMD usually effects only central vision of patient. In
medical field various imaging techniques are used for diagnosis of eye diseases. Optical
Coherence Tomography (OCT) is a relatively newer technique that is found to be very useful
in analyzing eyes. In this research, we used OCT images to automatically detect and classify
AMD. First we extract the retinal layer known as Retinal Pigment Epithelium by utilizing
Graph Theory Dynamic Programing technique, after successfully enhancing the quality of
OCT image by using Wiener filter. We used a unique feature set consisting of features extracted
from difference signal of RPE and Inner Segment Outer Segment layer of RPE. Feature set
includes approximation coefficient, Shannon’s energy, entropy and spectrum energy of the
resulting difference signal. Support Vector Machine classifier was used to classify AMD
affected and normal image. The developed system gives an accuracy of 95% for AMD

detection.



Contents

FaN 0] 01 (0} 7Y OO SRR PRSPPI il
THESIS ACCEPTANCE CERTIFICATE ....ooiiiieiieeeee ettt 1\
DIEAICATION ...ttt et e b e et e bt e bt e bt e e a bt e shte et e sat e e bt e enbeenbeennaeans v
Certificate Of OTIZINALILY ......ccccviiiiiieeiie ettt e et e e et e e s e e e sabeeeseseeesaseeenseeennns vi
ACKNOWIEAZEIMENLS ....c.eviiiiiiieciie ettt et e e st e e e a e e e saeeesaaeeesaeesssaeessneeessseaenns vii
F N ) 1 2T USROS UOURRPSRPRO 8
TaBLE OF FIGUIES ...ttt ettt et e st e st e et eesneeenneas 11
LISt OF TADIES ..ottt sttt et e bt et e bt ennesaeens 13
(O] 110 () S LTS RUSRRPPTRR 15
INTRODUCTION ...ttt sttt et sttt et e e st e bt enbeeaeesbeenaesanens 15
LT IMIOTIVALION 1.ttt ettt ettt et e s b et et e s st e bt et e eneenbeentesnnans 17
1.2 OB JECHIVES ..ceuvvieiiieeeieetteete et ettt et e et estee et eebeestaeesseessseesseessseenseessseensaessseenseensseesaennseans 18
1.3 CRAIIEIIZES ..ottt et ettt e e et e e st e e e ntaeeensaeesaseeesaseeennsaeeenseeennses 18
1.3.1 Data Set Availability .....c.cooovuieeiiiiiiieciieeeeee e 19
1.3.2 Finding Related WOrK: ........ooiiiiiiiiiiec e 19

1.4 CONETTDULIONS ...ttt ettt ettt et e bt e st eeabeesateenbeessbeenseesseeenseesnaeenseennneens 19
1.5 Thesis OrZaniZatiOn. ........coueeuerierieeitenieniteie ettt st st et ettt ettt sbeesaeestesbeesbeetesaeens 19
CRAPLET 2 ...ttt ettt b et e a e bt ettt sb e bt et enbeeaesaeens 21
2.1 Macular EYe DiSEases: .....ccouieriieiiiiiieiieeiie ettt ettt ettt ettt 21
2.1.1 Age-related Macular Degeneration: ..........cocceoeeveriererienienenieneesieee et 21

2.1 1.1 DY AMD et ettt e e s 22
2,112 Wt AMD ettt ettt sttt ettt enee s 22
2.1.2 Diabetic Macular Edema: ............coooiiiiiiiiiiietee e 23
2.2 Imaging Techniques Used for D1agnostiCs: ........cccvieriieerieeeiiieeiee e 24
2.2.1 FUNAUS TMAZING ....oeeeiiieiiiieeiee ettt e et eete e e e e et e e e aaeeenaaeesasaeesnneeennseens 24
2.2.2 Fundus Auto Florescence IMaging.........cccceecveeerieeeiiieeriieeiee e eee e eiee e 26



2.2.3 Optical Coherence TOMOZIAPNY: ....ccueeeeviieiiiieciieeriee ettt eree e eeree s 27

2.2.3.1 Time Domain Optical Coherence Tomography: ........ccccceevveeviiencieencieeecieeeenen, 28
2.2.3.2 Spectral Domain Optical Coherence Tomography:..........ccceevvievcieencieencieenen. 29

(0] 1101 ) UK USSP 31
LITERATURE REVIEW ..ottt sttt sttt sttt 31
3.1 Pre Processing TeChNIQUES.........ccviruiieiieiieeiieeie ettt seae e 31
3.2 Techniques Used to detect and classify Retinal Layers ..........ccccoeeveeeiienieeniienieeniieneens 31
CHAPTER 4 ..ttt ettt ettt h ettt s at e bt et e eneenbeennesaeens 34
METHODOLOGY ..ttt sttt ettt sttt et st e bt etesatenbeenseeneenbeennesnnens 34
4.1 SD-OCT IMAZE ...eevveeeeiieeiieeeitie ettt e et e e st e e steeeseteeeeaaeeeaeesnsaeesssaeessseeensseeennseesnnnes 35
4.2 DenoiSING IMAZE .....eeeiieiiiiiiee ettt ettt st e bt e et e e saeeeaneas 35
4.2.1 WEINET Flter ... ittt ettt 36

4.3 Extractions of RPE and ISOS ..o 36
4.3.1 Limitation of S€arch re@ioN.........c.cevuiiiiiieiiiiiieieeeee e 37
4.3.2 Extraction of Minimum weighted path...........cccooeiiiniiiiniinicceeee, 37
4.3.3 Segmentation of ISOS/RPE.........cccooiiiiiiiiiiiiicereeee e 37

4.4 Finding Difference and Shannon’s ENETgY .........cccceeviriiriiiiiniiniinienicnieeiceiesecieeeene 38
4.5 Decomposition Of S1@Nal........ccceiiiiiiiiiiieiiii e 39
4.6 Maximum Value 0f Al .....ooiiiiii e 42
A 2313 () ) PSP PR 42
4.8 SPECLIUM ENEIZY: . .uiiiiiiiiiiiieeiee ettt et e et e e tae e et e e estaeesnsaeesssaeesnseeennnes 42
4.9 FOrming @ fEatUIe VECTOT: .....ccccuvieiiiieeiieeeieeeeieeesieeesteeeeaeeensaeeesaeeessaeeensaeeenseeesnseesnnnes 43
4.10 Classification USING SVM: ......oiiiiiiiiiiicciieeee ettt re e e aae e eaae e snree e s 44
(0] 110 ) U USRS 45
RESULTS Lttt ettt st sb et s b e b e et sa e bt et e eseenbeennesaeens 45
ST DAEASEE ..ttt ettt sttt et reenaeeean 45
5.2 RESUILS 1ttt sttt sttt 46



(O] 1101 ) A ¢ USRS 49

CONCLUSION AND FUTURE WORK .....c.oooiiiiiiiiiinirieeeeeereese et 49
0.1 CONCIUSION. ...ttt ettt et e bt e et esbt e e bt esbeeeabeesbeeeabeesseeenbeenaeeans 49
6.2 FULUIE WOTK ...ttt et e ettt e e en 49

RETETEICES ...ttt ettt ettt et st sb et e aeesbe e e saeens 50

List of Figures

Figure 1.1: MRI scan of brain (left), X-Ray of knee (Right).........cccccevuievieniiiiiiniiiieieee. 15

Figure 1.2: Effect 0f AMD 0N VISION....c..iiitiiiiiiiiiiieiiteieeee ettt 16

Figure 1.3: Fundus image of human €ye.........c.cccceeviiriiiiiiiiniiiiiicecececceecse e 16

FIGUIE 1.4: OCT IMAZE ..cveenveeniiriieieeieet ettt ettt sttt et sttt st sbe e saeens 17

Figure 1.5: diabetes patients at risk of AMD ..o, 18

Figure 2.1: Structure of hUmMan Ye...........coouiiiiiiiiiiiiiiieeeeee e 21

Figure 2.2: Macular Degeneration ...........cccevuerieririiniineiienieestteteeie et sttt 22

Figure 2.3: Wet AMD ...oiiiiiieet ettt sttt 23

Figure 2.4: Vision loss because of Macular Edema.........c..ccocceiiiiiiniiiiiniiiccceeee, 24

Figure 2.5: FUNAus IMaging.........cccueeiiiiiiiiieeiee ettt et estae e s aeeesenee e 25

Figure 2.6: Entrance and eXit Of TaYS .......coeiiiiriiriiiiniiiecieteceeee e 25

Figure 2.7: Internal structure and working of fundus camera..........c..ccoceeveniininiiniinnncnnn, 26

Figure 2.8: Fundus Auto Florescence Imaging...........cccoeecuvieriiieiiiieiiieeciee e 26

Figure 2.9: Evolution of imaging teChNiqUES............cocvreriiiieriieeieeeiee e 27

Figure 2.10: Camera used to take OCT IMAZES ..c..eeverveeriiriieriieniiiieeienieeie sttt 28

Figure 2.11: Working of OCT camera time domain (Left) spectral domain (Right) .............. 29

Figure 2.12: OCT camera working in frequency domain............ccceeeevieeiieeecieesiieeeieesieeens 30

Figure 2.13: OCT camera internal structure with working principle..........ccccceevviieriiiincnnn. 30

11



Figure 4.1:
Figure 4.2:
Figure 4.3:
Figure 4.4:
Figure 4.5:
Figure 4.6:
Figure 4.7:
Figure 4.8:
Figure 4.9:
Figure 5.1:
Figure 5.1:

Methodology flow diagram. ..........cccuieeiiieeiiieeiee e 34
INPUL OCT TMAZE. .eeeevieeiiieeeiieeciee et e et eeteeertaeeetaeestaeesssaeessaeessseeessseeessseeensnes 35
DenoiSed IMAZE. ....veevieeiiieiieeii ettt et ete et te et esbeeteesebeesseessneensaessneens 36
Finding minimum weighted path. ..........ccccoeiiiiiiiiii e 37
Difference between RPE(ISOS) and RPE(interpolated)..........ccceevevveeriieenneennee. 38
Shannon’s energy of difference signal...........cccoociieiiiieiiieecee e, 39
Approximation coefficient of decomposed signal............ccccceeevieniiieiieniiienieninne 40
Detail coefficient of decomposed signal ............cccooieeiieiieiiiiinieeiieee e 41
Decomposition Of SIZNAL...........cccuiieiiiieiiieeieeeee e 41
Sample input dataset, Normal subject (left), AMD subject (right) ...........cc.e....... 46
RPE extraction from input OCT IMAZES .......cceecvreruieriieriienreeniieeieeiee e eieeeneens 47

12



List of Tables

TABLE I: Summary of Existing Systems and Techniques ............ccoceeveriieriininienienenenens 33
TABLE II: Sample values of features.........ccoouiieiiieeiiieeieeeeeeeeee e 43
TABLE TIL RESUILS ......eiiiiiitiee ettt et sttt eneeas 48
TABLE IV: Feature CharaCteriStiCS........cuoutrieriiriirieiieieriiesieeteeite sttt st see et sieesieeeesaeens 48
TABLE V: Algorithm Performance............cocooieiiiiiniiniiiienieieeree e 48

13



Abbreviations

Abbreviations Description
AMD Age-related Macular Degeneration
CAD Computer Aided Design
OCT Optical Coherence Tomography
RPE Retinal Pigment Epithelium
SD Spectral Domain
TD Time Domain
SS Swept Source
SNR Signal to Noise Ratio
KR Kernel Regression
GTDP Graph Theory Dynamic Programming
ISOS Inner Segment Outer Segment
SVM Support Vector Machine

14




Chapter 1

INTRODUCTION

Field of medical sciences has been using image processing techniques for decades speed up the
process of diagnosis of different diseases. In medical imaging noninvasive technique used to
get an image of invisible human body parts. X-Rays and MRI images two common examples
of medical imaging techniques. With the emergence of computers in every field medical field
also benefited from computers, with the introduction of Computer Aided Diagnostics (CAD).
Use of CAD assisted doctors in diagnosing the diseases, with other benefits like better
diagnosis and time saving in diagnosis process. Figure 1.1, shows some of most common

techniques used in CAD systems.

Figure 1.1: MRI scan of brain (left), X-Ray of knee (Right) [1][2]

Field of ophthalmology also reaped the fruits of advancement in CAD system. CAD systems
are now being used in diagnosis of retinal diseases like, Age-Related Macular Degeneration,
glaucoma and diabetic retinopathy.

Age-Related Macular degeneration (AMD) is one of the retinal diseases that requires CAD
system for its detection now a days. AMD usually effects the eyes of people with age above 50
years. It damages macula, a part of retina in its central part, effect in vision of a patient of AMD
disease can be seen in Figure 1.2. This condition can lead to a vision loss in central part of
frame. Progression time of disease differs in different persons, some people can take long time
to find some abnormality, like vision loss, in others it can progress very fast. It can effect both
as well one eye. AMD usually does not affect young people. AMD is spreading very fast in the
world, it is expected that number of AMD affected persons from AMD will be doubled, only
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in next 25 years. The main cause of AMD are drusens, these are the bright lesion deposits
formed on macula. Fundus imaging has been the focus of most researchers in the past to
diagnose AMD, an example of a fundus image can be seen in Figure 1.3. But we will be using

OCT images a relatively newer technique for diagnosis of AMD disease.

Figure 1.2: Effect of AMD on vision [3]

OCT images show cross sectional view of eye, which can be very useful in detecting AMD at
early stages. Cross sectional view provided by OCT images can be a two dimensional or three
dimensional image that uses the scattered light to represent this cross sectional view. Figure

1.4 shows an OCT image.

Human retina

Figure 1.3: Fundus image of human eye [4]
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Another advantage of using OCT image is that, the camera that takes OCT images can also be
used to get fundus image so a single camera can be used to get OCT and fundus images at the
same time. OCT imaging technique Use of OCT images to detect eye diseases starts way back
to early 90s [5] [6]. But the technology available at that time was not very good so very limited
scholars used it in their research and it also did not yield very good results because of the
limitations in this technology. Main problem was the speed of acquiring the OCT images,
especially in case of three dimensional OCT image, it required a large number of b-scans to
form a three dimensional image. In early 2000s, with the introduction of Fourier domain optical
coherence tomography in the field of ophthalmology, OCT imaging started to regain the
interest of researchers. Introduction of Spectral domain OCT imaging is now a day most widely
used type of OCT imaging technique. SD-OCT imaging is used because it gives high axial

resolution as well as fast acquisition speed. Further details about OCT images will be discussed

in Chapter 2.

Figure 1.4: OCT image [7]
1.1 Motivation

AMD is a disease that affect retina of eye which usually leads to central vision loss, it does not
affect side vision. But it can hinder daily routine of the affected person. 23.5 million people
suffer from Age-Related Macular Degeneration globally [8]. Fourth most common cause of
blindness after Cataracts, Preterm birth, and Glaucoma [9]. In Pakistan over 12% of population
suffers from diabetes [10] which is the most common reason of AMD known as Diabetic
retinopathy. Figure 1.5 depicts that Pakistan is one of the top ten countries, when it comes to
number of diabetes patients, with over 6.6 million people suffering from diabetes [10]. In
Pakistan because of no public policy available for diabetes, this disease has potential to rise in

coming years. In Pakistan retinal OCT imaging is relatively a new field, so very less amount
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of work is being done in this field. Many attempts have been made to classity AMD using
different techniques but every technique had some limitations. Main motivation for this
research is to find a good automated solution to detect AMD, so that further precautions can be

taken to stop this disease.

International diabetes Federation (IDF): 2012
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Figure 1.5: diabetes patients at risk of AMD [11]

1.2 Objectives

“ Objective of this thesis is to develop image processing algorithms along with machine
learning for detection of age related macular degeneration using optical coherence tomography
image.

1.3 Challenges

OCT is relatively a newer technique so not much work is available about detection of AMD
using OCT. Especially in Pakistan, very limited work is being done on detection of AMD.

Some challenges faced in this work are:
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1.3.1 Data Set Availability

Dataset collection was a big challenge in this project, since SD-OCT imaging is a new
technique. It was difficult to find suitable dataset as equipment to get SD-OCT images is not
available easily. Since Camera required for SD-OCT images is very expensive very few
medical facilities have access to this camera and they too are sometimes reluctant to share their

data.

1.3.2 Finding Related Work:

Another challenge was to find previous work related to AMD classification using OCT images.
But being a relatively newer technique there is not too much previous work present in this field.
With the coming years researchers are adopting this technique to diagnose AMD. But for now

related work is very hard to find, as only a few researchers are working in this field.

1.4 Contributions

Key contributions made through this research are:

1. Retinal layer RPE was detected and extracted successfully.

2. A new technique was proposed to extract and classify AMD disease.

3. A fully automated system was developed to detect age-related macular degeneration
in elderly using SD-OCT images.

4. Algorithm successfully tackles the problems faced due to bad image quality.

5. For AMD detection, 95% accuracy was achieved.

1.5 Thesis Organization

The organization of thesis is as follows:

In Chapter 2 we discussed structure of eye, common retinal eye diseases were also discussed.
In this chapter we also discuss different state of the art imaging techniques used to get images
of retinal structure of eye. A detailed overview that how these imaging techniques work and

are different from each other.

In Chapter 3 we focus on state of the art techniques used for preprocessing, extraction of
different retinal layers and classifying these layers. Different techniques used for Classification

of drusen and retinal diseases were also discussed in this chapter.

In Chapter 4 we explain our proposed methodology and algorithm used to find abnormality
on OCT images. Complete Step by step procedure is explained to detect retinal layers and

classify AMD.

In Chapter 5 we discuss the results of the experimented algorithm.
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In Chapter 6 we conclude the thesis and discuss some future directions.
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Chapter 2

2.1 Macular Eye Diseases:

The central part of retina, known as macula, is of special interest to researchers and specialists.
Macula is actually a light sensitive tissue, where the light is focused coming from lens. Our
ability to read and see depends on macula. It is responsible for a detailed view of structures in
front of eye. Macula is often affected by diabetic retinopathy. Diabetic macular edema, which
is caused by leakage of fluid in macula, is the most common cause of vision loss in young
people. Another disease related to macula is age-related macular degeneration, which usually

effects elderly people.

Figure 2.1: Structure of human eye

2.1.1 Age-related Macular Degeneration:

Age-related macular degeneration (AMD) is the leading cause of irreversible blindness in
elderly Americans [12]. It occurs when macula, a small portion in the center of retina,
depreciates. Figure 2.2 shows the effect of AMD on a healthy eye. Retina is one of the most
important part of eye that consists of light sensing nerve tissue. Macula is the region in retina
that is used to see the fine detail. AMD only affects central vision of eye, side vision is remains
normal. Age-related macular degeneration do not cause total blindness in most of the cases. It

is known as Age-related macular degeneration because it effects old age people.
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Age related macular degeneration has two types.
2.1.1.1 Dry AMD:

Dry form of AMD emerges because of drusen, these are the yellow deposits present in
macula. Drusen are actually tiny clumps of protein that grow in macula. Because of aging
macula becomes thin and makes it easier for drusen to get in. A small drusen might not purpose
changes in imaginative and prescient; but, when it grows in size, it will result in a dimming or
distortion of vision that people usually discover most once they study. In later stages of dry
macular degeneration, there may be also a thinning of the light sensitive layer in the macula
that can lead to atrophy (also known as death of tissues). in the atrophic dry macular
degeneration, affected person may have notice some blind spots located in the center of vision.

Patient may lose complete central vision in later stages of dry AMD.

Subretinal
Hemorrhage

Optic nerve

Macular
Normal degeneration

Figure 2.2: Macular Degeneration

Dry form of AMD is very difficult to treat, in fact the only treatment available is vitamin
therapy. It is very important to detect this disease as early as possible, so that early vitamin
therapy can be started otherwise in later stages it is very difficult or nearly impossible to treat
this disease.

2.1.1.2 Wet AMD:

Wet macular degeneration occurs when blood vessels present under macula grow to an
abnormal level, this phenomenon is also known as choroidal neovascularization. This condition

can be seen in figure 2.3. Blood leaked in to retina from these vessels can cause some
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abnormalities in vision like, straight lines can look zig zag patient can experience blind spots.
Bleeding from these abnormal vessels can form a scar that can lead to the permanent loss of

central vision.
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Figure 2.3: Wet AMD [13]
Dry form of AMD is more common than wet form about 90% AMD patients are diagnosed
with dry AMD. However, dry AMD can eventually lead to wet macular degeneration. Though

only 10% patients experience wet AMD but most of these cases suffer severe vision loss.

2.1.2 Diabetic Macular Edema:

First recognition of Macular Edema came 1856 when Jaeger published a report about diabetic
maculopathy [14]. After 29 years of its discovery Nettleship confirmed these observations [14].
Macular Edema is actually accumulation of fluid in macula due to leaking of blood vessels.
This results in thickening of macula, which can blur central vision and some time it can lead to

central vision loss. Macular Edema effects can be seen in the figure 1.3
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Figure 2.4: Vision loss because of Macular Edema [15]
2.2 Imaging Techniques Used for Diagnostics:

Macular Degeneration diseases are often diagnosed with different types of imaging techniques.
These imaging techniques include.
1) Fundus Imaging
i1) Fundus Auto Florescence Imaging
i) Optical Coherence Tomography
Fundus Imaging and Fundus Auto Florescence Imaging were used in the beginning to
diagnose Macular Diseases but emergence of Optical Coherence Tomography gave a new

life to the research of Macular Diseases.

2.2.1 Fundus Imaging

In Fundus Imaging or Fundus Retinal Photography a special camera is used to take pictures of
internal surface of eye. Pictures are taken time to time to find any disorders present in the eye.
Camera used for obtaining Fundus Images consists of a special low powered microscope
attached with a camera. These cameras are labeled by the angle of view. A normal Fundus

image taken by Fundus camera can be seen in image 1.5.
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Figure 2.5: Fundus Imaging [16]

To get a normal angle of view, an angle of 30 degrees is used. It can get an image 250% larger
than the real eye. To get smaller images than real eye, 45 and 140 degrees or less is used, as

they give relatively less retinal magnification.
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Figure 2.6: Entrance and exit of rays [17]

Fundus camera can take photograph of retina directly because for entrance and exit of
illuminating and imaging rays, as can be seen in Figure 2.6. Colored filters or special filters
(fluorescein and indocyanine green) can be used to perform fundus photography. A typical

Fundus camera can be seen in Figure 2.7, figure also shows the internal structure of an OCT

camera.
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Figure 2.7: Internal structure and working of fundus camera [18]

2.2.2 Fundus Auto Florescence Imaging

Fundus auto florescence imaging is another no invasive imaging technique used to get images
of AMD patients. This technique that detects fluorophores, naturally occurring molecules that
absorb and emit light of specified wavelengths [19]. Auto florescence is produced by taking
electrons to an excited or high energy state, it is done when photons of excitation wavelength
are absorbed by a fluorophore. Some energy of electrons is used by molecular collisions, then
low energy quantum of light with longer wavelength are emitted when electron is transited

back to ground state. An example of auto florescence image is shown in image 2.8.

Figure 2.8: Fundus Auto Florescence Imaging [20]
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2.2.3 Optical Coherence Tomography:

Optical Coherence Tomography was first determined in 1991 by Huang. et al [21]. OCT
imaging was first used to show examples of weakly scattered, transparent media and high
scattered, non-transparent media. In 1993 first time OCT was used to take images of Retinal
Macula and optical disk [21, 22]. Initially it was only used to take cross sectional images of
eyes but now it is the most widely used technique for Ophthalmology clinical applications.

Figure 2.9 shows the evolution of OCT with time.

» 1850- 1873 19586, 195?* 1978, 19|35 1990, 1991, 1993, 1994 2002 - 2006, 2005 2014

First use of term Abbe equation Confocal Nobel Prize STED/SIM RESOLFT Chemistry
“microscope” EM principle microscopy PALM Nobel
FPALM Prize

Ophthalmoscope Optical microscope for use ocT 0 STORM GFP OCTA
by physicians during eye
Confocal laser Multiphoton Super-resolution SD-OCT Chemistry
scanning microscopy microscopy Nobel
microscope Prize

super microscopes

Figure 2.9: Evolution of imaging techniques [23]

Numerous variants of OCT imaging technique has emerged with time like real time high speed
OCT image acquisition can take many images per second [22, 24]. Laser light source was also
used to acquire high axial resolution of 1um [25].For Internal body imaging OCT imaging was

acquired using endoscope and laparoscope [26, 27].
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Figure 2.10: Camera used to take OCT images [28]

OCT is used to show internal structure of materials and biological system using scattered light.
It provides cross sectional view of images that consists of high resolution. A common OCT
camera can be seen in figure 2.10. OCT uses back reflecting through the tissues to create two
dimensional or three dimensional in cross sectional plan.

2.2.3.1 Time Domain Optical Coherence Tomography:

Time domain Optical Coherence Tomography (TD-OCT) is said to be similar to ultra sound
technology due to their analogous basic principles. OCT uses light source as its medium instead
of sound, as in ultra sound. OCT measures intensity of reflected and back scattered light. A-
Scans are created by depicting variations in optical reflectance through the depth of the tissue
along a point. These single point scans are collected along the tissue to create a cross sectional

view.
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Figure 2.11: Working of OCT camera time domain (Left) spectral domain (Right)

2.2.3.2 Spectral Domain Optical Coherence Tomography:

In mid 2000s a new technique (Spectral Domain OCT) to acquire OCT images became popular,
also known as fourier-domain OCT. SD-OCT greatly increased image capturing speed. SD-
OCT imaging technique captures more data in less time and gives higher axial resolution,
around Sum. Figure 2.11 (right) elaborates the working spectral domain OCT imaging.

Other Optical Coherence Tomography schemes currently practiced are swept-source Optical
Coherence Tomography (SS-OCT), and the adaptive optics system that can be added into a
SD-OCT system (AO-OCT).

Two methods are usually used to get SDOCT images. First method is spectrometer based
SDOCT image, which is also known as Fourier domain OCT. This approach uses a broadband
light source combined with a low loss spectrometer. It measures spectral oscillations to get
final SDOCT image. Figure 2.12 and figure 2.13 further shows the internal structure of SD-

OCT camera and its working in frequency domain.
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Other approach used to get SDOCT images is swept source SDOCT, this approach is also
known as optical frequency domain reflectometry (OFDR). This method uses measured

spectral oscillations by employing a narrow band source at evenly spaced wavenumbers.
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Figure 2.13: OCT camera internal structure with working principle
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Chapter 3

LITERATURE REVIEW

Development of CAD system has changed the medical research field to a whole different way.
Medical image processing helped the scientist to find new and easy ways to detect and diagnose
different diseases very easily. Now a days completely automated system to diagnose a disease
are the focus of researchers. Researchers are trying to develop new techniques to find better
and speedy automated systems. In this chapter a detailed analysis about the existing techniques

used for image processing will be discussed.

3.1 Pre Processing Techniques

Before we use images in our algorithm we first need to preprocess these images so that we
don’t need extra calculation. Preprocessing also enhances chances of better performance by the
algorithm. We need to limit the processing area of image as well as the most important part of
preprocessing is denoising the image. In this section we will discuss different techniques used
to denoise SD-OCT images. Sparsity based denoising technique uses sparse representation

dictionaries to denoise SD-OCT

images. These dictionaries are obtained by scanning some images at high signal to noise ratio
(SNR) and then learn sparse representation dictionaries from these selected b-scans. Then these
sparse representation dictionaries are used to denoise low SNR images. This method is known
as multiscale sparsity based tomographic denoising [29].SD-OCT images acquired from OCT
camera usually contain speckle noise [30]. Multi-frame weighted nuclear norm minimization
method (MWNNM) is specially designed to remove speckle noise from OCT Images. This
method uses weighted nuclear norm minimization [31]. MWNNM uses SD_OCT volumetric
image with more than one B-scans of a small are that denoised and then average of these

denoised B-scans is used to get a high signal to noise ratio B-scan [30].

3.2 Techniques Used to detect and classify Retinal Layers

First step after getting SDOCT image is to detect and classify retinal layers present in this
image. Various methods have been used to find these layers. We will discuss a few methods in
detail, how these methods work to find retinal layers.

KR is a non-parametric method for deriving local estimates of a function using a kernel that
weighs the relative importance of nearby points [32]. While traditional KR-based applications
include image denoising and interpolation [32], deblurring [33], and object detection [34].

31



This method uses graph theory dynamic programming to segment ILM, BM and to isolate
retina. Then it uses ILM and BM segmentation to find fovea. After denoising, Kernel
Regression based feature vectors are computed and then these feature vectors are used to
classify retinal layers. Only selected features and weights were used for classification using a
special method known as wSFFS, then tenfold cross validation was used to get desired results.
Deformable models is one of the vigorously researched techniques in image processing field.
This technique combines approximation theory, physics and geometry. Deformable models are
very useful in segmenting and extracting structures from images using size shape and structure
of images. G Tsechpenakis et al proposed a geometric model based on CRF that was capable
of automatically detecting geographic atrophy present in AMD effected eyes [35]. SD-OCT
images were used to get internal structure of macula.

Macular thickness parameters are also used to identify unhealthy eyes using OCT images. A
normative database, where thickness measurements of healthy macula are saved, is generated
by taking OCT images of identified normal persons, as well as patients with macular disease,
as a training set. Then this dataset is used to compare thickness parameters of a new test case.
F. A. Medeiros et al also used thickness measurement as their primary method to find the
relation between unhealthy and normal eyes. F. A. Medeiros et al presented a method in which
they use thickness parameters and retinal nerve fiber layer to find the difference between
healthy and effected subjects [36]. Another method used the axial distance from Bruch’s
membrane and the RPE also the distance between Bruch’s membrane and the inner limiting
[37]. These thickness measurements were then used to find an averaged thickness map and then
these maps were used to form an automated classifier to find the relation between healthy and
effected macula. Another model presented by G. Gregori et al used thickness measurement
methods to find area of the drusen. Author used manual method to detect macula. According
to their findings G Gregori et al found that early AMD consisted of less than 63um area of
drusen, intermediate AMD consisted of 63pum to 125um area of drusen whereas advanced
AMD with large drusen was found to be more than 125um [38]. Some researchers used texture
and morphological features to detect abnormality in retinal layer and macula. One of the
methods used by R. Koprowski et al used morphological features and texture to find drusen
present in macula [39]. They used OCT images to find the presence of AMD in subject.
Detection of neovascular AMD using morphological and texture features was 73 percent
accurate. Authors also found ischemia present in inner layers of retina with an accuracy of 83
percent and fibrovascular tissue scaring with 69 percent accuracy [39]. Another recent

approach used by Y. Zhang et al is kernel principle components model. Accuracy rate to
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differentiate between AMD affected eyes and normal eyes achieved was 92% [40]. Y. Zhang
et al used 3D OCT retinal images dataset. P. P. Srivnvasan et al used histogram oriented
gradient to detect eye diseases related to retina. Table 3.1 provides a summarized review of
different techniques used by researcher so far.

RF Spaide used genetic risk alleles to predict the future course of AMD [41]. He also proposed
that most models designed to detect AMD because they did not cover pseudo drusen, neo
vascularization subtypes and polypoidal choroidal vasculopathy [41]. In another recent study
Cecilia S. Lee et al implemented a system that used deep learning neural networks to classify

between AMD and normal images. They achieved an accuracy of 87.63%.

TABLE I: Summary of Existing Systems and Techniques

Authors Purpose Method Performance
Leyuan Fang [29] Noise Sparsity Based -
Removal Denoising
Damber Thapa [30] Noise Multi-frame -
2015 Removal Weighted Nuclear
Norm Minimization
G Tsechpenakis Detecting Deformable models 97% accuracy
[35] geographic
atrophy and
AMD
clasification
S. Zhang [31] AMD Weighted Nuclear 82% accuracy
clasification Norm Minimization
F. A. Medeiros [36] AMD thickness parameters | -
clasification and retinal nerve
fiber layer
S. Farsiu [37] AMD axial distance from -
clasification Bruch’s membrane
and the RPE
G. Gregori [38] AMD -
clasification
R. Koprowski [39] AMD Texture and 73% accuracy
clasification Morphological
features
Y. Zhang [40] AMD kernel principle 92% accuracy
clasification components model
P. P. Srinivasan [42] | AMD histogram of oriented | 95% accuracy
clasification gradient
Cecilia S. Lee AMD deep learning neural | 88% accuracy
clasification networks
RF Spaide AMD genetic risk alleles -
clasification
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CHAPTER 4

METHODOLOGY

Purpose of this thesis is to build a system that takes a SD-OCT image, find retinal boundaries
and then classify it into a AMD effected or normal image. Complete process is shown in figure

4.1.
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Figure 4.1: Methodology flow diagram.
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4.1 SD-OCT Image
As input we take an SD-OCT image from user. This SD-OCT image is taken by a special

camera used for these images. OCT images focuses on retina of the subject’s eye. Collected

OCT image can be seen in figure 4.1.

4.2 Denoising Image

OCT images collected contained speckle noise. Because of speckle noise detection process of

layers from OCT image can be effected.

Figure 4.2: input OCT image.

This image cannot be used to implement graph theory Dynamic Programming algorithm,

because speckle noise can downgrade the results obtained from GTDP.

Our first priority was to remove the noise but keep the shape of macular layers intact. For
removing speckle noise, we used Weiner Filter. Same image as in figure 4.2, when passed

through Weiner filter to remove noise can be seen in figure 4.3.
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Figure 4.3: Denoised image.

4.2.1 Weiner Filter
Weiner filter uses liner time invariant filtering to denoise a noisy image. An estimated new

image is produced by using statistical estimate of the image.

4.3 Extractions of RPE and ISOS

To find RPE from a denoised OCT image, Graph Theory Dynamic Programming was used.
Given image is a set of pixels and we can represent each pixel as a node of a graph, so we
represent the image as a graph of nodes. These nodes are connected by edges. We can also

assign weight to each edge to maintain connectivity across the graph.

First of all two extra columns are added with the highest edge weight to initialize the process

from left top corner, see Figure 4.4.
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Figure 4.4: Finding minimum weighted path.
Edges are assigned weight according to their respective pixel intensity.

4.3.1 Limitation of search region

Sometimes, layer that needs segmentation can have similar features as of some other structures
in the neighborhood. So we need to get rid of these analogues structures first so that we may
not accidently segment a wrong layer. For that purpose we use the technique of limiting the
search region, in which we remove the weights of the regions we do not need. When we
successfully find a layer we declare all the nodes and region that is present above it as invalid

region by removing its weights from graph.

4.3.2 Extraction of Minimum weighted path
Once we determine the start and the end point we can use any path finding algorithm. We used
Dijkstra’s Algorithm to find the path with the minimum weight in graph. Figure 4.4 elaborates

the process of extraction of minimum weighted path from a given gray scale image.

4.3.3 Segmentation of ISOS/RPE
ISOS/RPE is the brightest and the most prominent layer in OCT image. But vitreous-NFL is
also very prominent. These layers consist of high contrast in SD-OCT image. So when we use

Dijkstra’s algorithm the resulting cut do not make it clear that if it’s vitreous-NFL or

ISOS/RPE.

To discriminate between vitreous-NFL and ISOS/RPE, we first find if hyper reflectivity is
present or not in this region. Because vitreous-NFL contains some hyper reflectivity exactly
above it because it is the top most layer in the B-scan. So if we find hyper reflectivity than we

can say it’s vitreous-NFL, otherwise RPE.
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To find hyper reflectivity we pass this image through a low-pass filter and to get required low-
pass we use Gaussian Kernel. Then we use Otsu’s method to generate a binary mask for
thresholding. Then we calculate the fraction for bright pixels present in the above region. This
fraction is then analyzed if it’s more than 0.025 than the layer is classified as vitreous-NFL

otherwise as ISOS/RPE.

4.4 Finding Difference and Shannon’s Energy

Once RPE was extracted from image next step was to find its Shannon’s Energy (SE). To find
SE of subject image we first find the difference between RPE and ISOS, as we can see from

the given formula. Graph obtained from f[n] can be seen in figure 4.4.
fIn] = rpe[n] — isos[n]
After finding f[n] we used following formula to find Shannon’s Energy.
SE = — |a [n]|log (|a [1]]),
s[n] = —a’ (1] log (az [n]),

Figure 4.5 shows the Shannon’s energy signal of given image.
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Figure 4.5: Difference between RPE(ISOS) and RPE(interpolated)

Where a[n] is the normalized difference of RPE and ISOS and its formula is given below.
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Figure 4.6: Shannon’s energy of difference signal
4.5 Decomposition of Signal

For further analysis resulting signal is decomposed. In the first step decomposed wave gives
two coefficients, known as approximation coefficient (A1), can be seen in figure 4.6 and detail
coefficient (D1), can be seen in figure 4.7. To get approximation coefficients given signal is

convolved with a low pass filter. Similarly for detail coefficient high pass filter is used for
convolution.
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Each filter is of length 2n and the length of each coefficient can be calculated by using

following formula
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Figure 4.8: Detail coefficient of decomposed signal

When we decompose the signal obtained after finding SE it forms a tree like structure as we

can see in figure 4.8. We use decomposition of wavelet only up to two levels.
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Figure 4.9: Decomposition of signal
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4.6 Maximum Value of A1l

As we only decomposed the wavelet up to level two we are only concerned with level of
decomposition we find the maximum value of approximation coefficient A1. Maximum value
of coefficient will be used as a feature in SVM training.

4.7 Entropy

Based on Shannon’s information theory Spectral Entropy actually measures index of
complexity from an uncertain system. Entropy measures the change in nonlinear dynamic states
without too much of data overhead. Values calculated by spectral entropy can be used a feature
for training purpose in SVM training.

For an uncertain system where random variable is X with the values,
X z{xlﬁxr---,xn} (n=1)

Equivalent probability can be found as,

P :{P1-Pz=“'u”n} O<p <l.i=12---.n

Where,

ipf =‘1

Once we know all the requiremnets, we calculated entropy of the signal by using the following

formulla.

7

H= —Z p,1np,

i=1

4.8 Spectrum Energy:
It is not possible to find frequency components of a signal by looking at its shape, so we need
to take this signal in frequency domain. Fast Fourier Transform is one way to do that.
Energy Spectral Density is a measure of variations in the strength of a signal or energy by using
a function of frequency. This function shows at which frequencies, energy of the signal is
strong and at which point it is weak.
Since we know that RPE is the brightest layer in an OCT image of macula. So we used it’s flux

density to find spectral energy.

42



For signal x(t) energy of the signal E can be calculated by using the following formula.

E = |lz(t)|* dt.
An alternate formula to calculate energy is.

[ sora= st

= o0

Where

#(f) = /_t e i (t) dt,

o0

Is known as Fourier Transform of the signal and the integral on the right hand side is the actual

energy of the signal.

4.9 Forming a feature vector:

After collecting all the required features, we compile a feature vector that will be used in

classification of AMD. Table II shows feature values extracted from random images

TABLE II: Sample values of features

Features
Type Case F1 F2 F3
Case 1 92.2931034482759 | 3.58989809546429 | 8.77780701680490
Case 2 95.5000000000000 | 3.37355726227519 | 8.68206545857989
Healthy | Case 3 96.3793103448276 | 3.45656476213095 | 8.65475966894741
Case 4 94.3620689655173 | 3.45656476213095 | 8.63239687687579
Case 5 94.2068965517242 | 3.37355726227519 | 6.71629255355159
Case 1 85.5000000000000 | 3.64022392894185 | 10.5185367197630
Case 2 83.1896551724138 | 3.90689059560852 | 9.84659797578458
AMD Case 3 86.5000000000000 | 3.45656476213095 | 10.1200852719649
Case 4 89.0000000000000 | 3.77355726227518 | 9.85710924211307
Case 5 88.7758620689655 | 3.50689059560852 | 10.3125917257990
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4.10 Classification using SVM:

Support Vector Machine is used to classify the images. Feature vector obtained from difference
signal is given to SVM. Training dataset is provided to SM to create a model. This model is

then used to classify any input image given the system as a testing image.
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Chapter 5

RESULTS

5.1 Dataset

In Pakistan, no big enough dataset of OCT images is present that can be used for such system
to train the parameters. So we acquired a custom dataset from Duke University. Vision and
image processing laboratory at department of ophthalmology, Duke University provided a
dataset that consisted of 1020 b-scans of total 269 AMD patients and 115 normal subjects. This
dataset consists of SD-OCT images consisting of B-scans from subjects. This dataset is open

source, so that anyone can use it, on Duke University website [43].
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Figure 5.1: Sample input dataset, Normal subject (left), AMD subject (right)

5.2 Results

The performance of the proposed system is measured by running this algorithm on test images.

These images are part of our dataset, detail of our dataset is given in section 5.2. A total of 950
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images were used for training and testing purpose. Out of these 950 images 446 images
contained AMD disease and remaining 504 images were of healthy macula. Out of 446 images
424 images (with AMD) were correctly classified. Similarly out of 504 images with normal
469 were correctly classified by our algorithm. Figure 5.1 shows a sample dataset. Left side
images in figure 5.2 show OCT images of normal subjects and right side of the image shows

OCT images of subjects suffering from AMD.

Figure 5.1: RPE extraction from input OCT images
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In figure 5.1 extracted RPE from given images after all the processing is shown. Upper dotted

line in maroon color shows the outer boundary of RPE, whereas lower dotted line in red color

shows the expected placement of original RPE.

TABLE III: Results

Type No. of images Correctly classified Incorrectly classified
Normal 504 469 35
AMD 446 424 22
Total 950 893 57

Table III illustrates the overall results of the implemented algorithm. Table IV describes mean

and standard deviation for different features used to classify AMD disease.

TABLE 1V: Feature Characteristics

Subject Value Type F1 F2 F3

Normal Mean 94.4389 3.5570 8.6117
Std. Deviation 14.3705 0.1884 1.0093

AMD Mean 87.7447 3.6816 10.1546
Std. Deviation | 20.7536 0.1683 1.4675

Results collected from proposed algorithm shows that we achieved 93% accuracy, 95%

sensitivity and 93% specificity, see Table V.

TABLE V: Algorithm Performance

Type Correctly Accuracy Sensitivity Specificity
Classified

Healthy 469/504 94% 93%

AMD 424/446 95%

Sensitivity means true positive rate or number of AMD victims that are correctly identified as

AMD positive in our case.

Specificity means true negative rate or number of healthy subjects that were classified as

healthy by our algorithm.

Accuracy means overall performance of a system or total number of correctly classified

subjects.
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Chapter 6

CONCLUSION AND FUTURE WORK

6.1 Conclusion

In recent years biomedical image analysis and processing techniques are gaining popularity.
Different image processing techniques are capturing interest of researchers working in
biomedical field. Automated diagnosis of different diseases using different image processing
techniques has helped physicians in early detection of diseases in more reliable manner, so that
early treatment of diseases can be started. AMD is an eye disease that can damage central part
of eye called macula. If this disease is no detected at early stage it can lead to permanent central
vision loss. Early stage of AMD also known as dry AMD is usually found in elderly population.
If not cured early it can lead to a more sever case known as wet AMD, that is responsible for
permanent vision loss.

In this thesis we proposed and developed a system to detect and classify AMD that is fully
automated. The system uses OCT images as input. Selection of OCT imaging was made
because it is comparatively a new technique and it was found that it is easy to classify AMD
disease using OCT images. Implemented system was able to classify most of the images
accurately. Proposed system was found reliable while diagnosing the disease. Actual aim of
the system was to diagnose AMD disease in earlier stages. Preprocessing was done to enhance
the quality of images. For RPE detection graph theory dynamic programming was used. Then
images were classified with the help of support vector machine. Results collected from the test

dataset were very encouraging overall accuracy of 94% was achieved.

6.2 Future work

Based on this research, in future, this algorithm can be used to detect other diseases like
glaucoma and other eye diseases. This algorithm can also be useful to automatically detect and
classify brain tumors and other brain diseases. This research focuses on use of 2D images, this

research can be further enhanced to use 3D OCT images.
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